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Abstract

Extreme-edge intelligence requires sensing and inference under severe energy, bandwidth,
and latency constraints. In conventional camera-to-processor pipelines, these constraints are
dominated not by arithmetic but by data conversion and movement: dense pixel arrays are
digitized at the sensor, transmitted off-chip, and then processed by downstream accelerators.
This dissertation proposes and develops a Processing-in-Pixel-in-Memory (P?M) paradigm
for energy-efficient intelligence at the extreme edge, in which sensing signals and learned
weights are co-located at pixel granularity so that the front-end stages of convolutional
neural network (CNN) inference can be executed within the image sensor, ideally within the
pixel array itself. By outputting compact feature representations instead of raw frames, the
P?M paradigm reduces analog-to-digital converter (ADC) activity and sensor-to-processor
bandwidth while preserving task performance.

The core premise is that early CNN layers act as feature extractors that can be engineered
to provide strong compression, producing feature maps that are smaller and lower-precision
than raw sensor outputs. Realizing this inside the sensor requires mixed-signal architectures
compatible with stringent pixel-area constraints, and it requires algorithm-circuit co-design
to maintain accuracy under analog non-idealities and reduced precision. Within this frame-
work, the dissertation demonstrates a sensor-compatible in-pixel compute pipeline that
supports multi-bit, multi-channel convolution and integrates key inference operations using
standard readout primitives. In the reported high-resolution TinyML workload configu-
ration, P2M achieves approximately 21x reduction in sensor output bandwidth and up to
approximately 11x improvement in end-to-end energy—-delay product (EDP) relative to
conventional readout-and-process baselines.

To extend the P2M paradigm toward broader deployment, the dissertation further devel-
ops two complementary directions. First, it introduces a Field-Programmable Pixel Convo-

lutional Array (FPCA) that generalizes processing-in-pixel toward a field-reconfigurable



Abstract xvi

front-end substrate. FPCA enables reconfiguration of key CNN front-end parameters, in-
cluding kernel size, stride, and output channel count, through a programmable mapping
framework, improving adaptability across tasks and operating points without requiring a
new sensor design instance.

Second, it develops a robustness-oriented pathway using capacitive transimpedance
amplifier (CTIA)-based in-pixel computing (CTIA-IPC), leveraging CTIA pixel characteris-
tics and a time-domain compute mapping supported by sensor-compatible accumulation
and digitization mechanisms to improve fidelity under practical sensing constraints. In the
reported case-study evaluation, this pathway achieves approximately 12x bandwidth reduc-
tion with only ~1.3-2.5% intersection-over-union (IoU) degradation, and reports throughput
and energy-efliciency values of ~1.98 giga operations per second (GOPS) and ~3.39 GOPS/W
in the evaluated configuration.

Overall, this dissertation establishes the P2M paradigm as a practical foundation for
energy-efficient intelligence at the extreme edge, and demonstrates that sensor-side CNN
front-end processing, when co-designed with circuit behavior, readout constraints, and
deployment requirements, can substantially reduce data movement while maintaining

effective inference performance.



Chapter 1
Introduction

Modern image sensors generate an enormous volume of data. As camera resolution and
frame rate continue to increase, the dominant cost in many vision systems is no longer the
arithmetic required for inference, but rather the movement and conversion of data: reading
analog pixel signals out of a sensor array, converting them to digital values through analog-to-
digital converters (ADCs), and streaming the resulting frames to downstream processors for
machine learning inference. This conventional separation of sensing and compute imposes
fundamental bottlenecks in energy, bandwidth, and latency that become particularly severe
in resource-constrained edge settings, where compute and memory budgets are tight, and
in sensing regimes where accuracy stability under challenging conditions (e.g., low light
and noise) is critical.

A promising direction to overcome these bottlenecks is to bring computation closer to
the sensor. Near-sensor approaches integrate a dedicated accelerator close to the camera,
sometimes through advanced packaging, reducing but not eliminating sensor-to-processor
data transfers. In-sensor approaches place compute circuits within the periphery of the
image sensor die, decreasing off-chip transfers but still requiring significant intra-chip
movement of high-resolution pixel data from the array to peripheral compute blocks. The
most aggressive strategy is in-pixel computing, where computation is performed within
or immediately adjacent to the pixels themselves, enabling massively parallel processing
and minimizing data movement at the source. However, practical in-pixel computing faces
key obstacles: (i) limited pixel area and strict constraints on fill factor and noise, (ii) analog

non-idealities and limited precision, (iii) limited support for the full set of operations needed



by modern convolutional neural networks (CNNs), and (iv) lack of programmability and
scalability in many proposals.

This dissertation addresses these challenges by developing in-pixel computing archi-
tectures and algorithm-circuit co-design methods that embed the front-end stages of CNN
inference directly within CMOS image sensor (CIS) pixel arrays. The central premise is that
the first few convolutional layers of a CNN often act as feature extractors and can be engi-
neered to provide strong compression, producing output feature maps whose dimensionality
and bit depth are significantly reduced compared to raw input frames. If these layers can
be executed inside the sensor array, then only compressed feature representations need to
be digitized and transmitted, yielding large reductions in ADC cost and communication

bandwidth while preserving task accuracy.

1.1 Dissertation Overview and Scope

The technical focus of this dissertation is on processing-in-pixel architectures that implement
multi-channel, multi-bit convolution and associated nonlinear operations within the sensor,
while accounting for analog circuit behavior and system-level constraints. The contributions
are organized around three major thrusts, each advancing the state of in-pixel computing

along a different axis:

1. Feasibility and end-to-end benefit (P>?M). Demonstrating that practical CNN front-
end operations, including multi-bit, multi-channel convolution, batch normalization,
and rectified linear unit (ReLU) activation, can be realized within pixels using manu-
facturable circuit techniques, and that doing so yields substantial reductions in sensor
bandwidth (~21x) and improvements in energy-delay product (up to ~11x) on a
realistic high-resolution TinyML workload.

2. Field programmability and reconfigurability (FPCA). Enabling in-pixel convo-
lution fabrics that can be field-reconfigured across key CNN front-end parameters
(kernel size, stride, and channel count) without redesigning the sensor. The pixel array
is treated as a reconfigurable convolution substrate through switch-matrix mapping
and programmable weight/control mechanisms, enabling adaptation across workloads

and operating points.



3. Robustness and fidelity for practical deployment (CTIA-IPC). Developing in-
pixel computing techniques that improve linearity, stability, and accuracy retention
under real-world sensing constraints such as nonlinearity, noise sensitivity, limited
precision, and low-light operation. A biomedical near-tissue vision workload serves as
a demanding case study, demonstrating 12 x bandwidth reduction with only ~1.3-2.5%

intersection-over-union (IoU) degradation.

Collectively, these contributions demonstrate a progression from establishing feasibil-
ity and quantifying system-level gains (P2M), to enabling field-programmable front-end
mapping (FPCA), to improving robustness and fidelity under practical sensing constraints
(CTIA-IPC).

1.2 Key Challenges in In-Pixel Computing

Making in-pixel computing practical for modern deep learning pipelines requires addressing

several interrelated challenges:

Data conversion and movement costs. Conventional sensors digitize and transmit
full-resolution frames, incurring substantial ADC energy and bandwidth overhead. This
is especially inefficient when downstream inference ultimately compresses or discards
most raw pixel information after early-layer feature extraction. As illustrated in Fig. 1.1,
sensor-to-system-on-chip (SoC) communication alone accounts for 69% of the per-pixel
front-end energy in a conventional CIS pipeline, and data movement (ADC conversion plus
communication) represents 76% of the total front-end cost. By performing early CNN layers
in-pixel and transmitting only compressed features, the front-end energy can be reduced by

over 5X.
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Figure 1.1: Front-end energy breakdown for a conventional CIS pipeline versus in-pixel
computing (P2M) on a 560x560 RGB input using 22nm CMOS technology. (a) Per-pixel
energy breakdown showing that data movement (ADC + communication) accounts for 76%
of the front-end cost. (b) Total front-end energy comparison: in-pixel computing reduces
the number of features requiring ADC conversion and communication from 940,800 raw
pixels to 100,352 compressed features, yielding a 5.2x front-end energy reduction.

Limited pixel real estate and manufacturability. Pixels are optimized for photonic
efficiency, noise, and array density. Embedding computation and weight storage directly
into pixels can inflate transistor count and reduce fill factor, limiting scalability unless the

architecture is carefully designed or weight storage is displaced to a 3D-integrated tier.

Analog non-idealities and limited precision. In-pixel computation often leverages
analog behavior such as voltage/current accumulation and charge integration. The resulting
nonlinearities and mismatch can distort dot products and degrade learning accuracy unless

explicitly modeled and compensated within the training and deployment flow.

Support for complete CNN front-end operations. CNN inference requires more than
dot products. Practical in-pixel execution needs support for signed weights, batch normal-
ization, and nonlinear activation (e.g., ReLU), and must integrate with conventional sensor

readout circuits and timing constraints.



Programmability. Many deployment scenarios require the first-layer parameters to be
tunable across networks and tasks. Fixed-function in-pixel layers limit flexibility, motivating
architectures that can adapt kernel size, stride, channel count, and weight mappings without
redesigning the sensor.

This dissertation targets these issues by combining circuit architecture innovation with
algorithm-level adaptation, so that the network is designed jointly with the sensor compute

substrate.

1.3 Contributions of This Dissertation

This dissertation makes the following primary contributions:

1.3.1 Processing-in-Pixel-in-Memory (P>M)

The first contribution introduces a Processing-in-Pixel-in-Memory (P?M) paradigm that
co-locates input activations (photodiode-generated signals) and multi-bit weights within
pixel structures to implement massively parallel, multi-channel analog convolution. To
support signed weights and nonlinear functions, the approach repurposes existing sensor
circuits, specifically correlated double sampling (CDS) and single-slope ADC, to realize
positive/negative accumulation, batch normalization through counter initialization, and
quantized ReLU activation. A key component is an algorithm-circuit co-design method-
ology that models pixel-level analog non-idealities (captured through SPICE-calibrated
curve-fitting functions) during CNN training, so that the network learns to compensate for
transistor-level nonlinearities. On the Visual Wake Words dataset at 560 x 560 resolution,
P2M reduces sensor-to-processor bandwidth by ~21x and improves the overall energy-
delay product by up to ~11 x, while maintaining classification accuracy within 1.47% of the

uncompressed baseline.

1.3.2 Field-Programmable Pixel Convolutional Array (FPCA)

The second contribution advances in-pixel computing from a fixed-function front-end to-
ward a field-programmable substrate. FPCA introduces a compact 4T pixel architecture with

hybrid CMOS-non-volatile memory (NVM) weight storage that enables post-fabrication



reconfiguration of kernel size, stride, output channel count, and weight values through pro-
grammable switch-matrix routing. This reconfigurability allows the same in-pixel compute
fabric to adapt to different network front-ends and bandwidth-reduction targets rather than
being tailored to a single architecture instance. FPCA also supports practical deployment fea-
tures such as flexible spatial mapping of convolution windows, region skipping for efficiency,
and a novel bucket-select curve-fit modeling approach that accurately captures the analog
non-idealities of the circuit for integration into machine learning training frameworks.
Energy, latency, and bandwidth-reduction analyses on the TSMC 28nm HPC+ technology
node demonstrate the dependence of these metrics on CNN hyperparameters, highlighting

the importance of algorithm-hardware co-design.

1.3.3 CTIA-Based In-Pixel Computing (CTIA-IPC)

The third contribution focuses on improving the robustness and fidelity of in-pixel com-
puting under practical sensing conditions where non-idealities can significantly degrade
dot-product accuracy and downstream model performance. The dissertation develops an
in-pixel computing pathway based on Capacitive Transimpedance Amplifier (CTIA) pixel
structures, which offer superior linearity and low-noise performance compared to conven-
tional 3T/4T active pixel sensors. The approach implements multiply-accumulate operations
using a weight-to-time conversion scheme with 3D-stacked static random-access memory
(SRAM) for per-pixel weight storage, while reusing sensor ADC and digital CDS circuitry
for signed computation, batch normalization, and 4-bit ReLU activation. Using the EndoVis
surgical segmentation benchmark as a demanding biomedical case study, CTIA-IPC achieves
12x bandwidth reduction with only ~1.3-2.5% IoU degradation relative to a software base-
line, while delivering a throughput of 1.98 giga operations per second (GOPS) at an energy
efficiency of 3.39 GOPS/W.

1.4 Organization of the Dissertation

The remainder of this dissertation is organized as follows. Chapter 2 reviews background
on CMOS image sensors, in-pixel and in-sensor computing paradigms, and the algorithm-
hardware considerations needed to integrate CNN front-end operations within sensor

arrays. Chapter 3 presents the Processing-in-Pixel-in-Memory (P?M) paradigm and its



algorithm-circuit co-design methodology. Chapter 4 introduces the Field-Programmable
Pixel Convolutional Array (FPCA) and its reconfigurable mapping approach. Chapter 5
presents the CTIA-based in-pixel computing pathway, emphasizing robustness and fidelity
under practical sensing constraints and validating accuracy—-bandwidth trade-offs on a
biomedical case study. Chapter 6 describes the silicon prototype of the P2M architecture,
including chip fabrication in GlobalFoundries 22nm FD-SOI, test board design, and the on-
going measurement campaign. Finally, Chapter 7 summarizes the dissertation contributions

and discusses future directions.



Chapter 2
General Background

This chapter provides the common background knowledge that underpins all subsequent
technical chapters. We begin with the fundamentals of CMOS image sensor (CIS) readout
and the mixed-signal primitives that this dissertation repurposes for computation. We
then categorize compute-placement approaches (near-sensor, in-sensor, and in-pixel) and
examine the data-movement bottleneck that motivates in-pixel processing, followed by
the convolutional neural network (CNN) front-end operations targeted by our architec-
tures. Finally, we define the system-level metrics used throughout the dissertation, discuss
hardware non-idealities and the algorithm-circuit co-design philosophy, and position the

contributions of this dissertation relative to prior work.

2.1 CMOS Image Sensor Fundamentals and Readout
Primitives

CMOS image sensors (CIS) convert incident light into electrical signals using a two-dimensional
array of pixels, followed by column-level and peripheral readout circuits that condition,
digitize, and transmit the data [3]. While conventional CIS are designed primarily for image
formation, several building blocks in standard readout pipelines, especially correlated double
sampling (CDS) and single-slope analog-to-digital conversion (SS-ADC), can also be viewed
as mixed-signal primitives that support computation near or within the pixel array. This
dissertation leverages these primitives as foundational “in-sensor resources” to implement

parts of convolutional neural network (CNN) front-end inference with minimal disruption



to manufacturable CIS pipelines.

2.1.1 Pixel Array and Column-Parallel Readout

A CIS pixel typically contains a photodetector (photodiode) and a small set of transistors that
enable reset, signal conversion, and readout [3]. Pixels are arranged in a two-dimensional
array, and the readout is commonly organized in a column-parallel fashion: each column
shares analog circuitry (e.g., sample-and-hold, comparator) and often an ADC, while rows
are selected sequentially in a rolling-shutter manner or in groups depending on the sensing
mode [4]. The essential system constraint is that, in conventional operation, the pixel array
produces a dense stream of pixel values that must be digitized and moved off-array, making

ADC energy and data transfer bandwidth key bottlenecks for downstream processing.

2.1.2 APS versus CTIA Pixels

Two pixel families are particularly relevant to this dissertation: active pixel sensor (APS)-

style readout and capacitive transimpedance amplifier (CTIA) pixels.

APS-style pixels. APS pixels are widely used and typically read out a voltage that depends
on the photodiode signal and source-follower behavior [3]. These structures are compact and
array-friendly, making them natural starting points for embedding additional functionality
in the pixel array. In the P2M and FPCA paradigms (Chapters 3 and 4), APS-style operation
provides the baseline sensing functionality while enabling additional in-pixel behaviors via

weight modulation and array-level accumulation.

CTIA pixels. CTIA pixels integrate photocurrent onto a feedback capacitor through an

operational transconductance amplifier (OTA), producing an output voltage

Qphoto

Vu: ]
out Cf

(2.1)

where Qphoto is the collected photocharge and Cy is the feedback capacitance. This rela-
tionship is often more linear with respect to collected charge over the integration interval

compared to APS readout [5, 6]. The linearity and stability of CTIA pixels can be especially
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valuable in regimes where fidelity under low-signal conditions is important. In this disser-
tation, CTIA pixels serve as a pathway to robust in-pixel computing (Chapter 5), where
maintaining multiply—accumulate (MAC) accuracy under practical sensing constraints (e.g.,
low light, noise, and process non-idealities) becomes a first-class design objective.

The APS vs. CTIA distinction is emphasized here not to survey pixel design exhaustively,
but because it motivates why certain compute mappings are more naturally supported, or

more robust, on one pixel class than the other in later chapters.

2.1.3 Correlated Double Sampling as a Differencing Primitive

A key challenge in mapping CNN computations into the sensor is the need to support signed
accumulation (positive and negative weights) while operating with physically non-negative
device parameters (e.g., transistor widths, currents, integration times). Modern CIS often
employ correlated double sampling (CDS) to reduce fixed-pattern noise and reset noise by
capturing two correlated samples and subtracting them [7, 8]. In a typical pipeline, one
sample corresponds to a reset or reference level (Vieset) and the second corresponds to the

signal level (Vj;g); the CDS output is
VCDS = Vsig - Vreset’ (2-2)

which suppresses offset-like noise components.

This dissertation leverages the differencing behavior of CDS as a computational primitive.
Instead of using CDS solely for noise cancellation, the same two-sample-subtract mechanism
can compute the difference of two accumulated quantities, naturally supporting positive
and negative contributions. Specifically, one phase accumulates the dot-product output for
positive weights (counter counts up) and a second phase accumulates the output for negative
weights (counter counts down), so that the final digitized value represents a signed inner
product. This idea is used to enable signed dot products in both P2M-style and CTIA-based

in-pixel computing architectures developed in Chapters 3-5.

2.1.4 Single-Slope ADC and Counter-Based Digitization

In many CIS architectures, especially those emphasizing column-parallel simplicity and
scalability, single-slope ADCs (SS-ADCs) are used for digitization [4, 7]. An SS-ADC com-
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pares the input analog voltage against a linearly ramping reference signal. A counter runs
while the ramp progresses; when a comparator toggles, the latched count encodes the input
voltage. SS-ADCs are attractive because they map naturally to column-parallel layouts and
can share the ramp generator across all columns.

From a compute perspective, SS-ADCs provide two useful properties:

1. Existing infrastructure. SS-ADCs already reside in many CIS readout pipelines,
meaning that repurposing their behavior avoids adding large dedicated compute

blocks in the sensor periphery.

2. Manipulable counter state. If one phase causes the counter to count up and another
phase causes it to count down, the final count directly represents a difference of
two digitized quantities, aligning with the CDS-based signed accumulation described
above. Moreover, clipping behaviors (for example, preventing negative final counts)
can implement simple nonlinearities such as a quantized ReLU-like operation under

appropriate counter control logic.

These properties are used as part of the in-sensor realization of signed accumulation

and activation in later chapters.

2.1.5 Why These Primitives Are Central to In-Pixel CNN
Front-Ends

The in-pixel CNN front-end mappings developed in this dissertation rely on a consistent
design strategy: keep the pixel array highly parallel, perform early compressive operations
(e.g., first-layer convolution and lightweight nonlinear processing), and transmit only a
reduced feature representation to downstream compute. Achieving this within manufac-
turable CIS constraints is made substantially easier by treating CDS and SS-ADC not merely
as sensing utilities, but as reusable mixed-signal compute primitives. This framing reduces
architectural disruption, preserves compatibility with column-parallel readout structures,
and provides a path to implement essential CNN behaviors, including signed accumulation,

normalization and offset handling, and simple activation, within the sensor data path.
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2.2 Categories of Compute Placement and the

Data-Movement Bottleneck

To understand why in-pixel computing is compelling, and where it fits relative to other
approaches, it is useful to organize sensor-centric intelligence solutions by where computa-
tion is placed relative to the pixel array. This section describes three categories: near-sensor,
in-sensor, and in-pixel processing (illustrated in Fig. 2.1), and explains why data movement

and conversion often dominate system cost in conventional pipelines.

Image Sensor

Image Sensor

Image Sensor

Pixel Array Pixel Array Pixel Array
"~ .
+ In-
Full fran}e ?um'Fa_nTe_ ______ N In-Pixel
! . L Compute
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¢ - ADC Array : features 1
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here
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Figure 2.1: Comparison of data movement in three compute-placement approaches. (a) Near-
sensor processing: the full-resolution frame is digitized and transferred off-chip to an exter-
nal processor. (b) In-sensor processing: computation is performed in the sensor periphery
after array readout, reducing off-chip transfer but retaining intra-chip data movement. (c) In-
pixel processing: computation occurs within the pixel array itself, so only a compressed
feature representation needs to be digitized and transmitted. Arrow thickness indicates
relative data volume; red dashed outlines highlight the dominant data-movement bottleneck

in each approach.



13

2.2.1 Near-Sensor Processing

In near-sensor processing, the image sensor remains largely conventional: it captures frames,
digitizes them via column-parallel ADCs, and transfers the full digital output to a nearby
processor (e.g., microcontroller, CPU/GPU, or a dedicated accelerator) located on the same
board or in the same package [9, 10]. This approach reduces the distance data travels
compared to cloud-based processing and can improve privacy and latency. However, it still
requires transferring high-volume digitized image data away from the sensor, so sensor
ADC energy and sensor-to-processor bandwidth remain major bottlenecks, especially for

high-resolution cameras and continuous inference workloads [11].

2.2.2 In-Sensor Processing

In in-sensor processing, some computation is integrated into the sensor die, typically in
the periphery outside the pixel array [12]. By moving compute onto the sensor chip, this
approach can reduce off-chip bandwidth and enable tighter coupling between sensing and
processing. However, many in-sensor designs still require pixel data to be read out of the
array and delivered to peripheral circuits through column buses or array readout paths.
As a result, while off-chip transfer may be reduced, the architecture still incurs the cost
of moving large amounts of data from the pixel array to the periphery, often after full or

partial ADC conversion [12].

2.2.3 In-Pixel Processing

In in-pixel processing, computation is pushed into the pixel array itself, or immediately adja-
cent to it at pixel granularity [13-15]. This is the most aggressive approach for minimizing
data movement because the earliest processing stages occur where the signal is generated.
In-pixel processing can exploit massive parallelism across the array, potentially reducing
both the amount of data that must be digitized and the volume that must be transmitted
downstream. The key challenge is that pixel area, noise, and manufacturability constraints
are strict; therefore, architectures must reuse existing sensor circuitry when possible and

avoid excessive per-pixel overhead.
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2.2.4 Why Data Movement Dominates

In conventional camera-to-processor pipelines, each pixel is digitized (often at 10-12 bits per
pixel) and transmitted as part of a full-resolution frame. For modern resolutions and frame
rates, this produces a large stream of data that must pass through ADCs and communication
links [16]. Importantly, in many deep learning systems, the earliest CNN layers immediately
transform and compress these inputs into feature maps whose spatial dimensions and
effective precision can be much smaller than the raw image. This observation motivates a
key idea explored throughout this dissertation: if a portion of these front-end CNN operations
can be performed within the sensor, ideally within the pixel array, then the sensor can output a
compressed feature representation rather than raw frames.

The P?M paradigm (Chapter 3) demonstrates this principle concretely by mapping multi-
bit, multi-channel convolution and associated operations into the pixel array, leading to
substantial reduction in the amount of data requiring ADC conversion and transmission, on

the order of ~21 x reduction in sensor output bandwidth in the evaluated configuration.

2.2.5 Implications for Architecture Design

This compute-placement viewpoint highlights a core trade-off:

« Near-sensor and in-sensor approaches can reduce or eliminate cloud communica-
tion, but may still incur large sensor readout and ADC costs because raw or minimally

processed pixel data must leave the array.

 In-pixel approaches have the potential to reduce both ADC activity and data band-
width by performing early compressive operations before readout, but must be de-

signed around pixel-area constraints and analog non-idealities.

