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Atmospheric chemistry and meteorological measurements produce large hetero-
geneous datasets that capture complex physical phenomena. Many of the models
and analyses carried out on these data fundamentally consist of pattern recogni-
tion, regression, and classification tasks. Such activities are extremely amenable to
improvement and/or automation with machine learning. My thesis details new
machine learning-based tools that I developed during the analysis of measurements
collected by the Keutsch group during our field campaigns in Finland, Brazil, and
the western United States.

Large collaborative datasets inevitably include some times during which not
all instruments’ measurements are available (due to calibration/zeroing periods,
maintenance, etc), and these gaps must be addressed prior to any model or analysis
that requires continuous inputs. I discuss the development of several multivariate
imputation methods that fill gaps in one data source based on information learned
from the other measurements recorded simultaneously. This approach is demon-
strated on both ground and flight data using techniques such as lazy learners,
regression learners, and artificial neural networks.

The concentrations of chemical pollutants near the ground depend on the dy-
namic height of the lowest layer of the atmosphere. My thesis describes a new
method for robust identification of atmospheric structure through novel application
of cluster evaluation measures. Finally, I combine this structural information with
the chemical measurements to emulate spatial variability in retrievals from satellite
instruments.
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1 introduction

Atmospheric chemistry and meteorological measurements produce large heterogeneous

datasets that capture complex physical phenomena. There is a continuous influx of global

data from remote-sensing satellites, complemented by in-situ measurements such as height-

resolved profiles from radiosondes (weather balloons) and observations from sensors at

the ground level. These diverse data are collected at a staggering rate, on the order of

terabytes per hour — much faster than it can be analyzed and studied.

Many of the models and analyses carried out on these data fundamentally consist

of pattern recognition, regression, and classification tasks. Such activities are extremely

amenable to improvement and/or automation with machine learning. They adapt well

to the challenges that arise when analyzing and learning from noisy, incomplete, and

high-dimensional field data.

Chapter 2 of this thesis details new tools for filling gaps in atmospheric measurements

(adaptive averaging, neural networks, regression learning) through machine learning on

other timepoints sampling similar conditions. This innovation improves on earlier studies

on imputing geostationary measurements [27] by training each learner only the datapoints

containing the most relevant information (e.g. a neural network learning to estimate data

points on hot dry afternoons does not benefit from training on cold rainy midnight data)

since indiscriminate learning to minimize prediction error for all conditions inadvertently

increases prediction learning error for the desired conditions. This work also represents

the first study on multivariate imputation methods for flight data.

Chapter 3 details a novel application of cluster evaluation measures for identifying

atmospheric structure from in-situ measurements. Current methods for identifying the

boundary layer height from in-situ data rely on identifying particular features in the pro-

files such as: gradients in specific humidity (SH), potential temperature (θ), or derived

Richardson number.[56][53] These focus on single characteristics, their performance can be
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resolution dependent (especially humidity-based methods), and variations in structure

can lead to false assignments. This work details the first application of methods from

cluster analysis toward identifying atmospheric structure. By virtue of learning on the

meteorological measurements and other quantities impacted by the boundary layer height,

these analyses incorporate the information from multiple traditional techniques and agu-

ment this with additional information. Consequently, they are significantly more robust to

anomolies in atmospheric structure, insensitive to measurement resolution, and perform

well on any set of features that exhibits decoupling between the boundary layer and the

free troposphere.

The results of chapters 2 and 3 are combined in chapter 4 to visualize flight data in

a novel manner to emulate the spatial variability in satellite instrument retrievals and

study the information present at varying scales. The spatial resolution and instrument

precision of chemical measurements impact which atmospheric phenomena are discernible

from remote sensors,[20] and this work demonstrates a method for studying these effects

directly from flight data, without requiring an intermediate model. The analysis is applied

to formaldehyde, ozone, and nitrogen dioxide data to assess ‘minimum requirements’

for discerning various phenomena. Lastly, the specifications and expected performance

of TROPOMI (2017 launch) and TEMPO (upcoming) are incorporated to emulate the

instruments and anticipate which phenomena they will be capable of detecting.

1.1 Imputation of missing measurements

Large collaborative datasets inevitably include some times during which not all instruments’

measurements are available (due to calibration/zeroing periods, maintenance, etc), and

these gaps must be addressed prior to any model or analysis that requires continuous inputs.

Common univariate approaches for replacing missing data include linear interpolation or

substitution of a diel average, depending on the duration and nature of the gap.
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Chapter 2 details three multivariate imputation techniques that apply supervised ma-

chine learning techniques to estimate a missing data point based on information contained

in simultaneous collocated chemical and meteorological measurements. The data points

that do not contain gaps provide the training set for methods that estimate the target feature

(measurement type with missing data). Stepwise feature selection discards irrelevant and

redundant attributes, and identifies a subset of variables with the most predictive value for

a given measurement type in the subject data set.

An adaptive tracer method efficiently estimates the missing feature from a weighted

average of nearest neighbors in the predictor coordinate space. Binary tree regression

on nearby data points provide another option for estimating the missing value. Lastly, a

feedforward neural network is trained by backpropogation to specialize in prediction of

the target feature.

Model performance is quantified by leave-one-out cross validation on two data sets. The

GoAmazon 2014/15 dry season ground measurements [36] are used to assess performance

with geostationary timeseries. A research flight during the Shale Oil and Natural Gas Nexus

(SONGNEX 2015, WP-3D Orion) field campaign [42] provides a test set for application to

data with temporal and spatial variation. In both cases, the adaptive multivariate methods

yielded better estimates than the univariate approaches.

1.2 Cluster evalutaion to determine atmospheric structure

The height of the planetary boundary layer (PBL) significantly impacts pollutant concen-

trations near the ground by affecting the extent of vertical mixing. The structure of the

atmosphere changes over the course of the day, and its behavior must be measured or

estimated for modeling or forecasting. Because the PBL and free troposphere (FT) are

largely decoupled for many physical/chemical quantities, variation between layers is much

greater than variation within a layer.
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Chapter 3 describes how techniques from cluster analysis can be used to identify the

height of the PBL from vertically-resolved measurements, such as those obtained by ra-

diosondes or research flight ascents/descents. This is accomplished by identifying the

global maximum in cluster evaluation indices calculated for hypothetical partitions at

each height measured during a given profile. Evaluation using silhouette values [29][47]

and Calinski-Harabasz indices [8] both yield clear maxima in agreement. Techniques

and shortcomings of forward clustering algorithms (centroid-based, density-based, and

Gaussian mixtures) are discussed.

This approach is demonstrated on flight data sets from the Pan-European Gas Aerosol

Climate Interaction Study (PEGASOS 2013, zeppelin) and SONGNEX field campaigns.

This analysis requires no parameterization and is shown to be robustly applicable to

multiple classes of measurements (metorological, trace gases, volatile organic compounds,

reactivity).

1.3 Data visualization from satellite perspective

Instruments to be deployed on new and upcoming satellites, such as TROPOMI (2017

launch) and TEMPO (2018/19 projected launch), will be capable of measuring air quality-

relevant species at unprecedented spatial and temporal scales,[4][7][54][66] however studies

on the degree of detail that this will afford are lacking. Chapter 4 addresses the question:

Given a region with a complex scene featuring signatures from multiple types of anthro-

pogenic activity, what spatial resolution and chemical precision are necessary to resolve

plumes and distinguish between emissions types? These specifications are studied for

formaldehyde (HCHO), nitrogen dioxide (NO2), and tropospheric O3.

Chemical and physical parameters measured via aircraft in the boundary layer and

free troposphere (FT) during the Shale Oil and Natural Gas Nexus (SONGNEX 2015) field

campaign are employed to view chemical enhancements from biomass burning and urban
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outflow over the region northeast of Denver, Colorado. The spatially and temporally

resolved in-situ data are used to calculate the planetary boundary layer contributions to the

column densities for HCHO, O3, and NO2. The converted data are mapped with varying

constraints imposed to mimic equipment limitations. Pixel footprint resolution is probed

using 2D spatial bins, and the loss of detail due to uncertainty in measurements is emulated

by 1D signal bins to mask gradients that are finer than the instrumental precision.

First, the spatial resolution and chemical precision limits are studied for each species.

Second, the scene is emulated using the specifications for TROPOMI [54][18][57] and

expected performance for TEMPO, [66] in order to assess the degree to which their retrievals

will be able to discern the signatures of various activities, and to ascertain the information

that may be derived from trace gas enhancements.



6

2 machine learning methods for imputing missing

atmospheric measurements in ground & flight data

ABSTRACT: Atmospheric datasets typically include some data points where not all mea-

surements are available. Interruptions in data collection occur for variety of reasons such

as calibration/zeroing periods, loss of power, maintenance, etc. Common univariate ap-

proaches for replacing missing data include linear interpolation or substitution of a diel

average, depending on the duration and nature of the gap.

This intercomparison assesses three multivariate imputation techniques that apply

supervised machine learning techniques to estimate a missing data point based on informa-

tion contained in simultaneous collocated chemical and meteorological measurements. The

data points that do not contain gaps provide the training set for methods that estimate the

target feature (measurement type with missing data). Stepwise feature selection discards

irrelevant and redundant attributes, and identifies a subset of variables with the most

predictive value for a given measurement type in the subject data set.

An adaptive tracer method efficiently estimates the missing feature from a weighted

average of nearest neighbors in the predictor coordinate space. Binary tree regression

on nearby data points provide another option for estimating the missing value. Lastly, a

feedforward neural network is trained by backpropogation to specialize in prediction of

the target feature.

