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Abstract

Autonomous edge machine vision requires image sensors
that simultaneously advance processing autonomy and en-
ergy autonomy. This paper introduces a quantitative mod-
eling framework that spans conventional CMOS imagers
and emerging designs—event-based sensors (DVS), coded-
exposure sensors, and self-powered sensors with energy-
harvesting pixels. The framework unifies optical, circuit, and
algorithmic modeling to capture how architectural choices in
pixel structures, readout pipelines, and sensing mechanisms
propagate to power, latency, noise, and task-level perfor-
mance. By enabling rapid, physically grounded exploration
and comparative analyses, our results reveal key trade-offs
that determine when unconventional sensor architectures
meaningfully enhance edge intelligence. This framework
offers a principled foundation for designing next-generation
energy-aware, autonomous vision systems.

1 Introduction

Edge vision systems perform image sensing and processing
directly on edge devices, enabling real-time perception while
reducing the data required to be stored locally or transmitted
to the cloud [3]. They are widely used in applications such
as robotics, environmental monitoring, and smart infrastruc-
ture. However, many deployments require these systems to
operate for long periods with minimal maintenance under
strict energy and resource constraints.

These constraints call for autonomous edge vision — sens-
ing and visual processing are sustained locally. In particu-
lar, such systems must achieve energy autonomy, where
harvested energy is sufficient for system operation, and pro-
cessing autonomy, where visual data can be processed
locally under task constraints. However, the diversity of sen-
sor architectures and task requirements makes it difficult
to directly assess whether such autonomy can be achieved.
This necessitates a first-principles quantitative framework
to model system metrics from key design parameters.
Modeling Challenges. Unlike conventional systems with
dedicated energy harvesters, vision systems use pixels that
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can act as both imagers and energy harvesters [23]. Sensor
design therefore affects both energy supply and consump-
tion, and becomes a new design space dimension. This is
particularly relevant in emerging architectures such as coded
exposure [10, 16], where some pixels remain idle during sens-
ing and can harvest energy.

These effects propagate to downstream task performance.
Sensor design determines both the available energy budget
and the sensed data quality, which affects the task perfor-
mance, e.g., accuracy and latency. This introduces a trade-off
between sensor architecture design and task performance
that must be captured in modeling.

Existing Work and Limitations. Existing work falls into
two categories: autonomous computing systems model [11]
and image sensor model [5, 7, 9, 15, 19, 20, 26]. However,
neither account for the role of sensing in autonomous vision
systems, where it determines both energy supply through
pixel-level harvesting and data quality for downstream tasks.
Proposed Methods. To address this gap, we develop a uni-
fied quantitative modeling framework for autonomous edge
vision systems. We treat energy autonomy as energy-balance
problem and jointly model harvested energy and energy con-
sumption. For processing autonomy, we model computation
energy and sensing quality, e.g., FPS, resolution, and image
noise, to evaluate downstream task performance accordingly.

Four representative sensor architectures are analyzed here:
conventional CMOS image sensors (CIS) [13, 24] and three
emerging designs: coded exposure (CE) sensors [17, 18, 25],
dynamic vision sensor (DVS) [14, 21], and self-powered im-
age sensors [12].

The paper is organized as follows. Sec. 2 presents our
quantitative modeling methodology. Sec. 3 shows the model
details. Sec. 4 examines novel sensor designs in representa-
tive application scenarios. Sec. 5 explores the design space
of different sensors. We conclude the paper in Sec. 6.

2 System Abstraction

Our method directly links sensor design parameters to task
performance by modeling their impact on energy consump-
tion and signal quality.



Fig. 1. System overview of the vision system considered in
this work. (a) Optical layers. (b) Pixel array designs across
sensor types. (c) Peripheral circuitry across sensor types.

Fig. 2. Quantitative analysis framework for autonomous
edge vision systems.

The system-level abstraction is illustrated in Fig. 1, con-
sisting of sensor optical layer, pixel array, circuit peripher-
als, and circuit board. We instantiate this system with four
sensor types, as shown in Fig. 1 (b)-(@} Conventional
CIS, a traditional frame-based image sensor with synchro-
nous readout(2) CE CIS CIS with in-pixel storage and
control for selective exposuré3) DVS where pixels asyn-
chronously respond to intensity changes and output sparse
event streams(4) Self-powered image sensors, CIS with
pixels that switch between imaging and energy harvesting
across space and time.

Based on this abstraction, we can quantitatively analyze

the system. As shown in Fig. 2, the design is parameterized

across hierarchy levels, from component-level parameters

to architecture and system settings. Each component uses a

parameterized model to estimate circuit-level performance,

and these outputs are composed into system-level energy and .
task models for autonomy assessment. These models support
both single-design evaluation and design space exploration.