The architectures developed in this dissertation aim to capture the benefits of in-pixel
processing while addressing these constraints through (i) embedding weights at pixel granu-
larity to enable fixed in-situ convolution (P*M, Chapter 3), (ii) enabling field-reconfigurable
convolution mapping in the pixel array (FPCA, Chapter 4), and (iii) improving robustness and
fidelity under practical sensing constraints using CTIA-based in-pixel computing (CTIA-IPC,
Chapter 5).
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2.3 CNN Front-End Operations Targeted by In-Pixel
Computing

This dissertation focuses on executing the front-end of convolutional neural networks
(CNNs5s) [17] within the image sensor, with emphasis on operations that (i) dominate early
inference cost at high resolution, and (ii) provide strong leverage for data reduction before
readout. In particular, the first one or two convolutional stages often transform raw pixels
into feature maps that are both more compact and more task-relevant than the original
image [18]. By implementing these stages inside the sensor, ideally inside the pixel array, the

sensor can transmit compressed feature representations rather than full-resolution frames.

2.3.1 Convolution and Dot-Product Structure

A two-dimensional convolution layer computes output feature maps by sliding a kernel
across the input image (or input feature maps) and computing a weighted sum at each
position [17, 19]. For an input with Cj, channels and an output with Cgy channels, each
output activation is a dot product between a local receptive field and a learned weight tensor.
While later CNN layers often operate on reduced spatial dimensions, the first layer operates
on the full sensor resolution (or close to it), making the first-layer multiply-and-accumulate
(MAC) count and data movement particularly expensive in conventional pipelines.

In the architectures studied in this dissertation, convolution is mapped into the sensor
using massively parallel operations distributed across the pixel array and column structures.

Two key implementation requirements follow directly from the CNN convolution structure:

+ Multi-channel support. Practical CNN front-ends require accumulation across
multiple input channels (e.g., three RGB channels) or multiple output feature maps.
This motivates architectures that can support multi-channel accumulation without

excessive per-pixel overhead.

+ Multi-bit weights and activations. To maintain accuracy on real-world tasks, the
mapping should support multi-bit values or an effective multi-bit representation

through spatial encoding (e.g., transistor width) or temporal encoding.
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2.3.2 Signed Weights and Positive/Negative Accumulation

CNN weights are typically signed [20, 21]. However, many in-sensor and in-pixel circuits
are naturally constrained to non-negative physical quantities such as currents, charges,
integration times, or transistor conductances. A common strategy is therefore to represent

a signed dot product as the difference of two non-negative accumulations:
1. accumulate contributions from positive weights in one phase, and
2. accumulate contributions from negative weights in another phase, then subtract.

This dissertation adopts that principle and realizes it using sensor readout primitives,
specifically CDS-based differencing and SS-ADC counter manipulation (described in Sec-
tion 2.1), enabling signed accumulation without requiring a full signed analog datapath

inside each pixel.

2.3.3 Stride, Receptive Field, and Output Feature Map Sizing

Three CNN front-end hyperparameters are particularly important when mapping convolu-

tion into the sensor:

« Kernel size (receptive field): e.g., 3x3, 5x5, or 7x7. Larger kernels increase compute
and routing complexity but can improve early feature extraction in some model

families [20, 22].

« Stride: the step size of the sliding window. Increasing stride reduces the output spatial
resolution and can provide strong bandwidth savings, but may reduce accuracy if too

aggressive [21].

« Channel count: the number of output channels determines representational capacity

and affects both compute cost and output bandwidth.

Because these parameters shape both the computational workload and the amount of
output data produced, they also determine the achievable bandwidth reduction when early
layers are executed inside the sensor. The FPCA architecture (Chapter 4) specifically targets
practical deployment by enabling field reconfiguration of kernel size, stride, and channel
count in the pixel-array convolution mapping, allowing the in-pixel front-end to be adapted

across tasks and operating points.
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2.3.4 Batch Normalization and Activation

In modern CNNS, a convolution is typically followed by batch normalization (BN) [23] and
a nonlinear activation such as the rectified linear unit (ReLU) [24]. At inference time, BN

reduces to an affine transformation:
y=oax+f, (2.3)

where « =v/v/02+¢€ and B = Bpxy —Y1/V 02 + € are constants derived from training
statistics (v, BBN, W, 0). This affine structure makes BN particularly amenable to hardware
implementation: the scale factor « can be absorbed into the convolution weights (weight
scaling), and the offset 3 can be implemented as an initialization value in the accumulation
or digitization path.

The ReLU activation clips negative values to zero:
ReLU(x) = max(0,x). (2.4)

In the counter-based SS-ADC readout described in Section 2.1.4, this clipping can be realized
by preventing the counter from latching negative final values after the CDS subtraction
phase.

In this dissertation, BN and ReLU are treated as part of the sensor front-end mapping
rather than as separate downstream steps, and are implemented by reusing readout structures

such as SS-ADC counters and CDS initialization behaviors.

2.3.5 Why the Dissertation Targets the Front-End

The design choices described above are motivated by a consistent system objective: re-
duce the amount of data that must be digitized and transmitted by applying compressive
computation at the earliest possible point in the pipeline. The first convolutional layer
of modern compact architectures such as MobileNetV2 [21] can be configured with large
non-overlapping strides and a reduced channel count to achieve strong spatial compres-
sion while preserving task-relevant features [18]. Executing this front-end convolution,
along with lightweight post-processing (BN and ReLU), inside the sensor can reduce output
bandwidth substantially. For example, the P2M mapping evaluated in Chapter 3 reports
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~21x reduction in sensor output bandwidth, while the CTIA-IPC architecture in Chapter 5
demonstrates ~12x bandwidth reduction while maintaining strong task accuracy on a

surgical segmentation workload.

2.4 Bandwidth Reduction and System Metrics

Because the primary goal of in-pixel CNN front-ends is to reduce data conversion and
movement, this dissertation uses a small set of system-level metrics consistently across
chapters. The most important metric is bandwidth reduction (BR), which quantifies how
much less data must be digitized and transmitted compared to streaming raw pixel outputs.
Energy and latency metrics, particularly energy-delay product (EDP), are then used to

capture end-to-end system benefit.

2.4.1 Bandwidth Reduction

Definition. Let [ denote the number of elements in the raw input image representation
(e.g., RGB pixel values), O the number of elements in the output activation map produced
by the in-pixel front-end layer(s), and Ny, the bit precision of the output activations. BR is
then defined as:

I 4 12

BR=—X-X_—. 2.5
O 3 Ny 25)
Interpretation of factors. The three multiplicative terms in Eq. 2.5 each capture a distinct

source of compression:

+ I/O captures how much the network front-end reduces the number of data elements,

primarily through strided convolution and output channel sizing.

« 4/3 accounts for converting the Bayer RGGB mosaic pattern produced by the sensor
into an effective RGB representation. The raw sensor produces four sub-pixels (RGGB)

for every three color channels; this factor corrects for that conversion.

« 12/Ny, accounts for reducing bit precision from the typical raw sensor depth (often
12 bits per pixel in modern CIS [25]) to the lower activation precision Ny, used by the

quantized front-end output.
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Output size. For a convolutional layer with square input spatial dimension 1, kernel size

k, padding p, stride s, and ¢, output channels, the output element count is:

i—k+2 2
0= (%H) X Co, [=i?x3. (2.6)

All three architectures in this dissertation (P?M, FPCA, and CTIA-IPC) use BR with the
same structure, differing only in the specific values of stride, kernel size, channel count, and
output precision dictated by each design. For instance, P2M achieves a BR of ~21x using a
5x5 kernel with stride 5 and 8 output channels at 8-bit precision, while CTIA-IPC reports a

BR of ~12x using a 7x7 kernel with stride 2 and 16 output channels at 4-bit precision.

Practical note. Throughout this dissertation, BR serves as a system proxy for how much
ADC activity and I/O bandwidth can be avoided by outputting compressed feature maps

rather than full frames.

2.4.2 Energy, Latency, and Energy-Delay Product

To compare conventional pipelines against in-pixel front-end execution, total inference
energy is decomposed into major components, and energy-delay product (EDP) is used as a

compact joint metric.

Energy breakdown. Total energy is modeled as the sum of four components:

F—tot ~ (epix + eadc) : Npix +€com Npix +€mac - Nmac + €read Nreada (2-7)
Esens Ecom Emac Eread

where e,ix and e,q. are per-pixel sensing and ADC energy, €com is per-pixel sensor-to-SoC
communication energy, emac is the energy per MAC operation, and Ny, Niac, Nreaq are
the respective operation counts.

This decomposition is useful for two reasons. First, it makes explicit that reducing Np;y
(via BR) directly attacks both ADC cost and I/O cost, which together dominate the front-end
energy budget (see Fig. 1.1). Second, it separates sensor-side savings from downstream

compute cost, allowing fair comparisons across compute-placement strategies.
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Latency. When discussing sensor-side front-end compute, “latency” refers to the time
required to produce the entire output feature map for the in-pixel layer(s), including exposure,
readout cycles, and ADC conversion. For sequential layer execution, the total delay can be
expressed as:

Tdelay ~ lsens + Tadc + TCOIle (2-8)

where Tgepns and T,q. correspond to sensor read and ADC operation delays, and T.q,y captures

the delay of all downstream convolutional layers.

Energy-delay product (EDP). EDP is used to capture the combined benefit of lowering
energy while maintaining or improving throughput. In this dissertation, EDP comparisons
quantify the system-level advantage of executing CNN front-end layers inside the sensor
rather than a single component in isolation. P2M (Chapter 3) reports up to ~11x EDP

improvement in its evaluated configuration, alongside its ~21 x bandwidth reduction.

2.4.3 Throughput and Energy Efficiency

For architectures that explicitly model sensor-side MAC throughput and efficiency, two

additional metrics are reported:

« Throughput (GOPS): total operations per second supported by the sensor-side com-
pute pipeline.

« Energy efficiency (GOPS/W): throughput normalized by power consumption.

These metrics are most relevant for the CTIA-IPC architecture (Chapter 5), which reports
~1.98 GOPS throughput and ~3.39 GOPS/W energy efficiency (including pixel readout and
digital CDS energy), alongside a BR of ~12x.

2.5 Hardware Non-Idealities and Algorithm-Circuit
Co-Design Philosophy

A central challenge in in-pixel and in-sensor neural processing is that the compute substrate

is not an ideal digital MAC engine. Instead, it is a mixed-signal system built from devices
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and readout circuits originally optimized for sensing. As a result, the physical implemen-
tation introduces non-idealities, including nonlinearity, mismatch, noise, finite precision,
and limited dynamic range, that can distort dot products and degrade end-task accuracy if
they are not explicitly accounted for [26, 27]. This dissertation adopts an algorithm-circuit
co-design approach in which (i) circuit-level behavior is characterized or modeled, (ii) that
behavior is integrated into training and inference-time models, and (iii) network and map-
ping parameters are chosen to maximize system-level benefit (e.g., bandwidth reduction)

while maintaining accuracy.

2.5.1 Sources of Non-Idealities in Sensor-Side Compute

Non-idealities arise at multiple levels of the sensor compute pipeline:

Device and pixel-level non-idealities. Pixel circuits operate under tight area and power
budgets, often relying on transistor operating regions and capacitive integration behavior.
This can introduce nonlinear transfer characteristics, limited voltage swing, and sensitivity
to process variation. In architectures that perform accumulation or multiplication using
analog behaviors (e.g., current integration or source-follower modulation), these effects can
directly distort the intended MAC relationship.

Array-level effects and mismatch. When computations are distributed across large
arrays, device mismatch and spatial variation can appear as fixed-pattern offsets or gain
variation across columns and rows. While conventional imaging pipelines mitigate some
of these effects via CDS (Section 2.1.3), compute mappings can stress the array in different

operating modes, making residual mismatch more visible in the computed outputs.

Readout and digitization non-idealities. Column-level circuits (comparators, ramp
generators, counters) introduce quantization effects, timing granularity, and potential sys-
tematic distortions. Since in-pixel computing often aims to output lower-bit activations to
reduce bandwidth, quantization becomes an integral part of the compute model rather than

a negligible back-end effect.

Mapping constraints and limited programmability. Practical constraints such as

limited per-pixel storage, restricted kernel shapes, stride implementation, and routing
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patterns can force approximations of ideal CNN operations. These “structural constraints”
represent non-idealities at the architectural level: even if a circuit is accurate, the mapping
itself may deviate from a fully flexible digital layer. The FPCA architecture (Chapter 4) treats
this as a first-class design axis by enabling field reconfiguration of kernel size, stride, and
channel count, but the mapping still requires careful coordination between the network

configuration and the hardware schedule.

2.5.2 Why Circuit-Aware Modeling Is Necessary

If hardware behavior deviates from an ideal dot product, then applying a network trained
under ideal arithmetic can lead to accuracy loss. This is especially true when bandwidth
reduction forces aggressive quantization and when analog distortions accumulate over
spatial windows involving tens or hundreds of pixels. Many existing works in the domain
of memristive analog computing ignore non-idealities arising from nonlinear transistor

behavior [26, 27]. In contrast, the key principle used throughout this dissertation is:

Train and evaluate the network under a model that reflects the hardware transfer

function.
In practice, this includes:

« modeling nonlinear input to output behavior with fitted functions derived from circuit

simulation,
« including quantization and clipping behavior consistent with the readout path, and

« enforcing the same structural constraints (kernel size, stride, channel count, and

mapping schedule) used by the sensor-side implementation.

In P2M (Chapter 3), this method appears as an explicit algorithm—circuit co-design
methodology where pixel-level non-idealities, captured through SPICE-calibrated curve-
fitting functions, are incorporated into the PyTorch training pipeline so that the network
learns to compensate for transistor-level nonlinearities. In FPCA (Chapter 4), the modeling
perspective is similarly emphasized to make the field-programmable mapping compatible

with training and evaluation under hardware-realistic behavior.
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2.5.3 Co-Design Workflow

Across the three architectures developed in this dissertation, the co-design workflow can be

summarized in the following steps:

1. Define the target front-end operations and system objective. Select the front-
end layer(s) to execute in-sensor (e.g., first convolution plus batch normalization
and ReLU) and define the primary objective, such as bandwidth reduction, energy

efficiency, or robustness under sensing constraints.

2. Establish the hardware mapping and constraints. Determine how convolution
windows are realized (spatial mapping), how signed weights are supported (e.g.,
positive/negative CDS phases), and what bit precision and readout schedule are
feasible. For FPCA, this includes the field-reconfigurable parameters (kernel size,

stride, channel count) and routing schedule constraints.

3. Characterize or model the compute transfer behavior. Use circuit simulation
(e.g., SPECTRE on the target technology node) and fitted models to capture the
effective input—output relationship, including nonlinearity, quantization, and clipping

behaviors introduced by the sensor readout chain.

4. Train and evaluate with hardware-aware models. Integrate the modeled behavior
into the training or calibration pipeline so that the learned parameters compensate

for systematic distortions and operate reliably under reduced-precision outputs.

5. Validate system-level trade-offs. Evaluate the final design on task-level met-
rics (classification accuracy, segmentation IoU) alongside system metrics (BR, EDP,
throughput and efficiency). The CTIA-IPC architecture (Chapter 5), for example, evalu-
ates robustness using a surgical segmentation case study under aggressive bandwidth

reduction to quantify accuracy stability under practical sensing constraints.

2.5.4 Robustness as a First-Class Co-Design Goal

In addition to achieving bandwidth and energy benefits, practical use requires that sensor-
side computation remain stable as sensing conditions vary. Low-light operation, noise

sensitivity, and linearity limitations can change the effective compute behavior and degrade
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inference quality. The CTIA-based pathway developed in this dissertation (Chapter 5) is
motivated in part by improving the fidelity of the compute primitive itself. By leveraging the
inherent linearity of CTIA pixel integration (Section 2.1.2) and coupling it with weight-to-
time conversion and reuse of on-chip readout mechanisms, the CTIA-IPC architecture aims
to preserve MAC accuracy and downstream task performance under challenging sensing

regimes.

2.5.5 Summary

Non-idealities are not an implementation detail but a defining feature of sensor-side com-
puting. The dissertation’s approach is to embrace this reality through algorithm-circuit
co-design: mapping CNN front-end operations into the sensor in a way that is compatible
with manufacturable readout pipelines, while explicitly modeling and compensating hard-
ware behavior to maintain accuracy under aggressive bandwidth reduction and practical

sensing constraints.

2.6 Related Work in Sensor-Centric Computing

Processing-in-pixel and near/in-sensor computing have been explored as ways to reduce
the bandwidth, energy, and latency costs of transferring raw high-resolution sensor data
to downstream processors. This section provides a brief overview of prior architectural
directions and identifies the gaps that motivate the contributions of this dissertation. A more

detailed discussion of related work specific to each architecture appears in Chapters 3-5.

Digital pixel-processor arrays. One class of approaches implements pixel-parallel digital
processing using single instruction, multiple data (SIMD)-like pixel processor arrays. These
designs offer programmability and deterministic execution, and can embed certain neural
operators directly into pixel-addressable compute substrates. However, because computation
proceeds through digital instruction sequences with strict per-pixel resource budgets, such
systems can suffer reduced effective parallelism relative to analog accumulation for dot-
product-heavy operations. Representative examples include the work of Bose et al. [14],
which embeds convolutional networks on a pixel processor array but is limited to fully

connected layers and simple datasets such as MNIST.
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Mixed-signal and computational image sensors. A second direction integrates mixed-
signal processing into the sensor readout chain to perform feature extraction and reduce
output bandwidth. Examples include programmable convolutional imager SoCs with current-
domain ternary-weighted MAC operations [28], computational CMOS image sensors with
programmable kernels for feature extraction [29], and reconfigurable convolution-in-pixel
architectures that represent weights through pixel exposure time [15, 30]. In-sensor binary
or analog convolution schemes have also been proposed using peripheral processing [12] or
emerging 2D materials [13]. Despite their promise, many of these approaches operate under
constraints that limit end-to-end CNN deployment at the focal plane: restricted weight
precision (e.g., ternary or binary), limited channel scalability, or incomplete support for
common inference operators such as batch normalization and ReLU when viewed as a full

front-end pipeline.

Modeling tools for in-pixel accelerators. Beyond hardware architectures, behavior-
level modeling tools such as PiPSim [31] have been proposed to evaluate processing-in-
pixel accelerators and study how analog non-idealities affect inference outcomes. This
complementary research direction reinforces the importance of algorithm-hardware co-

design when analog behavior materially affects accuracy and robustness.

Gap summary and thesis positioning. Taken together, prior work motivates the focal-
plane compute direction but leaves several gaps for practical CNN front-end deployment

inside the pixel array:

1. Full front-end capability: support for multi-bit, multi-channel convolution with
integration of batch normalization and nonlinear activation, rather than a partial

compute primitive alone.

2. Scalability and flexibility: mechanisms that adapt kernel size, stride, and channel
count without requiring a new sensor design, enabling broader deployment across

tasks and operating points.

3. Robustness under real sensor physics: maintaining accuracy when non-idealities,
nonlinearity, and low-light operation significantly affect dot-product fidelity and

downstream inference.
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This dissertation addresses these gaps through a progression of contributions: (i) demon-
strating end-to-end feasibility and system benefit for in-pixel CNN front-ends (P?M, Chap-
ter 3), (ii) introducing field programmability for practical deployment adaptability (FPCA,
Chapter 4), and (iii) advancing robustness and fidelity through CTIA-based circuit design
and co-design methodology (CTIA-IPC, Chapter 5).
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Chapter 3

A processing-in-pixel-in-memory
paradigm for resource-constrained
TinyML applications (P2M)

3.1 Introduction

Today’s widespread applications of computer vision spanning surveillance [32], disaster man-
agement [33], camera traps for wildlife monitoring [34], autonomous driving, smartphones,
etc., are fueled by the remarkable technological advances in image sensing platforms [35] and
the ever-improving field of deep learning algorithms [36]. However, hardware implementa-
tions of vision sensing and vision processing platforms have traditionally been physically
segregated. For example, current vision sensor platforms based on CMOS technology act
as transduction entities that convert incident light intensities into digitized pixel values,
through a two-dimensional array of photodiodes [3]. The vision data generated from such
CMOS Image Sensors (CIS) are often processed elsewhere in a cloud environment consisting
of CPUs and GPUs [11]. This physical segregation leads to bottlenecks in throughput,
bandwidth, and energy-efficiency for applications that require transferring large amounts of
data from the image sensor to the back-end processor, such as object detection and tracking
from high-resolution images/videos.

To address these bottlenecks, many researchers are trying to bring intelligent data

processing closer to the source of the vision data, i.e., closer to the CIS, taking one of
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three broad approaches - near-sensor processing [9, 10], in-sensor processing [12], and in-
pixel processing [13—15]. Near-sensor processing aims to incorporate a dedicated machine
learning accelerator chip on the same printed circuit board [9], or even 3D-stacked with the
CIS chip [10]. Although this enables processing of the CIS data closer to the sensor rather
than in the cloud, it still suffers from the data transfer costs between the CIS and processing
chip. On the other hand, in-sensor processing solutions [12] integrate digital or analog
circuits within the periphery of the CIS sensor chip, reducing the data transfer between the
CIS sensor and processing chips. Nevertheless, these approaches still often require data to be
streamed (or read in parallel) through a bus from CIS photo-diode arrays into the peripheral
processing circuits [12]. In contrast, in-pixel processing solutions, such as [13-15, 37, 38],
aim to embed processing capabilities within the individual CIS pixels. Initial efforts have
focused on in-pixel analog convolution operation [37, 38] but many [13, 37-39] require the
use of emerging non-volatile memories or 2D materials. Unfortunately, these technologies
are not yet mature and thus not amenable to the existing foundry-manufacturing of CIS.
Moreover, these works fail to support multi-bit, multi-channel convolution operations,
batch normalization (BN), and Rectified Linear Units (ReLU) needed for most practical
deep learning applications. Furthermore, works that target digital CMOS-based in-pixel
hardware, organized as pixel-parallel single instruction multiple data (SIMD) processor
arrays [14], do not support convolution operation, and are thus limited to toy workloads,
such as digit recognition. Many of these works rely on digital processing which typically
yields lower levels of parallelism compared to their analog in-pixel alternatives. In contrast,
the work in [15], leverages in-pixel parallel analog computing, wherein the weights of a
neural network are represented as the exposure time of individual pixels. Their approach
requires weights to be made available for manipulating pixel-exposure time through control
pulses, leading to a data transfer bottleneck between the weight memories and the sensor
array. Thus, an in-situ CIS processing solution where both the weights and input activations
are available within individual pixels that efficiently implements critical deep learning
operations such as multi-bit, multi-channel convolution, BN, and ReLU operations has
remained elusive. Furthermore, all existing in-pixel computing solutions have targeted
datasets that do not represent realistic applications of machine intelligence mapped onto
state-of-the-art CIS. Specifically, most of the existing works are focused on simplistic datasets
like MNIST [14], while few [15] use the CIFAR-10 dataset which has input images with a

significantly low resolution (32x32), that does not represent images captured by state-of-
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the-art high resolution CIS.