Model performance is quantified by leave-one-out cross validation on two data sets.

The GoAmazon 2014/15 dry season ground measurements are used to assess performance

with geostationary timeseries. A research flight during the SONGNEX 2015 field capaign

provides a test set for application to data with temporal and spatial variation. In both cases,

the adaptive multivariate methods yielded better estimates than the univariate approaches.
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2.1 Introduction

Atmospheric field campaigns and measurement stations produce large sets of collocated

time series data capturing a variety of chemical and meteorological features. Missing data

is a common occurrence for a variety of reasons. The gaps in data vary in duration and are

usally not correlated between different instruments (e.g. the ozone measurements continue

while the formaldehyde instrument is calibrating).[27]

Models frequently require continuous inputs, and analysis quality can depend on data

set completeness. Gaps in a measurement must be addressed by either imputing estimates

for the missing data or removing the timepoint(s) from analysis.[14] In datasets with many

measurements, the amount of time that all instruments are simultaneously producing data

is typically very limited. Consequently, good methods for filling in data are critical for

practical application.

Several univariate methods exist for approximating missing values. The most straight-

forward and least accurate method is to substitue the mean value for a given feature in

place of missing measuremens. For short gaps, data is often be imputed using linear

interpolation. For gaps in ground data, common practice is to replace missing points with

the ‘diel average’ calculated from the mean of measurements collected at the same time on

other days.

While convenient, these approaches produces a rough first approximation and discard

the valuable information contained in the measurements of other attributes. The multivari-

ate methods presented here use the simultaneous non-missing measurements to identify

relevant similar points and guide reconstruction of the missing data based on relationships

contained within a given set.

A general procedure for implementation of machine learning methods is described

below, independent of any particular data set or measurement type. The advantage of using

a framework that applies variable selection and learning theory to each data replacement

task is that the resulting models are highly specialized for estimating the target feature
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based on the relationships captured in the available measurements.

The intercomparison figures include results from all of the above methods to guide

selection of the proper tool(s) for a particular imputation task. Whether applying the stan-

dard univariate imputation techniques or using the machine learning methods described

below, it is always the responsibility of the researcher to understand the error introduced

and evaluate the appropriateness of the outputs. The reason for the missing data must be

considered: while these tools are valuable for data that are missing at random, they are

not suitable to systematic gaps such as signals below limit of detection.[48][26]

2.2 Methods

Let Xi(t) represent the measurement of the ith atmospheric feature at time t in data set

X . At certain times (t ∈ Tg) the data from the ith feature are unavailable and must be

imputed. The remaining data points collected at times t ∈ Ta with available data for the ith

attribute provide the training set for estimating the missing measurements. These points

are also used as a test set to assess imputation performance by leave-one-out error analysis,

discussed in §2.2.4.

2.2.1 Univariate Methods

2.2.1.1 Measurement Mean

The most straightforward approach is to replace all missing data with the mean of that

measurement:

Xi(t ∈ Tg) = 1
|Ta|

∑
Ta

Xi(t). (2.1)
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2.2.1.2 Interpolation

Linear interpolation to fill the value of Xi(t′) in a gap from tα through tβ simply calculates

the values of Xi along a line from [tα, Xi(tα)] to [tβ, Xi(tβ)]:

Xi(t′) = Xi(tα) + (t′ − tα)Xi(tβ)−Xi(tα)
tβ − tα

. (2.2)

2.2.1.3 Diel Average

Substitution with the diel average is a common approach for filling missing data in ground

measuremens. If a data point is missing at time t′, its value is estimated from T ′a, the set of

points in Ta that occur at the same time of day:

Xi(t′) = 1
|T ′a|

∑
T ′

a

Xi(t). (2.3)

Several other univariate spectral methods have been applied to air quality measurements

to take into account periodicity on multiple timescales.[41] However, these approaches are

subject to the limiting assumption that the most relevant points for reconstruction occurred

at similar times of day/week/year. In reality, air quality measurements exhibit significant

variability that cannot be captured in reconstruction from the frequency domain alone.

2.2.2 Multivariate Methods

2.2.2.1 Preliminary processing

The multivariate imputation methods estimate a missing value Xi(t′) with guidance from

simultaneous measurements of other features {Xj(t′), Xk(t′), ...}. For a given data set X

and target feature i requiring imputation of missing points, many of the other variables

measured are likely to be redundant with each other or irrelevant to calculation of Xi.

Indiscriminate variable inclusion increases computational cost and reduces imputation

quality, so all multivariate analyses described below are preceded by stepwise feature
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selection. This dimensionality reduction heuristic identifies a subset F of the available

predictor variables whose inclusion minimizes mean square error in multilinear regression

estimation of the target feature.[16]

The data for each feature is transformed by subtracting its mean (X̄i) and dividing

by the standard deviation (σXi
) to produce z-scores with zero mean and unit standard

deviation:

Zi = Xi − X̄i

σXi

. (2.4)

This normalization is necessary to remove anomalies arising from differences in arbitrary

scales. Without normalization, the analysis response will be dominated by variables

reported with large numerical values, e.g. temperature in Kelvin or pressure in torr�

glyoxal concentration in parts per billion.

Some data points will be more informative than others for reconstruction of a particular

Xi(t′). The z-scores for the predictor features are used to identify the points in the training

data set that are most similar to the point with missing data. These nearest neighbors are

found by sorting the training points by their Euclidean distance to the missing point. The

distance between data points collected at t′ and t ∈ Tg is given by

D[Z(t), Z(t′)] =
√∑
f∈F

(Zf (t′)− Zf (t))2. (2.5)

2.2.2.2 Adaptive Average

Estimates for missing data can be obtained quite simply by a ‘lazy learning’ method that

calculates the target feature using a distance-weighted average of nearby (similar) points.

Given K neighbors at distances {D1, D2, ..., Dk, ..., DK} with values of the target feature

{V1, V2, ..., Vk, ..., VK}, the imputed value is calculated according to

Xi(t′) ∼
∑K
k=1 D

ρ
k · Vk∑K

k=1 D
ρ
k

, (2.6)
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where the exponent ρ controls the weighting of the average with respect to distance. If

ρ = 0, equation 2.6 reduces to the ordinary arithmatic mean of the neighbors’ values. With

ρ = −1 the average is weighted by inverse distance. Increasingly negative values for ρ

increase the relative weights of the closer points. Tuning of the hyperparameters K and ρ

is discussed in §2.3.3 and §2.3.4 respectively.

2.2.2.3 Regression Learning

Values for missing data can be imputed by training a regression learner on relevant subsets

of the training data. Estimates are provided by a binary tree fit to nearest neighbors using

k-fold cross-validation.

2.2.2.4 Artificial Neural Networks

Artificial neural networks (NN) are trained on relevant subsets to specialize in predicting

a target feature based on the available measurements. The number of nodes in the input

layer is equivalent to the number of selected features (|F |) and each receives z-scores from

a predictor. The architecture of the hidden layer(s) may be tuned for particular conditions;

for the data sets studied here, a single hidden layer was sufficient to perform effective

dimensionality reduction and feature learning with low computational cost. A single

output node corresponds to the target feature for imputation. The networks are trained by

Levenberg-Marquardt backpropagation, which iteratively adjusts the weights and biases

for each node to minimize error in the predictions of the target feature.[40][23] Evaluation

of varying NN architectures is discussed in §2.3.5.

Since the backpropogation proceeds by stochastic descent methods, the network may

train differently each time. A multiple imputation scheme can account for this by perform-

ing statistical analysis on many training/query replicates for the same points. Between each

iteration, the neural network is reinitialized with random weights and biases, retrained,

and queried for a single prediction. Methods for determining the appropriate cutoff for
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NN replicates are discussed in §2.3.6.

2.2.3 Data Sets

2.2.3.1 Ground Measurements from GoAmazon

Data for assessment and testing on ground data were collected throughout the dry season

during the Green Ocean Amazon 2014/15 field campaign.[36] Dozens of separate instru-

ments were collocated at the T3 field site, 60 km to the west of Manaus, Brazil (3Â°12’47.82"S,

60Â°35’55.32"W). The data used contains ∼4,700 timepoints at 15-minute resolution with

measurements of 20 chemical and 5 meteorological features.

2.2.3.2 Flight Measurements from SONGNEX

Flights for the Shale Oil and Natural Gas Nexus (SONGNEX, [42]) campaign were con-

ducted during April-May of 2015 in the NOAA WP-3D research aircraft. Imputation

methods are tested on the 2015.04.13 flight north of Denver, CO, USA. The data used

contains ∼18,000 timepoints at 1-Hz resolution with measurements of 35 chemical and 5

meteorological features.

2.2.4 Performance testing

The performance of each imputation method was assessed by leave-one-out error analysis.

All data were masked within a time window around each point to be imputed, since

sampling in the immediate vicinity would effectively approximate interpolation. For

testing on the GoAmazon ground data, a 24-hour window centered on each data point was

left out so that estimates were based on data from other days. For the SONGNEX flight

data a 5-minute window masked, corresponding to approximately 36 km at the median

ground speed of 120 km/hr.
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Details of feature selection and hyperparemeter tuning are discussed for formaldehyde

(HCHO) measurements in both field campaign data sets. Results for additional chemical

species are presented in §2.3.7.

