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Abstract
Deploying deep learning computer vision on extreme edge microcontrollers is heavily constrained by rigid

physical bottlenecks, most notably the ~520 KB internal SRAM limit standard to the ESP32 ecosystem. This
paper presents a Systematic Literature Review, conforming to PRISMA 2020 guidelines, to evaluate the empirical
efficiency frontier of vectoraccelerated visual inference on ESP32-class hardware. By synthesizing 47 English-
language studies published between 2024 and 2026, this review maps the strict mathematical trade-offs between
execution latency, frame rate throughput, and memory allocation. The quantitative data reveals a stark dichotomy
in TinyML capabilities. Optimized, lightweight object detection frameworks leveraging INT8 quantization and
native SIMD vector instructions achieve exceptional real-time throughput, scaling up to 500 FPS with a 2 ms
inference latency. However, these classification models frequently exhaust available SRAM, leaving insufficient
overhead for concurrent sensor polling or wireless telemetry in production environments. Furthermore, this
synthesis identifies a critical architectural void in on-device pose estimation. Due to the floating-point complexity
of coordinate regression, spatial keypoint tracking remains functionally incompatible with current memory limits,
suffering from extended latencies (~100 ms) and forcing reliance on host-based processing or physical IMU
arrays. Ultimately, this review establishes that while localized bounding-box classification has reached hardware
maturity, true untethered keypoint estimation remains a fundamental bottleneck requiring novel hybrid
quantization strategies.

Keywords: Index Terms - Edge computing, ESP32 microcontrollers, Object detection, Pose estimation,
Quantitative synthesis, Systematic literature review, TinyML, Vector acceleration

Introduction

The rapid evolution of Internet of Things (IoT) ecosystems and edge computing has driven a fundamental
paradigm shift in artificial intelligence: the transition from centralized, highpower cloud computing to on-
device, localized machine learning, commonly referred to as TinyML. Traditionally, deep learning models for
computer vision and spatial coordinate tracking have relied on resource-heavy hardware platforms, such as
single-board computers (e.g., Raspberry Pi) or specialized edge accelerators (e.g., NVIDIA Jetson). However,
these platforms present significant barriers in terms of thermal dissipation, high power consumption, unit
economics, and physical size. Achieving untethered, real-time intelligence at the extreme edge requires
deploying neural networks directly onto low-power, low-cost microcontrollers.
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A. Hardware Constraints of the Microcontroller Horizon

Deploying deep learning models onto microcontroller units (MCUs) introduces severe, non-negotiable hardware
bottlenecks. The widely utilized ESP32 microcontroller series, for example, operates under a rigid memory
architecture, typically capped at approximately 520 KB of internal SRAM.

This strict memory boundary represents a complex challenge for edge hardware designers. Unlike isolated
benchmarking environments where an MCU runs a single neural network in a vacuum, a production-grade edge
device must execute multiple parallel tasks. A standard firmware architecture often runs on a real-time
operating system (such as FreeRTOS) and must reserve significant SRAM overhead to initialize peripheral
communication buses (like I2C or SPI) to poll environmental sensors, process local data, and maintain active
wireless telemetry streams (such as Wi-Fi or Bluetooth Low Energy) to external mobile applications. Because
neural network weights, activation maps, and intermediate tensor operations compete directly with these critical
operating system tasks for the same limited SRAM pool, optimizing model efficiency is not merely an academic
pursuit - it is a requirement for hardware-level system stability.

B. Architectural and Vector Acceleration Frameworks

To bypass these processing limitations, contemporary microcontroller architectures and software compilation
pipelines have turned to hardware-specific hardware-software co-design. The introduction of the ESP32-S3,
featuring a dualcore Xtensa LX7 processor, marked a major milestone by integrating customized vector
instruction sets. These hardwarclevel extensions allow for single-instruction, multiple-data (SIMD)
acceleration, drastically speeding up the matrix multiplication steps that dominate deep learning inference.

