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A B S T R A C T 

This study presents a statistical evaluation of GRMobiNet, a novel lightweight 
deep neural network model designed for efficient image classification in 
resource-constrained environments (RCEs). Built upon the MobileNet 
architecture, GRMobiNet introduces targeted modifications to enhance 
predictive accuracy without increasing model size and computational 
complexity. To validate the performance gains, a series of controlled 
experiments were conducted using a custom dataset comprising ten image 
categories, with each model evaluated across ten repeated runs on identical test 
sets. A paired samples t-test was applied to compare the classification accuracy 
of GRMobiNet and MobileNetV2 under identical experimental conditions. 
Results indicate that GRMobiNet achieved a mean accuracy of 80%, significantly 
outperforming MobileNetV2’s 57%, with a mean improvement of 2.3 correctly 
predicted images per run. The observed p-value of 0.019 confirms statistical 
significance at the 95% confidence level. Moreover, GRMobiNet exhibited lower 
variance and a reduced standard error of the mean, indicating greater stability 
across trials. These findings confirm that GRMobiNet offers not only 
computational efficiency, but also statistically validated performance 
superiority, making it highly suitable for real-world deployment in domains 
such as mobile diagnostics, precision agriculture, and embedded surveillance 
systems. The statistical rigor of this validation underscores GRMobiNet’s 
robustness and reliability as an advancement over existing lightweight 
architectures. 
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 Introduction 

n the rapidly evolving field of deep 
learning, lightweight deep neural 
networks (DNNs) have emerged as a 
critical area of research, particularly for 
applications involving resource-

constrained environments (RCEs) [1-4]. These 
environments such as mobile phones, 
embedded devices, and Internet-of-Things (IoT) 
platforms pose unique challenges due to limited 
computational resources, memory, and energy 
availability [5-9]. Despite these constraints, the 
demand for intelligent, real-time applications 
has surged across various sectors, including 
mobile healthcare diagnostics [10,11], smart 
agriculture [12-15], autonomous vehicles [16-
19], and surveillance systems [20-22]. 

These applications often require on-device 
inference, making it imperative to develop 
DNNs that are both computationally efficient 
and accurate. One of the most prominent 
models in this domain is MobileNet [23-27], 
which leverages architectural innovations such 
as depthwise separable convolutions [28-30] 
and inverted residuals [31] to decrease model 
complexity and improve execution speed. 
MobileNet has become a baseline for many edge 
artificial intelligent (AI) deployments due to its 
small footprint and relatively high classification 
performance. 

However, as real-world applications demand 
greater accuracy, robustness, and consistency, 
MobileNet often falls short particularly in 
complex or noisy environments where 
prediction stability is essential. Furthermore, 
MobileNet exhibits variability in its 
performance across runs, especially when 
deployed on diverse hardware configurations 
or tested with varying datasets. To meet these 
limitations, this study introduces GRMobiNet, a 
modified lightweight DNN designed to enhance 
predictive accuracy and consistency, while 
maintaining a small model size and low 
computational burden. Built upon the 
architectural foundations of MobileNet, 
GRMobiNet integrates advanced optimization 
strategies such as compound scaling [32-34] 
and quantization [35-38]. 

These enhancements aim to improve the 
model’s inference stability, decrease its 

sensitivity to data and hardware variation, and 
ensure better generalization across diverse use 
cases. Unlike several previous studies that rely 
solely on average performance metrics, this 
research emphasizes the importance of 
statistical rigor in validating the claimed 
performance improvements. The central 
motivation of this research lies in the growing 
recognition that traditional benchmarking 
approaches reporting mean accuracy or 
performance on a single test set may be 
insufficient for evaluating the true reliability of 
a model. In mission-critical domains like 
healthcare or autonomous systems, even small 
improvements in prediction consistency can 
translate to significantly better real-world 
outcomes. Therefore, beyond merely reporting 
superior accuracy, the present study aim to 
statistically validate the performance 
improvements of GRMobiNet over 
MobileNetV2, an advanced version of MobileNet 
through controlled experiments and formal 
hypothesis testing. Specifically, the evaluation 
strategy involves repeated trials on a 
standardized dataset to account for variability 
in performance due to stochastic elements 
inherent in model training and deployment. A 
paired samples t-test [39,40] is subsequently 
employed to assess whether the observed 
differences in classification accuracy between 
GRMobiNet and MobileNetV2 are statistically 
significant. This methodological approach 
ensures that the results are not due to random 
chance, but represent a genuine improvement 
in model performance. The use of statistical 
testing in deep learning model comparison is 
gaining traction, especially in domains where 
robustness and reliability are paramount. By 
applying this rigorous validation methodology, 
our study contributes to the broader discussion 
about the best practices in evaluating 
lightweight DNNs for deployment on RCEs. 
While many studies focus on architectural 
novelty, few offer statistically grounded 
evidence to support claims of superiority. This 
work seeks to bridge this gap by providing both 
architectural insights and empirical validation 
rooted in sound statistical reasoning. Another 
critical dimension of this research is the 
practical relevance of GRMobiNet. The model is 
designed not only as a theoretical construct, but 
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 also as a solution aimed at real-world 
deployment. Its architecture supports inference 
on a range of commercial smartphones and 
edge computing devices [41-43] without the 
need for specialized hardware accelerators 
such as GPUs or TPUs [44,45]. 

