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This study aims to identify a baseline model for optimizing deep neural network
(DNN) models for deployment in resource-constrained environments (RCE).
Although DNNs are excellent in many applications, their deployment on devices
like wearables and mobile phones presents significant challenges. The study
investigates six popular DNN models, including MobileNet (V1 and V2),
ResNet50, InceptionV3, DenseNet121, and EfficientNetB1. To assess each model's
advantages, disadvantages, usability, and effectiveness in RCE scenarios, a
comprehensive review and empirical analysis were conducted. The analysis
focuses on optimizing these models to function effectively given the limited
computational power and memory of RCE devices. Key factors such as model size,
computational complexity, and inference speed are examined to uncover

Keywords: performance trade-offs between accuracy and resource efficiency. The findings
Baseline model; Deep neural network; suggest that MobileNetV1 should serve as baseline models for building efficiency-
Image classification; Optimization; focused DNN models for image classification on RCE devices. This

recommendation is based on MobileNetV1's balance between performance and
efficiency, making it an ideal starting point for further optimization.

Resource-constrained environments

Introduction conventional techniques and establishing new

standards in a wide range of applications.

he rapid advancement of DNNs has
revolutionized numerous fields,
delivering outstanding performance in
tasks such as image classification [1-5],
natural language processing [6-10],
and autonomous driving [11,12]. These
advanced models have proven to be very
capable, surpassing the performance of

Deploying DNNs in RCE [13] is still a difficult
task, despite their outstanding results. Complex
DNN models may not be able to run on devices
such as mobile phones, wearables, and internet
of things (IoT) devices due to their restricted
computational power, memory, and battery life.
Due to these limitations, considerable
optimization work is required to guarantee that
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DNNs may operate well and efficiently with the
restricted resources at hand. Achieving
successful deployment in these systems requires
striking a balance between the trade-offs
between computational complexity, resource
consumption, and model accuracy. By finding
viable baseline models and improving them for
RCE scenarios, this study seeks to address these
issues and open the way for a wider acceptance
and deployment of DNN technology in common
devices. The rising number of RCEs in recent
years, driven by [oT and smart devices, has made
the employment of DNNs in these situations
necessary. Using DNNs on RCEs has several
benefits, including improved privacy and
security, low latency, decreased bandwidth
consumption, and real-time image classification.
[14]. Faster decision-making in a variety of
industries, including smart homes, autonomous
cars, healthcare, agriculture, and transportation,
is made possible by DNNs on RCE devices. As a
result, the requirement for the successful and
efficient installation of DNNs on RCEs has
grown. Many DNN models, including MobileNet
[15-18], ResNet[2,4,19], InceptionNet [4,20-22],
DenseNet [23], and EfficientNet [24,25] have
been developed to solve these issues. Each
model has advantages and disadvantages
specific to RCE-based image classification. The
features, algorithms, usability, strengths, and
drawbacks of these cutting-edge DNN models
for deploying DNNs in RCE devices are reviewed
and analyzed in this work. It also suggests a
foundational DNN model for RCE device
classification of images, which would be helpful
as a guide for further study.

Materials and Methods

Deploying s DNNs on RCE devices can be
challenging due to their limited computational
resources and energy constraints. These
limitations necessitate careful consideration of
model complexity, memory usage, and power
consumption to ensure efficient operation. To
address these challenges, researchers have
developed a variety of DNN models specifically
designed for RCE applications. These models
aim to balance performance with resource
efficiency, enabling practical deployment on
devices such as mobile phones, wearables, and
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IoT sensors. In this study, we conduct two types
of analyses to evaluate these DNN models:
comprehensive review and empirical. The
comprehensive review analysis involves a
thorough review of existing literature and state-
of-the-art DNN models, examining their
theoretical foundations, architectural
innovations, and potential for adaptation to RCE
scenarios. This review provides a holistic
understanding of the strengths and weaknesses
of various models, such as ResNet, MobileNet,
InceptionNet, DenseNet, and EfficientNet, in the
context of RCE deployment. The empirical
analysis, on the other hand, involves practical
experimentation and performance evaluation of
these models under RCE conditions. This
includes assessing factors such as model size,
computational complexity and inference speed
[26]. By conducting these empirical tests, we aim
to provide concrete data on how each model
performs in real-world RCE scenarios,
highlighting the trade-offs between accuracy
and resource efficiency. These analyses are
detailed in the following sections, offering
insights into the optimization strategies that can
enhance the deployment of DNNs in RCE.

