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Abstract: Advances in deep learning have highlighted the need for models tailored for deployment in resource-
constrained environments (RCEs), where memory and processing limitations present significant challenges, such as
those found in mobile devices, Internet of things (IOT) devices, and embedded systems. This paper introduces
GRMobiNet, a novel deep neural network (DNN) model designed to address these challenges in image classification
tasks by balancing computational complexity with model accuracy in RCE settings. The model focuses on key
performance goals inspired by previous state-of-the-art models, aiming to achieve a better balance between complexity
and accuracy. These goals include reducing the model's computational complexity to fewer than 4 million parameters,
limiting memory usage to under 16 megabytes, and achieving an accuracy greater than 80%. By meeting these
objectives, GRMobiNet enhances both the effectiveness and efficiency of deep neural network deployment in RCE
settings. GRMobiNet builds upon MobileNet as its baseline, incorporating advanced techniques such as depthwise
separable convolutions, compound scaling, global average pooling, and quantization to optimize performance. Trained
on ImageNet-10, a subset of ImageNet-1K, the model underwent rigorous performance evaluation. Experimental results
demonstrate that GRMobiNet achieves its performance objectives, with a computational complexity of 3.2 million
parameters, memory utilization of 12.6 megabytes, and a prediction accuracy of 92%, validating its suitability for RCEs.
This research presents a scalable framework for balancing accuracy and computational efficiency, with significant
implications for RCE devices. In future work, GRMobiNet will be tested on commercially available RCE mobile
devices using real-world images to assess its practicality and evaluate its performance in terms of accuracy, confidence,
and inference time for image classification in real-world scenarios.

Index Terms: Deep Neural Network, GRMobiNet, Image Classification, Model Deployment, Optimization, Resource-
constrained Environment.

1. Introduction

Deep neural network (DNN) is a machine learning (ML) approach based on artificial neural networks (ANN).
DNN has proven to be effective in numerous types of applications, such as computer vision [1, 2], natural language
processing [3], autonomous vehicle [4], health care [5], agriculture [6], and more in recent years. The most widespread
DNN application in computer vision is image classification [7]. However, the deployment of DNNs for image
classification on resource-constrained environments (RCE) is challenging, due to the limited computational as well as
energy resources of these devices [8]. The high computational demands of DNNs result in long inference times, high
energy consumption, and increased heat dissipation, which can lead to negative impacts on battery life and performance
in RCE devices.

Image classification is a task in computer vision that involves categorizing an image into one or more predefined
classes based on its visual content [9]. This process typically involves training a deep learning model, most commonly a
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convolutional neural network (CNN), to identify patterns and features in images that distinguish between different
classes. The model is trained on a labeled dataset of images, and once trained, it can classify new images into one of the
predefined categories. Deep neural networks, the CNNs, have achieved state-of-the-art performance on image
classification datasets [10-14]. However, deploying DNNs on RCE devices such as mobile phones and embedded
systems (refer Table 1) can be a challenging task due to the limited computational resources available on these devices
[15].

RCE are characterized by constraints in terms of memory and processing power, and these limitations can lead to
difficulties in deploying DNNs, which are typically large and computationally intensive models. Table 1 presents a list
of various RCE devices with their configuration, type of model, CPU power in GHz and memory size in GB. The table
shows that different devices have varying computational resources, with some devices having more memory and faster
central processing unit (CPU) speeds than others.

Table 1. Typical Resource- constrained Devices (CPU: 1.43- 2.84GHz, MEM: 1-8GB)

RCE Device Name CPU Model CPU Power (GHz) Memory (GB)

Raspberry Pi -4B Broadcom -BCM2711 1.50 (quad-core) 2.0-8.0
NVIDIA - Jetson Nano NVIDIA Carmel ARMv -8.2 1.43 (quad-core) 4.0

Google - Coral Dev Board NXP i.MX - 8M 1.50 (quad-core) 1.0-4.0
Google - Pixel Qualcomm Snapdragon - 821 2.15 (quad-core) 4.0
iPhone - XR Apple A12 - Bionic 2.49 (hexa-core) 3.0
Google - Pixel 3 Qualcomm Snapdragon - 845 2.50 (octa-core) 4.0
Google - Pixel 2 Qualcomm Snapdragon - 835 2.35 (octa-core) 4.0
Google Pixel 4 Qualcomm Snapdragon - 855 2.84 (octa-core) 6.0
Xiaomi Mi -10 Qualcomm Snapdragon - 865 2.84 (octa-core) 8.0
Samsung S10 Exynos 9820 2.73 (octa-core) 8.0
Huawei P30 Pro Kirin 980 2.60 (octa-core) 9.0

Sources: [14, 16-18]

The challenges of deploying DNNs in RCE include the need to reduce memory usage and computation time, while
maintaining or improving accuracy. To overcome these challenges, various optimization techniques, such as depthwise
separable convolution and compound scaling, and models such as MobileNet and EfficientNet have been proposed in
the literature. These techniques and models aim to reduce the computational and memory demands of deep neural
networks while maintaining or improving their accuracy.

In light of the challenges associated with deploying DNNs in RCEs, this research focuses on developing an
optimized DNN model specifically tailored for such settings. The proposed model, GRMobiNet, builds on the
foundations laid by techniques like depthwise separable convolution and compound scaling, as seen in models such as
MobileNet and EfficientNet. However, GRMobiNet extends these techniques by addressing the unique constraints of
RCEs, such as limited memory and processing power, while still aiming to achieve high accuracy in image
classification tasks. This research contributes to bridging the gap between high-performance DNNs and the practical
limitations of RCEs, offering a novel solution that balances computational efficiency and accuracy.

Table 2. Comparison of benchmark DNN models for image classification on the imagenet dataset

DNN Model No'ﬂ?i ﬁfggg?;r)s of Mo((li\j:llBS)ize in fe{ei:rrilce:e(:tles; I(JSE’U) Accuracy (%) | Related references
MobileNet 43 16 22.6 70 [16, 17, 19-21]
EfficientNetBO 53 29 46 77 [14, 16]
EfficientNetB1 7.9 31 60.2 79 [14, 16, 22]
DenseNet121 8.1 33 77.1 75 [16,23]
InceptionV3 23.9 92 422 79 [16,24]
ResNet50 25.6 98 58.2 75 [16,25]
InceptionResNetV2 55.9 215 130.2 80 [16, 26]
ResNet152V2 60.4 232 107.5 78.0 [16,25,27]
EfficientNetB7 66.7 256 1578.9 84.3 [14, 16]

When developing a DNN model focused on efficiency, particularly for deployment on RCE devices, several
factors must be carefully considered, including the model's architecture, size (memory requirements), and
computational demands (number of parameters). These factors directly impact the performance and accuracy of the
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model, as well as its ability to run efficiently on RCEs. For instance, to achieve high accuracy levels, DNNs often
require large numbers of parameters, which in turn increases the computational and memory requirements, making
deployment on resource-constrained devices challenging. The subsequent Table 2 illustrates these considerations in
detail.

Table 2 presents a comparison of several benchmark DNN models for image classification on the ImageNet dataset.
The models are evaluated based on four key attributes: the number of parameters, model size (in MB), inference time
per step on a CPU (in milliseconds), and classification accuracy (in percentage). The models range from lightweight
architectures, like MobileNet, to more complex ones, such as EfficientNetB7 and InceptionResNetV2, highlighting the
trade-off between computational efficiency and classification accuracy.

As shown in the table, there is a clear trade-off between the different DNN models. The most accurate models,
EfficientNetB7 and InceptionResNetV2, have large model sizes (256 MB and 215 MB), a high number of parameters
(66.7M and 55.9M), and longer inference times (1578.9 ms and 130.2 ms). However, they achieve high accuracy
(84.3% and 80%), correctly recognizing the main object in a large percentage of images. These models are
computationally demanding and require significant processing power and memory capacity.