This makes GRMobiNet an attractive option 
for developers seeking to embed intelligent 
vision capabilities into consumer-grade devices. 
The model’s compact footprint, fast inference 
times, and high accuracy make it particularly 
suitable for applications such as real-time crop 
monitoring, point-of-care diagnostics, and 
urban surveillance, where computational 
overhead and latency are critical constraints. 
Moreover, the research methodology used in 
this study aligns closely with practical 
development workflows in applied AI [46]. 

By employing a custom image classification 
dataset composed of ten representative 
categories and conducting ten independent test 
runs per model, we simulate the kind of 
variability encountered in production 
scenarios. The controlled experimental setup 
ensures that both models are tested under 
identical conditions, removing confounding 
variables and enabling a fair and meaningful 
comparison. The inclusion of key performance 
metrics such as standard error of the mean 
(SEM) and inference variability further 
strengthens the evaluation robustness. Initial 
results show that GRMobiNet outperforms 
MobileNetV2 not only in terms of mean 
accuracy, but also in terms of predictive 
consistency across runs. The observed p-value 
of 0.019, derived from a paired t-test, confirms 
that the performance gain is statistically 
significant at the 95% confidence level. 
Additionally, the model exhibits a lower 
standard deviation and reduced SEM, indicating 
improved stability. These findings affirm 
GRMobiNet’s suitability as a drop-in 
replacement for MobileNetV2 in edge-based 
image classification tasks that demand both 
efficiency and reliability. In summary, this study 
presents a statistically grounded performance 
analysis of GRMobiNet, positioning it as a 
robust and efficient alternative to existing 
lightweight DNN architectures. By coupling 
architectural optimization with formal 
statistical validation, we provide compelling 

evidence that GRMobiNet offers meaningful 
improvements over MobileNetV2 in real-world 
classification tasks. The study highlights the 
significance of rigorous experimental design 
and statistical validation in AI research, 
particularly when addressing deployment 
challenges in resource-constrained 
environments. Recent advancements in 
lightweight DNNs have been instrumental in 
enabling image classification on RCEs. Among 
these models, MobileNet [23,25,26,47] has 
gained widespread adoption due to its use of 
depthwise separable convolutions [23,30,48] 
and inverted residuals [31], providing a 
favorable trade-off between accuracy and 
computational efficiency. However, it still 
suffers from accuracy limitations and 
performance variability in complex real-world 
scenarios. Alternative architectures such as 
EfficientNet [49-52], ShuffleNet [53], and 
SqueezeNet [53,54] have introduced 
innovations like compound scaling [32-34] and 
parameter-efficient modules to enhance 
deployment on edge devices. Despite these 
efforts, many existing solutions continue to 
struggle with the inherent accuracy-efficiency 
trade-off or require extensive post-processing 
optimizations such as pruning or quantization 
[35,36]. 