Comprehensive review analysis

This compressive analysis has undertaken based
on the review study of the models and Tables 1
and 2. The DNN frameworks ResNet50,
DenseNet, MobileNet, Inception, and
EfficientNet have all been created for image
classification towards RCE devices. ResNet50
bypasses the vanishing gradient problem by
using residual blocks and skip connections.
While DenseNet uses concatenation for layers,
mobile and embedded vision applications,
MobileNet employs depthwise separable
convolutions. EfficientNet, a small-scale
variation, achieves high accuracy while
maintaining a moderate model size and low
computing cost. The advantages and
disadvantages of the aforementioned DNN
models used for image classification using RCE
are contrasted in Table 1. In comparison to other
DNN models, MobileNet is less accurate but
more efficient and quicker due to its
optimization for devices with limited processing
capacity. The most advanced deep network
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image classification models, ResNet50 and
ResNet152V2, are risky of overfitting due to
their complexity and resource consumption.
Both InceptionV3 as well as InceptionResNetV?2
are computationally efficient when working
with different filter sizes, but they are
challenging to train and optimize. DenseNet121
is memory-efficient and requires less
parameters, but its computational cost and
memory consumption are significant. Lastly,
EfficientNetBO, B1, as well as B7 have a flexible
architecture and are quick, accurate, and
efficient. Table 2 and Figure 1 show that the
EfficientNet architecture—which is designed to
have excellent accuracy with fewer processes is
the most accurate of the aforementioned DNN
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models. The network's depth, width, along with
resolution are all equally scaled via the
EfficientNet's compound scaling technique,
which keeps processing budget constant.
EfficientNetB1 is a minimal-scale variation that
achieves great accuracy while maintaining a
small model capacity and low computational
cost, making it suitable for deployment on RCE
devices. The Table 2 illustrates the effectiveness
of EfficientNetB1 in terms of speed and storage
utilization, as well as its versatility, by
contrasting the advantages and disadvantages of
various models. Given its high level of efficiency,
it becomes sense to use EfficientNetB1 as a
baseline model when proposing a new model to
feed DNN deployment on RCE.

Table 1: Comparing the strengths and weaknesses of DNN Architectures

DNN model
architecture

MobileNet (v1,v2)

Strength

Designed for devices with
limited computing power;
efficient and fast; reduces
computation requirements.
Multiple-layer DNN for
complex feature extraction;
skip connections to
address vanishing gradient
problems.
Accuracy-enhancing
efficient computation using
several filter sizes;
combines Inception with
residual connections for
better accuracy; and
versatile in computer
vision applications.

ResNet50

InceptionV3

DenseNet121 Dense connectivity
improves gradient flow and
the network; and fewer
parameters result in
memory efficiency.
Fast, efficient, and highly

accurate

EfficientNetB1

Weakness [Ref.]
Reduced accuracy compared to [15-18]
alternative DNN models.
Complex plus resource- [2,4,19]
intensive; risk of over-fitting;
and requires regularization.
Difficult to practice and [4,20-22]
improve; loss of detail in the
image; and RCE requires a lot
of storage.
High cost of computation [23,27]
Complex architecture [24,25]
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Table 2: Evaluating the deployment of DNN models for image classification using the ImageNet dataset: a
comparison of model size, inference time, and accuracy

DNN models Model size (in MB) Inference Accuracy
time (in ms) (%)
MobileNetV1 16 23 70.4
MobileNetV2 14 26 71.3
EfficientNetB1 31 60 79.1
DenseNet121 33 77 75.0
InceptionV3 92 42 77.9
ResNet50 98 58 74.9

Sources: [13,28]
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Figure 1: Bar charts to compare Five DNN models with respect to evaluation matrices: (a) displays the model
size (MB); (b) compares the inference time (ms) of the models; (c) illustrates accuracy (%) of the models’
prediction; and (d) gives a general overview of how the three matrices in the five models compare