Towards that end, we propose a novel in-situ computing paradigm at the sensor nodes
called Processing-in-Pixel-in-Memory (P?2M), illustrated in Fig. 3.1, that incorporates both the
network weights and activations to enable massively parallel, high-throughput intelligent
computing inside CISs. In particular, our circuit architecture not only enables in-situ multi-
bit, multi-channel, dot product analog acceleration needed for convolution, but re-purposes
the on-chip digital correlated double sampling (CDS) circuit and single slope ADC (SS-ADC)
typically available in conventional CIS to implement all the required computational aspects
for the first few layers of a state-of-the-art deep learning network. Furthermore, the proposed
architecture is coupled with a circuit-algorithm co-design paradigm that captures the circuit
non-linearities, limitations, and bandwidth reduction goals for improved latency and energy-
efficiency. The resulting paradigm is the first to demonstrate the feasibility for enabling
complex, intelligent image processing applications (beyond toy datasets), on high-resolution
images of Visual Wake Words (VWW) dataset, catering to a real-life TinyML application. We
choose to evaluate the efficacy of P°M on TinyML applications, as they impose tight compute
and memory budgets, that are otherwise difficult to meet with current in- and near-sensor

processing solutions, particularly for high-resolution input images. Key highlights of the

In-situ Computing
using novel memory
Sensor embedded pixels
Pixel Array == I = = 1| | S
1# Pixel Array
Compute
Circuits

No Data Transfer Bottleneck
Near Sensor Processing: In Sensor Processing: Processing Processing-in-Pixel-in-Memory
On-Board CPU (Prior-Art) in Periphery (Prior-Art) (Our Proposal)

Figure 3.1: Existing and Proposed Solutions to alleviate the energy, throughput, and
bandwidth bottleneck caused by the segregation of Sensing and Compute.

presented work are as follows:

Data Transfer
Bottleneck

3.2 Challenges & Opportunities in P°M

The ubiquitous presence of CIS-based vision sensors has driven the need to enable machine
learning computations closer to the sensor nodes. However, given the computing complexity
of modern CNNs, such as Resnet-18 [20] and SqueezeNet [40], it is not feasible to execute
the entire deep-learning network, including all the layers within the CIS chip. As a result,
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recent intelligent vision sensors, for example, from Sony [10], which is equipped with
basic Al processing functionality (e.g., computing image metadata), features a multi-stacked
configuration consisting of separate pixel and logic chips that must rely on high and relatively
energy-expensive inter-chip communication bandwidth.

Alternatively, we assert that embedding part of the deep learning network within pixel
arrays in an in-situ manner can lead to a significant reduction in data bandwidth (and
hence energy consumption) between sensor chip and downstream processing for the rest of
the convolutional layers. This is because the first few layers of carefully designed CNN,
as explained in Section 3.4, can have a significant compressing property, i.e., the output
feature maps have reduced bandwidth/dimensionality compared to the input image frames.
In particular, our proposed P2M paradigm enables us to map all the computations of the
first few layers of a CNN into the pixel array. The paradigm includes a holistic hardware-
algorithm co-design framework that captures the specific circuit behavior, including circuit
non-idealities, and hardware limitations, during the design, optimization, and training of the
proposed machine learning networks. The trained weights for the first few network layers
are then mapped to specific transistor sizes in the pixel-array. Because the transistor widths
are fixed during manufacturing, the corresponding CNN weights lack programmability.
Fortunately, it is common to use the pre-trained versions of the first few layers of modern

CNN s as high-level feature extractors are common across many vision tasks [18].

3.3 PM Circuit Implementation

This section describes key circuit innovations that enable us to embed all the computational
aspects for the first few layers of a complex CNN architecture within the CIS. An overview
of our proposed pixel array that enables the availability of weights and activations within

individual pixels with appropriate peripheral circuits is shown in Fig. 3.2.
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Figure 3.2: Proposed circuit techniques based on presented P2M scheme capable of mapping
all computational aspects for the first few layers of a modern CNN layer within CIS pixel
arrays.

3.3.1 Multi-Channel, Multi-Bit Weight Embedded Pixels

Our modified pixel circuit builds upon the standard three transistor pixel by embedding
additional transistors Wjis that represent weights of the CNN layer, as shown in Fig. 3.2.
Each weight transistor Wj is connected in series with the source-follower transistor Gg.
When a particular weight transistor Wj is activated (by pulling its gate voltage to Vpp),
the pixel output is modulated both by the driving strength of the transistor W; and the
voltage at the gate of the source-follower transistor Gs. A higher photo-diode current
implies the PMOS source follower is strongly ON, resulting in an increase in the output pixel
voltage. Similarly, a higher width of the weight transistor Wj results in lower transistor
resistance and hence lower source degeneration for the source follower transistor, resulting
in higher pixel output voltage. Fig. 3.3(a), obtained from SPICE simulations using 22nm
GlobalFoundries technology exhibits the desired dependence on transistor width and input
photo-diode current. Thus, the pixel output performs an approximate multiplication of
the input light intensity (voltage at the gate of transistor G) and the weight (or driving
strength) of the transistor Wj, as exhibited by the plot in Fig. 3.3(b). The approximation
stems from the fact that transistors are inherently non-linear. In Section 4, we leverage our

hardware-algorithm co-design framework to incorporate the circuit non-linearities within
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the CNN training framework, thereby maintaining close to state-of-the-art classification
accuracy. Multiple weight transistors Wis are incorporated within the same pixel and
are controlled by independent gate control signals. Each weight transistor implements a
different channel in the output feature map of the layer. Thus, the gate signals represent
select lines for specific channels in the output feature map. Note, it is desirable to reduce the
number of output channels so as to reduce the total number of weight transistors embedded
within each pixel while ensuring high test accuracy for VWW. For our work, using a holistic
hardware-algorithm co-design framework (Section 3.5.2), we were able to reduce the number
of channels in the first layer from 16 to 8, this implies the proposed circuit requires 8 weight

transistors per pixel, which can be reasonably implemented.
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Figure 3.3: (a) Pixel output voltage as a function of weight (transistor width) and input acti-
vation (Normalized photo-diode current) simulated on Globalfoundries 22nm FD-SOI node.
As expected pixel output increases both as a function of weights and input activation. (b) A
scatter plot comparing pixel output voltage to ideal multiplication value of Weights xInput
activation (Normalized W x I). The plot confirms that the output pixel voltage from each
pixel represents approximate product of WeightsxInput activation.

3.3.2 In-situ Multi-pixel Convolution Operation

To achieve the convolution operation, we simultaneously activate multiple pixels. In the
specific case of VWW, we activate Xx Y x3 pixels at the same time, where X and Y denote
the spatial dimensions and 3 corresponds to the RGB (red, blue, green) channels in the
input activation layer. For each activated pixels, the pixel output is modulated by the photo-

diode current and the weight of the activated W; transistor associated with the pixel, in
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accordance with Fig. 3.3(a)-(b). For a given convolution operation only one weight transistor
is activated per pixel, corresponding to a specific channel in the first layer of the CNN.
The weight transistors W; represent multi-bit weights through their driving strength. As
detailed in Section 3.1, for each pixel, the output voltage approximates the multiplication
of light intensity and weight. For each bit line, shown as vertical blue lines in Fig. 3.2, the
cumulative pull up strength of the activated pixels connected to that line drives it high.
The increase in pixel output voltages accumulate on the bit lines implementing an analog
summation operation. Consequently, the voltage at the output of the bit lines represent the
convolution operation between input activations and the stored weight inside the pixel.
Fig. 3.4 plots the output voltage (at node Analog Convolution Output in Fig. 3.2) as a
function of normalized ideal convolution operation. The plot in the figure was generated by
considering 75 pixels are activated, simultaneously. For each line in Fig. 3.4, the activated
weight transistors Wj are chosen to have the same width and the set of colored lines
represents the range of widths. For each line, the input [ is swept from its minimum to
maximum value and the ideal dot product is normalized and plotted on x-axis. The y-axis
plots the actual SPICE circuit output. The largely linear nature of the plot indicates that the
circuits are working as expected and the small amount of non-linearities are captured in

our training framework described in Section 4.1.
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Figure 3.4: Output voltage at the Analog Convolution Output node as a function of the
normalized ideal convolution operation with 75 pixels activated simultaneously. Each line
corresponds to a specific transistor width (weight), and the input I is swept from minimum
to maximum. The largely linear relationship confirms the expected circuit behavior; residual
non-linearities are captured by the training framework.

3.3.3 Re-purposing Digital Correlated Double Sampling Circuit and
Single-Slope ADCs as ReLU Neurons

Weights in a CNN layer span positive and negative values. As discussed in the previous
sub-section, weights are mapped by the driving strength (or width) of transistors Wis. As
the width of transistors cannot be negative, the Wj transistors themselves cannot represent
negative weights. Interestingly, we circumvent this issue by re-purposing on-chip digital
CDS circuit present in many state-of-the-art commercial CIS [7, 8]. A digital CDS is usually
implemented in conjunction to column parallel Single Slope ADCs (SS-ADCs). A single
slope ADC consists of a ramp-generator, a comparator, and a counter (see Fig. 3.2). An
input analog voltage is compared through the comparator to a ramping voltage with a fixed
slope, generated by the ramp generator. A counter which is initially reset, and supplied
with an appropriate clock, keeps counting until the ramp voltage crosses the analog input

voltage. At this point, the output of counter is latched and represents the converted digital
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value for input analog voltage. A traditional CIS digital CDS circuit takes as input two
correlated samples at two different time instances. The first sample corresponds to the reset
noise of the pixel and the second sample to the actual signal superimposed with the reset
noise. A digital CIS CDS circuit then takes the difference between the two samples, thereby,
eliminating reset noise during ADC conversion. In an SS-ADC the difference is taken by

simply making the counter ‘up’ count for one sample and ‘down’ count for the second.
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Figure 3.5: (a) A typical timing waveform, showing double sampling (one for positive and
other for negative) weights. The numerical labels in the figure correspond to the numerical
label in the circuit shown in Fig. 3.2. (b) Typical timing waveform for the SS-ADC showing
comparator output (Comp), counter enable (trigger), ramp generator output, and counter
clock (Counter).

We utilize the noise cancelling, differencing behavior of the CIS digital CDS circuit
already available on commercial CIS chips to implement positive and negative weights
and implement ReLU. First, each weight transistor embedded inside a pixel is ‘tagged’ as a
positive or a ‘negative weight’ by connecting it to ‘red lines’ (marked as VDD for positive
weights in Fig. 3.2) and ‘green lines’ (marked as VDD for negative weights in Fig. 3.2). For
each channel, we activate multiple pixels to perform an inner-product and read out two
samples. The first sample corresponds to a high VDD voltage applied on the ‘red lines’
(marked as VDD for positive weights in Fig. 3.2) while the ‘green lines’ (marked as VDD
for negative weights in Fig. 3.2) are kept at ground. The accumulated multi-bit dot product
result is digitized by the SS-ADC, while the counter is ‘up’ counting. The second sample, on
the other hand, corresponds to a high VDD voltage applied on the ‘green lines’ (marked
as VDD for negative weights in Fig. 3.2) while the ‘red lines’ (marked as VDD for positive
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weights in Fig. 3.2) are kept at ground. The accumulated multi-bit dot product result is again
digitized and also subtracted from the first sample by the SS-ADC, while the counter is ‘down’
counting. Thus, the digital CDS circuit first accumulates the convolution output for all
positive weights and then subtracts the convolution output for all negative weights for each
channel, controlled by respective select lines for individual channels. Note, possible sneak
currents flowing between weight transistors representing positive and negative weights can
be obviated by integrating a diode in series with weight transistors or by simply splitting
each weight transistor into two series connected transistors, where the channel select lines
control one of the series connected transistor, while the other transistor is controlled by a
select line representing positive/negative weights.

Interestingly, re-purposing the on-chip CDS for implementing positive and negative
weights also allows us to easily implement a quantized ReLU operation inside the SS-ADC.
ReLU clips negative values to zero. This can be achieved by ensuring that the final count
value latched from the counter (after the CDS operation consisting of ‘up’ counting and then
‘down’ counting’) is either positive or zero. Interestingly, before performing the dot product
operation, the counter can be reset to a non-zero value representing the scale factor of the BN
layer as described in Section 3.4. Thus, by embedding multi-pixel convolution operation and
re-purposing on-chip CDS and SS-ADC circuit for implementing positive/negative weights,
batch-normalization and ReLU operation, our proposed P?2M scheme can implement all
the computational aspect for the first few layers of a complex CNN within the pixel array
enabling massively parallel in-situ computations.

Putting these features together, our proposed P?M circuit computes one channel at a

time and has three phases of operation:

1. Reset Phase: First, the voltage on the photodiode node M (see Fig. 3.2) is pre-charged
or reset by activating the reset transistor Gy. Note, since we aim at performing

multi-pixel convolution, the set of pixels XxYx3 are reset, simultaneosuly.

2. Multi-pixel Convolution Phase: Next, we discharge the gate of the reset transistor G,
which deactivates G;. Subsequently, X xY %3 pixels are activated by pulling the gate
of respective Gy transistors to VDD. Within the activated set of pixels, a single weight
transistor corresponding to a particular channel in the output feature map is activated,
by pulling high its gate voltage through the select lines (labeled as select lines for
multiple channels in Fig. 2). As the photodiode is sensitive to the incident light, photo-
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current is generated as light shines upon the diode (for a duration equal to exposure
time), and voltage on the gate of G is modulated in accordance to the photodiode
current that is proportional to the intensity of incident light. The pixel output voltage
is a function of the incident light (voltage on node M) and the driving strength of the
activated weight transistor within each pixel. Pixel output from multiple pixels are
accumulated on the column-lines and represent the multi-pixel analog convolution
output. The SS-ADC in the periphery converts analog output to a digital value. Note,
the entire operation is repeated twice, one for positive weights (‘up’ counting) and

another for negative weights (‘down counting’).

3. ReLU Operation: Finally, the output of the counter is latched and represents a quan-
tized ReLU output. It is ensured that the latched output is either positive or zero,

thereby mimicking the ReLU functionality within the SS-ADC.

The entire P2M circuit is simulated using commercial 22nm GlobalFoundries FD-SOI
(fully depleted silicon-on-insulator) technology, the SS-ADCs are implemented using a using
a bootstrap ramp generator and dynamic comparators. Assuming the counter output which
represents the ReLU function is an N-bit integer, it needs 2N cycles for a single conversion.
The ADC is supplied with a 2GHz clock for the counter circuit. SPICE simulations exhibiting
the multiplicative nature of weight transistor embedded pixels with respect to photodi-
ode current is shown in Fig. 3.3(a)-3.3(b). Functional behavior of the circuit for analog
convolution operation is depicted in Fig. 3.4. A typical timing waveform showing pixel
operation along with SS-ADC operation simulated on 22nm GlobalFoundries technology
node is shown in Fig. 3.5.

It may also be important to note that a highlight of our proposal is that we re-purpose
various circuit functions already available in commercial cameras. This ensures most of
the existing peripheral and corresponding timing control blocks would require only minor
modification to support our proposed P2M computations. Specifically, instead of activating
one row at a time in a rolling shutter manner, P?M requires activation of group of rows,
simultaneously, corresponding to the size of kernels in the first layers. Multiple group of
rows would then be activated in a typical rolling shutter format. Overall, the sequencing
of pixel activation (except for the fact that group of rows have to be activated instead of a

single row), CDS, ADC operation and bus-readout would be similar to typical cameras [4].



38
3.3.4 CIS Process Integration and Area Considerations
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Figure 3.6: representative illustration of heterogeneously integrated system featuring P2M
paradigm, built on backside illuminated CMOS image sensor (Bi-CIS). 1) Micro lens, 2)
Light shield, 3) Backside illuminated CMOS Image Sensor (Bi-CIS), (4 Backend of line of
the Bi-CIS, (5 Die consisting of weight transistors, (6) solder bumps for input/output bus
(I/0).

In this section, we would like to highlight the viability of the proposed P2M paradigm
featuring memory-embedded pixels with respect to its manufacturability using existing
foundry processes. A representative illustration of a heterogeneously integrated system
catering to the needs of the proposed P2M paradigm is shown in Fig. 3.6. The figure consists
of two key elements, i) backside illuminated CMOS image sensor (Bi-CIS), consisting of photo-
diodes, read-out circuits and pixel transistors (reset, source follower and select transistors),
and ii) a die consisting of multiple weight transistors per pixel (refer Fig 3.2). From Fig.
3.2, it can be seen that each pixel consists of multiple weight transistors that would lead to
exceptionally high area overhead. However, with the presented heterogeneous integration
scheme of Fig. 3.6, the weight transistors are vertically aligned below a standard pixel,
thereby incurring no (or minimal) increase in footprint. Specifically, each Bi-CIS chip can
be implemented in a leading or lagging technology node. The die consisting of weight
transistors can be built on an advanced planar or non-planar technology node such that
the multiple weight transistors can be accommodated in the same footprint occupied by a
single pixel (assuming pixel sizes are larger than the weight transistor embedded memory
circuit configuration). The Bi-CIS image sensor chip/die is heterogeneously integrated
through a bonding process (die-to-die or die-to-wafer) integrating it onto the die consisting
of weight transistors. Preferably, a die-to-wafer low-temperature metal-to-metal fusion

with a dielectric-to-dielectric direct bonding hybrid process can achieve high-throughput
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sub-micron pitch scaling with precise vertical alignment [41] . One of the advantages of
adapting this heterogeneous integration technology is that chips of different sizes can be
fabricated at distinct foundry sources, technology nodes, and functions and then integrated
together. In case there are any limitations due to the increased number of transistors in
the die consisting of the weights, a conventional pixel-level integration scheme, such as
Stacked Pixel Level Connections (SPLC), which shields the logic CMOS layer from the
incident light through the Bi-CIS chip region, would also provide a high pixel density and a
large dynamic range [42]. Alternatively, one could also adopt the through silicon via (TSV)
integration technique for front-side illuminated CMOS image sensor (Fi-CIS), wherein the
CMOS image sensor is bonded onto the die consisting of memory elements through a TSV
process. However, in the Bi-CIS, the wiring is moved away from the illuminated light path
allowing more light to reach the sensor, giving better low-light performance [43].
Advantageously, the heterogeneous integration scheme can be used to manufacture P2M
sensor systems on existing as well as emerging technologies. Specifically, the die consisting
of weight transistors could use a ROM-based structure as shown in Section 3.3 or other
emerging programmable non-volatile memory technologies like PCM [44], RRAM [45],
MRAM [46], ferroelectric field effect transistors (FeFETs) [47] etc., manufactured in distinct
foundries and subsequently heterogeneously integrated with the CIS die. Thus, the proposed
heterogeneous integration allows us to achieve lower area-overhead, while simultaneously
enabling seamless, massively parallel convolution. Specifically, based on reported contacted
poly pitch and metal pitch numbers [48], we estimate more than 100 weight transistors can
be embedded in a 3D integrated die using a 22nm technology, assuming the underlying
pixel area (dominated by the photodiode) is 10pm x 10um. Availability of back-end-of-line
monolithically integrated two terminal non-volatile memory devices could allow denser
integration of weights within each pixel. Such weight embedded pixels allow individual
pixels to have in-situ access to both activation and weights as needed by the P?2M paradigm
which obviates the need to transfer weights or activation from one physical location to
another through a bandwidth constrained bus. Hence, unlike other multi-chip solutions [10],

our approach does not incur energy bottlenecks.
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Figure 3.7: Algorithm-circuit co-design framework to enable our proposed P2M approach
optimize both the performance and energy-efficiency of vision workloads. We propose
the use of (D) large strides, (2) large kernel sizes, 3reduced number of channels, %) P2M
custom convolution, and (5) shifted ReLU operation to incorporate the shift term of the
batch normalization layer, for emulating accurate P2M circuit behaviour.

3.4 P’M-constrained Algorithm-Circuit Co-Design

In this section, we present our algorithmic optimizations to standard CNN backbones that
are guided by 1) P2M circuit constraints arising due to analog computing nature of the
proposed pixel array and the limited conversion precision of on-chip SS-ADCs, 2) the need for
achieving state-of-the-art test accuracy, and 3) maximizing desired hardware metrics of high
bandwidth reduction, energy-efficiency and low-latency of P2M computing, and meeting
the memory and compute budget of the VWW application. The reported improvement in
hardware metrics (illustrated in Section 3.5.3), is thus a result of intricate circuit-algorithm

co-optimization.
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3.4.1 Custom Convolution for the First Layer Modeling Circuit

Non-Idealities

From an algorithmic perspective, the first layer of a CNN is a linear convolution operation fol-
lowed by BN, and non-linear (ReLU) activation. The P2M circuit scheme, explained in Section
3.3, implements convolution operation in analog domain using modified memory-embedded
pixels. The constituent entities of these pixels are transistors, which are inherently non-
linear devices. As such, in general, any analog convolution circuit consisting of transistor
devices will exhibit non-ideal non-linear behavior with respect to the convolution operation.
Many existing works, specifically in the domain of memristive analog dot product operation,
ignore non-idealities arising from non-linear transistor devices [26, 27]. In contrast, to
capture these non-linearities, we performed extensive simulations of the presented P2M
circuit spanning wide range of circuit parameters such as the width of weight transistors and
the photodiode current based on commercial 22nm Globafoundries transistor technology
node. The resulting SPICE results, i.e. the pixel output voltages corresponding to a range of
weights and photodiode currents, were modeled using a behavioral curve-fitting function.
The generated function was then included in our algorithmic framework, replacing the
convolution operation in the first layer of the network. In particular, we accumulate the
output of the curve-fitting function, one for each pixel in the receptive field (we have 3 input
channels, and a kernel size of 5x5, and hence, our receptive field size is 75), to model each
inner-product generated by the in-pixel convolutional layer. This algorithmic framework
was then used to optimize the CNN training for the VWW dataset.

3.4.2 Circuit-Algorithm Co-optimization of CNN Backbone subject

to P2M Constrains

As explained in Section 3.3.1, the P2M circuit scheme maximizes parallelism and data
bandwidth reduction by activating multiple pixels and reading multiple parallel analog con-
volution operations for a given channel in the output feature map. The analog convolution
operation is repeated for each channel in the output feature map serially. Thus, parallel con-
volution in the circuit tends to improve parallelism, bandwidth reduction, energy-efficiency
and speed. But, increasing the number of channels in the first layer increases the serial

aspect of the convolution and degrades parallelism, bandwidth reduction, energy-efficiency,
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and speed. This creates an intricate circuit-algorithm trade-off, wherein the backbone CNN
has to be optimized for having larger kernel sizes (that increases the concurrent activation of
more pixels, helping parallelism) and non-overlapping strides (to reduce the dimensionality
in the downstream CNN layers, thereby reducing the number of multiply-and-adds and peak
memory usage), smaller number of channels (to reduce serial operation for each channel),
while maintaining close to state-of-the-art classification accuracy and taking into account
the non-idealities associated with analog convolution operation. Also, decreasing number
of channels decreases the number of weight transistors embedded within each pixel (each
pixel has weight transistors equal to the number of channels in the output feature map),
improving area and power consumption. Furthermore, the resulting smaller output activa-
tion map (due to reduced number of channels, and larger kernel sizes with non-overlapping
strides) reduces the energy incurred in transmission of data from the CIS to the downstream
CNN processing unit and the number of floating point operations (and consequently, energy
consumption) in downstream layers.

In addition, we propose to fuse the BN layer, partly in the preceding convolutional
layer, and partly in the succeeding ReLU layer to enable its implementation via P2M. Let us
consider a BN layer with y and 3 as the trainable parameters, which remain fixed during
inference. During the training phase, the BN layer normalizes feature maps with a running
mean | and a running variance o, which are saved and used for inference. As a result, the

BN layer implements a linear function, as shown below.

o X—qu B Y _ oy _ A
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We propose to fuse the scale term A into the weights (value of the pixel embedded weight
tensor is A - 0, where 0 is the final weight tensor obtained by our training) that are embedded
as the transistor widths in the pixel array. Additionally, we propose to use a shifted ReLU
activation function, following the covolutional layer, as shown in Fig. 3.7 to incorporate the
shift term B. We use the counter-based ADC implementation illustrated in Section 3.3.3 to
implement the shifted ReLU activation. This can be easily achieved by resetting the counter
to a non-zero value corresponding to the term B at the start of the convolution operation,
as opposed to resetting the counter to zero.

Moreover, to minimize the energy cost of the analog-to-digital conversion in our P2M

approach, we must also quantize the layer output to as few bits as possible subject to
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achieving the desired accuracy. We train a floating-point model with close to state-of-
the-accuracy, and then perform quantization in the first convolutional layer to obtain low-
precision weights and activations during inference [49]. We also quantize the mean, variance,
and the trainable parameters of the BN layer, as all these affect the shift term B (please see Eq.
3.1), that should be quantized for the low-precision shifted ADC implementation. We avoid
quantization-aware training [50] because it significantly increases the training cost with no
reduction in bit-precision for our model at iso-accuracy. Note that the lack of bit-precision
improvement from QAT is probably because a small improvement in quantization of only
the first layer may have little impact on the test accuracy of the whole network.