Furthermore, performance assessments in 
prior studies [4,51] often rely solely on average 
metrics without rigorous statistical validation, 
making it difficult to judge the true significance 
of reported improvements. In contrast, this 
study introduces GRMobiNet, a MobileNetV2-
based model enhanced with compound scaling 
and quantization, and provides a statistically 
grounded evaluation using paired t-tests to 
establish its performance superiority with 
reliability and confidence. The remainder of this 
article is organized as follows: Section 2 details 
the experimental materials and methodology. 
Section 3 presents the results of the empirical 
evaluation and statistical analysis. Section 4 
provides a discussion of findings and their 
implications for real-world deployment. Finally, 
Section 5 concludes the paper with a summary 
and directions for future work. 
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 Experimental 

This section outlines the design and 
implementation of the experimental framework 
used to validate the performance 
improvements of GRMobiNet over 
MobileNetV2. The methodology includes a 
description of the model architecture, dataset, 
image pre-processing, the experimental design 
ensuring repeatability and control, and the 
statistical procedures applied to determine the 
significance of observed differences in 
classification accuracy. 

Model Architecture 

GRMobiNet is light weight convolutional 
neural network (CNN) architecture [4] 
specifically optimized for deployment in RCEs 
[4,41-43] such as mobile devices, embedded 
systems, and edge AI platforms. It is designed as 
a refined extension of the well-known 
MobileNet architecture, leveraging its 
fundamental principles, while introducing key 
enhancements that improve classification 
performance and robustness without 
increasing model complexity or inference 
latency. Figure 1 displays the overall 
architecture of GRMobiNet, highlighting its key 
components and data flow. The design builds 
upon the MobileNet backbone, integrating 
several modifications aimed at improving 
accuracy while maintaining a light-weight 

footprint. At its core, GRMobiNet retains 
MobileNet’s architectural foundation, which 
includes the use of depthwise separable 
convolutions. Depthwise separable 
convolutions are a crucial innovation that 
reduce computational cost by factorizing a 
standard convolution into two separate 
operations: a depthwise convolution, which 
applies a single filter per input channel, and a 
pointwise (1×1) convolution, which combines 
the outputs of the depthwise layer. This 
technique drastically reduces the number of 
parameters and floating-point operations 
(FLOPs), making it ideal for low-power devices. 

GRMobiNet preserves its structural efficiency 
while extending the design through a 
combination of scaling strategies, pooling 
optimizations, and quantization techniques that 
improve its adaptability to more diverse 
datasets and hardware environments. A major 
enhancement in GRMobiNet is the integration 
of compound scaling, a technique originally 
introduced in the EfficientNet family of models. 
Compound scaling involves the coordinated 
scaling of model depth (number of layers), 
width (number of channels), and input image 
resolution, instead of arbitrarily increasing one 
dimension. This balanced scaling ensures that 
each layer can learn richer features while 
keeping the overall model size and 
computational footprint within acceptable 
limits. 

 

Figure 1: Architecture of GRMobiNet 
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 In GRMobiNet, the compound scaling is 
applied conservatively to avoid the pitfalls of 
overfitting or exceeding the resource capacities 
typical of RCEs. The scaling coefficients were 
empirically tuned through ablation studies to 
optimize accuracy while maintaining efficiency. 
Besides compound scaling, GRMobiNet 
incorporates an improved global average 
pooling (GAP) [53] layer prior to the final 
classification block. GAP replaces traditional 
fully connected layers, significantly decreasing 
the number of parameters while maintaining 
feature abstraction. This pooling approach also 
helps minimize overfitting by enforcing spatial 
invariance and allows the model to generalize 
better across varying input contexts. The GAP 
layer in GRMobiNet is coupled with a dropout 
layer for additional regularization, enhancing 
the model's resilience to noisy or imbalanced 
data. Another defining characteristic of 
GRMobiNet is its native support for 8-bit 
quantization [35], a model compression 
strategy that reduces the precision of weights 
and activations from 32-bit floating point 
(FP32) to 8-bit integers (INT8). Quantization 
reduces memory footprint and allows the 
model to execute faster on processors without 
floating-point units, which are common in 
embedded and mobile systems. To further 
support deployment flexibility, GRMobiNet is 
designed with modularity and scalability in 
mind. It can be easily adjusted to accommodate 
different hardware constraints by toggling 
parameters related to resolution, depth 
multiplier, and quantization thresholds. This 
makes the architecture highly adaptable across 
use cases, ranging from real-time disease 
detection in agricultural settings [12,15] to 
mobile health diagnostics [5] and surveillance 
[20-22]. GRMobiNet enhances the efficiency-
first philosophy of MobileNet with principled 
improvements in architectural scaling, 
quantization, and regularization. These 
enhancements allow the model to achieve 
higher classification accuracy and greater 
predictive stability, especially when deployed in 
low-resource environments. Crucially, these 
gains are achieved without inflating the model’s 
size or compromising its runtime performance, 
making GRMobiNet a compelling solution for 

edge AI deployments requiring both 
intelligence and efficiency. 