2.3 Results

2.3.1 Feature Selection

The stepwise feature selection identifed subsets of 15 measurements that are efficient pre-

dictors for HCHO, including boh chemical and meteorological features. In the GoAmazon

data set, the strongest predictors were ozone, methyl vinyl ketone + methacrolein, temper-

ature, relative humidity, pressure, isoprene, and shortwave irradiation. In the SONGNEX

data set, the strongest predictors were ozone, carbon monoxide, acrylonitrile, acetonitrile,

nitrogen dioxide, and dew point temperature.

2.3.2 Neighbor selection

The nearest neighbor search described in equation 2.5 identifies points for the adaptive

average with conditions most similar to the points being imputed.

2.3.2.1 GoAmazon examples (ground)

The top half (panels a and b) shows estimation of a data point from around noon local

time on 19-September 2014, which exhibited relatively low HCHO. Panel a shows the

HCHO measurement timeseries for the entire dry season. Panel b shows the same data

presented with time of day as the x-axis, with the corresponding points marked. The

masked point is shown in red, while the points that are used in calculation of the diel

average are highlighted in yellow. Due to lower-than-typical HCHO concentrations during

the day of interest, most of the values included in the diel average are higher (some more

than double). Blue markers indicate nearest neighbors, showing that the most similar
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Figure 2.1: Data points used for estimation of ‘missing’ HCHO on 19-Sept 2014 (a & b)
and 26-Sept 2014 (c & d) during the GoAmazon campaign. The top panel for each day
shows a masked point to be imputed (red marker), the data points that are used for the diel
average (yellow markers, at the same time each day), and the times with similar conditions
identified for the adaptive average (blue markers, from nearest-neighbor search). The top
panel for each day shows the timeseries over the course of the dry season, while the bottom
panel for each shows the same data plotted is a function of time of day.
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Figure 2.2: Data points used for estimation of a ‘missing’ HCHO measurement in the free
troposphere during the SONGNEX research flight. The red marker indicates the masked
point to be imputed. The cyan markers show the points that would be used for imputation
by linear interpolation, and the blue markers show points with similar conditions identified
for the adaptive average.

conditions were found in a 3 week window around the masked point (see a) and occurred

throughout the day from 9:00 h - 15:50 h LT (see b).

The bottom half (panels c and d) shows estimation of a data point from the morning

of 26-September 2014, which exhibited higher-than-average HCHO. The most similar

conditions were identified during the mornings of other days with elevated HCHO.

2.3.2.2 SONGNEX examples (flight)

Figure 2.2 compares the datapoints that linear interpolation and adaptive averaging take

into account for estimation of a masked point (red marker) during an ascent through the
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free troposphere. The linear interpolation calculates estimates based on the two cyan

points 500 km above and below the point to be imputed. The blue markers indicate nearest

neighbors identified for adaptive averaging (i.e. the timepoints corresponding to the 12

shortest distances calculated from equation 2.5). Note that these most similar conditions

were identified on the subsequent descent near the same altitude, and on the spiral that

was closest, both spatially and temporally.

Figure 2.3 shows which data points were selected for estimation of a masked point (red

marker) during a biomass burning plume sampled in the planetary boundary layer. The

masked HCHO data and the points found as nearest neighbors were plotted on top of

ozone measurements, since ozone is the strongest predictor for HCHO in the SONGNEX

data set (see §2.3.1). The nearest neighbors were identified downwind of the source, near

the edges of the plume with similar extent of photochemical processing.

2.3.3 Number of Training Points

For all of the multivariate methods, the number of training points to be used for the average

or learning methods must be selected.

Figure 2.4 shows how adjusting the number of nearest neighbors impacts the perfor-

mance of the adaptive averaging method. The left plots show results from the GoAmazon

data, and the right plots show results from SONGNEX data. Mean average error (top) and

method bias (middle) is quantified for the range of HCHO concentrations in each data

set. Histograms showing the HCHO variation (measurements) are included at the bottom.

Performance is shown as a function of concentration, since aggregate statistics (such as

overall r2) do not capture range-dependent error and can be misleading.[59][60]

Using anywhere between 5 and 100 nearest neighbors produces reasonable results.

Increasing the number of points included in the average beyond 100 degrades performance

by including irrelevant points that bias the estimate toward the mean. The error from this

effect is most pronounced at the extremes of the meauserement range. If all data points
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Figure 2.3: Data points used for estimation of a ‘missing’ HCHO measurement from the
planetary boundary layer during the SONGNEX research flight. The red marker indicates
the masked point to be imputed. The cyan markers show the points that would be used
for imputation by linear interpolation, and the blue markers show points with similar
conditions identified for the adaptive average. The background shows the (smoothed)
spatial distribution of ozone in the planetary boundary layer, which was the strongest
predictor for HCHO.
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Figure 2.4: Plots showing error analysis used for tuning the number of points to be included
in the adaptive average. The left plots show results from the GoAmazon data, and the
right plots show results from SONGNEX data. The top plots show mean absolute error, the
middle plots show bias, and the bottom plot shows the distribution of HCHO concentrations
in each data set.
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Figure 2.5: Plots showing error analysis used for tuning the number of points to train the
neural network. The left plots show results from the GoAmazon data, and the right plots
show results from SONGNEX data. The top plots show mean absolute error, the middle
plots show bias, and the bottom plot shows the distribution of HCHO concentrations in
each data set.

are included (in an unweighted average), the adaptive average becomes the measurement

mean.

Figures 2.5 and 2.6 show impacts of changing the size of the training set for the NN and

regression learner, respectively. The ANN performance increses with the size of the training

set, and including fewer than 250 points markedly reduces performance. The regression

learner performs relatively well regardless of the size of the set, except that estimates for
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Figure 2.6: Plots showing error analysis used for tuning the number of points to train the
regression learner. The left plots show results from the GoAmazon data, and the right plots
show results from SONGNEX data. The top plots show mean absolute error, the middle
plots show bias, and the bottom plot shows the distribution of HCHO concentrations in
each data set.

high concentrations were biased low if fewer than 250 data points were included in the

GoAmazon data set.

2.3.4 Adaptive Average Weighting

The hyperparameter ρ in equation 2.6 controls the weighting of points in the adaptive

average depending on their distance. The effect on neighbor significance is shown for

an example point in figure 2.7, which traces the stepwise calculation of the cumulative

mean with varying values of ρ. The more negative the value of ρ, the less responsive

the mean to the addition of subsequent points. For points whose neighbors’ values are

distributed randomly around the mean, the same average is quickly attained regardless

of weighting scheme. The impact of ρ on overall imputation performance is quantified in

figure 2.8. Estimates from the GoAmazon data set were relatively insensitive to ρ except
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Figure 2.7: Distance values of nearest neighbors as a function of their distance from the
masked point (calculated from the z-scores as in equation 2.5. The cumulative mean is
shown with the stepwise addition of each point.

for imputation of higher concentrations, where ρ ≤ −10 produces slightly better results.

For the SONGNEX data set −10 < ρ < 0 produced the lowest mean absolute error, and

bias was not significantly impacted by any value of ρ.

2.3.5 Neural Network Architecture

For the data sets tested, the performance of the NN was very robust to configuration of the

hidden layers. Only a few nodes were needed for effective pattern recognition training.

Single and multilayer configurations were tested, with results shown in figure 2.9. Good

performance was attained with a single hidden layer containing 5 nodes, as shown in figure

2.10.

2.3.6 Neural Network Replicates

Because NNs do not train deterministically, different results may be obtained with each

training. Consequently, a multiple imputation scheme was adopted. NNs were repeatedly

reinitialized and retrained, then the mean is calculated from the collection of replicate

outputs. A minimum of 20 replicates are run to ensure sufficient sample size. The retrain-

ing continues until 6 replicates in a row do not change the mean by more than 0.5%, at

which point the cycle is halted. Figure 2.11 shows the results of 100 NN replicates (more
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Figure 2.8: Plots showing error analysis used for tuning the number hyperparameter ρ,
the distance exponenent in the weighting function. The left plots show results from the
GoAmazon data, and the right plots show results from SONGNEX data. The top plots
show mean absolute error, the middle plots show bias, and the bottom plot shows the
distribution of HCHO concentrations in each data set.
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Figure 2.9: Plots showing error analysis used for testing various NN configurations on
the GoAmazon data set (left) and SONGNEX data set (right). The top plots show mean
absolute error, the middle plots show bias, and the bottom plot shows the distribution of
HCHO concentrations in each data set.
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Figure 2.10: Diagram of the NN configuration generated for imputing HCHO in the
GoAmazon data set.
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Figure 2.11: Statistical analysis of NN outputs for 100 training replicates for the same point.
The histogram on the left shows the distribution of estimations. The upper right figure
shows the value of each estimate and stepwie calculation of the mean (blue trace). The
bottom right figure shows the change in mean with each successive addition (blue trace),
along with the threshold for stable mean (dotted black line) and the replicate at which the
criteria are met (solid black line).

than necessary). The left panel histogram displayes the distribution of NN estimates for

imputation of a given point. Each estimate is shown in the upper right hand panel (black

circles) along with the mean including all estimates up to a given replicate (blue trace). The

blue trace in the lower right panel shows the change in the mean with the addition of each

successive estimate. The horizontal dotted line shows the threshhold selected for halting

(0.75%), and the vertical black line indicates the replicate at which the criteria were met.