Empirical analysis
Based on the aforementioned models' trials, an

empirical study of models for optimization was
carried out to evaluate their effectiveness.
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Finding the best baseline model to use while
installing DNNs in RCE was the goal. The
experiments were carried out in a Python and
TensorFlow environment using Keras models. It
used an Intel 1.86GHz CPU and 4GB RAM to test
our DNNs models in RCE. Although this
hardware specification may appear outdated by
current standards, it was deliberately chosen to
simulate the limitations that many RCE devices
still encounter today, such as older embedded
systems, budget mobile devices, and IoT devices.
These systems often have limited computational
power and memory, making it critical to
optimize DNN models for such environments.
This ensures that the models can operate
efficiently across a broader spectrum of devices,
not just high-end systems with modern
hardware for each model, a set of ten input
images, as depicted in Figure 2, was used to
generate predictions, and the resulting details
were recorded in Table 2.
Table 3 indicates several different deep learning
models, along with various performance and
resource metrics, including the storage
requirements of the model in MB, inference time
in milli seconds, and the prediction accuracy of
each model. Based on the data in the Table 3, we
can make the following observations:

In view of memory limitations, RCE benefit
more from lesser storage requirements.
MobileNetV1 shows 97.64% accuracy with 16.4
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MB storage requirement along with 3,88 ms
inference time. At 13.9 MB, MobileNetV2
requires the least amount of storage, whereas
EfficientNetB1 requires 30.8 MB. For real-time
applications on RCE devices, a lower inference
time is essential. With an inference time of 5.6
ms, MobileNetV2 has the highest speed, followed
by ResNet50 at 8.1 ms. Better performance
requires higher accuracy, and ResNet50 leads in
this domain with 96.2% accuracy, followed by
InceptionV3 at 91.6%. MobileNetV2 offers the
lowest storage requirement and the fastest
inference time, but suffers from the lowest
accuracy. EfficientNetB1 strikes a balance with
moderate storage and inference time while
providing reasonable accuracy. DenseNet121
delivers good accuracy but comes with higher
storage and inference time compared to
MobileNetV2 and EfficientNetB1. InceptionV3
and ResNet50 achieve the highest accuracy.
However, their significantly higher storage
demands make them less ideal for RCE devices.
In RCE scenario, EfficientNetB1 could be the best
baseline model to use for developing a new DNN
model because it strikes a balance between
accuracy and storage and inference time; its
reasonable storage requirement of 30.8 MB and
its decent accuracy of 83.0% make it a suitable
starting point for further optimization in RCE
settings.
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Figure 2: Ten randomly chosen images from the ImageNet testing dataset

Itis especially recommended because it strikes a
good balance without sacrificing too much in any

one aspect, which is crucial for RCE devices that
need to optimize across multiple constraints.
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Table 3: Prediction information of bench mark DNNs models

Model Storage (in MB)
MobileNetV1 16.4
MobileNetV2 13.9

EfficientNetB1 30.8
DenseNet121 31.8
InceptionV3 91.8
ResNet50 98.2

Results and Discussion

Table 3 compares six different DNN models in
terms of three crucial metrics: model storage
size, inference time (speed), and accuracy. The
focus is on identifying the most suitable baseline
model for deployment in RCEs. In RCEs, devices
have limited memory and computational power.
Therefore, it is important to balance model
storage requirements, prediction speed, and
accuracy to achieve optimal performance. Model
Storage refers to the memory space required by
each model, measured in MB. A lower storage
size is more suitable for devices in RCEs, which
often have limited memory -capacity.
MobileNetV1, with a storage size of 16.4 MB,
stands out for its highly compact nature, making
it extremely efficient for RCEs with tight
memory constraints. Even more compact is
MobileNetV2 at 13.9 MB, further enhancing its
suitability for environments with very limited
storage space. On the other hand, EfficientNetB1
requires 30.8 MB of storage, making it less
suitable for devices with restricted storage
capacity. DenseNet121 comes in slightly larger
at 31.8 MB, but remains manageable for RCEs
with moderate memory availability. At the
higher end, InceptionV3 requires 91.8 MB,
making it less ideal for devices with very limited
memory, while ResNet50 has the highest storage
requirement at 98.2 MB, making it the least
efficient option for devices with strict memory
constraints. Inference time, measured in
milliseconds (ms), refers to the time taken by a
model to classify an image, with lower values
indicating faster predictions, which is crucial for
real-time applications in RCEs. Among the
models compared, MobileNetV1 delivers the
fastest inference time at 3.88 ms, making it ideal

