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A B S T R A C T

Multi-product network models are routinely used to evaluate the economic and environ-

mental performance of infrastructure networks such as electricity and biomass supply

chains. Several models in the literature deal with different types of systems, constraints,

and study areas. Unfortunately, these models are usually developed on a case-by-case

basis. This lack of coherence limits systematic comparisons (benchmarks), collaboration

and sharing of data sets, analysis of solution properties, and development of software

implementations. Our work provides a coherent way to model multi-product networks.

The key research accomplishment of this work is the development of multi-product

network models that aid decision-making. When multiple stakeholders are involved, the

final solution is often derived by qualitative discussions. This work provides quantita-

tive tools to drive those decisions and achieve an optimal compromise solution. From a

modeling perspective, this work has developed mathematical frameworks to: (i) model

supply chains in a coherent manner, (ii) derive economic interpretations of supply chains,

and (iii) allocate resources amongst multiple stakeholders in a fair manner.

We apply these modeling frameworks to a case study for organic waste management

in the Upper Yahara watershed region in the state of Wisconsin, U.S. Excessive amounts

of phosphorus have accumulated in this area, primarily due to livestock manure and the

heavy use of agricultural fertilizers. Rain and snow melt often wash these nutrients into

waterways, which lead to the blue-green algae blooms in the Yahara lakes. Our model-

ing abstraction captures the complex product dependencies in this setting and provides

insights into policy decisions that can drive waste processing and reduce phosphorus

runoff.
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1
I N T R O D U C T I O N

1.1 Multi-Product Networks

Multi-product networks form the basis of a variety of infrastructure networks such as

gas, electric, water, transportation, communications, and biomass supply chains. These

networks involve products that are transported to spatially dispersed facilities to be trans-

formed into intermediate and final products that are delivered to final destinations. These

networks have been extensively modeled in the literature on a case-by-case basis to ac-

count for different types of systems, constraints, and study areas. This case-specific ap-

proach has rendered a lack of coherence, thus making it difficult to systematically analyze

these networks and develop software implementations.

Similar observations have been made in other fields such as chemical process syn-

thesis and planning and scheduling, where innovations in modeling abstractions (e.g.,

disjunctive programming formulations (Raman and Grossmann, 1994) and state-task net-

works (Kondili et al., 1993)) have spurred the development of formulations with stronger

theoretical properties, a wider range of applications and more efficient solution strate-

gies (Yeomans and Grossmann, 1999). We seek to establish general modeling abstractions

for multi-product networks, by merging concepts from interdependent infrastructure net-
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works and supply chains.

The agricultural industry is an important application area of supply chain models.

Models have been recently developed for biomass-to-fuels supply chains for the conver-

sion of food crops to biodiesel (You and Grossmann, 2008a,b; Mele et al., 2011; Giarola

et al., 2011; Zamboni et al., 2009; Akgul, O., Zamboni, A., Bezzo, F., Shah, N., & Papageor-

giou, 2010; Corsano et al., 2011), cellulosic biomass to biodiesel (Alex Marvin et al., 2012;

Ekşioğlu et al., 2009; Čuček et al., 2010; Huang et al., 2010; Leduc et al., 2010; Dal-Mas

et al., 2011; Santibañez-Aguilar et al., 2011; Akgul et al., 2012; Chen and Fan, 2012; Chen,

2014), cellulosic biomass to general biofuels (Parker et al., 2010; Tittmann et al., 2010;

Bowling et al., 2011; Kim et al., 2011a,b; Papapostolou et al., 2011; You and Wang, 2011;

Walther et al., 2012), algae to biofuels (Avami, 2012), and biomass to energy (Elia et al.,

2011; Dunnett et al., 2007; Dawoud et al., 2007; Burak Aksoy, Harry Cullinan, David Web-

ster, Kevin Gue, Sujith Sukumaran, Mario Eden and Jr., 2011; Čuček et al., 2012). Recent

studies have also pointed out the need to model complex interactions over a wider range

of products that include food, water, and energy resources (Garcia and You, 2016; Čuček

et al., 2014).

Our work identifies these issues and answers three important research questions about

multi-product networks:

1. Does there exist a single modeling abstraction?

2. What is the inherent value of products?

3. What makes a resource allocation fair?

We provide mathematical analysis of these questions and apply our findings to the

problem of organic waste management in the state of Wisconsin, US. Excessive amounts

of phosphorus have accumulated in this area, primarily due to livestock manure and the

heavy use of agricultural fertilizers. Rain and snow melt often wash these nutrients into

waterways, which lead to the blue-green algae blooms in the Yahara lakes. Our model-

ing abstraction captures the complex product dependencies in this setting and provides
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insights into policy decisions that can drive waste processing and reduce phosphorus

runoff.

1.2 Organic Waste Management

Urban, agricultural, and food sectors produce significant amounts of organic waste (mostly

in the form of livestock waste, food waste, and biosolids from wastewater processing).

To give some perspective, the dairy sector in the U.S. State of Wisconsin is a 43 billion

USD enterprise that manages 1,270,000 dairy cows (University of Wisconsin-Extension,

2015; USDA National Agricultural Statistics Service (NASS), 2014) and provides 29 bil-

lion gallons of milk and 2.8 billion pounds of cheese annually. A single dairy cow pro-

duces approximately 6,800 gallons of manure per year and the entire sector generates

8.7 billion gallons of manure per year (USDA - National Agriculture Statistics Service,

2018; State of Wisconsin - Department of Agriculture, Trade, and Consumer Protection,

2018). Moreover, it is estimated that 30% of all dairy food products supplied by the

sector are wasted (Cuéllar and Webber, 2010). Waste management operations (collec-

tion, processing, and disposal) are becoming increasingly troublesome and costly due

to ever increasing volumes of waste streams, their highly distributed nature, and their

complex bio-physico-chemical composition. When left untreated, organic waste releases

excess nutrients, chemicals, and biological agents to the soil, surface and ground waters,

and emissions to the atmosphere, ultimately disrupting natural ecosystems. Nutrients

in livestock waste and biosolids such as phosphorus and nitrogen accumulate in surface

water bodies (e.g. lakes, ponds) triggering algal blooms and degrading the quality of wa-

ter resources (Belsky et al., 1999; Hoagland and Scatasta, 2006). Decreased water quality

ultimately impacts health and socio-economic activities that are fundamental for some re-

gions (e.g., tourism, real estate, swimming, sailing, fishing). To give some perspective, in

the State of Wisconsin, the estimated annual phosphorus (P) input from livestock manure

application as fertilizer is 103 million pounds while the input from synthetic fertilizers is



4

96 million pounds (Bundy and Sturgul, 2001). The total estimated P removed from crop

production (corn grain, silage, hay, and soybeans) is around 150 million. Consequently,

the accumulation is on the order of 50 million pounds per year. From this surplus, it is

estimated that nearly 3 million pounds of P are lost to water bodies through runoff. P

surplus arises because manure is often over applied as a fertilizer by farmers in order

to match crop nitrogen needs and/or because farmers might have insufficient land base

available for manure application. Moreover, farmers usually have an incentive to overap-

ply fertilizer in order to mitigate risk associated with weather, soil conditions, and crop

yields (Sheriff, 2005). In several areas of the state, the amount of P accumulated in the

soil has reached levels that can cover crop P needs for 20 years. This accumulation of

P increases nutrient loses contributing to the diverse environmental and human health

impacts across the region (State of Wisconsin - Department of Natural Resources, 2016).

Current management of livestock manure is not sustainable and scalable, endangering the

economic prospects of the dairy industry. In addition, organic matter contained in live-

stock waste, food waste, and wastewater generates harmful and odorous pathogens and

gases (e.g., methane and ammonia) that leak to the atmosphere. For instance, landfills

were the third largest anthropogenic source of methane in the U.S. in 2016 (accounting

for 14% of the total methane emissions (U.S. Environmental Protection Agency, 2018).

1.3 Outline

This dissertation is structured as follows:

Chapter 2 – Modeling Abstraction. This chapter introduces the modeling abstraction

that coherently captures the inter-dependencies in a multi-product network. We use this

model consistently through this dissertation to answer questions about multi-product net-

works.
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Chapter 3 – Technologies for Nutrient Recovery. The applicability of our modeling

framework is demonstrated through the problem of phosphorus runoff in the Upper Ya-

hara watershed region, WI. This chapter provides a review of the nutrient processing

technologies for phosphorus recovery.

Chapter 4 – Policy Design: Environmental Regulations and Incentives. This chapter

provides a mathematical framework to account for external impetus such as federal and

state incentives that can drive the processing of products in a multi-network supply chain.

Chapter 5 – Coordinated Management and Inherent Value of Products. This chapter

provides a stakeholder perspective to multi-product network which helps in revealing

the inherent value of products. We present a coordination framework that enables han-

dling of complex interdependencies between products and locations in the network.

Chapter 6 – Quantifying Economic Impacts of Phosphorus Runoff. This chapter intro-

duces the concept of treating the environment as one of the market players. We quantify

the environmental impact of phosphorus runoff and utilize this value for market for or-

ganic waste processing. We combine this analysis with the coordination framework from

previous chapter to activate the market for organic waste processing.

Chapter 7 – Fairness Measures for Decision-Making and Conflict Resolution. This

chapter provides mathematical foundations for allocating resources amongst stakehold-

ers in a fair manner. It sets the foundation for answering how the environmental cost

estimated in the previous chapter should be distributed amongst stakeholders.

Chapter 8 – Conclusions and Future Directions. This chapter provides a summary of

the major contributions of this dissertation. Specific areas for improvement for future

research are also identified.
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2
M O D E L I N G A B S T R A C T I O N

2.1 Introduction

Multi-product supply chain networks involve a set of products that are transported to

geographically dispersed facilities to be transformed into intermediate and final prod-

ucts that are delivered to final destinations. These models are used to identify optimal

facility types, sizes, and locations (network design) as well as to identify optimal re-

source allocation strategies (network management/operation) (Bloemhof-Ruwaard et al.,

1996; Guillén-Gosálbez and Grossmann, 2009; You et al., 2012; Kim et al., 2008; Neiro

and Pinto, 2004; Papageorgiou et al., 2001; You et al., 2009; Grossmann, 2004). Coupled

infrastructure networks (e.g., gas, electric, water) as well as chemical supply chains are

important application areas. The presence of product transformations is a key feature that

distinguishes these models from those arising in other domains such as multi-commodity

network flows (Hu, 1963).

In this chapter, we present optimization formulations for multi-product supply chain

networks. The formulations use a general multi-product network representation that con-

siders a set of technologies placed at a set of nodes and under which a set of products

undergo transformations. Interactions between products are captured by using a hierar-
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chical graph that maps products at each node using a transformation matrix and that maps

network nodes using transportation paths (arcs). The proposed graph abstraction com-

bines modeling concepts from supply chain and infrastructure network modeling. With

this we seek to provide a formal and general representation that can cover a wide range

of settings existing in the literature (which tend to be developed on a case-by-case basis).

For instance, the formulations presented in (Bowling et al., 2011; Hugo and Pistikopou-

los, 2005; Kalaitzidou et al., 2015; You et al., 2012) capture interactions between multiple

products but no general representation is provided. Our abstraction also makes an ex-

plicit distinction between in-network (derived) product flows and out-of-network source

(supply) and sink (demand) product flows. This feature can be used to couple boundaries

of different systems and to derive internal prices (for intermediate products) in a more

systematic manner, compared to existing models (Alex Marvin et al., 2012; An et al., 2011;

Balaman and Selim, 2014; Kim et al., 2011b). Our graph abstraction resembles that used in

p-graphs (Varbanov and Friedler, 2008; Lam et al., 2010) in which nodes are interpreted as

technologies (unit operations) that transform products. The p-graph abstraction enables

the use of graph-theoretical strategies to identify feasible pathways between products and

feasible network topologies (i.e., superstructures) (Varbanov and Friedler, 2008) as well as

to design supply chains (Čuček et al., 2010). Our proposed abstraction extends this work

by using a general optimization setting that includes more complex sets of constraints

and objectives. In particular, we show how to use the formulations to capture conflicting

priorities on different metrics and geographical network locations. We demonstrate the

applicability of the proposed framework by using a case study in the State of Wisconsin

in which we seek to design supply chains to process organic waste from a set of concen-

trated animal feeding operations (CAFOs) to mitigate point phosphorus (P) and methane

emissions.

The chapter is structured as follows. In Section 2.2 we introduce the proposed multi-

product network abstraction. In Section 2.3 we discuss how this framework can be used to

derive high-level optimization formulations. In Section 2.4 we apply the proposed frame-
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work to case studies that seek to perform P and biogas recovery from agricultural organic

waste across the State of Wisconsin. The paper closes in Section 2.5 with conclusions and

directions for future work.

2.2 Multi-Product Network Modeling

We consider a network (a graph) that comprises a set of nodes N , links (arcs) L, products

P , sources S , sinks D, and technologies T .

Associated with each source i ∈ S there is a supply flow si ∈ R+, product type

p(i) ∈ P , maximum offered capacity s̄i ∈ R+, location n(i) ∈ N , and supply cost αs
i ∈ R+.

Associated with each sink j ∈ D there is a demand flow dj ∈ R+, product type p(j) ∈ P ,

maximum requested capacity d̄j ∈ R+, location n(j) ∈ N , and demand cost αd
j ∈ R+.

We use attributes to define the nested sets Sn,p ⊆ Sn ⊂ S with Sn := {i | n(i) = n} (i.e.,

all suppliers attached to node n) and Sn,p := {i | n(i) = n, p(i) = p} (i.e., all suppliers of

product p attached to node n). We follow a similar reasoning to define the nested sets

Dn,p ⊆ Dn ⊂ D.

Associated with each link ` ∈ L there is a flow f` ∈ R+, product type transported

p(`) ∈ P , maximum capacity f̄` ∈ R+, transportation cost α
f
` ∈ R+, sending (source) node

ns(`) ∈ N , and receiving (destination) node nr(`) ∈ N . The transportation cost captures

operational costs associated with the movement of a unit of flow from the source to the

destination node. The set Lin
n := {` | nr(`) = n} is the set of all flows entering node n ∈ N ,

the set Lout
n := {` | ns(`) = n} is the set of all flows leaving node n ∈ N . We also define the

nested subsets for entering flows Lin
n,p ⊆ Lin

n ⊆ L where Lin
n,p := {` | nr(`) = n, p(`) = p} is

the set of flows entering node n and carrying product p and we note that ∪p∈PLin
n,p = Lin

n .

We use similar definitions to construct subsets Lout
n,p ⊆ L. The notation and node-level

interactions are sketched in Figure 2.1.

Associated with each technology t ∈ T there are transformation (yield) factors γt,p ∈
R, a reference product p(t) ∈ P , processing capacity ξ̄t ∈ R+, processing (operating)
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Figure 2.1: Sketch of input and output flow sets into node n for products A, B, C.

cost α
ξ
t ∈ R+, and location n(t) ∈ N . Transformation factors represent units of product

p consumed/generated per unit of reference product p(t) consumed/generated in the

transformation technology. We use the convention that γt,p > 0 if product p is generated

in the technology t, γt,p < 0 if product p is consumed in the technology, and γt,p = 0 if

product p is neither produced nor consumed in technology. Moreover, we use the conven-

tion that γt,p(t) = −1 (i.e., one unit of reference product is consumed to produce/consume

other products). For each technology we also define an extent of transformation ξt ∈ R+,

which is the total amount of p(t) processed.

Using these basic definitions we impose the following product balances at each node

n ∈ N in the network:


 ∑

i∈Sn,p

si + ∑
`∈Lin

n,p

f`


−


 ∑

j∈Dn,p

dj + ∑
`∈Lout

n,p

f`


 + ∑

t∈Tn

γt,p ξt = 0, (n, p) ∈ N ×P (2.2.1)

The first term in parenthesis is the total input flow for product p (given by supply flows

and links entering the node). The second term in parenthesis is the total output flow of

product p (given by the demand flows and links leaving the node). The third therm is the

generation/consumption flow of product p. The notation and network-level interactions

are sketched in Figure 2.2.

The total input flow of the reference product p(t) for technology t ∈ Tn in node n are
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Figure 2.2: Sketch of multi-product network coupling and notation.

modeled as (for simplicity, assuming only one technology at a node):


 ∑

i∈Sn,p(t)

si + ∑
`∈Lin

n,p(t)

f`


 = ξt, n ∈ N . (2.2.2)

We note that equations (2.2.1) and (2.2.2) can be combined to give:


 ∑

i∈Sn,p

si + ∑
`∈Lin

n,p

f`


−


 ∑

j∈Dn,p

dj + ∑
`∈Lout

n,p

f`


 + γt,p


 ∑

i∈Sn,p(t)

si + ∑
`∈Lin

n,p(t)

f`


 = 0

(n, p) ∈ N ×P (2.2.3)

From these expressions it becomes clear that individual product networks couple at

the nodes. We can also see that the transformation factors γt,p measure the strength of the

coupling between networks (by setting γt,p = 0 we decouple the networks). The balance
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for reference product p(t) can also be expressed as:

(1 + γn,p(t))


 ∑

i∈Sn,p(t)

si + ∑
`∈Lin

n,p(t)

f`


−


 ∑

j∈Dn,p(t)

dj + ∑
`∈Lout

n,p(t)

f`


 = 0, n ∈ N . (2.2.4)

We can thus see that γn,p(t) ≥ −1 must hold. Capacities on flows, sources, sinks, and

processing technologies are given by:

0 ≤ f` ≤ f̄`, ` ∈ L (2.2.5a)

0 ≤ si ≤ s̄i, i ∈ S (2.2.5b)

0 ≤ dj ≤ d̄j, j ∈ D (2.2.5c)

0 ≤ ξt ≤ ξ̄t, t ∈ T . (2.2.5d)

We highlight some key features of the proposed abstraction. The products can be

interpreted as primary or derived products such as natural gas, electricity, sensor in-

formation, raw and derived chemical products, pollutants, water, or stream of different

quality that come from the network boundary (i.e., out-of-network) or from the network

(i.e., in-network). Products induce a hierarchy of primary, secondary, and final products

at the nodes (e.g., biomass to biodiesel to carbon dioxide) directly from the transfor-

mation factors γn,p or implicitly through the network. The supply flows si are out-of-

network suppliers while γt,pξt (with positive γt,p) are in-network supply flows. In other

words, out-of-network supplies are not produced at the nodes but enter the system for its

boundaries. Similarly, dj are out-of-network demands while γt,pξt (with negative γt,p) are

in-network demands. Technologies (pieces of equipment or entire facilities) at a node per-

form physico-chemical transformations (e.g., chemical plants, separators, power plants,

heat exchangers, biodigesters, storages, compressor, pumps). The transformation factors

can be used to specify chemical reactions (induced or due to degradation), split factors,

or storage efficiencies to model losses or gains due to interactions with the environment.

In-network production flows γt,pξt are expressed as a function of the reference prod-
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uct and are defined by γt,p (i.e, units of p produced per unit of reference product p(t)).

For nodes that do not perform transformations we set γt,p = 0 and they become sim-

ple transportation/transshipment nodes. The cost factors for suppliers, demands can be

interpreted as offering prices for products at different locations (nodes) and we note that

there might be multiple suppliers and demands of the same product to a single node.

Cost factors for production flows can be used to capture offering/supply costs for prod-

ucts in different technologies (e.g., different technologies can generate a product at differ-

ent costs). Cost factors for flows can be interpreted as offering prices for transportation

services for a given link (or can be used to capture other features such as transportation

delays). We note that multiple links can exist between nodes with different transportation

costs (to reflect the possibility that different types of transportation or links of the same

type are available). We thus seek to highlight that the proposed modeling abstraction is

general and flexible.

2.2.1 Degrees of Freedom

We define N = |N |, L = |L|, P = |P|, S = |S|, D = |D|, and T = |T | (where |·| denotes the

cardinality of the set). The total number of variables is given as follows: for flows f` is

L, for sources si is S, for sinks dj is D, and for processed input flow ξt is T. This gives a

total of T + L + S + D variables. The total number of equations is: for node balances (2.2.1)

is N · P. This gives a total of NP equations. The total number of degrees of freedom

is T + L + S + D − NP. Consequently, these many variables need to be specified for the

network to be fully defined.

If we define a source and a sink per node and per product (i.e., S = D = NP), and

a technology per node (i.e., T = N), the number of degrees of freedom is N + L + NP +

NP − NP = N + L + NP = N(P + 1) + L. Consequently, in addition to specifying all the

flows, we need to specify N(P + 1) sinks or sources for the system to be fully defined. In

the single product case (i.e., P = 1), we would need to specify the 2N sinks or sources in
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addition to the flows to fully define the system. We also note that the number of flows

connecting the nodes can be extremely large. For instance, if we consider that a flow can

exist between any pair of nodes, for every product, and in every direction, but no self-

flows are allowed (i.e., f` = 0 for ns(`) = nr(`)) we have L = 2N(N − 1) · P flow variables.

This shows a quadratic growth in complexity with the number of network nodes. For

instance, a network with O(102) nodes has O(104) possible flows.

2.2.2 Transportation Nodes and Decoupled Networks

For a given product p, the balance equation at node n with no generation/consumption

(γt,p = 0) is:


 ∑

i∈Sn,p

si + ∑
`∈Lin

n,p

f`


−


 ∑

j∈Dn,p

dj + ∑
`∈Lout

n,p

f`


 = 0, n ∈ N (2.2.6)

The node becomes a simple transportation node for product p. The case with γt,p = 0 for

all t ∈ Tn, n ∈ N and p ∈ P indicates also that there is no product transformation at any

node, and the balance equations become:


 ∑

i∈Sn,p

si + ∑
`∈Lin

n,p

f`


−


 ∑

j∈Dn,p

dj + ∑
`∈Lout

n,p

f`


 = 0, (n, p) ∈ N ×P (2.2.7)

This indicates that the individual product networks decouple, as is the case of multi-

commodity network flow models (i.e., the proposed representation can capture this case

as well). This situation also arises in electrical, gas, and electrical network models when

interdependencies are ignored.
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2.3 Optimization Formulations

We now illustrate how to incorporate the proposed framework into high-level optimiza-

tion problems of interest in network design.

2.3.1 Network Operations

The resource allocation problem is a classical problem in supply chain optimization that

seeks to capture operational performance (in the form of economics, environmental, or

social objectives). To define this problem using the proposed notation, we consider sup-

ply cost, demand cost, generation/ consumption cost, and transportation cost for each

element of the network:

φd
j = αd

j dj, j ∈ D (2.3.8a)

φs
i = αs

i si, i ∈ S (2.3.8b)

φ
f
` = α

f
` f`, ` ∈ L (2.3.8c)

φ
ξ
t = α

ξ
t ξt, t ∈ T . (2.3.8d)

This gives rise to the multi-objective allocation problem:

min {φd
j , φs

i , φ
f
` , φ

ξ
t } (2.3.9a)

s.t. (2.2.1), (2.2.5). (2.3.9b)

This formulation seeks to capture inherent trade-offs between revenue collected from

individual sources, cost incurred by sinks (consumers), revenue/costs of in-network sup-

pliers/consumers (technology provides), and revenue of transportation providers. Here,

we assume that each supplier, demand, flow, and technology provider represents a dif-

ferent objective. This allows us to capture natural conflicts among network locations.

Consequently, this problem can be interpreted as a market clearing problem (Pritchard
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et al., 2010; Zavala et al., 2017).

In summary, the statement of the network operation problem is: Given a set of prod-

ucts (P), sources (S), sinks (D), nodes (N ), and technologies (T ) the goal is to determine

an optimal allocation of flows ( f`), product supplies (si), demands (dj), and product pro-

cessing (ξt) that is a Pareto optimal solution of the problem (2.3.9).

Prioritization

Traditionally, a compromise (Pareto) solution for the multi-objective problem is found by

maximizing the social welfare function:

φ = ∑
j∈D

φd
j

︸ ︷︷ ︸
φd

+ ∑
i∈S

φs
i

︸ ︷︷ ︸
φs

+ ∑
`∈L

φ
f
`

︸ ︷︷ ︸
φ f

+ ∑
t∈T

φ
ξ
t

︸ ︷︷ ︸
φξ

. (2.3.10)

This formulation implicitly seeks to maximize the demand served while minimizing

supply and transportation costs (recall that cost coefficients for in-network and out-of-

network flows are negative). One can easily show that the solution of this problem is a

Pareto optimal solution of problem (2.3.9). Moreover, the coefficients αs
i , αd

j , α
f
` , α

ξ
t are

used to prioritize different node locations and often have natural economical interpreta-

tions (i.e., offering prices).

We also note that a solution of the social welfare problem is a Pareto optimal solution

of the aggregated problem:

min {φd, φs, φ f , φξ} (2.3.11a)

s.t. (2.2.1), (2.2.5) (2.3.11b)

in which we capture trade-offs between total supply, demand, transportation, and pro-

duction costs. It is also well-known that a Pareto optimal solution to this problem can

be found by using an ε-constrained method. In this approach we solve problems of the
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form:

min φd (2.3.12a)

s.t. (2.2.1), (2.2.5) (2.3.12b)

φs ≤ εs, φ f ≤ ε f , φξ ≤ εξ . (2.3.12c)

where εs, ε f , εξ are threshold values. We note that we have picked (arbitrarily and without

loss of generality) the demand cost as the cost to be minimized. It is also possible to derive

ε-constrained formulations by using the individual node costs but this would result in an

extremely large number of threshold values to be specified. Because of this, it is often

difficult to identify threshold values under which a feasible solution exists.

Multi-Stakeholder Prioritization

In certain settings, the coefficients αs
i , αd

j , α
f
` , α

ξ
t do not have well-defined values. This

can be because markets for certain products (e.g., agricultural or food waste) are not

well-established or because different decision-makers (e.g., government agencies or facil-

ity managers) attribute different importance to different geographical locations. In such

cases, it is possible to rely on opinions from multiple stakeholders that seek to express

their priorities and to use such opinions to identify compromise solutions for the multi-

objective problem (2.3.9).

Consider the situation in which a stakeholder ω ∈ Ω prioritizes the total cost vector

φ = (φd, φs, φ f , φξ) by using the weight vector wω to construct the scalar function wT
ωφ.

The optimal solution for this stakeholder is thus given by:

fω := min wT
ωφ (2.3.13a)

s.t. (2.2.1), (2.2.5). (2.3.13b)

Here, fω is the optimal objective for the stakeholder ω given her/his priority vector and
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represents the situation in which the stakeholder is most satisfied. Stakeholders, how-

ever, will naturally disagree on how to prioritize the different objective functions. Conse-

quently, we define a dissatisfaction function that will measure how dissatisfied is stake-

holder ω ∈ Ω with an alternative solution that is not optimal for her/his priorities (i.e., it

is not the solution of (2.3.13)). The dissatisfaction function is given by dω = wT
ωφ− fω. A

compromise solution for the stakeholders can thus be found by minimizing a measure of

the dissatisfactions dω , ω ∈ Ω. Dowling et al. (2016) propose to use the conditional value

at risk (CVaR) as a collective dissatisfaction measure that we seek to minimize. The resulting

problem is given by:

min ν +
1

β | Ω | ∑
ω∈Ω

[dω − ν]+ (2.3.14a)

s.t. (2.2.1), (2.2.5). (2.3.14b)

where β ∈ (0, 1] is a probability level and ν is the value at risk. One can show that this

problem minimizes the worst dissatisfaction when β → 0 and it minimizes the average

collective dissatisfaction when β = 1. Moreover, one can show that the solution of the

CVaR problem are Pareto optimal for (2.3.9).

In the proposed setting, the stakeholders prioritize supply, demand, generation, and

transportation costs. The multi-stakeholder framework, however, is general and can also

be used to find compromise solutions for stakeholders prioritizing individual nodes (or

regions) and products. We also highlight that the computation of the compromise solution

does not require the computation of the Pareto set (which is intractable when many

objectives are considered). On the other hand, this approach cannot identify the shape of

the Pareto set, as is done is traditional multi-objective optimization and dimensionality

reduction methods (Miettinen, 2012; Copado-Méndez et al., 2014).

The multi-stakeholder setting discussed here can be seen as a quasi-cooperative decision-

making framework in which stakeholders have their own individual priorities expressed

through via the weights wω. A compromise solution for the stakeholders is found cen-



18

trally (in a cooperative manner) by solving the CVaR minimization problem. We note that

this approach yields a Pareto efficient solution while a fully decentralized approach (in

which stakeholders do not reveal their priorities) does not. In particular, a decentralized

setting often finds a game-theoretical equilibrium (e.g., a Nash equilibrium) which is not

Pareto efficient. For more information on different decision-making settings arising in

supply chains the reader is referred to Garcia and You (2015).

2.3.2 Network Design

In addition to finding optimal allocation for resources, we often seek to identify optimal

locations for different types of technologies (and associated capacities) to enhance oper-

ational performance. This problem is often referred to as the facility location or supply

chain design problem.

Under the proposed modeling abstraction, we use the binary variable yt ∈ {0, 1}
to indicate that technology t ∈ Tn is installed at node n. Each technology t ∈ Tn has

a set of transformation factors γt,p, reference product p(t), capacity ξ̄t, and investment

cost αI
t ∈ R+. The transformation factors γt,p capture the consumption/generation of

products p ∈ P in technology t ∈ TN and represent the amount of product p that is

consumed/generated per unit of reference product p(t) consumed/generated.

We express the balance equations that capture all the possible technologies to be in-

stalled at node n ∈ N as:


 ∑

i∈Sn,p

si + ∑
`∈Lin

n,p

f`


−


 ∑

j∈Dn,p

dj + ∑
`∈Lout

n,p

f`


 + ∑

t∈Tn

γt,p ξt = 0, (n, p) ∈ N ×P (2.3.15)

We now introduce the logic that only one technology can be installed per node:

∑
t∈Tn

yt ≤ 1, n ∈ N . (2.3.16)
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The processed flow of technology t is bounded by the capacity of the installed technology:

0 ≤ ξt ≤ ξ̄t, t ∈ Tn, n ∈ N . (2.3.17)

The capacities for the sources and sinks are given by:

0 ≤ si ≤ s̄i, i ∈ S (2.3.18a)

0 ≤ dj ≤ d̄j, j ∈ D (2.3.18b)

In certain situations it is also of interest to consider the possibility of installing differ-

ent types of technologies to transport products (e.g., a gas pipeline or a roadway). If we

define the set of candidate transport technologies T`, such a problem can be formulated

in a straightforward manner by using the following set of constraints:

0 ≤ f` ≤ f̄t · wt,`, t ∈ T`, ` ∈ L (2.3.19)

where the binary variable wt,` ∈ {0, 1} indicates that technology t is used in link `. The

flow is bounded by the technology capacity f̄t and is zero otherwise.

Investment costs in design problems can easily be expressed in terms of the binary

variables yt, wt,`. The design problem can thus be cast as the following multi-objective

mixed-integer linear program (MILP):

min {φI , φd
j , φs

i , φ
f
` , φ

ξ
t } (2.3.20a)

s.t. (2.3.15)− (2.3.19). (2.3.20b)

Here, the function φI captures total investment costs and φd
j , φs

i , φ
f
` , φ

g
n,p capture opera-

tional costs/performance at every node. As before, we can compute compromise (Pareto)

solutions for this problem by using prioritization (e.g., social welfare), multi-stakeholder

formulations, or ε-constrained methods.
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We highlight that the one-technology-per-node assumption is not as restrictive as it

sounds because one can consider multiple technologies to be installed at the same geo-

graphical location by defining multiple nodes at the same location and by setting trans-

portation costs between those nodes to zero.

In summary, the problem statement for the network design problem is as follows:

Given a set of products (P), sources (S), sinks (D), candidate locations (N ), and candi-

date technologies (T ) the goal is to determine the optimal locations (yt) for siting these

technologies, product flows ( f`), and resource allocation (si and dj) that is a Pareto optimal

solution of problem (2.3.20).

2.4 Case Studies

We illustrate the applicability of the proposed modeling framework by using case studies

arising in the context of livestock organic waste management from concentrated animal

feeding operations (CAFOs). Organic waste generated at U.S. CAFOs (manure) is es-

timated to be 300 million tons per year, which represents twice the amount of waste

produced by the entire U.S. human population. A single dairy cow generates 20 ton-

s/year of waste (MacDonald et al., 2009) and there are 9 million (USDA NASS (United

States Department of Agriculture, National Agricultural Statistics Service)) dairy cows

in the U.S., which roughly translates to 180 million tons of waste generation each year.

When organic waste is applied directly as fertilizer, it promotes P accumulation in the

soil, which can be lost as runoff to surface waters and trigger eutrophication. Eutrophica-

tion in turn leads to algal blooms which degrade water quality and disturb ecosystems.

One strategy to mitigate eutrophication is to prevent P accumulation in an area of interest

(i.e., balance P generation and intake from crops). This can be achieved by separating

excess P from the waste and transporting it to P-deficient areas inside or outside the are

of interest. Another environmental issue associated to manure is the emission of green-

house gases (GHG) (methane and nitrous oxide) and of pathogenic bacteria. Capturing
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methane from waste (biogas) through anaerobic digestion provides an avenue to mitigate

these issues. The U.S. Environmental Protection Agency (EPA) AgSTAR program reports

that about 8,000 U.S. farms could support biogas systems, providing about 1,670 MW of

electricity (enough to power one million homes) and reducing methane emissions by 1.8

million metric tons (in carbon dioxide equivalent this corresponds to taking 6.5 million

cars off the road).

The development of biogas and P recovery technologies has been historically difficult.

According to the American Biogas Council, there are only 247 digester farm installations

in the U.S. A small number of P-recovery installations are also in operation. A reason

for this is that deploying manure processing technologies is economically and logistically

challenging. In particular, farms are highly dispersed geographically, which makes it

challenging to balance economies of scale and transportation costs. Another issue is

the need to capture the priorities of multiple stakeholders, which will seek to prioritize

certain geographical regions (e.g., those with a higher concentration of P or those that are

near to urban areas and watersheds) or that will seek to prioritize certain environmental

objectives over others (e.g., water quality over GHG emissions).

We use the proposed framework to determine optimal technology layouts for recover-

ing P (in the form of struvite) and biogas from the dairy waste in the State of Wisconsin.

Specifically, we seek to design a supply-chain network to process the organic waste of the

100 largest dairy farms (ranked by the number of animal units) in the state 1. These farms

act as sources of waste and also serve as candidate locations for installing the technolo-

gies. In Figure 2.3 we present the CAFO locations and the stream total P concentration in

different regions of the state.

Our studies seek to highlight conflicts that arise in these complex supply chain design

studies and to highlight the insights that can be gained with the proposed framework.

We consider the following specific cases:

• P recovery analysis (without geographical priorities).

1http://dnr.wi.gov/topic/AgBusiness/data/CAFO/cafo_all.asp

http://dnr.wi.gov/topic/AgBusiness/data/CAFO/cafo_all.asp
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Figure 2.3: P concentration in the State of Wisconsin along with CAFOs locations (adapted
from U.S. Environmental Protection Agency (2014)).

• P recovery analysis (with geographical priorities).

• P and biogas recovery analysis (with stakeholder priorities).

In summary, the scope of these case studies can be summarized as follows: given the

data on 100 largest dairy CAFO locations (representing both the sources s ∈ S of waste

and candidate locations n ∈ N ), candidate technologies (t ∈ T ), their corresponding

reference products (p(t)), and transformation factors (γt,p), the goal is to identify Pareto

optimal solutions for the placement of these technologies (yt) and the product flows f`

(corresponding to waste, struvite, digestate, and biogas) across the State of Wisconsin.

This is achieved by maximizing the total amount of struvite recovered (Section 2.4.1), by

maximizing struvite recovered by including geographical priorities (Section 2.4.2), and by

minimizing the collective stakeholder dissatisfaction associated to different priorities on

water quality and GHG impacts (Section 2.4.3).
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2.4.1 P Recovery Analysis

We consider three capacity variants for a P recovery technology in the form of stru-

vite (magnesium ammonium phosphate NH4MgPO4·6H2O). Recovering P as struvite

has the dual benefit of mitigating eutrophication and providing an alternative source

to phosphate rock (obtained from mining). In Figure 2.4 we present a simplified flow-

sheet for a fluidized bed reactor (FBR) technology used for recovering P as struvite.

These reactors are commercialized by nutrient management companies such as Ostara

(http://ostara.com). The capacity of the system considered is expressed in terms of the

total amount of waste from animal units (AUs) that it can process. We consider process-

ing capacities for 500, 1,500, and 3,000 AUs. A waste generation rate of 80 lbs/AU/day 2

is used to calculate the net waste generated by a farm, where AU denotes the number of

animal units at each location. AU is a standard unit used in calculating the relative graz-

ing impact of different kinds and classes of livestock. It is defined as an animal equivalent

of 1000 pounds live weight. To provide a reference, a single dairy cow weighs about 1,400

pounds or 1.4 AUs. In the study area, there are 280,567 AUs, which generate a total waste

of 22,445,360 lb/day (about 10 million metric tons of waste per day).

The FBR technology takes waste as input to generate struvite and digestate as out-

put products. We thus have the set of products S := {Waste, Struvite, Digestate}. A

recovery percentage of 6.47% for struvite from waste (on a per-mass basis) has been con-

sidered. This value is obtained by assuming that 90% of P (Cusick et al., 2014) present

in the waste is recovered in the form of struvite. The generated digestate is used as a

bedding material at animal farms and is assumed to represent the rest of the waste not

recovered. The yield factors are summarized in the transformation matrix:

2https://www.nrcs.usda.gov/wps/portal/nrcs/detail/null/?cid=nrcs143_014211

http://ostara.com
https://www.nrcs.usda.gov/wps/portal/nrcs/detail/null/?cid=nrcs143_014211
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Figure 2.4: Schematic of fluidized bed reactor process for recovery of P as struvite.




Technology Waste Struvite Digestate

Str_I −1 0.0647 0.9353

Str_II −1 0.0647 0.9353

Str_III −1 0.0647 0.9353




The capacities and investment costs for the technologies are given by:



Technology ξ̄t(kg/day) φI
t (USD) p(t)

Str_I 18, 143 364, 000 Waste

Str_II 54, 431 704, 000 Waste

Str_III 108, 862 1, 070, 000 Waste




The investment costs have been calculated by sizing the equipment units involved in the

FBR process and then applying cost estimation techniques for the overall project (Walas,

1990; Peters et al., 1968). We consider a nominal design with a flow rate of Waste of 1kg/s.