For the majority (65%) of data points, a stable mean triggered NN halting as soon as the

minimum number of replicates was completed. Figure 2.12 shows the frequency of NN
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Figure 2.12: Number of NN replicates required to meet halting conditions (<0.5% change
in mean with the inclusion of 6 successive replicates) in the GoAmazon data set. The 65%
that halted at the minimum number of estimates (20) are not shown; these are statistics for
the 35% that required more replicates.

training cycles for the GoAmazon data set that required more than the minimum number

of replicates to achieve the halting criteria (i.e. the other 35% of data points). More than

90% of points required ≤30 replicates.

2.3.7 Intercomparison

Figure 2.13 shows pointwise intercomparison of the imputation methods. A data point

whose reconstructed value matches the true masked value falls on the 1:1 diagonal. The

further from the diagonal, the more that a point was under/over predicted. The top plot

shows comparison for HCHO imputed during the GoAmazon campaign (with comparison

to diel average) and the bottom plot hows the comparison for HCHO during the SONGNEX

flight (compared to linear interpolation over the ∼36 km synthetic gaps).

The intercomparison between all methods for imputing HCHO is displayed in figure

2.14 (GoAmazon on the left, SONGNEX on the right). The performance is quantified as a

function of the feature range to display variation in performance at varying concentrations.

The top panels show the mean absolute error, and the middle panels show the bias. The

bottom panels show the distribution of HCHO in each data set, for reference.
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Figure 2.13: Pointwise intercomparison of imputation methods with GoAmazon ground
measurements on the top and SONGNEX flight measurements on the bottom. A data point
whose reconstructed value matches the true masked value falls on the 1:1 diagonal. The
further from the diagonal, the more that a point was under/over predicted (to the right
and to the left, respectively).
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Figure 2.14: Intercomparison of imputation methods for HCHO field data (GoAmazon
left, SONGNEX right). The top panels show mean absolute error (MAE) at varying con-
centrations, with with the pointwise average MAE for each method in the legend text.
The middle panels show the bias as a function of concentration, with the average bias in
the legend text. The bottom panels show the distribution of HCHO in each data set, for
reference.
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The measurement mean (gray trace) performs poorly as a substitution for all points.

Naturally, the bias and error are most exaggerated at the extremes of the concentration

range.

The diel average (brown trace, GoAmazon at left) exhibits more error than the mul-

tivariate methods and significant bias (up to -40%). The bias at high concentrations is

problematic when modeling days with pollution events, since the diel average introduces

a strong negative bias (see figure 2.15 highlighting this underestimation for isoprene, a

biogenic precursor for photochemistry that leads to the production of ozone and secondary

aerosol).

The linear interpolation (Figure 2.14 brown trace, SONGNEX at right) performs better

than the measurement mean. The 5-minute mask means that any feature <30 km in scale

will be entirely missed by the linear interpolation, so overlooked enhancements result in

negative bias at higher concentrations.

The multivariate methods produce significantly better results in both data sets, with

mean absolute error less than half of the univariate methods. Additionally, bias is markedly

reduced across the range of concentrations (≤15%). The NN performed the best in both

data sets, followed the adaptive average.

Figure 2.16 shows the performance of each imputation method on the ozone measure-

ments during both field campaigns. Figure 2.17 shows performance for imputating the

number concentration of fine particulate matter (optical diameter 0.004-1.0 µm) during the

SONGNEX flight.

2.4 Conclusions

A variety of machine learning tools (lazy learners, neural networks, regression learners)

are flexible and effective for filling gaps in atmospheric data sets. Which measurement

types should be used as inputs can be ascertained by stepwise feature selection algorithms.
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Figure 2.15: Intercomparison of adaptive average and diel average imputation estimates
for isoprene during GoAmazon. A data point whose reconstructed value matches the true
masked value falls on the 1:1 diagonal. The further from the diagonal, the more that a
point was under/over predicted (to the right and to the left, respectively).

Performance was quantified by leave-one-out error estimation on a variety of measurement

types (HCHO, ozone, isoprene, particulate matter) for ground and flight data. For all

intercomparisons, the specialized NN produced the best estimates for ‘missing’ data points,

across a wide variety of features and conditions. The adaptive average performs nearly as

well, and requires no replicates. The barrier to adoption of this method is low, since the

nearest neighbor search on z-scores is simple in concept and implementation.

While a wide range of values for each paramater was tested here for the sake of thorough
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Figure 2.16: Intercomparison of imputation methods for ozone field data (GoAmazon left,
SONGNEX right). The top panels show mean absolute error (MAE) at varying concentra-
tions, with with the pointwise average MAE for each method in the legend text. The middle
panels show the bias as a function of concentration, with the average bias in the legend
text. The bottom panels show the distribution of ozone in each data set, for reference.
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Figure 2.17: Intercomparison of imputation methods for fine particulate matter (optical
diameter 0.004-1.0 µm). The top panels show mean absolute error (MAE) at varying
concentrations, with with the pointwise average MAE for each method in the legend text.
The middle panels show the bias as a function of concentration, with the average bias in
the legend text. The bottom panels show the distribution of ozone in each data set, for
reference.
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quantification, such analysis is not necessary for initial application to new data sets. For

most of the parameters, a wide range of values resulted in accurate imputation. For

NN imputation, a configuration with a single hidden layer containing 5 nodes should

provide a good starting point. For the adaptive average, there is some redundancy between

the number of neighbors included in the average and the ρ exponent (e.g. for a given

weighting function, a similar result can be acheived with more neighbors and a more

negative exponent). Consequently, initial performance can be tested with ρ = 0 over

varying number of neighbors. For the data sets tested here, averages using 10-35 neighbors

provided good results, however this will depend on each data set and its time resolution.

Upon application to a new data set, the imputation performance should be assessed

by some method of cross-validation on the training points such as the leave-one-out error

analysis described in §2.2.4. This is necessary to provide an estimate of the error and bias to

expect from imputed values, in order to ascertain the overall validity of a given imputation

method for that particular data set. Additionally, the error distribution for each target

feature could be used to produce a bias-corrected jackknife estimate for imputed values.

2.5 Future work

While presented in the context of imputation, these methods can be applied to combining

data from collocated instruments onto the same timebase. Timepoints containing data

from the feature sampled less frequently serve as the training set to ‘impute’ the slower

timeseries onto the faster timebase. This is likely to produce better results than linear

interpolation for timebase matching, especially if multiple measurements already exist on

the faster timebase.

With some light modifications, the multivariate methods described in this paper could

be tested for forcasting atmospheric chemistry (instead of imputation). Nearest neighbors

would be identified from similar conditions as above, however the learners would be
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trained to predict the derivative the target feature instead of its absolute value. The methods

would thus predict the chemical gradient based on the chemical gradients of the nearest

neighbors. Preliminary stepwise feature selection would be carried out with the same

predictors, with the feature derivative as the response variable. Outside of the context of

imputation, the value of the target feature can be included as a method input.

Estimates for all of the gaps in a data set can be calculated simultaneously using an

iterative expectation maximization technique popularized by the Netflix prize for new

recommender systems.[31][22] These methods take advantage of a singular vector decom-

position (SVD), a dimensionality reduction technique that produces the best low-rank

approximation of any input matrix. Missing data to be imputed are filled in with any rough

estimate (e.g. measurement mean) and the decomposition is calculated. Then the SVD is

used update the initial estimates for the missing point; this process repeats until estimates

converge. This technique is effective even for extremely sparse (e.g. 99% missing) matrices,

and has great potential for atmospheric measurements.
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3 identification of planetary boundary layer height from

self-similarity in vertically-resolved measurements

ABSTRACT: The height of the planetary boundary layer (PBL) significantly impacts pollu-

tant concentrations near the ground by affecting the extent of vertical mixing. The structure

of the atmosphere changes over the course of the day, and the dynamic PBL height must be

measured or estimated for many chemical and meteorological models and forecasts. This

work details a new method determining the height of the PBL from in-situ measurements

passing through both layers (e.g. radiosonde or flight data).

The PBL and free troposphere (FT) are largely decoupled, so variation between the PBL

and FT is greater than variation within each layer for many physical/chemical quantities.

Consequently, techniques from cluster analysis can be used to identify the height of the

PBL based on self-similarity in vertically-resolved measurements. This is accomplished by

identifying the global maximum in cluster evaluation indices calculated for hypothetical

partitions at each height measured during a given profile.

Evaluation using silhouette values and Calinski-Harabasz indices both yield clear

maxima in agreement. Techniques and shortcomings of forward clustering algorithms

(centroid-based, density-based, and Gaussian mixtures) are discussed.

This approach is demonstrated on flight data sets from the Pan-European Gas Aerosol

Climate Interaction Study (PEGASOS 2013, zeppelin) and Shale Oil and Natural Gas

Nexus (SONGNEX 2015, WP-3D Orion) field campaigns. This analysis requires no param-

eterization and is shown to be robustly applicable to multiple classes of measurements

(metorological, trace gases, volatile organic compounds, reactivity).
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Figure 3.1: Measurements from the first SONGNEX vertical profile. Specific humidity (SH),
potential temperature (θ), ozone (O3), and formaldehyde (HCHO) exhibit discontinuities
near z′ ∼ 650 m.