With the bandwidth reduction obtained by all these approaches, the output feature map
of the P2M-implemented layers can more easily be implemented in micro-controllers with
extremely low memory footprint, while P?M itself greatly improves the energy-efficiency of
the first layer. Our approach can thus enable TinyML applications that usually have a tight

compute and memory budget, as illustrated in Section 3.5.1

3.4.3 Quantification of bandwidth reduction

To quantify the bandwidth reduction (BR) after the first layer obtained by P?M (BN and
ReLU layers do not yield any BR), let the number of elements in the RGB input image be I
and in the output activation map after the ReLU activation layer be O. Then, BR can be

w-(8) ()

Here, the factor (%) represents the compression from Bayer’s pattern of RGGB pixels to

estimated as

RGB pixels because we can either ignore the additional green pixel or design the circuit
to effectively take the average of the photo-diode currents from the two green pixels. The
factor ]ij—i represents the ratio of the bit-precision between the image pixels captured by
the sensor (pixels typically have a bit-depth of 12 [25]) and the quantized output of our

convolutional layer denoted as Ny,. Let us now substitute

0— (i—k+2*p

2
S +1) %Co, I1=1%%3 (3.3)
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into Eq. 3.2, where 1 denotes the spatial dimension of the input image, k, p, s denote the ker-
nel size, padding and stride of the in-pixel convolutional layer, respectively, and c, denotes
the number of output channels of the in-pixel convolutional layer. These hyperparameters,
along with Ny, are obtained via a thorough algorithmic design space exploration with the
goal of achieving the best accuracy, subject to meeting the hardware constraints and the
memory and compute budget of our TinyML benchmark. We show their values in Table 3.1,
and substitute them in Eq. 3.2 to obtain a BR of 21x.

Hyperparameter Value

kernel size of the convolutional layer (k) 5

padding of the convolutional layer (p)

stride of the convolutional layer (s)

number of output channels of the convolutional layer (c,)

o | 00 | U1 | O

bit-precision of the P2M-enabled convolutional layer output (Ny)

Table 3.1: Model hyperparameters and their values to enable bandwidth reduction in the
in-pixel layer.

3.5 Experimental Results

3.5.1 Benchmarking Dataset & Model

This paper focuses on the potential of P>M for TinyML applications, i.e., with models that can
be deployed on low-power IoT devices with only a few kilobytes of on-chip memory [51-53].
In particular, the Visual Wake Words (VWW) dataset [54] presents a relevant use case for
visual TinyML. It consists of high resolution images that include visual cues to “wake-up"
Al-powered home assistant devices, such as Amazon’s Astro [55], that requires real-time
inference in resource-constrained settings. The goal of the VWW challenge is to detect the
presence of a human in the frame with very little resources - close to 250KB peak RAM usage
and model size [54]. To meet these constraints, current solutions involve downsampling the
input image to medium resolution (224 x 224) which costs some accuracy [49].

In this work, we use the images from the COC0O2014 dataset [56] and the train-val split
specified in the seminal paper [54] that introduced the VWW dataset. This split ensures that
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the training and validation labels are roughly balanced between the two classes ‘person’
and ‘background’; 47% of the images in the training dataset of 115k images have the ‘person’
label, and similarly, 47% of the images in the validation dataset are labelled to the ‘person’
category. The authors also ensure that the distribution of the area of the bounding boxes of
the ‘person’ label remain similar across the train and val set. Hence, the VWW dataset with
such a train-val split acts as the primary benchmark of tinyML models [57] running on low-
power microcontrollers. We choose MobileNetV2 [21] as our baseline CNN architecture with
32 and 320 channels for the first and last convolutional layers respectively that supports full
resolution (560 560) images. In order to avoid overfitting to only two classes in the VWW
dataset, we decrease the number of channels in the last depthwise separable convolutional
block by 3x. MobileNetV2, similar to other MobileNet class of models, is very compact [21]
with size less than the maximum allowed in the VWW challenge. It performs well on
complex datasets like ImageNet [58] and, as shown in Section 3.5, does very well on VWWs.

To evaluate P?M on MobileNetV2, we create a custom model that replaces the first
convolutional layer with our P2M custom layer that captures the systematic non-idealities
of the analog circuits, the reduced number of output channels, and limitation of non-
overlapping strides, as discussed in Section 3.4.

We train both the baseline and P2M custom models in PyTorch using the SGD optimizer
with momentum equal to 0.9 for 100 epochs. The baseline model has an initial learning
rate (LR) of 0.03, while the custom counterpart has an initial LR of 0.003. Both the learning
rates decay by a factor of 0.2 at every 35 and 45 epochs. After training a floating-point
model with the best validation accuracy, we perform quantization to obtain 8-bit integer
weights, activations, and the parameters (including the mean and variance) of the BN layer.

All experiments are performed on a Nvidia 2080Ti GPU with 11 GB memory.

3.5.2 Classification Accuracy

Comparison between baseline and P> M custom models: We evaluated the performance of the
baseline and P2M custom MobileNet-V2 models on the VWW dataset in Table 3.2. Note
that both these models are trained from scratch. Our baseline model currently yields the
best test accuracy on the VWW dataset among the models available in literature that does
not leverage any additional pre-training or augmentation. Note that our baseline model

requires a significant amount of peak memory and MAdds (~30x more than that allowed
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in the VWW challenge), however, serves a good benchmark for comparing accuracy. We
observe that the P2M-enabled custom model can reduce the number of MAdds by ~7.15X%,
and peak memory usage by ~25.1x with 1.47% drop in the test accuracy compared to
the uncompressed baseline model for an image resolution of 560x560. With the memory
reduction, our P2M model can run on tiny micro-controllers with only 270 KB of on-chip
SRAM. Note that peak memory usage is calculated using the same convention as [54]. Notice
also that both the baseline and custom model accuracies drop (albeit the drop is significantly
higher for the custom model) as we reduce the image resolution, which highlights the
need for high-resolution images and the efficacy of P2M in both alleviating the bandwidth
bottleneck between sensing and processing, and reducing the number of MAdds for the

downstream CNN processing.

Image Resolution | Model | Test Accuracy (%) | Number of MAdds (G) | Peak memory usage (MB)
560% 560 baseline 91.37 1.93 7.53
in-sensor 89.90 0.27 0.30
225x 225 baseline 90.56 0.31 1.2
in-sensor 84.30 0.05 0.049
115x 115 baseline 91.10 0.09 0.311
in-sensor 80.00 0.01 0.013

Table 3.2: Test accuracies, number of MAdds, and peak memory usage of baseline and P>M
custom compressed model while classifying on the VWW dataset for different input image
resolutions.

Comparison with SOTA models: Table 3.3 provides a comparison of the performances
of models generated through our algorithm-circuit co-simulation framework with SOTA
TinyML models for VWW. Our P2M custom models yield test accuracies within 0.37% of the
best performing model in the literature [59]. Note that we have trained our models solely
based on the training data provided, whereas ProxylessNAS [59], that won the 2019 VWW
challenge leveraged additional pretraining with ImageNet. Hence, for consistency, we report
the test accuracy of ProxylessNAS with identical training configurations on the final network
provided by the authors, similar to [49]. Note that [60] leveraged massively parallel energy-
efficient analog in-memory computing to implement MobileNet-V2 for VWW, but incurs an
accuracy drop of 5.67% and 4.43% compared to our baseline and the previous state-of-the-

art [59] models. This probably implies the need for intricate algorithm-hardware co-design
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and accurately modeling of the hardware non-idealities in the algorithmic framework, as

shown in our work.

Authors Description Model Architecture Test Accuracy (%)
Saha et al. (2020) [49] RNNPooling MobileNetV2 89.65
Han et al. (2019) [59] ProxylessNAS Non-standard architecture 90.27
Banbury et al. (2021) [53] Differentiable NAS MobileNet-V2 88.75
Zhou et al. (2021) [60] Analog compute-in-memory MobileNet-V2 85.7
This work P’M MobileNet-V2 89.90

Table 3.3: Performance comparison of the proposed P2M-compatible models with state-of-
the-art deep CNNs on VWW dataset.

Effect of P2M Quantization on Test Accuracy
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Figure 3.8: (a) Effect of quantization of the in-pixel output activations, and (b) Effect of the
number of channels in the 15t convolutional layer for different kernel sizes and strides, on
the test accuracy of our P?’M custom model.

Effect of quantization of the in-pixel layer: As discussed in Section 3.4, we quantize the
output of the first convolutional layer of our proposed model after training to reduce the
power consumption due to the sensor ADCs and compress the output as outlined in Eq.
3.2. We sweep across output bit-precisions of {4,6,8,16,32} to explore the trade-off between
accuracy and compression/efficiency as shown in Fig. 3.8(a). We choose a bit-width of 8 as it
is the lowest precision that does not yield any accuracy drop compared to the full-precision
models. As shown in Fig. 3.8, the weights in the in-pixel layer can also be quantized to 8
bits with an 8-bit output activation map, with less than 0.1% drop in accuracy.

Ablation study: We also study the accuracy drop incurred due to each of the three

modifications (non-overlapping strides, reduced channels, and custom function) in the P?M-
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enabled custom model. Incorporation of the non-overlapping strides (stride of 5 for 5x5
kernels from a stride of 2 for 3x3 in the baseline model) leads to an accuracy drop of 0.58%.
Reducing the number of output channels of the in-pixel convolution by 4x (8 channels
from 32 channels in the baseline model), on the top of non-overlapping striding, reduces
the test accuracy by 0.33%. Additionally, replacing the element-wise multiplication with
the custom P?M function in the convolution operation reduces the test accuracy by a total
of 0.56% compared to the baseline model. Note that we can further compress the in-pixel
output by either increasing the stride value (changing the kernel size proportionately for
non-overlapping strides) or decreasing the number of channels. But both of these approaches
reduce the VWW test accuracy significantly, as shown in Fig. 3.8(b).

Comparison with Prior Works: Table 4 compares different in-sensor and near-sensor
computing works [12-15] in the literature with our proposed P?M approach. However,
most of these comparisons are qualitative in nature. This is because almost all these works
have used toy datasets like MNIST, while some have used low-resolution datasets like
CIFAR-10. A fair evaluation of in-pixel computing must be done on high-resolution images
captured by modern camera sensors. To the best of our knowledge, this is the first paper
to show in-pixel computing on a high-resolution dataset, such as VWW, with associated
hardware-algorithm co-design. Moreover, compared to prior-works we implement more
complex compute operations including analog convolution, batch-norm, and ReLU inside
the pixel array. Additionally, most of the prior works use older technology node (such as 180
nm). Thus, due to major discrepancy in the use of technology nodes, unrealistic datasets for
in-pixel computing, and only a sub-set of computations being implemented in prior-works
it is infeasible to do a fair quantitative comparison between the present work and previous
works in the literature. Nevertheless, Table 4 enumerates the key differences and compares
the highlights of each work, which can help develop a good comparative understanding of

in-pixel compute ability of our work compared to previous works.
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Work Tech Node | Computation | High Resolution Dataset Supported Ops. ‘ Acc. (%)
P’M (ours) 22 nm Analog Yes VWW Conv, BN, ReLU 89.90
TCAS-I 2020 [12] 180 nm Analog No - Binary Conv. -
TCSVT 2022 [15] 180 nm Analog No CIFAR-10 Conv. 89.6
Nature 2020 [13] - Analog No 3-class alphabet MLP 100
ECCV 2020 [14] 180 nm Digital No MNIST MLP 93.0

Table 3.4: Comparison of P2M with related in-sensor and near-sensor computing works

Model type | Sensing (p]) | ADC (p]) | SoC comm. (pJ) | MAdds (pJ) | Sensor output

(epix) (€adc) (€com) (emac) pixel (Npix)

P?M (ours) 148 41.9 112x112%x8
Baseline (C) 900 1.568

312 86.14 560x560x 3

Baseline (NC)

Table 3.5: Energy estimates for different hardware components. The energy values are
measured for designs in 22nm CMOS technology. Note, the sensing energy includes the
analog convolution energy for P2M as analog convolution is performed as a part of the
sensing operation. For the enqc, we convert the corresponding value in 45nm to that of
22nm by following standard scaling strategy [1].
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Notation Description Value
Bio I/0 band-width 64
Bw Weight representation bit-width 32
Nypank Number of memory banks 4
Nimutt Number of multiplication units 175
Teens Sensor read delay 35.84 ms (P*M)

39.2 ms (baseline)

Tade ADC operation delay 0.229 ms (P?M)
4.58 ms (baseline)

tmult Time required to perform 1 mult. in SoC 5.48 ns

tread Time required to perform 1 read from SRAM in SoC 5.48 ns

Table 3.6: The description and values of the notations used for computation of delay. Note
that we calculated the delay in 22nm technology for 32-bit read and MAdd operations
by applying standard technology scaling rules initial values in 65nm technology [2]. We
directly evaluated the T,cqq and Tyqc through circuit simulations in 22nm technology node.

3.5.3 EDP Estimation

We develop a circuit-algorithm co-simulation framework to characterize the energy and
delay of our baseline and P?’M-implemented VWW models. The total energy consumption
for both these models can be partitioned into three major components: sensor (Egens),
sensor-to-SoC communication (E¢om), and SoC energy (Egsoc). Sensor energy can be further
decomposed to pixel read-out (E;ix) and analog-to-digital conversion (ADC) cost (Eqqc)-
Esoc, on the other hand, is primarily composed of the MAdd operations (Enqc) and parameter

read (Eyeqq) cost. Hence, the total energy can be approximated as:

Etot & \(epix +eqdc) * Npix +€com * Npix +€mac * Nmac + €read * Nread - (3.4)
Esens Ecom Emac Ereaa

Here, esens and ecom represents per-pixel sensing and communication energy, respectively.
emac 18 the energy incurred in one MAC operation, e,¢qq represents a parameter’s read

energy, and Ny, denotes the number of pixels communicated from sensor to SoC. For a
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convolutional layer that takes an input I € RixwWixci gnd weight tensor ,, € Rkxkxcixco ¢4

produce output O € RMo*WoxCo the N qc [61] and Nyeqq can be computed as,

Ninae = ho *Wo x k2 % ¢i % ¢ (3.5)

Nieaa = k¥ *ci*co (3.6)

The energy values we have used to evaluate E¢yt are presented in Table 3.5. While
epix and eqqc are obtained from our circuit simulations, ecom is obtained from [16]. We
ignore the value of E,eqq as it corresponds to only a small fraction (<10~*) of the total
energy, similar to [62-65]. Fig. 3.9(a) shows the comparison of energy costs for standard
vs P2M-implemented models. In particular, P2M can yield an energy reduction of up to
7.81x. Moreover, the energy savings is larger when the feature map needs to be transferred
from an edge device to the cloud for further processing, due to the high communication
costs. Note, here we assumed two baseline scenarios one with compression and one without
compression. The first baseline is MobileNetV2 which aggressively down-samples the
input similar to P?M (h;/wj : 560 — ho /Wy : 112). For the second baseline model, we
assumed standard first layer convolution kernels causing standard feature down-sampling
(hi/wji : 560 — ho/Wyg : 279).

To evaluate the delay of the models we assume sequential execution of the layer opera-

tions [2, 66, 67] and compute a single convolutional layer delay as [2]

(k)ZCiCo

teoms [ k)?cico
™ (Bro/Bw)Npank

| *treaa + ((

Tho * Wo * tmut. (3.7)
Nmutt
where the notations of the parameters and their values are shown in Table 3.6. Based on
this sequential assumption, the approximate compute delay for a single forward pass for

our P2M model can be given by
Tdelay ~ Tsens + Tade + Teonv- (3.8)

Here, Tsens and Tgq. correspond to the delay associated to the sensor read and ADC operation
respectively. Tcony corresponds to the delay associated with all the convolutional layers

where each layer’s delay is computed by Eq. 3.7. Fig. 3.9(b) shows the comparison of delay
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between P2M and the corresponding baselines where the total delay is computed with the
sequential sensing and SoC operation assumption. In particular, the proposed P>?M approach
can yield an improved delay of up to 2.15x. Thus the total EDP advantage of P2M can be
up to 16.76 . On the other hand, even with the conservative assumption of total delay is
estimated as max(Tsens+Tadce, Teonv), the EDP advantage can be up to ~11x.

Since the channels are processed serially in our P2M approach, the latency for the
convolution operation increases linearly with the number of channels. With 64 output
channels, the latency of the in-pixel convolution operation increases to 288.5 ms from 36.1
ms with 8 channels. On the other hand, the combined sensing and first layer convolution
latency using classical approach increases only to 45.7 ms with 64 channels from 44ms with
8 channels. This is because the convolution delay constitutes a very small fraction of the
total delay (sensing+ADC+convolution) in the classical approach. The break-even (number
of channels beyond which in-pixel convolution is slower compared to classical convolution)
happens at 10 channels. While the energy of the in-pixel convolution increases from 0.13 mJ
with 8 channels to 1.0 mJ with 32 channels, the classical convolution energy increases from
1.31 mJ with 8 channels to 1.39 m] with 64 channels. Hence, our proposed P2M approach
consumes less energy than the classical approach even when the number of channels is
increased to 64. That said, almost all of the state-of-the-art on-device computer vision
architectures (e.g., MobileNet and its variants) with tight compute and memory budgets
(typical for IoT applications) have no more than 8 output channels in the first layer [21, 49],

which is similar to our algorithmic findings.
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Figure 3.9: Comparison of normalized total, sensing, and SoC (a) energy cost and (b) delay
between the P?M, and baseline models architectures (compressed C, and non-compressed
NC). Note, the normalization of each component was done by diving the corresponding
energy (delay) value with the maximum total energy (delay) value of the three components.
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3.6 Conclusions

With the increased availability of high-resolution image sensors, there has been a growing
demand for energy-efficient on-device Al solutions. To mitigate the large amount of data
transmission between the sensor and the on-device Al accelerator/processor, we propose
a novel paradigm called Processing-in-Pixel-in-Memory (P*M) which leverages advanced
CMOS technologies to enable the pixel array to perform a wider range of complex op-
erations, including many operations required by modern convolutional neural networks
(CNN) pipelines, such as multi-channel, multi-bit convolution, BN and ReLU activation.
Consequently, only the compressed meaningful data, for example after the first few layers of
custom CNN processing, is transmitted downstream to the Al processor, significantly reduc-
ing the power consumption associated with the sensor ADC and required data transmission
bandwidth. Our experimental results yield reduction of data rates after the sensor ADCs by
up to ~21x compared to standard near-sensor processing solutions, significantly reducing
the complexity of downstream processing. This, in fact, enables the use of relatively low-cost
micro-controllers for many low-power embedded vision applications and unlocks a wide
range of visual TinyML applications that require high resolution images for accuracy, but are
bounded by compute and memory usage. We can also leverage P2M for even more complex
applications, where downstream processing can be implemented using existing near-sensor

computing techniques that leverage advanced 2.5 and 3D integration technologies [68].
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Chapter 4

FPCA: Field-Programmable Pixel
Convolutional Array for Extreme-Edge
Intelligence (FPCA)

4.1 Introduction

Given the proliferation of high-resolution and high-frame rate imaging, the surge in data
generated by cameras for artificial intelligence (AI) enabled computer vision (CV) applica-
tions presents significant energy and bandwidth challenges. This issue is exacerbated by
the conventional architecture that separates the sensor from the processing units, leading
to inefficiencies in data transfer and computation [69, 70]. To address this, recent research
has pivoted towards strategies that process and compress data closer to the point of capture,
aiming to alleviate these bottlenecks.

To enhance efficiency in data processing and compression closer to the sensor, three
primary methodologies have emerged, differentiated by how closely the processing unit is

integrated with the data generation (sensor) unit:

1. Near-Sensor Processing: In this setup, the data processor is located in close proximity
to the CMOS image sensor (CIS) chip. This arrangement boosts energy and bandwidth
efficiency by reducing the distance between the sensor and the processor [71, 72].
Despite this, the processor and sensor remain on separate chips, meaning there is

still a notable distance including significant off-chip communication that data must
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traverse.

2. In-Sensor Processing: This method incorporates either an analog or digital signal
processor directly into the periphery of the sensor chip. By doing so, it significantly
reduces the physical distance between where data is generated and first processed [28].
This approach helps reduce the data transfer bottleneck between sensor and processor,
yet the bottlenecks in transferring data from the sensor to the processor still exists as
the sensor is physically separate from the processing unit that resides in the periphery

outside sensor array.

3. In-Pixel Processing: Taking integration of sensor and processor a step further, this
innovative strategy equips each pixel circuit within the sensor with the ability to
perform massively parallel computations. This means processing can start at the very
site of data capture, along each pixel row(s) and/or column(s), drastically diminishing
the bandwidth requirement and reducing both the energy consumption and latency

of the sensor-processor system.

Despite various efforts in in-pixel processing [29, 30, 73-76], most of the works fail to
accomplish high accuracy in complex machine learning (ML) tasks. Complex ML tasks often
require advanced operations like multi-bit, multi-channel convolution, batch normalization
(BN), and Rectified Linear Units (ReLU). Most approaches [29, 30, 73, 74] have limitations,
such as binary weight implementation and a lack of multi-channel convolution capability,
while focusing on simpler datasets that do not fully represent the complexities of real-world
CV applications. Notably, prior works [75, 76] have demonstrated significant improvements
but are hindered by the fixed nature of the transistor-width-based weight implementation
as well as the number of kernels and the stride size, which lacks the flexibility and reconfig-
urability needed for diverse CV applications. Thus, current research has failed to achieve
the combination of high accuracy and reconfigurability for pixel sensors to tackle multiple
CV applications within the same pixel array.

Furthermore, in-pixel processing involves co-design considerations across chip integra-
tion, circuit configurations, and algorithm. In previous attempts, embedding computational
tasks like matrix-vector multiplication within the pixel array can compromise pixel density
due to requirement of hundreds of added transistors per pixel based on size of stride and

number of channels. Innovations such as heterogeneous 3D integration offer a pathway to
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vertically stack logic or memory substrates with the CIS [77, 78], potentially overcoming
these limitations. However, the pixel pitch limits the number of transistors which in turn
limits the size of stride, channels and kernel size of an neural network which effects the
overall accuracy of the CV task.

This work introduces, for the first time, a novel Field-Programmable Pixel Convolutional
Array (FPCA) pixel architecture design for in-pixel processing by enabling comprehensive
field-programmability of all the key parameters within the initial layers of modern con-
volutional deep learning networks. Leveraging a hybrid CMOS-NVM circuit, this system
introduces a reconfigurable structure designed to dynamically adjust all key parameters for

state-of-the-art deep learning networks:
1. Weight values: allowing for modifications based on varying algorithm demands.
2. Channel configurations: adapting to different data bandwidth and processing needs.

3. Kernel sizes: customizable to match the specific convolutional requirements of

different applications.
4. Stride sizes: offering flexibility in feature sampling and data throughput.

Such reconfigurability is crucial for creating sustainable solutions, wherein a single
hardware setup can meet a wide range of deep learning algorithm specifications. For instance,
complex datasets like BDD100K [79] might require smaller filter sizes and strides to capture
details, while simpler datasets like visual wake word (VWW) [54] can work with larger
kernels and broader strides while maintaining classification accuracy. By incorporating these
adjustable parameters, the FPCA not only addresses the static nature of previous systems
but also significantly enhances the scope and application space for in-pixel processing use
cases. This adaptability leads to field-programmability, ensuring that the same physical
infrastructure can continuously evolve in response to emerging computational challenges
and advancements in machine learning methodologies involving convolutional operations.
Moreover, our approach significantly reduces the required area per pixel by eliminating the
need for weight transistors within each pixel unit and placing the weight block composed
of non-volatile memory (NVM) in a separate weight die using 3D integration technology
and shared with pixels using modified rolling shutter operation. This advancement not only

enhances the density and scalability of the pixel array but also opens up new possibilities
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for deploying more complex neural network models directly onto the hardware. Through
detailed simulation results on TSMC 28nm, we demonstrate the effectiveness of our design
in performing dot product operations— a fundamental building block of neural network
computations— with improved efficiency and adaptability compared to existing designs.
Furthermore, we present a novel machine learning framework compatible bucket-select
curvefit approach to accurately model the non-linearity associated with analog convolution
operation.