The investment costs corresponding to the capacity equivalent of 500, 1500 and 3000 AUs

(i.e., 0.21, 0.63 and 1.26 kg/s of Waste, respectively) are then estimated by using the six-

tenths-factor rule, which captures economies of scale (Peters et al., 1968). The equipment

units involved in the overall process are a mixing vessel, FBR, dryer, heat exchanger and a
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hydrocyclone. The mixing vessel is used to make the waste uniform in composition. The

cost of this vessel is estimated at USD 28,930, which includes the material and agitator

cost. The chemical formation of struvite occurs in the FBR according to the reaction:

Mg2+ + NH+
4 + HnPOn−3

4 + 6H2O→ MgNH4PO4·6H2O + nH+

The FBR is designed using bed design parameters reported in Jordaan (2011) and kinetic

rate constants reported in Nelson et al. (2003). Using these values, we use standard design

procedures (Kunii and Levenspiel, 1991) to estimate an equipment cost of 7,225 USD. For

the heat exchanger, dryer, and hydrocyclone we have estimated investment costs of 1,916

USD, 121,014 USD, and 18,535 USD, respectively. The total equipment costs add up to

177,620 USD. The physical plant cost (which includes cost of pipes, equipment construc-

tion, buildings and site development) is calculated by multiplying the total equipment

cost by a factor of 3.15 (Peters et al., 1968). The value obtained is then scaled up by a fac-

tor of 1.4 to obtain the total investment cost of 783,303 USD. This value is used to estimate

the investment costs for the technology capacities.

The cost of transporting waste (via hauling trucks) is assumed to be 0.08 USD/km/-

ton (Paudel et al., 2009). For this case study, a value of 0.16 USD/km/ton is used in order

to account for the two-way travel of the hauling trucks. The transport cost φ
f
` factors in

the distance traveled (in km) by the flows f` between the associated sending and receiv-

ing nodes. The per-unit transportation cost of digestate and struvite has been assumed

to be same as that of transporting waste (i.e., the products use the same mode of trans-

portation). The reference product is organic waste (p(t) = Waste) for all the technologies

(because these differ only in capacity).

We perform trade-off analysis among the conflicting objectives of maximizing total

struvite recovered (denoted as φstr) while minimizing total investment and transportation

cost (denoted as φ = φI + φ f ). The cost is expressed on a per-day basis. We constrain this

total cost by a budget level ε. In our analysis, we report percentage of unprocessed
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manure that remains in the system (denoted as rWaste). We also report the total number

of technologies installed ∑t∈T yt and the average transportation distances for the waste

(denoted as hWaste) and struvite (denoted as hstr). Each farm has the option to treat the

waste that it generates on-site or to transfer it to other locations. We use a common

collection point for struvite at the boundary of the state in order to estimate the costs

associated to shipping the recovered P out of the state (outside the network boundary)

and with that prevent P accumulation in the state. This is modeled by defining a single

demand for struvite at the collection point.

Table 2.1 summarizes the results of the trade-off analysis and Figure 2.5 presents

Pareto solutions for different budget levels. As expected, when the budget is uncon-

strained (we set the budget to a large value of 500,000 USD/day), the optimal supply

chain consists of siting as many technologies as possible (101 facilities are installed) in

order to treat all the waste present in the system (i.e., no waste is left untreated). As a

result, the transportation costs and hauling distances are allowed to be arbitrarily large.

This indicates that the model cannot distinguish between different locations and that the

solution is degenerate (i.e., the same amount of struvite can be recovered regardless of

the location). This degeneracy becomes evident when we reduce the budget to 70,000 US-

D/day. In this case, we obtain the same amount of struvite but the transportation costs

are reduced by an order of magnitude. As we constrain the budget further, the invest-

ment cost remains the same but network flows are re-routed and transportation cost is

reduced, indicating that there is some inherent flexibility in the supply chain that can be

used to mitigate transportation costs. A further reduction in the budget value causes a

fast increase in the amount of waste left unprocessed (a fast decrease in the total amount

of struvite recovered). Interestingly, because the total mass of struvite recovered in each

technology is just 6.47% of the total waste processed, it is more economical to process the

waste locally (at the source node) and then transport struvite to the collection point. This is re-

flected in the average transporting distance for struvite hstr, which is much higher than

that for waste hWaste.
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Figure 2.5: Pareto curve for daily budget (daily cost) and percentage of unprocessed
waste.

Table 2.1: Trade-off analysis results for struvite recovery study (without geographical
priorities).

Budget
(USD/day)

φI

(USD)
φ f

(USD/day)
Total

Tech. Sited
φstr

(kg/day)
rWaste
(%)

hWaste
(km/day)

hstr
(km/day)

φ
f
waste

(USD/day)
φ

f
str

(USD/day)
500,000 102.95× 106

485,898 101 6.59× 105
0.00 34.97 170.02 448,014 37,281

70,000 102.61× 106
55,944 100 6.59× 105

0.00 47.86 144.69 18,557 37,387

55,000 102.27× 106
40,991 100 6.30× 105

4.43 22.81 346.16 5,342 35,649

45,000 93.60× 106
32,179 96 5.59× 105

15.13 7.21 341.99 818 31,361

35,000 75.10× 106
24,713 77 4.53× 105

31.27 6.81 328.29 532 24,181

25,000 57.30× 106
17,151 59 3.41× 105

48.18 6.72 300.44 405 16,746

15,000 38.38× 106
9,742 41 2.24× 105

65.94 5.47 257.38 213 9,530

10,000 28.78× 106
6,058 32 1.63× 105

75.25 4.97 216.14 177 5,881

5,000 16.70× 106
2,713 18 0.95× 105

85.57 0.95 164.58 25 2,688

3,000 11.01× 106
1,492 12 0.63× 105

90.45 0.43 132.30 10 1,481

The left-hand maps in Figure 2.6 show the optimal supply chain configuration and

associated flows for two budget cases. The red circles indicate the farm locations, the yel-

low ring indicates that a struvite recovery technology has been installed at that location,

and the yellow circle represents the struvite collection point. The blue lines are organic

waste flows and the yellow lines are struvite flows. We can see that, for the 55,000 USD/-

day budget case, there are manure exchanges across nodes so as to take full advantage

of technology capacities. When the budget is reduced to 15,000 USD/day, it is more eco-
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nomical to treat all waste on-site and to transport struvite to the collection point. This

is an indication that waste transportation costs dominate the budget. This is because the

dairy waste has on average 87% water content by weight (MacDonald et al., 2009), while

struvite produced in our case-study is water-free. Consequently, by treating the waste

locally, the cost associated with transporting the associated water content can be saved.

2.4.2 P Recovery Analysis (with Geographical Priorities)

From the tradeoff analysis shown in Table 2.1 we can see that, in order to process all the

waste generated by the farms, we would need an investment of over 100 million USD. Under

a constrained budget, it thus becomes important to prioritize geographical locations. We

thus assign priorities to fields based on the existing soil P concentration at that location.

In other words, we assign a higher priority to the waste generated at endangered areas.

Under the proposed framework, this is done by making the waste supply cost αs
i inversely

proportional to the concentration of P at the corresponding location. In other words, a

node with a high P concentration will supply waste at a lower cost and will thus have

preference over other waste suppliers. Our objective is thus to maximize struvite demand

delivered while minimizing supply waste cost (using the prioritized costs).

The results of this study are summarized in Table 2.2 and on the right-hand maps of

Figure 2.1). We observe that, when the budget is 55,000 USD/day, the amount of struvite

recovered (6.30 x 105 kg/day) is the same for both the cases. However, when the budget is

reduced to 15,000 USD/day, the amount of struvite recovered for the case with priorities

(1.42 x 105 kg/day) is less than that recovered for the case without priorities (2.24 x

105 kg/day). This is because, when priorities are included, the supply chain focuses

on processing waste at farms with high soil P concentration even if this comes at the

expense of transporting the surplus waste from endangered areas over longer distances

for treatment (and thus incurring higher costs). This can be visualized by comparing

the maps in the right-hand side of Figure 2.6. In particular, under prioritization, there is
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Budget = 55, 000 USD/day

φstr = 6.30x105 kg/day

Budget = 55, 000 USD/day

φstr = 6.30x105 kg/day
(Geographical Priorities)

Budget = 15, 000 USD/day

φstr = 2.24x105 kg/day

Budget = 15, 000 USD/day

φstr = 1.42x105 kg/day
(Geographical Priorities)

Figure 2.6: Optimal technology locations and product flows under different budgets.
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more movement of struvite in the supply chain. By comparing the left-hand and right-

hand side maps we also see that, under a constrained budget, the technology locations

are different (priorities do influence the supply chain design). On the other hand, under

an unconstrained budget, there are no differences.

Table 2.2: Trade-off analysis results for struvite recovery study (with geographical prior-
ities).

Budget
(USD/day)

φI
(USD)

φ f
(USD/day)

Total
Tech. Sited

φstr

(kg/day)
rWaste
(%)

hWaste
(km/day)

hstr
(km/day)

φ f ,waste
(USD/day)

φ f ,str
(USD/day)

500,000 102.60× 106
485,944 101 6.59× 105

0.00 33.63 92.97 441,619 41,925

70,000 103.31× 106
55,848 101 6.59× 105

0.00 46.58 217.95 18,625 37,223

55,000 101.90× 106
41,040 100 6.30× 105

4.51 21.51 346.19 5,420 35,621

45,000 91.54× 106
32,461 92 5.42× 105

17.71 11.00 337.77 2,405 30,055

35,000 74.05× 106
24,856 75 4.26× 105

35.32 10.81 321.42 2,222 22,634

25,000 52.29× 106
17,837 55 2.95× 105

55.17 9.19 303.70 2,805 15,032

15,000 25.96× 106
11,444 27 1.42× 105

78.48 11.13 282.45 4,718 6,725

10,000 15.97× 106
7,813 18 0.88× 105

86.70 10.26 236.75 4,228 3,585

5,000 4.62× 106
4,367 5 0.28× 105

95.79 9.04 133.78 3,623 745

3,000 0.70× 106
2,904 1 0.04× 105

99.47 7.98 74.08 2862 42

2.4.3 P and Biogas Recovery

We now illustrate how to use the proposed framework to handle conflicting priorities

among stakeholders. We consider a case study to locate technologies to recover both

struvite and biogas. Stakeholders disagree on what product (struvite or biogas) should

be prioritized. This setting can be interpreted as that of conflicting priorities from gov-

ernment officials or communities on using an available budget to address water quality

(associated to P runoff) or air quality (associated to methane leaks). We compute com-

promise solutions for this problem by balancing the dissatisfactions of stakeholders.

We express the total struvite φstr and biogas φbio recovered in terms of the demands

served. Here, again, we assume that struvite is delivered at a single point (we consider

a case with more collection points later on) and that biogas is delivered at the point of

recovery (e.g., to fulfill local demands). Technologies Str_I, Str_II, and Str_III perform

struvite recovery; technologies Bio_I, Bio_II and Bio_III perform biogas recovery; and
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technologies BioStr_I, BioStr_II and BioStr_III perform simultaneous struvite and

biogas recovery. The corresponding data matrices for these technologies are:



Technology ξ̄t(kg/day) φI
t (USD) p(t)

Str_I 18, 144 364, 000 Waste

Str_II 54, 431 704, 000 Waste

Str_III 108, 862 1, 070, 000 Waste

Bio_I 18, 144 574, 509 Waste

Bio_II 54, 431 1, 013, 795 Waste

Bio_III 108, 862 1, 672, 723 Waste

BioStr_I 18, 144 938, 509 Waste

BioStr_II 54, 431 1, 717, 795 Waste

BioStr_III 108, 862 2, 742, 723 Waste




The investment cost for biogas recovery have been calculated using a general cost analysis

formula reported by EPA’s AgStar program (Meyer and Powers, 2011). For simplicity, the

combined technology costs have been assumed to be the addition of the investment costs

for the individual technologies. The transformation factors for the technologies (on a per

mass basis) are given by:



Technology Waste Struvite Digestate Biogas

Str_I −1 0.0647 0.9353 0

Str_II −1 0.0647 0.9353 0

Str_III −1 0.0647 0.9353 0

Bio_I −1 0 0.96 0.04

Bio_II −1 0 0.96 0.04

Bio_III −1 0 0.96 0.04

BioStr_I −1 0.0621 0.8979 0.04

BioStr_II −1 0.0621 0.8979 0.04

BioStr_III −1 0.0621 0.8979 0.04



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We consider a set of five different types of stakeholders that have different priorities

on the product to be recovered. The first type of stakeholder has 100% preference on

struvite recovery, the second type of stakeholder has 100% preference on biogas recovery,

the third stakeholder is neutral, and the fourth and fifth stakeholders have have biased

preferences for struvite and biogas recovery, respectively. We can see that the first two

types of stakeholders take extreme positions.

We begin our analysis by first reporting the ideal design for each stakeholder (those

obtained by fully satisfying the priorities of each stakeholder). The results are presented

in Table 2.3. As can be seen, there are strong trade-offs on the amount of products

produced and on the associated investment and transportation costs. The supply chain

layouts are shown in Figure 2.7. As can be seen, the design of the first stakeholder type

installs only struvite recovery technologies and requires transportation to the collection

point (yellow circle). The design of the second stakeholder type only performs biogas

recovery (blue rings) and does not require any transportation because biogas is consumed

on-site. The third stakeholder type solution (with neutral priorities) is quite interesting

and consists of installing struvite recovery facilities on one side of the state (close to the

collection point) and biogas recovery facilities on the other side of the state. For this

stakeholder, some facilities recover both biogas and struvite (green rings) and these are

located in the middle of the state. This result implies that the location of the collection

point of struvite has a strong effect on the optimal configuration of the supply chain. With such a

diverse set of conflicting stakeholder designs, it becomes imperative to identify efficient

compromise solutions.

In Table 2.4 we present the costs and dissatisfactions associated to each stakeholder

type under different compromise solutions. In particular, we consider varying values of

the probability level β and recall that β = 0 achieves a compromise in which the worst

dissatisfaction is minimized and that a value of β = 1 achieves a compromise in which

the average collective dissatisfaction is minimized. In Figure 2.8 we present the optimal

configuration for these two cases. As can be seen, the first two types of stakeholders are
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the ones with the highest dissatisfactions (this is because they take extreme positions).

Moreover, the first type of stakeholder (focusing on struvite) is the most dissatisfied.

In particular, under the average compromise solution (β = 1), the first stakeholder type

will be strongly dissatisfied compared to the rest while the worst-case compromise (β = 0)

achieves a more even dissatisfaction among the stakeholders. Interestingly, in all cases the

third stakeholder is fully satisfied with the compromise (its dissatisfaction is very small).

This indicates that the compromise solutions are close to that of the neutral stakeholder.

We also observe that the worst-case compromise solution requires less investment

but more transportation cost while the average compromise solution requires more in-

vestment but less transportation cost. This indicates that the worst-case compromise is

seeking to satisfy the first stakeholder type by producing more struvite, even if this comes

at the expense of more transportation costs to the collection point. On the other hand, the

average compromise seeks to satisfy the second stakeholder and installs biogas facilities

that use the fuel on-site, thus decreasing transportation cost. Such trade-offs are not per-

ceptible from the configurations shown in Figure 2.8. Here, the most evident difference is

that the average compromise installs a few more technologies that perform joint recovery

of biogas and struvite. Again, we see that the compromise solutions cluster biogas facili-

ties on the east region of the state and struvite on the west region (close to the collection

point). Again, this highlights that the collection point has a strong influence on the na-

ture of the system layout. To reinforce this observation, in Figure 2.9 we present optimal

supply chain designs obtained from the stakeholder compromise solution when multiple

struvite collection points are considered. As can be seen, the nature of the design changes

drastically, with the struvite facilities now installed in the southeast and northeast regions

of the state. These results indicate that the selection of collection points requires careful

deliberations on the final use of struvite. The results also indicate that there exist com-

plex trade-offs between the different types of environmental impact (water against air

quality) that can result from deploying sub-optimal layouts. As a result, strong dissatis-

factions will exist among stakeholders if facility locations are selected without carefully
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trading-off investment and transportation costs as well as geographical and stakeholder

priorities.

Table 2.3: Ideal individual solutions for different stakeholder types.

Stakeholder
wstr
(%)

wbio
(%)

φstr

(kg/day)
φbio

(m3/day)
φI

(USD)
φ f

(USD/day)
φ

f
waste

(USD/day)
φ

f
str

(USD/day)
I 100 0 2.24× 105

0.00 38.07× 106
9,786 278 9,508

II 0 100 0.00 2.33× 105 105.48× 106
550 550 0

III 50 50 1.08× 105 1.45× 105 85.12× 106
3,340 109 3,231

IV 33 67 3.38× 103 2.30× 105 104.82× 106
641 600 41

V 67 33 2.24× 105
0.00 38.41× 106

9,739 369 9,370

Table 2.4: Costs and dissatisfactions under multi-stakeholder compromise solutions.

β
φstr

(kg/day)
φbio

(m3/day)
φI

(USD)
φ f

(USD/day)
φ

f
waste

(USD/day)
φ

f
str

(USD/day)
dI

(%)
dI I
(%)

dI I I
(%)

dIV
(%)

dV
(%)

0 1.24× 105 1.29× 105 79.47× 106
4,114 225 3,889 45 45 0 12 12

0.5 1.25× 105 1.29× 105 79.23× 106
4,147 130 4017 46 43 0 11 12

0.7 1.22× 105 1.32× 105 80.54× 106
3,967 109 3,858 47 42 0 11 13

1 1.07× 105 1.45× 105 84.41× 106
3,436 205 3,231 54 35 0 8 15



35

Stakeholder I Stakeholder II

Stakeholder III

Figure 2.7: Technology locations and flows for ideal stakeholder solutions.
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β = 0.0 (Worst-Case) β = 1.0 (Average)

Figure 2.8: Technology locations and flows for multi-stakeholder compromise solutions.

β = 0.0 (Worst-Case) β = 1.0 (Average)

Figure 2.9: Technology locations and flows for multi-stakeholder compromise solutions
(for multiple collection sites).
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2.4.4 Computational Requirements

All the above optimization problems (MILPs) have been implemented in the algebraic

modeling language JuMP and solved with the mixed-integer linear solver Gurobi on a

computing server with 32 processor cores (2 sockets and 16 cores each) using Intel(R)

Xeon(R) CPU E5-2698 v3 @ 2.30GHz. The problem sizes range are: 300-900 binary vari-

ables, 30,000-42,000 continuous variables, 600-800 equality constraints, and 6,000-18,000

inequality constraints. The CPU times range from a few seconds to one hour. The higher

CPU times correspond to the instances where the investment budget constraints are tight

(because of the increasing difficulty in finding a feasible solution).

2.5 Summary

In this chapter, we have presented a general optimization formulation for multi-product

supply chain networks. The formulation uses a general graph representation that consid-

ers a set of technologies placed at different spatially-dispersed nodes under which a set

of products undergo transformations. Interactions between products are captured using

a hierarchical graph that maps product flows at each node using a transformation matrix

and that maps network nodes using transportation paths (arcs). The proposed network

seeks to generalize a wide range of settings existing in the literature and to capture con-

flicting priorities. We demonstrate the applicability using a case study in the State of

Wisconsin in which we seek to design supply chains to process livestock organic waste to

mitigate P and methane emissions. The nature of the optimal layouts obtained indicates

that complex trade-offs exist between investment, transportation, and environmental im-

pact.

In Chapter 3, we will demonstrate the application of the multi-product network de-

sign formulation through a detailed analysis for P recovery from organic waste. We will

present different P recovery technologies and use the proposed network design model to



38

find an environmentally and economically sustainable waste management strategy.
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3
T E C H N O L O G I E S F O R N U T R I E N T R E C O V E RY

3.1 Introduction

Livestock waste (manure) generated at concentrated animal feeding operations (CAFOs)

in the United States (U.S.) is estimated to be 300 million tons per year (Gurian-Sherman,

2008). This is twice the amount of waste produced by the entire U.S. human population

(Gurian-Sherman, 2008). Dairy farms are one of the major contributors of this waste.

A single dairy cow generates 20 tons of waste per year and there are 9.3 million dairy

cows in the U.S. (U.S. Department of Agriculture-National Agricultural Statistics Service,

2014). This translates to 180 million tons of waste generated each year from dairy cows.

This waste tends to accumulate in geographical regions where large CAFOs are located.

Application of manure as fertilizer in these regions results in phosphorus (P) runoff and

eutrophication of ground and surface waters that are used for recreation, sanitation, con-

sumption, and irrigation. There are significant economic and environmental impacts

associated with P eutrophication (Pretty et al., 2003; Costanza et al., 1997; Bockstael et al.,

2000; Spash and Vatn, 2006; Dodds et al., 2009). In the U.S., it is estimated that eutrophi-

cation creates a total economic loss of 2.2 billion USD per year (Dodds et al., 2009). This

this due to damaged recreational water usage and waterfront real estate, decline in the
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population of threatened and endangered species, and reduced drinking water quality.

Eutrophication can be mitigated by installing nutrient separation (recovery) technolo-

gies that mobilize P from rich (high concentration) regions to nutrient-deficient ones.

P can also be recovered in the form of valuable concentrated products such as struvite

(Doyle and Parsons, 2002), which can be used as a slow-release fertilizer. In addition to

help prevent eutrophication, P recovery from livestock waste is a key step in closing the P

cycle which helps in achieving more sustainable food production systems (Childers et al.,

2011). P runoff from agricultural fields and livestock facilities is the largest source for P

loss (Cordell et al., 2009) and thus provides an important opportunity for P recovery.

The majority of P contained in livestock waste is particulate-bound (Gerritse and

Vriesema, 1984; Zhang et al., 2010), which means that P is suspended in the form of small,

colloidal non-crystalline particles attached to either calcium or magnesium (Chapuis-

Lardy et al., 2004; Güngör and Karthikeyan, 2005a,b). The rest of P is present in solu-

bilized form. Consequently, recovering P from livestock waste is technically challenging.

Various forms of mechanical and biochemical separation technologies have been consid-

ered to achieve this (Ma et al., 2013). Mechanical technologies are easy to install and

operate but cannot achieve high efficiency of P separation. The more efficient chemi-

cal and biochemical techniques such as struvite crystallization and enhanced biological

P recovery technologies are thus becoming increasingly popular. As expected, however,

technology costs can drastically increase with efficiency (thus leading to strong trade-offs)

(Ma et al., 2013). For instance, a simple mechanical screening operation (with recovery

efficiency in the range of 15-25%) has operating and capital costs of USD 5-6/cow/year

and USD 32-36/cow, respectively (Ma et al., 2013). A more advanced technology such

as struvite crystallization (with recovery efficiency of 75%), on the other hand, has op-

erating and capital costs of USD 90-110/cow/year and USD 100-150/cow, respectively

(Ma et al., 2013). These technical trade-offs, coupled with the lack of developed markets

of renewable fertilizers and the need to transport and process large amounts of waste

and by-products, generate significant uncertainty on the economic potential of P recovery
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technologies.

Systems analysis tools can help capture complex techno-economic and logistical trade-

offs arising in P recovery. The work presented in Cordell et al. (2011) introduces a systems

framework to analyze a wide range of P recovery and reuse options. This framework aids

technology selection and investment decisions and can help close the gap between science

and policy that would drive widespread installation of P recovery technologies. However,

this framework is limited in that it does not capture interactions between technology se-

lection and location, transportation logistics, and interdependencies between products.

In this chapter, we use the multi-product supply chain modeling framework presented in

(Sampat et al., 2017) to identify optimal technology types and placement for P recovery

technologies that capture transportation logistics as well as environmental impacts over

wide geographical regions. We present a case study in the State of Wisconsin using de-

tailed techno-economic data of different P recovery technologies (Martín-Hernández et al.,

2018) . Our analysis reveals that there exist complex and non-obvious trade-offs between

technology selection, transportation, and product values that need to be carefully taken

into account. In particular, our analysis reveals that, while manure mobilization and me-

chanical P recovery are inexpensive options that can mitigate environmental issues, these

are not self-sustaining solutions from an economic standpoint because they generate little

or no revenue. Deploying technologies for P recovery in the form of struvite appears

to be economically sustainable over a wide range of scenarios but it is highly suscepti-

ble to yield factors (which remain highly uncertain). Our computational framework is

used to analyze the impact of different scenarios for market prices of recovered products,

recovery yields, and remediation costs. With this we seek to help policy makers ana-

lyze complex trade-offs arising in nutrient recovery and to help experimental researchers

identify critical pieces of technology data that need to be refined.

The paper is structured as follows. In Section 3.2 we present a summary of P recovery

technologies considered in our study. In Section 3.3 we describe the multi-product supply

chain model that is used to guide technology selection and placement. In Section 3.4 we
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summarize results and findings on diverse case studies in the State of Wisconsin.

3.2 Phosphorus Separation Technologies

In this section, we provide a brief overview of the technologies that we consider to recover

P from process livestock waste. A more detailed description can be found in Martín-

Hernández et al. (2018). Our analysis is focused on P recovery, which has been identified

as a major surface water pollution issue in the State of Wisconsin (see https://dnr.wi.

gov/topic/surfacewater/phosphorus). Water pollution due to other nutrients such as

nitrogen is an important topic but it is not considered in this chapter.

3.2.1 Filtration

Filtration is a low-cost technology that is appropriate for small facilities, where the amount

of P to be removed is not very high. Various types of filter media are suitable for P recov-

ery. The reactive filter media (e.g. Polonite R©, Dolomite, Wollastonite, and Filtra P R©) are

comprised of compounds rich in cations under a basic environment (usually in the form

of calcium silicates). When operated at pH values above nine, the cation rich compounds

react with P to form an orthophosphate precipitate (Pratt et al., 2012; Gustafsson et al.,

2008). Metallurgical slag is another potential filter medium that captures P by adsorption

at pH values close to neutral (Pratt et al., 2012).

In previous work we found that metallurgical slag is the optimal filter media for P

recovery (Martín-Hernández et al., 2018). This solution was found by solving a mixed-

integer nonlinear program (MINLP) which accounts for the cost and product yields of

different filters. The filter media can also be combined with with nitrogen filters to si-

multaneously remove N and P. An advantage of this filter technology is that the cake

produced (consisting of a mixture of P, N, and other solid compounds) can be used as a

soil fertilizer (Hylander et al., 2006). In this chapter, we focus on filtration systems that

use metal slag (Cucarella et al., 2008) as the filter media. We denote the P rich product

https://dnr.wi.gov/topic/surfacewater/phosphorus
https://dnr.wi.gov/topic/surfacewater/phosphorus
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produced by these filters as cake1, while digestate1 represents the product containing the

residual compounds of the influent waste stream not included in cake1.

3.2.2 Coagulation-Flocculatioin

Coagulation-Flocculation is a chemical treatment consisting of multiple processing steps.

First, the waste is mixed with coagulation agents. This destabilizes the waste stream by

reducing the attractive forces. Flocculating agents are then added to these destabilized

colloids to form flocs. This subsequently results in the precipitation of nutrients with

other sediment solids. These nutrient rich solids are recovered from the liquid phase

by clarification. Both N and P can be recovered from the influent waste stream through

coagulation-flocculation. P is recovered primarily in the form of metal hydroxides, which

is the dominant process at typical plant pH values (Szabó et al., 2008). N recovery is

related to the removal of the colloidal matter (Aguilar et al., 2002). The final step involves

the partial drying of the recovered solids using a centrifuge to form a cake consisting of

a mixture of P, N, and other solid compounds. We denote this nutrient rich compound as

cake2, while digestate2 represents the product containing the residual compounds of the

influent waste stream not included in cake2.

In previous work we found that AlCl3 is the best coagulation agent for P recovery com-

pared to FeCl3, Fe2(SO4)3, and Al2(SO4)3 (Martín-Hernández et al., 2018). In this chapter,

we consider AlCl3 as the coagulation agent used in coagulation-flocculation technologies.

This achieves a P recovery efficiency of up to 99% (Aguilar et al., 2002).

3.2.3 Centrifugation

Centrifugation is a simple process, involving a mixing tank that mixes the influent waste

stream with precipitation agents. The addition of precipitation agents improves the P

and N recovery efficiency significantly. P recovery yield of 95% can be achieved by this

process. In our analysis, we consider a mixture of CaCO3 and FeCl3 (Meixner et al., 2015)
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as the precipitation agents. The precipitates are cakes that are rich in P, N, and other

solids. We denote these nutrient rich compounds as cake3, while digestate3 represents the

product containing the residual compounds of the influent waste stream not included in

cake3. The operational cost of this technology is high due to electrical power consumption

(Martín-Hernández et al., 2018).

3.2.4 Struvite Production

P and N from the waste can also be recovered by the formation of struvite (NH4MgPO4·
6H2O), a phosphate mineral. The advantage of this technology is that struvite is a solid

with high nutrient density, making it easier to transport. Struvite can also be used as a

slow-release fertilizer without any post-processing (Doyle and Parsons, 2002). Struvite

crystals are produced by the addition of MgCl2.

Mg2+ + NH+
4 + HnPOn−3

4 + 6H2O→ MgNH4PO4·6H2O + nH+

Struvite is crystallized from solubilized P in the waste stream. Experimental data from

the literature reveal that it is possible to directly recover P from undigested dairy manure

but recovery yields reported are highly variable (Schuiling and Andrade, 1999; Qureshi

et al., 2008; Jin et al., 2009; Zhang et al., 2015). A pre-treatment may be needed to increase

the fraction of solubilized P in the undigested manure. In our case, the addition of NaOH

to adjust the pH increases the solubilized P fraction in the waste stream (He et al., 2004;

Ylivainio and Turtola, 2013). Due to the presence of potassium in the waste stream, a

side product called potassium struvite, or K-Struvite is also produced. In this case, the

ammonium cation is substituted by the potassium cation (Wilsenach et al., 2007).

Mg2+ + K+ + HnPOn−3
4 + 6H2O→ KMgPO4·6H2O + nH+

Since the formation of struvite is favored over the formation of K-Struvite, we have consid-
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ered that only 15% of the potassium contained in the waste will react to form K-Struvite

(Zeng and Li, 2006).

We evaluate two reactor types for struvite recovery: a fluidized bed reactor (FBR)

and a continuous stirred tank reactor (CSTR). The FBR-based system is composed of

three elements: a mixing tank with an agitator, the FBR itself, and a hydrocyclone. The

operation of FBR technology begins with the addition of MgCl2 to the influent waste

stream in the mixing tank. As the concentration of NH+
4 is high, the only element to

be added is Mg2+ in the form of MgCl2. Struvite seeds of around 0.8 mm in size are

also added to promote the growth of struvite crystals. This stream is then sent to a FBR

where solid struvite crystals are formed. The solid struvite is then removed from the

reactor through the bottoms. The other stream leaving the reactor contains a mixture

of water with an excess of Mg2+, the total solids from the waste, and small amounts of

nutrients. This stream is sent to a hydrocyclone to recover struvite fines. We denote the

liquid stream leaving the FBR as digestate4. In the case of the CSTR-based system, the

system is composed of four elements: the CSTR reactor, a centrifuge, and a dryer with a

corresponding heat exchanger. Since the residence time in the CSTR is large, a pre-mixing

tank is not required; MgCl2 is added directly to the reactor. Struvite is thus formed in

one step in the CSTR. The precipitated struvite is then recovered from the bottoms of the

reactor and dried in a two-step process. The first step consists of a centrifuge that recovers

struvite with 5% (by weight) water. A drum dryer is next used to remove the residual

moisture to reach commercial standards and reduce transportation costs. A disadvantage

of the CSTR system is that large crystals can be formed in the reactor, thus causing fouling

and mechanical failures. Both struvite recovery systems are assumed to reach nominal P

recovery yields of 90% of the solubilized P present in the influent waste stream (Lin et al.,

2015; Bhuiyan et al., 2008). In our studies, we also account for uncertainty in these yields

due to variability of the waste stream composition. Cost estimation correlations as well

as mass and energy balances for both systems can be found in (Martín-Hernández et al.,

2018).
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3.3 Multi-Product Supply Chain Model

We use the modeling abstraction for network design presented in Section 2.3.2 to guide

technology placement and transportation decisions. We formulate the supply chain design

problem by defining a set of candidate technology types T (i.e., filtration, centrifugation,

coagulation, struvite in FBR, and struvite in CSTR) that can be installed at a set of prede-

fined candidate network nodes (e.g., CAFOs). We use the binary variable yt ∈ {0, 1} to

indicate that technology t ∈ Tn is installed at node n ∈ N .

The total supply, demand, and transportation costs in the network are given by:

φs = ∑
i∈S

αs
i si (3.3.1a)

φd = ∑
j∈D

αd
j dj (3.3.1b)

φ f = ∑
`∈F

α
f
` f`. (3.3.1c)

Investment and operational costs are expressed in terms of the binary variables yt as:

φI = ∑
n∈N

∑
t∈Tn

αI
t yt (3.3.2a)

φξ = ∑
n∈N

∑
t∈Tn

α
ξ
t yt. (3.3.2b)

The supply chain design problem can thus be cast as the following multi-objective mixed-

integer linear program (MILP):

max {φd,−φI ,−φs,−φ f ,−φξ} (3.3.3a)

s.t. (2.3.15)− (2.3.19). (3.3.3b)

We can compute compromise (Pareto) solutions for this problem by using scalarization

or ε-constrained methods. For instance, we can seek to identify technology types and
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locations that maximize the social welfare (φd−φs−φ f −φξ) subject to investment budget

constraints:

max φd − φs − φ f − φξ (3.3.4a)

s.t. (2.3.15)− (2.3.19) (3.3.4b)

φI ≤ εI . (3.3.4c)

The social welfare is the total profit in the entire supply chain, given by the difference of

the total revenues collected and the costs associated to supplies, transportation flows, and

technology operations. The investment cost can also be added to objective by annualizing

it, but the ε-constrained formulation is often of interest to identify what is the impact of

increasing the investment budget on social welfare. We note that maximizing the social

welfare is done in a cooperative manner (as opposed to a competitive manner, as in a

game-theoretical approach).

In our model we allow the value of the demands αd
j to be either positive or negative.

When the value is positive, it indicates that there is an economic incentive to satisfy the

demand (we thus seek to maximize the demand served dj to the associated node). In

other words, product flows are attracted to the demand node. On the other hand, when

the demand value is negative, it indicates that there is an incentive to not satisfy the

demand at the associated node (the product flows are pushed away from the demand

node). In this case, the demand dj acts as a slack (residual) variable that we seek to

minimize. As we will see in our case studies, negative demand values can be used to

model environmental remediation effects, because we can consider the environment as a

sink, consumer, or “stakeholder" that demands a product (waste, digestate) at a negative

price. This also highlights the fact that, in our framework, products always have a final

destination (i.e., for either consumption or for perpetual storage in the environment). We

also highlight that the values for supplies and transportation costs are all assumed to be

positive. Consequently, maximizing the social welfare minimizes supply, transportation,
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and operational costs.
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Figure 3.1: Sketch of input and output flow sets into a candidate node n ∈ N (in a supply
chain) for products P = {Waste, Cake1, Digestate1}. The multiproduct model selects the
technology form a set of candidate technologies (T ) illustrated in the graph.

The model notations and node-level interactions are sketched in Figure 3.1. Here,

we consider a candidate node (e.g. a dairy farm) in the supply chain, where the waste

generated on farm is a part of the source set Sn. Other dairy farms in the supply chain

can also transfer their waste to this candidate node for processing. Such waste flows are

captured as a part of the incoming flow to the node (Lin
n,Waste). Similarly, other farms

can also transfer cake1 for use at the candidate node. These flows are also captured

under the set of incoming flows Lin
n . The model selects the optimal technology from an

array of candidate technologies available for P recovery. For this illustration, the selected

technology is a filter unit that recovers cake1. The products used on-site or sold at this

farm are considered under the demand set Dn. The remaining amount of products sent

to other nodes in the network are captured through the set of outgoing flow (Lout
n ).

In summary, the problem statement for the supply chain network design problem is
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as follows: given a set of products (P), sources (S), sinks (D), candidate locations (N ),

and candidate technologies (T ) the goal is to determine the optimal locations for siting

technologies (yt), product flows ( f`), and resource allocations (si and dj) in the network

that are a Pareto optimal solution of the problem (3.3.3).

3.4 Case Studies

We use our proposed optimization framework to investigate optimal strategies to recover

P in the form of nutrient cakes and struvite from waste generated at 100 largest dairy

CAFOs (ranked by the number of animal units) in the State of Wisconsin (Wisconsin

Department of Natural Resources, 2017). We begin with a base case study where P is

not recovered but only mobilized by transportation to mitigate environmental impact in

sensitive areas. We then evaluate the impact of installing P recovery technologies with the

goal of maximizing net profit from recovered products and analyze how the value of such

products affect technology placement decisions. We highlight that data sources available

in the literature on market values for recovered products and technology performance

are scarce and highly uncertain. Consequently, our framework is not meant to provide

definitive answers. Instead, the framework is meant to be used as a tool to analyze the

impact of different scenarios for market prices of recovered products, recovery yields, and

remediation costs. With this we seek to help policy makers analyze complex trade-offs

arising in nutrient recovery and to help experimental researchers identify critical pieces

of technology data that need to be refined.

In our studies, we consider the technologies described in Section 3.2 to create the set

of candidate technologies T . Two different capacity variants have been considered for

each technology. These are quantified in terms of the animal unit (AU) equivalent of the

waste they can process. We consider technologies with processing capacities of 500 and

3000 AUs. These processing capacities are selected in order to capture the average sizes

of small and large dairy farms in the State of Wisconsin. The 500 and 3000 AU capacities
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correspond to an influent waste flow rate of 18 and 108 tons/day (or 19 and 115 m3/day),

respectively. These technologies are assumed to take waste as an input and generate P-

concentrated product (cakes or struvite) and digestate as the output products. This gives

rise to the set of products P := {waste, cake1, cake2, cake3, struvite, struvite + solids,

digestate1, digestate2, digestate3, digestate4, digestate5}. For simplicity, we use

the pseudonyms pi, i ∈ {1, ..., 11} for these products. A standard non-linear (six-tenths)

scaling relationship (Peters et al., 1968) is used between the investment cost with respect

to the equipment capacity to capture economies of scale. The data for the technologies is

given by the following technology matrix:



Technology Symbol ξ̄t(kg/day)) φI
t (USD) φ

ξ
t (USD/yr) p(t)

Filter_I t1 108,862 1,731 15,088 Waste

Centrifuge_I t2 108,862 780,005 670,113 Waste

Coagulation_I t3 108,862 1,484,612 373,519 Waste

FBR_I t4 108,862 420,689 1,511,809 Waste

CSTR_I t5 108,862 1,853,453 1,860,919 Waste

Filter_II t6 18,143 521 6,779 Waste

Centrifuge_II t7 18,143 234,820 301,100 Waste

Coagulation_II t8 18,143 446,942 167,832 Waste

FBR_II t9 18,143 126,648 679,298 Waste

CSTR_II t10 18,143 557,982 836,163 Waste




The per-unit transportation cost for products is assumed to be 0.08 USD/km/ton in

hauling trucks (Paudel et al., 2009). In our analysis, we also quantify the total amount of

emissions generated by transportation. To do so, we use an emission factor αCO2
` of 0.1

grams of CO2 per kg of product transported per km (Mathers et al., 2014). We define the

total emissions resulting from transportation as φCO2 = ∑`∈L αCO2
` f` h`, where h` is the

distance covered by transportation link `.

