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Abstract— For real time object monitoring, battery
powered edge devices — like wearable health monitors,
drones and autonomous robots need energy efficient
solutions. To overcome these difficulties, this work
investigates low power image and video processing
techniques that are tailored for hardware -
constrained situations. Utilizing strategies like
knowledge distribution, and model pruning, the
algorithms are made to reduce computational
overhead while preserving tracking accuracy. The
system is implemented in C/C++ and coupled with
frameworks such as TensorFlowL.ite and OpenCV. It
is tested on a variety of use cases such as wearable
monitoring, drone surveillance and industrial
automation. To meet the exceeding demands for
energy efficiency in mobile and 10T applications, this
research offers a scalable and sustainable way to
improve object tracking performance on Al edge
devices.
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INTRODUCTION

Energy efficient image and video processing algorithms
that can operate in real-time are becoming increasingly
necessary due to the development of battery — powered
edge devices like wearable health monitoring, drones and
autonomous robots. These gadgets are being used more
and more in vital applications, such as healthcare
monitoring and industrial applications, where it is crucial
to process visual input continuously while using little

power. Computing requirements of traditional deep
learning models are frequently too great for these limited
settings, leading to inefficiencies and battery drain. For
edge Al systems, it is now essential to provide lightweight
algorithms that maximize object tracking in real — time
without sacrificing accuracy. In order to make such
solutions possible for energy constrained devices utilized
in these applications, recent research has concentrated on
refining deep learning models to lower computational
overhead while retaining accuracy [1].

A number of strategies including knowledge distillation,
quantization, and model pruning have been developed to
address the problem of energy efficiency. Pruning makes
a model faster and smaller by reducing the number of
parameters, whereas quantization makes the weights less
precise. Contrarily, knowledge distillation moves
information from a more accurate broader model to a more
effective smaller one. These techniques make it possible
to create algorithms that work well on edge devices
without compromising the precision needed for object
tracking applications. Lightweight systems with real-time
processing capabilities will become more and more
necessary as edge computing is incorporated into sectors
like healthcare, surveillance and autonomous driving.
These methods guarantee that Al models can function well
in settings with constrained computational resources in
addition to increasing energy efficiency [2].

The development of edge Al hardware further increases
the viability of putting such lightweight algorithms into
practice. For real-time data processing, platforms like
ARM Cortex -M processor and NVIDIA Jetson provide
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strong yet energy — efficient solutions. Furthermore
frameworks like OpenCV and TensorFlow Lite make it
possible to create optimized models that are suited to these
limited settings. With the help of these tools, developers
can take advantage of hardware specific accelerators like
GPU or DSP processing to improve performance while
using less power. The goal of this research is to develop,
put into practice and assess energy efficient object tracking
algorithms for edge devices, showcasing their potential for
a variety of applications such has wearable health
monitoring, industrial automation and surveillance [3].

Il. LITERATURE REVIEW

A. Research Background

By enabling intelligent data processing on devices with
limited resources, edge Al has transformed a number of
industries. The need for real time processing of image and
video data on hardware with constrained computational
power and energy efficiency has been brought to light by
the growth of wearable technology, autonomous systems
and loT. Even though they are accurate, traditional deep
learning models are frequently computationally
demanding and are not suitable for use on these devices.
Researchers have looked into light weight deep learning
architectures like MobileNetV2 [4] which introduces
inverted residuals and linear bottlenecks to optimize the
tradeoff between accuracy and computational complexity.
This idea is further developed by MobileNetV3 [2], which
is appropriate for on-device Al tasks by utilizing neural
architecture search techniques to achieve increased
efficiency.

Concurrently the creation of frameworks such as
TensorFlow Lite and OpenCV has expedited the
implementation of edge device — optimized algorithms.
While OpenCV/[3] offers comprehensive libraries for real-
time image and video processing tasks, Tensorflow Lite
facilitates efficient inference by utilizing quantization and
hardware acceleration. Additionally, as Han et.al [1] has
discussed, resource efficient methods like pruning and
quantization allow for the development of lightweight
models that lower memory usage without noticeably
sacrificing accuracy. These methods are essential for
creating object detection and tracking algorithms that use
less energy in sectors like medical imaging and
automotive safety. The study intends to close the gap in

implementing Al — driven solutions on edge devices with
strict resource constraints by expanding on these tried and
tested techniques.

B. Critical Assessment

Considerable progress has been made in the creation of
lightweight deep learning models, according to a critical
evaluation of the latest developments in edge Al for real-
time image and video processing. The ability to balance
accuracy and computational efficiency while optimizing
performance for edge devices has been shown by
architectures such as MobileNet V2 and MobileNet V3
[2][4]. These models make use of sophisticated methods
that have proven crucial in lowering resource
consumption, such as depthwise separable convolutions
and neural architecture search. Their performance in
complex, dynamic environments where accuracy in real-
time is critical is a limitation. The trade-off between
robustness and efficiency is still a major problem,
especially for applications that need to make decisions
quickly. Furthermore, even though frameworks like
TensorFlow Lite support optimized inference, their
implementation frequently necessitates adaptation to
particular hardware, which can restrict scalability and
portability across various device systems.