Also, the proposed FPCA scheme offers distinct advantages over existing near-sensor
and in-sensor processing approaches, particularly in energy-constrained applications like
autonomous drones and smart glasses. While near-sensor processing incorporates ML accel-
erators on the same PCB or in 3D-stacked configurations with the CIS chip, and in-sensor
processing integrates processing unit within the CIS chip periphery circuit, both approaches
still face fundamental data transfer limitations. Near-sensor processing must handle the
energy overhead of data transfer between the CIS and processing chip, while in-sensor pro-
cessing requires sequential streaming of data from photodiode arrays to peripheral circuits.
In contrast, FPCA improves the camera’s energy-delay product by enabling computation
within the pixel array, thereby significantly mitigating data transfer to/from the pixel array,
while also reducing the number of times ADC conversions are needed. Thus, in contrast to
near- and in-sensor processing schemes, FPCA addresses data movement challenges at the
level of the pixel read-out circuit. Finally, FPCA incorporates reconfigurability for all key
parameters of the deep learning network inside the proposed hardware, thereby making it
much more versatile compared to prior works [75, 78, 80]. Importantly, FPCA is not meant
to replace these existing techniques but can complement them - it can be integrated with
both near-sensor and in-sensor processing schemes to provide additional benefits.

For this paper in section 4.2 we discuss previous works that are related to in-pixel
computing, section 4.3 introduces the novel NVM in-pixel computing circuit and the recon-
figurability for all key ML parameters including weight value, kernel size, stride, channels,
pixel skipping and demonstrate a novel bucket select curvefit approach to capture the non-
linearity in the analog output voltage suitable for incorporation in standard ML training
frameworks. Section 4.4 introduces a new modeling method for FPCA circuit analog convo-
lution output. Then section 4.5 will elaborate on the simulation results and the analysis of

the FPCA pixel circuit. The last section, section 4.7 concludes the paper.
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4.2 Background and Related Work

In the first layer of convolutional neural networks (CNNs), the initial processing involves
the multiplication of pixel outputs from the camera sensor with multi-bit weight values, a
critical step in data interpretation and analysis [81]. To facilitate this within the pixel array
without compromising the resolution of the CIS, previous approaches [75, 76, 78, 82] embed
these weights directly into the pixel architecture. This embedding is made possible through
the use of advanced 3D integration technologies, which allow for the vertical stacking of
weights [83, 84]. The physical implementation of these weights can be achieved through
adjusting CMOS transistor geometry or by leveraging the resistance states in various non-
volatile memory (NVM) devices such as Resistive Random Access Memory (RRAM), Phase
Change Memory (PCM), and Magnetic Random Access Memory (MRAM) [85].

Additionally, the algorithm necessitates use of both positive and negative weight values
to maintain accuracy in the test phase, requiring innovative circuit techniques to process
and distinguish these weights accurately. In [75], a novel use of the peripheral Single-
Slope (SS) Analog-to-Digital Converter (ADC) is proposed. This approach combines the
results of positive and negative weights by respectively increasing and decreasing the
counter inside the ADC, enabling the calculation of the final convolution output. The
integration of non-linear activation functions, such as the Rectified Linear Unit (ReLU), is
ingeniously achieved by repurposing the on-chip Correlated Double Sampling (CDS) circuit
found in CIS alongside the SS ADC. This setup ensures that the final ADC count, post CDS
operation (which includes both ‘up’ and ‘down’ counting), results in a non-negative value,
thereby effectively implementing the ReLU operation. Our proposed FPCA architecture also
leverages this approach for the periphery ADC circuit design.
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Figure 4.1: Proposed circuit and the overall architecture of the FPCA, where (a) is the novel
4T APS schematic, (b) is the switch matrix that connects the pixel array to the shared weight
block in a 3D integrated weight die, (c) is the example diagram of shared weight block, (d) is
peripheral ADC and (e) is the connection between the two dies using either Through-Silicon
Vias (TSV) or Copper-Copper bonding (Cu-Cu).

Moreover, the integration of the batch normalization (BN) layer, crucial for training
convergence, is partially combined with both the convolutional and ReLU layers. This is
implemented by initializing the counter with the BN offset term and adjusting the weights
with the BN scale term [75]. The processed activations are then ready to be transmitted
off-chip via various I/O technologies such as low voltage differential signaling (LVDS),
interposer (2.5D integration), through-silicon via (TSV), Cu-Cu bonding and Wireless,
among others. [77, 78]

4.3 FPCA Architecture and Reconfigurability

The essential innovation of the FPCA architecture is the reconfigurability it provides on

different levels of the circuit. As shown in Fig. 4.1, the proposed new circuit is composed of
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novel 4-transistor unit pixel circuit (Fig. 4.1(a)), switch matrices (Fig .4.1(b)), multi-channel
weight block for each pixel column (Fig. 4.1(c)), and periphery ADC (Fig. 4.1(d)). The pixel
array and the multi-channel weight array are on separate dies that is connected by through-
silicon vias (TSV) or Cu-Cu hybrid bonding using 3D integration (Fig. 4.1(e)) [77]. These
different blocks provide the architecture the reconfigurablity in all the key ML parameters:
weight value, kernel size, channel size, stride size and the ability to achieve region skipping
for neural network algorithms. For each column, it has one multi-channel weight block
within the weight array that stores all the channels’ kernel weight values using non-volatile
memory (NVM). A weight value is represented by two NVMs (Mq11&Mg11 bar), one to
represent the positive value and one for negative. If a weight value is negative then the
NVM for positive value M; stores 0 and the negative value is stored in the M ;1 pqr, the
NVMs is connected to the source of transistor Men&MeN par that is used for selecting
one channel in the output feature map. During a specific convolution operation, multiple
pixels are activated and only one of the channels is enabled. Convolutions for multiple
channels are performed sequentially. For each channel, the NVM for the positive weight
is connected to the channel line CH; and the negative weight to CH; pqr, these two lines
are activated sequentially, for positive & negative signal accumulation. Further, each NVM
storing a weight value is also connected to a kernel column select transistor M cs;. The gate
of these column select transistors are controlled by the input of Column Pattern control
line ColP. The source of the Mcsis are then connected to the switch matrix. The output
of the switch matrix would then connect to the drain of the transistor Mgy within each
unit pixel circuit. We will detail on these circuit structures and their interconnections in the

following paragraphs.



61

Y
=
3|
o
\ A

Cycle 1

Cycle 2

Activate
corresponding

Chi, ColPi, RS,SW

Activate
corresponding
Chi_bar, ColPi,

RS,SW

Perform analog
MAC operation

Perform analog
MAC operation
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4.3.1 In-situ Multi-pixel Convolution Operation
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Figure 4.3: Detail architecture of the column design of FPCA pixel array and Multi-Channel
Wight Block where (a) is pixel column design, (b) shows the connection pattern to different
columns of the multi-channel weight block and the control signal ColP (column pattern
select line), (c) is example figure of a m-channel with max 3 x 3 kernel and (d) is the pixel
circuit design where the SW line is the column control line and RS is the row control line
and the input to the pixel: line SM is connected to one node of the switch matrix.

To achieve the convolution operation, we simultaneously activate multiple pixels. For ex-
ample, we activate ny Xny x3 pixels at the same time, where nx and ny denote the spatial
dimensions and 3 corresponds to the RGB (red, blue, green) channels in the input activation
layer. For each activated pixels, the pixel output is modulated by the photo-diode current
and the weight value of the activated Mq;; NVM in the multi-channel weight block shown
as Fig. 4.1(c) associated with the pixel. In the FPCA architecture, the unit pixel circuit
schematic follows up on previous works [75-78]. For each pixel in the FPCA pixel array,
the output voltage approximates the multiplication of light intensity and corresponding
weight in the multi-channel weight array. For each output bit line, shown as vertical blue
lines BL in Fig. 4.1(a), the cumulative pull up strength of the activated pixels connected to

that line drives it high. The increase in pixel output voltages accumulate on the bit lines BL
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implementing an analog summation operation. Consequently, the voltage at the output of
the bit lines represent the convolution operation between input activations and the stored

weight in the weight die.

In summary, the presented unit pixel circuit can perform in-situ multi-bit, multi-channel
analog convolution operation inside the FPCA pixel array, wherein the input activations
are within the individual pixel (photodiode current) and the network weights are present in
a shared weight block along with associated metal interconnects in the separate weight die

connected to the pixel chip using TSV or Cu-Cu bonding [77, 78].
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Figure 4.4: Reconfigurability in weight value, kernel size and channel size, the center of the
figure is representing m channels of k x k kernels, the left part shows reconfigured weights
in i channels of k x k kernels and the right part of the figure shows the reconfigured j
channels for smaller 3 x 3 kernels.

4.3.2 Shared-Weight Block for In-pixel Convolution Operation

In CNNs, weights can take on both positive and negative values. However, as the NVM
weights used in FPCA are inherently non-negative, direct representation of negative weights
is not feasible. To address this, we leverage the on-chip digital Correlated Double Sampling
(CDS) circuit, as shown in Fig. 4.1(d), commonly integrated into state-of-the-art commercial
CMOS Image Sensors (CIS). This circuit is typically used alongside column-parallel Single
Slope ADCs (SS-ADCs) to eliminate reset noise during analog-to-digital conversion. We
examined training deep learning networks under a “positive-only” weight constraint and

observed that, while acceptable performance can be maintained for simple datasets such
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as MNIST, accuracy drops dramatically for more complex datasets. This finding indicates
that supporting signed weight representation is essential for realistic CNN workloads.
Therefore, FPCA adopts a dual-path approach that allows both positive and negative weight
computation within each convolution channel. An SS-ADC operates by comparing an input
analog voltage to a ramping voltage with a fixed slope generated by a ramp generator. A
comparator monitors this ramp, and a counter increments until the ramp voltage surpasses
the input voltage. At this point, the counter’s output is latched, providing the digital
equivalent of the input analog voltage. The digital CDS circuit further processes two
correlated samples: the first captures pixel reset noise, and the second records the actual
signal combined with reset noise. By taking the difference between these two samples, the
CDS effectively cancels out the reset noise. We repurpose the noise-canceling functionality of
the digital CDS circuit to represent both positive and negative weights. Each weight NVM is
designated as either positive or negative by connecting it to distinct control transistor—CH;
for positive weights or CH;bar for negative weights. As depicted in Fig. 4.2. For each
channel, multiple pixels are activated to compute the inner product, and two samples are
read sequentially.

For the weight representation, as shown in Fig. 4.2, a n X n kernel with both positive and
negative weight values can be treated as two n x n kernels, one that stores only positive
weight values and the other that stores the negative values. For negative weight values
in the original kernel, a zero is stored in the corresponding position within the positive
kernel. Conversely, where the original kernel has positive weights, zeros are placed in the
corresponding positions of the negative kernel. This scheme requires a total of 2 cycles
for 1 in-pixel convolution operation. As shown in the bottom part of Fig. 4.2, for the first
cycle, the CH; line would be pulled up to VDD to activate the positive weight values within
the kernel (as shown by the red lines in Fig. 4.2). And in the second cycle the CH; pqr line
would be pulled up while deactivating others to activate the negative weight through its
corresponding MgN pqr transistor, as shown by green lines in Fig. 4.2. The activated NVMs
in each cycle would then connect to the switch matrix and then to a certain pixel within
the pixel array. Note that for a single channel, all positive weights’ Mn; transistors’ gate
are connected to the same channel select line CH1, and all negative weights’ Mgni par
transistors are connected to the complement channel select line CHi_bar. Therefore for a

convolution operation:
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1. In the first step, the “red lines” (positive weights) control gates CH; and ColP; are
supplied with a VDD, while the CH;bar (negative weights) is grounded. The mapped
weights are sent to the pixel array and The resulting accumulated dot product is
digitized by the SS-ADC in the output of BL (Fig. 4.1(a)) as the counter performs an

"up" count.

2. In the second step, the “green lines” (negative weights)’s gates CH;bar and ColP; are
supplied with a high VDD, while the CH; is grounded. This accumulated dot product
is also digitized, and its value is subtracted from the first sample using the SS-ADC,

with the counter performing a "down" count.

This approach ensures that the digital CDS circuit first accumulates the convolution results
for all positive weights, then subtracts those for all negative weights, effectively implement-
ing the signed inner product for each channel. Channel-specific select lines govern this
operation.

Note, a typical RGB camera has 3 input channels. Our system allows these three color
channels to operate concurrently by sharing channel select lines. If we have a total of ¢,
output channels, the maximum kernel size across all output channels is 1 X n x 3, where the
3 corresponds to the RGB channels being processed together. This simultaneous activation
across the 3 input channels ensure that the RGB channels are processed simultaneously
and their convolution outputs are accumulated together in accordance with the algorithmic
requirement for modern CNNs. Consequently, the FPCA architecture would have 2 x ¢,
channel select lines (CHis and CHi_bars), and each column of the pixel array would have
in total 2 x n? x 3 x ¢, number of weights per pixel column that is on a separate weight die.
Note, this scheme allows the weights to be shared along columns, significantly reducing the

number of transistors for representing weight kernels.

4.3.3 Mapping of Weights in Shared Weight Block with the Pixel

Array for Convolution Operation

As described earlier, Channel Select Line CHAi selects weight transistors Mcs;, similarly
Column Pattern Select Line ColP1i and the switch matrix control the mapping of the weight
block to a certain pixel column. Fig. 4.2 shows the detail schematic for the connection of the

multi-channel weight block and the channel select transistors Mgys, in addition Fig. 4.3
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shows the detailed circuit connection of the rest of shared weight block and the pixel column
including switch matrix. As shown in Fig. 4.3(c), for an example 3 x 3 kernel the different
rows (rowl: all,al2,al3 etc., row2: a21,a22,a23 etc.) are connected to the different input
nodes of the switch matrix, the all, a12,al3 that belong to the first row are connected to
the first red node of the switch matrix while a21, a22, a23 are all connected to the second
node. The ColP lines (as shown in Fig. 4.3(b)) are being used in order to select a specific
column within a kernel for mapping the weight to the corresponding pixel column. For
example, if ColP1 is being pulled up, C1 (al1,a21,a31) is connected to column 1 of pixel
block, C2 (a12, a22,a32) is connected to column 2 of the pixel block. Each different ColP
line enables assigning a different column of the kernel to a specific pixel column. Therefore,
with the maximum kernel size of n x n, there would be a total of n lines of ColPs for column
pattern selecting (as one pixel column could be assigned to every column of the weight
kernel). This pattern ensures that any column of the kernel could be mapped to a specific
pixel column.

The bottom n nodes of the column switch matrix connect to the n lines of SM that is
connected to the transistor My within each pixel. For example, in Fig. 4.3(a), there are
3 SM lines. Note that the SM lines are routed in 3D integrated chip and these lines would
incur no area overhead for the pixel array. Each pixel would connect to one SM line. Pixels
in row 1 connect to the SM1, pixel in row 2 connects to SM2 and row n connects to the
SMn, then for the row n+1, it would connect to the SM1, every next row would follow the
same pattern. Therefore, through this design, it is made sure that every nearby column-wise
k pixels (as the maximum kernel size would be n x n) would be connected to a separate SM
line that links to a unique node within the switch matrix. The switch matrix is configured
to route these nn separate SM lines to correspond to the n different weights in the specific
column of the kernel.

As for the control signals, as shown in Fig. 4.3(d), within each column pixel there are
two control lines, shown in red, RS and SW, used for horizontal and vertical enabling the
unit pixel. The SW line is used for column enabling and the RS line is used for row enabling.
When both RS & SW lines are enabled simultaneously the output of the corresponding unit
pixel is connected for read operation. A more general diagram of the mechanism is shown
in Fig. 4.3(a). Each row shares the same RS control line while every SW line are shared
among all pixel units within a column.

Therefore, for the overall matrix multiplication operation for each FPCA pixel column
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with k x k kernel: channel select line CH1i and the column pattern select line ColP1i enables
the specific k weights in the k x k kernel to be connected to the n nodes in switch matrix;
and the switch matrix controls the connecting pattern of the n SM lines that connect to the

pixels in the pixel array.

4.3.4 FPCA Reconfigurability

Leveraging the circuit structures described above, the proposed FPCA architecture offers

seamless reconfigurability on different levels, here we will discuss each level thoroughly.

4.3.4.1 Reconfigurable Kernel Size
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Given the absence of a direct control mechanism to selectively deactivate segments of the
kernel within the shared weight block external to the pixel array, our system invariably
maps the entire kernel into the pixel array for each convolution operation. To circumvent
this limitation and to introduce kernel size reconfigurability, our design employs the strategy
of writing 0 weight values to multi-channel weight block, as is illustrated in Figure 4.4:

In our design, we have established a predetermined maximum kernel size of n x n
for each channel. To accommodate arbitrary kernel sizes smaller than the maximum, our
approach involves assigning zero weight values to the slots not utilized within the maximum
kernel configuration. This technique leverages the pre-loading of kernel weight values
before the convolution operation for inference-only task, thus adding no overhead during
compute operation. It is important to note that with this method, the output bit line (BL)
of each column in the pixel array will consistently reflect the activation of a fixed number
of pixels, corresponding to the maximum column size n for a kernel size of n x n. This
ensures uniform number of pixels are activated, irrespective of the actual kernel size that
may vary based on specific CV application.

In addition, the implementation of a logical zero-weight state is naturally achieved by
programming the corresponding NVM cell into its high-resistance state. This approach is
widely adopted in NVM-based convolution engines [86-88], where the high-resistance state
contributes negligibly to the accumulated photocurrent during convolution. Our prior P2M
architecture has also demonstrated that representing zero weights through high-resistance
values results in no measurable accuracy degradation at the algorithm level [75, 76, 80], since
the effective current contribution is much smaller than that of programmed weight states.
The wide conductance dynamic range available in NVMs like RRAM further improves the
robustness of this representation compared to transistor-based analog weights, allowing
FPCA to map unused kernel elements cleanly and without additional circuit overhead.

Note that a detailed modeling of the NVM write process is not included in this work, as
FPCA is designed for inference only operation where synaptic weights are programmed
only once during initialization or occasional reconfiguration. Therefore, write latency and
transient programming behavior do not affect runtime performance. In practical NVM
technologies such as RRAM, multi-level programming is typically achieved using iterative
write—verify schemes [86, 87], where each write pulse is followed by a verification step to
ensure the conductance target is reached. These closed-loop methods have been widely

demonstrated to reliably achieve multi-bit precision for inference-oriented systems, and
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thus provide a suitable programming mechanism for FPCA without requiring low-level

modeling of the write dynamics.

4.3.4.2 Reconfigurable Channel Size

Shown in Fig. 4.4, as each column of the pixel array connects to the multi-channel shared
weight block that stores weights for all the c, channels of maximum n x n kernel size, to
reconfigure the channel size, we can simply control which CH line (channel select) line to

activate as shown in Fig. 4.1(c).

4.3.4.3 Reconfigurable Stride Size

Our proposed FPCA structure allows any stride size ranging from 1 to n, where n is the
maximum kernel column or row number. Fig. 4.5 is the example schematic for the FPCA
implementing both vertical stride and horizontal stride size of minimum size s = 1. For
the operation, when striding vertically, the column pattern control signal (ColP) stays the
same when the kernel moves down as the kernel is still mapping to the same pixel array
columns. By rerouting using the switch matrix, the different SM lines can be reorganized
to connect to different columns of the kernel. For example, as represented in Fig. 4.5, switch
matrix is rerouted to allow vertical striding in upper half of the figure. The SW lines are
further activated in accordance with the kernel size being mapped in the pixel arrays. As
the kernel strides vertically, different RS lines are pulled up in each cycle, while the SW
lines stay the same. For reconfiguring vertical stride size, the activation scheme for RS lines
changes according to the desired stride size, while also reconfiguring the switching matrix.
For horizontal stride, Fig. 4.5 shows the working schematic for horizontal stride size
s = 1. When the kernel moves horizontally, the switch matrix routing would stay the same,
the column pattern control line for ColPs would be selected in accordance with the stride
size. For example, for horizontal stride size of 1, ColP1 activation is followed by ColP3
activation. This ensures when ColP1 is active, the first column of the kernel is mapped to
the first column of the pixel array, while when ColP2 is active the second column of the
kernel is mapped to the first column of the pixel array, implementing the horizontal striding.
Meanwhile to select different columns different groups of the SW lines would be ON.
This configuration is essential for allowing the weight kernel stride horizontally in the

pixel array, the total of n ColP lines (maximum kernel size is n x n) allows the kernel
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to move to every location in the pixel array horizontally. Note that Fig. 4.5 represents
single kernel convolution operation, the FPCA structure allows massive parallel convolution

operations along a set of selected rows in the pixel array.

4.3.4.4 Multi-Cycle Convolutional Operations

As mentioned in section 4.3.4.1, for any kernel size that is smaller than the maximum n x n,

0 weight values would be written into the NVMs that are not occupied in the predetermined

maximum kernel for each channel. Therefore, kernels of size n x n are applied to the

pixel array, although some weights are set to hold 0 value. But as the stride size vary, it

would require different number of cycles to complete the convolution operation for all stride

locations. For a kernel with n for the maximum kernel width of one channel with a depth
lem[Sn

of 1, the total cycle needed for a stride size of S is T] Thus, the total cycle number N¢

needed for generating the output kernels for the next layer of convolution would be

lem[S,n]

Nc =2Xhg Xco X S

(4.1)

where h, is the height of the output kernel, ¢, is the number of output channels, S is the

stride size, n is the maximum kernel width.

4.3.4.5 Pixel Region Skipping

The FPCA architecture incorporates the region skipping functionality, achieved by the
management of row-wise (RS) and column-wise (SW) control lines as depicted in Fig. 4.5.
To enable unit-wise control over which specific rows and columns of the pixel array are
activated, a total of Rp x Cp number of SRAMs along the periphery of the pixel array
circuit would be needed. Here, Rp and Cp represent the total number of rows and columns
in the pixel array, respectively. These SRAMs are intended to store control data for the
RS and SW lines. However, Rp x Cp number of SRAMs is considerably high. Such an
approach would result in substantial area overhead. Consequently, a block-wise approach
to region skipping is recommended. This method reduces the complexity and number of
SRAMs needed by grouping pixels into blocks and storing a single set of RS and SW values
for each block. This strategy not only minimizes the area overhead but also simplifies

the control scheme, making it a more practical solution for efficiently managing region
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skipping within the FPCA framework. For example, if the entire pixel array is divided into
8x8 blocks, then only 64 SRAM locations are needed to hold the region skipping data.To
identify the region of interest (ROI), several approaches can be employed, ranging from
computer vision techniques to machine learning methods. Traditional computer vision
approaches include edge detection using techniques like Canny edge detection [89], which
identifies boundary discontinuities [90], and can separate regions based on pixel intensity
values, while color-based segmentation can isolate regions with specific color characteristics
[91]. More sophisticated deep learning approaches employ CNNs for automated feature
learning and region detection, with architectures like YOLO (You Only Look Once) [92]
and R-CNN (Region-based CNN) [93] providing robust ROI detection capabilities. These
neural network-based methods can learn complex patterns and features from training data,
enabling more accurate and adaptable ROI detection compared to traditional methods.
The choice of ROI detection method depends on factors such as the specific application
requirements, computational resources available, and the characteristics of the target regions
to be identified. In this workflow, data processed by the FPCA chip is transmitted to
the backend processor, where these methods are applied. After identifying the ROI, the
information is fed back to the FPCA based pixel array to adjust control signals for the

subsequent image capture.