In contrast, models like MobileNet and EfficientNetBO have smaller model sizes (16 MB and 29 MB), fewer
parameters (4.3M and 5.3M), and faster inference times (22.6 ms and 46 ms). They are designed as lightweight models
for RCEs. However, they sacrifice some accuracy (70.4% and 77.1%) to achieve these efficiency gains.

This leads to the primary research gap identified in this study: the lack of optimization models specifically tailored
for DNN deployment on RCEs for image classification. While existing models offer some optimization, they do not
adequately address the unique constraints and limitations of RCEs, such as limited memory and processing power.
Therefore, there is a clear need to develop DNN models that effectively balance memory utilization, computational
complexity, and accuracy to enable successful image classification on RCEs.

The proposed DNN model aims to address this gap by targeting specific performance objectives. It seeks to reduce
computational complexity by limiting the number of parameters to fewer than 4 million and minimizing memory
utilization to below 16 megabytes [16, 17, 19-21], while achieving a minimum accuracy of 80% [16, 26]. These goals
align with the specific constraints commonly found in RCEs, including memory (1-8 GB) and processing power (1.43-
2.84 GHz).

The proposed DNN model aims to assist the deployment of high-quality image classification systems on RCEs by
striking a balance between accuracy and efficiency. This is essential due to the limited processing capabilities of RCEs,
such as mobile devices. To effectively address the challenges of DNN deployment on RCEs, it is crucial to develop
strategies that optimize model accuracy, reduce computational complexity, and minimize memory usage. The ultimate
goal is to enable high-quality image classification on RCEs by creating a DNN model tailored to meet the specific needs
and constraints of these devices.

The rest of this paper is organized as follows. The next section reviews the literature related to the design and
development of lightweight DNN models for image classification applications. Section III details the methodology,
including the methods and materials used in this research to achieve the objectives. Section IV presents the
experimental results and discussions, including performance evaluation and a comparative analysis of the GRMobiNet
model. The final section provides the conclusions and outlines future work for this research.

2. Related Works

In recent years, various DNN models and optimization techniques have been developed to address the challenges
of deploying models on RCEs. These approaches aim to balance computational efficiency and accuracy. However,
despite their innovations, each model and technique has limitations that have informed the development of GRMobiNet,
a model specifically tailored for RCEs, such as mobile devices with limited memory and processing power.

MobileNet model [17, 18, 28-30] is one of the pioneering attempts to optimize DNNs for devices with limited
computing power. The model achieved significant computation reduction while retaining reasonable accuracy, making
it a preferred choice for mobile applications. However, its lower accuracy compared to other DNNs, coupled with the
reliance on trial-and-error optimization, highlights its performance limitations, especially in more resource-constrained
settings.

ResNet50 and ResNet152V2 [24, 26] advanced the field by introducing deep networks with skip connections to
combat the vanishing gradient problem. While these models offer state-of-the-art accuracy and effective feature
learning, their complex architectures make them resource-intensive, prone to overfitting, and in need of regularization
techniques. These drawbacks are especially problematic in RCEs, where computational and memory resources are
limited.

InceptionV3 and InceptionResNetV2 [24, 26, 31] pushed the boundaries of efficient computation by combining
varied filter sizes and residual connections. While these models are versatile and offer improved accuracy, they are
difficult to train and fine-tune, suffer from a loss of image details, and impose high memory demands. These issues
limit their applicability in environments where memory is a critical constraint.

DenseNetl121 [23, 32] offers a unique approach through dense connectivity, improving gradient flow and making it
suitable for transfer learning with fewer network parameters. However, the model's high memory consumption and
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computational cost, along with potential accuracy loss due to bottleneck layers, restrict its deployment in RCEs, where
both memory and processing power are constrained.

EfficientNetB1 [14, 22] represents a significant advancement in balancing accuracy and computational efficiency
through compound scaling. While EfficientNetB1 achieves high accuracy and efficient training, its complex
architecture increases computational cost, making it less suitable for RCEs.

In addition to the models specified above, various optimization techniques have been developed to further reduce
the computational and memory demands of DNN models. Network Pruning, explored by Li et al. in [33] and
Molchanov et al. in [34], reduces model size by removing less significant connections, leading to faster inference.
However, this often comes at the cost of reduced accuracy and increased training complexity, making it less ideal for
models that require high accuracy in RCEs. Weight Quantization, studied by Polino et al. [35] and Yang et al. [36],
reduces the memory footprint and power consumption. Yet, the trade-off in accuracy and performance poses challenges
for applications that require precise predictions. Knowledge Distillation, proposed by Yim et al. in [37] and Fu et al. in
[38], transfers knowledge from a complex DNN to a simpler model, resulting in efficient models with faster inference.
However, the potential loss of information and the increased computational cost can negate the benefits, especially in
RCEs. Architecture Search, automated by Liu et al. [39] and Elsken et al. [40], attempts to discover optimal DNN
architectures for specific tasks. While this technique enhances performance and efficiency, its high computational cost
and the risk of overfitting present significant challenges in RCEs. Depthwise Separable Convolution, introduced by
Chollet in [41] and Factorization of Convolution, explored by Wu et al. in [42], aim to reduce model size and improve
efficiency. However, both techniques can result in reduced accuracy and increased model complexity, limiting their
applicability in environments where maintaining high accuracy is critical. Residual Connections and Dense Connections,
proposed by Qassim et al. [43] and Huang et al.[44], respectively, have been shown to enhance accuracy and improve
gradient flow. However, the increased model complexity and memory usage associated with these techniques create
barriers to their use in RCEs.

In light of these challenges, the GRMobiNet model has been designed to specifically address the limitations
identified in these existing approaches. By integrating a baseline model such as MobileNet with a novel compound
scaling and global average pooling technique, GRMobiNet achieves a superior balance between accuracy and
computational complexity. Unlike existing models, GRMobiNet has been meticulously optimized for deployment in
RCEs, ensuring that it meets the reduced memory and processing constraints of devices with limited resources.
Additionally, as discussed previously, GRMobiNet's focus on reducing computational complexity to fewer than 4
million parameters and minimizing memory utilization below 16 megabytes differentiates it from prior models, making
it a viable solution for real-world applications where resource efficiency is paramount.

3. Materials and Methods

3.1. GRMobiNet Model

The research methodology has been developed to address the objective of creating an optimized DNN for RCEs
and evaluating its performance. Accordingly, this paper proposes GRMobiNet, an optimized, efficiency-focused DNN
model for image classification in RCEs. The development of GRMobiNet was grounded in the transfer learning
approach [45], a widely adopted methodology in deep learning that accelerates model training by leveraging the
knowledge from pre-trained models. Specifically, the weights of pre-trained DNN models served as the foundation for
training the GRMobiNet model. These pre-trained weights capture a wealth of learned features—such as edges, textures,
and shapes—that were extracted from large, diverse image classification datasets like ImageNet-1K. By incorporating
these pre-learned patterns, GRMobiNet was able to capitalize on the general knowledge encoded within the base model,
significantly accelerating its own learning process.
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Fig.1. Outline of GRMobiNet model
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This transfer learning approach dramatically reduces the training time of the new model, as the pre-trained weights
already contain useful features learned from large datasets. Leveraging this knowledge allows the model to be fine-
tuned on a smaller, task-specific dataset, rather than requiring the resource-intensive process of training from scratch.
As part of this strategy, GRMobiNet uses the pre-trained MobileNet as a baseline model, transferring its weights to the
new architecture. Moreover, as shown in Figure 1, the baseline model, MobileNet, is further enhanced with four
advanced optimization techniques: depthwise separable convolution (DSConv), compound scaling (ComSc), global
average pooling (GAP), and quantization. These integrations collectively contribute to the development of the
GRMobiNet model.