Concurrently, specialized software compilation frameworks have emerged to bridge the gap between heavy
training environments and MCU instruction pipelines. Libraries such as Google's TensorFlow Lite Micro
(TFLite Micro) and

Espressif's native assembly-level optimization library (ESPNN) utilize low-precision integer quantization
(specifically INT8 and INT16) to shrink model size and exploit these vector instructions. These frameworks
allow highly pruned, lightweight architectures - such as Edge Impulse's FOMO (Faster Objects, More Objects)
or highly compressed MobileNet variants - to run at real-time speeds on-chip.

C. Purpose and Scope of this Review

While localized classification has matured rapidly, more complex regression tasks - such as multi-point human
pose estimation and spatial keypoint tracking - remain highly experimental at the microcontroller scale. To date,
there is a lack of systematic synthesis comparing how these diverse visual tasks perform under the strict
memory and processing limitations of the ESP32 platform.

This study addresses this gap by conducting a Systematic Literature Review (SLR) conforming to the PRISMA
2020 guidelines. By evaluating 47 peer-reviewed studies published between 2024 and 2026, this paper maps the
empirical efficiency frontier of microcontroller-class vision. We evaluate the strict quantitative trade-offs
among execution latency, frame rate throughput, memory allocation, and model precision across three distinct
paradigms: localized object detection, lightweight pose estimation, and baseline software framework
deployments. Ultimately, this review establishes the baseline limitations of current edge silicon and identifies
the open engineering hurdles that must be resolved to unlock the next generation of untethered edge
intelligence.

II. METHODOLOGY

To ensure a transparent, reproducible, and rigorous synthesis of the state-of-the-art, this study conducts a
Systematic Literature Review (SLR) conforming to the PRISMA 2020 (Preferred Reporting Items for
Systematic Reviews and MetaAnalyses) guidelines.

A. Search Strategy and Information Sources
Automated API querying was executed across three primary academic databases: arXiv, Crossref, and
OpenAlex. The search scope was restricted to articles published between 2024 and 2026 to capture the -
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emergence of vector-accelerated microcontroller vision frameworks. The systematic queries were split into
three strategic subsets targeting specific hardware-software  paradigms:

1.Set A (Tiny Object Detection): Targeted lightweight detection models (e.g., FOMO, Tiny-YOLO, MobileNet-
SSD) running specifically on ESP32-class microcontrollers.

2.Set B (Lightweight Pose Estimation): Surveyed highly complex keypoint estimation and coordinate geometry
tracking at the extreme edge.

3.Set C (Framework Deployment): Focused on baseline benchmarking of core software engines including
Google's TFLite Micro and Espressif's ESP-NN.

B. Inclusion and Exclusion Criteria (PRISMA Screening)

* Identification: A total of 786 records were programmatically retrieved across all database endpoints. ¢
Screening: A stable, case-insensitive title-hash deduplication algorithm removed 26 duplicate records, leaving
760 unique studies for eligibility screening.

* Language and Hardware Gate: Records were subjected to a tiered keyword relevance filter proxying full-
text selection criteria. To minimize extraction error and translation discrepancies, a standard language constraint
was enforced, excluding all non-English publications. Furthermore, papers utilizing single-board computers
(e.g., Raspberry Pi 4/5) or edge GPUs (e.g., NVIDIA Jetson) without direct microcontroller-class validation
were explicitly excluded.

* Final Inclusion: This strict eligibility pipeline resulted in a final synthesis matrix of 47 English-language
papers.