4.4 Accurate Modeling of Analog Convolution through

Bucket-Select Curvefit Function

Analog computing including the proposed FPCA system shows inherent non-linearity due to
non-linear behavior of constituent devices including NVM and transistors. This non-linear
behavior needs to be accurately modeled in the algorithmic framework to mitigate any
accuracy loss [76, 79]. However, a significant challenge arises as each pixel’s output is
influenced by the cumulative operation of other pixels that are connected together and
activated simultaneously to perform parallel dot product operation. This inter-dependence
of a given pixel’s behavior on other pixels complicates accurate and machine learning
framework compatible modeling of analog computing performed in the FPCA. Note that
detailed device-level variability is not included in the present FPCA model, as the goal of

this work is system-level architectural demonstration rather than low-level device charac-
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terization. In practice, NVM-based accelerators commonly exhibit conductance variation
and programming inaccuracy, but prior RRAM- and PCM-based deep learning studies have
shown that such variations can be effectively handled through algorithm-hardware co-
training [86, 94, 95]. The proposed bucket-select curvefit model captures the aggregate
analog transfer behavior of the NVM-CMOS-interconnect pipeline, allowing the ML train-

ing framework to internalize these system-level non-idealities without requiring explicit

device physics modeling.
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We propose a novel two step bucket-select curvefit method to accurately model non-
linear behavior associated with the analog computing FPCA system. Fig. 4.6(a) shows the
conceptual diagram representing step 1 and 2 of the proposed bucket select curvefit method.
In step 1, an initial estimate for the analog output voltage is obtained by using a generic
analytical function. This generic analytical function is obtained by curve fitting a 2D surface
plot to the analog SPICE output of N pixels, where input current to all the N pixels are kept
the same and swept within a range of minimum and maximum current values. Similarly, the
weights associated with all the N pixels are also kept the same, and swept within a range of
minimum and maximum weight values. The analog output estimate obtained from this step
is used as an input to step 2. Thus, a total of 2N parameters (N input current and N weights)
along with the initial estimate of analog voltage serves as input to step 2.

The initial estimate categorizes the output into one of several predetermined smaller
ranges, referred to as ‘buckets’. Each bucket, representing a segment of the total output
range, is associated with a unique curvefit function. Thus, for each range the analog behavior
is modeled by a curvefit function specifically tailored to the range of interest as determined
by the initial estimate. For example, the overall analog voltage range from 0V to 1V can
be sub-divided into 5 different buckets each of 200mV size. The initial estimate obtained
in step 1 helps select the bucket (or range) of interest. For each bucket, a specific curvefit
function models the behavior of the pixels (or the error associated with the initial estimate)
accurately in the vicinity of the voltage range associated with the bucket. The analog output
voltage predicted by step 2 is therefore, much more accurate compared to the initial estimate.
This is because although the behavior of any pixel is dependent on the cumulative effect of
other pixels it is connected to, yet the pixel’s response is a strong function of its own input
current and weight and only a weak function of the cumulative effect of other pixels. Thus,
step 1 helps to estimate the cumulative effect of the pixels using a generic curvefit function,
while step 2 uses a tailored curvefit function to accurately model the strong dependence of
a pixel on its input current and its weight based on the initial estimate obtained from step 1.

The bucket curvefit functions are obtained by modifying the simulation setup of step
1. Majority of the pixels still share same value of input currents and weights. The value is
chosen such that the output is forced to be within the range of a specific bucket, mimicking
the cumulative effect of the interconnected pixels. A small subset of pixels then undergo a
parameter sweep, leading to the generation of a distinctive curvefit function specific to the

bucket of interest.
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For our simulations, we considered a kernel size of 5 x 5 x 3, the overall model consists
of a total of 6 curvefit functions: the first one is the generic function: fyg, it is obtained by
sweeping I (Input current or light intensity) and W (Weight) wherein all 75 pixels share the
same parameter values for input current and weights. The rest 5 are the bucket curvefit
functions fpyc, to fpyc,, they are generated by sweeping a small subset of 5 pixels’ I and
W (these 5 pixels share the same parameter) while keeping the the other 70 pixels’ I and
W values same (Ic, W) and chosen so as to force the output in the specific range for a
particular bucket of choice.

With these 6 curvefit functions, our approach to monitor the circuit output with the
total of 150 different parameters of I and W (I — 174, Wy — W74) has three steps:

1. Select 1 fpy,c, out of the 5 bucket fyc, — fpyc, from the result Voyr,,, from step 1,

each bucket function fy,¢, covers the range [FTI, %], (ie[1,5)]).

2. Use the selected bucket curvefit function to calculate the final predicted convolution
output. Here the bucket curvefit function adjusts the initial estimate to obtain more

accurate estimate for behavior of each pixel:

74
f L,Wi) —favglIc,, W,
VOUTpd :Z bucs( i 1) avg( Cs Cs)

5

i=0

+favg(ICsaWCs)

This approach shows much more reliable output value as shown in the error rate bar plot
Fig. 4.8(b), the error rate is below 3%.

To simplify the method, we combine step 1 and 2 into a single analytical equation that can
be easily incorporated into ML frameworks like PyTorch. Selecting one out of five bucket
curvefit functions effectively can be performed using a set of step functions. A significant
drawback of using a step function is its non-differentiability at certain points, which poses
a challenge for machine learning algorithms that require continuous derivatives for back
propagation algorithm during training. To address this issue, we use sigmoid function
(o(x)) as an alternative to step function. The sigmoid function is advantageous because
it is differentiable at all points, ensuring smoother transitions between output ranges. By

combining sigmoid functions, as shown in Fig. 4.6(b), the bucket selection process based
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Vour,,, can be accommodated into a single analytical equation:

5

VOUTpdo:;<(U(100(X—:L_Tl))_i_o-(loo(%_x))_l)
% <(i fbuci(Ij’Wj)_favg(ICi’WCi)

5

j=0

+ favg(ICpWCi))>

4.5 Results and Discussion

4.5.1 Analysis on Power, Latency and Bandwidth Reduction

Fig. 4.7 (a)-(c) and (d)-(f) show the simulation results for the analog convolution output
for a single FPCA pixel and a group of 75 pixels, respectively, using TSMC 28nm HPC+
technology. The figures also show scatter plot comparing the linearity of the circuit output
with that of ideal mathematical convolution output. As seen in Fig. 4.7 (c) and (f), the
simulated convolution output of the FPCA pixel circuit exhibits fairly linear behavior. The
small non-linearity associated with the analog convolution output needs to be accounted
for in a machine learning framework compatible model such that the model can be used for
algorithmic training of a deep learning network to mitigate any accuracy loss. Table 4.1
provides a qualitative comparison between the proposed FPCA and several previous in-pixel
computing architectures. Since many quantitative metrics such as frame rate and power
efficiency depend strongly on parameters like array size, pixel current, and technology
node, we emphasize functional and architectural features instead. The proposed FPCA
supports convolution, batch normalization, and ReLU operations within the pixel array
and allows multi-channel processing in the first layer. Compared to previous analog and
mixed-signal designs [12, 75], FPCA achieves higher functional completeness and enhanced
reconfigurability while maintaining analog convolution capability. Moreover, by integrating
computation and memory at the pixel level with a compact 4T cell design, FPCA offers
improved flexibility for different network configurations and potential reductions in per-

pixel energy consumption.
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Work SCAMP-5 [14] | PipSim [31] | Reconfig [15] | Mixed-Signal [12] | Senputing [96] | APS-P?M [75] FPCA (ours) ‘
Supported Functions MLP Conv, ReLU Conv Binary Conv Conv Conv, BN, ReLU | Conv, BN, ReLU
# of Unit Cell Gates 100+T 4T 3T1C 4T 6T (4+N)T 4T
Tech Node 180nm 45nm 180nm 180nm 180nm 22nm 22nm
Weight Form Digital Digital Digital Analog Digital Analog Analog
Reconfigurability High High High Low High Low High
Analog Conv No No No Yes No Yes Yes
BN No No No No No Yes Yes
ReLU No No No No No Yes Yes

Table 4.1: Comparison of FPCA with a pixel array size of 1000 x 1000, kernel size = 5,
stride size = 5, output channel size of 8 with related in-pixel, near-pixel computing works.
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Figure 4.7: Simulation results of the FPCA circuit. (a) and (b) show the single-pixel analog
output versus normalized NVM weight resistance W and input current I (representing light
intensity). In (a), each curve corresponds to a different resistance , and in (b) each curve
corresponds to a specific input current. Scatter plot (c) shows the linear curve-fit of the
single-pixel data, where the black and red points represent different metal-line resistances
between the shared-weight block and the pixel array, while the blue points incorporate both
metal-line resistance and hybrid-bonding parasitics. Plots (d), (e), and (f) correspond to (a),
(b), and (c) respectively, but for 75 simultaneously activated pixels (kernel size 5 x 5 x 3)
performing a full convolution operation.
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Towards that end, the effectiveness of the novel curvefit bucket selection function
approach in predicting circuit output is demonstrated in Fig. 4.8(b). This figure illustrates
the error rate of estimated output voltage when applying the proposed curvefit method.
The method involves simulation of convolution operation for 75 connected pixels with
150 randomly selected parameters (Ws, Is) spanning the entire range of weight and input
current parameters. The comparison with simulation data shows that this method achieves
accurate prediction of the analog output voltage, with an error rate of less than 3%. In
addition to the architectural benefits, the electrical impact of Cu-Cu hybrid bonding was
explicitly included in the FPCA circuit simulations. Based on parasitic values reported
on hybrid-bonding for 3D integration [97], each vertical connection was modeled with a
parasitic capacitance of approximately 0.17fF and a resistance of approximately 50mQ at a
4um pitch. As shown in Fig. 4.7(c) and (f), incorporating these parasitics produces negligible
deviation in the analog convolution output compared to the case without hybrid bonding,
confirming that the required 3D integration does not materially degrade FPCA accuracy for

the array dimensions considered in this work.

4.5.1.1 Energy Analysis

The total frontend energy consumption ErgonTEND is quantified using Eq. 4.2, where
epx = 148p]J(calculated from simulation result), eapc = 41.9p] [78], and Ep represent the
energy consumed per convolution operation, the energy per ADC read operation, and the
total communication (IO) energy, respectively. The IO energy is further detailed in Eq. 4.3,
where ejp = 12.34p]/bit indicates the energy cost per bit for the employed IO technology,
specifically LVDS in this instance [98], bapc = 8 represents the ADC bit precision, ho, Wo,
and c, specify the height, width, and number of output channels of the output activation
map, respectively. Fig. 4.9(a) presents the normalized energy consumption for various stride
sizes and number of channels in the output feature map for a constant kernel size of 5 x 5.
The graph shows that employing strides of size 5 (non-overlapping) leads to maximum
energy savings. The energy savings decrease as the stride size decreases, since lower stride
size implies more number of convolution operation. Further, smaller number of output
channels lead to higher energy savings. For reference, baseline energy number for a RGB
camera without FPCA computing is shown in figure using a red dotted line. Thus, energy

savings is achieved through use of higher stride size and lower number of channels [54, 79].
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In contrast, increasing the output channel count to 32 does not lead to energy savings. This
lack of improvement is due to an increase in the number of convolutional operations (N¢ as
shown in Eq. 4.1). These findings highlight that for FPCA design and in general for analog
convolution in pixel, algorithm optimizations to reduce number of channels and increase
number of strides is necessary along with hardware design. Thus, algorithm-hardware

co-design is an imperative aspect of analog computing in pixel as well as FPCA design.

ErronTEND = N¢ X (epx +eapc) +Eio (4.2)

Eio =ho XwWg Xco Xbapc X €10 (4.3)
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Figure 4.8: 3D curvefit function plot and the error rate bar plot. Plot (a) is the 3D curvefit
function used to model the analog output behavior of the circuit for algorithmic use, plot (b)
shows the error rate after applying the bucket select curvefit function with respect to the

simulation data using random inputs (input current and weights) to each of the 75 pixels in
TSMC 28nm HPC+ technology.
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analysis where BR versus stride size for different numbers of output channels is plotted.

4.5.1.2 Latency Analysis

The latency TrronTEND Of FPCA convolution operation, depends on the number of read
cycles as dictated by Eq.4.1. This latency, is further quantified using Equation 4.4, where
Texp represents the exposure time, Tapc the ADC read time, and Tjp the communication
delay associated with IO pins. The IO delay, Tjp, is influenced by the ADC bit precision
(bapc), the width of output activation map w,, IO bandwidth (BW;g = 1Gbps [98]), and
the total number of 10 pads (njg(pap) = 24) utilized on the chip as in Eq. 4.5. Fig. 4.9(b)
shows the maximum frame rate ( m) achievable with an FPCA-enabled CIS, varying
by stride number across different output channels and pixel binning scenarios, assuming a
kernel size of 5. The plot shows that the maximum frontend frame rate of the FPCA model
is generally lower than that of conventional RGB CIS. This is due to the inclusion of both
positive and negative weights in the first convolutional layer and the fixed max kernel size
for shared weight block. Nevertheless, by optimizing the stride, reducing output channels,
and implementing pixel-level binning, higher frame rates are attainable (as demonstrated

with ¢, = 8 and 4 x 4 binning for stride number = 5).

TrronTEND = N¢ X (Texp +Tapc + Tio) (4.4)

Tio =
BWio X nig(paD)
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It is important to note that for in-pixel computing, as defined in [78] the frontend latency is
considered as the total computation time for all activations of the output feature map within
the first convolutional layer. To reduce the latency compared to conventional CIS significant
reductions need to be made in the output feature map dimensions, such as through fewer
channels, larger strides, or binning. [75, 76] Moreover, reduction in exposure time can also

increase the frame rate, irrespective of the specific FPCA configuration employed.

4.5.1.3 Bandwidth Reduction Analysis

For Bandwidth Reduction in FPCA, the data bandwidth reduction (BR) can be estimated
using Equation 4.6 [78]. Here, I and O represent the number of elements in the input RGB
image and the output activation map of the first convolutional layer, respectively. The input
[ is calculated as hj X w; x 3, where h; and w; are the height and width of the input image,
and the factor 3 is for the three RGB channels. The output O is derived from Equation 4.7 and
Equation 4.8, where hy, W, and p denote the height and width of the output activation map
and the padding, respectively. The factor % in Equation 4.6 accounts for the compression

efficiency from converting the Bayer RGGB pattern, commonly used in image sensors, to the

standard RGB format. And the term bAllsz reflects the conversion from a higher bit depth,
typically 12 bits per color channel in raw sensor outputs, to the bit precision (bapc =8)

used by the peripheral ADC, which is set to 8 bit activations for deep learning applications.

n(2) ()62

O =hg XWwWg X o (4.7)
hi(w;)—n-+2
ho(We) = ilwi) Sn+ “P (4.8)

Fig. 4.9(c) illustrates the estimated data bandwidth reduction (BR) versus stride size for
a kernel size of 5 x 5 with various numbers of output channels. The graph shows that
the FPCA approach can provide a significant reduction in data bandwidth compared to
conventional CIS, particularly when employing large strides and fewer output channels.
Additionally, improved BR values can be achieved by implementing pooling (either max or
average) at the periphery following the output from the first convolution layer in the FPCA

design.
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4.5.2 3D Integration

cu_cu Pixels
Bonding

Pixels

ek

Latest 3D integration using 3D integration using TSV
Cu-Cu bonding

Figure 4.10: 3D integration techniques where left hand-side is cu-cu bonding and right
hand-side is TSV.

3D integration is a critical enabler for the FPCA circuit, allowing in-pixel computing without
compromising pixel density. In current camera sensors, 3D integration has historically been
utilized for various photography applications, but its adoption in in-pixel computing marks
a significant shift toward embedding intelligence within camera pixels. Traditional imple-
mentations using TSVs as in Fig.4.10, such as those described in [43], have demonstrated a
reduction in chip area compared to 2D architectures. However, TSVs are constrained by their
placement outside the pixel arrays, resulting in underutilized areas. Recent advancements
in fine-pitch Cu-Cu bonding have addressed these limitations by enabling pixel-parallel
architectures. Unlike TSV-based configurations, where signal lines are routed to a periph-
eral logic layer, Cu-Cu connections as shown in Fig.4.10 are integrated directly, increasing
interconnect density and enhancing the adaptability of the system. Samsung’s design [99]
showcases this approach, utilizing two small-pitch Cu-Cu interconnections per pixel to
connect the pixel-wise ADCs and in-pixel digital memory, achieving a pixel pitch of less
than 5pm. Similarly, Sony has demonstrated a 3um pitch with Cu-Cu bonding in their
image sensors [100], proving the electrical reliability and viability of ultra-fine-pitch Cu-Cu
connections in commercial applications. By employing Cu-Cu bonding for the FPCA circuit,
weight NVMs can be implemented on a separate die, which is heterogeneously integrated
with the back-side-illuminated (BI) CMOS Image Sensor (CIS) die. This heterogeneous
integration uses techniques such as die-to-die or die-to-wafer bonding, allowing the weight
NVM die to be fabricated using advanced planar or non-planar technology nodes, maximiz-

ing storage capacity for larger weight kernels and channel sizes. This approach ensures
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high pixel density while supporting the FPCA circuit’s computational demands, enabling

more intelligent and efficient imaging systems.

4.6 Future Work

4.6.1 Algorithm Testing

Future work on the FPCA framework will delve into the intricate balance between hardware
reconfigurability and algorithmic precision, with a specific focus on accuracy analysis
at the algorithm level. The goal is to understand how FPCA-implemented systems can
preserve accuracy through adaptive training strategies that account for hardware-induced
non-linearities. This aspect becomes particularly critical in complex applications requiring
granular feature extraction, such as multi-object tracking from the BDD100K dataset, where
larger dimensionality reductions can adversely impact performance. Note that although
the present work does not include new algorithm-level accuracy evaluations, strong prior
evidence supporting the expected performance of FPCA comes from our earlier P2M-based
architectures [75, 76, 78, 80] which employ the same analog-first, digital-rest computation
pipeline. In those systems, only the first convolution layer is computed in analog while all
subsequent layers operate in the high-precision digital domain. End-to-end training was
shown to successfully compensate for analog non-idealities—including limited precision and
nonlinearity—achieving accuracy comparable to digital baselines on challenging datasets
such as BDD100K [76], for large input resolutions and multi-object detection/tracking tasks.
Because FPCA generalizes the same computation principle while providing a more scalable
and reconfigurable kernel architecture, similar or improved accuracy is expected once the
FPCA bucket-select model is integrated into an end-to-end training flow, which is a key

direction of future work.

4.6.2 Column-wise Multi-Channel Weight Array Self-Shift
Operation
The FPCA architecture requires deploying a dedicated Weight Array for each column within

the pixel array. These Weight Arrays are identical across columns, storing uniform weight

values essential for conducting in-pixel convolution operations. To enhance operational
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efficiency, particularly in reducing the latency associated with updating weight values,
the introduction of a self-shift mechanism within each weight array warrants exploration.
This approach aims to shorten the process latency of weight value adjustment, potentially
minimizing the preparation time required for transitions between different convolutional

tasks.

4.7 Conclusion

In conclusion, this paper has introduced a Field-Programmable Pixel Array (FPCA), a novel
approach to in-sensor and in-pixel computing that pushes the potential of pixel arrays
within CMOS image sensors to wide range of modern convolutional deep learning networks.
Unlike traditional pixel arrays, FPCA provides dynamic adaptability in weight values, kernel
sizes, channel sizes, and stride sizes, addressing the rigid constraints that have limited
intelligent sensor design and functionality without sacrificing pixel area by implementing
weight array on a separate die connected with TSV or Cu-Cu bonding. Moreover, the FPCA
architecture integrates the capability of region skipping, allowing for selective processing
that enhances efficiency and reduces unnecessary computations. The paper also presents a
novel bucket select curvefit based analog modeling approach that can accurately capture
the non-linear behavior of analog computing. The resultant model is machine learning
framework compatible and can be used for training deep learning networks to mitigate
accuracy loss. Advantageously, the developed model is applicable to analog computing in
general beyond the presented FPCA use-case, including memristive crossbar arrays. Further,
our analysis shows the dependence of energy, latency and bandwidth metrics on typical
deep learning parameters, highlight the importance of algorithm-hardware co-design for
extreme-edge intelligence applications.

In summary, the work provides a versatile framework with potential applications across
wide range of various computer vision tasks, spanning from simple object detection to
more complex scene understanding. Its flexibility and efficiency may contribute to the
development of intelligent devices designed to perform sophisticated image processing tasks

directly at the point of data generation.
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Chapter 5

A Pathway to Near Tissue Computing
through Processing-in-CTIA Pixels for
Biomedical Applications (CTIA-IPC)

5.1 Introduction

Edge computing inside image sensors is emerging as a compelling solution to the bandwidth,
power, and latency bottlenecks of off-chip data transfer, constraints that are especially critical
in real-time biomedical settings such as minimally invasive surgery (MIS), where extremely
low power budgets are essential. In these scenarios, transmitting raw high-resolution
image data from implantable or catheter-based sensors to external processors imposes
unsustainable energy and bandwidth costs. In-Pixel Computing (IPC) architectures aim to
address this by embedding processing and memory directly into the pixel array to accelerate
operations such as convolutions that are essential for machine learning applications and
they provide bandwidth reduction through spatial stride and channel compression. However,
most prior IPC systems suffer from limited computational precision, output non-linearity [75,
77], or degraded performance under low-light conditions [12, 14, 31]. This makes them
unsuitable for dynamic surgical environments where robustness and accuracy are essential.

We present CTIA-IPC, a capacitive transimpedance amplifier (CTIA) based in-pixel com-
puting architecture that enables CNN inference directly within the image sensor. Leveraging

linearity, low noise, and high sensitivity [5, 101, 102] of CTIA pixels, our design integrates
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weight-to-time conversion, 3D-stacked SRAM, and modifications to peripheral ADCs to
implement efficient multiply-accumulate (MAC) operations inside the pixel array. The CTIA-
IPC is built on IPC’s architecture that provides bandwidth reduction and it also supports
multi-channel, multi-bit convolution, batch normalization (BN), and Rectified Linear Unit
(ReLU) activation in a fully on-chip pipeline. We validate its utility in a real-world context
by applying it to surgical instrument segmentation using the EndoVis dataset, employing a
co-designed vision model trained with analog-aware quantization.

Our key contributions include i) a dual-mode CTIA-IPC pixel array supporting both
imaging and convolution, ii) a weight-to-time converter mapping signed weights to indi-
vidual pixel exposure time, thereby enabling in-pixel MAC operations iii) column-level
integration of BN and ReLU within a single-slope ADC (SS-ADC), iv) 3D-stacked SRAM
(TSV/Cu—Cu hybrid bonding) over CTIA pixels for dense, kernel (weight) storage, and
v) an algorithm-hardware co-design pipeline that reduces off-chip bandwidth by 12x and
achieves 1.98 GOPS at 3.39 GOPS/W with only a 1.3-2.5% IoU drop on the EndoVis [103]
MIS benchmark. The remainder of this paper presents the architecture (Sec. 5.2), dataset

and methodology (Sec. 5.3), experimental results (Sec. 5.4), and conclusions.
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5.2 Proposed CTIA Pixel Architecture for In-Pixel
Computing

5.2.1 Proposed CTIA-IPC Design
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Figure 5.1: CTIA-IPC architecture where (a) 4-bit Weight to time converter (WTC); (b) CTIA-
IPC pixel unit circuit diagram for both multiplication and regular readout; (c) 1280x1024
CTIA-IPC Array with peripheral readout circuits; (d) Block diagram of Single Slope Analog
to Digital Converter (SSADC) with Digital CDS architecture for ReLU and Pooling function-
alities; (e) is the connection between the two dies using either Through-Silicon Vias (TSV)
or Copper-Copper bonding (Cu-Cu) for 3D integration.