3.1 Introduction

The lowest layer of the atmosphere is the planetary boundary layer (PBL), often topped by

a capping inversion layer, and above that the free troposphere (FT). Since vertical mixing

occurs mostly within the PBL, its height (z′) plays a key role in determining pollutant

concentration near the surface. Knowledge of the diurnal PBL height is useful for many

air quality models, and must be modeled or measured. Consequently, a common motif in

aircraft campaigns is to periodically fly vertical profiles (e.g. from 500 m to 2000 m and

back) in order to map out the structure of the atmosphere. Current methods for identifying

the boundary layer height from in-situ data rely on identifying particular features in the

profiles such as: gradients in specific humidity (SH), potential temperature (θ), or derived

Richardson number.[56][53]
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Figure 3.2: Measurements from the first SONGNEX vertical profile. Specific humidity (SH),
potential temperature (θ), and ozone (O3). The data are colored by height to highlight the
separation between clusters near z′ ∼ 650 m.

An alternative paradigm is presented here, exploiting the self-similarity of data within

a given atmospheric layer. Methods for cluster analysis and cluster evaluation can adeptly

discern z′ from the topology of vertically-resolved measurements. For illustration, figures

3.1 and 3.2 show typical data for a PBL→FT profile, from the first ascent of a SONGNEX

research flight on 2015.04.13 (details regarding the measurements, platform, flight plans,

and research goals are available elsewhere[42]).

Figure 3.1 shows the specific humidity (SH), potential temperature (θ), ozone (O3), and

formaldehyde (HCHO) from this first SONGNEX profile, where z′ ∼ 650 m. The left two

panels show that the PBL is relatively moist with low θ, while the FT is drier with higher θ.

The right two panels show corresponding discontinuities in mixing ratios that occur at the

z′.

Figure 3.2 shows scatter plot of SH, θ and O3 (the left three panels of 3.1) with height

indicated by color. The cold moist air in the PBL clusters to the right side of the figure,
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while the warm dry air in the FT clusters to the left side. The colorscale highlights the large

margin between clusters in the data corresponding to a small height difference around z′

This two-cluster topology is a natural feature of data from multiple layers of the atmo-

sphere, and techniques described here all seek to discern the height that best partitions

the measurements into ‘best’ clusters. These methods requires no parameterization, and

thus no subjective selection of criteria or threshold values. Artifacts within a layer arising

from stratification, advection, or other odd vertical structures that confuse gradient search-

ing algorithms generally result in shifts within a cluster, so the results are robust to such

disruptions.

3.2 Theory

3.2.1 Data Preparation

Any subset of data features (either chemical and/or meteorological) that exhibit discon-

tinuties between the PBL and FT can be used to identify the clusters. Several example

profiles will be shown for SH and θ, since these are widely available from radiosonde

measurements. In order to remove artifacts due to differences in arbitrary unit scales, each

feature is normalized to zero mean and unit standard deviation.

3.2.2 Distances

Multiple methods for defining distances between points provide reasonable results, includ-

ing: Minkowski ‘taxicab’ (L1-norm), Euclidean distance (L2-norm), and squared Euclidean

distance. The Lp-norm distance dp between two points a and b is calculated from the

differences in their m features according to:

dp[a, b] = (|b1 − a1|p + |b2 − a2|p + ...+ |bm − am|p)1/p (3.1)
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Figure 3.3: L2-norm similarity matrix for a PBL→FT ascent. Clusters appear as self-similar
blocks along the diagonal, so z′ is visually apparent.

The L2-norm is used unless otherwise specified.

Figure 3.3 shows the pairwise distance calculated between all points in a single profile,

normalized onto (0, 1). The two diagonal blocks of self-similar data points correspond to

the PBL and FT layers, whereas inter-layer pairings appear off-diagonal at greater distances.

3.2.3 Forward clustering algorithms

It is possible to start with unlabeled data from a profile and apply various cluster analysis

algorithms to search for the optimal partitioning. These methods generally identify the

majority of data points correctly, however there are occasional misidentifications (e.g. a few

points scattered throughout the FT assigned to the cluster corresponding to the PBL, or
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vice versa). The z′ can be approximated by finding a height that separates as many points

as possible (including erroneous nonphysical assignments). For example, let χα(h) be the

fraction of points in α below h, and let χβ(h) be the fraction of points in β above h. Then the

best estimate for height z′ is hest such that χα(hest) ∼ χβ(hest). Lower values of χ satisfying

this equality indicate better clustering assignments.

This approach was used to cluster the data by centroid-based methods (k-means and

k-medoids)[2][33][29][44], density-based methods (Density-based spatial clustering of

applications with noise “DBSCAN")[19][24], and expectation maximization on Gaussian

mixture models.[38]

While all of these models produced reasonable clustering results, the index evaluation

methods in §3.2.4 are strongly recommended over these approaches. The forward clustering

algorithms described here are sub-optimal in many respects: (1) most are probabilistic and

requiring multiple replicates until convergence, (2) they search a larger space of possible

subsets that includes many configurations that are not physically possible, so (3) the

algorithms tend to find local minima in the space of almost-allowed subsets that must then

be used to roughly approximate hest in the space of truly possible configurations.

To the contrary, the index methods presented below are deterministic, so a single

sweep across possible partitionings from bottom to top will always provide a single global

maximum from the domain of allowed subsets.

3.2.4 Cluster Evaluation Methods

For a vertical profile with N data points, there are slightly fewer than N physically-possible

partitionings of the data that could represent the atmospheric layers. A possible partitioning

Pn can be generated for each nth data point.

Pn → α : {x1, x2, ..., xn} & β : {xn+1, xn+2, ..., xN} (3.2)
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For each of these partitionings, clustering evaluation indices are calculated to measure the

‘goodness’ of the fit. The Pn resulting in the global maximum for clustering evaluation

represents the ‘best’ partitioning and corresponds to z′.

3.2.4.1 Silhouette criterion values

The silhouette index provides a simple method for cluster consistency evaluation, by

calculating how well each point is classified by the assigned memberships.[29][47]

A silhouette value S(j) is calculated for each individual point j by comparing the

average distances to other points within the same partition (cluster γ containing nγ points)

and the other partition (cluster ϕ containing nϕ points).

The average of its distance to points within the same cluster

Dγ(j) = n−1
γ

∑
x∈γ

d2[x, j] (3.3)

and the average distance to points in the other cluser

Dϕ(j) = n−1
ϕ

∑
x∈ϕ

d2[x, j] (3.4)

are compared and normalized according to

S(j) = Dϕ(j)−Dγ(j)
max{Dϕ(j), Dγ(j)}

(3.5)

to yield a silhouette value between -1 and +1 where higher values indicate a better parti-

tioning.

The overall silhouette index for a given partitioning is determined by averaging the

silhouette values of each point. This is typically calculated by assuming empirical prior

probabilities and weighting the contribution of each cluster proportionally to its size.

However, this results in slight dependency on the ratio of data points measured in the PBL
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versus FT. Instead, it is better to use an equal (i.e. non-weighted) average to produce an

overall index that is independent of data set boundaries as long as both layers are sampled.

While the L1-norm, L2-norm, and squared Euclidean distances all provide good results,

the use of square Euclidean distance is recommended, since the increased significance of

very dissimilar points reduces artificial local maxima near the ends of a profile (though no

profiles have been encountered where these small artifacts near the edges result in incorrect

identification of the global maximum).

3.2.4.2 Calinski-Harabasz criterion values

The variance ratios within and between clusters are used to calculate the Calinski-Harabasz

criterion index for each partitioning.[8] Letmi be the centroid of cluster i containing ni data

points, and c be the center of the sample data. The within-cluster variance is calculated

according to

DW =
∑
x∈α

(d2[x,mα])2 +
∑
x∈β

(d2[x,mβ])2 (3.6)

and the between-cluster variance by

DB = nα(d2[mα, c])2 + nβ(d2[mβ, c])2. (3.7)

The overall Calinski-Harabasz index is calculated as:

CH = (nα + nβ − 2)DBD
−1
W . (3.8)

3.3 Results

3.3.1 Forward Clustering

For brief illustration, figure 3.4 shows the application of k-medoids clustering on the

first ascent from the SONGNEX 2015.04.13 flight over Denver, Colorado, USA. The right
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Figure 3.4: Specific humidity (SH), potential temperature (θ), and ozone (O3) for the first
ascent on the SONGNEX 2015.04.14 flight. The right pane shows orange χα(h) and yellow
χβ(h) traces, along with red line indicating hest

panel shows χα(h) and yellow χβ(h) traces, which cross at hest = 681 m, where χα(hest) ∼

χβ(hest) ∼ 0.02.

3.3.2 Comparison of Indices

Figure 3.5 demonstrates the application of silhouette values and the Calinski-Harabasz

index to the first three ascents during the SONGNEX flight (top to bottom). Both cluster

evaluation measures identify ideal partitionings corresponding to z′. The greatest difference

between methods is a negligible 35 m uncertainty on the first profile. Moving forward, the

Calinski-Harabasz index is used to select the best partitioning. Note extreme variability

in SH for the third ascent; the wide range of values in the PBL may confuse a forward

clustering algorithm. However the resulting irregularities in the evaluation indices occur

away from the global maximum and consequently have no impact on the determination of
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Figure 3.5: Specific humidity (SH) and potential temperature (θ) for the first three ascents
on the SONGNEX flight. The silhouette values and the Calinski-Harabasz indices for
each partitioning are shown at left, along with the height corresponding to their global
maximum.
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z′.

Figure 3.6 shows that identification of two-cluster topology is relatively independent of

selection of feature subsets, as long as they are appropriately decoupled between layers.

The top panel shows z′ calculated as in figure 3.5. The middle panel shows identification

using only trace gases (ozone, formaldehyde, and carbon monoxide). The bottom panel

shows application to only volatile organic compounds measured by chemical ionization

mass spectrometry. These calculations using mutually-exclusive subsets of the data all

agree z′ = 665± 25 m.