The absence of common guidelines for quantization and
pruning methods is another major issue. Even though
techniques put forward by Rastegari et. al [5] and Han et.
al [1] have considerably lower computational and memory
overhead, their suitability varies based on the underlying
hardware architecture. When creating algorithms for
heterogenous systems, this variability adds another level
of complexity. Additionally, even though OpenCV
provides strong support for conventional image and
processing tasks, integrating it with neural networks
frequently requires a great deal of manual tweaking, which
lowers the efficiency of the pipeline. A comprehensive
strategy that incorporates developments in hardware
aware neural network architecture, standardized
optimization frameworks, and adaptive algorithms that
can manage the dynamic nature of real-world applications
is needed to close these gaps.

C. Linkage to the Main Topic

Lightweight image and video processing algorithms are
related to the primary topic, “Development of
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Lightweight Image and Video Processing Algorithms for
energy efficient object tracking on battery powered edge
devices”, because real-time object tracking solutions that
function well under resource limitations are desperately
needed. Edge devices that run on batteries like wearables,
cameras, drones and environmental monitoring sensors,
frequently function in settings where energy conservation
and high computational efficiency are critical. These
algorithms are perfect for use in real-world applications
because they guarantee effective object tracking with low
computational overhead by utilizing light weight neural
networks like MobileNet and YOLO. The need for
portable, sustainable edge Al solutions that provide
excellent performance without depleting energy supplies
is closely met by these techniques. These techniques are
in line with the need for portable, sustainable edge Al
solutions that provide excellent performance without
using up too much energy [4][2].

Additionally, there is a strong connection between the
primary topic and recent developments in edge-based
processing and energy-efficient computation. Methods
such as energy-aware training, model pruning, and
quantization maximize hardware utilization, guaranteeing
that algorithms operate effectively within the power and
memory limitations of edge devices [6]. The suggested
method has substantial practical relevance in fields like
wildlife conservation, where battery-operated devices
track species in remote areas, or industrial automation,
where object tracking can improve assembly line
monitoring. This connection demonstrates how energy
efficiency and lightweight algorithm design come
together to form the basis of next-generation edge Al
systems.

D. Research Gap

There are still significant gaps in the lightweight image
and video processing algorithms applicability to energy —
efficient object tracking on edge devices that run on
batteries, even with improvements. When used for
complex scenarios like multi-object tracking or high-
speed motion in real — world environments, current
methods like MobileNet and YOLO Nano achieve
notable reductions in model size and computational load,
but they frequently sacrifice accuracy [2][4].
Furthermore, dynamic conditions which are typical in

real-world object tracking — like rapidly changing
lighting, occlusion and different lighting conditions are
difficult for these algorithms to handle. Additionally,
current approaches don’t have adaptive mechanisms to
sustain tracking performance under these circumstances
and strict energy constraints. This requires the use of
algorithms that strike a balance between precision,
effectiveness and flexibility, customized to meet the
unique needs of edge devices.

I1l. DESIGN & IMPLEMENTATION

A. Design

Preprocessing, tracking and optimization, are the 3 main
pillars of the system for energy — efficient object tracking
using lightweight image and video processing algorithms.
The preprocessing step lowers the computational load
while maintaining crucial features for object tracking by
using image downscaling and noise reduction methods
like bilateral filtering or Gaussian Blur [7]. To effectively
find objects of interest within each frame, a lightweight
object detection backbone—Ilike MobileNetV3 or YOLO
Nano [8] is used. To strike a balance between accuracy and
computational efficiency, these algorithms make use of
depthwise  separable  convolutions and  residual
connections. The identified objects are given distinct
identifiers for temporal continuity, which makes it
possible to track them effectively across frames using
motion estimation methods like sparse optical flow or
Kalman filters.
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Fig 3.1.1 — System Architecture

Adoptive strategies for algorithm execution are
incorporated into the design to guarantee efficiency on
battery-powered edge devices. The system's workload is
modulated according to the computational capacity and
available battery life using techniques such as adaptive
resolution adjustment and dynamic frame skipping.
Additionally, during model training, hardware-aware
optimizations like weight pruning and quantization are
used to compress the network without noticeably lowering
performance. Frameworks like TensorFlow Lite and
libraries like OpenCV are used to optimize the
implementation for edge device hardware, including ARM
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Cortex processors, for effective deployment. Even with
the severe resource limitations of edge devices, these
factors guarantee that the system functions flawlessly in
real-time.