Figure 1 demonstrates the GRMobiNet model, which is made up of two key components: a baseline model and
optimization techniques. The details of each component are provided in the following subsections.

A. Baseline Model

In this research, MobileNet [17, 18, 28, 30, 46] served as the baseline model for developing GRMobiNet.
MobileNet, known for its lightweight architecture and efficiency, was chosen due to its proven suitability for
deployment in RCEs. Its design principles, including depthwise separable convolutions, effectively reduce
computational complexity and model size without significant compromises in accuracy. By building on MobileNet,
GRMobiNet incorporates and enhances these foundational features, integrating additional optimization techniques such
as compound scaling, global average pooling, and quantization to further improve performance. This strategic selection
of MobileNet as the baseline ensured a strong starting point for creating a highly efficient and scalable model tailored to
RCEs.

B. Optimization Techniques
a. Depthwise Separable Convolution

Depthwise Separable Convolution (DSConv) [41, 46] is a critical optimization technique integrated into the
proposed GRMobiNet model. This technique significantly enhances the model's efficiency, making it well-suited for
deployment in RCEs.

Traditional convolutional layers in deep neural networks are computationally intensive, requiring substantial
processing power and memory. DSConv, however, decomposes the standard convolution operation into two separate
stages: depthwise convolution and pointwise convolution. This separation reduces both the number of parameters and
the computational load, leading to a more efficient model architecture without sacrificing performance.

e Depthwise Convolution: This step applies a single convolutional filter to each input channel individually,
rather than combining all channels. Each filter processes its corresponding channel independently, producing
feature maps that capture spatial information within each channel separately.

e Pointwise Convolution: After depthwise convolution, a 1X1 convolution is applied across the depthwise-
convoluted feature maps. This operation integrates spatial information from the depthwise convolution with the
depthwise feature map information, effectively merging the information across all channels.

In the context of GRMobiNet, DSConv plays a pivotal role in achieving the model's efficiency objectives. By
incorporating DSConv, GRMobiNet maintains a compact model size and reduces inference time—both of which are
critical for RCE applications. Here’s how DSConv contributes to GRMobiNet:

e Model Size Reduction: By decomposing the convolution operation into depthwise and pointwise convolutions,
DSConv significantly reduces the total number of parameters. This reduction leads to a smaller model size,
which is especially beneficial for deployment on devices with limited storage and memory.

e Computational Efficiency: The separation of the convolution operations reduces the computational complexity
of the model. This makes GRMobiNet faster in terms of inference, which is crucial for real-time applications in
RCEs.

e Maintained Accuracy: Despite the reduction in parameters and computational demands, DSConv does not

e compromise model accuracy. GRMobiNet leverages DSConv's ability to efficiently capture essential features,
ensuring high predictive performance is maintained.

b. Compound Scaling

Compound Scale (CompScale) [14, 22, 47] is a key optimization technique in GRMobiNet, designed to enhance
efficiency and accuracy for deployment in RCEs. By uniformly scaling the depth, width, and resolution of the network,
CompScale ensures balanced resource utilization and high performance. This approach is particularly valuable for
mobile devices and embedded systems with limited computational and memory resources.

Traditional scaling methods focus on a single dimension, such as increasing depth (layers), width (channels), or
resolution (input size), often leading to inefficiencies. CompScale addresses this limitation by scaling all three
dimensions proportionally, achieving an optimal balance between model size, computational complexity, and accuracy.
Depth scaling allows the network to learn complex features, width scaling captures fine-grained patterns, and resolution
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scaling improves recognition of intricate details.

In GRMobiNet, CompScale ensures efficient resource utilization, allowing the model to achieve high prediction
accuracy while maintaining computational efficiency. This balanced approach enables GRMobiNet to meet its
performance objectives, including minimizing memory usage, reducing computational complexity, and achieving
scalability for diverse RCEs. With CompScale, GRMobiNet demonstrates its suitability for real-world deployment
across a range of devices, from low-power embedded systems to mobile platforms.

c. Global Average Pooling

Global Average Pooling (GAP) [18, 21, 28, 29] is a crucial optimization technique employed in the GRMobiNet
model to enhance efficiency and performance, particularly for image classification tasks in RCEs. GAP replaces
traditional fully connected layers with a lightweight mechanism, reducing parameters and computational load while
maintaining high accuracy. By averaging the spatial dimensions of feature maps into a single value, GAP eliminates
dense connections, minimizing overfitting and improving model generalization.

In GRMobiNet, GAP plays a pivotal role in reducing model complexity. By cutting down the number of
parameters, it decreases the model size and memory usage, making GRMobiNet ideal for RCEs such as mobile devices
and embedded systems. Furthermore, GAP accelerates inference times, enabling real-time processing, which is essential
for applications requiring quick decision-making. Despite the reduced complexity, GAP captures global spatial
information, preserving the image's contextual features and ensuring robust classification performance.

The integration of GAP aligns with GRMobiNet's goal of achieving a balance between efficiency and effectiveness.
It significantly reduces computational demands and storage requirements, ensuring that the model is scalable and
deployable across a wide range of devices. By leveraging GAP, GRMobiNet maintains its high accuracy while
addressing the challenges of RCEs, reinforcing its suitability for real-world applications.

d. Quantization

Quantization [35, 36, 48] is a key optimization technique integrated into GRMobiNet, designed to enhance its
efficiency by reducing the precision of weights and activations. This method is particularly critical for deployment in
RCEs, where computational and memory resources are limited. By reducing the bit-width representation of parameters,
quantization significantly minimizes the model's size and computational load while maintaining high performance.

In GRMobiNet, quantization involves converting 32-bit floating-point weights and activations to 8-bit integers.
This reduction offers substantial benefits:

e Reduced Model Size: Fewer bits per parameter result in a smaller overall model, which is vital for devices with
limited storage.

e Faster Inference Speed: Low-bit-width computations accelerate inference, critical for real-time applications.

e Energy Efficiency: Reduced computational complexity lowers power consumption, extending battery life on
mobile and embedded devices.

e. Justification for Selected Optimization Techniques in GRMobiNet

GRMobiNet integrates a suite of carefully selected above optimization techniques to address the performance and
efficiency challenges associated with RCEs. Each technique contributes uniquely to reducing the model’s
computational cost and memory footprint while preserving, or even improving, classification accuracy.

e Depthwise Separable Convolutions replace standard convolutions with a more efficient decomposition into
depthwise and pointwise operations, significantly reducing parameter count and computation.

e Compound Scaling systematically scales model depth, width, and input resolution in a balanced manner,
promoting efficiency across various hardware settings.

e Global Average Pooling substitutes dense fully connected layers with spatial averaging, which lowers model
complexity and enhances generalization.

e Quantization reduces the precision of model weights and activations (e.g., from 32-bit floats to 8-bit integers),
leading to faster inference and reduced memory consumption with minimal accuracy loss.

A summary of these techniques along with their implementation and impact within GRMobiNet is provided in
Table 3.

