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Abstract

Internet of Things Devices: Data Processing, there exist many Internet of Things devices in our life. So we
need to implement data processing to Internet of Things devices. We can use Edge Artificial Intelligence in
place of cloud computing all the time. Edge Artificial Intelligence can be used for executing data processing
to Internet of Things devices. Then it will be more effective to reduce the delay, network usage and privacy.
However, most of the Internet of Things devices have limited battery, processing power and memory. So, the
Artificial Intelligence algorithm can consume energy in order to run in Internet of Things devices. Then it will
reduce the life time and energy efficiency to Internet of Things devices. This research is about that importance
of energy efficient algorithms to Edge Artificial Intelligence in Internet of Things environment. This research
is about that conventional artificial intelligence models consume very large power. This research is also about
that we need to create the algorithms which can run in limited resource environment. We can do many things
to do that, for example: creating power efficient model, compressing model, removing unnecessary part of the
model, representing data by numbers, and so on and so forth. All of these can reduce the energy consumption
while maintaining the accuracy. This research is about maintaining the accuracy of the model while reducing
the energy consumption. This is of critical importance in relation to their real-world feasibility. We have an
Energy- algorithms device for the Internet of Things that can predict and anticipate what will happen. It can
also respond quickly. It can do this without having to replace or recharge its batteries many times.
Keywords: Edge Artificial Intelligence (Edge Al), Internet of Things (loT), Energy-efficient algorithms Model
compression and quantization, Sparse neural networks, adaptive voltage and frequency scaling (DVFS).

1. Introduction

Internet of things is rapidly growing in the number of
connected devices billions of them sensing collecting
and transmitting data at any given instant. These
devices are used for different problems like
healthcare smart farming industrial automation and
smart transportation. In most cases the data of these
devices are uploaded to the cloud for further analysis
and processing. But there are some problems
associated with this such as high delay high internet
usage and privacy. To resolve this problem Edge
artificial intelligence Edge Al is becoming more and
more popular and it processes the data and makes

decisions locally at the edge nodes either at the device
or the edge nodes. With local processing and local
decision making at the edges, bandwidth usage is
decreased and it results in a significant improvement
in response time, privacy and reliability. Since most
of the IoT are battery-powered devices, having
limited memory and computing resources, it is not
possible to run Al algorithms on them. In particular,
many of the Al algorithms require high computing
resources and power.When implementing the Al
algorithms on the edge devices the energy efficiency
of the algorithm is of prime importance. Because if
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the Al algorithm is not energy efficient then it will
consume the battery very fast hence the life time of
the device will be decreased. Also, the energy
efficiency is also important for the feasibility of the
application. Hence researchers in this field are
proposing energy efficient algorithms that give the
same/similar accuracy while consuming less
computing and power resources. There are a few
techniques to solve this problem:

e Model compression.

e Light weight neural network architecture.

¢ Pruning.

e Quantization.

e Data processing techniques.
Using these techniques, we can construct low
complexity models without any loss in performance.
Thus, an energy efficient algorithm will enable the
IoT devices to carry out complex tasks such as. Edge
Al is extracted as a promising technology for IoT
systems. The paper reviews the energy- algorithms
for Edge Al techniques. The energy algorithm can
lower Edge Al energy consumption, improve the
performance and satisfy the low-power requirements
of IoT systems. In addition, the paper elaborates the
trade-off between resource efficiency and accuracy of
Edge Al in practical systems
2. Literature Review
Which analyze the use of Artificial Intelligence
driven approaches to increase the energy efficient of
IoT networks. The paper discuss about the increasing
number of IoT devices and the increase in energy
consumption. This is a sustainability problem. The
researcher sugggets using Al driven models like
neural network, decision tree, reinforcement learning
to predict and optimise the energy consumption
patterns. The paper conclude that AI models can
analyse a lot of data collected from the IoT settings
to find the patterns of energy consumption and
optimise them accordingly. The research results
indicate that the application of Al in the network IoT
is essential for survival. Energy-Efficient Fast Object
Detection on Edge Devices for IoT Systems: Energy-
Efficient Fast Object Detection on Edge Devices for
IoT Systems presents a fast object detection system
which is lightweight and appropriate for edge based
IoT system. The research work addressed the