The reference product for all technologies is waste (p(t) = waste) and the technology

yield factors are given by:
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


Technology p1 p2 p3 p4 p5 p6 p7 p8 p9 p10 p11

t1 −1 0.1372 0 0 0 0 0.8628 0 0 0 0

t2 −1 0 0.2279 0 0 0 0.7721 0 0 0

t3 −1 0 0 0.3315 0 0 0 0 0.6685 0 0

t4 −1 0 0 0 0.0652 0 0 0 0 0.9348 0

t5 −1 0 0 0 0 0.1137 0 0 0 0 0.8863

t6 −1 0.1372 0 0 0 0 0.8628 0 0 0 0

t7 −1 0 0.2279 0 0 0 0 0.7721 0 0 0

t8 −1 0 0 0.3315 0 0 0 0 0.6685 0 0

t9 −1 0 0 0 0.0652 0 0 0 0 0.9348 0

t10 −1 0 0 0 0 0.1137 0 0 0 0 0.8863




Table 3.1: Market value and remediation costs for different products

Products Product Name
Phosphorus Concentration

(kg P/kg product)
Market Value

(USD/kg product)
Remediation Cost
(USD/kg product)

p1 Waste 0.0013 – 0.06

p2 Cake1 0.0081 0.36 0.36

p3 Cake2 0.0054 0.24 0.24

p4 Cake3 0.0039 0.17 0.17

p5 Struvite 0.0179 0.80 0.79

p6 Struvite + Solids 0.0103 0.46 0.45

p7 Digestate1 0.0002 – 0.01

p8 Digestate2 0.0001 – 0.004

p9 Digestate3 0.00002 – 0.001

p10 Digestate4 0.0001 – 0.01

p11 Digestate5 0.0001 – 0.01

To capture the impact of transportation and technology placement on environmental

impact, we define a set of waste demands Dr ⊆ D located at different locations in the

State that have a negative value αr
j ∈ R−. The use of negative demand values is used to

reflect remediation costs associated with sending nutrients to a given location. We define

the remediation cost as:

φr = ∑
j∈Dr

αr
j dj

In our studies, we consider a P recovery cost of USD 20/lb of phosphorus (Minnesota
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Pollution Control Agency, 2017) as demand values αr
j . We scale these remediation costs

by a factor β j ∈ [0, 1] based on the geographical location in order to capture priorities

of endangered areas. This helps us classify different regions in the State of Wisconsin

based on P concentration and prioritize P removal from high concentration areas. To

do so, the factor β j is defined to be proportional to the current P soil concentration at

a given location. We also use this estimate to compute the remediation cost for each

recovered product (based on their individual P concentration). This allows us to model

the possibility that P might be recovered as a P-rich product to be transported to another

location for eventual “storage” in the environment.

For each product we also define demands dj ∈ D with positive market values αd
j ∈ R+.

The market value for the different cake products is estimated based on the P content of

the product and we use struvite as a reference basis (which has an average market value

of USD 800/ton (Dockhorn, 2009)). The product values are summarized in Table 3.1. We

also consider a spectrum of cake values to analyze their impact on technology sizing and

placement. We assume that the demands of struvite and cakes with positive market value

are located at the CAFOs.

In our studies, we keep track of the average distance that waste is transported (defined

as hwaste) and the percentage of waste that is transported (defined as ζwaste). We also keep

track of the percentage of waste that is processed rwaste by a technology.

3.4.1 Effect of Transportation

We first analyze the overall environmental remediation cost if no technologies are in-

stalled and if no transportation of waste is permitted. In this case, the remediation cost

corresponds to the “do nothing" scenario in which the manure is left untreated at their

supply point (the CAFOs). By leaving the waste untreated, nutrients in the unprocessed

waste eventually contaminate ground waters or surface waters and these will eventually
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need to be remediated to enable consumption. The formulation takes the form:

max φr (3.4.5a)

s.t. (2.3.15)− (2.3.19) (3.4.5b)

yt = 0, t ∈ Tn, n ∈ N . (3.4.5c)

Our supply chain model estimates that the total remediation cost associated with leaving waste

untreated is 101 million USD per year. As can be seen, the remediation cost is significant

and motivates the use of transportation and processing technologies to mitigate it.

We now analyze transportation strategies to reduce the total remediation cost (with-

out using any processing technologies). In other words, the waste is allowed to be re-

distributed (mobilized) to geographical areas with lower P soil concentrations. Here, we

seek to minimize the remediation cost φr and we introduce an ε-constraint on transporta-

tion cost to analyze the impact of increasing transportation budgets (i.e. increasing the

mobilization of waste which is implicitly captured by increasing the budget available for

transportation expenses). The trade-off can be observed in Figure 3.2 and Table 3.2. In

Figure 3.3 we illustrate the transportation flows that are needed to re-distribute the flow

in a couple of budget instances. We note that allocating a budget for transportation of

13.8 million USD per year results in a reduction of 78% of the "do nothing" remediation

cost. The largest remediation cost is around 100 million USD per year (the "do nothing"

scenario previously discussed) and this is reduced to 22.3 million USD. Consequently, in

absolute numbers, the reduction in remediation cost is of 77.7 million dollars per year,

which is almost four times the budget allocated for transportation. Also, increasing the

transportation cost beyond 13.8 million USD per year does not result in a further re-

duction of the remediation cost (Figure 3.2). This indicates the maximum reduction in

remediation cost that can be achieved by transporting waste.

We have also found that that there is a fast (nonlinear) decrease in remediation cost

as a function of the transportation budget. This is illustrated in Figure 3.2. This result
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highlights that redistribution of waste provides a flexible and valuable option to mitigate

environmental costs. However, the transportation option does not fully mitigate the re-

mediation cost and does not generate any economic value and it is thus unsustainable

from an economic standpoint. In other words, such a solution would need to be sus-

tained based on government subsidies, which would most likely be covered using taxes

applied to CAFOs or to the State population. If the tax is applied to the State population

this would be of around 3.15 USD per inhabitant per year (the population of the State of

Wisconsin is 5.8 million). Moreover, the transportation option achieves improvement in

water quality at the expense of increased CO2 emissions due to intense truck hauling. In

particular, in Table 3.2 we see that manure needs to be transported over an average dis-

tance of 33 km (20 miles) in order to achieve the maximum reduction of the remediation

cost. Moreover, we see that 74% of the total manure needs to be transported in order

achieve such maximum reduction.

We highlight that the transportation solution only provides a short-term solution

to prevent contamination in endangered areas because nutrients will accumulate in the

newly allocated areas in the long run.
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Figure 3.2: Remediation cost as a function of transportation budgets.
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φ f = 1.46× 106 USD/yr

φr = 6.09× 107 USD/yr
ζwaste = 27%

φ f = 9.13× 106 USD/yr

φr = 2.94× 107 USD/yr
ζwaste = 51%

Figure 3.3: Optimal redistribution waste flows under different transportation budgets
(Section 3.4.1). The red dots indicate the location of CAFOs and the blue lines indicate
the flow of waste between them (base map of the State of Wisconsin adapted from U.S.
Environmental Protection Agency (2014)).

Table 3.2: Remediation cost as a function of transportation cost (Section 3.4.1).

φ f (USD/yr) φr (USD/yr) ζwaste (%) hwaste (km) φCO2 (tons/yr)
1.83× 107 2.23× 107

74 33 11,406

1.38× 107 2.23× 107
57 41 8,648

9.13× 106 2.94× 107
51 30 5,703

1.46× 106 6.09× 107
27 9 913

5.47× 105 7.52× 107
18 5 342

1.46× 105 9.06× 107
9 3 91

1.83× 104 9.85× 107
3 1 11

9.13× 102 1.00× 108
2 0.1 1

3.4.2 Effect of Simultaneous Transportation and Processing (No Product Sales)

We now analyze the impact of transporting waste and installing technologies to process

it and recover different products. We first assume that no revenue is collected from the
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recovered products:

max φr − φξ − φ f (3.4.6a)

s.t. (2.3.15)− (2.3.19) (3.4.6b)

Moreover, in this formulation, we do not impose any budget limit in investment. This

case seeks to identify the most effective technology installation strategy to convert waste

in order to mitigate transportation costs and with this facilitate mobility and mitigate re-

mediation costs. In other words, it is possible to reduce transportation costs by processing

the waste before hauling it.

The characteristics of the optimal solution are summarized in Table 3.3. We have

found that the optimal solution is to install technology t1 (large filters) to convert the

waste into cake1 and to store it in this form in the environment (i.e., there is a remedi-

ation cost associated to the cake). We also note that the optimal solution only decides

to install a small number of units (a total of ∑n∈N ,t∈Tn
yt = 31). As a result, only 25%

of the total manure is processed. This indicates that installing too many filters will be

suboptimal because this would lead to high operational costs that will offset reductions

in environmental remediation costs. This also implies that the remediation costs alone are

insufficient to promote the full processing of manure. Consequently, in order to promote

the processing of all the manure in the CAFOs, an artificial increase in the remediation

cost is required. This can be achieved by regulatory intervention or will occur naturally

as ecosystems keep degrading over time.

Table 3.3: Solutions for simultaneous transportation and processing case study (Section
3.4.2)

φI

(USD)
φ f

(USD/yr)
φCO2

(tons/yr)
φξ

(USD/yr)
Technology

Installed
Total

Tech. Sited
Cake1 Recovered

(kg/yr)
rwaste
(%)

φr

(USD/yr)
ζwaste
(%)

hwaste

(km)
Total Profit
(USD/yr)

5.34× 104 4.31× 106
2,686 4.68× 105 t1 31 4.68× 105

25 2.64× 107
31 14 −3.11× 107
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3.4.3 Effect of Simultaneous Transportation and Processing (with Product Sales)

We now consider the impact of transporting waste and installing technologies to process

waste while recovering income from the sale of different products. The objective is to

maximize the revenue obtained from the recovered products while minimizing the re-

mediation costs and operational costs. In other words, we maximize the social welfare

(which in this case is equivalent to maximize total profit). We introduce an ε-constraint

on the investment cost to explore how the investment budget εI affects the total profit

and to identify the break-even level of investment:

max φd + φr − φξ − φ f (3.4.7a)

s.t. (2.3.15)− (2.3.19) (3.4.7b)

φI ≤ εI . (3.4.7c)
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Figure 3.4: Effect of investment cost on total profit.

The results of this case study are summarized in Table 3.4 and in Figure 3.4 we show

the behavior of the total profit as a function of investment budget. From Figure 3.4 we



58

φI = 9.18× 103 USD

φr = 2.21× 107 USD/yr
ζwaste = 52%

φI = 9.45× 104 USD

φr = 1.50× 107 USD/yr
ζwaste = 24%

Figure 3.5: Optimal waste flows under different investment budgets (Section 3.4.3). The
red dots indicate the location of CAFOs and the blue and green lines indicate the flow
of waste and digestate1 repectively. Rings denote locations of nutrient cake recovery
technologies.

can see that the break-even point (at zero profit) occurs at an investment budget of about

25,000 USD. The total profit reaches a maximum of 1.66× 108 USD per year with an

investment of 173,133 USD and one can observe diminishing returns as the investment

budget is increased. The low investment costs are attributed to the fact that the selected

technologies are always filters (t1 and t6). These technologies are selected because of their

low investment and operational cost relative to the rest of the technologies. Moreover, in

this study, we use product values for cakes based on their P content relative to struvite.

This results in a relatively high value of the recovered product (i.e. 0.36, 0.24, and 0.17

USD/kg for cake1, cake2, and cake3 respectively).

From Table 3.4 we see that installation of large filters (t1) is favored over small ones

(t6). This highlights that economies of scale dominate transportation costs. We also see
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Table 3.4: Solutions as a function of investment budget for simultaneous transportation
and processing case study (Section 3.4.3).

φI

(USD)
φ f

(USD/yr)
φCO2

(tons/yr)
φξ

(USD/yr)
Technology

Installed
Total

Tech. Sited
Cake1 Recovered

(kg/yr)
φr

(USD/yr)
rwaste
(%)

Cake1 Revenue
(USD/yr)

ζwaste
(%)

hwaste

(km)
Total Profit
(USD/yr)

1.73× 105 7.51× 106
4,694 1.51× 106 t1 100 5.10× 108 8.06× 106

100 1.84× 108
18 49 1.66× 108

1.51× 105 5.26× 106
3,287 1.31× 106 t1 87 4.74× 108 8.65× 106

93 1.71× 108
21 27 1.55× 108

9.45× 104 4.10× 106
2,562 8.28× 105 t1, t6 54, 2 2.96× 108 1.50× 107

58 1.07× 108
24 21 8.69× 107

7.55× 104 4.11× 106
2,566 6.62× 105 t1, t6 43, 2 2.36× 108 1.72× 107

46 8.50× 107
24 21 6.31× 107

5.70× 104 3.53× 106
2,205 5.03× 105 t1, t6 32, 3 1.77× 108 2.00× 107

35 6.38× 107
28 15 3.98× 107

1.89× 104 6.77× 106
4,229 1.71× 105 t1, t6 10, 3 5.72× 107 2.21× 107

11 2.06× 107
47 24 −8.43× 106

9.18× 103 9.75× 106
6,092 8.22× 104 t1, t6 5, 1 2.82× 107 2.21× 107

6 1.01× 107
52 31 −2.18× 107

1.73× 103 1.29× 107
8,084 1.51× 104 t1 1 5.45× 106 2.23× 107

1 2.04× 106
53 41 −3.33× 107

that, under this option, the remediation cost is reduced to 8 million USD per year (com-

pared to the 22 million USD obtained in the transportation only case study of Section

3.4.1). We can also see that there are complex trade-offs between technology investment

and transportation costs. In other words, logistic management of waste offsets a lack

of processing capacity. In particular, we can see that at large investment budgets, the

best strategy to maximize profit is to process manure on-site (only 18% of the manure is

transported); while at low budgets it is necessary to mobilize manure to maximize profit

(53% of the manure is mobilized). This result is highlighted in Figure 3.5, where we see

that decreasing the investment budget results in fewer technologies installed and in more

mobility. Figure 3.5 also illustrates how the supply chain model prioritizes geographi-

cal regions for technology installations that are counter-intuitive (that do not necessarily

match areas of high P concentration). This highlights that complex interactions between

technology performance, logistics, and environmental performance exist.

3.4.4 Effect of Product Market Prices

We now analyze the effect of different market prices for cake, which is often a signifi-

cant uncertainty in P recovery systems. With this, we also seek to analyze under what

conditions is struvite recovery a competitive technology. In this case study, we seek to

maximize the total profit and we factor the investment cost directly in the profit (the in-

vestment cost is annualized using a project life of T=20 years). This gives the optimization
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problem:

max φd + φr − φξ − φ f − φI (3.4.8a)

s.t. (2.3.15)− (2.3.19) (3.4.8b)

The results of Section 3.4.3 are obtained using values of cake products that are propor-

tional to their P content. In this section we scale these values down and we summarize

results in Tables 3.5 and 3.6. Under the prices used in Section 3.4.3 (labeled in the Tables

3.5 and 3.6 as Case 1), the model installs cake1 and cake3 recovery technologies (i.e., filter

units and centrifugation units) and no struvite technologies are installed in this case. This

indicates that the cake values are beneficial (and too optimistic). Reducing the cake values

by a 50% (labelled as Case 2) results in installation of only cake1 recovery technologies.

One reason for this is the higher value for cake1 than cake3 because of its higher P con-

centration, and the relatively lower investment and operating cost associated with the

cake1 recovery technology (filter units). Reducing the cake prices further (Case 3) starts

promoting the installation of struvite recovery technologies. We note, however, that the

total revenue φd collected from product sales remains fairly constant in all cases and in

all cases we obtain a positive total profit.

The last row of Table 3.5 (Case 7) shows the optimal solution using cake values re-

ported in Hernández et al. (2017) and we observe that these prices also favor struvite

recovery. We note that such product values are remarkably low compared to the values

computed using the P content of the products. We also observe, however, that the revenue

at these low values is quite high, reaching levels of 189 million USD per year and the total

profit under these prices is positive (reaches 34 million USD/yr), despite the fact that the

remediation cost is 8.6 million USD (Table 3.6). The fact that the remediation cost is not

fully eliminated (even after processing almost all the waste) is due to the fact that the di-

gestate generated after processing all the waste still contains nutrients (albeit at a smaller

concentration compared to waste). Consequently, digestate has associated remediation
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cost because it ultimately must be disposed of in the environment. This highlights the

fact that nutrients persist in the environment and thus always induce a certain level of

remediation cost. In the proposed model, digestate is allowed to be redistributed in order

to reduce the overall remediation cost (digestate flows are shown as green lines in Figure

3.6).

The large difference observed between the revenue and the total profit is due to the

high investment and operational costs of struvite recovery systems. In particular, invest-

ment costs in these cases reach 38 million USD while operational costs reach 138 million

USD per year. Despite this, the results indicate that the production of struvite provides an

economically sustainable option to mitigate environmental impacts in both water quality

and emissions. In addition, we note that only 22% of the waste needs to be transported,

thus decreasing CO2 emissions (emissions are on the order of 4,000 tons per year, com-

pared to the 11,000 tons per year of the transportation-only case study of Section 3.4.1).

We also note that fluidized bed reactors (FBR) are the preferred technology to recover stru-

vite (t4), due to their lower investment costs relative to CSTR systems. Despite the high

uncertainty in the final values of the recovered products, we highlight that concentrating

nutrients provides a flexible approach to redistribute them and prevent accumulation in

geographical regions.

Table 3.5: Optimal solution for varying prices of cakes (Section 3.4.4).

Case
Cake1 Price

(USD/tonne)
Cake2 Price

(USD/tonne)
Cake3 Price

(USD/tonne)
Technology

Installed
Total

Tech. Sited
Cake1 recovered

(kg/yr)
Cake3 recovered

(kg/yr)
Struvite Recovered

(kg/yr)
rwaste
(%)

Total Product Revenue
(USD/yr)

1 360 240 170 t1, t3 74, 25 3.74× 108 3.29× 108
0 100 1.90× 108

2 180 120 85 t1 100 5.04× 108
0 0 99 9.06× 107

3 72 48 34 t1, t4, t6 3, 90, 2 8.08× 106
0 2.33× 108

98 1.87× 108

4 36 24 17 t4 92 0 0 2.38× 108
98 1.91× 108

5 7.2 4.8 3.4 t4 91 0 0 2.36× 108
97 1.89× 108

6 3.6 2.4 1.7 t4 91 0 0 2.36× 108
97 1.89× 108

7 9.32 7.65 8.48 t4 91 0 0 2.36× 108
97 1.89× 108

Table 3.6: Optimal solution for varying cake prices (Section 3.4.4).

Case
φI

(USD)
φ f

(USD/yr)
φCO2

(tons/yr)
φξ

(USD/yr)
ζwaste
(%)

hwaste

(km)
Cake1 Revenue

(USD/yr)
Cake3 Revenue

(USD/yr)
Struvite Revenue

(USD/yr)
φr

(USD/yr)
Total profit
(USD/yr)

1 3.72× 107 7.51× 106
4,692 1.05× 107

20 49 1.34× 108 5.60× 107
0 3.45× 106 1.67× 108

2 1.73× 105 6.10× 106
3,811 1.51× 106

17 39 9.06× 107
0 0 8.25× 106 7.48× 107

3 3.79× 107 6.33× 106
3,955 1.36× 108

21 33 5.82× 105
0 1.87× 108 8.71× 106 3.41× 107

4 3.87× 107 7.27× 106
4,545 1.39× 108

23 38 0 0 1.91× 108 8.46× 106 3.40× 107

5 3.83× 107 6.48× 106
4,047 1.38× 108

22 33 0 0 1.89× 108 8.66× 106 3.41× 107

6 3.83× 107 6.44× 106
4,022 1.38× 108

22 33 0 0 1.89× 108 8.66× 106 3.41× 107

7 3.83× 107 6.58× 106
4,111 1.38× 108

22 34 0 0 1.89× 108 8.66× 106 3.40× 107
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φI = 3.83× 107 USD

φr = 8.66× 106 USD/yr
ζwaste = 22%

Figure 3.6: Optimal system layouts for Case 7 (Section 3.4.4). The red dots indicate the
location of CAFOs and the blue and green lines indicate the flow of waste and digestate4
respectively. Rings denote locations of struvite recovery technologies.

3.4.5 Effect of Struvite Yields

Struvite recovery from livestock waste is a relatively new technology. As a result, there

is a large uncertainty associated with technology performance. In order to account for

the effect of these uncertainties on the supply chain design, we consider different yield

factors for struvite recovery from livestock waste (Table 3.7). We gradually decrease the

yield factors for struvite recovery technologies. With this we seek to identify the range of
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yields under which struvite recovery remains an economically attractive option. In this

analysis, we consider the market prices of cake1, cake2, and cake3 to be 9.32, 7.65, and 8.45

USD/tonne, respectively (Hernández et al., 2017) (same prices as those used in Case 7 of

Section 3.4.4). The market price of struvite (produced using FBR) and struvite + solids

(produced using CSTR) is considered to be 800 and 460 USD/tonne, respectively (same

prices as those used in Sections 3.4.3 and 3.4.4). Using these values, we seek to maximize

the total profit where we factor the investment cost directly in the profit (similar to our

analysis in Section 3.4.4, the investment cost is annualized using a project life of 20 years).

The optimization problem is:

max φd + φr − φξ − φ f − φI (3.4.9a)

s.t. (2.3.15)− (2.3.19) (3.4.9b)

Table 3.7: Optimal solution for varying yields of struvite recovery (Section 3.4.4).

Case New γt,p

Old γt,p

Struvite Yield
(kg/kg waste)

Struvite + Solids Yield
(kg/kg waste)

Technology
Installed

Total
Tech. Sited

Cake 1 recovered
(kg/yr)

Struvite Recovered
(kg/yr)

rwaste
(%)

Total Product Revenue
(USD/yr)

1 (base case) 1 0.0652 0.1137 t4 91 0 2.36× 108
97 1.89× 108

2 0.9 0.0587 0.1023 t4 89 0 2.08× 108
95 1.66× 108

3 0.8 0.0522 0.0910 t1, t4, t6 98 2.96× 107 1.72× 108
95 1.38× 108

4 0.7 0.0456 0.0796 t1 99 4.70× 108
0 92 4.38× 106

5 0.5 0.0326 0.0569 t1 99 4.71× 108
0 92 4.38× 106

6 0.1 0.0065 0.0114 t1 99 4.71× 108
0 92 4.38× 106

Table 3.8: Optimal solution for varying yields of struvite recovery (Section 3.4.4).

Case
φI

(USD)
φ f

(USD/yr)
φCO2

(tons/yr)
φξ

(USD/yr)
ζwaste
(%)

hwaste

(km)
Cake1 Revenue

(USD/yr)
Struvite Revenue

(USD/yr)
φr

(USD/yr)
Total profit
(USD/yr)

1 (base case) 3.83× 107 6.58× 106
4,111 1.38× 108

22 34 0 1.89× 108 8.66× 106 4.02× 107

2 3.74× 107 5.46× 106
3,415 1.35× 108

21 26 0 1.66× 108 8.75× 106 1.55× 107

3 3.49× 107 4.47× 106
2,796 1.26× 108

20 20 2.76× 105 1.38× 108 8.93× 106 −2.84× 106

4 1.70× 105 2.96× 106
1,851 1.49× 106

15 14 4.38× 106
0 9.09× 106 −9.17× 106

5 1.70× 105 3.03× 106
1,896 1.49× 106

15 15 4.38× 106
0 9.03× 106 −9.18× 106

6 1.70× 105 2.96× 106
1,851 1.49× 106

15 14 4.38× 106
0 9.09× 106 −9.17× 106

The results in this case study are summarized in Tables 3.7 and 3.8. The model finds

it economically beneficial to recover struvite using FBRs (t4) when the base case yield

factors are reduced to 90% of their original value. The total profit reduces to 1.55× 107

USD/yr (39% of the base case value). This reveals a non-linear relationship between

technology performance and total profit. Reducing yield factors further to 80% of the
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original value, the model solution transitions towards recovering cake1 along with re-

covering struvite by installing filter units (t4 and t6) and FBRs (t1), respectively. In this

case, the reduced product revenue and increased remediation cost make the overall profit

negative. Further reductions in the yield factors leads to solutions in which recovery

of cake1 is the best option. This indicates that, for struvite recovery technologies to be

economically competitive, the yield should be higher than 80% of the base case values.

3.5 Computational Requirements

All the optimization problems are MILPs that have been implemented in the algebraic

modeling language JuMP and solved with the solver Gurobi on a computing server with

32 processor cores (2 sockets and 16 cores each) using Intel(R) Xeon(R) CPU E5-2698

v3 @ 2.30GHz. The problems contain around 1000 binary variables, 130,500 continuous

variables, 8,000 equality constraints, and 48,000 inequality constraints. The CPU times

range from a few seconds to one hour, depending on the complexity of the formulation.

The higher CPU times correspond to instances where the investment or transportation

budget constraints are relaxed (because of the larger feasible space).

3.6 Summary

In this chapter, we have applied the supply chain design framework presented in Chapter

2 to analyze the interplays between technology selection and placement, transportation

logistics, and environmental impact associated with phosphorus (P) recovery from live-

stock waste. We use these computational capabilities to analyze strategies to manage

waste generated at large CAFOs in the State of Wisconsin. We found that transportation

of waste alone (without any processing for P recovery) can achieve significant reduc-

tions in environmental impact due to waste mobilization. We also found that struvite

crystallization in fluidized beds can be an economically sustainable option to process



65

waste and mitigate environmental impacts. We have also found that mechanical separa-

tion (filtering) technologies that recover P in the form of nutrient cakes can achieve high

environmental benefits and reduced transportation costs but are only economically self-

sustaining at high cake prices. Our analysis indicates that the value of recovered products

and assumed remediation costs have a strong influence on the nature of the optimal waste

management strategies. This is important because markets for many of these products

are immature and highly volatile.

In Chapter 4, we will investigate the effect of different policy strategies to promote the

installation of P recovery technologies and to co-locate them with anaerobic digesters that

produce biogas. We will also analyze the impact of policy and government incentives on

the economic prospects of the analyzed technologies and recovered products.
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4
P O L I C Y D E S I G N : E N V I R O N M E N TA L R E G U L AT I O N S A N D

I N C E N T I V E S

4.1 Introduction

Livestock waste (manure) generates significant air and water quality issues in the form

of methane and pathogens emissions as well as nutrient runoff to water bodies, which

ultimately leads to eutrophication, algal blooms, and hypoxia (Burkholder et al., 2007;

Aguirre-Villegas and Larson, 2017). Nutrient pollution is one of the leading causes of

water quality impairment in the United States (U.S. Environmental Protection Agency,

2015). Lake Erie, for example, faces persistent algal bloom issues due to phosphorus

runoff. In the summer of 2014 the city of Toledo, Ohio issued a two-day drinking water

ban due to the formation of harmful algal blooms. This resulted in about 500,000 people

losing access to drinking water (Fitzsimmons, 3rd August 2014). One strategy to contain

nutrient runoff consists of processing the livestock waste to recover excess nutrients and

with this balance nutrient budgets in endangered areas (Ashley et al., 2011). The nutrient-

rich products (e.g. struvite which is a phosphorus-rich product) can then be sold to

the market as a fertilizer (Maaß et al., 2014) or can be transported to less endangered

areas. Methane can also be recovered in gaseous or liquid form and can be used as a
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transportation fuel or to generate heat and electricity (Kennedy et al., 2015).

Despite the significant environmental benefits associated to waste processing, the re-

covery of value-added products from livestock waste is not commonplace at present due

to high investment costs and to low market values being offered for the recovered prod-

ucts. In the case of electricity, for instance, utility companies purchase electricity at an

average value of 0.04 USD/kWh (Dynamic Concepts, LLC, 2016). For electricity recov-

ered from livestock waste this value is insufficient to offset investment and operation

costs of the processing units (particularly in small to medium farms). In addition, the dif-

ficulty to attribute an economic value to the environmental benefits resulting from waste

treatment is another cause for the lack in deployment of technologies. Federal and state

incentives such as the Renewable Energy Credits (RECs) and Renewable Identification

Numbers (RINs) can help offset high production costs and promote investment. These

incentives can also help capture the environmental benefits of organic materials treatment

in a systematic way. However, selecting suitable recovery pathways is a complicated task

because of the multiple products and technology options that need to be evaluated and

because of complex transportation (logistical) issues.

Existing research studies have not addressed the problem of livestock waste manage-

ment from a holistic (systems-wide) standpoint. Decisions are often based on techno-

economic feasibility studies for individual technologies (Galinato et al., 2016; Astill and

Shumway, 2016; Coppedge et al., 2012; Krich et al., 2005; U.S. Department of Agriculture,

U.S. Environmental Protection Agency, U.S. Department of Energy , 2014; Beddoes et al.,

2007). These techno-economic studies consider the costs associated with the installation

and operation of a variety of technologies such as anaerobic digestion in combination

with nutrient recovery and biogas upgrading. They also consider the potential economic

returns that can be obtained from product sales and objectives. These studies are site-

specific and often assume a processing capacity that is equal to the waste generation

capacity of the farm. Due to economies of scale, however, production cost fluctuates sig-

nificantly with farm sizes. This can make waste processing in smaller farms economically
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infeasible. A better option for such farms could be to transport the raw or preprocessed

waste to larger centralized facilities to conduct final processing. Such possibilities can be

explored under a systems-wide approach that simultaneously determines technologies

types and sizes as well as product transportation strategies.

Facility location studies in livestock waste processing reported in the literature explore

the use of hub and spoke (semi-centralized) layouts (Dynamic Concepts, LLC, 2016) and

centralized layouts (Prasodjo et al., 2013). The study in Dynamic Concepts, LLC (2016),

for instance, proposes a hub and spoke processing configuration for dairy farms in the

Kewaunee County in the State of Wisconsin (WI). The study proposes to recover nutrients

and renewable natural gas that is cleaned and injected in a transmission pipeline. The

location of the hubs (or the processing units) is determined by assigning the larger con-

centrated animal feeding operations (CAFOs) as hubs and the smaller farms as the spokes

which transfer their dairy waste to the hubs. The spokes for a hub are selected by draw-

ing a five-mile radius around the hub and refining the boundaries until a desired number

of hubs are obtained. This approach presents a simple strategy for building a supply

chain network. Another approach is to use a geographic information systems (GIS) based

framework to determine the location of the processing facilities (Ma et al., 2005). In such

analysis, the location is determined by considering different factors such as distance of

farms to transmission lines, natural gas pipelines, power plants, and roads. Economic and

environmental aspects are also considered in these types of studies but they often assume

a single technology option (due to inherent complexity associated to technology selection

and sizing). The benefits of centralized biogas processing facilities have also been studied

in the literature (Prasodjo et al., 2013). For swine manure management in North Carolina,

for instance, it has been found that the most cost-effective solution is to design a supply

chain with a single centralized directed biogas facility (Prasodjo et al., 2013). The selec-

tion of a suitable supply chain configuration is a complex decision-making process that is

highly dependent on the spatial location of the dairy farms, the final destination of prod-

ucts, geographical prioritization, and on local economic (market) and policy conditions.
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In this chapter, we use a multiproduct supply chain framework (Sampat et al., 2017)

to simultaneously conduct technology selection, sizing, and placement. The model cap-

tures transportation flows and conversion of multiple products across spatially dispersed

CAFOs. We show that this framework can easily accommodate diverse types of mate-

rial management incentives obtained at federal and state levels (including pilot initiatives

such as the Agriculture Environmental Stewardship Act of 2017 (115th Congress (2017-

2018)) and Trading and Offsets in the Chesapeake Bay Watershed (Virginia’s Legislative

Information System)). Such analyses help us to implicitly place a monetary value on the

environmental benefits (impact reduction) of processing organic waste. These capabili-

ties allow us to conduct systematic studies on the effect of incentives on economic and

environmental viability of different technology types for the recovery of a diverse set of

energy and nutrient products. Our analysis reveals that the optimal strategy to manage

livestock waste from dairy farms in the State of Wisconsin is to perform nutrient recovery

as well as biogas recovery and upgrading simultaneously (in the form of coupled hybrid

technologies). This synergistic strategy generates a high return on investment and helps

target both air and water quality issues.

4.2 Current Incentives for Environmental Impact Reduction

The electricity generated from any renewable source (e.g., wind, solar, biomass, and bio-

gas) is currently incentivized in the U.S. by using RECs (U.S. Environmental Protection

Agency, 2017b). Under this system, every unit (MWh) of renewable electricity generated

receives an REC. The producer of renewable energy can then sell the RECs either in a com-

pliance market or in a voluntary market (Figure 4.1). Compliance markets are generated

when an individual state introduces a Renewable Portfolio Standard (RPS) that mandates

the utility companies generate a portion of their total energy from renewable sources.

For example, the State of California established an RPS in 2002 to achieve 50% of its to-

tal energy generation from renewable sources by 2050 (California Energy Commission -
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Tracking Progress, 2017). To achieve this goal, California has mandated a gradual increase

in energy generation from renewable sources (requiring 33% by 2020; 40% by 2024; 45%

by 2027; 50% by 2030) (Durkay, 2017). Utility companies that cannot achieve this goal

have an option to buy the RECs from renewable energy producers. This results in the for-

mation of a compliance market for RECs where the value of an REC varies with supply

and demand. The value of one REC in a compliance market has historically fluctuated

between 0.50 USD/MWh to 60 USD/MWh (O’Shaughnessy et al., 2015). State regulations

play an important role in driving demand values and thus influencing the price of RECs.

For example, the State of New Jersey has a subprogram in place to support electricity

production from solar energy and it has set a goal to achieve 4.1% of energy generation

from solar energy by the year 2027-2028 (Database of State Incentives for Renewables &

Efficiency (DSIRE)). The RECs corresponding to solar energy are termed SRECs and can

have a market value as high as 600 USD/MWh (O’Shaughnessy et al., 2015). Voluntary

markets arise when customers volunteer to purchase RECs to support the generation of

energy from renewable sources. In a voluntary market, the value of one REC has varied

between 0.50 USD/MWh and 2.00 USD/MWh (O’Shaughnessy et al., 2015).

Another strategy for incentivizing renewable energy generation is through RINs for

transportation fuels. As per the Renewable Fuel Standard (RFS) created under the Energy

Policy Act of 2005, the producers of non-renewable fuels are required to blend a certain

amount of renewable fuels in their final products. Consequently, when a non-renewable

fuel is produced, a Renewable Volume Obligation (RVO) is generated, which needs to be

fulfilled by purchasing RINs. Similar to RVOs, RINs are generated when a renewable fuel

is produced. The concepts of RVO and RIN are also based on supply and demand. RVO

is the demand value required to be fulfilled on the generation of a non-renewable fuel,

while RIN is the supply value that can satisfy this demand. One RIN corresponds to one

gallon of renewable fuel. The RFS categorizes RINs into four classes of fuels: biomass-

based diesel, cellulosic biofuel, advanced biofuel, and total renewable fuel (Figure 4.1).

Each of these classes has an associated RIN. The RVO includes requirements for these
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Figure 4.1: Economic incentives associated with renewable energy and fuel recovery from
livestock waste

different RINs. In the context presented in this chapter, the fuels produced from livestock

waste fall under the category of cellulosic biofuels (Tomich and Mintz, 2017). There are

limited sources of cellulosic biofuels (i.e., the demand for cellulosic biofuels is higher than

supply) and thus have a high value of around 2.00 USD/RIN. In cases where the non-

renewable fuel generators cannot find cellulosic RINs to meet their requirement, they

have an option to buy Cellulosic Waiver Credit (CWC). The CWCs are made available

by the U.S. Environmental Protection Agency (U.S. EPA) when the projected volume of

cellulosic biofuel production is less than the applicable volume of cellulosic biofuel set

forth in the Clean Air Act. The U.S. EPA determines the price of CWCs using a formula

specified in the Clean Air Act (U.S. Environmental Protection Agency, 2017a). For the

year 2017, the value of a single CWC is 2.00 USD (U.S. Environmental Protection Agency,

2016).

Renewable electricity production tax credits (PTC) have been used in the past in the

U.S. to help the development of energy from renewable sources such as wind, geother-
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mal, and biomass (Sherlock, 2014). Until 2015, a full PTC credit of 2.3 cents/kWh (0.023

USD/kWh) was given to electricity generated from sources such as wind, closed-loop

biomass (any organic material from the plant which is planted exclusively for energy

generation), and geothermal. A half credit of 1.2 cents/kWh (0.012 USD/kWh) was given

to technologies such as open-loop biomass (e.g. agricultural livestock waste), municipal

solid waste, and hydropower.

In April 2017, the Agriculture Environmental Stewardship Act of 2017 was introduced

in the U.S. Senate. This program proposed to introduce energy tax credits through 2021

for qualified biogas facilities and qualified manure resource recovery facilities (115th

Congress (2017-2018)). Qualified biogas facilities include anaerobic digesters that con-

vert biomass to a gas with at least 52% methane. Manure resource recovery includes

technologies that recover phosphorus and nitrogen by separating at least 50% of the mass

of phosphorus and nitrogen.

Incentives for nutrient recovery provide a mechanism to mitigate water quality issues.

The State of Virginia, for instance, runs a nutrient trading program in the Chesapeake

Bay watershed where Phosphorus credits (P credits) have a value of 10.10 USD/lb P

(22.04 USD/kg P) (Virginia’s Legislative Information System). Nutrient trading can also

allow one source to meet its regulatory obligations by using pollutant reductions created

by another source with lower pollution controls (U.S. Environmental Protection Agency).

4.3 Multi-Product Supply Chain Model

We use the modeling abstraction for network design presented in Section 2.3.2 to guide

technology sizing and placement and transportation decisions. We will use this frame-

work to analyze the impact of using different policy incentive mechanisms on the eco-

nomic and environmental viability of technologies. The model used for our case studies

is summarized as:
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max {φd,−φI ,−φs,−φ f ,−φξ} (4.3.1a)

s.t. (2.3.15)− (2.3.19) (4.3.1b)

The objective function is the total profit in the supply chain network, given by the dif-

ference of the total revenues collected in the supply chain φd and the costs associated to

supplies, transportation flows, and technology operations.