Dataset 

To evaluate and compare the performance of 
GRMobiNet and MobileNetV2 under controlled 
and consistent conditions, both models were 
trained and tested on a carefully curated image 
classification dataset derived from the 
ImageNet1K [54] benchmark. ImageNet1K is a 
well-established large-scale dataset consisting 
of over 1.2 million training images and 50,000 
validation images, organized into 1,000 distinct 
object categories. Due to the high 
computational cost associated with training and 
evaluating models on the full ImageNet1K set, 
especially in the context of lightweight models 
and resource-constrained experimentation, a 
focused subset, referred to as ImageNet10 [42], 
was created for the purposes of this study. 
ImageNet10 is a representative subset 
consisting of 10 distinct image categories 
selected to cover a range of semantic classes, 
visual complexity, and color variability. The 
categories were chosen to reflect diversity in 
object shapes, textures, and backgrounds to 
challenge the models’ generalization 
capabilities without overwhelming them with 
extreme inter-class similarities. Table 1 
presents the class categories of ImageNet10 
along with their corresponding class IDs. The 
selected categories consist of common and 
visually distinguishable objects, including 
aeroplane, balloon, cock, dog, and shark. These 
classes were selected to balance practical 
relevance and experimental manageability, 
allowing efficient model training and evaluation 
while ensuring statistical validity across 
multiple runs. The ImageNet10 dataset 
comprises a total of 11,000 images, 
systematically divided into three subsets to 
support effective model development and 
testing. Specifically, 7,700 images (70% of the 
dataset) are allocated to the training set, which 
is employed to teach the model and enable it to 
learn relevant patterns and features. The 
validation set consists of 1,650 images (15%), 
serving to fine-tune model parameters and 
monitor performance during training, thereby 
helping to prevent overfitting. 
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 Table 1: Class categories of the ImageNet10 dataset 
Class ID Class Name 

0 aeroplane 

1 balloon 

2 cock 

3 dog 

4 goldfish 

5 horse 

6 lion 

7 panda 

8 parrot 

9 shark 

 

The remaining 1,650 images (15%) form the 
test set, which is used exclusively for test the 
model’s final performance on unseen data. This 
structured distribution follows standard 
practices for machine learning workflows and is 
consistent with prior dataset configurations 
[55]. For statistical evaluation, a fixed test set of 
10 real-world images per class was used, 
resulting in 100 test images per evaluation run. 
This test size was selected based on a trade-off 
between computational efficiency and 
statistical reliability. Running multiple 
evaluation iterations using the same 100-image 
set allowed for controlled pairwise comparison 
of model performance, while keeping the 
inference workload manageable across 10 
independent runs per model. 

Image pre-processing 

To ensure consistency across training and 
testing, standard image preprocessing 
techniques were applied uniformly to all 
images. Each image was resized to 224×224 
pixels, a common input dimension for 
lightweight DNN models, to maintain 
compatibility with both MobileNetV2 and 
GRMobiNet architectures. Data augmentation 
techniques were also employed during training 
to enhance the generalization ability of both 
models. These included random cropping, 
horizontal flipping, rotation, and brightness 
adjustments, which helped reduce overfitting 
and improved model robustness to variations in 
image orientation and lighting. All images were 
converted to the RGB color space, regardless of 
the original format (e.g., grayscale, CMYK, or 

RGBA). This ensured consistent channel input 
for all convolutional layers, which expect three 
input channels. 

Experimental design 

To ensure the reliability and reproducibility of 
results, both GRMobiNet and MobileNetV2 were 
subjected to 10 independent evaluation runs. In 
each run, the models were used to classify the 
same 100 test real-world images, allowing for a 
paired-sample design that directly compares 
the models under identical input conditions. 
This setup controls for variation in dataset 
composition and eliminates confounding 
variables introduced by data shuffling (re-
arrange the order of training dataset) [56]. The 
comparison analysis was carried out using a 
laptop with an Intel Celeron CPU N2920 @ 1.86 
GHz (4 cores) and 4 GB of RAM in a resource-
constrained setting. Both models, GRMobiNet 
and MobileNetV2, were set up on the laptop in 
this experiment to evaluate how well they 
performed in actual classification tasks. A total 
of 100 real-world images, ten in each of the 
ImageNet10 categories shown in Table 1, were 
chosen for experiment. Each model was run 
separately to classify pictures which were 
locally stored on the device. Model outputs 
were captured as discrete prediction results, 
and the number of correctly predicted samples 
per run was recorded. Thus, for each of the 10 
evaluation runs, a score ranging from 0 to 100 
was logged per model, representing the total 
count of correct classifications out of 100 
images. This experimental framework 
emphasizes the significance of measuring not 
just average accuracy, but consistency and 
repeatability of model predictions key 
requirements in real-world applications where 
stable performance across multiple runs and 
devices is crucial. 