As shown in Table 3, each optimization technique contributes to GRMobiNet’s overall performance in a distinct
and complementary way. Depthwise Separable Convolutions significantly reduce computational cost without
sacrificing accuracy. Compound Scaling ensures balanced and scalable architecture across different resource levels.
Global Average Pooling simplifies the model while retaining essential spatial features. Quantization further reduces
memory and latency, making the model suitable for deployment on edge devices with strict hardware limitations.
Together, these techniques form a cohesive optimization strategy that enables GRMobiNet to achieve high accuracy
with low resource usage.
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Table 3. Summary of optimization techniques in GRMobiNet

timizati L. .
Op 1mization Purpose Implementation in GRMobiNet Effect
Technique
Depthwise
Separable Reduce parameters and Decomposes standard convolutions into Smaller model size, faster
Convolution computational cost depthwise and pointwise operations inference, accuracy maintained
(DSConv)
Comp gund Balanced scaling of Uplformly scqles dqpth, width, and Improved efficiency, scalability
Scaling model complexity input resolution using compound across device configurations
(ComScale) P coefficients £
Global Average Reduce overfitting and Replaces fully connected layers with Few@r parametets, better'
Pooling (GAP) model complexity average pooling over feature maps generalization, retained spatial
information
Converts floating-point Smaller memory footprint, faster
Lo Reduce memory usage . A .. . .
Quantization . weights/activations to lower-precision inference, minimal accuracy
and accelerate inference L .
(e.g., 8-bit int) degradation

3.2. Architecture of GRMobiNet

The architecture of the GRMobiNet is systematically constructed to utilize the above advanced optimization
techniques and baseline model while ensuring efficiency and high performance for image classification tasks in RCE
devices. The architecture as shown in Figure 2, is composed of seven primary components, input image, baseline model,
compound scaling block, pooling block, classification block, compression block and output prediction block. The
details of the each of the components are described as follows:

Input Image Baseline Model Compound Scale Pooling Block Classification Compression Output prediction
Block Block
— -y — ' . 'ﬁ

Initial Conv from Depth and with Global Quantize the weights N

Shape = 268X268X3 MobileNet: multiplier (a=1.0), Average  Dense layer with 10 units to § bits 10 category
Class=10 3X3 convolution Resolution Multiplier Pooling Softmax activation of images
With stride 2 ($=12) (replacing
Batch Normalization (224 X1.2,224 X1.2= FCL)
Relu Activation 268, 268)
DSConv.

Fig.2. Architecture of GRMobiNet model

a. Input Image

The GRMobiNet model processes images with an input shape of 268 x 268 x 3 for 10 distinct classes, optimized
for efficiency and detail capture in RCEs. The dimensions 268 x 268 result from scaling the standard size of 224 x 224
using a compound scaling factor (phi = 1.2), enabling the model to capture finer visual details crucial for distinguishing
complex features while balancing computational demands. The three-color channels (RGB) capture the full color
spectrum, allowing the model to leverage distinctive color patterns for feature extraction, such as recognizing a
goldfish’s orange hue or a parrot’s vibrant feathers. GRMobiNet is designed to classify images into 10 categories (e.g.,
aeroplane, balloon, dog, horse) using a softmax layer that outputs probability scores, with the highest score determining
the predicted class. This input configuration ensures GRMobiNet achieves high accuracy, efficient processing, and
adaptability for deployment on devices with limited computational resources.

b. Baseline Model

The baseline model for GRMobiNet, derived from the initial layers of MobileNet, plays a vital role in the overall
architecture. The 3x3 convolution layer with a stride of 2, followed by batch normalization and ReLU activation,
provides a strong and efficient foundation for feature extraction. The inclusion of depthwise separable convolutions
further enhances the model’s efficiency, making it capable of delivering high performance with reduced computational
demands. These components ensure that GRMobiNet can effectively process input images, extract relevant features,
and build upon them in deeper layers, ultimately leading to a powerful and efficient model for image classification tasks.

c¢. Compound Scale

Compound scaling is a vital optimization technique used in GRMobiNet to enhance the model’s efficiency and
performance. This method simultaneously scales the depth, width, and resolution of the network, achieving a balanced
and efficient model. By applying compound scaling, GRMobiNet leverages the advantages of increasing model
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capacity while maintaining computational efficiency. The compound scaling factors used in GRMobiNet are the depth
and width multiplier (¢=1.0) and the resolution multiplier (p=1.2). These values were obtained through an empirical
study with a trial and error method to find the best configuration for the GRMobiNet model.

d. Pooling Block

The pooling block in GRMobiNet uses Global Average Pooling (GAP), a technique that enhances the model's
efficiency and performance by replacing traditional fully connected layers (FCL). GAP reduces the number of
parameters, lowering computational cost and memory usage, which is particularly beneficial for deployment in RCEs. It
also helps prevent overfitting by eliminating the dense connections typical of FCLs, thus improving the model's
generalization capability. Additionally, GAP improves interpretability by providing a direct correlation between high-
level features and the final classification output. This makes GRMobiNet more efficient, with simplified architecture,
faster training, and preserved spatial information, leading to more accurate predictions. The integration of GAP makes
GRMobiNet a lightweight and efficient deep learning model, ideal for tasks in environments with limited resources
while maintaining high performance.

e. Classification Block

The classification block in GRMobiNet is essential for transforming high-level features extracted by earlier layers
into class probabilities for final predictions. It consists of a dense layer with 10 units, each corresponding to one of the
10 target classes, and uses the softmax activation function to output a probability distribution. The dense layer
aggregates features from previous layers, generating a score for each class, which reflects the model's confidence in the
presence of that class in the input image. The softmax function then normalizes these scores into a probability
distribution, ensuring they sum to 1. This process enables GRMobiNet to provide interpretable predictions, where each
probability indicates the model's confidence in each class. Key benefits of this design include interpretability, allowing
users to easily understand the model's predictions, confidence measurement, which is useful for critical applications,
and training efficiency, which optimizes multi-class classification performance.

f- Compression Block

The compression block in GRMobiNet plays a crucial role in enhancing the model's efficiency and performance,
particularly for deployment on resource-constrained devices. It employs 8-bit quantization to reduce the memory and
computational requirements without significantly affecting accuracy. Typically, deep learning models use 32-bit
floating-point weights, which offer high precision but consume substantial memory and computational resources. In
GRMobiNet, these weights are converted into 8-bit integers, effectively reducing the model's memory footprint by a
factor of four, making it suitable for devices with limited storage and processing power. This quantization leads to
several benefits: it reduces model size, enhancing memory efficiency and enabling storage savings, while also
improving computational efficiency, resulting in faster inference and reduced latency. Additionally, the lower
computational burden translates to energy savings, contributing to extended battery life, which is essential for mobile
and portable devices. The quantization process maintains a balance between precision and performance, ensuring high
accuracy despite reduced bit-width, and allows for broader deployment across a range of devices, from smartphones to
embedded systems. This compression approach makes GRMobiNet scalable, efficient, and well-suited for real-time,
resource-limited applications.

g. Output Prediction Block

The output prediction block in GRMobiNet is the final stage of the model's architecture, responsible for producing
the classification results by assigning one of the ten predefined categories to the input image. Using the softmax
activation function, it generates a probability distribution over the ten categories and selects the category with the
highest probability as the final class label. This design ensures the predictions are both accurate and interpretable. By
mapping complex features to a clear output, it simplifies the model's results, making them easily understood and
actionable. Additionally, the output block provides insight into the model's confidence in its predictions, enhancing
interpretability and guiding decision-making. This simplicity and clarity make GRMobiNet a robust tool for image
classification, suitable for integration into various applications that require reliable and confident predictions.

3.3. GRMobiNet Model Construction

The construction of GRMobiNet follows a systematic approach to develop an efficient image classification model
optimized for deployment on RCE devices. The process involves several key steps:

Step 1: Setting the Baseline Model as MobileNet

The foundation of the GRMobiNet architecture is the well-established MobileNet model, known for its efficiency
and high performance in image classification tasks. As explained before, the MobileNet includes Depthwise Separable
Convolutions technique which reduces the number of parameters and computational cost by factorizing a standard
convolution into a depthwise convolution followed by a pointwise convolution. Moreover, the baseline model contains
initial convolution layers which consist of a 3x3 convolution with a stride of 2, followed by batch normalization and
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ReLU activation functions. These layers are crucial for initial feature extraction and reducing the spatial dimensions of
the input image in the GRMobiNet.