In the proposed model, we allow the value of the demands αd
j to be either positive

or negative. When the value is positive, it indicates that there is an economic incentive

to satisfy the demand (we thus seek to maximize the demand served dj to the associated

node). In other words, product flows are attracted to the demand node. On the other

hand, when the demand value is negative, it indicates that there is an incentive to not

satisfy the demand at the associated node (the product flows are pushed away from the

demand node). In this case, the demand dj acts as a slack (residual) variable that we seek

to minimize. Negative demand values can be used to model environmental remediation

effects because we can consider the environment as a sink, consumer, or “stakeholder"

that demands a product (waste, digestate) at a negative price. This also highlights the fact

that, in our framework, products always have a final destination (i.e., for either consump-

tion or for storage in the environment). We also highlight that the values for supplies

and transportation costs are all assumed to be positive. Consequently, maximizing the

objective function minimizes supply, transportation, and operational costs.

The model notation and node-level interactions are sketched in Figure 4.2. Here, we

consider a candidate node (e.g. a dairy farm) in the supply chain network, where the

waste generated on-farm is processed to recover electricity and cake1 (a nutrient rich

product). The waste generated on-farm is a part of the source set Sn. Other dairy farms

in the supply chain network can also transfer their waste to this candidate node for

processing. Such waste flows are captured as a part of the incoming flow to the node
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Figure 4.2: Sketch of input and output flow sets into a candidate node n ∈ N (in a
supply chain network) for products P={Waste, Electricity, Cake1, Digestate1}. The
multiproduct model selects the technology from a set of candidate technologies (T ) illus-
trated in the graph.

(Lin
n,waste). Similarly, other farms can also transfer electricity and cake1 for use at the

candidate node. These flows are also captured under the set of incoming flows Lin
n .

The multiproduct model selects the optimal technology from a wide array of candidate

technologies available for waste treatment. For this illustration, the selected technology

consists of an anaerobic digester followed by an electricity generator for the production of

electricity. The digestate obtained from anaerobic digestion is processed through a filter

to recover cake1. The products used on-site or sold at this farm are considered under the
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demand set Dn. The remaining amount of products sent to other nodes in the network

are captured through the set of outgoing flow (Lout
n ).

In summary, the problem statement for the network design problem is as follows:

Given a set of products (P), sources (S), sinks (D), candidate locations (N ), and candidate

technologies (T ) the goal is to determine the optimal locations for siting technologies

(yt,n), product flows ( f`), and resource allocations (si and dj) in the network that are a

Pareto optimal solution of problem (4.3.1).

4.4 Case Studies

We use the proposed framework to investigate optimal technology deployment strategies

to recover value-added products from waste generated at the 100 largest dairy CAFOs

in the State of Wisconsin (Wisconsin Department of Natural Resources, 2017). We begin

with a purely economic analysis that does not factor in incentives. We perform this anal-

ysis for each product independently and determine the market value at which it becomes

economically feasible to recover such product. We then formulate a problem in which

we include a wide range of product recovery technologies to identify optimal technology

combinations. Finally, we incorporate incentives associated with the recovery of renew-

able energy and fuels (e.g. RECs, RINs) and nutrient credits to understand how such in-

centives alter the optimal technology landscape to achieve water and air quality improve-

ments. The supply chain model was implemented in the mathematical modeling package

JuMP and solved with Gurobi. All scripts and data needed to reproduce the results are

available at https://github.com/zavalab/JuliaBox/tree/master/WasteIncentives.

We consider different nutrient recovery and biogas upgrading technologies. A key

observation is that all these routes require anaerobic digestion (AD). Anaerobic digestion

takes dairy waste as the input and produces biogas and digestateAD. The produced

biogas can be upgraded to recover value-added products such as electricity and trans-

portation fuels. The digestateAD can be treated to recover nutrients such as phosphorus

https://github.com/zavalab/JuliaBox/tree/master/WasteIncentives
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(P) and nitrogen (N). Figure 4.3 illustrates the technology options considered. To illustrate

the conversion efficiencies (yields) for various technologies, we begin with a base value of

100 kg of dairy waste. This dairy waste is assumed to include wash-water used at dairy

farms along with the excreted manure. The total solids content of this dairy waste is con-

sidered to be 7%. The composition of the excreted manure is calculated by considering a

herd consisting of 72% lactating cows, 4.5% dry cows, 23.3% heifers, and 0.2% calves and

using the corresponding N, P, TS (total solids), and VS (volatile solids) values reported in

Lorimor et al. (Lorimor et al., 2004). The water content of excreted manure is 88% (i.e.

a TS of 12%). We consider a mass dilution to 93% water content due to the addition of

wash-water, resulting in the final composition of dairy waste (reported in Table 4.1).

Table 4.1: Waste composition (100 kg of excreted manure after dilution with wash water)

Component kg %
Water 159.43 93.00

Phosphorus (P) 0.13 0.08

Nitrogen (N) 0.32 0.19

Potassium (K) 0.32 0.32

Carbon (C) 6.26 3.65

Miscellaneous 4.67 2.72

Total 171 100

Anaerobic digestion of 100 kg of the dairy waste produces 1.24 standard cubic meter

(scm) of biogas and 98.83 kg of digestateAD. This amount of biogas produced is esti-

mated by considering that one kg of VS results in 0.22 scm of biogas (Ileleji et al., 2010).

The dairy manure has a VS content of 80% of TS (Ileleji et al., 2010). Consequently, 100

kg of waste contains 5.61 kg of VS, which results in the production of 1.24 scm of biogas.

This biogas (containing 60% CH4 and 39 % CO2 on a volume basis) is assumed to have

a density of 1.15 kg/m3 (Jørgensen, 2009). The amount of digestateAD produced is then

estimated by a mass balance analysis.

The biogas can either be used for heating purposes or for electricity generation. The

amount of electricity generated is based on the CH4 content of the biogas. CH4 has a

heating value of 1000 BTU/ft3 (37.3 MJ/m3). The produced biogas has 60% CH4 on a
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volume basis. Assuming a thermal efficiency of 28%, one kWh of electricity generation

corresponds to 12 ft3 (0.345 scm) of CH4. We thus estimate that 2.18 kWh of electricity

can be generated from 100 kg of dairy waste.

An alternative to generating electricity is the recovery of either biomethane or trans-

portation fuels from the biogas. Both of these products require further cleaning of raw

biogas to remove impurities such as H2O, H2S, and CO2. The H2O can be removed by

condensation, while the H2S is removed using an iron sponge technology (Krich et al.,

2005). The clean biogas can be further upgraded to remove CO2 by using a scrubbing

technology to produce pipeline quality biomethane (0.74 scm/100 kg waste) (Krich et al.,

2005). The amount of biomethane produced is estimated by considering a yield factor

of 0.596 scm of biomethane per scm of biogas (Carnevale and Lombardi, 2015). The pro-

duced biomethane can be injected directly into the natural gas pipeline infrastructure. Yet

another alternative is to liquefy the biomethane to produce liquefied biomethane (LBM).

This results in 0.31 gal (1.17 liters) LBM. The yield of LBM is based on the assumption

that 84 ft3 of biomethane correspond to one gal of LBM (Krich et al., 2005).

For nutrient recovery, we consider five technology variants that take digestateAD as

the input and produce P-concentrated products (cakes or struvite) and digestate as the

output products. The conversion efficiencies and associated investment and operational

costs have been estimated by using the models reported in Martín-Hernández et al. (2018).

The first technology considered is based on reactive filtration where a metal slag is used

as the filter medium. This technology produces 12.22 kg of cake1 containing 0.57% P.

The second technology is centrifugation with pretreatment, where a mixture of CaCO3

and FeCl3 is added to enhance the separation efficiency of P. A total of 37.73 kg of a

nutrient-rich cake (cake2) is produced containing 0.21% P. The next technology consid-

ered is coagulation flocculation, where first the digestateAD in the form of suspension

is destabilized by reducing attractive forces. A flocculation process is then carried out to

form flocs from the previously destabilized colloids, and this results in their subsequent

precipitation resulting in 15.23 kg of cake3 which has a P content of 0.52%. The next tech-
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nology is a fluidized bed reactor (FBR) where struvite (NH4MgPO4.6H2O) is precipitated

by the addition of MgCl2. The advantage of this technology is that struvite is a solid with

high nutrient density (which makes it more convenient to transport compared to trans-

porting waste) and can be used as a slow-release fertilizer without any post-processing

(Doyle and Parsons, 2002). FBR produces 0.62 kg of struvite (containing 12.57% P) per

98.83 kg of input digestateAD. The final nutrient recovery technology that we consider

is a continuous stirred tank reactor (CSTR), where the final product also contains stru-

vite but with a P content of 1.22%. Because the residence time in the CSTR is long, it

is not necessary to use a pre-mixing tank (as in the case of FBR) and MgCl2 is added

directly to the reactor. Consequently, 5.86 kg of struvite + solids is formed in one step

in the CSTR. The amount of digestate produced from the above-listed nutrient recovery

technologies is estimated via mass balance analysis.
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(98.83 kg)

Filter Centrifuge Coagulation
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Figure 4.3: Product slate with corresponding product yields for an input of 100 kg of
waste

4.4.1 Pure Economic Analysis

We first investigate the waste treatment problem from a purely economic perspective.

The objective is to find a technology deployment strategy that maximizes the economic
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returns without including any incentives. Penalties associated with nutrient emissions are

also not imposed in this analysis. We assign a market value to all the products (Table 4.2).

We assume that utility companies buy electricity at an average price of 0.04 USD/kWh

(Dynamic Concepts, LLC, 2016). When biogas is used for heating purposes, the associated

cost is calculated based on its heating value. In our analysis, the untreated biogas after

AD has a CH4 content of 60% on a volume basis. Thus one standard cubic meter (scm) of

biogas has a heating value of 21,333 BTU or 0.021 MMBTU. Based on the average market

value of natural gas at 2.25USD/MMBTU (U.S. Energy Information Administration), we

estimate the value of biogas to be 0.048 USD/scm.

Biomethane is obtained after the biogas is upgraded to remove H2O, H2S, and CO2

to achieve the purity of pipeline quality natural gas. This biomethane can then be in-

jected into the natural gas pipeline infrastructure. The value of biomethane is assumed

to be the same of natural gas (0.15 USD/scm). Liquefied biomethane is obtained by

the liquefaction of biomethane. Its value is assumed to be the same as that of lique-

fied natural gas (LNG) at 1.0 USD/gal (Krich et al., 2005). The value for nutrient-rich

cakes (i.e. cake1, cake2, and cake3) are estimated to be 15 USD/ton, 4.9 USD/ton, and

12.5 USD/ton, respectively, based on the analysis provided in Hernández et al. (2017).

The average market value of struvite is considered to be 800 USD/ton (Dockhorn, 2009).

The corresponding market value for struvite plus solids is estimated to be 77.3 USD/ton

based on its relative P concentration of 1.22% with respect to P concentration of struvite

of 12.57%. The livestock waste has been assigned a market value of zero. Similarly, the

effluent streams digestateAD, digestate1, digestate2, digestate3, digestate4, and digestate5

have been assigned a market value of zero in this case. This is equivalent to assuming

that the untreated livestock waste and the effluent streams are spread on the field and

there is no disposal cost associated with this practice.

We also report the carbon efficiencies corresponding to each final product recovered

as described in Table 4.2. Carbon efficiency is a green chemistry indicator that represents

the percentage of carbon in the reactants that remain in the final product (Constable
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et al., 2002). The majority of carbon from the waste is captured in nutrient-rich products

(85%) while the remaining carbon is recovered in biogas or related products (10% - 15%).

These values are computed by a simple mass balance analysis. Nutrient recovery is thus

a major source of carbon capture compared to biogas recovery. The input waste has a

carbon content of 3.65% (Table 4.1). The biogas generated after anaerobic digestion has

majority carbon in the form of CH4 and CO2 corresponding to 15% of the total carbon

in the input waste. Further processing of biogas to produce biomethane and liquefied

biomethane involves removal of CO2, thus resulting in a reduced carbon efficiency (10%)

for these products. The remaining carbon of the input waste is considered to remain

in the digestateAD after anaerobic digestion. The models reported in Martín-Hernández

et al. (2018) consider that carbon present in digestateAD is recovered with the nutrient-rich

products. Table 4.2 also reports the P content of the input waste and the various nutrient-

rich products based on the models reported in Martín-Hernández et al. (2018). We also

report the phosphorus (P) efficiency associated with each product. This is similar to the

concept of carbon efficiency. P efficiency is the percentage of phosphorus in the reactants

that remains in the final product. It is interesting to note that even though struvite has a

high P content (12.57%), its P efficiency (90%) is lower than that of cake2 (95%) and cake3

(99%) because the amount of struvite produced per unit mass of waste is less compared

to the yield factors associated with that of cake2 and cake3, thus reducing the total P

recovered in the process.

In our studies, we consider the technologies identified in Table 4.3 to create the set of

candidate technologies T . Two different capacity variants have been considered for each

technology. These are quantified in terms of the animal unit (AU) equivalent of the waste

they can process. The AU is a standard unit used for calculating the relative grazing

impact of different kinds and classes of livestock. It is defined as an animal equivalent

of 1000 pounds live weight. To provide a reference, a single lactating dairy cow weighs

about 1,400 pounds or 1.4 AUs. We consider technologies with processing capacities of

5,000 and 10,000 AUs. The data for investment and operation costs were obtained from
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Table 4.2: Market value for different products with the associated phosphorus content,
phosphorus efficiency, and carbon efficiency

Products Product Name Market Value Units
Phosphorus

Content (% wt)
Phosphorus

Efficiency (%)
Carbon

Efficiency (%)
p1 Waste 0 USD/ton 0.08 - -
p2 Electricity 0.04 USD/kWh 0 0 0

p3 Biogas 0.048 USD/scm 0 0 15

p4 Biomethane 0.15 USD/scm 0 0 10

p5 Liq. Biomethane 1 USD/gal 0 0 10

p6 Cake1 15 USD/ton 0.57 86 85

p7 Cake2 4.9 USD/ton 0.21 95 85

p8 Cake3 12.5 USD/ton 0.52 99 85

p9 Struvite 800 USD/ton 12.57 90 85

p10 Struvite + Solids 77.3 USD/ton 1.22 90 85

p11 DigestateAD 0 USD/ton 0.08 - -
p12 Digestate1 0 USD/ton 0.012 - -
p13 Digestate2 0 USD/ton 0.002 - -
p14 Digestate3 0 USD/ton 0.001 - -
p15 Digestate4 0 USD/ton 0.002 - -
p16 Digestate5 0 USD/ton 0.01 - -

a variety of sources. For the case of anaerobic digestion, we estimate the investment cost

based on the cost projection formula given in Meyer and Powers (Meyer and Powers,

2011).

The operating cost for an anaerobic digester is assumed to be 2.4% of the investment

cost (Beddoes et al., 2007). The cost of technologies (t2 and t26) for biogas production,

followed by electricity generation is estimated from the prices reported for a dairy farm

in Indiana (Agstar, February 2014). The capital cost is reported to be 12 million USD

(Agstar, February 2014) for a two-stage mixed plug flow digester (capacity corresponding

to 9000 cows) with engine and generator (Tomich and Mintz, 2017). The operating costs

are reported to be 600,000 USD per year. We scale these costs using the six-tenths-factor

rule (Peters et al., 1968) to estimate the cost associated with technologies t2 and t26 having

capacity corresponding to 5,000 and 10,000 AU respectively. We also scale the operating

costs using the six-tenths-factor rule because the detailed process data are not reported

for these technologies. In addition, because the operating cost is usually 10% of the

capital cost (i.e. proportional to the capital cost), we assume that it follows a similar

scaling relationship as that of the capital cost. Similarly, the cost of biogas cleaning and
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upgrading to pipeline quality biogas (biomethane) or liquefaction to liquefied biomethane

is estimated using the six-tenths rule from the costs reported in Krich et al. (2005). Krich

et al. (2005) estimate the technology cost for dairy farms in California based on the data

collected from biogas upgrading plants in Sweden. For the case of nutrient recovery

technologies (filtration, centrifugation, coagulation flocculation, FBR, and CSTR), the cost

data were based on models reported in Martín-Hernández et al. (2018).

Table 4.3: List of candidate technologies with corresponding investment and operation
costs

Capacity = 3.75× 105 (kg/day)
(5,000 AU)

Capacity = 7.49× 105 (kg/day)
(10,000 AU)

Sr.
No.

Technology
Tech.

No.
Investment Cost

(USD)
Operation Cost

(USD/yr)
Tech.

No.
Investment Cost

(USD)
Operation Cost

(USD/yr)
1 AD t1 2.69× 106 6.45× 104 t25 5.01× 106 1.20× 105

2 AD + Generator t2 6.46× 106 3.23× 105 t26 1.02× 107 5.10× 105

3 AD + Cleaning t3 4.51× 106 2.12× 105 t27 7.89× 106 3.53× 105

4 AD + Cleaning + Liquefaction t4 9.05× 106 2.79× 105 t28 1.51× 107 4.59× 105

5 AD + Filter t5 2.70× 106 1.34× 106 t29 5.04× 106 2.14× 106

6 AD + Centrifuge t6 4.09× 106 2.04× 106 t30 7.24× 106 3.26× 106

7 AD + Coag. Floc. t7 6.46× 106 1.74× 106 t31 1.10× 107 2.79× 106

8 AD + FBR t8 5.33× 106 3.06× 106 t32 9.21× 106 4.87× 106

9 AD + CSTR t9 5.90× 106 3.26× 106 t33 1.01× 107 5.20× 106

10 AD + Filter + Generator t10 6.47× 106 1.59× 106 t34 1.02× 107 2.53× 106

11 AD + Filter + Cleaning t11 4.52× 106 1.48× 106 t35 7.91× 106 2.37× 106

12 AD + Filter + Cleaning + Liquefaction t12 9.06× 106 1.55× 106 t36 1.51× 107 2.48× 106

13 AD + Centrifuge + Generator t13 7.86× 106 2.30× 106 t37 1.24× 107 3.65× 106

14 AD + Centrifuge + Cleaning t14 5.91× 106 2.19× 106 t38 1.01× 107 3.49× 106

15 AD + Centrifuge + Cleaning + Liquefaction t15 1.05× 107 2.25× 106 t39 1.73× 107 3.59× 106

16 AD + Coag. Floc. + Generator t16 1.02× 107 2.00× 106 t40 1.62× 107 3.18× 106

17 AD + Coag. Floc. + Cleaning t17 8.28× 106 1.89× 106 t41 1.39× 107 3.02× 106

18 AD + Coag. Floc. + Cleaning + Liquefaction t18 1.28× 107 1.96× 106 t42 2.10× 107 3.12× 106

19 AD + FBR + Generator t19 9.10× 106 3.31× 106 t43 1.44× 107 5.26× 106

20 AD + FBR + Cleaning t20 7.15× 106 3.20× 106 t44 1.21× 107 5.10× 106

21 AD + FBR + Cleaning + Liquefaction t21 1.17× 107 3.27× 106 t45 1.93× 107 5.21× 106

22 AD + CSTR + Generator t22 9.68× 106 3.52× 106 t46 1.53× 107 5.59× 106

23 AD + CSTR + Cleaning t23 7.73× 106 3.41× 106 t47 1.30× 107 5.43× 106

24 AD + CSTR + Cleaning + Liquefaction t24 1.23× 107 3.48× 106 t48 2.02× 107 5.54× 106

A common limiting factor for the economic viability of waste treatment technologies

is the competition from non-renewable sources that usually offer the same product at a

much lower price. We analyze how production costs for recovered products from dairy

waste compare with current market prices by performing an economic analysis. First, we

calculate the total production cost per unit product by accounting for the investment and

operating cost data (Table 4.4). Because of economies of scale, the per-unit cost associ-

ated with a high capacity technology like 10,000 AU is less than the cost associated with

a lower capacity technology like 5,000 AU. For example, the electricity production cost

for a technology with a capacity of 10,000 AU is 0.11 USD/kWh while for a capacity of
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5,000 AU the cost is 0.22 USD/kWh. These production costs do not account for trans-

portation logistics. In order to include the cost associated with transportation, we run

the supply chain model (Sampat et al., 2017) for each product recovery technology. We

execute this analysis by limiting the list of candidate technologies to those that recover the

particular product being analyzed. For example, when analyzing electricity generation,

the candidate technologies that are considered are t2 and t26. The objective function in

this analysis is to maximize the total profit, which includes the total revenues (φd) ob-

tained from sales of an individual product while minimizing the associated investment

(φI), operational (φξ), and transportation cost (φ f )):

max φd − φI − φξ − φ f (4.4.2a)

s.t. (2.3.15)− (2.3.19) (4.4.2b)

The costs are expressed on an annualized basis and we assume an equipment life of

20 years. Our results show that, for most of the products being considered, the current

market values are too low to justify waste processing. Consequently, the optimal solution

(from an economic perspective) is to do nothing and to leave the waste untreated. We

thus gradually increase the value of the product to estimate the price at which the model

finds it economically feasible to recover the product (profit becomes positive). In other

words, this analysis determines the optimal break-even cost that accounts for transporta-

tion costs and economies of scale associated to technology sizing. From Table 4.4 we

can see that the break-even value associated with electricity recovery is 0.18 USD/kWh

(while the utility companies currently offer 0.04 USD/kWh to purchase electricity). This

reveals that it is generally not economically advantageous for dairy farmers in the U.S. to

recover electricity from manure. The estimated break-even electricity cost also explains

why electricity recovery from manure has been economically feasible in Spain, Germany,

and Denmark, where the average value of electricity is 0.30, 0.35, and 0.40 USD/kWh,

respectively (OVO Energy).
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Table 4.4: Product value analysis. (Note that the break-even values reported here are for
each product considered in isolation.)

Product
Market Value

(from Literature)
φI + φξ

(5,000 AU, from data)
φI + φξ

(10,000 AU, from data)
Break-even value

(from model)
Units

Electricity 0.04 0.22 0.11 0.18 USD/kWh
Biogas 0.048 0.12 0.11 0.15 USD/scm

Biomethane 0.15 0.24 0.22 0.40 USD/scm
Liq. Biomethane 1.00 1.26 0.86 1.5 USD/gal

Cake1 15.0 64 60 70 USD/ton
Cake2 4.9 36 31 35 USD/ton
Cake3 12.5 80 71 78 USD/ton

Struvite 800 3457 2930 3300 USD/ton
Struvite + Solids 77.3 395 333 350 USD/ton

The break-even values listed above assume single product recovery. We now expand

our analysis to consider all product recovery options simultaneously and allow the model

to make a decision about which sets of products should be recovered and on which tech-

nologies. In our study, we allow for some technologies to be combined to recover multiple

products simultaneously. Specifically, biogas upgrading can be combined with nutrient

recovery to recover energy and nutrient-rich products. Because anaerobic digestion is the

common first step in both biogas upgrading and nutrient recovery, the overall production

costs for the final products can be brought down by synergizing these technologies. For

this case study, we expand the list of candidate technologies to allow for the combination

of such technologies. The candidate technologies listed in Table 4.3 consider all combi-

nations possible for biogas upgrading and nutrient recovery. We note that this list also

includes the single product recovery options to allow the model to select between syn-

ergizing technologies or recovering single products. The model uses the same objective

function and constraints in Eq. 4.4.2 and uses the expanded list of candidate technologies

as shown in Table 4.3. As with the single product case, this case finds that leaving the

waste unprocessed (do-nothing) is the best strategy from an economic perspective. This is

because the market values for all the value-added products are lower than their respective

production costs (Table 4.4). Moreover, we conclude that synergizing technologies is not

sufficient to achieve economic viability.
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4.4.2 Effect of Incentives

In this section, we analyze the effect of current incentives such as the RECs, RINs, and P

credits on the economic viability of waste processing technologies.

Renewable Energy Credits (REC) Analysis

We use the proposed model to estimate the value of the REC incentive required to make

electricity recovery an economically attractive option. This analysis is different from our

analysis on market values as we now consider all 48 candidate technologies listed in Table

4.3. Thus, for the model to select electricity recovery technologies, the profits obtained

from electricity generation not only need to be economically viable, but also should also

achieve the highest economic returns compared to other product recovery options. The

objective is to maximize the annualized profit including the revenue obtained from REC

credits (φREC) :

max φd + φREC − φI − φξ − φ f (4.4.3a)

s.t. (2.3.15)− (2.3.19) (4.4.3b)

In our studies, we gradually increase incentives for electricity generation, as shown in

Table 4.5. We begin by introducing REC incentives for every MWh of electricity generated.

As shown in Table 4.5, the optimal supply chain does not recover electricity until the REC

value is increased to 200 USD/MWh (0.2 USD/kWh). This is about 400% higher than the

purchase price of electricity by utility companies (0.04 USD/kWh). Clearly, this is a high

value and, even with such a high value, the return on investment (ROI) is low (1.92%).

To obtain an acceptable investment and a shorter payback period, the REC value needs to

be further increased (see Table 4.5). Such a heavy incentive strategy is not economically

sustainable since it makes the entire waste processing infrastructure heavily dependent

on external incentives.
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Table 4.5: Economic performance of supply chains under REC analysis

REC Value
(USD/MWh)

Electricity Recovered
(MWh/yr)

WI Electricity
Share (%)

Total
Tech. Sited

rWaste
(%)

φI

(USD)
φξ

(USD/yr)
φt

(USD/yr)
φd
electricity

(USD/yr)
φREC

(USD/yr)
ROI
(%)

Payback Period
(yrs)

≤ 100 0 0 0 0 0 0 0 0 0 0 N/A
200 8.35× 104

0.13 17 49.9 1.51× 108 7.55× 106 2.04× 106 3.34× 106 1.67× 107
1.92 52

500 1.65× 105
0.25 43 98.5 3.38× 108 1.69× 107 9.69× 106 6.59× 106 8.24× 107

13.48 7

800 1.67× 105
0.25 43 99.8 3.45× 108 1.73× 107 1.03× 107 6.68× 106 1.34× 108

27.64 4

1000 1.67× 105
0.25 44 100 3.48× 108 1.74× 107 1.06× 107 6.69× 106 1.67× 108

36.96 3

Another interesting result found is that increasing the REC incentive above 500 US-

D/MWh does not significantly increase the amount of electricity recovered. The largest

possible amount of electricity that can be generated by processing all the waste (i.e.,

rwaste = 100%) is 1.67× 105 MWh/yr. This value corresponds to 0.25% of the total elec-

tricity demand by the State of Wisconsin. From the point of view of the Renewable Fuel

Standard (RFS) for the state, this percentage is negligible. According to the RFS estab-

lished in 1998, the State of Wisconsin had set a goal to reach 10% of the total energy

generation be from renewable sources by the year 2015. Clearly, electricity generation

from dairy waste does not contribute significantly to such goals.

Renewable Identification Number (RIN) Analysis

We now analyze the effect of introducing incentives associated with the production of

renewable transportation fuel in the form of RINs. As described previously, liquefied

biomethane generated from dairy waste is incentivized under the Cellulosic RINs cate-

gory. In years when the projected supply for the cellulosic RINs is less than the projected

demand value, CWC values are declared by the U.S. EPA. The CWC for the year 2017

is 2 USD/gal of liquefied biomethane produced. We perform our analysis around this

nominal value of 2 USD/gal and evaluate the return on investment (ROI) for the project

as a function of RIN. The objective is to maximize the annualized profit including the

revenue obtained from RIN credits (φRIN) :

max φd + φRIN − φI − φξ − φ f (4.4.4a)

s.t. (2.3.15)− (2.3.19) (4.4.4b)
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With a RIN value of 2 USD/gal, the recovery of LBM is economically viable (Table

4.6). The ROI, however, is rather low for this case (5.24%), resulting in a payback period

of 19 years. For a lower RIN value of 0.5 USD/gal, it is also economically viable to recover

LBM but the payback period is larger than the assumed project life of 20 years. Increasing

the RIN value helps bring down the payback period to about 10 years. The results in Table

4.6 also reflect the stable nature of the solution (i.e. increasing the RIN value results in a

gradual increase in the ROI). We see, however, that the revenue collected from RINs is of

the same order of magnitude as the revenue obtained from product sales, indicating that

the supply chain will be heavily reliant on incentives. We also highlight that the revenue

collected from RINs by technology provides and producers is in fact money invested by

federal and local governments to incentivize technologies. Interestingly, we see that the

investment needed to incentivize technologies via RECs or RINs (to achieve a similar ROI

of 10%) are quite similar (on the order of 60-70 MUSD/yr).

Table 4.6: Economics of Renewable Identification Number (RIN) analysis

RIN Value
(USD/gal)

LBM Recovered
(gal/yr)

Total
Tech. Sited

rWaste
(%)

φI

(USD)
φξ

(USD/yr)
φ f

(USD/yr)
φd
LBM

(USD/yr)
φRIN

(USD/yr)
ROI
(%)

Payback
Period (yrs)

0.5 2.54× 106
3 10.69 4.53× 107 1.38× 106 1.99× 104 2.54× 106 1.27× 106

0.34 296

1 1.31× 107
20 55.25 2.48× 108 7.56× 106 2.34× 106 1.31× 107 1.31× 107

1.62 62

1.5 1.86× 107
29 78.41 3.53× 108 1.08× 107 5.88× 106 1.86× 107 2.80× 107

3.48 29

2 2.17× 107
37 91.32 4.26× 108 1.30× 107 8.55× 106 2.17× 107 4.34× 107

5.24 19

2.5 4.50× 108
39 96.22 4.50× 108 1.38× 107 1.04× 107 2.29× 107 5.72× 107

7.45 13

3 2.30× 107
39 96.69 4.50× 108 1.38× 107 1.09× 107 2.30× 107 6.90× 107

9.98 10

One drawback associated to the recovery of LBM is that it cannot be stored over

an extended period of time (Krich et al., 2005). In particular, evaporation losses make

it economically infeasible to store LBM for more than a week. LBM storage pressure

varies with the size of the storage tank: large tanks have a very low pressure of less

than 5 psig [0.3 barg], while smaller tanks (70,000 gallons and less), can have pressure

between 5 psig [0.3 barg] to over 250 psig [16 barg]. LBM must be maintained at low

temperatures (at least below -177 F [-83 C]) to remain a liquid, independent of pressure

(CH-IV International). Thus, for LBM recovery to be viable, there should be a stable

customer base that can utilize the LBM soon after production. One possibility to achieve

this would be to use LBM as a fuel for manure hauling trucks.
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4.4.3 Phosphorus Credits Analysis

In our analysis, we consider the reduction in the P discharge brought by the recovery

of nutrient-rich products to generate P credits at a dairy farm. A standardized quality

specification of the recovered P is needed in order to regulate such product recovery

based nutrient trading program. For this analysis, we consider that all the nutrient-rich

products (cake1, cake2, cake3, struvite, and struvite + solids) are eligible to claim P

credits.

Since different nutrient recovery products (cake1, cake2, cake3, struvite, and struvite

+solids) have different P concentrations (0.57%, 0.21%, 0.52%, 12.57%, and 1.22%, respec-

tively), their recovery will generate different P credits. We use the optimization model to

decide which nutrient recovery option will generate highest profit given the associated

production and logistical costs. No other incentives (such as RECs and RINs) are included

in this analysis. The goal is to study the impact of nutrient credits on the overall project

economics. As shown in Table 4.7 we test different values of P credits. The objective

function for this case study is to maximize the annualized profit including the revenue

generated from P credits (φP):

max φd + φP − φI − φξ − φ f (4.4.5a)

s.t. (2.3.15)− (2.3.19) (4.4.5b)

For a P credit of less than 2 USD/lb P, the optimization model does not find it prof-

itable to process waste and recover products (Table 4.7 and Table 4.8). When the credit

increases to 20 USD/lb P, the model finds it more profitable to process all waste and re-

cover nutrient cakes. Even though the nutrient cakes have a lower P concentration and

a lower product value (compared to struvite), the associated production costs are also

lower. Also, cake recovery technologies (filter and coagulation-flocculation) are much

simpler to deploy than the struvite recovery technologies.
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Table 4.7: Products recovered for varying phosphorus credits

Sr. No.
P Credit

(USD/lb P)
Cake1 Recovered

(tonne/yr)
Cake3 Recovered

(tonne/yr)
Biogas Recovered
(million scm/yr)

Waste Processed
(%)

1 ≤ 2 0 0 0 0

2 5 4.02× 105
0 40.69 43

3 10 9.20× 105
0 93.25 98

4 15 8.61× 105 8.33× 104
94.27 99

5 20 1.84× 105 9.38× 106
94.94 100

Table 4.8: Economics of phosphorus credits

Sr. No.
Total

Tech. Sited
φI

(USD)
φξ

(USD/yr)
φ f

(USD/yr)
φd

(USD/yr)
φP

(USD/yr)
ROI
(%)

Payback Period
(yrs)

1 0 0 0 0 0 0 0 N/A
2 12 6.05× 107 2.57× 107 2.31× 106 7.96× 106 2.52× 107

3.5 28.4
3 33 1.41× 108 6.18× 107 1.46× 107 1.82× 107 1.15× 108

35.7 2.8
4 32 1.54× 108 6.34× 107 1.62× 107 1.85× 107 1.77× 108

69.9 1.4
5 33 2.78× 108 7.73× 107 1.77× 107 1.90× 107 2.61× 108

61.6 1.6

A P credit of 5 USD/lb P produces profit but a low ROI of 3.5%. Increasing the P credit

to 10 USD/kg P increases the ROI by an order of magnitude (to 35.7%), bringing down

the payback period to less than 3 yrs. This sudden jump in ROI reveals that there exists

a highly non-linear relationship between the P credit and the ROI. Further increasing the

P credit to 15 USD/lb P and 20 USD/lb P brings down the payback period to less than

2 years. The ROI for 15 USD/lb P, however, is higher than the ROI for 20 USD/lb P

because our objective function is to maximize the profit, which is higher in the case of 20

USD/lb P while associated production costs are higher for 20 USD/lb P, thus reducing

the corresponding ROI.

4.4.4 Combining Incentives from RECs, RINs, and P Credits

We now introduce incentives from electricity recovery (RECs), transportation fuel produc-

tion (RINs), and nutrient recovery (P credits) simultaneously. We analyze the incentive

values offered at present. A REC value of 2 USD/MWh,RIN value of 2 USD/gal, and

P credit of 10.10 USD/lb P (i.e. 22.04 USD/kg P) are considered. The objective for this
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analysis is to maximize the overall profit including the revenues from all the incentives:

max φd + φREC + φRIN + φP − φI − φξ − φ f (4.4.6a)

s.t. (2.3.15)− (2.3.19) (4.4.6b)

In Table 4.9, we present the recovered products when all incentives are realized and

the overall profit is maximized. We observe that the best strategy is to combine biogas

upgrading and nutrient recovery. In particular, the model finds that the optimal strategy

is to recover cake1, cake3, and liquefied biomethane using technologies t12, t18, and t36.

The technologies t12 and t36 are the same, just differing in production scales. These

technologies recover cake1 and liquefied biomethane. Technology t18 recovers cake3 and

liquefied biomethane.

Table 4.9: Products recovered when all incentives are realized and the overall profit is
maximized

REC
(USD/MWh)

RIN
(USD/gal)

P Credit
(USD/lb P)

φd
cake1

(tons/yr)
φd
cake3

(tons/yr)
φd
LBM

(tons/yr)
rWaste
(%)

2 2 10 9.20× 105 2.08× 104
23.74 100

The supply chain model decides to install a total of 31 technologies. Notably, all of

the selected technologies produce liquefied biomethane and recover nutrient-rich cakes.

This helps realize RIN and P credits simultaneously. Also, because AD is the common

processing step for biogas upgrading and nutrient recovery, the production cost for LBM

and nutrient cakes is reduced as the cost of AD is split between the two products. The

ROI for this solution is 20.9%, resulting in a payback period of less than 5 years (Table

4.10). We highlight that these favorable results are obtained with current policy incentives.

Table 4.10: Economics for analysis with simultaneous incentives

Total
Tech. Sited

φI

(USD)
φξ

(USD/yr)
φ f

(USD/yr)
φd

(USD/yr)
φREC

(USD/yr)
φRIN

(USD/yr)
φP

(USD/yr)
ROI
(%)

Payback Period
(yrs)

31 4.36× 108 7.17× 107 1.84× 107 3.78× 107
0 4.75× 107 1.18× 108

20.9 4.8

The left diagrams in Figure 4.4 showcase the technologies selected by the model and
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AD + Filter + Cleaning + 
Liquefaction (t12 and t36) 

Cake1
(9.20 x 105 tons/yr)  

Digestate1
(6.50 x 106 tons/yr)  

Liquefied Biomethane
(23.33 x 106 gal/yr)

Waste
(7.53 x 106 tons/yr)

AD + Coagulation -
Flocculation + Cleaning + 

Liquefaction (t18) 
Cake3

(2.08 x 105 tons/yr)  

Digestate2
(1.14 x 105 tons/yr)  

Liquefied Biomethane
(0.42 x 106 gal/yr)

Waste
(1.37 x 105 tons/yr)

φI = 436× 106 USD

φd = 37.8× 106 USD/yr
(a)

φ f = 18.48× 106 USD/yr
ζwaste = 59%

(b)

Figure 4.4: Optimal solution when all incentives are realized simultaneously. (a) Block
diagram representing the technologies sited. (b) Optimal system layouts. The red dots
indicate the location of CAFOs and the blue lines indicate the flow of waste. Yellow
rings denote the locations of technologies t12 and t36. Green ring indicates the siting
of technology t18. (The map of the State of Wisconsin has been adapted from (U.S.
Environmental Protection Agency, 2014))

the amount of products recovered annually. The diagram on the right indicates the lo-

cations where these technologies are installed and the optimal transportation routes be-

tween them. 59% of the total waste generated in the system is moved across the state

(ζwaste). The yellow rings indicate the siting of cake1 and LBM recovery technologies (t12

and t36), while the green ring indicates the siting of cake3 and LBM recovery technology

(t18). The blue arrows indicate the flow of manure between dairy farms.



92

4.5 Summary

We applied the supply chain framework presented in Chapter 2 to analyze different tech-

nology deployment and incentive strategies for the conversion of post-livestock organic

material to value-added products. The management of dairy waste in the State of Wiscon-

sin was employed as the case study. We have found that sustainable waste management

would not be an economically viable option unless incentives are provided. It was found

that, with current RIN incentives, the deployment of liquefied biomethane production

facilities is an economically viable option but the payback period is low (19 yrs). Nutrient

credits can make the recovery of nutrient-rich products profitable with an attractive pay-

back period (3 yrs), but this result is based on the consideration that the value of nutrient

credits for the recovered nutrient-rich products will be the same as that being currently

offered for the avoided P discharge to the water bodies. In the case of RECs, current

incentives do not make electricity recovery economically viable. When all incentives are

simultaneously considered, it is found that combined technologies to produce liquefied

biomethane and nutrient cakes can achieve payback periods of less than 5 years. These

conclusions are based on data available in the literature for the treatment of dairy waste

which can fluctuate significantly.