problem of high energy consumption and latency in
the existing end-to-end deep learning based object
detection system. The research work proposed a
frame difference method with the help of Al
classifiers to make the system energy efficient. The
proposed system was tested on various edge devices
like AMD Alveo U50, Jetson Orin Nano and Hailo-8
Al Accelerator. The proposed system provides higher
accuracy, lower latency and higher energy efficiency
compared to the existing system. The research work
explicitly indicates that the lightweight object
detection system can be suitable for real-time IoT
application. [1] In this paper we propose the notion of
energy consumption modelling of IoT devices with
the help of neural networks. How the neural networks
can be used for resources allocation and tasks
scheduling so as to minimise wasteful energy
consumption. The system can predict the time of high
consumption based on the previous usage pattern and
react automatically. So we will observe a significant
reduction of overall energy consumption and system
stability. We also discuss the significance of
employing the intelligent prediction models for
energy aware [oT. [2] evaluates the frame difference
approach as a power efficient alternative to complex
optical flow and end-to-end detection approaches. the
approach uses pixel difference comparison between
frames and only processes when motion is detected.
the approach is well suited for edge IoT devices, it
can avoid redundant processing, thus saving power.
experimental results demonstrate better latency and
energy efficiency for fast moving object detection.
[1] To emphasize the contribution of edge computing
in achieving more energy efficient IoT, as it can
mitigate the cloud computing dependence by
reducing the energy consumption of data
transmission. This is shown in the Reference Paper 1
when the hardware accelerators are utilized to
implement efficient object detection algorithms and
in the Reference Paper 2 when the Al based energy
efficient techniques are implemented at the edge of
the IoT network. Both the papers reveal that the
combination of Al and edge computing can help in
achieving more scalable and sustainable [oT.[1][2]
3. Methodology

Our work takes a methodical, experimental approach
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to compressing high-performance Al to operate under
the power constraints of [oT.

3.1. Method & Goals
Our work takes a methodical, multi-step analysis.
Instead of profiling a set of pre-trained models, we
construct and analyze a set of optimizations (from
structural pruning to precision scaling) to
demonstrate how the underlying accuracy vs. energy
trade-offs of a combination of methods can be tuned
for IoT [3].

3.2. Baseline discussion
We discuss Edge Ai market, and come up with
following 3 issue. Latency(delay) on cloud
processing, and its privacy. Because user's data is
need to send to cloud for processing. “memory wall”
for normal neural net on micro controller. Because
controller cannot hold large neural net parameter
because of its limited memory. There is no
benchmark to measure the trade-off between battery
life and predictions accuracy.

3.3. Optimization Framework
We discuss 3 way for energy optimization on Edge
Al device Structural Optimzation. Prune the neurons.

e Compression: compress the size [4-5].

e Numerical scale. Quantization: convert to

8bit integer or other representation instead of

32bit float.
Architecture selection. lightweight network, e.g.
MobileNet and  TinyML-framework. Data

optimization. make preprocessing small so cpu use
more time for low power mode.
3.4. Experimental Architecture
We adopt the real life deployment 3 tier architecture:
e Perception Layer: all the platform raw
sensor data
e Edge Execution Layer: the platform where
the distilled model runs and decisions are
made in realtime
e Cloud Storage: it is only for long term
storage and/or retraining and the edge device
is the key player [6]

3.5. Deployment and System Assessments
We train and construct our models in Tensorflow
Lite and Pytorch Mobile as they can run on many
edge devices. Then we “distill” the model with our

optimality training method. After that we evaluate
and compare with a set of hard metrics:
Power Consumption: the (mW) of usage in inference
e Resource Utilization: the max RAM and
Flash.
e Accuracy-Energy  Trade-off: relative
accuracy loss for 1% of energy saved Our
work tak [7].
3.6. Comparative Synthesis & Synthesis
A cross-functional analysis of the findings is the last
stage. The study determines which particular pruning
and quantization combinations provide the best
scalability for real-time IoT applications by mapping
the trade-offs between accuracy and power
consumption.
4. Result and Analysis
This system uses a video frame analysis technique in
which consecutive video frames are analyzed for
motion using a frame differencing technique [8]
Shown in Figure 1.

K
-

Frame Difference

o Fig. 2. Frame

Before Dilate Process  After Dilate Provess
Figure 1 Flowchart of Motion Detection and
Object Classification Using Frame Differencing
and CNN-Based Processing
Image preprocessing techniques such as erosion,
dilation, blurring, and thresholding are carried out in
order to remove noise from images and enhance the
appearance of objects. After the preprocessing stage,

OPEN aAccsss IRJAEM

1193


about:blank

International Research Journal on Advanced Engineering
and Management
https://goldncloudpublications.com

e ISSN: 2584-2854
Volume: 04 Issue: 05
May 2026

Page No: 1191 - 1196

https://doi.org/10.47392/IRJAEM.2026.0179

the region of interest is cropped and resized for
further processing [9]. The image features extracted
from the preprocessing stage are used as input for a
Convolutional Neural Network (CNN) model. The
CNN model has an input layer, hidden layer, and
output layer that learns the pattern and classifies the
identified object. The system generates a bounding
box around the identified object and shows the
classification result on the video display. The results
indicate that the image processing and neural network
technique enhances the accuracy of object
identification and classification Shown in Figure 2.