III. EMPIRICAL RESULTS & PERFORMANCE SYNTHESIS
The systematic data extraction from the filtered Englishlanguage studies yielded a comprehensive performance
matrix mapping execution latency, frame rate throughput, and architectural limitations across the ESP32

ecosystem.
PERFORMANCE EXTREMES ACROSS EXTRACTED
LITERATURE
DR L. . Memory
A. Quantitative Performance Distribution Model  Latency Throughput Footprint
An aggregation of the object detection Category | Ref. Architecture| (ms) (FPS) (KB)
. : Top 5 Fastest
models.(Set A) r.elve.:als ex.treme \farlaflce in (Throughpu) | [35] | FOMO 5 Sitn ik
processing capabilities, driven primarily by Top § Fastest
quantization strategies and model (Throughput) | [39] ~ FOMO NiA 89 N/A
architecture. The literature demonstrates a Top 5 Fastest ) )
. . (Throughput)  [19] TinyML 413 3.6 N/A
theoretical performance ceiling of 2 ms Top 5 Fastest
inference latency, corresponding to an (Throughput) = [21] FOMO 500 23.6 4006
accelerated throughput of roughly 500 FPS. Top 5 Fastest
This maximum throughput highlights the [T]u:“gtpm [} TOLOW = = =-cid
extreme efficiency of lightweight models - 51,;111;_5[
such as Edge Impulse’s FOMO architecture (SRAM) | [11] ~ DNN 50 N/A 8
or strictly 1D classification pipelines - when QTOJ1J|5[
SINALEIES]
paired with native vector instruction sets. (SRAM) [5] FOMO 149 3 50.7
Conversely, unoptimized or larger Top 5
. . . Smallest
convolutional networks operating without (SRAM) | [46] CNN N/A N/A 214
INT8 quantization suffer severe performance Top s
degradation, emphasizing that hardware- Smallest
o ] (SRAM)  [12] $5D 865 1.15 239
aware compilation is mandatory for real-time Top §
edge deployment. Smallest
(SRAM)  [40]  FOMO 40 6 250
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Flg 1. Scatterplot mapplng the empirical trade- Hardware Efficiency: ESP32 Inference Latency vs. Throughput
off between inference latency and throughput ]
across 47 ESP32-based hardware studies.

100.0

B. Algorithms

The data extracted from Set B reveals a critical
architectural gap in current edge deployments.
While lightweight bounding-box detection thrives

Throughput (FPS)

on the ESP32, coordinate geometry tracking for
human pose estimation remains functionally
bottlenecked. ®

The literature indicates that end-to-end latencies ®
for pose tracking stretch to 100 ms, yielding 10 100 1000
sluggish real-time performance. Inference Latsncy (ms)

Furthermore, studies explicitly demonstrate an inability to process spatial coordinates on-device; multiple
frameworks were forced to offload inference to host-based OpenCV processing (averaging 50 ms delays) or
rely on physical sensor alternatives (e.g., smart glove architectures via the ESP32-C3). This confirms that while
the 520 KB SRAM layout can support spatial classification, regression-based skeletal tracking remains an open
challenge for microcontroller vector extensions.

IV. DISCUSSION AND GAP ANALYSIS
The empirical synthesis of the literature reveals a stark dichotomy in the current state of TinyML: while
localized

object classification has achieved maturity through vector acceleration, structural coordinate tracking remains
fundamentally incompatible with current on-chip constraints. A. The SRAM Allocation Ceiling As illustrated in
Fig. 2, the memory footprint of object detection architectures frequently approaches the physical ~520 KB
SRAM limit of the ESP32 ecosystem. While a 510 KB memory allocation is acceptable in isolated bench
testing, it represents a fatal bottleneck for full-system edge deployment. In real-world hardware architectures-
such as integrating environmental sensors like the Bosch BME688 via I2C on a custom printed circuit board, or
maintaining a Bluetooth Low Energy (BLE) stack to stream telemetry to a custom iOS mobile application-
significant SRAM must be reserved for the real-time operating system (RTOS) and network drivers. Models
that consume the entirety of the available heap leave no overhead for peripheral sensor integration or data
transmission, rendering them impractical for multifaceted IoT ecosystems. This indicates a critical need for
deployment frameworks that prioritize aggressive model pruning over marginal accuracy gains.
SRAM Allocation by Model Task

Fig. 2. SRAM allocation distribution across

model tasks. B i I
B. The Pose Estimation Void The most st |
significant finding of this review is the functional e —
void in on-device pose estimation. The complete
absence of memory footprint data for Set B in 0
Fig. 2 graphically demonstrates this limitation.