In Chapter 5, we will develop a market modeling framework to derive prices for

products. We will explore the pricing properties resulting from the proposed network

representation. In particular, the dual variables for the product balances can be inter-

preted as locational marginal prices for different products. We will use this framework to

tackle more sophisticated case studies with time-dependent effects, more interdependent

products and transportation alternatives, and different study areas.
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5
C O O R D I N AT E D M A N A G E M E N T A N D I N H E R E N T VA L U E O F

P R O D U C T S

5.1 Introduction

Coordinated management systems enable efficient exchange of products in complex decision-

making environments that involve large numbers of stakeholders, that rely on shared

and constrained infrastructures, and that are driven by complex spatio-temporal physical

phenomena and externalities (e.g., weather). Such systems are common place in industry.

Symbiotic relationship between industrial plants contributes to a more environmentally

and economically sustainable system (Boix et al., 2015). Optimization based approaches

have been used to design eco-industrial parks or industrial symbioses where the partic-

ipating industries share resources and achieve higher water (Lovelady and El-Halwagi,

2009; Rubio-Castro et al., 2011) and energy (Chae et al., 2010; Taskhiri et al., 2015) usage

efficiencies. Advanced coordinated systems are also used to manage complex infrastruc-

tures such as the power grid (Blumstein et al., 2002; Nygren et al., 2010). Power grid

management systems are operated as coordinated (but competitive) markets, in which

suppliers and consumers of power and of transmission capacity offer services. Power

and transmission capacities and prices are allocated among the stakeholders by solving
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a central dispatch optimization problem that seeks to maximize the social welfare. The

solution of this problem ensures physical feasibility of allocations and generates prices

that properly remunerate the stakeholders. This aspect of coordination is key, as early

decentralized management of the power grid driven by individual transactions between

utilities lead to significant inefficiencies (e.g., shortages in supply) and market manipula-

tion practices that hindered competition. Our work is motivated by the observation that

the historical evolution of coordinated management of power networks provides impor-

tant lessons and significant empirical evidence that can be leveraged to justify the need

and guide the design of coordinated systems for organic waste management. A detailed

perspective on coordinated management of power grids and on the status of organic

waste management systems is provided in Section A.1 of Appendix A.

In this chapter, we propose a coordinated management system for organic waste. In

this system, bids are submitted by suppliers and consumers for waste and derived prod-

ucts as well as by transportation and technology providers for their services. An indepen-

dent system operator (ISO) uses this bid information to run a dispatch system that finds

optimal transportation and transformation pathways that balance supply and demands

in a given geographical region. This approach captures system-wide interdependencies

and constraints that arise from transportation and bio-physico-chemical transformations

of waste into diverse products. The system operates as a coordinated market, generating

prices for each waste type and derived product and at each geographical location. With

this, bids and prices can be updated with a certain temporal frequency to capture vari-

ations in demand and supply (e.g., due to changing environmental conditions, resource

availability, and other externalities). We show that allocations and prices obtained with

the system satisfy a number of fundamental economic and efficiency properties that are

expected from competitive markets. As with coordinated power grids, the proposed sys-

tem is driven by a fundamental social service: to provide waste management services in

the most efficient and reliable manner possible. These services are provided by finding

optimal strategies to transport, process, and dispose of waste and products that maximize
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the social welfare. We show that the proposed market provides a systematic framework

to monetize environmental and health impacts, and benefits associated with waste man-

agement. Moreover, prices reveal the true value of waste streams and derived products,

and can be used to create incentives for investment and development of new technologies.

Prices also capture spatial and temporal variations that help prioritize endangered loca-

tions/times and that reveal the need for investment in transportation, facility relocation,

or seasonal waste storage. The framework can also be used by government agencies to

understand and predict the effect of different regulation and incentive mechanisms. The

proposed framework is scalable in that it provides open access that fosters transactions

and interactions between large numbers of small and large market players in urban and

rural areas and in that it enables coordination with other infrastructures such as power

grid and natural gas, water, and food distribution networks. Our work aims to provide a

stepping stone towards a coordinated market that better captures interdependencies be-

tween products exchanged in different infrastructures and their environmental impacts.

Such a framework will become increasingly necessary to provide reliable services as the

human population grows and mobilizes and as resource availability becomes less pre-

dictable and more constrained. The proposed framework can potentially also be used to

manage other complex supply chain networks.

5.2 Coordination Framework

We extend the modeling abstraction presented in Chapter 2 to capture the coordina-

tion framework. We consider a system that comprises a set of geographical locations

(nodes) N , products P , suppliers S , consumers D, transportation providers L, and trans-

formation (technology) providers T . Products comprise different waste stream types

and derived products, transportation providers offer alternatives (e.g., hauling, railway,

pipelines) to move products between locations, and technology providers offer alterna-

tives to process products to produce other higher value products.
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Associated with each supplier i ∈ S there is a supply flow si ∈ R+, product type

p(i) ∈ P , maximum offered capacity s̄i ∈ R+, location n(i) ∈ N , and bidding cost αs
i ∈ R+.

Associated with each consumer j ∈ D there is a demand flow dj ∈ R+, product type

p(j) ∈ P , maximum requested capacity d̄j ∈ R+, location n(j) ∈ N , and bidding cost

αd
j ∈ R+. We use attributes to define the nested sets Sn,p ⊆ Sn ⊂ S with Sn := {i | n(i) = n}

(i.e., all suppliers attached to node n) and Sn,p := {i | n(i) = n, p(i) = p} (i.e., all suppliers

of product p attached to node n). We follow a similar reasoning to define the nested sets

Dn,p ⊆ Dn ⊂ D.

Associated with each transportation provider ` ∈ L there is a flow f` ∈ R+, product

type transported p(`) ∈ P , maximum capacity f̄` ∈ R+, bidding cost α
f
` ∈ R+, sending

(source) node ns(`) ∈ N , and receiving (destination) node nr(`) ∈ N . The bidding cost

captures operational costs associated with the movement of a unit of flow from the source

to the destination node. The set Lin
n := {` | nr(`) = n} is the set of all flows entering node

n ∈ N , the set Lout
n := {` | ns(`) = n} is the set of all flows leaving node n ∈ N . We also

define the nested subsets for entering flows Lin
n,p ⊆ Lin

n ⊆ L where Lin
n,p := {` | nr(`) =

n, p(`) = p} is the set of flows entering node n and carrying product p and we note that

∪p∈PLin
n,p = Lin

n . We use similar definitions to construct subsets Lout
n,p ⊆ L.

Associated with each transformation provider t ∈ T there are transformation (yield)

factors γt,p ∈ R, a reference product p(t) ∈ P , processing capacity ξ̄t ∈ R+, processing

(operating) cost α
ξ
t ∈ R+, and location n(t) ∈ N . Transformation factors represent units of

product p consumed/generated per unit of reference product p(t) consumed/generated

in the transformation technology. We use the convention that γt,p > 0 if product p is

generated in the technology t, γt,p < 0 if product p is consumed in the technology,

and γt,p = 0 if product p is neither produced nor consumed in technology. Moreover,

we use the convention that γt,p(t) = −1 (i.e., one unit of reference product is consumed

to produce/consume other products). For each technology we also define an extent of

transformation ξt ∈ R+, which is the total amount of p(t) processed.

The management system proposed is operated by an ISO that collects bidding informa-
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tion from all participants (costs, capacities, and transformation factors) to obtain optimal

allocations of product supply, demand, transportation, and transformation services. The

ISO determines these allocations by solving a dispatch problem that finds optimal trans-

portation and transformation pathways for waste and derived products that maximize

the social welfare and that balance supply and demand for all products across a geo-

graphical region. For reasons that will become apparent, this dispatch problem can be

seen as a market clearing problem. We use the short-hand notation (s, d, f , ξ) to denote

the dispatched allocations. If the allocation of a given player is non-zero we say that

the player has been cleared (otherwise we say that the player is not cleared and does

not participate). We use S∗ ⊆ S to denote the set of cleared suppliers (i.e., those with

si > 0, i ∈ S∗). Similarly, we define the set of cleared consumers D∗ ⊆ D, transporta-

tion providers L∗ ⊆ L, and technology providers T ∗ ⊆ T . The cleared transportation

providers create a transportation network that connects nodes in the system that perform

exchange of products. An efficient management system is expected to clear suppliers

and providers that offer services at low costs and will give preference to consumers with

higher bidding costs. The clearing problem also aims to find prices that are used to

properly remunerate suppliers and providers to cover their service costs and to charge

consumers for the service provided. These price incentives must take into consideration

complex geographical and product interdependencies and physical constraints that arise

from transportation and transformation. We now proceed to describe the design elements

of a clearing mechanism that achieves all these goals.

5.2.1 Dispatch Formulation

Given the bidding information (αs, αd, α f , αξ) and (s̄, d̄, f̄ , ξ̄), the ISO solves the clearing

problem (5.2.1) to find allocations (s, d, f , ξ) (as illustrated in Figure 5.1). These allo-

cations maximize the social welfare (5.2.1a) and satisfy the physical conservation laws

(5.2.1b), and capacity constraints (5.2.1c)-(5.2.1f). Maximizing the social welfare function
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maximizes the demand served and minimizes the costs of supply, transportation, and

transformation. The conservation laws are also known as the balancing constraints or

market clearing constraints. The first term in parenthesis is the total input flow for prod-

uct p into node n (given by supply flows and transportation flows entering the node).

The second term in parenthesis is the total output flow of product p from node n (given

by the demand flows and transportation flows leaving the node). The third term is the

generation/consumption rate of product p in all technologies located at node n.

max
(s,d, f ,ξ)

∑
j∈D

αd
j dj −∑

i∈S
αs

i si − ∑
`∈L

α
f
` f` − ∑

t∈T
α

ξ
t ξt (5.2.1a)

s.t.


 ∑

i∈Sn,p

si + ∑
`∈Lin

n,p

f`


−


 ∑

j∈Dn,p

dj + ∑
`∈Lout

n,p

f`


 + ∑

t∈Tn

γt,p ξt = 0, (n, p) ∈ N ×P , (πn,p)

(5.2.1b)

0 ≤ si ≤ s̄i, i ∈ S (5.2.1c)

0 ≤ dj ≤ d̄j, j ∈ D (5.2.1d)

0 ≤ f` ≤ f̄`, ` ∈ L (5.2.1e)

0 ≤ ξt ≤ ξ̄t, t ∈ T . (5.2.1f)

We define the set of feasible allocations C as the set of all possible allocations (s, d, f , ξ)

satisfying the capacity constraints (5.2.1c)-(5.2.1f). The trivial allocation (s, d, f , ξ) = (0, 0, 0, 0)

is feasible and satisfies the conservation laws. This trivial allocation corresponds to a dry

market (in which no player is cleared). The dual variables πn,p, (n, p) ∈ N ×P of the con-

servation laws (5.2.1b) act as market clearing prices that set values for products at different

geographical locations. Because of this, we refer to πn,p as the nodal prices or locational

marginal prices. We use the short-hand notation π to denote all dual variables.

Allocations and prices derived from the clearing formulation play a fundamental role

in establishing economic properties. Specifically, allocations and prices are used to re-
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munerate providers and charge consumers. Moreover, prices are used as incentives that

promote coordination between stakeholders. Because of this, clearing prices are also

known as coordination prices. To explain how this takes place, we use the compact nota-

tion πi := πn(i),p(i), i ∈ S and πj := πn(j),p(j), j ∈ D. The revenue collected by supplier

i ∈ S from the coordination system is πisi while αs
i si is its operating cost. For con-

sumers, αd
j dj is the value of the allocated demand and πidj is the payment made to the

coordination system. To see how transportation providers are remunerated, we define

π` := πnr(`),p(`) − πns(`),p(`), ` ∈ L and call these the transportation prices. For reasons

that will become apparent, the quantity π` f` is paid by the system to the transportation

provider and α
f
` f` is the transportation cost. We define πt := ∑p∈P πn(t),pγt,p, t ∈ T and

we call these the transformation prices. The technology provider is paid πtξt by the system

and α
ξ
t ξt is its operating cost. The quantity πtξt = ∑p∈P πn(t),pγt,pξt represents the net

revenue of provider t. This quantity captures the fact that, if a technology t produces a

certain product p (i.e., γt,p > 0), the corresponding revenue associated with such product

πn(t),pγt,pξt will be non-negative (πn(t),p ≥ 0). Similarly, when a technology consumes p

(i.e., γt,p < 0), the corresponding revenue πn(t),pγt,pξt will be non-positive and thus this

represents a cost. The player profits are a function of payments, charges, and costs:

φs
i (πi, αs

i , si) := (πi − αs
i )si, i ∈ S (5.2.2a)

φd
j (πj, αd

j , dj) := (αd
j − πj)dj, j ∈ D (5.2.2b)

φ
f
` (π`, α

f
` , f`) := (π` − α

f
` ) f`, ` ∈ L (5.2.2c)

φ
ξ
t (πt, α

ξ
t , ξt) := (πt − α

ξ
t )ξt, t ∈ T . (5.2.2d)

We use the notation φ := (φs, φd, φ f , φξ) to denote the profits of all stakeholders that result

from the clearing process.

The partial Lagrange function of the clearing problem is given by:

L(s, d, f , ξ , π) = ∑
i∈S

αs
i si − ∑

j∈D
αd

j dj + ∑
`∈L

α
f
` f` + ∑

t∈T
α

ξ
t ξt
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Figure 5.1: Coordination system. Suppliers, consumers, and service providers submit
bidding information to the ISO. This information is used by the ISO to obtain prices
and allocations that clear the market. The market is cleared by solving an optimization
problem that finds optimal transportation and transformation pathways that maximize
the social welfare and that balance supply and demand across a given region. Under the
proposed design, solving the clearing problem is equivalent to maximizing the collective
profit of the market players.
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− ∑
n∈N

∑
p∈P

πn,p


 ∑

i∈Sn,p

si + ∑
`∈Lin

n,p

f` − ∑
j∈Dn,p

dj − ∑
`∈Lout

n,p

f` + ∑
t∈Tn

γt,p ξt


 .

(5.2.3)

Assuming that strong duality holds, an optimal solution of the clearing problem can also

be found by solving the Lagrangian dual problem:

max
π

min
(s,d, f ,ξ)∈C

L(s, d, f , ξ , π) (5.2.4)

Since the clearing problem is a linear program, strong duality holds under standard con-

straint qualifications (Boţ et al., 2005). The Lagrangian dual representation is essential to

establish fundamental economic and efficiency properties of the coordination framework.

The following basic observations will become useful in establishing such properties. First

note that the following relationship holds:

∑
n∈N

∑
p∈P

πn,p


 ∑

i∈Sn,p

si + ∑
`∈Lin

n,p

f` − ∑
j∈Dn,p

dj − ∑
`∈Lout

n,p

f` + ∑
t∈Tn

γt,p ξt




= ∑
i∈S

πisi + ∑
`∈L

π` f` + ∑
t∈T

πtξt − ∑
j∈D

πjdj. (5.2.5)

This follows from the following identities:

∑
n∈N

∑
p∈P

πn,p ∑
i∈Sn,p

si = ∑
i∈S

πn(i),p(i)si

∑
n∈N

∑
p∈P

πn,p ∑
j∈Dn,p

dj = ∑
j∈D

πn(j),p(j)dj

∑
n∈N

∑
p∈P

πn,p


 ∑

`∈Lin
n,p

f` − ∑
`∈Lout

n,p

f`


 = ∑

`∈L
(πnr(`),p(`) − πns(`),p(`)) f`, (5.2.6)

where the last expression can also be written as ∑`∈L π` f`. Moreover, we have that:

∑
n∈N

∑
p∈P

πn,p ∑
t∈Tn

γt,pξt = ∑
p∈P

∑
n∈N

∑
t∈Tn

πn(t),pγt,pξt
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= ∑
p∈P

∑
t∈T

πn(t),pγt,pξt, (5.2.7)

where the last expression can also be written as ∑t∈T πtξt. From these properties we also

have that the partial Lagrange function can be expressed as:

L(s, d, f , ξ , π) = ∑
i∈S

αs
i si − ∑

j∈D
αd

j dj + ∑
`∈L

α
f
` f` + ∑

t∈T
α

ξ
t ξt −∑

i∈S
πisi + ∑

j∈D
πjdj − ∑

`∈L
π` f` − ∑

t∈T
πtξt

= ∑
i∈S

(αs
i − πi)si + ∑

j∈D
(πj − αd

j )dj + ∑
`∈L

(
α

f
` − π`

)
f` + ∑

t∈T
(αξ

t − πt)ξt

= −∑
i∈S

φs
i (πi, si)− ∑

j∈D
φd

j (πj, dj)− ∑
`∈L

φ
f
` (π`, f`)− ∑

t∈T
φ

ξ
t (πt, ξt). (5.2.8)

5.2.2 System Properties

We now establish fundamental properties of the coordination framework that proves that

the system operates as a competitive market and that it generates efficient allocations.

Some of these properties have been widely studied in the context of electricity markets

(Bohn et al., 1984; Hogan et al., 1996; Zavala et al., 2017; Pritchard et al., 2010). Our results

extend these results to a multi-product setting that exhibits product interdependencies

that arise from transportation and transformation.

Theorem 1. The coordination system delivers prices π and allocations (s, d, f , ξ) that maximize

the collective profits (φs, φd, φ f , φξ) and the profits are all non-negative.

Proof: Consider an arbitrary (and fixed) set of prices π. At such π, the trivial allo-

cation (s, d, f , ξ) = (0, 0, 0, 0) yields zero profits φs
i (πi, si) = 0, φd

j (πj, dj) = 0, φ
f
` (π`, f`) = 0,

and φ
ξ
t (πt, ξt) = 0. From (5.2.8) we have that the Lagrange function is the summation of

the profits and thus L(0, 0, 0, 0, π) = 0. For fixed π, the Lagrangian dual problem finds

an allocation (s, d, f , ξ) that minimizes the Lagrange function and thus L(s, d, f , ξ , π) ≤ 0.

Moreover, because minimizing the Lagrangian at fixed π is equivalent to maximizing

the players profits individually and thus we can always find an allocation that is at

least as good as the trivial allocation for each player. We thus have that φs
i (πi, si) ≥ 0,
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φd
j (πj, dj) ≥ 0, φ

f
` (π`, f`) ≥ 0, and φ

ξ
t (πt, ξt) ≥ 0. Since π is an arbitrary set of prices then

the profits are non-negative at the optimal clearing prices and corresponding allocation.

�

The theorem reveals that, under the proposed remuneration scheme, the stakehold-

ers either make a profit or they are not cleared (but they do not incur a financial loss).

Moreover, it reveals that the clearing procedure assumes that the all the players seek to

maximize their profit (as expected).

Theorem 2. The coordination system delivers prices π and allocations (s, d, f , ξ) that represent a

competitive economic equilibrium.

Proof: For any set of prices π, the minimization of the Lagrange function with respect

to the allocations (s, d, f , ξ) is equivalent to finding individual allocations that maximize

the individual stakeholder profits. Moreover, because strong duality holds, the solution

of the Lagrangian dual problem also solves the clearing problem and thus the optimal

allocation satisfies the clearing constraints. �

This theorem is also known as the first welfare theorem and indicates that ISO coor-

dination does not interfere with the competitive nature of the system. In other words,

coordination is only used as a mechanism to find a feasible allocation that satisfies trans-

portation and technology constraints.

Theorem 3. The coordination system delivers prices π and allocations (s, d, f , ξ) that lead to

revenue adequacy:

∑
j∈D

πjdj = ∑
i∈S

πisi + ∑
`∈L

π` f` + ∑
t∈T

πtξt.

Proof: The clearing constraints hold at any optimal allocation of the clearing problem.

Consequently, we have that:


 ∑

i∈Sn,p

si + ∑
`∈Lin

n,p

f` − ∑
j∈Dn,p

dj − ∑
`∈Lout

n,p

f` + ∑
t∈Tn

γt,p ξt


 = 0 (5.2.9)
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From (5.2.5) we thus have that ∑i∈S πisi + ∑`∈L π` f` + ∑t∈T πtξt − ∑j∈D πjdj = 0. Conse-

quently, the revenue collected from the consumers covers the payments made to suppliers

and service providers. �

Revenue adequacy means that the revenue collected from the consumers covers the

total payments made to the suppliers and providers for their services (there is no money

lost in the transactions).

Theorem 4. The coordination prices satisfy the bounds: πi ≥ αs
i for all i ∈ S∗, πj ≤ αd

j for all

j ∈ D∗, πt ≥ α
ξ
t for all t ∈ T ∗, and π` ≥ α

f
` for all ` ∈ L∗.

Proof: From Theorem 1 we have that the profits (φs, φd, φ f , φξ) are all non-negative.

Moreover, the allocations of all the cleared players are positive and thus we must have

that (πi − αs
i ) ≥ 0 for all i ∈ S∗, (αd

j − πj) ≥ 0 for all j ∈ D∗, (π` − α
f
` ) ≥ 0 for all ` ∈ L∗,

and (πt − α
ξ
t ) ≥ 0 for all t ∈ T ∗. �

This theorem provides general price bounding properties based on the bidding costs

of the cleared stakeholders (those that are not cleared do not affect the prices because

their allocations are zero). The supply bidding costs act as lower bounds for the prices at

nodes at which the suppliers are connected to. Consequently, when the supply bidding

costs are positive, the prices at such nodes will be positive. Note, however, that at nodes

in which there is no supplier connected to (or cleared), the price can become negative.

The consumer bidding costs act as upper bounds for the prices at nodes at which they

are connected to. This is important, because demands often drive the system. If there

are multiple suppliers and consumers at the given location, we have that prices will be

bounded by the bidding costs of all the players connected to that node. For instance,

if there is a supplier i ∈ S∗ and a consumer j ∈ D∗ at a given node n = n(i) = n(j),

the price at this location must satisfy αs
i ≤ πn ≤ αd

j . This basic bounding property

can be used to derive more general pricing results. For instance, it can be verified that

maxi∈S∗n{αs
i} ≤ πn ≤ minj∈D∗n{αd

j } holds, indicating that the price at a given node n will

be bounded by the highest supplier bid cleared and the lowest consumer bid cleared.

For transportation prices we observe that π` ≥ 0 for all ` ∈ L∗ with α
f
` ≥ 0 and
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that this implies that πnr(`),p(`) ≥ πns(`),p(`) for all ` ∈ L∗. This indicates that there is an

incentive (economic driving force) to transport a product if this is more valuable at the

destination node than at the origin node, thus leading to a positive profit for the trans-

portation provider. The magnitude of the driving force is lower bounded by the bidding

cost α
f
` . On other hand, if there is no price difference between nodes we have that π` = 0

then there is no incentive to move the product to a different location and thus the trans-

portation profit for the associated provider will be zero. Consequently, transportation

prices implicitly capture global (system-wide) geographical interdependencies between

nodes i.e. the prices embed information on the topology of the transportation network

that results from the clearing procedure.

For the transformation/technology prices we have that, when πt > 0, the technology

providers have an incentive (economic driving force) to transform products to make a

profit. Moreover, the prices πt = ∑p∈P πn(t),pγt,p are a mix of prices of raw materials and

products entering and leaving the technology (weighted by the transformation factors

γt,p). Consequently, πt > 0 indicates that the derived products have more value than the

input products. From this we can also see that the transformation prices πt can be inter-

preted as a driving force to transfer a set of products from a given bio-physico-chemical

state into another state of higher value. Moreover, the technology prices capture economic

interdependencies between products. We also highlight that the coordination system does

not permit negative profits for technology providers and thus avoids inefficient routes to

process and transform products. Together with the transportation prices, the technology

prices embed complex topological information of geographical and bio-physico-chemical

interdependencies between products.

The following result establishes an important transportation efficiency result.

Theorem 5. If the transportation bidding costs α f are all positive, no cleared allocation f contains

transportation cycles.

Proof: We prove this result by contradiction. Assume that the system is cleared for

an arbitrary given product p with a transportation cycle that contains c nodes of the form
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n1 → n2 → . . . → nc−1 → nc → n1. From Theorem 2 we have that π` ≥ α
f
` > 0

for all cleared providers ` ∈ L∗ that connect the nodes in the cycle. This implies that

πnc ,p > πnc−1 ,p > · · · > πn2,p > πn1 ,p > πnc ,p, but this is a contradiction. �

This result highlights that coordinated clearing captures system-wide geographical

interactions between suppliers, consumers, and providers and that this helps avoid in-

efficient routes. Such system-wide interactions are difficult to capture in uncoordinated

management systems, which are driven by transactions between individual consumers

and suppliers, and thus can lead to inefficiencies. The ability to capture system-wide in-

teractions and constraints is key to find efficient transportation and transformation path-

ways, to enable coordinated responses to externalities such as extreme weather events or

shortages of resources, and to achieve complex societal goals such as geographical nutri-

ent balancing. Examples that illustrate the theoretical properties are presented in Section

3 of the Supporting information, respectively.

5.2.3 Special Settings - Disposal, Storage, and Remediation Costs

The proposed framework can accommodate suppliers and consumers that offer negative

bid costs. Waste storage/disposal facilities or the environment can act as consumers with neg-

ative bidding costs because such participants are often willing to take a certain product

but only if they are paid for doing so (the bidding cost can thus be interpreted as a dis-

posal, storage, or remediation cost). The contribution of this type of consumer to the

Lagrange function is −αd
j dj and, since this term is minimized and αd

j < 0, we have that

the clearing problem seeks to minimize dj. Consequently, the demand allocation dj acts

as a slack variable and αd
j acts as a penalty cost. As a result, the larger αd

j , the less product

the consumer is willing to take (i.e., the more expensive it is to dispose of at the given

location). The negative bidding cost can also be interpreted as a force that tends to repel

the product away from the associated node.
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When negative bidding costs are allowed in the system, the results from Theorem 1

state that the profits are still guaranteed to be non-negative but the prices might need

to become negative in order to enable this. For instance, for a consumer with negative

bidding costs we have that the profit is φd
j (πj, dj) = (αd

j −πj)dj. Consequently, for the profit

to be positive it is required that πj < αd
j < 0 (the clearing price has to be negative at node

n(j)). The observation is also reinforced from price bounds established in Theorem 4. The

competitive equilibrium result of Theorem 2, the revenue adequacy result of Theorem 3,

and the transportation adequacy result of Theorem 5 remain unchanged under negative

consumer bidding costs.

Suppliers with negative bid prices can be accommodated in a similar way to capture

situations in which a given player is willing to pay the system to take away a given prod-

uct (e.g., keeping waste at a given location might incur a cost). This situation will intro-

duce negative clearing prices that can incentivize the consumption of waste products by

transformation providers to generate valuable products. The properties on player profits,

competitive equilibrium, revenue adequacy, price bounds, and transportation adequacy

remain unchanged under negative supplier bidding costs.

5.2.4 Significance and Uses of the Coordination System

In electricity systems, demand bidding costs for inflexible consumers (such as urban ar-

eas) are usually set to a large value known as the “value of lost load" (VOLL), which

quantifies the lost economic opportunity that arises from the power grid not being able

to provide a service to society. The magnitude of VOLL is often estimated by perform-

ing detailed studies on the potential value of critical functions enabled by the provision

of electricity. High VOLL values exert socio-economic pressure to markets (it activates

the markets). In the absence of this external pressure, suppliers might not have a natu-

ral incentive to serve electricity demands at certain times and/or locations. In the con-

text of organic waste, a similar socio-economic pressure exists but manifests as the need
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Figure 5.2: Geographical nutrient balancing using coordinated system in Upper Yahara
region. (a) Study area in Yahara watershed in Dane County, WI. (b) Processing technology
pathway options for livestock waste. (c) Total P imbalance ratio in the region as a function
of value of service (VOS).
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Figure 5.3: Locations for farms, agricultural lands, and waste processing technologies in
the Upper Yahara region. Small dots indicate location of farms and agricultural lands.

to process waste to mitigate environmental impacts. This pressure can be captured in

our framework in the form of consumers (the environment) with negative bidding costs.

Analogous to the case of VOLL, negative bidding costs for the environment can represent

value of service (VOS) and can be estimated by determining environmental remediation

and human health costs associated with leaving waste untreated. The need to determine

suitable magnitudes for VOS at different geographical locations will create an incentive

for government agencies to properly quantify local socio-economic, health, and environ-

mental impacts associated with waste disposal. Negative consumer bidding costs will

activate the market because they force clearing prices to be negative, creating an incen-

tive for transformation providers to purchase waste (and getting paid for it) to produce

valuable products. This basic principle drives the existence of infrastructures for wastew-

ater treatment facilities (which transform wastewater into higher quality/value water). A

negative bidding cost will also create an incentive for waste disposal providers, which is

the basic principle driving landfill operations. Consequently, the proposed market can

help determine suitable gate/tipping fees.

Prices generated under the proposed coordination framework can help justify invest-
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ment in infrastructure and technology innovation. For instance, WWTPs and local govern-

ments need to justify investment in new technologies to their stakeholders. In particular,

one could use market prices for biosolids with high and low P concentrations to justify

the need for investment in a P recovery technology. Developing a mature market with

more predictable prices is also essential in minimizing investment risk. A coordinated

framework can also help set best practices to characterize and price complex organic

waste streams and derived products and with this standardize waste exchange practices.

Electricity markets, for instance, use a standardized framework to report bidding values.

Moreover, competition induced by markets fosters disclosure of true values for products

and technology operating costs.

Prices obtained from the proposed framework can also help inform and foster transac-

tions between diverse market players in urban, rural, and industrial sectors. For instance,

a coordinated market can help promote food waste separation and composting practices.

One can also envision deploying coordinated markets in a hierarchical manner (as is done

in electricity markets). For instance, one could create a coordinated market per county

and have the county markets coordinate in a regional/state market. States market could

then be coordinated in a national market. This hierarchical organization arrangement

can enable management of a large number of market players and facilitate cross-regional

transactions. This can be exploited, for instance, to identify nutrient-deficient regions

in which excess manure fertilizer and associated nutrients can be more valuable. In

other words, coordinated markets can help balance (homogenize) nutrient budgets across

counties and regions more effectively as well as identify processing options needed that

facilitate long-distance transportation e.g., pelletization (Hadas et al., 1990; Meers et al.,

2006).

A coordinated framework enables fast system-wide adaptations of allocations and

prices to respond to spatiotemporal externalities. Specifically, the allocations and prices

generated by the clearing procedure implicitly capture geographical priorities and trans-

portation constraints. For instance, negative demand bidding costs with large magnitudes
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can be used to capture endangered areas e.g., regions with high nutrient concentration in

the soil and water bodies. This will naturally create price regions that reflect how valuable

or undesirable a particular waste stream is. Because the system will be cleared on a rolling

basis (i.e., say daily), market players can adjust their bids to capture natural fluctuations

of weather and other externalities. For instance, bidding costs can be adjusted during the

raining season to prevent the application of manure in a certain area, which can lead to

in-excess run-off, nutrient pollution, and harmful algal blooms which pose severe toxicity

risk for communities, livestock, and wildlife. In this case, waste prices will implicitly

capture the fact that an area will be endangered during a particular season compared to

others when it is safer for manure to be applied. The market framework will thus provide

a more natural and economically sound mechanism to prevent application of manure at

certain times (as opposed to simply forbid application). A coordinated framework also

provides a systematic approach to enable concerted and effective responses to externali-

ties that might threaten urban and rural activities such as droughts and extreme weather

events. Resilience provided by coordination is in fact one of the main drivers behind coor-

dinated electricity markets. Along these lines, a coordinated system can help identify new

pathways to produce and use electricity. As a result, coordination of waste and electricity

markets can potentially achieve mutual benefits. For instance, current electricity rates

provided by utility companies to biogas-based electricity producers in the US are too low

to justify investment in anaerobic digestion and associated infrastructure. Coordination

of electricity and waste markets can thus help provide a more systematic approach to

uncover the true value of electricity generated from waste.

Prices obtained with the proposed framework can also help create incentives and

justify the installation of livestock manure storage facilities to prevent application at cer-

tain times. In particular, under the proposed framework, prices provide a reflection of

the time value of waste and of the associated environmental damages that storage and

relocation can help overcome. Currently, small dairy farms are consolidating into in-

creasingly larger operations to exploit economies of scale and reduce production costs.
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Consolidation, however, has the effect of concentrating livestock waste and associated

environmental impacts in smaller areas. Moreover, the human population is increasingly

being concentrated in urban areas and this creates a wider separation in the food and

waste supply chain. Prices obtained under the proposed framework will provide a re-

flection of the costs associated with consolidation that urban planners and farmers can

use to identify suitable degrees of consolidation and/or to identify optimal locations for

operations. A coordinated market framework can also help predict the effect of incentives

such as RECs, RINs, and nutrient discharge and emission constraints on social welfare

and prices. In addition, this framework can inform stakeholders to optimize the invest-

ment of funds for incentives associated with organic waste management and to minimize

the impacts of regulations on the economy and business.

The framework can also be used to explore potential impacts of fundamental changes

in infrastructure options to process organic waste. For instance, in Sweden, households

are designed to separate urine from other biosolids, which can be processed separately

to recover P (Mihelcic et al., 2011). Fundamental changes in infrastructure are expen-

sive and can involve complicated debates regarding public perception on health hazards.

Coordination can facilitate such discussions by providing information on how infrastruc-

ture changes can impact environmental remediation and product prices and how changes

can create new economic opportunities for stakeholders involved (e.g., householders and

livestock producers).

The proposed framework can also be synergized with other environmental policy

initiatives. For instance, on February 2019, a legislation (LRB-1244) was introduced in the

State of Wisconsin’s senate to create a clearinghouse for reducing nutrient pollution in

the waterbodies. The clearing house will facilitate trading of water pollution reduction

credits between point-source polluters (e.g. wastewater treatment plants and factories)

and the non-point sources (e.g. farms and residential areas). The proposed coordinated

markets framework can guide in determining the prices for these credits, clearing the

market, and determining the incentives required to facilitate transactions.
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5.3 Geographical Nutrient Balancing in Upper Yahara Watershed

We analyzed the potential use of the coordinated management framework to conduct

geographical nutrient balancing. Specifically, we focus on phosphorus (P) balancing for the

Upper Yahara watershed region in the State of Wisconsin (Figure 5.2a). Excessive amounts

of P have accumulated in this area, primarily due to livestock manure and the heavy use

of agricultural fertilizers. Rain and snow melt often wash these nutrients into waterways,

which lead to the blue-green algae blooms in the Yahara lakes (University of Wisconsin-

Center for Limnology, 2018). We use ρ to denote the total P imbalance ratio in the region,

which is given by the ratio of total P applied to land in the region (primarily in the form

of livestock manure) and the total P that can be absorbed by crops. Perfect balancing in

the region indicates that ρ = 1. P surplus indicates that ρ > 1 and there could be a risk

of water deterioration; while P deficiency indicates that ρ < 1 and this is not sustainable

in the long-term. The total imbalance ratio in the watershed was estimated to be 1.95 in

2012 and 1.35 in 2013 (Larson et al., 2016), and we estimate that it was 1.46 in 2017 based

on the crop types in agriculture lands, the nutrient removal amounts for different crops,

the animal units in each farm, and the nutrient from animal excretions. Exact values of

such imbalance are difficult to ascertain due to inherent uncertainty in crop yield values

and manure composition. Total P balancing has improved over the years due to changes

in crop production but some locations remain highly imbalanced and endangered. For

instance, specific locations reach imbalance ratios of 300 (Figure 5.4). Balancing total and

localized (point) P imbalances is a key societal goal because such imbalances threaten the

quality of large and small water bodies.

The study comprises 1,372 nodes, 351 waste suppliers, and 20 different products. We

consider 203 farms in the region (55 beef farms and 148 dairy farms). These farms rep-

resent over 99% of the P generation associated with livestock waste and are considered

suppliers in the system. Waste is categorized as beef, dairy cow, and heifer manure and

was originally assumed to be offered for free. Dairy cow manure has a higher P con-
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centration (Nennich et al., 2005; usd, 1992). Derived products from manure are struvite,

granulated compressed pellets, digestate, and the manure solid fraction. The consumers

in this system are: agricultural lands inside the region that demand raw manure, solid

fraction of manure, and digested manure; external players (outside the region) accepting

waste surplus; external players that buy struvite, pellets, and the solid fraction of manure.

We considered 1,167 agricultural land nodes that can be used for waste application. The

external players are located in Madison, WI or Sauk County, WI (outside the region). We

consider a demand bidding costs for struvite of 800 USD/tonne, for pelleted waste of 100

USD/tonne, for the solid waste fraction of 0.05 USD/tonne, for the liquid waste fraction

of 0.002 USD/tonne, and for the digestate of 0 USD/tonne (Sharara et al., 2018; Sampat

et al., 2018). Location and capacity data for supply and demand nodes are obtained from

(Sharara et al., 2017, 2018; Sampat et al., 2018). We considered transportation bidding cost

at each arc as the product of the length of the arc and 0.3 USD/tonne-km for manure

and digestate (this value is 0.15 USD/tonne-km for struvite and pellets because solids

that are easier to transport). For simplicity, we assume that transportation paths between

nodes are linear and we assume that transportation bids exist to move product between all

nodes in the system. This gives rise to hundreds of thousands of possible paths. To give

an idea of the logistical complexity involved, the clearing problem is a linear program-

ming problem containing over 30 million decision variables and 0.5 million constraints.

This problem can be solved in 15 mins using modern solution tools such as Gurobi 7.5.2

(Gurobi Optimization, LLC, 2018). All scripts needed to reproduce the results are avail-

able at https://github.com/zavalab/JuliaBox/tree/master/CoordMarket.