5.2.1.1 CTIA-IPC Pixel Circuit Design

Fig. 5.1(b) illustrates the CTIA pixel circuit, where the photodiode is maintained at a constant
voltage by the operational transconductance amplifier (OTA: M2-M4). The OTA amplifies
the photodiode voltage during the integration phase. The bias voltages (Vp, Vpy, VN )
required by the OTA are supplied by globally shared bias generator circuits across the array.
During the reset phase, the CTIA output node VCO is set to the photodiode voltage Vd,

which is driven to a reset voltage Vrst. In this phase, the reset transistor M1 is turned on,
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forcing zero voltage across the integration capacitor Ciy¢. This leads to charge sharing
between Vd and VCO, equalizing both nodes to the same potential. Once the reset phase
ends, the Vd node is held constant, while the VCO node begins to discharge as photocurrent
flows from the photodiode supply (VDD) through the integration capacitor. At the end of
the weight-dependent integration period (triggered by the next RST pulse), the CTIA output
node VCO holds a voltage proportional to the product W x I. This per-pixel multiplication
result is then transferred onto the column CBL, where contributions from all pixels in the
kernel window are charge-accumulated to form the MAC output (detailed in Sec. 5.2.2). The
timing of the reset switch M1 is jointly controlled by the global RST signal and the WTC
output, ensuring that each pixel integrates for the correct weight-encoded duration before
contributing to the CBL.

5.2.1.2 Weight-to-Time Converter (WTC)

The weight-to—time converter (WTC) (Fig. 5.1(a)) enables each CTIA pixel to implement
multiplication by mapping its stored neural weight to an integration time. The photodiode
current is integrated over this weight-dependent duration, so the accumulated charge at
Vo represents the product of photocurrent and weight.
Circuit Description: Each pixel stores a 4-bit weight in an SRAM-based content-addressable
memory (CAM) 3D integrated with each pixel. The CAM is built from 8T SRAM cells
with a control switch S;: when on, it behaves as a 6T SRAM for weight write and storage;
when off, it enables compute mode, performing XNOR comparisons between stored bits
and inputs (INO-IN3) driven by a 7-bit global counter (Fig. 5.1(c)) shared across the array.
Four consecutive global-counter bits (e.g., bits 0-3, 1-4, etc.) define the WTC resolution
because each unique 4-bit pattern corresponds to one discrete integration window. Shifting
the starting bit effectively changes the step size of this window, enabling weight-dependent
integration durations. Regarding batch normalization (BN), the multiplicative BN scale factor
is fused into the trained convolutional weights during the hardware-algorithm co-design
stage. The additive BN offset is implemented in hardware by initializing the digital CDS
counter to a non-zero reset value, which shifts the ADC output by the required constant.
Handling signed weights: To support positive and negative CNN weights [104], we extend
the WTC using column-parallel single-slope ADCs (SS-ADCs) with digital correlated-double
sampling (CDS, Fig. 5.1(d)). Positive weights are encoded during up-counts and negative
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weights during down-counts, so each MAC requires two cycles (represented in Fig. 5.2°s
Digital CDS OUT panel). Negative results are clipped to zero, inherently implementing
ReLU, while batch normalization is embedded by initializing the CDS counter with BN
additive factors.

Area and integration considerations: The baseline CTIA pixel occupies approximately
100 um? [5], at the 22 nm technology node, the additional circuitry required for CTIA-IPC
introduces only a small fractional overhead. Specifically, the 4-bit 8T SRAM weight storage
requires approximately 0.6pum? in total (i.e., 0.15 um? per bit [105]). The WTC control logic
including flip-flops and combinational logic gates adds roughly 6 um?. The MOM CBL
capacitor contributes an estimated 10.5 um?. Summed together, the total added area per
CTIA-IPC unit is approximately 17-18 um?, which corresponds to less than 20% of the
baseline CTIA pixel footprint. With 3D integration using TSV or Cu—-Cu hybrid bonding,
the SRAM array and WTC logic can be shifted to an upper tier, leaving only minimal routing
components within the pixel layer. As a result, the effective active area in the pixel tier
remains comparable to that of standard CTIA sensors, thereby preserving the photodiode
fill factor. This demonstrates that CTIA-IPC achieves in-pixel MAC functionality with

negligible impact on pixel density or imaging performance.
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5.2.2 CTIA In-Pixel Compute Accelerator
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Figure 5.2: A typical timing diagram for CTIA-IPC’s convolution computation showing
double sampling for positive and negative weights. The diagram includes control signals
from the Global Counter, CTIA-IPC unit, and SS-ADC: RST, MACcontrotl, ADC_START,
and the pixel/column outputs Toyt, VCO, Conv_OUT, RAMP, and ADC_OUT. The
Digital CDS_OUT panels illustrates the CDS output: its digital value first increases then
decreases during the positive-first negative-second 2 cycle for convolution.

The proposed accelerator integrates a 1280 x 1024 CTIA-IPC pixel array (Fig. 5.1(c)), where
each pixel combines a standard CTIA pixel with a WTC and a capacitive bitline (CBL)
for charge accumulation (Fig.5.1(b)). This design allows the array to function either as a
conventional image sensor, using source-follower readout (M7-M8 in (Fig. 5.1(b))), or as a
massively parallel in-pixel convolution engine (M6, CBL).

Column-level MAC: During convolution, each pixel performs an analog multiplication be-
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tween the photodiode current and its stored weight at node VCO, using the WTC described
in Sec. 5.2.1 and contributes charge onto its column bus (CBL). The CBL voltages are then
combined using a capacitive switching network that transfers the accumulated charge onto

a metal-oxide—metal (MOM) capacitor. The aggregated result is digitized by a 4-bit SS-ADC.
VvcoitVvcozt+Vvcon
ariezy o E
where C; is the capacitor within the CTIA-IPC unit in Fig. 5.1(b), C; and Cy are column

This capacitive accumulation follows the equation: Vapc v =

>

capacitors as shown in Fig. 5.1(c), Vyco1, Vvcosz, to Vycon are the multiplicative values
generated by each CTIA-IPC unit on node VCO (Fig. 5.1(b)).

Array-level convolution: To determine how many pixels can be activated in parallel, we
compute the maximum number of convolution windows that can be placed along a row
without overlap. For an input row length i with kernel size k, padding p, and stride s, the
number of spatially valid convolution windows per row is % (as kernel and stride
boundaries do not always align), this determines how many windows can be evaluated
simultaneously without interference. Each window requires k? pixels, and the RGGB

color filter array contributes a factor of 4. Thus, in one compute cycle, the array activates
(i—k+2p)
sxlem(k,s)

CBLs and forwarded to the column ADC.

System-level integration: With this pipeline, convolution, BN, and ReLU activation are all

x k? x 4 pixels in parallel, whose outputs are accumulated along the corresponding

performed in and near pixel. An optional on-chip pooling layer can further reduce spatial
resolution. Together, these operations allow the CTIA-IPC array to map CNN layers directly
on the sensor with minimal area and energy overhead, meeting real-time demands for

medical tasks such as anomaly detection and lesion segmentation.

5.3 Medical Imaging Application

5.3.1 Details of the Dataset & Tasks

To evaluate the practical utility of our CTIA-IPC architecture for real-time biomedical
imaging, we benchmark it on a representative task: surgical instrument segmentation in
robot-assisted minimally invasive surgery (MIS) [106]. This task involves high-resolution
and low-light endoscopic imaging conditions that align well with the CTIA-IPC’s strengths
in linearity, sensitivity, and in-pixel computation. We evaluate on the EndoVis benchmark

[103], which presents real-world challenges (occlusions, specular highlights, and uneven
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illumination) on high-resolution (1280x1024) endoscopic video. Our training set includes
eight 225-frame sequences, and evaluation uses two separate 300-frame sequences, all with
pixel-wise instrument masks. The CTIA-IPC’s linear analog MAC operations and integrated
BN/ReLU support stable feature extraction under such lighting variability, preserving spatial

detail critical for accurate segmentation and enabling efficient inference at the sensor edge.

5.3.2 Algorithm-Hardware Co-Design

To interface our analog compute model with a practical vision pipeline, we adopt a hardware-
algorithm co-design approach grounded in SPECTRE-level simulation. The CTIA-IPC circuit,
described in Section II, implements analog convolution that despite showing high linearity
deviates from ideal linear behavior due to device and circuit limitations. Unlike prior works
that overlook device non-idealities [26, 27], we simulated the CTIA-IPC circuit using 22nm
GlobalFoundries technology, sweeping parameters such as transistor width and photodiode
current. We integrate this behavior into the network by replacing TernausNet [107]’s
original VGG11-based first convolution layer (3x3, stride 1, 64 channels) with a CTIA-
modeled analog MAC layer (7 x7, stride 2, 16 channels). The analog MAC is implemented
through a curve-fit surrogate function following [75, 76]. The analog output is then processed
by batch normalization and a quantized ReLU, where the activation is the 4-bit SS-ADC
output, minimizing pixel-level bandwidth. Moreover, we incorporate three noise sources
to model realistic sensing-to-ADC behavior: (1) 1% full-scale Gaussian noise added to the
input image to simulate temporal and fixed-pattern noise; (2) 2.9% Gaussian noise applied
to the CTIA curve-fit outputs, matching measured CTIA variability; (3) 1.5% noise injected
into the 4-bit quantization range variation to approximate ADC noise. During inference,
batch normalization (BN) is fused into the preceding convolution and succeeding activation
layers. Consider a BN layer with trainable parameters vy, (3, and running mean and variance

i, 0. This BN layer implements a linear function during inference:Y = V\/% +p =

Y o — Y i
( m) X+ (B m) We fuse the scale term A = N into the convolutional layer

weights, adjusting the pixel weight tensor to A - 0, where 0 is the trained weight tensor.

Additionally, the analog comparator threshold is adjusted by B = (B — \/ZZL—H:>’ such that

the ReLU threshold becomes —B. We train on EndoVis using Adam [108] with an initial

learning rate of 1e—4, decayed to 1e—5 after 10 epochs. The network is trained for 20

epochs on center-cropped images. For binary segmentation, all tool classes are merged into
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a foreground mask and optimized by Jaccard loss. For parts and instrument segmentation,
an additional cross-entropy loss is applied.

As the in-pixel SRAM used for weight storage is volatile, trained weights are preloaded
into the array at initialization via a standard write interface. The architecture is designed
for inference-only operation, with no on-chip learning or weight updates. During inference,

the SRAM operates in CAM mode to support compute cycles using the stored weights.

5.4 Results and Discussion

System Overview Technical Details Performance Metrics

Works Supported Func. Tech Node Power/Pixel(W) Efficiency (OPS/W) Linearity (R?)
APS-P?M [75] Conv, BN, ReLU 22nm 0.18n 0.4T 0.863
Reconfig [15] Conv 180nm 0.025u-0.11p 1.41-3.37T -
DROIC [101] Low Light 180nm 0.71p - -
CTIA-Fluo [102] Low Light 500nm 0.1451 - -
CTIA-CDS [5] Low Light 350nm 3.85u - -
CTIA-IPC (ours)  Low Light, Conv, BN, ReLU 22nm 3.26 1L 3.39G 0.995

Table 5.1: Comparison of CTIA-IPC with related CTIA and In-Pixel Computing works.
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Figure 5.3: CTIA-IPC circuit simulation results: (a) OTA gain; (b) analog MAC output vs.
normalized weight W and input current I (representing light intensity) where each line
corresponds to different digital weight values that are translated from the WTC, (c) SS-ADC
linearity after digital CDS; (d) Monte-Carlo variation analysis of the MAC output.

5.4.0.1 Circuit Simulation Results

SPECTRE simulations in 22 nm FDSOI verify that the proposed CTIA-IPC pixel performs
linear analog MAC operations under low-light conditions, demonstrating high linearity (as
shown in Table 5.1’s Linearity column). The OTA is implemented in 22 nm FD-SOI where
gmTo limits open-loop gain to 25-40 dB, achieves 30 dB (Fig. 5.3(a)), which is near the upper
bound permitted by the 0.8 V supply; device lengths, bias currents, and cascoding were
tuned to maximize gain while keeping all devices in saturation. The resulting CTIA gain
error remains small, supporting accurate in-pixel MAC. Fig. 5.3(b) shows that the analog

convolution output maintains strong linearity with respect to W x I across multiple weights
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and photocurrents, and the SS-ADC output in Fig. 5.3(c) preserves this linear behavior
through digitization via digital CDS. Fig. 5.3(d) is a 1000-point Monte Carlo analysis on
convolution output for the analog IPC array. For a representative 3x3 kernel MAC operation,
the nominal analog output voltage is 0.51 V. Under process-induced variations, the output
voltage spans from 0.48 V to 0.57 V, with a standard deviation (o) of 0.0152 V. This narrow
distribution indicates that the impact of process variations on the IPC output is minimal,
thereby validating the robustness of the proposed IPC array under realistic fabrication

conditions.

5.4.0.2 Performance Metrics

For biomedical computation Bandwidth Reduction (BR) (= é % ]\ll—i)is the key metric as BR can

directly affect the efficiency of the pixel circuit, Our CTIA-IPC array achieves a BR of 12.08
over raw pixel output and it exhibits a 3.26 uW power consumption per pixel (For a k=7
kernel size with p=0, s=2, c,=16, Np=4, ps=2, | = 1280 x 1024, O = (#‘4 1)2/p? x ¢,).
The compute signal output was sampled from the output of a 4-bit SS-ADC. From simulation,
including pixel readout and digital CDS energy, this work achieves a throughput of 1.98
GOPS with an energy efficiency of 3.39 GOPS/W. Using these performance metrics, we
compare our design to prior IPC and CTIA-based architectures, as summarized in Table 5.1.
Although the reported energy efficiency appears lower compared to existing 3T and 4T-based
IPC architectures [15, 75], this result primarily arises from our targeted biomedical near-
tissue application which requires CTIA pixels that are inherently more complex compared
to 3T/4T pixels. Our CTIA pixels based IPC approach is well suited for biomedical imaging
conditions, as compared to simpler pixel designs; thus, direct efficiency comparisons to
earlier IPC works are less applicable. As for power consumption, prior CTIA pixel designs
optimized purely for low-light imaging [101, 102] report lower power/pixel than CTIA-
IPC. However, the primary advantage of CTIA-IPC over prior CTIA sensors lies in its
ability to perform accurate in-pixel computing while preserving the intrinsic linearity
and low-light robustness of CTIA pixels. Consequently, comparing all architectures on
the same EndoVis images, captured independently of sensor physics, cannot fully reflect
architectural differences. A fairer evaluation requires datasets with multiple resolutions
and, ideally, paired recordings from both standard imagers and CTIA-based sensors; Such

data would enable studying how pixel-level characteristics translate into segmentation
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accuracy. Our CTIA-IPC design establishes the feasibility of CTIA-based in-pixel computing
for surgical imaging, but additional datasets are needed to study accuracy dependence on

pixel characteristics.

Task Binary Seg. Parts Seg. Instrument Seg,.

Model IoU(%) Dice(%) SEN(%) IoU(%) Dice(%) SEN(%) IoU(%) Dice(%) SEN(%)

TernausNet [107] 80.14 88.07 9548 77.18 86.64 86.15 30.10 4234 84.73
APS-P?>M 3x [75] 7436 8530 91.10 73.11 83.69 82.73 27.62 41.01 82.02
APS-P?M 12x [75] 74.61 85.46 92.15 72.46 83.39 86.04 24.12 36.87 76.23
CTIA-IPC 3% (ours) 78.76 88.24 94.58 75.37 86.07 86.05 29.69 42.10 84.61
CTIA-IPC 12X (ours) 77.99 87.64 9530 7593 85.65 83.93 28.60 4152 82.20

Table 5.2: Performance of the baseline models and the proposed CTIA-IPC on EndoVis
segmentation benchmarks.

5.4.0.3 Task Accuracy

We evaluated TernausNet [107], APS-P?M [75], and the proposed CTIA-IPC under 3 x
and 12 x bandwidth reduction, where the 3 model removes the first-layer max pooling.
APS-P?M is processed similarly by replacing the first convolutional with an analog MAC
surrogate. Results, including Intersection over Union (IoU), Dice coefficient, and Sensitivity
(SEN) in percentages, are summarized in Table 5.2. CTIA-IPC consistently outperforms
APS-P?M across all tasks. In binary and parts segmentation, loU improves substantially (e.g.,
78.76% vs. 74.36% under 3x). APS-P?M suffers at 12x, while CTIA-IPC maintains stable
accuracy. For instrument segmentation, CTIA-IPC achieves higher IoU and Dice at both
compression levels. These results show the nonlinearity in IPC can degrade MAC accuracy
and downstream CNN performance. In conventional APS- or source-follower—based IPC
architectures, the introduced nonlinear distortions in the analog MAC operation alter the
effective scaling of feature maps, leading to reduced segmentation accuracy, especially in
low-light conditions where analog signals are weaker. In contrast, CTIA pixels maintain
with minimal nonlinearity, preserving the proportionality between input weights and analog
outputs, ensuring high MAC fidelity and stable performance across all segmentation tasks.

When compared with the baseline model, the use of 7 x 7 kernel introduces controlled
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spatial aliasing, enhancing edge preservation under low-light conditions, with minor impact

on fine-detail precision. Our CTIA-IPC can limit IoU degradation to only 1.3%—-2.5%.

5.5 Conclusion

We introduced CTIA-IPC, the first in-pixel CTIA accelerator capable of performing multi-
bit, multi-channel convolutions with integrated batch normalization and 4-bit ReLU. A
3D-stacked SRAM layer stores weights directly above each pixel, preserving array density
while enabling dense in-pixel computation. With linearity-aware 4-bit training, CTIA-IPC
achieves segmentation accuracy on the EndoVis dataset within 1.3-2.5% of the software
baseline, while reducing sensor-to-processor bandwidth by 12x. Our approach demonstrates
a throughput of 1.98 GOPS at an energy efficiency of 3.39 GOPS/W, providing a high-linearity,

low-light computing solution tailored for real-time surgical and diagnostic imaging.
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Chapter 6
P“M Silicon Prototype

The preceding chapters developed the P2M paradigm through circuit simulation and algorithm-
circuit co-design on the GlobalFoundries 22nm FD-SOI technology node. To validate the
feasibility of the proposed architecture beyond simulation, we taped out a P?M test chip,
the first silicon prototype from the Compute Lab at UW-Madison. This chapter describes
the physical implementation, the test infrastructure built around the fabricated chip, and

the current status of silicon characterization.

6.1 Chip Design and Physical Implementation

The P?M test chip was designed and taped out in the GlobalFoundries 22nm FD-SOI pro-
cess. Translating the circuit architecture described in Chapter 3 from schematic-level
SPICE simulations to a fabrication-ready layout required establishing a complete digital and
mixed-signal design flow in the lab, from register-transfer level (RTL) specification through
synthesis, place-and-route, and final GDSII generation. This included integrating the analog
pixel array with digital control logic for row/column selection, channel multiplexing, and
SS-ADC timing generation.

Fig. 6.1 shows the final chip layout. The design integrates the weight-embedded pixel
array with column-parallel SS-ADC readout circuitry and the digital control blocks needed to
orchestrate the multi-phase P2M convolution operation described in Section 3.3. Peripheral
I/O pads provide interfaces for power supply, clock, configuration signals, and digital readout

of the convolution outputs.
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Figure 6.1: Final layout of the P2M test chip in GlobalFoundries 22nm FD-SOI technology.
The design integrates the weight-embedded pixel array with column-parallel SS-ADC
readout and digital control logic.

6.2 Test Board and Chip Packaging

To characterize the fabricated chip, we designed a custom printed circuit board (PCB) that
provides regulated power supplies, clock generation, and signal routing to the PM die. The
chip is wire-bonded to a cavity package and mounted at the center of the test board. Header
connectors along the board edges provide access to both analog and digital I/O signals,
enabling connection to external test equipment for stimulus generation and output capture.

Fig. 6.2 shows the assembled test board with the packaged P?M die. The board in-
cludes decoupling capacitors and voltage regulators to ensure clean supply delivery during

measurement.
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Figure 6.2: Custom test PCB with the packaged P?M chip (center). The board provides
regulated power, clock distribution, and signal access for both analog and digital I/O through
peripheral header connectors.

6.3 Laboratory Test Setup and Status

Silicon characterization is currently underway. The test setup, shown in Fig. 6.3, interfaces
the P>M test board with laboratory instrumentation including a function generator for clock
and control signal generation, a precision source measure unit (SMU) for current and voltage
biasing, a multi-channel DC power supply, and a digital oscilloscope for capturing output

waveforms. Breadboard-level signal conditioning circuits are used to adapt voltage levels
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between the test equipment and the chip I/O.

Figure 6.3: Laboratory measurement setup for P°M chip characterization. The setup
includes a function generator (top left), precision source measure unit (bottom left), DC
power supply, and digital oscilloscope (right), connected to the P?M test board (bottom
right) through signal conditioning circuits.

The planned measurement campaign targets three objectives: (i) verifying the basic
functionality of the weight-embedded pixel array by measuring pixel output voltage as a
function of simulated photocurrent and activated weight transistor width, (ii)validating
the end-to-end in-pixel convolution operation across multiple channels and comparing
measured outputs against the SPICE-calibrated behavioral models used during algorithm-
circuit co-design (Chapter 3). Silicon measurement results, once available, will provide the

first physical validation of the P2M paradigm and inform future iterations of the design.
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Chapter 7
Conclusion and Future Work

This chapter summarizes the contributions and findings of the dissertation (§7.1), analyzes
the benefits and costs across the three proposed designs (§7.2), discusses limitations and
remaining challenges (§7.3), outlines future research directions (§7.4), and concludes with

closing remarks (§7.5).

7.1 Conclusions

This dissertation investigated processing at the sensor front end as a system-level strategy
to reduce the dominant costs of conventional sensing-to-inference pipelines: ADC con-
version, data movement, and sensor-to-processor bandwidth. By mapping CNN front-end
computation into the sensor, specifically into the pixel array, the sensor can output com-
pressed feature representations rather than raw frames, enabling substantial reductions in
bandwidth and improving overall energy-latency behavior.

Across three core works, the dissertation demonstrated a progression from feasibility

and end-to-end benefit, to field programmability, to robustness-oriented circuit design:

« P’M (Chapter 3) demonstrated that executing CNN front-end operations within the
sensor can reduce output bandwidth by approximately 21x and improve end-to-end
energy-delay product (EDP) by up to ~11x in the evaluated TinyML workload setting.
P?M introduced a Processing-in-Pixel-in-Memory paradigm that co-locates input
activations and multi-bit weights within pixel structures, repurposes CDS and SS-ADC

readout circuits for signed accumulation and batch normalization, and incorporates
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an algorithm-circuit co-design methodology that models SPICE-calibrated pixel-level

non-idealities during CNN training.

« FPCA (Chapter 4) advanced processing-in-pixel from a fixed mapped layer toward a
field-programmable front-end substrate, enabling reconfiguration of key front-end
parameters (kernel size, stride, and channel count) to improve deployment flexibility
across workloads. FPCA introduced a compact 4T pixel architecture with hybrid
CMOS-NVM weight storage and switch-matrix routing, and demonstrated the depen-
dence of bandwidth reduction, energy, and latency on CNN hyperparameters in the
TSMC 28nm HPC+ technology node.

« CTIA-IPC (Chapter 5) developed a robustness-oriented pathway based on CTIA
pixel structures and circuit mapping innovations, demonstrating approximately 12 x
bandwidth reduction with only modest task-quality degradation (~1.3-2.5% IoU on
the EndoVis surgical segmentation benchmark), along with a throughput of 1.98 GOPS
at an energy efliciency of 3.39 GOPS/W. The CTIA-based design leverages superior
linearity and low-noise characteristics to preserve MAC fidelity under practical sensing

constraints including low-light conditions.

Collectively, these results support the thesis that front-end processing in the sensor,
when co-designed with readout primitives and circuit behavior, can deliver meaningful

system-level savings while maintaining task performance.