Step 2: Applying Optimization Techniques- Compound Scaling and GAP

To enhance the performance of the baseline model, two key optimization techniques are added to the baseline
model. Firstly, CompScale which technique involves scaling the depth, width, and resolution of the model uniformly
based on predefined multipliers. For GRMobiNet, the depth and width multiplier () is set to 1.0, and the resolution
multiplier (¢) is set to 1.2. Moreover, the initial input resolution of 224x224 is scaled to 268x268, increasing the
resolution while maintaining the overall efficiency of the model. This scaling enhances the model's capacity to capture
finer details in the images, leading to improved accuracy. Secondly, the GAP, which replaces the fully connected layers
typically found in conventional neural networks. By averaging the spatial dimensions of the feature maps, GAP reduces
the risk of overfitting and decreases the number of parameters, further enhancing the model's efficiency.

Step 3: Fine-Tuning on ImageNet-10 Dataset

The fine-tuning process of the GRMobiNet architecture involves several key steps. First, the last layer of the
original MobileNet model is removed to adapt it for 10-class classification, replacing the original output layer. This
removed layer is then replaced with a new Dense layer consisting of 10 units, each corresponding to a class in the
ImageNet-10 dataset, and using a softmax activation function to output probabilities for each class. The model's
architecture is then adjusted to incorporate this new output layer, with settings of num_classes=10 and
activation='softmax' to ensure effective handling of the multi-class classification task. Finally, a new model is
constructed by combining the modified architecture with the new output layer, resulting in the GRMobiNet model,
which integrates the original MobileNet framework with the updated output configuration for 10-class classification.

The resulting GRMobiNet model consists of 89 layers and 3,239,114 parameters, with a model size of 12.60 MB.
A part of constructed GRMobiNet model architecture is shown in Figure 3. The model begins with an input layer that
accepts images of size 268x268 pixels with 3 color channels (RGB). The initial convolution layer reduces the spatial
dimensions of the input, followed by depthwise separable convolution layers that minimize computational cost. These
layers consist of depthwise convolutions, where each input channel is filtered separately, followed by pointwise
convolutions to combine the filtered channels. Downsampling blocks, using zero-padding and depthwise convolutions,
reduce spatial dimensions to abstract higher-level features. The network alternates between depthwise separable
convolutions and ReLU activations to build complex feature maps. A Global Average Pooling layer condenses the
feature maps into a single 1024-dimensional vector, which is then passed to the final dense classification layer,
producing 10 outputs for the 10-class classification task. This architecture strikes a balance between computational
efficiency and high performance, making it well-suited for RCEs.

3.4. Model Training

The GRMobiNet architecture, after fine-tuning (as stated in Section 3.3), was trained using the specified
hyperparameters listed in Table 4, which includes essential parameters such as the input shape, batch size, learning rate,
optimizer, loss function, and the number of epochs. Additionally, the software (SW) and hardware (HW) configurations
used for training are detailed in Table 5, outlining the computational environment that supported the training process.
This environment played a critical role in optimizing the model's efficiency, ensuring that it could leverage available
resources to achieve optimal performance. The training process itself focused on optimizing the model's parameters by
utilizing the ImageNet-10 dataset, which contains 10 distinct image categories. The model learns to classify these
images accurately by adjusting its weights iteratively based on the input data. During each epoch, the model processes
the training data, calculates the loss using the loss function, and adjusts the weights accordingly to minimize this loss.
Over multiple epochs, this process enables the model to improve its generalization capability, gradually refining its
performance and increasing accuracy. This iterative adjustment of weights helps the model learn the underlying patterns
and features in the data, ultimately leading to a well-trained model capable of effectively classifying images into the
correct categories.

The goal of the training process was to enable the model to accurately identify and classify images into image class
categories. To optimize the model’s learning, the Adam optimizer was employed due to its efficiency in handling large
datasets and its ability to adaptively adjust the learning rate during training. This optimizer helped ensure that the model
converged more quickly and effectively. The training process used a categorical cross-entropy loss function, which is
commonly used for multi-class classification problems. This loss function measures the difference between the model’s
predicted probabilities and the actual labels of the images, guiding the model in adjusting its weights to reduce the
prediction errors. To evaluate the performance of the model throughout the training, accuracy was chosen as the
validation metric, providing a straightforward measurement of how many images were correctly classified by the model
during each training epoch.

The model was trained over 50 epochs, meaning that it went through the entire training dataset 50 times, with the
weights being updated after each pass through the data. A learning rate of 0.0001 was used, which is relatively small,
ensuring that the model's weights were adjusted gradually to prevent exceeding the optimal solution. The combination
of these hyperparameters as summarized in Table 4—Adam optimizer, categorical cross-entropy loss function, accuracy
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metric, a learning rate of 0.0001, and 50 epochs—allowed the model to progressively improve its classification
accuracy while minimizing errors, resulting in a well-tuned model capable of handling the 10-class classification task.
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Fig.3. Architecture of GRMobiNet model

Table 4. Hyperparameter configuration of GRMobiNet

No. Hyperparameters Value Justification
Higher than the default 224x224 to enhance feature granularity for fine-
I Input shape 268X268X3 grained image classification; Aligns with compound scaling (¢ = 1.2).
2 Batch size 16 Balanced memory usage and training hardware; avoids overloading or
slow learning. (empirical value)
3. Number of image class 10 Selected from ImageNet10 for early-stage prototyping.
4 Compound scaling- width multiplier 1.0. Ma_lntalns orl_glnal channelA depth, ensuring Acgmputatlonal feasibility
while preserving representational power. (empirical)
5 Compound scaling- resolution 12 Slightly increases input resolution to improve accuracy without a large
) multiplier ) increase in parameter count. (empirical)
6. Activation function of input layer ReLU Chosen'for its §1mpllc1ty, gomputatlonal efficiency, and effectiveness in
preventing vanishing gradients.
7 Activation function of output layer softmax Produces a probabl_llty distribution over 10 classe_s for_ clfiss1ﬁcat10n;
standard for categorical output and multi-class classification;
3 Number of stride 5 E_rlable§ effecm{e dowp sampling of fgature maps, reducing spatial
dimensions and improving compute efficiency.
o Adaptive learning rate and efficient convergence, especially effective on
- Optimizer adam small datasets and lightweight models.
10. Loss function categorical_ Standard for multi-class classification
crossentropy
1. Metric accuracy Measures classification precision; aligns with study goal of maximizing
accuracy on RCEs.
12. Learning rate 0.0001 Provide stable convergence during experimentation
13. Number of Epochs: 50 Allowed sufficient learning without overfitting (empirical)

Due to the variability in results based on the selected variables, identifying suitable parameters for the classification task was initially challenging.
Following a trial-and-error approach, as suggested by Passos and Mishra (2022) and Kamal and Hamid (2023), the study explored various parameter
combinations through extensive experimentation to determine the optimal configuration. The finalized hyperparameters are summarized in Table XX
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Due to the variability in results based on the selected variables, identifying suitable parameters for the
classification task was initially challenging. Following a trial-and-error approach [49, 50], the study explored various
parameter combinations through extensive experimentation to determine the optimal configuration as given in Table 4.