RN —
3.88 97.64
5.6 81.9
14.2 83.0
13.5 88.9
11.5 91.6
8.1 96.2

for real-time tasks on resource-limited devices.
MobileNetV2, while slightly slower with an
inference time of 5.6 ms, still offers sufficiently
fast performance for real-time classification. In
contrast, EfficientNetB1 requires a significantly
longer inference time of 14.2 ms, which may not
be suitable for real-time applications.
DenseNet121, with a time of 13.5 ms, provides
moderate speed, slower than MobileNetV1 but
faster than EfficientNetB1. InceptionV3, despite
its large size, offers a better inference time of
11.5 ms, quicker than DenseNetl21 and
EfficientNetB1  but still slower than
MobileNetV1. Lastly, ResNet50, with a time of
8.1 ms, strikes a balance between inference
speed and model size, slower than MobileNetV1
but faster than most other models. Accuracy is a
crucial metric in evaluating how well a model
performs in image classification tasks, especially
in RCEs. MobileNetV1, with an accuracy of
97.64%, stands out as a top choice due to its high
accuracy coupled with its small size and rapid
inference, making it ideal for devices with
limited resources. In contrast, MobileNetV2
suffers a notable drop in accuracy to 81.9%,
which could limit its use in scenarios requiring
high classification performance. EfficientNetB1
improves slightly over MobileNetV2 with an
accuracy of 83.0%, but still lags behind
MobileNetV1, despite being larger and slower.
DenseNet121, with 88.9% accuracy, provides a
significant improvement over MobileNetV2 and
EfficientNetB1, making it a solid compromise
between accuracy and efficiency for RCEs with
moderate storage capacity. InceptionV3 boasts
an impressive 91.6% accuracy but its large
storage requirements may pose challenges for
deployment on memory-constrained devices.
ResNet50, with an accuracy of 96.2%, offers
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excellent performance second only to
MobileNetV1. However, its large size could limit
its practicality in environments where memory
is a major concern.

Conclusion

With an emphasis on image classification
applications, this paper offers a thorough
examination and empirical study of the
difficulties and solutions associated with
implementing DNNs in resource limited
scenario. RCE devices have a lot of potential for
DNN usage, but they have special difficulties
because of their constrained resources. The
article systematically examines these challenges
and offers insights into neural network models
tailored to RCEs. It focused on analyses of DNN
models, including MobileNetV1, MobileNetV2,
InceptionV3, DenseNet121, EfficientNetB1, and
ResNet501. The models’ applicability in
resource constraint scenarios was examined by
considering variables including accuracy,
computational efficiency, and model size. Based
on this analysis, MobileNetV1 emerges as the
most suitable model for RCEs, as it provides an
excellent balance of compact storage, fast
inference time, and high accuracy. While models
like MobileNetV2 and EfficientNetB1 may offer
more compact solutions, they come with trade-
offs in accuracy and speed. Models like
DenseNet121, InceptionV3, and ResNet50
provide better accuracy but at the cost of larger
storage requirements, which might not be
feasible for deployment in many RCE. The
proposed study emphasizes the significance of
improving DNNs for resource limited settings, in
line with the research topic, and provides a
methodical examination of the models that can
be used to accomplish this. It emphasizes how
important it is to carefully choose and include
DNN models and methodologies based on the
particular requirements of the deployment
environment. Reviewing and evaluating models,
as well as examining the difficulties in utilizing
DNNs in RCE devices, yielded significant
insights. It provides academics and practitioners
with a helpful road map for developing effective
DNNs in image classification for resource-
constrained scenarios and suggests using
EfficientNetB1 being a baseline model for future
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study. Although this study obtained encouraging
results, it is important to acknowledge certain
limitations. In particular, we utilized only six
state-of-the-art benchmark models to compare
and identify the baseline model for developing
an efficiency-focused DNN. While these models
are well-established in the literature, many
other benchmark models, such as SqeezNet and
Xception, were not included in this study. Future
research should broaden the scope of model
comparison by incorporating a wider range of
benchmark models and evaluating them using
comprehensive metrics. This approach will
ensure a more robust selection of the baseline
model. Building on these findings, the next step
in this research involves developing an
optimized DNN model that will utilize the
identified baseline model, MobileNetV1. This
new model will aim to balance accuracy and
efficiency, catering specifically to RCEs. The
performance of the proposed model will be
evaluated against existing benchmark models to
assess its effectiveness.
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