7.2 Benefits and Costs Across the Three Designs

The three architectures presented in this dissertation, P2M, FPCA, and CTIA-IPC, represent
a deliberate progression in capability, each addressing limitations of its predecessor while
introducing new trade-offs. Table 7.1 summarizes the key benefits and costs, and the

following paragraphs discuss the design trade-offs in detail.
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Design Benefits ‘ Costs

PM First to demonstrate full CNN front-end (conv | Multiple weight transistors per pixel (one per
+ BN + ReLU) in-pixel; ~21x bandwidth re- | output channel) increase pixel area; weights
duction; up to ~11x EDP improvement; re- | fixed at fabrication; limited to one architec-
purposes existing CDS/SS-ADC readout ture

FPCA Field-reconfigurable kernel size, stride, and | Switch-matrix routing adds control complex-
channel count; shared weight block reduces | ity; requires NVM technology (endurance,
per-pixel area; NVM enables post-fabrication | drift); 3D integration of separate weight die
weight updates adds manufacturing cost

CTIA-IPC | Superior MAC linearity (R? = 0.995 vs. | CTIA pixel with OTA is significantly larger
0.863 for PM); low-noise operation enables | than 3T/4T APS; higher per-pixel power
biomedical/low-light use; digital 4-bit weights | (3.26 uW vs. 0.18 uW for P2M); digital weight
via WTC improve precision storage (SRAM) requires more area per pixel

Table 7.1: Summary of benefits and costs as the in-pixel computing design advances from
P2M to FPCA to CTIA-IPC.

P2M: area cost of in-pixel weight storage. P?’M embeds weight transistors directly
within each pixel, with at least one transistor per output channel (for non-overlapping stride).
For N output channels, this adds at least N transistors to each pixel (e.g., 8 transistors for 8
channels), roughly tripling the transistor count relative to a standard 3T APS pixel. While
3D heterogeneous integration places the weight transistors on a separate die beneath the
photodiode array, preserving optical fill factor, the silicon area on the weight die scales
linearly with the number of output channels and with the array size. Furthermore, because
weight values are encoded as physical transistor widths determined at layout time, the
trained model is permanently fixed after fabrication. This lack of programmability means
that each new CNN configuration requires a new tapeout, limiting P2M to applications

where the target workload is known at design time.

FPCA: improved area at the cost of control complexity. FPCA addresses P2M’s
programmability and area limitations by replacing per-pixel weight transistors with a
shared multi-channel weight block using NVM devices, connected to the pixel array through
a switch-matrix routing network. This reduces the per-pixel overhead to a single additional
switch transistor (4T total per pixel), substantially lowering the area cost relative to P2M.
However, the switch-matrix routing introduces additional control complexity: the ColP
(column pattern) and SM (switch matrix) control signals must be carefully orchestrated

to implement the desired kernel mapping, stride, and channel configuration. The number
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of control lines scales with the supported kernel and stride range, and the routing logic
must be verified for each configuration. The use of NVM for weight storage also introduces
technology-specific concerns, including write endurance, resistance drift, and read disturb,
though these are mitigated by the low update frequency of deployed CNN weights. Overall,
FPCA trades P?M’s simplicity for flexibility, and the design remains fundamentally an
algorithm-hardware co-design problem: the choice of kernel size, stride, and channel count

must be jointly optimized with the hardware constraints of the switch matrix and weight
block.

CTIA-IPC: linearity at the cost of area and energy. CTIA-IPC improves computational
fidelity by replacing the passive APS pixel with an active CTIA pixel that includes an
operational transconductance amplifier (OTA), achieving dramatically better MAC linearity
(R? = 0.995 versus 0.863 for APS-based P2M). The weight-to-time converter (WTC) with
4-bit digital SRAM weights further improves precision over the analog transistor-width
encoding used in P2M. However, these improvements come at significant area and energy
cost. The CTIA pixel with its OTA is substantially larger than a 3T or 4T pixel design,
and the per-pixel SRAM for digital weight storage adds further area overhead (~17-18 pm?
additional area, < 20% of the ~100 um? CTIA pixel footprint). The active OTA also increases
per-pixel power consumption by approximately 18 x (3.26 uW versus 0.18 uW for P2M),
which directly impacts the total front-end energy budget. For biomedical applications
with small array sizes, this power overhead is acceptable given the critical need for high-
fidelity computation under low-light conditions. For large-format consumer imaging arrays,
however, the energy cost of CTIA-IPC may be prohibitive, making APS-based designs (P2M
or FPCA) more appropriate despite their lower MAC precision.

Summary of the progression. The three designs illustrate a fundamental trade-off space
in in-pixel computing: area and energy cost versus computational precision and flexibility. P>M
minimizes circuit complexity but sacrifices programmability and precision. FPCA recovers
programmability with moderate control overhead. CTIA-IPC maximizes computational
fidelity but at the highest area and energy cost. No single design dominates across all metrics;
the appropriate choice depends on the target application’s requirements for accuracy, power,
programmability, and sensor format. This trade-off landscape motivates future work on

hybrid architectures that selectively combine elements from each design, as well as continued



106

algorithm-hardware co-design to push the Pareto frontier of accuracy versus hardware

cost.

7.3 Limitations and Remaining Challenges

While the dissertation establishes feasibility and value for in-pixel CNN front-end processing,

several challenges remain for broader practical adoption:

1. Variability and calibration. Analog non-idealities such as device mismatch, temper-
ature drift, and aging can shift transfer characteristics over time. Robust deployment
in production sensors may require lightweight calibration routines, self-test modes,

or training strategies that tolerate parameter drift across operating conditions.

2. Programmability versus pixel cost. Increasing in-pixel flexibility (supporting more
kernel sizes, stride options, channel counts, and higher weight precision) competes di-
rectly with pixel area, routing complexity, and readout overhead. Future designs must
carefully partition what computation belongs in-pixel, in-column, and in-periphery

to balance programmability against fill factor and noise constraints.

3. System integration. The bandwidth reduction achieved at the sensor output must
be preserved through downstream interfaces and memory hierarchies; otherwise,
bottlenecks may migrate rather than disappear. Co-optimizing sensor output formats
with SoC interfaces, memory controllers, and downstream inference accelerators is

important for realizing end-to-end system-level benefit in product-level deployments.

7.4 Future Work

The core principle of this dissertation, compute where the signal is captured to reduce
bandwidth and energy, extends naturally beyond optical image sensors. Several sensing
modalities already face severe readout, bandwidth, and interconnect challenges that make
them compelling targets for processing-at-the-front-end. This section discusses three future
research directions: extending the approach to other sensor modalities (§7.4.1), sensor
fusion as a front-end systems problem (§7.4.2), and heterogeneous integration through

interposer-based architectures (§7.4.3).
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7.4.1 Extending Processing-at-the-Front-End to Other Sensing
Modalities

Beyond CMOS image sensors, multiple sensor types rely on dense 2D arrays where each
element produces data that must be acquired and processed. In many of these modalities,
the data volume from the array already exceeds what interconnects can comfortably carry,
making front-end compression a system necessity rather than an optimization. The fol-
lowing paragraphs survey five such modalities with concrete specifications illustrating the

bandwidth challenge and the opportunity for in-sensor or near-sensor front-end processing.

Ultrasound transducer arrays. Medical ultrasound probes are array sensors where each
piezoelectric or capacitive micromachined ultrasonic transducer (CMUT) element generates
a high-sample-rate time series that must be acquired for beamforming. Conventional 1D
linear arrays typically include 128 elements (and often 192 or 256 in high-end probes), while
2D matrix arrays for volumetric imaging scale to thousands of elements [109]. At a typical
sampling rate of 40 MS/s with 12-bit ADC resolution, a 128-element probe generates a
peak raw data rate of approximately 61 Gbps; a 2D matrix array with over 9,000 elements
(e.g., the Philips xMATRIX class) produces approximately 4.4 Tbps, far exceeding what any
probe cable can carry [109]. This interconnect bottleneck has driven commercial adoption
of in-probe sub-array beamforming application-specific integrated circuits (ASICs) that
partially process the data at the transducer, reducing thousands of element channels to
128-256 cable lines.

Row-column addressing offers another architectural approach: by patterning orthogonal
electrode strips on the top and bottom surfaces of a 2D array, N+ N = 2N connections
replace the N? connections of a fully wired array [110]. For a 128 x 128 array, this reduces
wiring from 16,384 to 256, a 64 x reduction. The most aggressive integration to date is
the Butterfly iQ platform, which fabricates CMUT transducer membranes monolithically
on a standard CMOS wafer (28 nm), placing every transducer element directly above its
own analog front-end circuitry including transmit pulsing, receive amplification, ADC, and
digital beamforming [111]. This monolithic CMUT-on-CMOS architecture is conceptually
parallel to the in-pixel computing paradigm developed in this dissertation: computation is
embedded at each sensing element to reduce data movement. Adapting the CNN front-end

concept from this dissertation to ultrasound would involve implementing early operators
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near the transducer array (e.g., sub-array summation, preliminary beamforming, or task-
specific feature extraction) so that compressed representations, rather than raw element

data, traverse the cable to the downstream processor.

Infrared focal-plane arrays. Uncooled microbolometer focal-plane arrays (FPAs) for
long-wave infrared (LWIR) imaging commonly operate at formats of 320 x 240 to 640 x 512,
with pixel pitches of 12-17 pm, and high-end formats reaching 1024 x 768 [112]. At 14-
bit depth and 30-60 fps, a 640 x 512 FPA generates 138-275 Mbps of raw thermal data,
comparable to the visible-band CIS data rates addressed in this dissertation. Cooled FPAs for
tactical and scientific applications scale to 2048 x 2048 and beyond, producing multi-Gbps
data streams [112].

A distinctive feature of microbolometer FPAs is the mandatory non-uniformity correction
(NUC) step: every pixel has a unique gain and offset that drifts with temperature and must
be corrected before the image is usable [113]. This per-pixel gain-and-offset correction is
functionally a 1 X 1 convolution and is typically performed by an external digital signal
processor (DSP) or field-programmable gate array (FPGA), consuming 200-500 mW. Since
the in-pixel architectures developed in this dissertation (P*°M, FPCA, CTIA-IPC) already
support multi-bit convolution with batch normalization (which subsumes affine per-pixel
correction), NUC could be absorbed into the in-pixel compute framework as a special
case. Furthermore, CTIA readout circuits are already the standard readout topology for
both uncooled and cooled IR FPAs [6, 101], making the CTIA-IPC architecture directly
applicable with minimal circuit adaptation. The 12—-17 pm pixel pitch in IR FPAs provides
substantially more silicon area per pixel than modern visible CIS (1-4 pm pitch), relaxing
the transistor density constraint and making in-pixel weight storage and compute circuitry
more feasible. Applications including always-on thermal surveillance, autonomous driving
thermal cameras [114], and medical thermography would benefit from in-pixel feature
extraction that reduces the thermal video stream by 5-20x while eliminating the external

NUC processor.

Acoustic microphone arrays. Acoustic imaging systems (“acoustic cameras”) use large
planar arrays of microelectromechanical systems (MEMS) microphones to perform beam-
forming based sound source localization and mapping. Commercial products routinely

deploy tens to hundreds of microphones: the Norsonic Nor848B specifies 128 MEMS mi-
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crophones in a circular array, while research arrays for aeroacoustic testing exceed 1,000
elements [115]. Each MEMS microphone typically outputs a pulse-density-modulated (PDM)
bitstream at 1-4 MHz clock rate. For a 128-microphone array at 48 kHz / 24-bit, the aggregate
raw data rate is approximately 147 Mbps; at PDM rates (3 MHz clock), the aggregate reaches
approximately 393 Mbps [115].

The front-end processing in acoustic arrays, delay-and-sum beamforming, is struc-
turally identical to the weighted spatial summation performed by a convolution kernel:
the beamformer output for a given steering direction is y(t,0) = T]:I:_()l Wi Xn(t—Tn(0)),
a weighted sum across array elements that is directly analogous to the MAC operations
computed in-pixel in P’M and FPCA [116]. After beamforming, the output (a 2D source
map) is far more compact than the raw multi-channel stream, offering bandwidth reduc-
tions of 30 X or more, depending on the spatial resolution of the source map relative to the
number of microphones. Applying the processing-at-the-front-end principle to acoustic
arrays would involve performing beamforming or spatial filtering closer to (or within) the
microphone array substrate, reducing the bandwidth of raw multi-channel waveforms sent
to the main processor. Recent work on always-on sound event detection ASICs integrated
with MEMS microphones at power levels below 15 pW [117] demonstrates the feasibility of

near-microphone intelligence at extremely low power budgets.

Tactile and pressure sensor arrays. Large-area tactile sensor arrays for robotic e-skin
and human-robot interaction have been demonstrated at resolutions up to 64 x 64 taxels
(4,096 sensing sites) on flexible substrates, with taxel pitches of 1-5 mm [118, 119]. Whole-
robot skin coverage distributes thousands of taxels across a robot body, with systems
exceeding 4,000 sensing sites for full-body coverage of humanoid robots [120]. At scanning
rates of 100 Hz to 1 kHz and 10-12 bit depth, a 64 x 64 array generates up to 49 Mbps of
raw data; scaling to whole-body coverage at 10,000+ taxels and 1 kHz reaches 120+ Mbps.

Unlike image sensors, where the array resides on a single die, tactile skin must cover
three-dimensional curved surfaces with long, flexible interconnects. Wiring complexity and
connector count are often the primary scaling bottleneck rather than per-element processing
cost [120]. During typical manipulation tasks, only 5-20% of the skin surface is in active
contact at any moment, making dense full-frame streaming highly redundant. Event-driven
readout, where each skin patch transmits data only when a tactile event (pressure change

exceeding a threshold) is detected, has been shown to reduce bandwidth by up to 10X in
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typical scenarios [121]. Combining event-driven sensing with local spatial feature extraction
(contact region detection, center-of-pressure estimation, slip features) at or near the array
substrate would multiply this bandwidth savings further, following the same paradigm as

the in-pixel CNN front-end developed in this dissertation.

Millimeter-wave radar arrays. Millimeter-wave (mmWave) radar is an emerging sensing
modality for applications including autonomous driving, gesture recognition, and human
pose estimation. mmWave radar arrays typically operate at 60-77 GHz with bandwidths
of 1-4 GHz, producing high-dimensional range-Doppler-angle data cubes that require
substantial processing. A radar array with 12 receive antennas at 10 Msps and 16-bit
ADC resolution generates over 1.9 Gbps of raw intermediate-frequency (IF) data per frame,
and multi-input multi-output (MIMO) configurations with virtual arrays exceeding 192
elements scale proportionally. Recent work has demonstrated multi-modal 3D human pose
estimation by fusing mmWave radar with RGB-D and inertial sensors [122], highlighting
the rich spatial information available from mmWave arrays and the potential for front-
end feature extraction to reduce the data volume before fusion. The signal processing
pipeline for mmWave radar (range FFT, Doppler FFT, angle estimation) involves weighted
spatial summation operations structurally similar to those targeted by in-pixel computing,
suggesting that processing-at-the-front-end could be adapted to radar arrays to compress

range-Doppler-angle representations near the antenna elements.

Summary of the cross-modality direction. Across all five modalities, the generalized
thesis principle is: replace dense raw-array streaming with sensor-side computed, com-
pressed representations (features, events, or regions of interest), while accounting for the
modality-specific analog front-end physics and noise/linearity requirements. Table 7.2

summarizes the key characteristics and bandwidth challenges of each modality.
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Modality Typical Array | Raw Bandwidth | Key Bottleneck | Front-End Oper-
ation
Visible CIS (this work) | 560x560 RGB ~395 Mbps ADC + I/O en- | CNN convolution

ergy

Ultrasound

128-9,000+ el.

61 Gbps — 4.4 Tbps

Probe cable

Beamforming

IR FPA

640x512

138-275 Mbps

NUC power + I/O

NUC + feature ex-
traction

Acoustic array

128-1,024 mics

147 Mbps — 3+ Gbps

Multi-ch. stream-
ing

Beamforming

Tactile array 64X 64+ 49-120+ Mbps Wiring / connec- | Event + spatial fil-
tors tering
mmWave radar 12-192+ el. 1.9+ Gbps IF data volume Range-Doppler-

angle
sion

compres-

Table 7.2: Summary of array sensor modalities where processing-at-the-front-end can
reduce data movement. Raw bandwidth is computed at representative operating points (see
text for assumptions).

7.4.2 Sensor Fusion as a Front-End Systems Problem

Sensor fusion combines data from multiple modalities to improve robustness, reduce am-
biguity, or enable capabilities not achievable with a single sensor [114]. The practical
challenge is that naive multi-sensor fusion often multiplies system bandwidth and compute
requirements by streaming multiple dense data sources to a central processor, a problem
that can be termed “multi-sensor bandwidth explosion.” Processing-at-the-front-end offers
a path to address this: rather than streaming raw data from every modality, each sensor
performs modality-appropriate front-end compression and the compressed outputs are
designed to be efficiently combined downstream.

A key insight is that not all sensors in a fused system need to operate at full bandwidth
simultaneously. In many fusion scenarios, one low-power modality can gate or condition
the operation of a higher-power modality, so that the expensive sensor activates only when
a relevant event is detected. This event-gated fusion pattern reduces the average system
power and bandwidth without sacrificing responsiveness, and can be implemented at the
sensor front end or at a shared interposer layer (Section 7.4.3).

Table 7.3 illustrates four concrete fusion scenarios that map naturally onto the processing-

at-the-front-end paradigm developed in this dissertation.
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Fusion Type

Application

Fusion Mechanism

Hardware Benefit

Acoustic + IR

Gesture/voice control

IR array detects human
presence; triggers wake-
up of acoustic processing
chain

Energy gating: high-
power audio DSP acti-
vates only on presence
detection, reducing aver-
age system power

Pressure + Ultrasound

Medical imaging

Pressure sensor array
confirms correct probe
contact force before
activating  ultrasound
transmit pulses

Conditional activation:
ultrasound  front-end
(beamforming, ADC)
powers on only when
contact quality is suffi-
cient, avoiding wasted
energy on invalid acqui-
sitions

Optical + Acoustic

Autonomous navigation

Camera detects vehi-
cle; microphone array
detects siren; interposer-
level logic correlates
both to trigger immedi-
ate response

Early fusion at inter-
poser: lightweight corre-
lation logic between com-
pressed sensor outputs
enables low-latency de-
cision (e.g., emergency
stop) without full-frame
transfer to main SoC

mmWave + Camera

3D pose estimation

mmWave radar provides
depth and velocity; cam-
era provides appearance
and fine-grained spatial
features [122]

Complementary fusion:
radar operates through
occlusion/low-light
where camera fails;
front-end compression
on both modalities
reduces aggregate band-
width

Table 7.3: Representative multi-modal sensor fusion scenarios amenable to front-end
processing. In each case, one modality conditions or gates the other, enabling hardware-
level energy and bandwidth savings through event-driven or conditional activation.

Acoustic + IR for gesture and voice control.

In smart-home or wearable devices, an

infrared thermal sensor array (e.g., a low-resolution microbolometer FPA as discussed in

Section 7.4.1) can serve as an always-on presence detector at microwatt-level power. When

the IR front end detects a thermal signature consistent with a human user, it issues a wake

signal to the acoustic processing chain, which then activates higher-power MEMS micro-

phone beamforming and keyword spotting. Without this gating, the acoustic subsystem

would run continuously, consuming tens of milliwatts for always-on listening. The front-
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end processing principle applies directly: the IR sensor outputs a binary or low-bit event
(“presence detected”) rather than a full thermal frame, and the acoustic array activates its

beamforming front end only on demand.

Pressure + ultrasound for medical imaging. In handheld ultrasound probes, image
quality depends critically on maintaining proper acoustic coupling between the transducer
and the patient’s skin, which requires adequate and uniform contact pressure. A pressure
sensor array integrated into the probe face can monitor contact force distribution in real time.
Rather than running the full ultrasound transmit-receive-beamform pipeline continuously,
the system activates ultrasound acquisition only when the pressure front end confirms that
contact quality meets a threshold. This conditional activation avoids wasting energy on
acquisitions that would yield unusable images due to air gaps or poor coupling, and reduces
average power in battery-operated point-of-care devices. The pressure sensor itself requires

minimal bandwidth (a few hundred bytes per frame), making the gating overhead negligible.

Optical + acoustic for autonomous navigation. In autonomous driving, fusing visual
and acoustic information can enable rapid detection of emergency vehicles. A camera
identifies a vehicle in the visual field using the in-pixel CNN front end, while a microphone
array performs beamforming-based sound source localization to detect a siren. When
both modalities independently detect correlated evidence (vehicle + siren from the same
direction), a lightweight correlation primitive at the interposer or package level can trigger
an immediate response signal without waiting for the full data from either sensor to reach
the central SoC. This “early fusion at the edge” pattern exploits the compressed feature
outputs from both sensor front ends (visual feature maps and acoustic source-direction

estimates) to achieve low-latency decision-making with minimal data transfer.

7.4.3 Interposer and Heterogeneous Integration for Pre-Processing

and Early Fusion

A practical hardware path for multi-sensor systems is heterogeneous integration, includ-
ing 2.5D interposers, where multiple dies (sensors, memory, compute) are co-packaged
with high-bandwidth, low-energy interconnects [123]. Recent work on chiplet-based archi-

tectures for deep learning has demonstrated co-simulation frameworks for multi-chiplet
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systems [124] and energy-efficient heterogeneous multi-chiplet DNN inference [125], while
thermally-aware scheduling of Al workloads on heterogeneous processing-in-memory
chiplet architectures has been explored to manage the thermal challenges of tightly inte-
grated compute [126]. These advances in chiplet-based design methodology directly support
the multi-sensor heterogeneous integration vision proposed here. Silicon interposers with
through-silicon vias (TSVs) at 5-10 pm pitch are already in production for high-bandwidth
memory stacking [127], and Cu-Cu hybrid bonding at sub-5 um pitch has been demonstrated
for stacked CMOS image sensors [84, 128]. Die-to-die links through a silicon interposer
consume approximately 0.3-1.0 pJ/bit, compared to 5-20 pJ/bit for conventional off-chip
I/O [123, 129], representing a 10-50 X reduction in per-bit communication energy.

This dissertation already leverages 3D integration for in-pixel weight storage: both FPCA
and CTIA-IPC use vertically stacked SRAM or non-volatile memory (NVM) dies bonded to
the pixel array via TSV or Cu-Cu bonding. The natural extension is to move from single-
sensor 3D stacking to multi-sensor 2.5D or 3D heterogeneous integration. An interposer or
package substrate layer could host: (i) shared weight storage close to multiple sensors, (ii)
lightweight front-end compute blocks for early convolution, beamforming, or filtering, and
(iii) early fusion primitives such as temporal alignment, gating logic, and low-cost feature
fusion. With this architecture, only compressed and fused outputs would be sent to the
main SoC, potentially compounding the bandwidth and energy savings demonstrated in
this dissertation for single sensors.

This direction is especially compelling for modalities with severe wiring or bandwidth
constraints. In ultrasound probes, for example, integrated electronics already reduce cabling
from thousands of element connections to 128-256 system channels [109]; an interposer
hosting beamforming compute alongside the transducer array could push this compression
further. Similarly, neural recording arrays such as Neuropixels [130] face stringent power and
data budgets for implantable operation, where heterogeneous co-packaging of recording,
processing, and communication dies through short-reach interposer links could enable
compressed sensing or early feature extraction at the probe, analogous to the in-pixel CNN
front-end developed in this work.

This direction can be made quantitative by extending the bandwidth reduction (BR) and
energy-delay product (EDP) methodology developed in Chapters 3-5 to multi-sensor stacks:
measuring (i) raw aggregate bandwidth versus compressed/fused bandwidth, (ii) interposer

compute energy versus saved I/O and SoC energy, and (iii) task-level robustness gains from
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multi-modal fusion. Such a framework would provide a principled basis for evaluating the

system-level benefits of heterogeneous front-end integration across sensor modalities.

7.5 Closing Remarks

Processing-at-the-front-end is a broad architectural principle: when computation is moved
to the point of signal acquisition, systems can reduce data movement, improve latency,
and enable always-on intelligence under tight energy budgets. The contributions of this
dissertation establish feasibility and offer practical design pathways for CMOS image sensors,
from end-to-end system benefit (P?M) through field-programmable deployment (FPCA) to
robustness-oriented circuit design (CTIA-IPC). The future directions discussed above extend
the same principles to broader sensing modalities, fusion-centric multi-sensor systems,
and packaging-enabled architectures that can amplify the system-level benefits beyond

standalone image sensors.
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