Table 5. Software and hardware configurations

Software

Hardware

Used for

Tensor Flow 2.3.0,

Windows 10

Intel i7-3770 CPU @ 3.5GHz (8 CPUs) with 12 GB of RAM

Training the model

Python 3.8.19,

NumPy 1.18.5, . . .
Matplotlib 3.4.3, Intel Celeron CPU N2920 @1.86 GHz (4 CPU) With and 4 GB Experimenting the
Pandas 1.2.4 of RAM model
Keras 2.4.0
Sklearn-pandas 2.2.0

3.5. Dataset

In this research, the ImageNet-10 dataset, a subset of the widely used ImageNet-1K dataset [51-54] , was used for
training, validating, and testing the GRMobiNet model. ImageNet-10 was designed to address challenges associated
with large-scale datasets like ImageNet-1K by focusing on a smaller selection of 10 categories, as representative of
1000 categories, which helps reduce training time and allows for quicker construction and validation of new models.
Figure 4 illustrates the relationship between ImageNet-1K and ImageNet-10, highlighting how the latter is derived by
selecting a subset of 10 classes from the original 1,000, thus creating a more focused dataset for image classification

tasks.

ImageNet1K

No. of images=1.4 m

Train=1.2 m, Val= 50,000, Test=100,000

Classes=1000
Storage size=167.62 GB

(a) ImageNet1K dataset

No. of images= 11000
Classes=10
Storage size=1.17 GB

(b) ImageNet10 dataset

7,700 (70%)

1,650 (15%)

1,650 (15%)

Fig.4. Outline for setting of ImageNet-10 from ImageNet-1K

Table 6. Image categories of ImageNet-10 dataset with class ID and class name

74

Class ID Class Name
1 aeroplane
2 balloon
3 cock
4 dog
5 goldfish
6 horse
7 lion
8 panda
9 parrot
10 shark
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The ImageNet-10 dataset comprises images from ten distinct categories, meticulously organized to provide a
thorough assessment of models’ performance. The selected categories include acroplane, balloon, cock, dog, goldfish,
horse, lion, panda, parrot and shark as shown in Table 6. This diverse selection ensures the dataset covers a broad
spectrum of object types, from animals and fish to everyday items, thereby simulating real-world conditions where
models must accurately identify and classify various objects.

By employing the ImageNet-10 dataset, the study aims to streamline the development cycle and enhance the
efficiency of the model training process. The diverse selection of images tests the models’ ability to accurately classify
a wide range of objects, providing valuable insights into their generalization capabilities. This approach ensures a robust
and comprehensive evaluation, enabling quick iteration and validation of new models.

The ImageNet-10 dataset is organized into three distinct subsets to facilitate effective model training, validation,
and testing, as shown in Figure 5. The distribution of the 11,000 total images is as follows aligned with [55]:

e Training Set: Comprising 7,700 images, which accounts for 70% of the total dataset. This set is used to train
the model, allowing it to learn and recognize patterns within the data.

e Validation Set: Consisting of 1,650 images, representing 15% of the total dataset. The validation set is used
during the training process to tune the model's parameters and to monitor its performance, helping to prevent
overfitting.

e Test Set: Also made up of 1,650 images, equating to 15% of the total dataset. The test set is utilized to evaluate
the final performance of the trained model, providing an unbiased assessment of its generalization capabilities
on unseen data.

This structured distribution ensures a comprehensive approach to model development, allowing for thorough
training, validation, and evaluation.

3.6. Justification for the Selection of ImageNet10

The selection of ImageNet10 as the training dataset for GRMobiNet is grounded in several key factors that ensure
its representativeness of real-world applications, as well as its sufficiency for evaluating the model’s performance in
resource-constrained environments (RCEs). While ImageNet10 is a subset of the larger ImageNet-1K dataset, it strikes
a balance between diversity, complexity, and manageability, making it an appropriate choice for initial model
evaluation.

a. Representativeness of Real-World Applications

ImageNet10 includes a range of visually diverse categories such as animals, vehicles, and natural scenes. These
categories are highly relevant to a wide array of real-world applications, including autonomous systems, medical image
analysis, wildlife monitoring, and plant disease detection. For instance, the inclusion of animals like lions and dogs, as
well as everyday objects like aeroplanes and sharks, ensures that the model can generalize across multiple domains—
both for general-purpose image classification and domain-specific tasks like medical imaging and plant disease
detection. This diversity supports the development of a model that is applicable to various real-world scenarios,
ensuring that it can be adapted to future, more specialized tasks.

b. Diversity and Complexity

Although ImageNetl0 is a subset of the larger ImageNet dataset, it offers a high degree of diversity in terms of
object types and visual characteristics. This allows GRMobiNet to develop a rich set of feature representations that are
applicable to a range of domains. In contrast to simpler datasets like MNIST, which focus on small grayscale digits,
ImageNet10 includes high-resolution color images that represent more complex, realistic tasks. This characteristic of
the dataset provides a strong foundation for building a model that can handle varied and challenging visual data.
Consequently, training on ImageNetl0 ensures that GRMobiNet learns more robust feature extraction techniques,
making it adaptable to a wider range of applications in real-world scenarios.

c¢. Sufficiency for Initial Evaluation

While ImageNet10 does not capture every possible real-world use case, it is sufficiently diverse and complex to
test the core functionalities of GRMobiNet. The dataset’s moderate number of classes (10) enables efficient
experimentation and faster iterations, making it an ideal choice for early-stage model development. It provides enough
variety and complexity to evaluate key aspects such as classification accuracy, feature extraction, and model efficiency,
while remaining manageable for rapid testing. This ensures that the model can undergo thorough initial evaluations
before progressing to more complex, specialized datasets that address specific domains such as medical or plant disease
detection.

3.6. Evaluation Metrics

Evaluation metrics can show how the performance of the GRMobiNet model on image classification in RCE
device. The commonly used evolution metrics for measure performance such as prediction accuracy, precision, recall
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and F1-score [45-57] were used for evaluation. When analyzing a DNN model for image classification, it is essential to
take into account all of these metrics together to gain a comprehensive understanding of the model's performance,
which is crucial for addressing the research objectives of this paper. The mathematical formulas to define the above
metrics are as follows:

TP+TN
Accuracy = 1)
TP+TN +FP+ FN
Precision = L 2)
TP+ FP
Recall :L 3)
TP+ FN
Fl— Score =2x Precision— Recall &)
Precision+ Recall

Where True Positives (TP) refer to instances where the GRMobiNet model correctly classifies an image as
belonging to a specific class. True Negatives (TN) are instances where the model accurately identifies an image as not
belonging to a particular class. False Positives (FP) occur when the model incorrectly classifies an image as belonging
to a class, even though it does not, essentially labeling a negative instance as positive. False Negatives (FN) represent
cases where the model wrongly classifies an image as not belonging to a class when it actually does, failing to recognize
a positive instance.