The literature confirms that coordinate regression =

Memory Footprint (KB}
-
[ ]
=

tasks-which rely heavily on floatingpoint spatial
mapping rather than simple bounding-box 100
classification-cannot be efficiently quantized into .

the INT8 formats required by native vector 0 e —
extensions without CataStrOphiC structural Object Detection Pose Eslimation Framework Deployment
degradation. Madel Tack
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Consequently, edge engineers are currently forced to abandon purely visual on-chip tracking. Current literature

circumvents this limitation by either utilizing the ESP32 solely as a wireless video transmitter to host-based
OpenCV pipelines, or by abandoning vision entirely in favor of physical IMU arrays (e.g., smart glove
architectures). True, untethered keypoint estimation remains an unsolved challenge for microcontrollerclass
hardware.

V. CONCLUSION

This Systematic Literature Review analyzed 47 recent studies to define the performance boundaries of vector-
accelerated vision on ESP32 microcontrollers. The synthesis demonstrates that while optimized object detection
frameworks can achieve high-throughput real-time performance (up to 500 FPS at 2 ms latency), they
frequently operate at the absolute ceiling of available SRAM. Furthermore, the mathematical complexity of
pose estimation prohibits untethered edge execution, representing the primary hardware-software bottleneck in
the current literature. Future research must focus on hybrid quantization strategies capable of preserving spatial
coordinate integrity within the strict memory confines of extreme edge devices.

APPENDIX A
Target
Ref. Title Authors Year Inference_Latency_ms FPS Memory_Footprint KB Accuracy_mAP
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	Abstract
	Deploying deep learning computer vision on extreme edge microcontrollers is heavily constrained by rigid physical bottlenecks, most notably the ~520 KB internal SRAM limit standard to the ESP32 ecosystem. This paper presents a Systematic Literature Review, conforming to PRISMA 2020 guidelines, to evaluate the empirical efficiency frontier of vectoraccelerated visual inference on ESP32-class hardware. By synthesizing 47 English-language studies published between 2024 and 2026, this review maps the strict mathematical trade-offs between execution latency, frame rate throughput, and memory allocation. The quantitative data reveals a stark dichotomy in TinyML capabilities. Optimized, lightweight object detection frameworks leveraging INT8 quantization and native SIMD vector instructions achieve exceptional real-time throughput, scaling up to 500 FPS with a 2 ms inference latency. However, these classification models frequently exhaust available SRAM, leaving insufficient overhead for concurrent sensor polling or wireless telemetry in production environments. Furthermore, this synthesis identifies a critical architectural void in on-device pose estimation. Due to the floating-point complexity of coordinate regression, spatial keypoint tracking remains functionally incompatible with current memory limits, suffering from extended latencies (~100 ms) and forcing reliance on host-based processing or physical IMU arrays. Ultimately, this review establishes that while localized bounding-box classification has reached hardware maturity, true untethered keypoint estimation remains a fundamental bottleneck requiring novel hybrid quantization strategies.
	Keywords: Index Terms - Edge computing, ESP32 microcontrollers, Object detection, Pose estimation, Quantitative synthesis, Systematic literature review, TinyML, Vector acceleration
	Introduction
	The rapid evolution of Internet of Things (IoT) ecosystems and edge computing has driven a fundamental paradigm shift in artificial intelligence: the transition from centralized, highpower cloud computing to on-device, localized machine learning, commonly referred to as TinyML. Traditionally, deep learning models for computer vision and spatial coordinate tracking have relied on resource-heavy hardware platforms, such as single-board computers (e.g., Raspberry Pi) or specialized edge accelerators (e.g., NVIDIA Jetson). However, these platforms present significant barriers in terms of thermal dissipation, high power consumption, unit economics, and physical size. Achieving untethered, real-time intelligence at the extreme edge requires deploying neural networks directly onto low-power, low-cost microcontrollers.