Figure 3.7 shows application to the first three ascents of the 2013.05.19 flight during Pan-

European Gas Aerosol Climate Interaction Study (PEGASOS) over Jämijärvi, Finland. The

relative humidity (RH), potential temperature (θ), and hydroxyl reactivity measurements

(kOH) are selected for evaluation. Even with sparse kOH measurements relative to the

1 Hz meteorological measurements, z′ is easily identified evaluating the ∼ 35 all-present

data points.

3.4 Conclusions

Methods from cluster analysis are adept at identifying the boundary in the two-cluster

topology that arises natural from data sets that include measurements from both the PBL

and FT. The silhouette value and Calinski-Harabasz indices evaluated over all physically-

possible subsets produce a global maximum at the altitude corresponding to the height of

the planetary boundary layer (z′). These methods are robust to measurement noise, feature

selection (see figure 3.6), and minor anomalies in atmospheric structure (see SH in bottom

panel of figure 3.5).
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Figure 3.6: The Calinski-Harabasz index method is used to find z′ for the first SONGNEX
ascent using three mutually-exclusive subsets of measurement types: meteorological (top),
trace gases (middle), volatile organic compounds (bottom).
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Figure 3.7: Relative humidity (RH), potential temperature, and hydroxyl reactivity mea-
surements (kOH) during the first three ascents on the PEGASOS flight are evaluated by
the Calinski-Harabasz value to find z′.
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3.5 Future Work

A natural next step is investigation of atmospheric structure above PBL/FT boundary. If

other layers are sufficiently decoupled, the principle should hold and produce reasonable

results.

The ‘In-service Aircraft for a Global Observing System’ (IAGOS) project equips commer-

cial aircraft with instruments to measure several trace gases (O3, CO, CO2, CH4, NOx, NOy,

H2O) in addition to the meteorological data necessary for navigation. These flights produce

vertical profiles from airports around the world on an hourly or daily basis. This data set

could be assimilated with the methods described here to generate continuously-updating

estimates of planetary boundary height near airports around the world.
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4 assessment of satellite capabilities for discerning hcho,

o3, and no2 enhancements from multiple sources

ABSTRACT: Instruments to be deployed on new and upcoming satellites, such as TROPOMI

(2017 launch) and TEMPO (2018/19 projected launch), will be capable of measuring air

quality-relevant species at unprecedented spatial and temporal scales. However, studies on

the degree of detail that this will afford are lacking. This work addresses the question: Given

a region with a complex scene featuring signatures from multiple types of anthropogenic

activity, what spatial resolution and chemical precision are necessary to resolve plumes and

distinguish between emissions types? These specifications are studied for formaldehyde

(HCHO), nitrogen dioxide (NO2), and tropospheric O3.

Chemical and physical parameters measured via aircraft in the boundary layer and

free troposphere (FT) during the Shale Oil and Natural Gas Nexus (SONGNEX 2015) field

campaign are employed to view chemical enhancements from biomass burning and urban

outflow over the region northeast of Denver, Colorado. The spatially and temporally

resolved in-situ data are used to calculate the planetary boundary layer contributions to the

column densities for HCHO, O3, and NO2. The converted data are mapped with varying

constraints imposed to mimic measurement limitations. Pixel footprint resolution is probed

using 2D spatial bins, and the loss of detail due to uncertainty in measurements is emulated

by 1D signal bins to mask gradients that are finer than the instrumental precision.

First, the spatial resolution and chemical precision limits are studied for each species.

Second, the scene is emulated using the specifications for TROPOMI and expected perfor-

mance for TEMPO, in order to assess the degree to which their retrievals will be able to

discern the signatures of various activities, and to ascertain the information that may be

derived from trace gas enhancements.
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4.1 Introduction

Satellites provide a wealth of information pertinent to atmospheric chemistry and air

quality, including both meteorological and chemical data. The types of scientific questions

that can be answered with a given data set depend on its spatial and temporal coverage,

and the quality of the measurements.[32][58] With each new generation of remote-sensing

instruments, the level of detail recorded improves dramatically, both in terms of decreasing

pixel footprint and increasing sensitivity.[4][7][54][66]

This work considers satellite measurements of formaldehyde (HCHO), ozone (O3), and

nitrogen dioxide (NO2). Tropospheric O3 is an EPA criteria pollutant that is detrimental to

both agricultural activities and human respiratory health.[1][37][55] Formaldehyde is a

valuable tracer for multiple emissions types and photochemical processes related to the

production of tropospheric O3 and secondary organic aerosol.[11][25][28][61][13] In the

biomass burning plume studied below, HCHO is strongly correlated (r ∼ 0.9) with fine

particulate matter, another EPA criteria pollutant that damages both the respiratory and

cardiovascular systems.[15][52][17]

Spatial resolution is an important limit to the utility of satellite data since pollutants

vary on scales smaller than a satellite pixel and impact regions’ chemistry and air quality

in ways not apparent from the measurements. Likewise, the instrumental precision of the

chemical measurements plays a large role in determining which complex features of air

chemistry can be detected.[20]

These limits are investigated using data collected during a Shale Oil and Natural Gas

Nexus (SONGNEX 2015) field campaign research flight that systematically mapped the

spatial distribution of pollutants in the planetary boundary layer over a 80 x 70 km region.

The flight track pattern provided ideal conditions for converting in-situ measurements

to column density contributions in order to systematically regroup data into various

configurations that emulate instrumental limitations for remote-sensing platforms.
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4.2 Methods

4.2.1 Measurements

Flights for the SONGNEX campaign were conducted during April-May of 2015 onboard

the NOAA WP-3D research aircraft. Details regarding the measurements, platform, flight

plans, and research goals are available elsewhere.[42]

Measurements for HCHO were obtained using the NASA In Situ Airborne Formalde-

hyde (ISAF) instrument with 10% accuracy.[9] The O3 data were obtained by NO-induced

chemiluminescence with 40 pptv + 5% uncertainty.[49][46] Measurements for NO2 were ob-

tained using the NOxCaRD cavity ringdown absorption spectrometer with±5% accuracy.[21]

Measurements for CH4 were obtained by IR laser absorption in a high-finesse cavity (Pi-

carro) with ±1.2âŁ‰ppb accuracy.[45][12] A nucleation-mode aerosol size spectrome-

ter (NMASS) and ultra-high sensitivity aerosol spectrometer (UHSAS) measured several

properties of fine particulate matter with optical diameter 0.004 - 1.0 µm: number con-

centration (±9% accuracy), surface area (+22%/-12% accuracy), and volume (+36%/-18%

accuracy).[6][5] All measurements were collected at 1 Hz.

Occasional gaps (<50 s once per hour) in observed HCHO were estimated by regression

using well-correlated tracers: acetaldehyde (r = 0.84), acetic acid (r = 0.90), furfural

(r = 0.86) and propionic acid (r = 0.84). These were measured by H3O+ Time-of-Flight

Chemical Ionization Mass Spectrometry (H3O+-ToF-CIMS).[30][62]

4.2.2 Analysis

4.2.2.1 Converting mixing ratio to column density

While the research flights measure in-situ mixing ratio (χ, e.g. parts per billion), a satellite

measurement is integrated along its line of sight with results reported as vertical columns

(D, e.g. molecules/cm2). To calculate a species’s contribution from the planetary boundary
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layer to the measured vertical column (DPBL), the number density (n, e.g. molecules/cm3)

is integrated from the ground (z = 0) to the top of the PBL (z = z′).

DPBL =
∫ z′

0
dz n(z) (4.1)

Assuming a well-mixed PBL, the vertical profile for number density is calculated from

measured mixing ratios by scaling vertical pressure according to the hydrostatic equation.

Thus,

DPBL = NAP◦χ

RT

∫ z′

0
dz e−z/h (4.2)

= hNAP◦χ

RT
(1− e−z′/h) (4.3)

where P◦ is the pressure at z = 0, T is temperature, h is the scale height of the atmosphere,

NA is Avagadro’s number, and R is the gas constant.

The height of the PBL (z′) was calculated from collocated gradients in multiple mea-

surements during periodic spirals from approximately 500 - 2000 m over fixed points.

The transition from the PBL to the FT is clearly delineated by a sharp decrease in specific

humidity (SH) accompanied by increased potential temperatures (θ), which correspond

with gradients in HCHO and O3. Figure 4.1 shows an example of the measurements during

the first spiral ascent, with the top of the PBL indicated by the red line.

4.2.2.2 Satellite Emulation

While the aircraft measurements provided chemical information on the scale of hundereds

of meters, satellite pixel footprints are on the scale of multiple kilometers. In following plots

that emulate data loss to spatial resolution limitations, the data collected in the PBL are

grouped into 2D bins representing satellite pixels. Analogously, the research flight’s in-situ

instruments measured very fine chemical gradients, whereas satellites have a much coarser

precision. In order to represent how chemical precision limits mask fine variability, the data
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Figure 4.1: The height of the PBL during a given profile is easily identified from discon-
tinuities in specific humidity (SH) and potential temperature (θ). These measurements
from the first PBL→FT ascent are shown here as a function of height above ground level,
alongside HCHO for comparison.

are grouped into bins by concentration. In the same way that two data points separated

by 50 m are highly unlikely to be resolved in a 2 km satellite footprint, two measurements

differing in value by 0.5% are highly unlikely to be meaningfully resolved on an instrument

with 15% precision. These methods for emulating measurement constraints are used to

answer two different questions: (i) what spatial resolution and chemical precision are

required to capture various features of the anthropogenic activity in the PBL, and (ii) what

kind of information are likely to be resolved from new and upcoming satellites, specifically

TROPOMI and TEMPO.