We considered the possibility of processing the three types of waste using three dif-

ferent technology pathways of increasing complexity (Figure 5.2b). The first pathway

separates the manure into its solid and liquid fractions, the second pathway performs an

additional granulation step of the solid fraction to recover P in the form of pellets, the

third pathway recovers P in the form of struvite from the liquid fraction. Struvite recov-

ery also generates digestate as byproduct with traces of P. The processing costs for the

https://github.com/zavalab/JuliaBox/tree/master/CoordMarket
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Figure 5.4: Phosphorus (P) imbalance maps in Upper Yahara region as a function of value
of service (VOS). Imbalance ratio shown in logarithmic scale. (a) VOS of 0 USD/kg P and
(b) VOS of 30 USD/kg P. Perfect balancing in all locations is achieved for a VOS of 45

USD/kg P.
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Figure 5.5: Clearing prices in the Upper Yahara region for different waste and derived
products. (a) prices for lactating cow manure and (b) prices for manure solids. Results
obtained for scenario I and for a VOS of 45 USD/kg P.
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technologies are 0.23 USD per tonne of raw manure for separation, 4.00 USD per tonne of

raw manure for granulation, and 38.10 USD per tonne of liquid feed for stuvite recovery

(Sharara et al., 2018; Sampat et al., 2018). Recovering struvite is a more expensive option

because it involves a more sophisticated technology. However, struvite is a more valuable

and concentrated product than pellets; while pellets is a more valuable and concentrated

product than the manure solid fraction (higher concentration facilitates transportation

and geographical nutrient balancing). We considered 126 hypothetical technology instal-

lations only in large farms which have more than 500 animal units (61 for separation, 3 for

granulation, and 62 for struvite recovery). The installation locations are shown in Figure

5.3. We analyze the system behavior under four scenarios in which different combina-

tions of technologies are assumed to be available in the system. The scenarios were used

to analyze the degree of technology complexity needed to achieve balancing. In scenario

I, we consider that all technologies (separation, granulation, and struvite recovery) can be

used by the system. In scenario II, we consider that only separation and struvite recovery

are available. In these two cases we also consider that a small demand for the solid waste

fraction exists so that the system is constrained on what can be done with this product.

In scenario III, we consider that all technologies are available and that a large demand for

solid fraction exists outside the region (in Madison, WI). In scenario IV, we consider that

separation is the only technology available and that there is a small demand for the solid

fraction of manure. For all scenarios, we evaluate the impact of VOS on the total regional

and point P imbalance ratios.

Direct application of the coordination framework with the considered bidding costs

revealed that the cleared market is dry i.e. no waste is transported or processed and no

transactions take place. Consequently, P within the study region remains imbalanced.

This result indicates that the added value of derived products is insufficient to overcome

transportation and processing costs to transport excess P outside the study area. In order

to ensure that suppliers participate in the system, we found it necessary to supply waste

at negative bidding costs. Even with negative bidding costs, however, the system did
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not achieve the desired P balancing (the optimal allocation consisted of short-distance

transactions between suppliers and consumers inside the region). This indicates that, in

order to balance P, it is necessary to use an economic driver that pushes excess P outside

the region in a cost-effective manner. To do so, we considered the case in which surplus

P at agricultural land locations incurs a cost and we note that this corresponds to having

consumers with negative bidding costs (consumers that are willing to take P at a given

location but only if paid for it). Such consumers can represent local governments or

communities that seek to control environmental impact such as preventing harmful algae

blooms at specific locations. In other words, nutrient balancing acts as an economic force

that drives the system and negative bidding costs can be interpreted as environmental

disposal/remediation costs that we call value of service (VOS).

Figure 5.2c shows the impact of VOS on the total regional imbalance. The imbalance

does not decrease unless VOS is considered. This again indicates that the value of derived

products alone cannot promote balancing. In Figure 5.2c we see that, as we increase

VOS, the system provides incentives for service providers to process waste and transport

excess P outside the region and the total imbalance decays. In scenario I we observe

that a perfect imbalance ratio of one is achieved for a VOS of around 45 USD/kg P

and saturates beyond that value (further incentives do not have an impact). Figure 5.4

shows how an increasing value of VOS progressively eliminates point imbalances (perfect

balancing at all locations is achieved for a VOS of 45 USD/kg P). This illustrates how

policy makers can use coordinated system to identify suitable incentive mechanisms. As

VOS is increased, manure separation is the first technology to be cleared because it is

a low-cost option and because it is also a necessary processing step for both struvite

recovery and granulation. The second technology to be cleared is granulation and the

third is struvite recovery. This order is consistent with the processing costs. We have also

found that combinations of technologies are needed to balance the region. Specifically, in

scenario IV we observe that separation alone cannot balance the region. In contrast, in

scenario II we see that the imbalance remains fairly large and constant up to a VOS value
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of around 35 USD/kg P; at this point, there is a sufficiently strong economic incentive

for directly driving raw manure outside and P balance can be achieved; however, to

activate the struvite recovery technology, a higher VOS is necessary and an upper bound

on external demand of raw manure should be placed. From the trend of scenario III we

observe that having a larger demand for the solid fraction of manure provides flexibility

to the system and thus a perfect balance can be achieved for a small VOS of around 3

USD/kg P. This highlights how the entry of additional consumers into the system can

help decrease VOS. In other words, as the market matures and more players participate,

the need for external incentives decreases. In scenario III we see that increasing VOS

further leads to a lower imbalance ratio. In our results we selected a common value of

VOS for the entire region in order to simplify the analysis. However, different values

based on diverse impacts can be selected to prioritize areas. This illustrates that VOS can

be used to drive the system and adaptively control geographical nutrient balancing. This

can be of interest to the government, which currently has limited tools to systematically

control nutrient pollution (Wisconsin Department of Natural Resources, 2018b).

Figure 5.5 shows locational marginal prices for lactating cow manure and solids. We

see that waste prices are all negative and they are smaller in certain areas. This is because

these areas contain more dairy farms which results in higher density of P per unit area

(Sharara et al., 2017). We can also see that manure solid prices are all negative but show a

different distribution over the study region. This highlights that non-obvious geograph-

ical dependencies exist due to transportation, transformation, and external customers.

Clearing prices and transportation flows for different products are presented in Figs. 5.6

and 5.7. From the transportation paths we see that the optimal strategy to balance P in

the region is to transport raw lactating cow manure, manure pellets, and the solid fraction

of manure outside the region. We also see that within the study region, manure is trans-

ported over short distances to homogenize imbalances and to be processed into pellets

and solid/liquid fractions to facilitate longer-distance transportation.
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Figure 5.6: Clearing prices in the Upper Yahara region for different waste types and
derived products. (a) Beef manure, (b) Dairy cow manure, (c) Beef manure pellets, (d)
Struvite, (e) Liquid fraction of dairy cow manure, and (f) Solid fraction of dairy cow
manure.
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Figure 5.7: Cleared transportation flows in the Upper Yahara for different waste and
derived products. (a) Beef manure, (b) Dairy cow manure, (c) Beef manure pellets, (d)
Dairy cow manure pellets, and (e) Solid fraction of dairy cow manure. The external
destination in (b) is Sauk County, WI; and the southmost point in (c), (d), and (e) is
Madison, WI (point outside study region).
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5.4 Summary

We presented a coordination framework to facilitate the management of organic waste in

a scalable manner by performing coordinated exchange, transportation, and transforma-

tion into value-added products. The framework operates as a coordinated market under

which suppliers and consumers of waste as well as transportation and technology pro-

vides offer services to an independent system operator. Prices for waste and derived

products at different geographical locations are obtained by solving a dispatch problem

that maximizes the social welfare and that balances products across the region. Coordi-

nation enables handling of complex interdependencies between products and locations

as well as physical constraints. We prove that the system delivers prices and alloca-

tions that satisfy fundamental economic and efficiency properties that are expected from

a competitive market. We also show that the proposed system provides a systematic

framework to monetize environmental and health impacts and benefits of remediation.

Moreover, prices reveal the true value of waste streams and capture spatiotemporal varia-

tions that help prioritize endangered areas/times and that reveal the need for investment

in processing technologies, transportation, facility relocation, and seasonal storage. The

framework can also be used by the government to analyze and predict the effect of differ-

ent regulations and incentive mechanisms. The proposed framework is scalable in that it

can provide open access that fosters geographical transactions between large numbers of

small and large players in urban and rural areas and in that it enables coordination with

other infrastructures. A coordinated framework will become increasingly necessary as

the human population grows and mobilizes, and as resource availability becomes more

uncertain.

In Chapter 6 we will combine the coordination framework with a gate-to-gate ap-

proach that quantifies the environmental impacts of nutrient pollution. This approach

will provide insights into activating the market for organic waste processing by quantify-

ing the economic impacts of releasing excess nutrients to the environment.
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6
Q U A N T I F Y I N G E C O N O M I C I M PA C T S O F P H O S P H O R U S R U N O F F

6.1 Introduction

Agricultural non-point nutrient pollution is the leading source of water quality impair-

ments to rivers, the third largest source for lakes, the second largest for wetlands, and

is a major contributor to the contamination of groundwater (U.S. Environmental Protec-

tion Agency, 2019). When excess nutrients (in the form of chemical fertilizers or manure)

are applied to croplands having legacy phosphorus in soils and there is either rain or

snowmelt following the application, the nutrients runoff to the waterbodies resulting in

ecosystem responses such as excess growth of algae. The rapid growth of algae is known

as harmful algae blooms (HABs) and toxins released during HABs can be detrimental to

both aquatic life and human health. HAB events can cause closure of beaches (CNN news,

2019a) and shellfish beds (CNN news, 2019b), massive fish kills (Woods Hole Oceano-

graphic Institution), death of marine mammals and sea birds (Sea-Bird Scientific), coral

reefs (Bauman et al., 2010), and alter marine habitats (Stumpf and Tomlinson, 2005). This

hurts commercial and recreational fishing, tourism, and valued habitats, which are im-

portant to local economies (National Oceanic and Atmospheric Administration (NOOA),

2019). In July 2019, all 21 beaches in the State of Mississippi were closed due to HABs
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(CNN news, 2019a). Dodds et al. (2009) estimate an average annual loss of 770 million

USD in recreational activities due to eutrophication of U.S. freshwaters. In the State of

Florida, HABs have resulted in a monthly loss of 2.8 and 3.7 million USD correspond-

ing to restaurant and lodging revenue, respectively (Larkin and Adams, 2007). Frequent

occurrence of HABs also lowers property values of lakefront properties. The loss in prop-

erty values are the largest impact bearers of eutrophication with an estimated average

economic loss of 1.6 billion USD annually (Dodds et al., 2009).

Estimating the scale of economic losses associated to HABs provides valuable in-

formation to determine appropriate counter measures to prevent or mitigate the loses

(Hoagland and Scatasta, 2006). Unfortunately, not many studies have been conducted to

quantify the economic impacts of HABs. Most of the reported studies are driven by im-

pacts of toxins in commercial fisheries (Sanseverino et al., 2016; Pretty et al., 2003; Jin et al.,

2008). Hoagland et al. (2002) first estimated an expenditure of 20 million USD annually

in public health due to seafood poisoning caused by HABs in the United States. HABs

can also cause respiratory illness such as pneumonia, bronchitis, and asthma. In the gulf

coast of Florida, wind causes toxins released by HABs to form aerosols and causes dam-

age to the respiratory system (Fleming et al., 2005). For the Saratosa County in the State

of Florida alone, the cost of respiratory illnesses associated with HABs is estimated to be

0.5 to 4 million USD annually (Hoagland et al., 2009). Phaneuf et al. (2013) developed

a tool that estimates the monetary impact on recreational use of freshwater lakes in the

southeast for a change in water quality. As an input, the tool requires the current and

desired concentrations of phosphorus, nitrogen, and chlorophyll a. It also requires an

estimate on the number of trips to the lake. It then outputs the total economic impact

of improving the water quality from a recreational use perspective. As it will become

evident later, our work can provide an extension to this tool by providing a methodology

to estimate the impact on the number of trips to the lake as a function of water clarity, es-

timating the impact on lakefront property values, and quantifying the clean up expenses.

Quantifying the impacts of nutrient pollution can also drive the decision-making for re-
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covery processes. Sena et al. (2020) observe that recovering struvite from a waste water

treatment plant in Madison, WI is economically viable if we consider the avoided cost of

nutrient pollution.

A number of the economic analyses available in literature rely on survey data for es-

timating the economic impact of algae blooms (Dodds et al., 2009; Fleming et al., 2005).

Dodds et al. (2009) use data on total phosphorus and nitrogen concentrations in different

ecoregions to estimate economic damages of eutrophication in U.S. freshwaters. Fleming

et al. (2005) estimate health impacts of red tides in the Saratosa county in Florida through

a statistical model that correlates the HABs outbreak with the cost of emergency visits to

the Saratosa Memorial Hospital for respiratory illnesses. Such methodologies are difficult

to scale to different geographical areas facing similar HABs related issues. A model based

on easily measurable quantities (e.g., water clarity) can help extend the model to differ-

ent geographical locations and provide a preliminary estimate towards quantifying the

economic impacts of HABs. Vesterinen et al. (2010) propose a hurdle model to quantify

the change in demand for recreational activities as a function of water clarity. The hurdle

model is proposed for Finland, but it can be useful in estimating the economic impacts in

other locations by modifying the parameter values specific to the study area. Dodds et al.

(2009) propose a linear relationship between water clarity and the loss in property value.

The advantage of such methodologies is that water clarity can be easily linked to the to-

tal phosphorus (TP) concentration in the waterbody (Lillie et al., 1993) (thus providing a

direct way to quantify the economic impacts of HABs).

In this chapter, we provide a computational framework to utilize models that link the

change in water clarity (caused by increase in TP concentration) with a socio-economic

impact. We demonstrate the importance of estimating these economic impacts through a

case study for the coordinated management of livestock waste in the upper Yahara water-

shed region. We observe that incorporating an economic cost for excess P in the affected

watershed region can provide a driving force for waste processing, help in balancing P

in the region, and achieve nutrient pollution reduction targets in an environmentally and
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economically sustainable manner.

6.2 Hidden Economic Impacts of Algae Blooms

The U.S. Environmental Protection Agency (U.S. Environmental Protection Agency, 2015)

identifies seven major economic categories that are impacted by the eutrophication of

waterbodies. Amongst these categories, the largest economic losses in U.S. freshwater are

attributed to property values and recreational use (Dodds et al., 2009). For the scope of

this chapter, we quantify the impacts associated with property values, recreational costs,

and cleanup expenses. Impacts on commercial fishing and human health are location

specific and are difficult to generalize through mathematical modeling. Also, for our

study area (Upper Yahara watershed region), the impacts in these categories are negligible

(Wisconsin Department of Natural Resources, 2012).

6.2.1 Property Values

The value of lakefront properties depends strongly on water clarity. Dodds et al. (2009)

estimate that the property value decreases by 15.6% for every meter decrease in water

clarity (measured by Secchi depth). The Secchi depth (SD) is a metric used for water

clarity that is calculated by inserting a black and white colored disc in the water and by

measuring the maximum depth until which the disc is visible. Algae blooms have a direct

impact on water clarity; specifically, a high total phosphorus (TP) concentration during an

algae bloom turns the water turbid, reducing the Secchi depth. The relationship between

the Secchi depth and total phosphorus concentration is given by (Lillie et al., 1993):

ln(SD) = a + b ln(TP) (6.2.1)

where SD is the Secchi depth in meters and TP is the total phosphorus concentration in

µg/L. Parameters a and b depend on the lake type. For stratified natural lakes (e.g. Lake
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Mendota, WI), a = 2.10 and b = −0.44 (Lillie et al., 1993).

6.2.2 Recreational Costs

A decrease in water clarity also reduces the demand for recreation activities such as

swimming and fishing (Wisconsin Department of Natural Resources, 2012). Vesterinen

et al. (2010) propose a hurdle model to quantify the change in demand for recreational

activities as a function of water quality. This hurdle model is proposed for the waterbodies

in Finland. Currently, no other relevant studies exist that quantify the impact of water

quality on recreational activities. Also, we can apply this model for the State of Wisconsin

based on the observation that both Finland and Wisconsin have similar population sizes

and similar median household income, and both face problems of eutrophication of water

bodies (Wisconsin Department of Natural Resources, 2012). In fact, this model is used by

the Wisconsin Department of Natural Resources.

The hurdle model is a two stage model: a logit (or logistic regression) model to es-

timate the probability of participation in a recreational activity, and a negative binomial

model to estimate the frequency of participation. The logit model has the general form:

y = ln(O) = ln(
p

1− p
) = β0 + βTX (6.2.2)

here, p is the probability of participation and y is the logarithm of the odds O = ( p
1−p ).

β0 ∈ R and β ∈ Rn are logit coefficients. X ∈ Rn is is vector of n characteristics (e.g.

water clarity, number of summer days, etc.) that affect the odds of participation in the

recreational activity. The logit coefficients for different recreational activities (βA
1 ) reported

by Vesterinen et al. (2010) with respect to change in water clarity are listed in Table 6.1.

Here A represents the activity from the set {swimming, fishing}. Vesterinen et al. (2010)

estimate that a decrease in Secchi depth does not have a significant effect on the odds of

participation in swimming (βS
1 = −0.006), but the frequency of participation (days spent

swimming) decreases (γS
1 = 0.059). For boating, they find water clarify has no direct effect
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either in probability or frequency of participation. For fishing, both the probability and

frequency of participation decreases with a reduction in Secchi depth.

As per the logit model, the odds of participation in a recreational activity A ∈ {swim-

ming, fishing} are:

OA = exp(yA) (6.2.3)

= exp(βA
0 + (βA)TX) (6.2.4)

For a change in the Secchi depth, the odds ratio (ORA) of an activity is given by:

ORA =
OA

2

OA
1

= exp(βA
1 ∆X1) (6.2.5)

where ∆X1 is the change in Secchi depth (in meters) and βA
1 is the corresponding logit

coefficient. OA
1 and OA

2 are the odds of participation in an activity (A) before and after

the Secchi depth decreases respectively.

Table 6.1: Logit and negative binomial coefficients for water recreational activities with
respect to water clarity (based on the hurdle model by Vesterinen et al. (2010))

Independent Variable Swimming Fishing
Logit (βS

1) Negbin (γS
1 ) Logit (βF

1 ) Negbin (γF
1 )

Water Clarity -0.006 0.059 0.107 0.097

Next, we quantify the change in frequency of participation in recreational activities

using the negative binomial model and the associated coefficients (Table 6.1) reported in

ref (Vesterinen et al., 2010). The ratio of the frequency of participation in an activity A is

given by the "Incidence rate ratio" (IRRA):

IRRA =
µA

2

µA
1

= exp(γA
1 ∆X1) (6.2.6)

here µA
1 and µA

2 are the rates (or frequencies) of participation and γA
1 is the negative

binomial coefficient for an activity with respect to change in Secchi depth.



128

Once the impacts on the probability and frequency of participation are calculated, we

estimate the annual loss in recreation trips (ΩA) for an activity A, given population size

N:

ΩA = N × (OA
1 −OA

2 )× (µA
1 − µA

2 ) (6.2.7)

Using this information, we estimate the loss in recreational activities by using the cost

per trip data (δA):

Loss in Revenue = ∑
a∈A

Ωa × δa (6.2.8)

In case of fishing and swimming, Kaval and Loomis (2003) estimate the value of δA to

be on average 63.27 USD/trip and 57.27 USD/trip respectively (converted to 2018 USD).

6.2.3 Cleanup Expenses

In cases when excess nutrients are already introduced in the waterbodies, mitigation

and restoration technologies are required to prevent the manifestation of nutrient prob-

lems and algae blooms. Common treatment technologies include aeration systems, alum

treatment, biomanipulation, dredging, herbicide treatment, and hypolimnetic treatment.

More details on these technologies and corresponding cost estimates can be found in ref

(U.S. Environmental Protection Agency, 2015). In areas where the affected waterbody is

a source for drinking water, clean up procedures such as alum treatment are required

to make the water potable. The alum treatment costs are based on acres of the water

surface treated. Wisconsin Department of Natural Resources (Wisconsin Department of

Natural Resources, 2012) reports the alum treatment cost to range between 344 and 861

USD/acres plus a fixed cost of 25,000 USD. We note that in some instances the clean up

expenses may be higher than it would be worth to the affected community to live with

the degraded waterbody. Our methodology to estimate the economic impacts of nutrient

runoff provides a systematic way to compare these two expenses.
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6.2.4 Human and Pet Health

Direct contact with waterbodies that are affected by HABs, either by swimming or other

recreational activities, can cause illness in humans and animals. Common symptoms

include dermal rashes, respiratory irritation, gastrointestinal distress, and cold/flu-like

illness symptoms. Many of the health related costs of HABs are realized in the U.S.

coastal states. Hoagland et al. (2009) estimate that the annual cost of respiratory illnesses

associated with the red tides in Saratosa County, Florida ranges from 0.02 to 0.13 million

USD annually. The authors use a statistical exposure-response model that is based on

number of hospital emergency department visits for respiratory illness and the occurrence

of algae blooms. For our case study, the HABs related health care costs in the State

of Wisconsin are minor (Wisconsin Department of Natural Resources, 2012). Thus, the

associated costs are not included in our analysis.

6.2.5 Waste Processing

One strategy to prevent phosphorus runoff (and HABs in turn) is by processing livestock

waste and recovering phosphorus. We consider three technology variations in our case

study (Figure 6.1). These technologies capture the different levels of complexity (ranging

from simple mechanical separation to the more advanced chemical treatment) commonly

employed for waste processing. The first pathway uses a screw press to separate the

livestock waste into solid and liquid fractions. The solid fraction can be used as a crop

fertilizer (Aguirre-Villegas et al., 2019). The second pathway performs an additional gran-

ulation step of the solid fraction to recover P in the form of pellets (Sharara et al., 2018).

The third pathway recovers P in the form of struvite from the liquid fraction. The eco-

nomic viability of these waste processing routes depends strongly on economies of scale,

transportation costs, and the composition of waste streams (which is highly variable).

Also, the logistical issues associated with waste collection and transportation hinder the

large scale deployment of waste treatment technologies. Diverse government regulations
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and incentives to promote waste treatment have not been able to overcome these techno-

economic and logistical issues. As a result, the waste management infrastructure remains

limited and fragmented, presenting a significant obstacle to mitigate the deterioration of

water, land, and air resources as well as to enable sustainable growth of urban, agricul-

tural, and food sectors.

Separation
Solid Fraction

Liquid Fraction

Final Use

Granulation
Pellets

Struvite 
Recovery

StruviteDigestateFinal Use

Animal Waste

Figure 6.1: Processing technology pathway options for livestock waste

A coordinated management framework (Sampat et al., 2019) can enable efficient ex-

change of products in such complex decision-making environments that involve large

numbers of stakeholders, that rely on shared and constrained infrastructures, and that are

driven by complex spatio-temporal physical phenomena and externalities (e.g., weather).

In this system, bids are submitted by suppliers and consumers for waste and derived

products as well as by transportation and technology providers for their services. An

independent system operator (ISO) uses this bid information to run a dispatch system

that finds optimal transportation and transformation pathways that balance supply and

demands in a given geographical region (Figure 6.3). This approach captures system-

wide interdependencies and constraints that arise from transportation and bio-physico-

chemical transformations of waste into diverse products. The management system oper-

ates as a coordinated market that generates prices for each waste type and derived product

at each geographical location. This framework helps us determine how economics im-

pacts of HABs can incentivize waste transportation and processing technologies. We

provide a brief overview of this coordination markets model in the next section. More

details about this framework and the economic properties satisfied by the cleared prices
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can be found in Sampat et al. (2019).

6.2.6 Coordinated Market Model

In this section, we use the coordination framework presented in Section 5.2.1 to capture

the economic impact of HABs resulting from excess P in the region (denoted by θj). We

define the environment as one of the market players (represented by set D′ ⊂ D). The

idea being that, if there is excess P in the region, it can be released to the environment

but at a cost (λ). This cost can be seeing as a tipping cost or a value of service (VOS) that

the environment charges society. The VOS captures the economic impacts of nutrient

pollution (and HABs), which include both external costs borne by local economies and

communities impacted by environmental and human effects. The VOS for this case study,

based on the analysis presented in the earlier section, is set to 74.5 USD/kg excess P.

As it will become clear later, this VOS value acts as an incentive that exerts sufficient

socio-economic pressure to activate a waste management market. The model can be

summarized as:

max
(s,d, f ,ξ)

∑
j∈D

αd
j dj −∑

i∈S
αs

i si − ∑
`∈L

α
f
` f` − ∑

t∈T
α

ξ
t ξt − λ ∑

j∈D′ ,p(j)=P
θj (6.2.9a)

s.t.


 ∑

i∈Sn,p

si + ∑
`∈Lin

n,p

f`


−


 ∑

j∈Dn,p

dj + ∑
`∈Lout

n,p

f`


 + ∑

t∈Tn

γt,p ξt = 0, (n, p) ∈ N ×P , (πn,p)

(6.2.9b)

θj ≥ dj − d̄j, j ∈ D′, p(j) = P (6.2.9c)

θj ≥ 0, j ∈ D′, p(j) = P (6.2.9d)

0 ≤ si ≤ s̄i, i ∈ S (6.2.9e)

0 ≤ dj ≤ d̄j, j ∈ D (6.2.9f)

0 ≤ f` ≤ f̄`, ` ∈ L (6.2.9g)

0 ≤ ξt ≤ ξ̄t, t ∈ T . (6.2.9h)
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Figure 6.2: Market players and the corresponding mathematical set notations indicated
in parenthesis. The market players submit bid prices and capacity limits for their services
to the ISO.

6.3 Case Study

We consider the upper Yahara watershed region in the State of Wisconsin (Figure 6.4) to

reduce the occurrence of harmful algae blooms in Lake Mendota. Excessive amounts of

phosphorus have accumulated in this area, primarily due to livestock manure and the

heavy use of agricultural fertilizers. Rain and snow melt often wash these nutrients into

waterways, which lead to the blue-green algae blooms in Lake Mendota (University of

Wisconsin-Center for Limnology, 2018). In this chapter, we quantify the economic impacts

associated with algae blooms in Lake Mendota.

We consider 203 farms in the region (55 beef farms and 148 dairy farms). These farms

represent over 99% of the P generation associated with livestock waste. Here, we consider

that all the farms within the study area spread the waste on the associated croplands. This

corresponds to spreading of 1.34 million tons of waste annually, resulting in a P release

rate of 917.83 tons/yr. The croplands in our study area have a total P uptake capacity of

629.74 tons/yr (Sampat et al., 2019). There is thus a surplus of 288.09 tons/yr of P. We

consider that 10% of this excess P runs off to Lake Mendota. To keep the calculations on a

conservative side, we have assumed that 10% of excess P runs off to the lake instead of the

10% of applied P (which is the number used in state-of-the-art LCA methods like ReCiPe
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Figure 6.3: For every node in the supply chain network, the ISO (independent system
operator) accepts bid prices and capacity limits from the market players (e.g. farmers,
fertilizer consumers, federal and state agencies etc.). The ISO then solves the market
clearing problem (Equations 6.2.9) to find the clearing prices of the services and the cor-
responding service allocations.

Figure 6.4: Lake Mendota in the Upper Yahara watershed region in Dane County, WI is
the study area for quantifying the hidden economic impacts of nutrient runoff.
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(Huijbregts et al., 2016) for mid-point and end-point environmental impact categories).

The initial TP concentration of Lake Mendota is considered to be 53 µg/L (based on the

average TP concentration for the years 2014 - 2017) (Wisconsin Department of Natural

Resources, 2018a). Due to the P runoff from the overapplication of waste, we estimate (by

mass balance calculations) the TP concentration of Lake Mendota increases to 110 µg/L

(considering the lake volume to be 505 million m3 (Lathrop and Carpenter, 2011)). This

increase in TP concentration acts as a basis for our calculations for quantifying the hidden

economic impacts associated with algae blooms.

6.3.1 Economic Impacts of Algae Blooms in the Upper Yahara Watershed Region

Property Values

When the initial TP concentration in Lake Mendota is 53 µg/L, the Secchi depth is 0.97

m (by Equation 6.2.1). After P runoff, when the TP concentration of the lake increases

to 110 µg/L, the Secchi depth decreases to 0.64 m. This 0.34 m decrease in Secchi depth

corresponds to an estimated 5.3% reduction in all property values on the Lake Mendota

shoreline (according to Dodds et al. (2009) 1 m reduction in Secchi depth reduces prop-

erty values by 15.3%). Lake Mendota has a shoreline length of 33.8 km (North Temperate

Lakes, 2018). Assuming an average lot length of 54.64 m (Wisconsin Department of Nat-

ural Resources, 2012), there are 619 lots on the lakeshore. We consider 85% (Wisconsin

Department of Natural Resources, 2012) of these lots are private properties, and have a

median property value of 269,100 USD (Zillow.com, 2018). The reduction in Secchi depth

results in a total loss of 7.46 million USD/yr. This is equivalent to 25.9 USD/kg excess P

released.

Recreational Cost

In our case study for the Upper Yahara watershed region, the Secchi depth decreases by

0.34 m. The impact of a reduction in Secchi depth on the frequency of participation in
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fishing and swimming is summarized in Table 6.2. For the current odds of participation,

a survey by the Wisconsin Department of Natural Resources (2011) reports that 37.4% of

residents participate in freshwater fishing and 41.7% swim in lakes. The current odds for

fishing and swimming are thus 0.60 and 0.72, respectively. Using the Equation 6.2.5 and

the logit coefficients from Table 6.1, the new odds for fishing and swimming are 0.58 and

0.72 respectively. This corresponds to a new participation of 36.6% and 41.7% in fishing

and swimming respectively. In case of fishing, the participation reduces by 0.8% while

there is no change observed in case of swimming. There is no impact on the participation

probability in swimming because the logit coefficient (βS
1) estimated by Vesterinen et al.

(2010) is close to zero (Table 6.1).

Table 6.2: Impact of reduction in Secchi depth (of 0.34 m) on the probability of participa-
tion in fishing and swimming in Lake Mendota.

Activity Fishing Swimming
Current Participation 37.4% 41.7%
Current Odds (OA

1 ) 0.60 0.72

New Odds (OA
2 ) 0.58 0.72

New Participation 36.6% 41.7%
Loss in Participation 0.8% 0%

Wisconsin anglers participate in 17.3 days (U.S. Fish and Wildlife Service, 2008) of

fishing annually, while the frequency of swimming trips (by Wisconsin residents) is con-

sidered to be 5 days (Wisconsin Department of Natural Resources, 2012). Using these

frequencies of participation and the negative binomial coefficients listed in Table 6.1, we

estimate that a decrease in Secchi Depth of 0.34 m reduces the frequency of participation

in fishing and swimming to 16.8 and 4.9 days respectively (by Equation 6.2.6). These

results are summarized in Table 6.3.

Table 6.3: Impact of reduction in Secchi depth (of 0.34 m) on the frequency of participa-
tion in fishing and swimming in the Upper Yahara watershed region.

Activity Fishing (days/yr) Swimming (days/yr)
Current Frequency (µA

2 ) 17.3 5

New Frequency (µA
1 ) 16.8 4.9
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After quantifying the impacts on the probabilities and the frequencies of participation,

we estimate the corresponding loss in revenue (summarized in Table 6.4). Kaval and

Loomis (2003) estimate the value of a day spent fishing and swimming to be on average

of 63.27 USD and 57.27 USD, respectively (converted to 2018 USD). For our study area,

we consider that the participants are from the Dane County, WI, which has a population

of 536,416 (U.S. Census Bureau). We have not considered participation from non-resident

anglers or swimmers in our calculations. For our study area, we estimate a total loss of

11.8 million USD/yr and 1.19 million USD/yr in fishing and swimming respectively (by

Equations 6.2.7 and 6.2.8). This translates to a loss in revenue (from recreational activities)

of 45.4 USD/kg excess P.

Table 6.4: Loss in revenue from recreational activities due to a decrease in Secchi depth
of 0.34 m in Lake Mendota

Activity Fishing Swimming
Loss in Trips (trips/yr) 1.9 x 10

5
2.1 x 10

4

Average Trip Cost (USD/trip) 63.3 57.3
Loss in Revenue (USD/yr) 11.9 x 10

6
1.2 x 10

6

Clean-up Expenses

Lake Mendota is not a source of drinking water and thus alum treatment is not performed.

However, the excessive amount of phosphorus runoff in the Yahara river waterbodies over

the years has resulted in high phosphorus deposition in the bed of the streams that feed

into the lake. Thus, even if all the agricultural runoff was successfully prevented from

entering the Yahara river waterbodies, Lake Mendota would still be prone to algae blooms

for decades to come (Dane County Land and Water Resources Department). The Dane

County is implementing a project called Suck the Muck (Wisconsin State Journal, 2018)

to pump out phosphorus-laden sludge from the bottom of creeks and streams to combat

the toxic algae blooms. The estimated cost of this project is 12 million USD for removing

870,000 pounds of phosphorus (or 30.2 USD/kg P removed) from the streams leading to

the Yahara lakes. For our case study, where the excess P is 288 tons/yr and 10% of this
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excess P is assumed to runoff, the annual cost of lake cleanup translates to 3.0 USD/kg

excess P.

Summary of Economic Impacts

We summarize the economic estimates for the hidden impacts due to harmful algae

blooms in Lake Mendota in Table 6.5. From our analysis, the impact on the recreational

activities is the highest (45.4 USD/kg excess P) followed by the impact on the property

values (25.9 USD/kg excess P). Overall, every excess kg of P results in an economic loss

of 74.5 USD. As we demonstrate in the next section, this economic impact can be useful in

designing and activating a market that facilitates the coordinated management of organic

waste.

Table 6.5: Summary of economic impacts of excess phosphorus (resulting in HABs) in
the Upper Yahara watershed region.

Impacted Category Economic Loss
(USD/kg excess P)

Property Value 25.9
Recreational Activities 45.4

Lake Cleanup 3.0
Human and Pet Health -
Total Monetized Loss 74.5

6.3.2 Upper Yahara Coordinated Market

For our case study in the Upper Yahara watershed region, we consider the 203 livestock

farms as the suppliers of waste. We categorize waste as beef, dairy cow, and heifer ma-

nure and originally assume to be offered for free. Dairy cow manure has a higher P

concentration (Nennich et al., 2005; usd, 1992). As described in the Waste Processing

section, derived products from manure are struvite, granulated compressed pellets, di-

gestate, and the manure solid fraction. In this coordinated market, the consumers (D):

agricultural lands inside the region that demand raw manure, solid fraction of manure,
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and digested manure; external players (outside the region) accepting waste surplus; exter-

nal players (outside the region) that buy struvite, pellets, and the solid fraction of manure.

We consider 1,167 agricultural land nodes that can be used for waste application (as a fer-

tilizer to fulfill nutrient demands). The external players are located in Madison, WI or

Sauk County, WI (outside the region). We consider a demand bidding costs for struvite

of 800 USD/tonne, for pelleted waste of 100 USD/tonne, for the solid waste fraction of

0.05 USD/tonne, for the liquid waste fraction of 0.002 USD/tonne, and for the digestate

of 0 USD/tonne (Sharara et al., 2018; Sampat et al., 2018). Location and capacity data for

supply and demand nodes are obtained from (Sharara et al., 2017, 2018; Sampat et al.,

2018). The supply capacity of waste for dairy farms are based on the number of cows

present at the farm and the demand capacity for croplands is based on the land area and

the type of crop grown. We consider transportation bidding cost at each arc (route) as

the product of the length of the arc and 0.3 USD/tonne-km for manure and digestate

(this value is 0.15 USD/tonne-km for struvite and pellets because solids that are easier to

transport). For simplicity, we assume that transportation paths between nodes are linear

and we assume that transportation bids exist to move product between all nodes in the

market. This gives rise to hundreds of thousands of possible paths. To give an idea of

the logistical complexity involved, the market clearing problem is a linear programming

problem containing over 30 million decision variables and 0.5 million constraints. This

problem can be solved in 15 mins using modern solution tools such as Gurobi (version

7.5.2) (Gurobi Optimization, LLC, 2018). All the scripts required to reproduce the results

are available at https://github.com/zavalab/JuliaBox/tree/master/EconomicImpacts.

As described earlier in the Waste Processing section, we consider the possibility of

processing the three types of waste using three different technology pathways of increas-

ing complexity (Figure 6.1). The processing costs for the technologies are 0.23 USD per

tonne of raw manure for separation, 4.00 USD per tonne of raw manure for granulation,

and 38.1 USD per tonne of liquid feed for stuvite recovery (Sharara et al., 2018; Sampat

et al., 2018). Recovering struvite is a more expensive option because it involves a more

https://github.com/zavalab/JuliaBox/tree/master/EconomicImpacts
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sophisticated technology. However, struvite is a more valuable and concentrated product

than pellets; while pellets is a more valuable and concentrated product than the manure

solid fraction (higher concentration facilitates transportation and geographical nutrient

balancing). We considered 126 hypothetical technology installations only in large farms

which have more than 500 animal units (61 for separation, 3 for granulation, and 62 for

struvite recovery). Only CAFOs (concentrated animal feeding operations) with over 1000

animal units were considered for the installation of granulation technology. The installa-

tion locations are randomly selected and shown in Figure 6.5.

43.293° N

43.206° N

43.118° N

43.031° N

89.602°W 89.486°W 89.365°W 89.247°W

separation technology

separation + granulation

separation + struvite recovery

separation + granulation + struvite recovery

Figure 6.5: Locations for farms, agricultural lands, and waste processing technologies in
the Upper Yahara region. Small dots indicate location of farms and agricultural lands.

Under this setting of market players for livestock waste management in the Upper Ya-

hara, we apply the coordination framework (described in the Coordinated Market Model

section). Attributing an economic impact (value of service VOS or λ) of 74.5 USD to every

kg excess P provides an external driving force to process waste and balance the P in the

study area (Table 6.6). This VOS can be provided by federal or state agencies to the dairy

farmers as a part of incentives for processing waste and avoiding nutrient pollution. Un-

der this scheme, the optimal strategy is to use separation and granulation technologies

to process waste and transport the excess P (in the form of pellets) out of the watershed
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region to areas that are deficient in soil P concentration. As a result, the market model

predicts that there is no excess P in this scenario.

Since there is uncertainty around the exact value of VOS, we perform a sensitivity

analysis to study its impact on the overall P distribution. We observe that, in absence of

an external driving force (VOS = 0 USD/kg excess P), no waste is processed and there

is 45.6% excess P (Figure 6.6). If the VOS value is reduced to 19 USD/kg excess P (25%

of the estimated value), there would still be 14.3% excess P in the study area. This VOS

value would only be able to activate the use of separation technologies, leaving some

waste in the study area untreated. Whereas, when the VOS is 149 USD/kg excess P

(twice the estimated value), the external driving force is high enough to balance P in the

region by using separation and granulation technologies. A VOS value of 45 USD/kg

excess P is the break-even value that completely balances excess P in the upper Yahara

watershed region. We note that, in none of these scenarios, struvite recovery technology

was selected. Even though struvite has a higher market value, the high processing cost

associated to this product prevents it from being economically competitive to separation

and granulation technologies.

Table 6.6: Sensitivity analysis for different values of economic impact (or VOS).