Hidden Layer

Input Layer Output Layer

,;‘i\o R
"‘ //

Figure 2 Architecture of an Artificial Neural
Network (ANN) With Input, Hidden, And
Output Layers

5. Discussion

The shift of artificial intelligence from servers to
small devices like internet of things devices
represents a big shift in how we do computing. We
run into problems when we try to put complex models
in these small devices since they lack power, memory
and cooling capability. Studies have shown that to be
successful with artificial intelligence on these devices
we have to consider how the hardware and software
interact and we have to ensure the system works well
as a whole. The Balance of Model Compression. To
run large artificial intelligence models on internet of
things devices we need to compress the models. We
can do this wusing techniques like pruning,
quantization, and knowledge distillation. Pruning can
help by removing unnecessary parts of the model to
make it smaller and easier to run, but removing parts
of the model may not make the model run faster. So

we have to be careful how we prune the model.
Another way to compress the model is to use
quantization to change how the model stores the
numbers. This can help reduce memory and energy
usage. But we have to be careful because this may
reduce how well the model works. Knowledge
distillation is a method to make a model that can do
about the same as a larger model. We do this by
training the model to copy the larger model. Then the
smaller model can do the same things as the larger
model but it uses less memory and energy. The Need
for Hardware and Algorithm to Work Together. We
cannot just think about the algorithm we also have to
think about the hardware it is running on. some
devices, like the raspberry pi are not very good at
running models. If we use special devices, like the
google coral or NVidia jetson nano we can make the
models run much faster and use less energy. We also
need to make sure the algorithm is working with the
device by changing things like the batch size and
input resolution. Neuromorphic Computing: A New
Way of Thinking While making models smaller is
helpful there is another way of doing things called
computing. This is a way of making models that work
like the brain by using spikes to communicate. This
can make the models use less energy. some devices,
like the intel loihi 2 or IBM True North are specially
made to run these kinds of models. When we use
these devices we can make the models run faster and
use much less energy.  Making The Whole System
Work Well Another question we also need to ask is
not just on how the model works, but how the whole
system works. We can also apply artificial
intelligence to make the whole system consume less
energy. We can use machine learning to predict how
much energy the whole system will consume, and
then the whole system will make changes to consume
less. We can also apply the artificia intelligence work
on our device of sending the data to the cloud, which
makes the whole system consume less energy. What
We Still Need to Work On even though we have done
a lot, we still have more to do. one problem is there
are so many different kinds of devices, so it is hard to
make one model that will work well with all the
devices. we also need to make it easier to train the
models and also to make the models well integrated
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with the devices. in the future we have to also make
sure we want to work on the models and devices
integrated together so we can apply artificial
intelligence works better with the small devices [10
19].

Conclusion

Deploying artificial intelligence in IOT devices is a
key shift from cloud-based processing to edge
computing. Although edge ai can solve some of the
systemic problems with latency, bandwidth, and data
privacy, IOT devices have limited resources, and
energy efficient algorithms are essential for Edge Al
deployment.This work demonstrates that a
equilibrium between model accuracy and energy
consumption is necessary for Edge AIl, and the
equilibrium is achieved by three primary methods:

e Model Compression: Prune, quantize and
distill complex Al models to millions-fold
less computational power on edge.

e Hardware-Algorithm Co-Design: Take a
holistic approach to solving the problem; Pair
advanced algorithms with custom edge
hardware (e.g. Google Coral, NVIDIA Jetson
Nano) for greatest computational efficiency.

e New Computing Paradigm: Leverages
neuromorphic-like computing, which uses
brain-inspired spike based communication for
power efficiency.

While the AI community has done a lot of work in
scaling down and optimizing complex Al models for
the edge, there is still a long way to go in solving the
fragmentation and deployment complexity problems
of most of the industry. We need to move closer to
more software and hardware co-design. By further
improving these energy efficient frameworks, we will
unleash the full potential of the connected world and
IoT networks and enable real-time, autonomous and
power efficient decision at the source.
in the end, although a lot of progress has been
achieved in terms of slimming down and optimizing
Al for the edge, the community still needs to deal
with the issues of hardware fragmentation and
deployment complexity. The future of Edge Al
hinges upon further co-designing software and
hardware. By further improving these energy-
efficient frameworks, we can unleash the full

potential of IoT networks and enable power-efficient
and real-time, autonomous, and on-the-fly decision-
making at the source.
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