B. Implementation

The integration of lightweight models and hardware-
optimized algorithms is necessary to implement the
suggested system for energy-efficient object tracking on
edge devices that run on batteries. The preprocessing
module applies noise-reduction methods like Gaussian
Blur and frame resizing by utilizing OpenCV, a popular
computer vision library. These procedures guarantee that
the input data is adequately prepared for later phases and
are computationally efficient. TensorFlow Lite is used to
implement lightweight object detection models, like
YOLO Nano or MobileNetV3, enabling optimized neural
network inference on hardware with limited resources.
During model training, quantization and weight pruning
techniques are used to minimize memory usage and
execution time while preserving a satisfactory level of
accuracy.

For high performance and low-level hardware access, the
object tracking module uses motion estimation algorithms
like sparse optical flow and Kalman filters, both of which
are implemented in C/C++. With the help of the ARM
Cortex architecture's instruction set for energy efficiency,
C++ guarantees the best possible performance of
computationally demanding tasks. Adaptive algorithms
that modify frame processing rates and resolution in real-
time according to battery levels and device workload
enable dynamic resource management. Hardware-specific
APIs (such as ARM NEON) or libraries like OpenMP are
used for low-power and parallel execution. This strategy
guarantees that the system satisfies the stringent energy
requirements of battery-powered edge devices while
providing real-time object tracking performance.
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Fig 3.2.1 — YOLO Nano architecture
IV. RESULTS
On battery-powered edge devices, the suggested

lightweight algorithms showed notable gains in object
tracking accuracy and energy efficiency. When testing on
a Raspberry Pi 4 with an ARM Cortex-A72 processor, the
system was able to process 720p video streams at a real-
time frame rate of 18-22 frames per second. Compared to
unoptimized object tracking systems, the energy
consumption analysis showed a reduction of about 30%.
This was mostly because effective tracking algorithms like
C++-implemented Kalman filters and quantized YOLO
Nano were used for object detection. Multi-object tracking
accuracy (MOTA), a metric used to measure object
tracking accuracy, was 85%, making it appropriate for
real-world applications in limited settings. These findings
demonstrate the harmony struck between object tracking
dependability, energy efficiency, and computational
performance.
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V. CONCLUSIONS

Critical challenges in resource constrained environments
are addressed by the development of lightweight image
and video processing algorithms designed for energy
efficient object tracking on battery powered edge devices.
The system strikes a balance between tracking accuracy,
energy consumption, and computational efficiency by
utilizing effective tracking mechanisms like Kalman
filters and optimized architectures like YOLO Nano. By
combining methods like dynamic frame adaptation,
model quantization, and hardware — specific
optimizations, real — time processing has been made
possible with notable energy savings. These
developments are crucial for implementing Al — driven
object tracking in applications where portability and
battery life are crucial, like environment monitoring,
autonomous navigation, and surveillance. The results are
consistent with recent research highlighting the
significance of energy — conscious Al in embedded
systems to enhance sustainability and performance [9].

The outcomes also confirm that high-performance object
tracking on low power edge devices is feasable without
sacrificing dependability. Scalability is guaranteed by the
modular design which enables it to accommodate a wide
variety of edge devices and use cases. Notwithstanding its
achievements, the study provides opportunity for
additional investigation such as the investigation of more
sophisticated energy saving algorithms, incoporation of
federated learning for distributed intelligence, and the use
of new hardware accelerators. These developments will
expand the field of sustainable, edge-based Al solutions
and improve the systems' suitability for real-world
situations.

VI. FUTURE SCOPE

The suggested lightweight, energy-efficient object
tracking system creates a number of opportunities for
further research and development. Integrating cutting-
edge model compression methods like neural architecture
search (NAS) and pruning is one promising approach that
can further lower computational costs without sacrificing
tracking accuracy. Furthermore, federated learning
frameworks will improve scalability and privacy by
facilitating cooperative model training across numerous
edge devices without centralizing data. This strategy fits

in with the growing focus on distributed Al systems in
settings with limited energy resources. Furthermore,
performance will be greatly improved by optimizing the
algorithms to fully utilize the capabilities of newer edge
processors with built-in Al accelerators, like the NVIDIA
Jetson Nano and Coral Edge TPU, as these processors
become more common.

Developments in event-based cameras and spiking neural
networks (SNNs) have the potential to transform object
tracking by simulating human visual processing,
according to emerging trends in edge Al. In dynamic
environments, these technologies promise extremely low
power consumption and high efficiency. To expand its
use in fields like autonomous robotics and augmented
reality, the system could also be modified for real-time
3D object tracking using stereo cameras or depth sensors.
These developments would guarantee that future systems
continue to be flexible, effective, and reliable while also
adding to the expanding corpus of work on sustainable
edge Al. Raj Kamal's Embedded Systems: Architecture,
Programming, and Design is a great resource for
fundamental understandings of embedded system
optimization and low-power design techniques [10].
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