Hidden Economic Impact
(USD/kg P)

Excess P
(%)

Technology Selected

0 45.6% -
19 14.3% Separation
45

(break-even value)
0% Separation + Granulation

74.5
(estimated value)

0% Separation + Granulation

149 0% Separation + Granulation

For an economic impact of 74.5 USD/kg excess P, the clearing prices for beef and

dairy cow manure are summarized in Figure 6.7. Here, the clearing prices are negative,

indicating that the farmers need to pay a monetary amount in order to get rid of their

waste. In case of beef and dairy cow manure, the farmers need to pay on average 16.6
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USD/tonne and 23.5 USD/tonne respectively. The clearing price of dairy cow manure

is higher since it has more P concentration (Nennich et al., 2005; usd, 1992) compared to

the beef cow manure. Moreover, the clearing prices capture the geographical distribution

of P in the study area. For the areas with higher concentration of P, the clearing prices

are more negative. These values also act as a price signal that can drive more investment

in the areas with more negative clearing prices. One strategy to fund these payments

can be through federal and state incentives that promote waste management practices in

areas where phosphorus loading is high. This allocation of environmental cost amongst

stakeholders will be analyzed in detail in our future work.
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43.206° N

43.118° N

43.031° N

89.602°W 89.486°W 89.365°W 89.247°W

Imbalance Ratio
102.5

1
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Figure 6.6: Phosphorus (P) imbalance maps in Upper Yahara watershed region as a func-
tion of value of service (VOS). Imbalance ratio shown in logarithmic scale. (a) VOS of 0

USD/kg excess P (b) VOS of 74.5 USD/kg excess P. Perfect balancing in all locations is
achieved for a VOS greater than 45 USD/kg excess P.
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Figure 6.7: Clearing prices in the Upper Yahara region for waste (for VOS = 74.5 USD/kg
excess P). (a) prices for beef cow manure and (b) prices for dairy cow manure.

6.4 Summary

We have presented a computational framework to estimate the economic impacts of nu-

trient pollution from livestock waste. It is difficult to distinguish the economic impact of

nutrient pollution from that of HABs. Nonetheless an order of magnitude estimate of this

impact can guide federal and state agencies to design policies and tools that reduce nutri-

ent pollution (U.S. Environmental Protection Agency, 2015) which in turn causes HABs.

Moreover, our methodology can capture the geographical features of nutrient pollution

through the environmental cost (or VOS) and clearing prices (Figure 6.7). Our analysis

reveals that every excess kilogram of phosphorus in the Upper Yahara watershed region

results in an economic loss of 74.5 USD. In addition, we observe that for this case study

the environmental cost is higher than the break-even cost to drive processing of livestock

waste. Thus justifying the investment in waste processing technologies. This analysis is

based on a steady state analysis and does not account the temporal system variations.

In Chapter 7, we will present a fundamental perspective on allocating resources

amongst multiple stakeholders. This analysis will provide mathematical formulations

for addressing the question of who should pay for the environmental costs i.e. which
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stakeholder should pay for the economic loss in order to drive waste processing.
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7
FA I R N E S S M E A S U R E S F O R D E C I S I O N - M A K I N G A N D C O N F L I C T

R E S O L U T I O N

7.1 Introduction

A common measure used in determining utility allocations among stakeholders (repre-

senting sub-organizations, subsystems, individuals) that comprise a community (repere-

senting enterprises, systems, markets) is the total utility (the sum of individual utilities).

This allocation paradigm, often known as the classical utilitarian approach or as the so-

cial welfare approach, is intuitive but might yield allocations that are not fair. The lack

of fairness is the result of inherent solution degeneracies (multiple allocations can yield

the same total utility) and to the extreme sensitivity of this approach to subsystem scales.

For example, in the case of wholesale electricity markets, the market is cleared by solving

a maximum total utility allocation problem that determines demand and supply allo-

cations to various stakeholders (utility companies and power producers) (Zavala et al.,

2017). Here, allocations tend to favor large stakeholders over small ones and multiplicity

of solutions are often encountered when many market participants are present (due to

large numbers of degrees of freedom).

In the field of game theory, the utility allocation problem has been viewed as a bar-
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gaining game between stakeholders. Nash (Nash Jr, 1950) first provided an axiomatic

approach to obtain solutions to the bargaining problem. These axioms include Pareto op-

timality, symmetry, affine invariance, and independence of irrelevant alternatives. Nash

also proved that there exists a utility allocation scheme that satisfies these axioms (what is

now known as the Nash solution). A generalization of Nash’s scheme is the proportional

fairness scheme, which has been widely used to allocate bandwidth in telecommunica-

tion networks (Zukerman et al., 2005). Fairness measures have also been widely used to

quantify income inequality (Venkatasubramanian, 2017). For instance, the Gini coefficient

is often used to rank nations according to prevalent income inequality and to quantify

the impacts of various economic policies to reshape the income distribution (Pessino and

Fenochietto, 2010). Other inequality measures include the Jain’s index and the Shannon

entropy.

An important observation is that the ultimate goal of a fairness measure is to shape

an allocation distribution in a desirable way. As such, the utility allocation problem can

also be interpreted as a stochastic programming (SP) problem in which one seeks to find

allocations that shape a distribution of outcomes (in SP the outcome distribution is shaped

by using a risk measure) (Dowling et al., 2016; Hu and Mehrotra, 2012). As in the case of

fairness measures, axioms have been proposed in the SP literature to study the selection of

suitable risk measures (Artzner et al., 1999). These properties have been recently exploited

to identify compromise solutions that maximize the collective satisfaction of multiple

stakeholders (Dowling et al., 2016).

In this chapter, we analyze the axiomatic properties of different fairness measures

and associated solutions. Our goal is to establish fundamental connections that can help

guide the selection of suitable measures to allocate utility in complex decision-making

environments. Our work also seeks to highlight important caveats of the social welfare

approach, which is the standard approach used in the engineering literature.

The paper is structured as follows: Section 7.2 describes the nomenclature and nota-

tion used in our analysis. Section 7.3 provides an axiomatic analysis of different measures.
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Section 7.4 provides case studies to demonstrate the properties of different measures.

7.2 Fundamental Axioms of a Fair Allocations

We consider a decision-making setting consisting of a set of stakeholders N := {1, . . . , n}.
Let X ⊆ Rnx be the set of possible decisions that can be used to manipulate the utility

functions f j : X → R+ of the stakeholders j ∈ N . We define the set of all achievable

(feasible) utility allocations as:

U := {u ∈ Rn
+ | ∃ x ∈ X : f j(x) = uj, j ∈ N}. (7.2.1)

The fundamental problem arising in this setting is to find a utility allocation u∗ ∈ U that

satisfies some desirable properties (Moulin, 1991). An allocation scheme chooses a vector

u∗ = ϕ(U ) by means of a choice function ϕ : U → Rn. In what follows, the utility set U is

assumed to be convex and compact (e.g., the functions f j(·) are convex). Convexity will

be necessary to establish certain axiomatic properties. Compactness is required to ensure

that the utility functions have bounded (finite) values.

We define the ideal utility vector u ∈ U as the allocation achieved by maximizing the

individual utility of each stakeholder. The ideal utility vector satisfies ūj ≥ uj, j ∈ N for

all u ∈ U . This ideal solution is often unattainable and is thus referred to as the utopia

point. We also define the status quo allocation u ∈ U that represents the utility under a

reference (e.g., worst-case) condition. The status-quo vector satisfies uj ≤ uj, j ∈ N for

all u ∈ U .

In seminal work, Nash (Nash Jr, 1950) proposed a set of axioms that a solution to a

two-stakeholder utility allocation problem should satisfy. Nash proved that there exists a

unique solution satisfying such axioms, that is now known as the Nash solution. These

results have been extended to n-stakeholder settings in (Roth, 1979b). The fundamental

axioms that a fair allocation must satisfy are described next.
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Axiom 1. Pareto Optimality: An allocation scheme ϕ(U ) is Pareto optimal if there does not exist

a utility allocation u ∈ U that dominates ϕ(U ).

We recall that an allocation u is said to dominate u∗ (written as u � u∗) if uj ≥ u∗j for

all j ∈ N and uj > u∗j for at least one j. Pareto optimality is an efficiency requirement

that ensures that no utility is wasted. The following property provides some guidance as

to how to construct an allocation scheme that delivers a Pareto optimal allocation.

Property 1. The allocation ϕ(U ) = arg max
u∈U

h(u) is Pareto optimal if h : Rn → R is a strictly

monotonically increasing function.

Proof. We prove the result by contradiction. Consider that u∗ = ϕ(U ) is not Pareto op-

timal; thus, there exists an alternative u ∈ U such that u � u∗. Since h(u) is a strictly

monotonically increasing function, we have h(u) > h(u∗). This is a contradiction because

u∗ maximizes h(·).

To establish the next axiom, we define a permutation operator σ : Rn
+ → Rn

+. The

operator applied to a utility vector σ(u) permutes its entries. Consequently, the operator

applied to the utility set is given by σ(U ) = {σ(u) ∈ Rn
+ | ∃ x ∈ X : f j(x) = uj, j ∈ N}.

Axiom 2. Symmetry (Anonymity): An allocation scheme ϕ(U ) is symmetric if it satisfies σ(ϕ(U )) =

ϕ(σ(U )).

Symmetry indicates that a fair allocation under permuted identities is equal to the

permutation of the fair allocation under the original identities. This ensures that there

is no discrimination (voluntary or involuntary) among stakeholders (Roth, 1979a). In the

results that follow, we will see that this fundamental axiom can be easily violated when

the allocation provided by a given scheme is non-unique.

To establish the next axiom, we consider an affine operator A : Rn → Rn. The operator

applied to the utility vector gives A(u) = (A1(u1), A2(u2), . . . An(un)) with Aj(u) = cjuj and

cj ∈ R+. The operator applied to the utility set gives A(U ) = {u ∈ Rn
+ | ∃ x ∈ X : f j(x) =

Aj(uj), j ∈ N}.
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Axiom 3. Affine Invariance (AI): An allocation scheme ϕ(U ) is affine invariant if it satisfies

A(ϕ(U )) = ϕ(A(U ))).

Affine invariance indicates that an allocation under scaling of the utilities is equal

to the affine transformation of the allocation obtained under the original system. This

ensures that the allocation is scale-invariant.

A weak version of affine invariance (that we call weak AI) corresponds to the special

case in which the affine operator is of the form Aj(u) = cuj with c ∈ R+. In other words,

scaling is uniform across stakeholders. In the results that follow it will become evident

that most allocation schemes are only weak affine invariant. Notably, however, certain

schemes are affine invariant.

To establish the next axiom, we consider utility sets U and U ′ satisfying U ⊂ U ′ and a

choice function satisfying ϕ(U ′) ∈ U (the choice in the largest set also exists in the smallest

set).

Axiom 4. Independence of Irrelevant Alternatives (IIA): An allocation scheme ϕ(U ) is indepen-

dent of irrelevant alternatives if it satisfies ϕ(U ) = ϕ(U ′).

This axiom implies that the choice of a utility allocation over another is not affected

by irrelevant utilities in the set.

In the following axiom, we consider utility sets U and U ′ that satisfy U ⊂ U ′.

Axiom 5. Restricted Monotonicity: An allocation scheme satisfies restricted monotonicity if it

satisfies ϕ(U ′) � ϕ(U ).

Restricted monotonicity states that, if the feasible utility set is expanded, then the

allocation under the expanded set should dominate that in the original set. This condition

can be difficult to satisfy as it can prevent trading-off even a small portion of an allocation

in exchange for a major allocation gain for another stakeholder.
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We now proceed to analyze the axiomatic properties of different utility allocation

schemes. In doing so, it is important to note that no utility allocation scheme can satisfy

all of the above axioms. This is stated in the following fundamental result.

Theorem 6. For n ≥ 3 stakeholders, no allocation scheme can simultaneously satisfy all Axioms

1-5.

The proof of this result can be found in (Roth, 1979b).

7.3 Utility Allocation Schemes

7.3.1 Social Welfare Scheme

The social welfare scheme is the most widely used approach to allocate utility among

stakeholders. This scheme allocates utility by maximizing the total utility function hSW(u) :=

∑j∈N uj − uj:

ϕSW(U ) := arg max
u∈U

hSW(u).

A key observation is that the total utility function hSW(·) is an affine function and thus

the allocation ϕSW(U ) is often non-unique (i.e., multiple allocations can lead to the same

maximum value for the total utility). In other words, the allocation problem is often de-

generate (ill-posed). This poses problems from an implementation perspective because

in general it is difficult to compute all solutions of the social welfare allocation problem.

Moreover, even if the entire solution set is available, an additional criterion would be needed

to select a suitable allocation (thus introducing ambiguity). We also note that the total

utility function is n times the arithmetic mean of the utility allocations (this observation

will become relevant when interpreting allocation schemes from a statistical stand-point).

In other words, the social welfare scheme maximizes the mean utility.
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The axiomatic properties of the social welfare allocation scheme are:

• Pareto Optimality: Satisfied. This holds because the total utility function hSW(·) is

strictly monotonically increasing (i.e., u � u∗ implies hSW(u) > hSW(u∗)).

• Symmetry: Not Satisfied. Since the social welfare function hSW(·) is affine, there is

degeneracy present in the solution. Consequently, it is possible to find σ(ϕSW(U )) 6=
ϕSW(σ(U )).

• Affine Invariance: Satisfied under weak AI. Under weak affine invariance we have:

ϕSW(A(u)) = arg max
u∈U

∑
j∈N

c(uj − uj)

= cϕSW(u).

We note that the solution under a uniform affine transformation is in the solution

set of the original problem. Since the solution might be non-unique, there is no

guarantee that the allocation for the transformed system is the same as that in the

original system.

• Independent of Irrelevant Alternatives: Satisfied. If U ⊂ U ′ and u∗ maximizes

hSW(·) over U ′ and u∗ ∈ U , then u∗ also maximizes hSW(·) over U .

• Restricted Monotonicity: Not Satisfied (see Example I).

example i. To illustrate the concept of restricted monotonicity, we will be using the

following example. Consider an allocation problem with n = 3 stakeholders. The utility

set is U = {u, v, w, z} with u = {1, 1, 0}, v = {1, 0, 1}, w = {0, 1, 1}, and z = {1/2, 1/2, 1}.
Under the social welfare scheme, all elements of U maximize the social welfare (hSW(u) =

hSW(v) = hSW(w) = hSW(z) = 2). Now, we expand the utility set U to set U ′ by adding

another allocation vector given by y = {2/3, 2/3, 2/3}. The new allocation also maximizes

the social welfare (hSW(y) = 2). Now select allocations z ∈ U and y ∈ U ′. The utility

of the third stakeholder reduces when expanding the utility set (y3 < z3) and thus the
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solution does not satisfy restricted monotonicity. This counterexample will be used to

show that allocation schemes (with their corresponding utility functions h(·)) in general

cannot satisfy restricted monotonicity.

7.3.2 Nash Scheme

We explore the axiomatic properties of the Nash scheme, which allocates utility by solv-

ing:

ϕNS(U ) := arg max
u∈U

hNS(u). (7.3.2)

Here, the Nash utility function is given by hNS(u) := ∏j∈N (uj− uj). Note that this function

is related to the geometric mean of the utility allocations as (hNS(u))1/n = (∏j∈N (uj −
uj))1/n. The Nash allocation ϕNS(U ) can also be obtained by maximizing the geometric

mean. This can be easily shown by using a logarithmic transformation and by using

the fact that the log function is strictly concave. As we prove next, the geometric mean

is a strictly concave function and thus has a unique optimal solution (i.e., there are no

alternative allocations that yield the same optimal value for the Nash utility function).

This avoidance of degeneracy is a key benefit over the social welfare solution that has

several axiomatic implications.

Property 2. The geometric mean function (hNS(·))1/n is strictly concave.

Proof. Without loss of generality, we use the transformation u ← u− u. The Hessian of

the geometric mean is given by H = hNS(u)
n2 M, with:

Mi,j =





(1− n)u−2
i for i = j

u−1
i u−1

j for i 6= j
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For every non-zero vector v we have that:

vT Hv =

(
∑

j∈N
u−1

j vj

)2

− n ∑
j∈N

u−2
j v2

j < 0

where the upper bound follows from Cauchy–Schwarz inequality. The Hessian is thus

negative definite and the function is strictly concave.

We now explore the axiomatic properties of the Nash scheme. Details on these results

can be found in Roth (Roth, 1979a).

• Pareto Optimality: Satisfied. This follows because hNS(·) is strictly monotonically

increasing (i.e., u � u∗ implies hNS(u) > hNS(u∗)).

• Symmetry: Satisfied. Since the maximum is obtained at a unique point in U , we

have that ϕNS(σ(U )) = σ(ϕNS(U )).

• Affine Invariance: Satisfied. This follows from:

ϕNS(A(u)) = arg max
u∈U

∏
j∈N

cj · (uj − uj)

= arg max
u∈U

(
∏
j∈N

cj

)
·
(

∏
j∈N

(uj − uj)

)

= arg max
u∈U

∏
j∈N

(uj − uj).

• Independence of Irrelevant Alternatives: Satisfied. If U ⊂ U ′ and ϕNS(U ′) ∈ U (it

maximizes hNS(·) over U ′ and it is also contained in U ) then ϕNS(U ′) also maximizes

hNS(·) over U .

• Restricted Monotonicity: Not Satisfied. See Example I (expanding the utility set

increases hNS(·) but the utility of one of the stakeholders decreases).
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7.3.3 Kalai-Smorodinsky Solution

The Nash allocation often faces criticism because it is independent of the utopia point.

Raiffa (Raiffa, 1953) proposed a two-stakeholder (n = 2) allocation scheme that takes into

account this utopia point and Kalai and Smorodinsky analyzed the axiomatic properties

of this allocation (Kalai and Smorodinsky, 1975). This allocation is often referred to the

Kalai-Smorodinsky (KS) solution and is defined as a Pareto optimal point satisfying:

u1 − u1
u1 − u1

=
u2 − u2
u2 − u2

.

The KS solution selects the maximal point on the line joining u to u, thus ensuring that the

allocation is proportional with the players maximal potential gain. The two-stakeholder

KS allocation satisfies Axioms 1,2,3, and 5 (Kalai and Smorodinsky, 1975). Unlike the

Nash allocation, however, the KS allocation cannot be easily extended to a n-stakeholder

problem. Moreover, this allocation scheme does not satisfy Axiom 4.

7.3.4 Proportional Fairness Scheme

Proportional fairness is a generalization of the Nash scheme that has been widely studied

in the area of telecommunications (Bertsimas et al., 2011). A proportionally fair allocation

(denoted by u∗ = ϕPF(U )) satisfies the property that: (Kelly et al., 1998):

∑
j∈N

uj − u∗j
u∗j

≤ 0, u ∈ U (7.3.3)

In other words, the sum of proportional changes is non-positive for all alternative utility

allocations. As shown by Bertsimas et al. (Bertsimas et al., 2011), when the utility set U is

convex, a proportional fair allocation can be obtained by solving the problem:

ϕPF(U ) = arg max
u∈U

hPF(u). (7.3.4)
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The objective function hPF(u) := ∑i∈N log(ui − ui) (that we call the proportional fairness

function) is a logarithmic transformation of the Nash utility function. Since the logarithm

is a concave function, we have that the proportional fairness function is strictly concave

and thus has a unique maximum.

Property 3. The proportional fairness function hPF(·) is strictly concave.

Proof. The Hessian of the function has entries:

Hi,j =





−1
(ui−ui)2 for i = j

0 otherwise

For every non-zero vector v we have that:

vT Hv =
n

∑
j=1

−v2
j

(uj − uj)2 < 0.

The proportional fairness allocation can also be obtained by maximizing the product

of the utilities (i.e., it is equivalent to the Nash scheme). As such, the proportional fairness

solution satisfies Axioms 1-4 but does not satisfy Axiom 5.

7.3.5 Max-Min Scheme

The max-min allocation scheme is a generalization of Rawlsian justice allocation scheme.

The Rawlsian justice (Rawls, 2009) proposes that priority should be given to stakeholders

that have the least utility (i.e., the allocation should be such that the smallest allocation

is as high as possible). The allocation under this scheme can be obtained by solving the

problem:

ϕMM(U ) = arg max
u∈U

hMM(u)
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where hMM(u) := minj∈N (uj − uj) is the worst utility function. The problem can be refor-

mulated as:

ϕMM(U ) = arg max
u∈U ,t

t

s.t. uj − uj ≥ t, j ∈ N .

As with the social welfare, the allocation is often non-unique (different stakeholders can

have the same worst allocation). The axiomatic properties of the max-min scheme are:

• Pareto Optimality: Not Satisfied. This follows because the worst utility function

is not strictly monotonically increasing (i.e., u � u∗ does not imply hMM(u) >

hMM(u∗)).

• Symmetry: Not satisfied. This follows from the non-uniqueness of the solution.

Consequently, it is possible to find σ(ϕMM(U )) 6= ϕMM(σ(U )).

• Affine Invariance: Satisfied under weak AI. As with the social welfare, the solution

under a uniform affine transformation is in the solution set of the original problem.

Since the solution might be non-unique, however, there is no guarantee that the

allocations obtained are the same.

• Independent of Irrelevant Alternatives: Satisfied. If U ⊂ U ′ and ϕMM(U ′) ∈ U (it

maximizes hMM(·) over U ′ and it is also contained in U ) then ϕMM(U ′) also maxi-

mizes hMM(·) over U .

• Restricted Monotonicity: Not Satisfied. See Example I with hMM(·).

7.3.6 α-Fair Scheme

This is a family of utility allocation schemes of the form:

ϕα(U ) := arg max
u∈U

hα(u) (7.3.5)
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where hα(·) is a function parameterized in α ∈ [0, ∞) (the α-fairness function) and given

by:

hα(u) :=





∑
j∈N

(uj − uj)1−α

1− α
, for α ≥ 0, α 6= 1

∑
j∈N

log(uj − uj), for α = 1.
(7.3.6)

Notably, this scheme reduces to the social welfare, proportional fairness (and thus Nash),

and max-min fairness when α = 0, α = 1, and α→ ∞, respectively (Lan et al., 2010).

For α = 0, 1, ∞, the scheme satisfies the Axioms of the corresponding equivalent

schemes. For α ∈ (2, ∞), the allocation obtained with α-fairness is unique. This is seen

from the following property:

Property 4. The α-fairness function hα(·) is concave for α = 2 and strictly concave for α > 2:

Proof. For convenience, we prove that −hα(·) is convex for α = 2 and strictly convex for

α > 2. The Hessian of −hα∈[2,∞)(u) is:

Hi,j =





(α−2)
(ui−ui)α−3 for i = j

0 otherwise

For every non-zero vector v we have that:

vT Hv =
n

∑
j=1

v2
j (α− 2)

(uj − uj)α−3

The Hessian is positive semi-definite for α = 2 and positive definite for α > 2.

The axiomatic properties of the α-fair scheme for α ∈ (2, ∞) are:

• Pareto Optimality: Satisfied. The α-fairness function is strictly monotonically in-

creasing.

• Symmetry: Satisfied. This follows from uniqueness of the solution for α ∈ (2, ∞).
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• Affine Invariance: Satisfied under weak AI. This follows from:

ϕα∈(2,∞)(A(U )) = arg max
u∈U

1
1− α ∑

j∈N
(cuj − cuj)

1−α

= c1−α arg max
u∈U

1
1− α ∑

j∈N
(uj − uj)

1−α

= arg max
u∈U

1
1− α ∑

j∈N
(uj − uj)

1−α.

• Independent of irrelevant alternatives: Satisfied. If U ⊂ U ′ and ϕα∈(2,∞)(U ′) ∈ U (it

maximizes hMM(·) over U ′ and it is contained in U ) then ϕα∈(2,∞)(U ′) also maximizes

ϕα∈(2,∞)(·) over U .

• Restricted Monotonicity: Not Satisfied. See Example I with hα∈(2,∞)(·).

7.3.7 Shannon Entropy Solution

The Shannon entropy (usually called just entropy) is used in the area of information theory

to quantify the diversity or randomness of a system. The concept of entropy provides

a bridge between economic theory and statistics (Venkatasubramanian and Luo, 2018).

In particular, a system achieves maximum diversity (randomness) when the entropy is

maximized. The Shannon entropy function is given by:

hS(p) := − ∑
j∈N

pj log pj

with the implicit restriction that ∑j∈N pj = 1. The entropy function can be used to com-

pute a utility allocation by solving the optimization problem:

ϕS(U ) := arg max
u∈U

hS(p(u)) (7.3.7)
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where hS(p(u)) = −∑n
j=1 pj(u) log pj(u) and

pj(u) =

(
(uj − uj)

∑n
j=1(uj − uj)

)
, j ∈ N . (7.3.8)

For simplicity, we denote the entropy function as hS(u). Entropy in a utility allocation

context is also known as the Theil index.

Under the assumption that the total utility ∑j∈N (uj − uj) is fixed (constant), Venkata-

subramanian and Luo (Venkatasubramanian and Luo, 2018) proved that maximizing en-

tropy achieves an allocation that satisfies:

u1 − u0
1

∑j∈N (uj − uj)
=

u2 − u0
2

∑j∈N (uj − uj)
· · · =

un − u0
n

∑j∈N (uj − uj)
(7.3.9)

This condition indicates that the relative utility gains are equal for all the stakeholders.

This result is formally established below.

Property 5. Assume that the total utility ∑j∈N (uj − uj) is constant. The entropy function hS(·)
achieves a maximum value when all the utility gains (uj − uj), j ∈ N are equal.

Proof. Assuming ∑j∈N (uj− uj) = U, the entries of the gradient of the entropy function are

given by:

gj(u) = −1− log
(uj − uj

U

)
, j ∈ N

The maximum is achieved at gj(u) = 0, j ∈ N , which implies:

log
(uj − uj

U

)
= −1, j ∈ N .

Since the log function is strictly concave, this implies that (u1 − u1) = (u2 − u2) · · · =

(un − un) and (7.3.9).

We now prove that the entropy function hS(·) is strictly concave. Consequently, the

allocation obtained by maximizing entropy is unique.
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Property 6. Assume that the total utility ∑j∈N (uj − uj) is constant. The entropy function hS(·)
is strictly concave.

Proof. Assuming ∑j∈N (uj − uj) = U, the Hessian of the entropy function is given by:

Hi,j =





−1
(ui−ui)U

for i = j

0 otherwise

For every non-zero vector v we have that:

vT Hv = ∑
j∈N

−v2
j

(uj − uj)U
< 0.

The Hessian is thus negative definite.

We now analyze the axiomatic properties of the entropy allocation scheme. We only

consider the case when the total utility gain is constant.

• Pareto Optimality: Satisfied. The entropy function is strictly monotonically increas-

ing.

• Symmetry: Satisfied. Entropy maximization is equivalent to enforcing (7.3.9). This

condition ensures that the solution is symmetric (permutations do not affect the

allocation).

• Affine Invariance: Satisfied under weak AI. This follows from:

ϕS(A(u)) = arg max
u∈U

− ∑
j∈N

( c(uj − uj)

∑i∈N c(ui − ui)

)
log
( c(uj − uj)

∑i∈N c(ui − ui)

)

= arg max
u∈U

− ∑
j∈N

( (uj − uj)

∑i∈N (ui − ui)

)
log
( (uj − uj)

∑i∈N (ui − ui)

)
.

• Independent of Irrelevant Alternatives: Satisfied. If U ⊂ U ′ and ϕS(U ′) ∈ U (it

maximizes hS(·) over U ′ and it is also contained in U ) then ϕS(U ′) also maximizes

ϕS(·) over U .
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• Restricted Monotonicity: Not satisfied. See Example I with hS(·).

7.3.8 Superquantile Scheme

The superquantile (Rockafellar et al., 2000) has been routinely used as a risk measure in

finance and economics. Recently, Dowling et al. (2016) proposed using the superquantile

to shape distributions of allocations among stakeholders. This can be done by solving the

allocation problem:

ϕQα
(u) := arg min

u∈U
hQα

(u). (7.3.10)

where

hQα
(u) := min

t∈R
t +

1
1− α ∑

j∈N
[dj(u)− t]+ (7.3.11)

is the superquantile function, α ∈ (0, 1) is a probability level, and dj(u) = uj − uj is the

disutility of stakeholder j ∈ N . Computing the superquantile of the disutility vector is

equivalent to arranging the disutilities in increasing order (utilities in decreasing order),

and taking the arithmetic mean of the the largest (1− α) faction of disutilities (Dowling

et al., 2016). The superquantile allocation thus converges to the social welfare allocation

as α → 0 (Pavlikov and Uryasev, 2014) and it converges to the max-min allocation as

α→ 1. We note that a superquantile scheme can also be constructed by using a disutility

of the form dj(u) = uj − uj (the utopia utility is used as reference). Here, we prefer to use

the status quo utility as reference in order to establish connections with the rest of the

schemes.

In this setting, the disutilities dj(u) are interpreted as outcomes (of equal probability

1/n) of a discrete random variable d(u). Consequently, we can also express the problem
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in terms of the expectation operator:

ϕQα
(U ) := arg min

u∈U
min
t∈R

t +
1

1− α
E[d(u)− t]+.

The axiomatic properties of the superquantile allocation are:

• Pareto Optimality: Satisfied only for α = 0. The superquantile function is not a

strictly monotonic function for all the utility values uj (it ignores the smaller disu-

tilities) when α > 0. For the case when α = 0, the superquantile solution considers

all utilities (it is the social welfare and thus it is Pareto optimal). In (Dowling et al.,

2016) it is shown that the superquantile allocation is only weak Pareto optimal.

• Symmetry: Not Satisfied. The superquantile allocation ignores the smallest disutil-

ities and thus there is no guarantee that the solution is unique. Consequently, it is

possible to find σ(ϕQα
(U )) 6= ϕQα

(σ(U )).

• Affine Invariance: Satisfied under weak AI. The disutility under a uniform affine

transformation yields:

ϕQα
(A(u)) = arg min

t∈R

t +
1

n(1− α) ∑
i∈N

[cdi(u)− t]+

= arg min
t∈R

t +
1

n(1− α)
c ∑

i∈N
[di(u)− t/c]+

= c arg min
t∈R

t′ +
1

n(1− α) ∑
i∈N

[di(u)− t′]+.

where t′ = t/c can be redefined as t′ ← t/c.

• Independence of Irrelevant Alternatives: Satisfied. If U ⊂ U ′ and ϕQα
(U ′) ∈ U (it

maximizes hQα
(·) over U ′ and it is also contained in U ) then ϕQα

(U ′) also maximizes

ϕQα
(·) over U .

• Restricted Monotonicity: Not satisfied. See Example I with hQα
(·).



162

7.3.9 Generalized Entropy Scheme

The generalized entropy (GE) scheme uses a parametric function to determine allocations.

This parametric function (called the generalized entropy) includes the Theil index, the

log-mean deviation, and the squared coefficient of variation as special cases (Cowell and

Kuga, 1981). As with the entropy and superquantile schemes, this approach interprets

utilities as outcomes of a discrete random variable.

In this scheme, the utility allocation is chosen by solving the problem:

ϕGEβ
(U ) := arg min

u∈U
hGEβ

(u)

where hGEβ
(·) is the GE function:

hGEβ
(u) :=

1
nβ(β− 1) ∑

j∈N

[( uj − uj

um − um

)β

− 1

]
. (7.3.12)

and β ∈ (−∞, ∞) is a parameter and um := (1/n) ∑j∈N uj and um := (1/n) ∑j∈N uj are the

means of the utilities and status quo utilities, respectively. For some special cases, the GE

function takes the following form:

hGEβ
(u) =





1
n ∑

j∈N

uj − uj

um − um
log

uj − uj

um − um
, β = 1

− 1
n ∑

j∈N
log

uj − uj

um − um
, β = 0

(7.3.13)

The Theil index corresponds to hGEβ=1(·) and the mean log deviation corresponds to hGEβ=0(·).
For an allocation problem with fixed total utility (which implies a fixed mean), the

GE allocation with β = 0 is the Nash allocation (i.e., ϕGEβ=0(U ) = ϕNS(U )). This can be
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established as follows:

ϕGEβ=0(U ) = arg min
u∈U

− 1
n ∑

j∈N
log

uj − uj

um − um

= arg min
u∈U

− 1
n ∑

j∈N
log (uj − uj)

= ϕNS(U ) (7.3.14)

We thus have that ϕGEβ=0(U ) satisfies the same Axioms as those of the Nash scheme.

The GE allocation with β = 1 is the Shannon entropy allocation. This follows from:

ϕGEβ=1(U ) = arg min
u∈U

1
n ∑

i∈N

ui − ui
um − um

log
ui − ui

um − um

=
1
n

arg min
u∈U

∑
i∈N

(ui − ui)
∑j∈N (uj−uj)

n

log
(ui − ui)

∑j∈N (uj−uj)
n

= arg min
u∈U

∑
i∈N

(ui − ui)
∑j∈N (uj − uj)

log
(ui − ui)

∑j∈N (uj − uj)
+ ∑

i∈N

(ui − ui)
∑j∈N (uj − uj)

log n

= arg min
u∈U

∑
i∈N

(ui − ui)
∑j∈N (uj − uj)

log
(ui − ui)

∑j∈N (uj − uj)

= ϕS(U ). (7.3.15)

Here, we used the property that ∑i∈N
(ui−ui)

∑j∈N (uj−uj)
= 1. Thus, ϕGEβ=1(U ) satisfies the same

Axioms as those of the Shannon entropy scheme.

For β ∈ [2, ∞) can express the GE allocation as:

ϕGEβ∈[2,∞)(U ) = arg min
u∈U

1
nβ(β− 1) ∑

j∈N

[( uj − uj

um − um

)β

− 1

]

= arg min
u∈U

∑
j∈N

( uj − uj

um − um

)β

. (7.3.16)

Moreover, for fixed total utility, we have:

ϕGEβ∈[2,∞)(U ) = arg min
u∈U

∑
i∈N

(ui − ui)
β .
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We now prove that the GE allocation for β ∈ [2, ∞) and fixed total utility is unique.

Property 7. The GE function hGEβ∈[2,∞)(·) under fixed total utility is strictly convex.

Proof. The entries of the gradient of the GE function are given by:

gj(u) =
1

n(β− 1)

[(
ui − ui

um − um

)β−1
]

, j ∈ N

and the Hessian has entries:

Hi,j(u) =





1
n

[(
ui−ui

um−um

)β−2
]

for i = j

0 otherwise.

For every non-zero vector v, we have that:

vT H(u)v =
1
n

n

∑
i=j

v2
j

[( uj − uj

um − um

)β−2
]
> 0

The Hessian is thus positive definite.

We now analyze the properties of the GE scheme for β ∈ [2, ∞) and under fixed total

utility.

• Pareto Optimality: Satisfied. The GE function is strictly monotonically increasing.

• Symmetry: Satisfied. Due to the strict convexity of the GE function, the solution is

unique and thus invariant under permutations.

• Affine Invariance: Satisfied under weak AI. This follows from:

ϕGEβ∈[2,∞)(A(u)) = arg min
u∈U

1
nβ(β− 1) ∑

j∈N

[( c(uj − uj)
vm − vm

)β

− 1

]

where vm is the arithmetic mean of the transformed utilities (vj = cuj). We have

vm − vm = c(um − um) and the result follows.
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• Independent of Irrelevant Alternatives: Satisfied. If U ⊂ U ′ and ϕGEβ∈[2,∞)(U ′) ∈ U
(it maximizes hGEβ∈[2,∞)(·) over U ′ and it is also contained in U ) then ϕGEβ∈[2,∞)(U ′) also

maximizes ϕGEβ∈[2,∞)(·) over U .

• Restricted Monotonicity: Not satisfied. See Example I.

Interestingly, the GE function can be expressed as a moment expansion of the form:

hGEβ∈[2,∞)(u) =
1
2!

µ2

µ2
1

+
(β− 2)

3!
µ3

µ3
1

+
(β− 2)(β− 3)

4!
µ4

µ4
1

+ · · · + (β− 2) . . . (β− (n + 1))
n!

µn

µn
1

+O(µn).

(7.3.17)

where µk := E[(d−E[d])k], k = 2, 3, ..., is the k-th central moment of the discrete random

variable v with outcomes uj− uj of equal probability 1/n and µ1 := E[v] = (1/n) ∑j∈N (uj−
uj) = um− um. To see how the expansion is obtained, we note that the generalized entropy

can be expressed as (Cowell, 2000):

hGEβ
(u) :=

1
β(β− 1)

E

[(
v
µ1

)β

− 1

]
. (7.3.18)

Now consider the Taylor series expansion hGEβ
(·) around µ1 = E[v]:

hGEβ
(u)

=
1

β(β− 1)
1

µ
β
1

E

[
µ

β
1 +

βµ
β−1
1
1!

((u− u)− µ1) + · · · + β(β− 1) . . . (β− (n− 1))µβ−n
1

n!
((u− u)− µ1)n +O(u)n+1 − µ

β
1

]

=
1

β(β− 1)
E

[
βµ−1

1
1!

((u− u)− µ1) +
β(β− 1)µ−2

1
2!

((u− u)− µ1)2 + . . .

+
β(β− 1)(β− 2) . . . (β− (n− 1))µ−n

1
n!

((u− u)− µ1)n +O(un+1)
]

= E

[
µ−1

1
β− 1

((u− u)− µ1) +
µ−2

1
2

((u− u)− µ1)2 +
µ−3

1 (β− 2)
3!

((u− u)− µ1)3 + . . .

+
(β− 2) . . . (β− (n− 1))µ−n

1
n!

((u− u)− µ1)n +O(un+1)
]

= E

[
µ−2

1
2!

((u− u)− µ1)2 +
µ−3

1 (β− 2)
3!

((u− u)− µ1)3 + · · · + (β− 2) . . . (β− (n− 1))µ−n
1

n!
((u− u)− µ1)n +O(un+1)

]
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=
1
2!

µ2

µ2
1

+
(β− 2)

3!
µ3

µ3
1

+
(β− 2)(β− 3)

4!
µ4

µ4
1

+ · · · + (β− 2) . . . (β− (n− 1))
n!

µn

µn
1

+O(µn+1).

The moment expansion representation allows us to establish the following properties.

Property 8. For fixed total utility, the Nash allocation is the solution of the problem:

arg min
u∈U

1
2

µ2

µ2
1
− 1

3
µ3

µ3
1

+
1
4

µ4

µ4
1

+ · · · + (−1)n

n
µn

µn
1

+O(µn+1). (7.3.19)

Proof. We recall that, for fixed total utility, the Nash allocation is the GE allocation for

β = 0. The result thus follows by substituting β = 0 in the moment expansion (7.3.17) and

noticing that we obtain (7.3.19).