Epoch 1/50
481/481 [ ] - 17233 4s/step - loas: 1.7034 - accuracy: 0.4056 - wal loss: 6.3110 - val accuracy: 0.099€
Epoch 2/50
451/481 [ ] - 17035 4s/step - loss: 1.2336 - accuracy: 0.5765 - wval_loss: 2.4605 - val_sccuracy: 0.4840
Epoch 8/50
4817481 [ ] - 1&98s is/step - loss: 0.6690 - accuracy: 0.7866 - wval loss: 1.2164 - val accuracy: 0.6874
Epoch 10/50
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Fig.5. A part of GRMobiNet training result
4. Result and Discussion

4.1. Training Result

The GRMobiNet model was trained using the ImageNet-10 training dataset on a high-performance hardware
device, including an Intel i7-3770 CPU @ 3.5GHz (8 CPUs) and 12 GB of RAM, with the software configuration
outlined in Table 4. The following Figure 5 shows a part of training and validation result including training loss and
training accuracy for the training dataset and, validation loss and validation accuracy for the testing dataset for the

76 Volume 18 (2026), Issue 2



An Optimized Deep Neural Network Model for Image Classification in Resource-constrained Environments

selected epoch 50 model training. The Figure 6 shows the training curve [57] obtained from the GRMobiNet training
time. The GRMobiNet model was trained for 50 epochs, showing steady improvements in both training and validation
accuracy. Initially, at Epoch 1, the model had a training accuracy of 40.56% and a validation accuracy of 9.96%. By
Epoch 10, the training accuracy rose to 79.54%, and validation accuracy reached 71.70%. At Epoch 25, the training
accuracy improved to 90.28%, with validation accuracy stabilizing at 83.86%. By Epoch 50, the model achieved a
training accuracy of 95.43% and a validation accuracy of 91.76%, with a validation loss of 0.3660. These results show
strong performance, indicating effective learning with no significant overfitting.
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Fig.6. Model Training curve; (a) shows the changes of training and validation accuracies with epoch; (b) shows changes of training loss and
validation loss with epoch
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Fig.7. Confusion matrix of GRMobiNet for the ImageNet-10 testing dataset

4.2. Testing Result

To evaluate the effectiveness of the GRMobiNet model, a comprehensive experiment was conducted using the
testing dataset of ImageNet-10. This testing dataset, which consists of 1650 unseen images across 10 distinct categories,
was specifically selected to measure the model's generalization capabilities and accuracy in a real-world image
classification scenario. The experiment was carried out on a RCE setting with an Intel Celeron CPU N2920 @ 1.86
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GHz (4 CPUs) and 4 GB of RAM. While this hardware may seem outdated by contemporary standards, it was
intentionally selected to reflect the constraints faced by many RCE devices, including legacy embedded systems, budget
mobile devices, and 10T devices. These devices often have limited computational resources and memory, underscoring
the importance of optimizing DNN models for efficient deployment in such environments.

The results of the experiment were captured and presented in a confusion matrix [57] to visualize the classification
result, as shown in Figure 7. This matrix provided detailed insights into the classification performance of the model
across the 10 categories, allowing for an in-depth analysis of its accuracy, precision, recall, and F1-scores.

In Figure 7 confusion matrix, the diagonal elements indicate high values, reflecting the GRMobiNet model's strong
performance in accurately predicting most classes. Specifically, the model successfully classified 97.57% of Panda
instances (161/165), 95.77% of Lion instances (158/165), and 95.15% of Horse instances (157/165), demonstrating
excellent accuracy. Additionally, Goldfish (94.55% — 156/165), Dog (90.30% — 149/165), and Cock (87.27% — 144/165)
also exhibited solid performance, with only minor misclassifications into closely related categories. To further assess
the model's effectiveness, key metrics such as accuracy, precision, recall, F1-score, parameter number, and model size
were computed and tabulated in Table 7.

Table 7. Image categories of ImageNet-10 dataset with class ID and class name

Model Accuracy Precision Recall Fl-score Param (M) Model Size (MB)
GRMobiNet 92 92 92 92 32 12.6

The analysis presented in Table 7 demonstrates that the GRMobiNet model performs exceptionally well across
multiple evaluation metrics. It achieves an accuracy of 92%, meaning it correctly classifies 92% of all instances in the
dataset. The model also shows high precision and recall, both at 92%, which indicates its effectiveness in accurately
identifying instances of the positive class while minimizing false positives and false negatives. The Fl-score, a
combination of precision and recall, is also 92%, reflecting balanced performance. With 3.2 million parameters, the
model maintains a moderate level of complexity and requires only 12.6 MB of memory for storage, ensuring efficient
memory usage. These results align closely with the research objectives of reducing computational complexity to fewer
than 4 million parameters, minimizing memory usage to under 16 MB, and achieving an accuracy above 80%.

4.3. Model Comparison Result

In addition to the performance analysis mentioned above, this paper presents a comprehensive comparative
analysis to evaluate the efficiency and effectiveness of the GRMobiNet model in comparison to other advanced model
[57]. The analysis focuses on key performance metrics, including inference accuracy, CPU usage time, model size, and
the number of parameters. GRMobiNet's performance is compared with four state-of-the-art models: MobileNetV2 [46],
EfficientNetBO [14], EfficientNetB1[22], and ResNet50 [25] (Lawrence and Zhang 2019, Al-Jubouri and Mahmmod
2021). To ensure a fair comparison, all models were fine-tuned and re-trained using the ImageNet-10 dataset.

The comparative study was conducted in the same resource-constrained environment (Table 4), using a laptop
equipped with an Intel Celeron CPU N2920 @ 1.86 GHz (4 CPUs) and 4 GB of RAM. This setup simulates the
hardware limitations typical of real-world mobile devices and embedded systems. Each model, including GRMobiNet,
was deployed on this laptop to evaluate its performance in image classification tasks under these conditions. While the
models being compared may differ in their computational complexity and hardware requirements, we took several steps
to ensure fairness and consistency in the evaluation. All models were run on the same laptop to eliminate any hardware
variations, ensuring that performance differences were due to the models themselves and not hardware discrepancies.
To address the potential impact of resource-intensive models, we monitored CPU usage and memory consumption
throughout the evaluation, ensuring no model was unfairly advantaged due to its computational needs. Additionally, all
models, including GRMobiNet, were fine-tuned and trained using the same ImageNet-10 dataset and identical
preprocessing steps, including data augmentation, image resizing, and normalization, to avoid any unfair advantages in
data preparation. We also recorded inference speed and CPU usage for each model, ensuring that the comparisons were
not skewed by hardware limitations. By maintaining these controlled conditions, we ensured that all models were
evaluated fairly, and the results accurately reflect each model’s true performance under resource-constrained
environments.

For this evaluation, a dataset of 100 unseen real-world images (an external dataset) was used, organized into 10
categories of images with 10 images per category. The images were stored on the laptop, and each model was run
separately to classify them. This approach allows for a direct comparison of model performance under identical
conditions. The main objective of the experiment was to assess how well GRMobiNet and other models perform in
accurately classifying real-world images. To ensure a fair comparison, all models were evaluated under the above same
conditions. Key performance metrics—including inference accuracy, inference speed, model size, and the number of
parameters—were analyzed to compare GRMobiNet with other advanced DNN models. Inference accuracy for each
model in the real-world image classification task was calculated using their confusion matrices, as shown in Figure 8.
Additionally, other metrics, including the number of parameters, model size, and inference time, were recorded and are
summarized in Table 8.
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The experimental results reveal that GRMobiNet outperforms all the other models across multiple areas. In terms
of inference accuracy, GRMobiNet achieved an impressive 80%, surpassing MobileNetV2 (57%), EfficientNet-BO
(17%), EfficientNet-B1 (34%), and ResNet-50 (46%). This demonstrates GRMobiNet's superior ability to accurately
classify real-world images. Regarding inference speed, GRMobiNet exhibited a mean inference time of 959.14
milliseconds, which is faster than MobileNetV2 (1081.16 ms), EfficientNet-B0 (1170.47 ms), EfficientNet-B1 (1471.49
ms), and ResNet-50 (6122.22 ms). This faster speed makes GRMobiNet a more efficient choice for real-time
applications. Furthermore, GRMobiNet excels in model size and the number of parameters. It utilizes only 3.2 million
parameters, which is fewer than MobileNetV2 (3.5M), EfficientNet-B0 (5.3M), EfficientNet-B1 (7.9M), and ResNet-50
(25.6M). Additionally, its compact model size of 12.6 MB is significantly smaller than the other models: EfficientNet-
B0 (29 MB), EfficientNet-B1 (31 MB), and ResNet-50 (98 MB). This smaller model size and fewer parameters make
GRMobiNet ideal for deployment in RCEs where memory and storage are limited.