	II. METHODOLOGY
	III.  EMPIRICAL RESULTS & PERFORMANCE SYNTHESIS
	Systematic Review
	Fig. 1. Scatterplot mapping the empirical trade-off between inference latency and throughput across 47 ESP32-based hardware studies.

	B. Algorithms
	The data extracted from Set B reveals a critical architectural gap in current edge deployments. While lightweight bounding-box detection thrives on the ESP32, coordinate geometry tracking for human pose estimation remains functionally bottlenecked.
	The literature indicates that end-to-end latencies for pose tracking stretch to 100 ms, yielding sluggish real-time performance.
	Furthermore, studies explicitly demonstrate an inability to process spatial coordinates on-device; multiple frameworks were forced to offload inference to host-based OpenCV processing (averaging 50 ms delays) or rely on physical sensor alternatives (e.g., smart glove architectures via the ESP32-C3). This confirms that while the 520 KB SRAM layout can support spatial classification, regression-based skeletal tracking remains an open challenge for microcontroller vector extensions.
	IV. DISCUSSION AND GAP ANALYSIS
	The empirical synthesis of the literature reveals a stark dichotomy in the current state of TinyML: while localized
	object classification has achieved maturity through vector acceleration, structural coordinate tracking remains fundamentally incompatible with current on-chip constraints. A. The SRAM Allocation Ceiling As illustrated in Fig. 2, the memory footprint of object detection architectures frequently approaches the physical ~520 KB SRAM limit of the ESP32 ecosystem. While a 510 KB memory allocation is acceptable in isolated bench testing, it represents a fatal bottleneck for full-system edge deployment. In real-world hardware architectures-such as integrating environmental sensors like the Bosch BME688 via I2C on a custom printed circuit board, or maintaining a Bluetooth Low Energy (BLE) stack to stream telemetry to a custom iOS mobile application-significant SRAM must be reserved for the real-time operating system (RTOS) and network drivers. Models that consume the entirety of the available heap leave no overhead for peripheral sensor integration or data transmission, rendering them impractical for multifaceted IoT ecosystems. This indicates a critical need for deployment frameworks that prioritize aggressive model pruning over marginal accuracy gains.
	Fig. 2. SRAM allocation distribution across model tasks.
	B. The Pose Estimation Void The most significant finding of this review is the functional void in on-device pose estimation. The complete absence of memory footprint data for Set B in Fig. 2 graphically demonstrates this limitation. The literature confirms that coordinate regression tasks-which rely heavily on floatingpoint spatial mapping rather than simple bounding-box classification-cannot be efficiently quantized into the INT8 formats required by native vector extensions without catastrophic structural degradation.
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	Consequently, edge engineers are currently forced to abandon purely visual on-chip tracking. Current literature circumvents this limitation by either utilizing the ESP32 solely as a wireless video transmitter to host-based OpenCV pipelines, or by abandoning vision entirely in favor of physical IMU arrays (e.g., smart glove architectures). True, untethered keypoint estimation remains an unsolved challenge for microcontrollerclass hardware.
	V. CONCLUSION
	This Systematic Literature Review analyzed 47 recent studies to define the performance boundaries of vector-accelerated vision on ESP32 microcontrollers. The synthesis demonstrates that while optimized object detection frameworks can achieve high-throughput real-time performance (up to 500 FPS at 2 ms latency), they frequently operate at the absolute ceiling of available SRAM. Furthermore, the mathematical complexity of pose estimation prohibits untethered edge execution, representing the primary hardware-software bottleneck in the current literature. Future research must focus on hybrid quantization strategies capable of preserving spatial coordinate integrity within the strict memory confines of extreme edge devices.
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