Property 9. The Shannon entropy allocation is the solution of the problem:

arg min
u∈U

1
2

µ2

µ2
1
− 1

6
µ3

µ3
1

+
1
12

µ4

µ4
1

+ · · · + (−1)n

n(n− 1)
µn

µn
1

+O(µn+1). (7.3.20)

Proof. We recall that, for a fixed total allocation, the entropy allocation is the GE solution

for β = 1. The result follows by substituting β = 1 in the moment expansion (7.3.17) and

noticing that we obtain (7.3.20).

From the moment expansion we see that the first term is one-half the squared coefficient

of variation:

1
2

µ2

µ2
1

=
1
2

E[(v−E[v])2]
E[v]2 . (7.3.21)

This reveals the role of the utility variance µ2, which is a natural measure of dispersion. In

particular, one would expect that minimizing the variance of the utilities results in a fair

allocation. We see, however, that in the GE allocation scheme the variance of the utilities

is minimized but the mean utility is maximized (simultaneously). It is not difficult to see

that minimizing variance alone would not result in a satisfactory fairness scheme, since it
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violates important axioms (particularly Pareto optimality and symmetry).

7.3.10 Summary of Axiomatic Properties

The axiomatic properties of different utility allocation schemes is summarized in Table 7.1.

We recall that no scheme can satisfy Axioms 1-5 simultaneously. In particular, of all the

schemes analyzed, only the two-stakeholder KS scheme satisfies restricted monotonicity.

We also see that the Nash, Shannon entropy, and generalized entropy schemes satisfy

the most axioms (four out of five) but Nash satisfies AI (while entropy approaches only

satisfy weak AI). We also note that the Nash scheme does not assume a fixed total utility

(and therefore it is a more flexible approach than entropy approaches). Notably, the

social welfare scheme only satisfies three out of five axioms (and only satisfies weak AI).

Connections between the utility allocation schemes are shown in Figure 7.1. We observe

that the generalized entropy and the α-fair allocation schemes are linked to majority of

the allocation schemes. These connections explain the similar axiomatic properties of

the α-fair and entropy solutions. We also note that the Kalai-Smorodinsky solution is not

linked to any allocation scheme and is the only scheme satisfying restricted monotonicity.

Table 7.1: Summary of axiomatic properties of utility allocation schemes.

Scheme Pareto Symmetry AI Weak AI IIA Monotonicity
Fixed

Total Utility
Unique
Solution

Social Welfare 3 7 7 3 3 7 N N
Nash 3 3 3 3 3 7 N Y
KS with n = 2 3 3 3 3 7 3 N Y
Max-Min 7 7 7 3 3 7 N N
α-Fair with α ∈ (2, ∞) 3 3 7 3 3 7 N Y
Entropy 3 3 7 3 3 7 Y Y
Superquantile with α ∈ (0, 1) 7 7 7 3 3 7 N N
GE with β ∈ [2, ∞) 3 3 7 3 3 7 Y Y
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Figure 7.1: Connections between utility allocation schemes

7.4 Case Studies

We illustrate the properties of the different utility allocation schemes for a simple power

allocation problem and for a sophisticated problem arising in environmental manage-

ment. The case studies presented in this section were implemented in the mathematical

modeling package JuMP. All the scripts and data needed to reproduce the results are

available at: https://github.com/zavalab/JuliaBox/tree/master/FairnessMeasures.

7.4.1 Power Allocation

Consider the problem of electrical load allocation to two consumers u1 and u2. A total

of 800 kW of electricity is generated by a power plant. The transmission line capacity

between the power plant and the first consumer is 200 kW while the transmission line

capacity between the power plant and the second consumer is 1,000 kW. We consider the

utilities of the consumers to be equivalent to the demand served (we want to maximize

https://github.com/zavalab/JuliaBox/tree/master/FairnessMeasures
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the demand served). The utility set is given by:

U = {u1, u2 | 0 ≤ u1 ≤ 200, 0 ≤ u2 ≤ 1000, u1 + u2 = 800}

The status quo point here is considered to be zero kW (no demand served) while the

utopia point is 200 kW for the first consumer and 800 kW for the second consumer (they

obtain all the power that they can possibly accommodate). We refer to this allocation

problem as Case I. The utility allocations under the different schemes studied are shown

in Table 7.2. We observe that the Nash, max-min, α-fair, entropy, and generalized entropy

allocations are the same. These schemes allocate u1 = 200 kW and u2 = 600 kW. The

Kalai-Smorodinsky solution favors the second consumer and allocates u1 =133.33 kW and

u2 =666.67 kW. This is because the utopia point for the second consumer is five times

larger than that of the first consumer. The social welfare and the superquantile (with

α = 0) are equivalent and thus allocate all utility to the second consumer, thereby starving

the first consumer. We note that that the allocations under these schemes is non-unique.

In particular, the allocations under every scheme give the same total utility (800 kW). This

illustrates the inherent degeneracy of the social welfare scheme.

Table 7.2: Allocations for Case I

Scheme
u1

(kW)
u2

(kW)
Nash 200 600

KS 133.33 666.67

Social Welfare 0 800

Max-Min 200 600

α-Fair (α ≥ 2) 200 600

Entropy 200 600

Superquantile (α = 0) 0 800

GE (β ≥ 0) 200 600

We now modify the problem such that both the consumers have the same transmission
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line capacity of 1,000 kW (Case II). The utility set is now given by:

U = {u1, u2 | 0 ≤ u1 ≤ 1000, 0 ≤ u2 ≤ 1000, u1 + u2 = 800}.

Note that this change corresponds to an expansion of the utility set (relative to Case I). The

allocations under this case are reported in Table 7.3. Here, we observe that all schemes al-

locate load evenly (except the social welfare). We also note that the superquantile solution

differs from that of the social welfare (but the total utility is the same).

Table 7.3: Allocations for Case II

Scheme
u1

(kW)
u2

(kW)
Nash 400 400

KS 400 400

Social Welfare 800 0

Max-Min 400 400

α-Fair (α ≥ 2) 400 400

Entropy 400 400

Superquantile (α = 0) 400 400

GE (β ≥ 0) 400 400

7.4.2 Geographical Nutrient Balancing

In this case study, we consider the problem of balancing soil phosphorus (P) concentration

in the upper Yahara watershed region (Figure 7.2) in the State of Wisconsin. Excessive

amounts of P have accumulated in this area, primarily due to livestock manure and the

heavy use of agricultural fertilizers. Rain and snow melt often wash excess P into water-

ways, ultimately leading to blue-green algae blooms and eutrophication (Sampat et al.,

2019).

We consider 50 dairy farms that produce waste (containing P) and 50 croplands where

the waste can be applied to supply P needs. The croplands are stakeholders that can take

waste. Each of these croplands has a different P uptake capacity Pj. We consider that

spreading of waste on the cropland releases 0.76 kg P/tonne of waste applied. The total
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Figure 7.2: Study area in the Yahara watershed in Dane County, WI considered for the
phosphorus balancing.

livestock waste generated annually in our study area is 0.16 million tonnes. This waste

supply is equivalent to a P mass of 122 tonnes per year. The total P uptake capacity in

the study area was set to 150 tonnes per year. The goal is to distribute the P from dairy

farms to the croplands without saturating croplands.

The cropland utilities uj are defined as the difference between the P limit and the P

spread:

uj = Pj − Pj, j ∈ N

The status quo point in this case is set to zero indicating that the cropland is already

saturated with P. The goal is to maximize the cropland utilities which is equivalent to

minimizing P applied to the croplands (to avoid oversaturation). We analyze different

allocation schemes: social welfare, Nash, α-fairness (α = 2, 3), generalized entropy (β = 2),

max-min, and entropy. The results are summarized in Figure 7.3.

In Figure 7.3a we observe that the allocation under social welfare gives rise to multiple

areas with disproportionate amounts of P. Specifically, a red region indicates that the

cropland is saturated with P while the blue regions indicate the cropland can still accept
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Figure 7.3: Cropland utility maps in the Upper Yahara watershed region using different
utility allocations chemes (a) Social welfare (b) Nash, α-fair (α = 2, 3), entropy, max-min,
and generalized entropy (β = 2).

P. The maximum social welfare achieved was 28.54 tonne/yr. In Figure 7.3b we also

see that the rest of the allocation schemes result in a fully uniform distribution of P,

with a cropland utility value of 0.57 tonne/yr. Interestingly, such uniform distribution is

achievable while maintaining a social welfare value of 28.54 tonne/yr. This again, highlights

the degenerate nature of the social welfare solutions, which tends to be exacerbated in

applications with many stakeholders (as in this case).

7.5 Summary

We presented an axiomatic analysis of various utility allocation schemes and derived

fundamental connections between them. Such an analysis can guide decision-makers in

selecting a suitable measure to allocate utilities among multiple stakeholders. Moreover,

our theoretical and case study analysis highlights that solution degeneracy can lead to

allocations that are not fair.

As a part of the future work, we are interested in applying the proposed fairness

schemes to diverse problems arising in engineering. For instance, it would be interesting

to apply the schemes in a coordinated market framework. The market clearing prices in



173

such markets are obtained by computing the dual variables of an optimization problem,

where the objective is to maximize the social welfare. Since the social welfare is not a fair

allocation scheme, the profit distribution is also not fair. Using a fair allocation scheme

such as the Nash solution, our goal would be to derive market clearing prices that ensure

fair profit allocations. This is needed in order to properly balance profits of large and

small generators.
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8
C O N C L U S I O N S A N D F U T U R E D I R E C T I O N S

8.1 Contributions

The key research contribution of this work is the development of multi-product network

models that aid decision-making. When multiple stakeholders are involved, the final so-

lution is often derived by qualitative discussions. This work provides quantitative tools

to drive those decisions and achieve an optimal compromise solution. From a modeling

perspective, this work has developed mathematical frameworks to:

1. Model Supply Chains in a Coherent Manner. In Chapter 2, we presented a gen-

eral optimization formulation for multi-product supply chain networks. The formulation

uses a general graph representation that considers a set of technologies placed at differ-

ent spatially-dispersed nodes under which a set of products undergo transformations.

Interactions between products are captured using a hierarchical graph that maps product

flows at each node using a transformation matrix and that maps network nodes using

transportation paths (arcs). We demonstrate this formulation in Chapter 3, where we an-

alyze the interplays between technology selection and placement, transportation logistics,

and environmental impact associated with phosphorus recovery from livestock waste at
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large CAFOs in the State of Wisconsin. Our analysis indicates that the value of recovered

products and assumed remediation costs have a strong influence on the nature of the op-

timal waste management strategies. This is important because markets for many of these

products are immature and highly volatile. In Chapter 4, we use the modeling abstraction

to drive policy design decisions. We observe that sustainable waste management would

not be an economically viable option unless incentives are provided. When REC, RIN,

and P credit incentives of 2 USD/MWh, 2 USD/gal, and 10 USD/lb P respectively are

simultaneously considered, it is found that combined technologies to produce liquefied

biomethane and nutrient cakes can achieve payback periods of less than 5 years. The

modeling framework provides the ability to capture complex system-wide interdepen-

dencies and quantify the impact of different policy designs.

2. Derive Economic Interpretations of Supply Chains. In Chapter 5, we presented a

coordination framework that enables handling of complex interdependencies between

products and locations as well as physical constraints. We prove that the system reveals

the inherent value of products through the clearing prices and delivers allocations that

satisfy fundamental economic and efficiency properties that are expected from a compet-

itive market. We also show that the proposed system provides a systematic framework to

monetize environmental and health impacts and benefits of remediation. Moreover, prices

reveal the true value of waste streams and capture spatiotemporal variations that help

prioritize endangered areas/times and that reveal the need for investment in processing

technologies, transportation, facility relocation, and seasonal storage. The framework can

also be used by the government to analyze and predict the effect of different regulations

and incentive mechanisms. The proposed framework is scalable in that it can provide

open access that fosters geographical transactions between large numbers of small and

large players in urban and rural areas and in that it enables coordination with other in-

frastructures. In Chapter 6, we combine the coordination framework with a gate-to-gate

approach that quantifies the environmental impacts of nutrient pollution. Our analysis
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reveals that every excess kilogram of phosphorus in the Upper Yahara watershed region

results in an economic loss of 74.5 USD. This environmental cost is sufficient to activate

the market for organic waste processing.

3. Allocate Resources Amongst Multiple Stakeholders in a Fair Manner. In Chap-

ter 7, we presented a fundamental perspective on allocating resources amongst multiple

stakeholders. For the problem of waste management, this framework sets the founda-

tion for answering the question of how to distribute the environmental cost amongst

stakeholders. In this chapter, we provide an axiomatic analysis of various utility alloca-

tion schemes and derived fundamental connections between them. Such an analysis can

guide decision-makers in selecting a suitable measure to allocate utilities among multiple

stakeholders. Moreover, our theoretical and case study analysis highlights that solution

degeneracy can lead to allocations that are not fair.

We note that in demonstrating the applicability of the above modeling frameworks,

we have also contributed to the area of organic waste management. Specifically for the

upper Yahara watershed region in the state of Wisconsin, we have conducted extensive

studies that capture the complex spatiotemporal dependencies involved in mitigating

phosphorus runoff from organic waste.

8.2 Future Research Directions

The directions for future work are motivated by the goal to drive investment in organic

waste management and mitigate nutrient pollution. The future work will seek to develop

mathematical frameworks that provide strategies for sustainable implementation of waste

management policies. Achieving this goal will also drive innovations in the modeling of

multi-product supply chain networks.
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8.2.1 Multiscale Network Coordination

The work in this dissertation has considered supply chain systems with local or state

boundaries. However, multi-product networks are also influenced by the interactions

with sectors and couplings at multiple spatial scales. For instance, Wisconsin could be-

come a major exporter of struvite, which can be used in states with P-deficient soils. It

is necessary to explore how to enable multi-scale geographical coordination by capturing

these interactions. Capturing local, regional, national, and global scale interactions will

help to identify critical decisions made at state scales that affect national-level perfor-

mance. Hierarchical network aggregation schemes can be used to navigate scales. The

hierarchical spatial network approach, combined with the market coordination frame-

work presented in Chapter 5, can also provide key insights into how products should be

priced according to excess/scarcity at particular location. This strategy can be used by

state and federal regulatory agencies to monitor transfer of resources between national,

regional, and local scales.

Another interesting direction is to explore how spatial relocation of waste producers

(e.g., consolidation into larger dairy farms) can impact social welfare, prices, and the

environment. This type of analysis requires of more advanced formulations for facil-

ity location and also of game-theoretic approaches that capture infrastructure investment

strategies (such as recently developed anchor-tenant models) (Topolski et al., 2018; Sam-

pat et al., 2017).

8.2.2 Integrate Life Cycle Analysis in Product Pricing

The market value of a product does not reflect the resource efficiency corresponding to

its generation. In order to achieve the goal of environmental sustainability, we need to

re-prioritize the federal and state incentives to promote resource efficient products. Life

cycle analysis (LCA) can help in quantifying the mid and end-point impacts of prod-

ucts recovered from organic waste. LCA analysis, when combined with the coordination
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framework of Chapter 5, can reveal the inherent value of products that also accounts

for resource efficiency. Extending the idea of the environment as a market player, as

presented in Chapter 6, we can develop mathematical frameworks that reveal the inher-

ent economic and environmental value of products. This research direction will help in

designing an economically and environmentally sustainable strategy for organic waste

management.

8.2.3 Designing Fair Markets for Coordinated Systems

This future direction will ensure fair allocation of profits amongst the stakeholders in

a market clearing setting e.g. balancing profits between small and large players. The

clearing prices in such markets are obtained by computing the dual variables of an op-

timization problem, where the objective is to maximize the social welfare (as presented

in Chapter 5). The social welfare function results in degenerate solutions i.e. multiple

solutions can have the same objective value. To ensure the most fair allocation is se-

lected amongst these solutions, we can use the Nash objective introduced in Chapter 7.

These frameworks can be integrated by introducing the Nash objective as a regularization

term in the social welfare function. Since the system is no longer linear now, it will be

imperative to analyze how the economic properties of the prices derived from this frame-

work depend on the regularization coefficient. Our hypothesis is that for very low values

of the regularization coefficient, the pricing properties would still hold. This work will

also benefit the operation of other coordinated systems such as the wholesale electricity

markets.

8.2.4 Mixed-Integer Formulations for Fair Classification

This direction will extend the resource allocation framework presented in Chapter 7to

classification models used in machine-learning applications. Classification models are

typically used to separate datasets based on a set of descriptors; however, such models
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can also be used to make decisions (e.g., make go/no-go decisions in a project). In this

context, fairness becomes a major issue because such decisions tend to affect multiple

stakeholders and because descriptors might inadvertently introduce biases (Gölz et al.,

2019; Hardt et al., 2016; Wattenberg et al., 2016). A recent application of fair classifica-

tion models include allocation of financial loans (e.g., descriptor is credit score). Fair

classification models can also be used to tackle problems of interest to the chemical en-

gineering community. For instance, in a manufacturing facility, access to experimental

lab equipment is simultaneously requested by different stakeholders to test a variety of

products. The decision here is whether a sample should be tested or not (or when) given

the importance of the sample (captured by descriptors) and given that there is limited lab

equipment and budgets. Such decisions are often based on minimizing a loss function,

which is an aggregate of the cost associated with false positives and false negatives. The

model output is a threshold value (based on a linear combination of sample features)

that activates the binary decision. The inherent degeneracy of such models can lead to

decisions that prioritize testing in an unfair manner (as seen in Chapter 7).

State of the art research in fairness in machine learning focuses on developing algo-

rithms that do not violate state or federal anti-discrimination laws. This is achieved by

adding either post-processing steps or additional constraints to the mathematical model

to achieve properties such as demographic parity, equalized odds, and equal opportunity

(Gölz et al., 2019; Hardt et al., 2016). These conditions can be mutually exclusive and

often lack a theoretical basis that connects them to the axiomatic view of fairness. In this

work, we will develop mixed-integer formulations that address the problem of fair clas-

sification from an axiomatic perspective Moulin (1991). We will showcase how the Nash

solution inherently captures the tradeoff between efficiency and fairness, and selects the

optimal solution based on the axiomatic properties.
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A
A P P E N D I X A C O O R D I N AT E D M A N A G E M E N T A N D I N H E R E N T

VA L U E O F P R O D U C T S

a.1 Perspective on Coordinated Systems

Coordinated management systems provide a framework to enable exchange of products

in complex decision-making environments that involve large numbers of stakeholders,

that rely on shared infrastructures, and that are driven and constrained by complex

spatio-temporal physical phenomena and externalities (e.g., extreme weather). Highly

advanced coordinated management systems are currently used throughout the world to

manage and provide access to infrastructures such as electrical power and computer net-

works (Blumstein et al., 2002; Nygren et al., 2010). Coordinated systems for the U.S.

power grid, in particular, have reached a high level of maturity over the last 30 years and

operate as coordinated markets that actively foster technology innovation and competi-

tion. Our work is motivated by the observation that the evolution of power grid provides

important lessons and significant empirical evidence that can be leveraged to justify the

need and guide the design of scalable management systems for organic waste and asso-

ciated infrastructure. Here we motivate our work by providing a high-level perspective

of coordinated electricity markets in the U.S.
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Coordinated wholesale electricity markets are used in the U.S. to exchange electrical

power across wide geographical regions. The stakeholders in the market (the market

players) comprise suppliers (companies that own power generation technologies), con-

sumers (industrial consumers or utility companies that distribute power within urban

areas), and transportation providers (companies that own the transmission network in-

frastructure). Power transactions over the geographical region are coordinated in real-

time by a non-profit organization known as an independent system operator (ISO). In the

U.S., there are currently six ISOs (Califonia, PJM, Midcontinent, ERCOT, New York, and

New England). ISOs provide an open-access system and receive bids in real-time from

all suppliers and consumers connected to the network. The bidding information is used

to run a highly sophisticated power coordination system (also known as power schedul-

ing, dispatch, or market clearing system) that captures physical laws and constraints that

govern generation and transmission infrastructure. Specifically, generators are physically

constrained in their ability to dynamically ramp up and ramp down their power output,

power flows along paths of least resistance in the transmission network, and the network

is limited by line capacities and by its topology (connectivity). Capturing these physical

laws and constraints in transactions is a critical need and distinctive feature of power grid

markets compared to other commodity markets. The existence of the power grid infras-

tructure and of associated markets is driven by a fundamental social service: the need

to provide efficient and reliable supply of electricity to a vast population of consumers

(which is essential to perform socio-economic activities). Efficiency ensures that only the

most cost-efficient resources and assets are used which drives technological innovation

(e.g., new generation and transportation technologies). Reliability ensures that supply

can be maintained under diverse externalities that impact the power grid such as heat

waves, cold fronts, storms, earthquakes, manmade attacks, and equipment degradation

and failures. To give a perspective on the economic impact of reliability, ISOs currently

estimate the value of lost power (also known as the value of lost load) to be up to 30,000

USD/MWh (while the average electricity price in the U.S. is 20 USD/MWh) (Hogan,
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2016). This value is estimated based on the socio-economic impact of lost electrical sup-

ply service (De Nooij et al., 2007; Willis and Garrod, 1997). The need to coordinate power

transactions in space and time is thus essential to ensure that the infrastructure provides

adequate service to society. PJM currently operates the largest market, which serves 65

million customers across 14 states and manages 1,376 generation sources, 82,000 miles

of transmission lines, and 6,038 transmission substations. The PJM day-ahead market

updates price signals every hour for 10,000 different locations. Achieving high reliability

for systems of this magnitude (which also face constant changes in the number and loca-

tions of consumers and generation technologies) would be challenging and risky under

an uncoordinated market.

The design of coordinated markets currently operated by ISOs has involved a careful

consideration of economics and physics (Hogan et al., 1996). Specifically, current clearing

procedures are designed to determine power allocations that are physically realizable and

price signals that properly incentivize generation, transport, and consumption. Specifi-

cally, prices are generated in a way that they cover the operating costs of generators.

Moreover, spatial price differences are designed to remunerate transportation providers

through mechanisms such as financial transmission rights (RosellÃşn and Kristiansen,

2013). Allocations and price signals are generated by solving an optimization problem

that seeks to maximize the social welfare (service value minus supply cost across the

region) subject to the physical laws and constraints governing the infrastructure. Price

signals encode effects of physical, temporal, and spatial constraints (which impose mar-

ket friction). Specifically, shortage of power at a given point in space and time (e.g., due

to transmission network congestion or lack of ramping up capacity) will manifest as a

large price. On the other hand, excess of power at a given point in space and time (e.g.,

created by the inability to ramp down generation) will manifest as a small (or even neg-

ative) price. Price signals and allocations generated by the clearing system also have the

key property that they are the outcome of a competitive market equilibrium. This is key,

because it implies that the ISO does not interfere with transactions between suppliers and
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consumers (it only ensures that physical compatibility is achieved in the transactions).

Price signals serve as natural catalysts that drive and justify infrastructure investment

and technology innovation. For instance, large spatial price differences indicate that op-

portunities exist to invest in new transmission lines and large temporal price differences

indicate that opportunities exist to develop fast power generation and storage units (Fang

and Hill, 2003; Sioshansi et al., 2012). Electricity prices are also a key factor that influences

location of industrial facilities (e.g., manufacturing and data centers) (Kim et al., 2017).

Another important benefit of coordinated markets is that they provide a systematic frame-

work to monetize environmental impacts of power grid infrastructure and to predict the

effect of government incentives and regulations. For instance, understanding impacts of

water usage and emission constraints on the flexibility of power plants and on prices

is essential in developing environmental regulations and policies (Gollop and Roberts,

1983; Stillwell et al., 2011). The coordination scope of power grid markets is currently

being expanded to capture physical constraints of the natural gas infrastructure (Zlotnik

et al., 2017). This is driven by the increasing dependence of power plants on natural gas

and by the fact that the natural gas infrastructure exhibits drastically different spatiotem-

poral physical constraints (e.g., gas networks exhibit significant delays and have sparser

topologies) (Chiang and Zavala, 2016). The need to coordinate with other infrastructures

and markets will likely persist, due to the increasing interdependence between the power

grid with transportation, water, communication, and computing infrastructures (Rinaldi

et al., 2001; Kim et al., 2017).

Uncoordinated and semi-coordinated organic waste markets are currently in opera-

tion across the world. The Office of Fair Trading in the United Kingdom conducted an

organic waste market study in 2011 that focused on sewage sludge (oft, 2011). The study

found that competition and communication in the sewage sludge market is limited and

that sludge transactions between WWTPs is rare and negotiations are ad hoc. Nunan

(Nunan, 2000) documented the development of urban organic waste markets using a case

study of Hubli-Dharwad, India. Before 1997, the Hubli-Dharwad Municipal Corporation
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sold waste to farmers by auction activities where the seller and farmer reached an agree-

ment on the prices. After 1997, no auctions have been held, and farmers buy municipal

solid waste by contacting the Hubli-Dharwad Municipal Corporation directly. The Hubli-

Dharwad Municipal Corporation has also asked private sector companies to tender bids

for the provision of solid waste processing. In the U.S., impacts of waste on water quality

have been addressed by using carbon and nutrient credit trading initiatives guided by the

U.S. Environment Protection Agency and the U.S. Department of Agriculture (Lal et al.,

2008). In the nutrient credit market, suppliers generate nutrient credits through conser-

vation activities, and customers buy credits to meet regulatory requirements. However,

in the three pilot programs in Wisconsin, the nutrient trading is not considered an active

way to manage water quality (Breetz et al., 2004).

Semi-coordinated markets act as brokers that connect suppliers with consumers. In

Europe, for example, the European Energy Exchange (EEX) group facilitates trade of en-

ergy, environmental credits, and agricultural products (eex, 2017). Semi-coordinated mar-

kets certainly facilitate transactions but do not capture system-wide interdependencies

and physical constraints associated with transportation and transformation. As demon-

strated by coordinated electricity markets, capturing these system-wide effects is essential

to achieve high efficiency and scalability. Recent studies have advocated for the need of

coordinated organic waste markets that can enable a free movement of waste in order to

facilitate processing and recycling as well as to provide incentives for waste generators

(e.g., livestock producers) to manage animal waste and associated environmental impacts

(Page, 2014; eur, 2014; RÃűmgens and Kruizinga, 2013). Such recommendations are also

justified by research studies that develop economic models to capture system-wide ge-

ographical, physical, and logistical issues. For instance, Corrales et al. (Corrales et al.,

2014) developed a GIS-based watershed assessment model integrated with an economic

model to compare nutrient trading scenarios in an agricultural sub-basin of the Lake

Okeechobee watershed in Florida. The results show that a coordinated nutrient trading

market leads to cost savings. Innes (Innes, 2000) developed a spatial model of regional
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livestock production that captures environmental impacts associated with spills from an-

imal waste storage, nutrient runoff due to the application of manure to croplands, and

direct ambient pollution. The model was used to analyze the impact from policy effects

including scare regulations, fertilizer taxes, and waste handling standards affecting stor-

age and transport. This model provides a number of intriguing and counter-intuitive

insights that highlight the complex interdependencies that exist in organic waste man-

agement. For instance, it was found that fertilizer taxes in fact increase the welfare of

livestock producers. Capturing interdependencies that arise from product transport, pro-

cessing, and spatial layouts of sources and demands is essential to design and predict the

effect of policies.

a.2 Illustrative Case Studies

In this section, we provide simple case studies that illustrate the concepts and capabilities

of the proposed market framework.

a.2.1 System with No Transformation

We consider a simple market setting (labeled as A) consisting of one supplier (connected

to node n1), two consumers (connected to nodes n2 and n3, respectively), and two trans-

portation providers that can connect players along paths n1 → n2 and n1 → n3. There is

no transformation of waste in this setting. The supplier offers waste with a capacity of

s̄1 = 10,000 tonne and it provides a bidding cost αs
1. The consumers offer to buy up to

d̄1 = 3,000 tonne and d̄2 = 5,000 tonne, respectively, and provide bidding costs αd
1 and αd

2.

The transportation providers offer to move product along path n1 → n2 at cost α
f
1 and

along path n1 → n3 at cost α
f
2 .

We solve the market clearing problem for this setting under different scenarios that

capture different bidding values (see Table A.1). We make the following observations:
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• In scenario I, a maximum social welfare of 7,000 USD is achieved and we can see

that all players have a non-negative profit values (in agreement with Theorem 1).

The supplier and the transportation providers have a profit value of zero. This is

because the nodal price at node n1 is same as the bid made by the supplier and the

difference in the prices at nodes n1 and n2 is the same as the bid of the transportation

provider over link n1 → n2 (the same behavior is observed along path n1 → n3). The

profit made by the transportation provider is thus zero. The profit of the consumers

is positive, indicating that the cleared prices are lower than their bids. It can be

easily verified that all the clearing prices satisfy the bounds of Theorem 4. We also

highlight that the clearing prices for waste are different in all nodes (the prices are

balanced by clearing to ensure that all players have a non-negative profit).

• In scenario II, the bid made by the second consumer is reduced. In this case, we

obtain similar results to those of the previous setting but we note that no waste is

allocated to the second consumer. This is because there is no economic incentive

to transport the waste between node n1 and n3. In particular, the difference in

the clearing prices between n1 and n3 is lower than the bid of the transportation

provider along that path. From this setting it is easy to verify that revenue adequacy

holds (Theorem 3). In particular, the consumer (connected to node n2) pays 3.5×
3,000 = 10,500 USD for the waste provided, the supplier (connected to node n1) gets

paid 1.5× 3,000 = 4,500 USD, and the transportation provider (for the link n1 → n2)

gets paid (3.5− 1.5)× 3,000 = 6,000 USD. Consequently, there is no money lost in

the system.

• In scenario III, the supplier bid is increased. In this case, no player is cleared (the

market is dry and thus the social welfare is zero). The difference in the bidding

costs between nodes n1 and n2 and between n1 and n3 are lower than the bids of

the transportation providers along the corresponding paths. These results illustrate

how spatial interdependencies between waste values and transportation costs are
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captured by the market framework.

a.2.2 System with Negative Bidding Costs

We now consider a market setting (labeled as B) that involves negative bidding costs.

This setting consists of one waste supplier located in node n1 (e.g., a WWTP generating

sludge waste) with supply capacity s̄1 = 5,000 tonne and bidding cost αs
1. The sludge

can be used for land application and is requested by a consumer (e.g., a farmer) located

at node n2 with bidding cost αd
1. A transportation provider offers service along path

n1 → n2 with bidding cost α
f
1 . In this setting, the bidding supply and demand costs

are allowed to be negative. A negative supply bid indicates that the WWTP is willing

to pay the consumer to dispose of the sludge. Similarly, the negative demand bidding

cost represents that the customer requests to be paid in order to accept the waste and

apply it to its land. The results obtained under different bidding values are shown in

Table A.2. In scenario I we note that, the supplier makes a profit since it ends up paying

less to the market (than it’s bid value) to get the waste processed. Moreover, we see that

neither the consumer nor the transportation provider make a profit. In scenario II we

note that, when the consumer submits a negative bid, the supplier still makes a profit

(but this is cut in half compared to scenario I). This captures the fact that now a payment

needs to be made to the consumer for it to take the waste (so that revenue adequacy

holds). This is also reflected by the fact that the price at node n2 is negative (and thus can

be interpreted as a tipping fee). We also note that, the payment made to the consumer

makes its profit zero (the consumer is not affected by taking the waste). Consequently, the

supplier has an incentive to provide its waste (even when paying for it) and the consumer

is not affected by this. This non-intuitive behavior is the result of having a coordinated

clearing mechanism that maximizes the social welfare and adjusts the prices in order to

ensure that all players benefit from the market. In scenario III we note that, when the

consumer increases the magnitude of its negative bid, no player is cleared (the market
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is dry). This is because the difference in the supply and demand bids is lower than the

bidding cost of the transportation provider (there is no incentive to transport waste).

a.2.3 System with Transformation

We now consider a market setting (labeled as C) with waste transformation. This setting

is sketched in Fig. A.1. The system comprises a supplier providing a waste product

p1 at node n1 with a maximum capacity s̄1,p1 = 10,000 tonne and bidding cost αs
1. The

transformation provider is located at node n2 has a maximum processing capacity of

ξ̄1 = 8,000 tonne of waste p1 and a bidding operating cost α
ξ
1. This transformation provider

converts one unit of product p1 to 0.01 units of a high-value product p2 and 0.99 units

of a low-value product p3. A bid is put into the market for product p2 at node n3 by a

consumer with capacity d̄1 and bidding cost αd
1. A bid is put into the market for product

p3 at node n4 by a consumer with capacity d̄2 and bidding cost αd
2.

The results of this market setting are summarized in Table A.3. In scenario I, we

can see that there exists an incentive for the transformation provider to create product

p2 from product p1 and this results in a large profit. This is manifested in a positive

transformation price π
ξ
1 , which is given by 3,495× 0.01− 7× 1− 4× 0.99 = 23.99 USD.

We also note that this transformation price is higher than the processing bid cost of 20

USD (consequently, the profit is positive). Interestingly, none of the other market players

make a profit in this setting (they are simply not affected by the transaction). In scenario

II, the demand bid for p2 from the first consumer decreases and the market becomes dry

(this is because the transformation price is now 19.99 USD (which is lower than the bid).

These results illustrate how interdependencies between waste and product values and

transformation costs are captured by the market framework.



189

s̄1, α
s
1

αf
1

ξ̄1, α
ξ
1

αf
2

αf
3

d̄1, α
d
1

d̄2, α
d
2

n1 n2

n3

n4

Figure A.1: Sketch of market setting C

Table A.1: Clearing results for market setting A

Scenario Bids (USD/tonne) Welfare (USD) Profits (USD) Prices (USD/tonne)
αs

1 αd
1 αd

2 α
f
1 α

f
2 ϕ φs

1 φd
1 φd

2 φ f [πn1 , πn2 , πn3]
I 1.5 5 6 2 4 7,000 0 4,500 2,500 0 1.5, 3.5, 5.5
II 1.5 5 5 2 4 4,500 0 4,500 0 0 1.5, 3.5, 5.0
III 3.5 5 5 2 4 0 0 0 0 0 3.5, 5.0, 5.0

Table A.2: Clearing results for market setting B

Scenario Bids (USD/tonne) Welfare (USD) Profits (USD) Prices (USD/tonne)
αs

1 αd
1 α

f
1 ϕ φs

1 φd
1 φ

f
1 [πn1 , πn2]

I −6 +0.0 5 5,000 5,000 0 0 −5.0, +0.0
II −6 −0.5 5 2,500 2,500 0 0 −5.5,−0.5
III −6 −1.5 5 0 0 0 0 −6.5,−1.5

Table A.3: Clearing results for market setting C

Scen. Bids (USD/tonne) Welfare (USD) Profits (USD) Prices (USD/tonne)
[αs

1, αd
1 , αd

2 , α
ξ
1] ϕ [φs

1, φd
1 , φd

2 , φξ] [πn1 ,p1 , πn3 ,p2 , πn4 ,p3 , πn2 ,p1 , πn2 ,p2 , πn2 ,p3]
I [2, 3500, 1, 20] 31, 920 [0, 0, 0, 31920] [2, 3500, 1, 7, 3495,−4]
II [2, 3000, 1, 20] 0 [0, 0, 0, 0] [1, 3000, 1, 6, 2995,−4]



190

B I B L I O G R A P H Y

Agricultural waste management field handbook. USDA National Resources Conservation

Services (NRCS), 1992.

Organic waste: An OFT market study. Technical report, Marketing, Office of Fair Trading,

UK, 2011.

The efficient functioning of waste markets in the European Union: Legislative and policy

options. Technical report, European Commission, 2014.

EEX annual report 2016 - visions for sustainable growth. European Energy Exchange Group,

2017.

115th Congress (2017-2018). S.988 - Agriculture Environmental Stewardship Act

of 2017 available at https://www.congress.gov/bill/115th-congress/senate-bill/

988. [Online; accessed 06-December-2017].

Agstar. Fair Oaks Dairy Digester: Fair Oaks, Indiana. Technical report, U.S. Environmen-

tal Protection Agency, February 2014.

Aguilar, M., Saez, J., Llorens, M., Soler, A., and Ortuno, J. Nutrient removal and sludge

production in the coagulation–flocculation process. Water Research, 36(11):2910–2919,

2002.

Aguirre-Villegas, H. A. and Larson, R. A. Evaluating greenhouse gas emissions from

dairy manure management practices using survey data and lifecycle tools. J. Cleaner

Prod., 143:169–179, 2017.

https://www.congress.gov/bill/115th-congress/senate-bill/988
https://www.congress.gov/bill/115th-congress/senate-bill/988


191

Aguirre-Villegas, H. A., Larson, R. A., and Sharara, M. A. Anaerobic digestion, solid-

liquid separation, and drying of dairy manure: Measuring constituents and modeling

emission. Science of The Total Environment, 696:134059, 2019.

Akgul, O., Shah, N., and Papageorgiou, L. G. Economic optimisation of a UK advanced

biofuel supply chain. Biomass and Bioenergy, 41:57–72, 2012.

Akgul, O., Zamboni, A., Bezzo, F., Shah, N., & Papageorgiou, L. G. Optimization based

approaches for bioethanol supply chains. Industrial & Engineering Chemistry Research,

pages 4927–4938, 2010.

Alex Marvin, W., Schmidt, L. D., Benjaafar, S., Tiffany, D. G., and Daoutidis, P. Eco-

nomic Optimization of a Lignocellulosic Biomass-to-Ethanol Supply Chain. Chemical

Engineering Science, 67(1):68–79, 2012.

An, H., Wilhelm, W. E., and Searcy, S. W. A mathematical model to design a lignocellu-

losic biofuel supply chain system with a case study based on a region in Central Texas.

Bioresource Technology, 102(17):7860–7870, 2011.

Artzner, P., Delbaen, F., Eber, J.-M., and Heath, D. Coherent measures of risk. Mathematical

finance, 9(3):203–228, 1999.

Ashley, K., Cordell, D., and Mavinic, D. A brief history of phosphorus: from the philoso-

pher’s stone to nutrient recovery and reuse. Chemosphere, 84(6):737–746, 2011.

Astill, G. M. and Shumway, C. R. Profits from pollutants: Economic feasibility of inte-

grated anaerobic digester and nutrient management systems. J. Environ. Manage., 184:

353–362, 2016.

Avami, A. A model for biodiesel supply chain: A case study in Iran. Renewable and

Sustainable Energy Reviews, 16(6):4196–4203, 2012.
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Čuček, L., Varbanov, P. S., Klemeš, J. J., and Kravanja, Z. Total footprints-based multi-

criteria optimisation of regional biomass energy supply chains. Energy, 44(1):135–145,

2012.
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