To answer the latter question, those particular satellites’ instruments were emulated by

binning the data according to the specifications for TROPOMI [54][18][57] and expected
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Table 4.1: Emulations of satellite instruments are based off of TROPOMI specifications and
TEMPO expected performance.

TROPOMI TEMPO
Spatial Resolution 7x7 km 2.1x4.7 km
Revisit frequency Daily Hourly
HCHO precision 1x1016cm−2 0.4x1016cm−2

PBL O3 precision 25% 2.6 ppb

performance of TEMPO.[66] Satellite specifications are collected in Table 4.1. TROPOMI

is sun-synchronous and provides global daily coverage with an early afternoon overpass.

TEMPO is geostationary and scans across Greater North America, providing hourly pollu-

tant measurements (the hourly HCHO, SO2, and CHOCHO retrievals are averaged and

reported 3 times/day).

4.3 Results and Discussion

4.3.1 Flight and Observations

This assessment is based on data collected on 2015.04.13 north of Denver, shown in figure

4.2 (colored by HCHO mixing ratio). The P-3 flew a raster pattern in the PBL over an 80

km (E-W) x 70 km (N-S) region, with 5 km N-S spacing and four spirals into the FT over

fixed points at the edges of this work’s field of regard.

The flight sampled three distinct chemical regimes, which are geofenced and designated:

‘Biomass Burning’ [40.485 - 40.635 N, 104.510 - 104.910 E]; ‘Urban Outflow’ [40.020 - 40.1450

N, 104.541 - 104.775 E]; and ‘Background’, [40.270 - 40.611 N, 104.250 - 104.346 E]. Figure 4.3

shows the difference between regions for HCHO, O3, NO2, and CH4. Both polluted regions

contained HCHO enhancements up to 4 ppb. The biomass burning region contained

elevated mixing ratios of ozone. The ‘urban outflow’ plume cointained a mixture of

anthropogenic pollution sources: emisson from Denver (note enhanced NO2) mixed with
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Figure 4.2: Top-down view of the 2015.04.13 flight track, cropped to the portion of the raster
pattern that will be used for satellite emulation. The flight track is colored by formaldehyde,
and the three regions of interest are indicated.

some burning emissions and recirculation of air affected by oil and natural gas activity in

the Denver-Julesburg basin (note enhanced CH4). This region included less ozone relative

to the other regions, however this is also partially due to the fact that this region was

sampled first, leaving less time for photochemical formation.

The burning emissions were due to a fire on farmland 1 km south (upwind) of Galeton,

CO. The source of the plume is captured by the video camera on the P-3, and that event is

the only visible burning in that region of the flight. As shown in figure 4.4, HCHO in the

burning plume correlated well (r ∼ 0.9) with volume of fine particulate matter (0.004 to 1.0

µm diameter), indicating potential for localizing particulate matter pollution events using

HCHO as a tracer. The plume was detected on four legs of the flight spanning >30 min,

after which the P-3 left the area.

As shown by the flight track in figure 4.5, most of the flight mapped the spatial dis-

tribution of species in the PBL. The plane spiraled into the FT four times, spaced out
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Figure 4.3: Histograms of ambient concentrations in the biomass burning (blue), urban
outflow (red), and background (gray) regions, sorted by chemical starting clockwise from
upper left: HCHO, O3, CH4, NO2.

Figure 4.4: HCHO is a tracer for particulate matter in the biomass burning plume
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Figure 4.5: A 3-dimensional view of the flight track, showing the spirals at each corner.
high formaldehyde concentrations and variability are limited to the planetary boundary
layer.

geographically and throughout the flight. The ascent and descent over a fixed point pro-

vided a full vertical profile, and allowed determination of the PBL height. As shown by the

flight track color, HCHO in the PBL exhibits significant spatial variability. However the FT

contains lower concentrations even over regions with enhancements in the PBL, suggest-

ing that the layers are relatively decoupled. Figure 4.6 shows the vertical distribution of

HCHO over the course of the entire flight, highlighting the greater spatial variability and

concentrations in the PBL relative to the FT, which was relatively spatially and temporally

homogenous. Thus the FT simply adds a background offset to satellite measurements, and

pollutants in the PBL will drive spatial variability in the column. Therefore this assessment

of satellite capability to resolve various activities will focus on their PBL contributions to

total column.
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Figure 4.6: Vertical distribution of HCHO over the entire flight. High concentrations and
spatial variability are seen in the PBL, while the FT has lower concentrations and is relatively
homogenous throughout the flight.

4.3.2 Spatial Resolution

Spatial resolution limits the scale of features that can be resolved from space; consequently

the ever-decreasing pixel footprints of newer instruments are dramatically increasing the

level of detail available. For each species, the flight measurements were used to emulate

satellite retrievals while varying pixel footprint sizes over two orders of magnitude to study

at which resolutions various features become discernible. Several levels of detail for HCHO

are included for illustration, along with final results for other species.

Figure 4.7 shows the high-resolution ‘satellite-view’ of HCHO variability (i.e. converted

to column density from the 1-Hz resolution (∼80 m) and 10 pptv accuracy data). With

the highly-resolved data, there is a strong HCHO signature from the biomass burning

(∆HCHO∼1x1016cm−2), and a field of minor HCHO enhancement (∆HCHO∼5x1015cm−2)

around the Denver region. The HCHO hotspot over Denver appears less prominent relative

to figure 4.2 since the high concentration is mixed into a shallow boundary layer (∼650
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Figure 4.7: High-resolution (1x1 km) distribution of HCHO in the PBL in the region of
interest. This shows the emulated satellite perspective with no imposed constraints limiting
spatial resolution or chemical precision.

m). For the remainder of §4.3.2, these data will be spatially binned to varying pixel sizes to

ascertain the level of resolution necessary to discern these features.

Figure 4.8 shows the HCHO distribution at varying resolutions. As shown in the upper

left pane, a minimum resolution of 20 x 20 km is necessary to discern the enhancements

near the fire and urban plume. With this coarse view, the range of concentrations measured

is greatly attenuated, since the signals from localized hotspots appear diluted by nearby

measurements. As indicated by the arrows on the colorbar, the magnitude of the hotspot

is underestimated by a factor of two.

At 10 x 10 km (upper right) the burning plume and field of enhancement north of

Denver are discernible, and regional trends are clear. The intensity of the enhancement

from biomass burning is still attenuated, but less dramatically (∼10x1015cm−2, compared

to the true 15x1015cm−2). Decreasing the pixel footprint to 5 x 5 km (lower left), a relatively



60

Figure 4.8: The effect of spatial resolution on the ability to discern chemical enhancements,
shown for HCHO binned to 4 pixel footprints (clockwise starting from upper left: 20x20km,
10x10km, 5x5km, 2x2km). The color scale is the same in each figure, and the arrows on
the colorbar indicate attenuation of the observed concentration ranges as variations are
averaged into larger pixels, losing information about the extremes.

nuanced image emerges, detailing both plumes and capturing the intensity of the hotspot.

At 2 x 2 km (lower right) the satellite would capture the same level of detail as the high-

resolution view. 2 x 2 km is the lower bound for pixel sizes that can be probed with this

data set, since this method is limited by the distance between legs of the flight.

This analysis was completed for several satellite-viable species; for all studied, a pixel

footprint size on the order of 5 x 5 km was found to capture sufficiently detailed information

about spatial variability and most of the chemical range. This resolution captures significant

detail in the PBL O3, showing the depletion in the Denver plume and enhancement from the

burning plume clearly against the background (figure 4.9). The NO2 is also well resolved
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Figure 4.9: Tropospheric O3 at 5x5 km resolution

Figure 4.10: Tropospheric NO2 at 5x5 km resolution
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Figure 4.11: The effect of chemical precision (signal uncertainty) on the ability to dis-
cern chemical enhancements, shown for HCHO binned from most coarse to most precise
(clockwise starting from upper left: 2x1016cm−2, 8x1015cm−2, 4x1015cm−2, 2x1015cm−2)

at 5 x 5 km, showing details of the plume shape and distribution (figure 4.10).

4.3.3 Chemical Precision

Spatial resolution is only one aspect to evaluate for assessing satellite capabilities; it is

necessary to also consider the measurements’ chemical uncertainty. Limits due to chemical

precision were studied in a manner analogous to spatial resolution. In §4.3.2 high resolution

(e.g. 1 m) data was averaged into larger (e.g. 20 km) bins, to emulate how (for example) a

50 x 50 m feature isn’t visible in a 5 x 5 km pixel. In §4.3.3 high precision (e.g. pptv) data

are averaged into larger (e.g. ppbv) bins. This is meant to emulate how a 1 ppbv gradient
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Table 4.2: Precision necessary to a) discern broad plumes and b) resolve finer details

Resolve: Plumes only Fine variability
HCHO 2x1016cm−2 4x1015cm−2

PBL O3 15 ppb 5 ppb
NO2 1x1018cm−2 5x1017cm−2

CH4 2x1016cm−2 1x1015cm−2

will not be visible to a satellite with 10 ppbv precision.