Table 8. Comparison of computational complexity of GRMobiNet with other advanced DNN models

Metrics GRMobiNet MobileNetV2 Efficienet-BO EfficientNet-B1 ResNet-50
Accuracy
(%) 80 57 17 34 46
Me*(‘ﬁl;r)‘me 959.14 1081.16 1170.47 1471.49 6122.22
Parameters No. (M) 32 3.5 53 7.9 25.6
Model size
(MB) 12.6 14 29 31 98

4.4. Improvement of GRMobiNet over MobileNet

The GRMobiNet model builds upon the MobileNet architecture by incorporating targeted architectural
enhancements aimed at improving performance in RCEs. Although MobileNet is already a highly optimized lightweight
DNN, GRMobiNet surpasses it by delivering significant gains in accuracy, inference speed, model size, and parameter
efficiency, without requiring specialized hardware or external optimizations.

Table 9 presents a comparative analysis of GRMobiNet against MobileNetV2 (advanced version of MobileNet)
across four key metrics extracted from Table 8.
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Fig.8. Confusion matrixes of the experimental result of (a) GRMobiNet, (b) MobileNetV2, (c) EfficientNetB0, (d) EfficientNetB1, and (¢) ResNet50

Table 9. Comparative Evaluation of GRMobiNet and MobileNetV2

DNN Model Accuracy Time (ms) for inference step Model Size Parameters
MobileNetV2 57 1081.16 14 35
GRMobiNet 80 959.14 12.6 32

% improvement 23 11.29 10 8.6

e Accuracy Improvement (+23%): GRMobiNet achieves a 23% improvement in classification accuracy over
MobileNetV2 (80% vs. 57%). This substantial gain underscores the effectiveness of GRMobiNet’s design,
which incorporates features such as compound scaling, efficient feature reuse, and global average pooling.
These enhancements enable the model to extract and generalize image features more effectively. This accuracy
boost is especially critical in high-impact domains such as medical diagnostics, agricultural disease detection,
and autonomous systems, where predictive precision is paramount.

e Inference Time Reduction (—11.29%): GRMobiNet reduces average inference time from 1081.16 ms to 959.14
ms, reflecting an 11.29% speed-up. This is particularly important for real-time and interactive applications,
where lower latency improves user experience and system responsiveness. Notably, this gain is achieved
through intrinsic architectural efficiency, rather than hardware-level acceleration, which highlights the
practicality of GRMobiNet in low-resource deployment settings.

e Model Size Reduction (—10%): With a model size of 12.6 MB (vs. 14 MB for MobileNetV2), GRMobiNet is
more suitable for storage-limited environments such as smartphones, IoT devices, and embedded systems. The
size reduction is achieved through quantization and the replacement of fully connected layers with global
average pooling. These optimizations enable on-device inference, supporting applications that require offline
functionality, low latency, or enhanced privacy.

e Parameter Count Reduction (—8.6%): GRMobiNet contains 3.2 million parameters, a reduction of 8.6% from
MobileNetV2’s 3.5 million. This lower parameter count translates to reduced memory usage, lower power
consumption, and faster inference, making the model more viable for battery-operated or thermally sensitive
devices. Crucially, this reduction is achieved without sacrificing accuracy, underscoring the model’s
optimization efficiency.

5. Conclusions

This research introduces GRMobiNet, an optimized DNN model specifically designed for efficient image
classification on RCE devices. The model addresses challenges related to reducing computational complexity,
minimizing memory usage, and maximizing accuracy, making it well-suited for deployment in such environments.

To achieve a balance between computational complexity and model accuracy, GRMobiNet incorporates a set of
targeted architectural optimizations that reduce resource demands while maintaining high predictive performance.
Specifically, GRMobiNet integrates depthwise separable convolutions to reduce parameter count and computation,
compound scaling to proportionally adjust model depth, width, and resolution, and global average pooling to replace
dense fully connected layers, thereby lowering model complexity and improving generalization. Additionally,
quantization is applied to reduce precision in weights and activations, resulting in faster inference and smaller memory
requirements with minimal accuracy degradation. These techniques, detailed in Table 3, enable GRMobiNet to achieve
a compact model with only 3.2 million parameters and a memory footprint of 12.6 MB, while delivering a classification
accuracy of 92% on the ImageNet-10 dataset. Moreover, in real-world testing on 100 unseen images, GRMobiNet
achieved the highest inference accuracy (80%) among four well-known models, demonstrating that the chosen trade-
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offs effectively optimize efficiency without compromising accuracy.

Notably, GRMobiNet delivers these gains with 11.29% faster inference (compared to MobileNetV2), 10%
reduction in model size, 8.6% fewer parameters. These improvements result from several key architectural innovations,
including compound scaling, depthwise separable grouped convolutions, global average pooling, and 8-bit quantization
design, all contributing to enhanced generalization and operational efficiency.

The use of 8-bit quantization in GRMobiNet was primarily aimed at reducing model size and accelerating
inference, especially for deployment on memory- and compute-constrained devices. While quantization can introduce
minor reductions in accuracy due to the loss of numerical precision, in our experiments, GRMobiNet maintained high
classification performance after quantization. Furthermore, quantization significantly reduced the model’s memory
footprint and improved inference speed, which is critical for real-time applications. These findings suggest that the
trade-offs introduced by 8-bit quantization are acceptable and well-compensated by the performance gains in resource-
constrained scenarios

GRMobiNet represents a significant advancement in the development of resource-efficient DNN models, offering
a balanced trade-off between high accuracy and low computational complexity. Its success in achieving the research
objectives positions it as a promising candidate for real-world deployment in RCE applications.

The experimental results, using the ImageNet10 testing dataset, show that GRMobiNet successfully achieves high
accuracy and reduced computational complexity compared to several popular models, including MobileNetV2,
EfficientNet-B0, and ResNet50. However, while the current paper highlights the strengths of GRMobiNet against these
models, it acknowledges the need for a more in-depth comparison with recent lightweight models and models
specifically designed for RCEs.

In future work, we will expand the comparative analysis to include newer models such as ShuffleNetV2[58],
GhostNet [59], MobileNetV3 [17] and YOLOv4 [60] which have been specifically designed to improve performance
while maintaining low computational overhead. Additionally, we will conduct tests on a broader set of datasets,
including more real-world images that better reflect the diversity of applications in resource-constrained environments.
These future experiments will also consider real-world use cases to assess the practical deployment of GRMobiNet in
diverse environments, such as mobile health applications, autonomous systems, and [oT devices.

Although GRMobiNet’s model size is reported as 12.6 MB, we further examined its deployability in memory-
limited environments by running experiments on the low-spec laptop equipped with 4 GB RAM and an Intel Celeron
CPU (Table 5), which simulates resource-constrained hardware. The model loaded and executed successfully, without
memory overflows or runtime delays, demonstrating its suitability for low-memory environments. However, we
acknowledge that real-world RCE devices, such as Raspberry Pi boards or microcontrollers, may present different
memory constraints. In future work, we plan to deploy GRMobiNet on a wider range of edge platforms to evaluate
actual memory consumption and runtime performance more comprehensively. This will allow us to validate its
efficiency across diverse deployment scenarios and ensure compatibility with more constrained hardware environments.

By exploring a broader range of models and datasets, as well as evaluating the model’s performance in real-world
scenarios, we aim to provide a more comprehensive understanding of GRMobiNet’s performance and its relative
advantages over more recent advancements in lightweight deep learning models. This will help solidify GRMobiNet’s
position as an optimized solution for resource-constrained applications.
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