3 Analytical Modeling of Image Sensors
3.1 Modeling Energy Consumption

modeled by integrating the power over a xed frame time,
while CE CIS additionally accounts for in-pixel control logic:
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DVS power includes a constant static term and a dynamic
term proportional to the pixel array event rate:
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In-sensor/On-sensor Computation Energy. Energy
consumption for computation can be broken down into two
components: arithmetic operations and memory access at
di erent memory hierarchy levels. The total energy is ob-
tained by summing the product of the number of operations
or accesses and their corresponding per-event energy cost:
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where pgpand mem denote per-operation and per-access
energy, andt oppand# 5ce denote their corresponding counts.
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3.2 Modeling Harvested Energy

We consider a self-powered vision system with two energy
sources: a solar panel (SP) and energy-harvesting pixels
(EHPs) within the image sensor. Pixels harvest energy when
not used for imaging, and the harvested energy powers the
sensing and computation pipeline.

The energy harvested by EHPs and SP are modeled as the
harvesting power multiplied by the harvesting time:
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The e ective EH time in EHPs depends on resolution
, frame rate %(, exposure tim@g 43 and the fraction of
imaging pixels (spatial sampling rat€, ). In contrast, SP
can harvest energy continuously over the entire frame.
The harvesting power of each EHP and SP is given by:
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where[ g is light-to-electricity conversion e ciency, .gsc
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As more sensors integrate in-sensor/on-sensor processing, is incident light irradiance, andA40; is light-sensitive area.

we model energy consumption by decomposing it into sens-
ing and computing energy.

Sensing Energy. In our model, the energy consumption
of conventional CIS, CE CIS, and DVS is derived from static

bias energy and dynamic switching energy across the sens-

ing and readout circuitry. The energy of CIS and CE CIS is
2

3.3 Modeling Task Performance

In vision systems, task performance depends on the quality
of the sensed input, which is largely determined by sensor
noise. Therefore, we focus on modeling noise characteristics
at the sensor output.



Fig. 3. DVS signal propagation pipeline.

CIS and CE CIS noise. For conventional and CE CIS, we
consider four primary noise sources: photodiode shot noise,
dark-current noise, read noise from the analog readout chain,
and ADC quantization noise. These sources are grouped
into photon-related shot noise and circuit-originated readout
noise, and combined in root-sum-square (RSS) form:
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where # denotes the number of readout stages that con-
tribute to thermal noise.

DVS noise. We model DVS noise by decomposing the
sensing pipeline into stages, identifying noise sources, and
propagating them to the output. Fig. 3 illustrates this sens-
ing pipeline. Photonsgfgggare converted to electrical signal
through photodiode quantum e ciency (QE), with dark cur-
rent introduced. The signal then passes through a logarith-
mic photoreceptor acting as a low-pass lter (LPF), followed
by a capacitive di erencing circuit introducing a high-pass
Iter (HPF). The HPF output is a ected by leakage current
.40: , Which induces voltage drift before producing the di er-
encing voltagersgs 5 The voltage is then compared with a
threshold\ to trigger events, followed by a refractory period
that limits the event rate.

To analyze noise, we treat the input signal and interme-
diate quantities as stochastic processes (denoted with
Photon arrivals and leakage current propagate through the
pipeline, yielding a stochastic di erencing voltage:

(11)
where 5, represents the DVS sensing pipeline. Event gen-

eration occurs when the di erencing voltage exceeds a pixel-
speci ¢ threshold\ g
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This physics-based formulation enables noise prediction
from circuit parameters and input signals.
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4 Application-Driven Case Studies
4.1 3-D Stacked Perovskite Color Sensor

Fig. 4. (a) 2D Bayer RGB sensor optical front-end; (b) 3D-
stacked perovskite sensor optical front-end.

Fig. 5. Comparison of the perovskite and Bayer designs in
terms of (a) power, (b) latency, and (c) SNR/DR.

Fig. 6. Self-powered bird-borne camera with compressive
sensing capability and EHPs.

and high photon utilization. To analyze the bene ts of the
3-D stacked design, we compared a 3D-stacked perovskite
[27] CIS with a standard Bayer RGB CIg,[shown in Fig. 4.

As shown in Fig. 5(a), the perovskite architecture reduces
total power by 38% by reducing nhumber of e ective readout
paths. Its higher external quantum e ciency (EQE) and CFA-
free structure also shorten the maximum exposure time to
reach saturation (Fig. 5(b)), bene ting high-speed imaging.

For visual performance, the simulated outputs were eval-
uated for Signal-to-Noise Ratio (SNR) and Dynamic Range
(DR). Ata xed 0.9 ms exposure, the perovskite sensor achieves
40.6 dB SNR, a 22% improvement over the Bayer design, in-

Recently, 3D-stacked image sensors have gained attentiondicating better low-light sensitivity (Fig. 5(c)). Although its

as a promising alternative to conventional color imaging
architectures due to their vertical color-sensitive stacking
3

lower capacitance density slightly reduces dynamic range, it
remains a strong alternative overall.
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