Figure 4.11 shows this type of analysis applied to the HCHO measurements. While

2x1016cm−2 precision (upper left) registers the burning plume, the minimum precision

necessary to resolve the basics of the scene is 8x1015cm−2 (upper right), at which point

the general enhancements relative to the background register. At 4x1015cm−2 (lower left)

precision it becomes possible to distinguish the finer structure of the two plumes, and

between them an enhancement relative to the background region. Most of the HCHO

features measured in-situ can be captured well with precision as coarse as 150 pptv, which

corresponds to a difference in column of approximately 2x1015cm−2 (lower right). Conse-

quently, at this precision it would be possible to resolve most key details of the chemical

gradients observed during the flight. Analogous analysis on other satellite-relevant species

identified the precision necessary to a) discern broad plumes and b) resolve finer details,

with results in table 4.2.

4.4 Satellite Comparisons

To place these results in the context of actual satellite platforms, various measurements were

emulated for upcoming instruments, taking into account their expected spatial resolution

and chemical precision to assess whether contributions to columns from the PBL will be

discernible. The expected level of detail from TEMPO and TROPOMI is visualized in figure

4.12.
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Figure 4.12: Expected TROPOMI (left) and TEMPO (right) perspectives on the region of
regard, emulating limitations described in Table 4.1. From top to bottom, HCHO, O3,
and NO2. The arrows on the colorbars indicate attenuation of the observed concentration
ranges as variations are averaged into larger pixels.
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4.4.1 OMI

The Ozone Monitoring Instrument (OMI) currently delivers daily measurements from

aboard the NASA Aura platform. Because the spatial resolution is on the same order of

magnitude as the field of regard for this work, the ozone distribution registers as a few pixels

with the same average value. The actual O3 measurements from OMI on 2015.04.13 were

retrieved via the NASA EarthData interface. All pixels in the region of interest registered

∼325 DU with no spatial variability.

4.4.2 TROPOMI

The TROPOspheric Monitoring Instrument (TROPOMI) is a Dutch satellite instrument

launched on the Copernicus Sentinel-5 Precursor satellite in 2017. TROPOMI will measure

O3, CH4, HCHO, aerosol, CO, NO2 and SO2 with 7 x 7 km daily global coverage. Figure

4.12 upper left shows HCHO at 1x1016cm−2 precision, approximating the retrieval from a

single overpass. The enhancements from burning and urban outflow appear separately

distinguishable, however the enhancement between them is not. The lower left of figure

4.12 presents an emulation of the TROPOMI PBL O3 product, which shows greater O3

in the northern portion of the region but does not capture the full level of detail. The

NO2 plume from the urban outflow is discernible, though the intensity of the hotspot is

underestimated by 50%. Given that the∼hour(s) timescale for the biomass burning event is

much less than the resample time of TROPOMI (once per day), an event on the scale of the

northern plume may or may not be captured dependending on the timing. Coincidentally,

the afternoon overpass time of TROPOMI is close to when the plume was encountered.

4.4.3 TEMPO

The Tropospheric Emissions: Monitoring of POllution (TEMPO) instrument is a NASA in-

strument to be a hosted payload flown on a commercial geostationary satellite in 2018/2019.
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TEMPO will make hourly measurements with 2.1 km/pixel resolution in the north-south

direction, 4.7 km/pixel resolution in the east-west direction at the center of the field of

regard. O2, O3, aerosol, and cloud products will be sampled hourly, including 0-2 km O3

and free troposphere O3 for selected target areas. HCHO, CHOCHO, and SO2 will be

reported 3 times/day (hourly samples averaged to attain S/N). Figure 4.12 upper right

shows the emulated HCHO retrieval with 4.3x1015cm−2 precision, representing one of

the thrice-daily measurements. TEMPO captures both the biomass burning hotspots and

the field of enhancement relative to the background. Figure 4.12 lower right emulates the

TEMPO 0-2 km O3 product and captures essentially all of the major features observed

in-situ, including the enhancements and depletion relative to the background. The NO2

retrieval nicely registers the shape of the plume, and only underestimates the hotspot by

30%. Given the timescale and magnitude of the burning plume, it may feasibly register on

one of the scans, and would be dissipated by the next retrieval. In this situation, TEMPO

provides data that highlights a temporally-brief pollution event with heavy particulate

load near residential regions.

4.5 Conclusions

High-resolution in-situ flight data have been filtered and binned to emulate satellite mea-

surements and estimate the level of detail that may be obtained from the PBL contributions

to trace gases’ overall satellite column. Based on this county-scale data featuring multiple

chemical regimes, it is anticipated that satellite pixels on the scale of 5 x 5 km will resolve

many of the chemically-significant features of the spatial distribution of HCHO, O3, and

NO2 (see §4.3.2). The degree of measurement precision necessary to capture the chemical

gradients is identified for each species to provide context for interpreting spectrometer

uncertainties (see §4.3.3 and table 4.2). These technical requirements will be achieved with

the next generation of satellite instruments, drastically expanding the level of detail (both
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spatially and temporally) with which pollutants are mapped (see §4.4). This increases by an

order of magnitude the information content from satellite measurements. It is important

to anticipate this upcoming influx of data and plan how to utilize it for its full explanative

and predictive capacity.

4.6 Future Work

The level of detail expected from TEMPO (see figure 4.12) suggests viability of including

feature classification in the satellite data assimilation process. On-the-fly plume boundary

identification could be coupled with learning algorithms to provide real-time source

localization and emission classification.[50] With the hourly influx of data from TEMPO,

techniques from plume modeling and dynamical tracking could connect pollution events

over consecutive retrievals.[39][51][10]
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5 future work

5.1 Support vector machines

Support vector machines (SVM) are a powerful tool for identifying key data points in enor-

mous data sets, such as those generated by atmospheric measurements.[35][34][43] They

are discriminative classifiers that identify decision surfaces in sparse high-dimensional

data by finding hyperplanes that maximize the margins between different sets. Applica-

tion of kernel methods permits generation of nonlinear decisions surfaces, by a variety

of mathematical tricks. SVM identifies a small number of points that contain the most

information (the“support vectors") and define the boundaries of the margins. Whereas

linear regression and neural nets use all data points, SVM focuses on those that are the

most difficult to classify. Moving a support vector moves a decision boundary, whereas

moving non-support vectors has no impact on classification. This is valuable from an

information-theoretic standpoint by highlighting the key data points whose uncertainty

most impact the the machine outputs. By transposing the input matrix, we study as well

the chemical species and classes of measurements that are most valuable. This can guide

experiment design and hone the most important measurements.

5.2 Super Resolution

Super-resolution methods offer a way to better utilize global satellite data of atmospheric

chemicals and pollutants such as ozone, particulate matter, sulfur dioxide, and nitrogen

dioxide. New satellites are launched every few years, offering more precise and higher-

resolution measurements than their predecessors. However, there are periods where

multiple generations of instruments are simultaneously in operation. When the satellites’

fields of regard overlap, this provides a training data set for improving measurement

estimates from the lower-resolution instrument. When the fields of regard do not intersect,
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then the older instrument’s ongoing measurements can be enhanced by super-resolution.

Additionally, these methods can effectively increase the resolution of older measurements

taken prior to the newer satellite’s launch. Downsampling techniques have been tested

in the visual spectrum [3][65] however we will expand this to apply our super-resolution

techniques to trace gas retrievals as well. Data at lower processing levels may be valuable

for tuning and calibration.

5.3 Markov chain methods & fuzzy comprehensive

decision model

Markvo models are capable of predicting air quality based on the empirical topology of

regional atmospheric chemistry data.[64] A Markov chain model trained on historical local

data predicts air pollution levels, evaluated by a fuzzy comprehensive decision maker.

Additionally, local-to-global methods approximate of air quality over a region containing

nonuniformly-distributed data points.[63] Together these techniques forecast air quality

over an entire region, based on the the current state of the atmosphere (and historical

training data) from heterogeneously-distributed geographically-disjoint measurement

locations. The performance of the inverse-distance weighted interpolation may be tuned

by optimizing scaling coefficients and the distance power, minimizing error as assessed

by jackknife resampling. Air quality data are typically accompanied by measurements

of the wind vector, which can be taken into account to improve interpolation accuracy.

Correlation-weighted interpolation can be included as a corrective term calculated at

each station and interpolated over the region. Meteorological factors such as temperature

are taken into account by defining fuzzy sets for cold, warm, and hot conditions, then

calculating the one-step transition probability matrices for each temperature class.
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5.4 Note on cloud computation

Models for analysis of atmospheric big data require great amounts of processing power,

and many tasks are well-suited to be broken down and distributed. When possible, models

should be written in non-licensed languages (e.g. python rather than MATLAB) to mini-

mize licensing issues with rollout to cloud computation (although there are ways around

this using Docker images or resources such as the the Open Science Grid’s distributed envi-

ronment modules). One must consider the specific nature of the problem to be distributed.

If each step is dependent on one prior, or one in parallel, one must use high-performance

computing (HPC) resources. However a great many problems can be broken down such

that individual instances are not dependent on the results of others! In these cases without

cross-couplings, high-throughput computing (HTC) is sufficient. At the time of writing,

billions of CPU hours per year of HTC resources are available at no cost to academics

in the U.S. through networks such as the Open Science Grid. One should immediately

consider HTC potential when evaluating large models that incorporate any kind of Monte

Carlo sampling, optimization problems, or sweeps of any parameter space. Often, local

code can be easily ported to an HTC environment with only a few modifications and the

addition of a wrapper script for orientation on a given node. For models whose work can

be divided to some degree but include steps that are dependent on previous calculations,

HTC implementation can be attained by the use of Directed Acyclic Graphs (DAGs).
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