Statistical test 

To evaluate whether the observed accuracy 
improvements of GRMobiNet over MobileNetV2 
were statistically significant, a paired samples t-
test [39,40] was conducted. This statistical 
method is appropriate for analyzing dependent 
samples in this case, matched pairs of model 
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 outputs from identical test sets across 10 runs. 
The paired design ensures that variance due to 
data differences is minimized, isolating model 
performance as the primary variable of interest. 
The test compared the mean number of 
correctly predicted images by each model over 
the 10 runs. GRMobiNet’s performance was 
hypothesized to be superior to MobileNetV2, 
with statistical significance defined at the 95% 
confidence level (p < 0.05) [40,46]. The null 
hypothesis (H₀) indicates that there is no 
difference in classification accuracy between 
the two models, while the alternative 
hypothesis (H₁) asserted that GRMobiNet 
performs significantly better than MobileNetV2. 
The test was performed using IBM SPSS 
Statistics software (version 26), where accuracy 
scores were input as paired variables across the 
10 evaluation instances. Besides the mean and 
standard deviation, the standard error of the 
mean (SEM) and confidence intervals were 
calculated to assess result variability and 
robustness. A statistically significant result 

would validate the performance gain of 
GRMobiNet as non-random and repeatable, 
providing stronger evidence than a single 
accuracy metric typically used in DNN 
benchmarking. The statistical test also provided 
valuable insights into prediction stability, as the 
variability (standard deviation and SEM) of the 
accuracy scores across runs was evaluated. 
Lower variability in GRMobiNet’s predictions, 
in combination with higher mean accuracy, 
would further affirm its robustness for 
deployment in real-time scenarios. 

Results and Discussion 

Results 

To evaluate the inference accuracy of both 
models, GRMobiNet and MobileNetV2, 
experiments were conducted over 100 
classification instances (10 runs across 10 
image categories). The resulting confusion 
matrices are presented in Figure 2.  

 

Figure 2: Confusion matrices of the experimental result of (a) GRMobiNet and (b) MobileNetV2 

Table 2: Prediction accuracy over ten runs for each image category using GRMobiNet and MobileNetV2 

Runs 

Image Category ID Correctly Predicted Images (out of 10) 

GRMobiNet MobileNetV2 

1 0 7 8 
2 1 10 9 
3 2 8 9 
4 3 6 3 
5 4 10 3 
6 5 8 4 
7 6 3 1 
8 7 10 9 
9 8 10 8 

10 9 8 3 
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 In these matrices, the diagonal entries 
represent the number of true positive (TP) 
predictions, indicating correctly classified 
images out of ten per category, while the off-
diagonal entries correspond to false positive 
(FP) predictions. The values from the confusion 
matrices were systematically organized into 
Table 2 to facilitate statistical analysis using 
SPSS, where a paired samples t-test was 
subsequently performed. SPSS statistical 
software with a 95% confidence interval was 
used to perform the analysis [40,46]. The 
following two tables, Paired Samples Statistics 
(Table 3) and Paired Samples Test result (Table 
4), provide an overview of the findings of the 
analysis. 

Paired samples statistics 

The mean accuracy scores in Table 3 indicate 
that GRMobiNet outperforms MobileNetV2 in 
classification performance across repeated test 
runs. 

Specifically, GRMobiNet achieved an average 
of 8.0 correct predictions out of 10, translating 
to 80% accuracy, while MobileNetV2 achieved 
an average of 5.7 correct predictions, or 57% 
accuracy. This 22.5% increase in accuracy 
suggests that the architectural improvements 
made in GRMobiNet such as compound scaling, 
enhanced feature extraction, and quantization 
contribute to more effective learning and 
generalization, even under the computational 
constraints for which the model is designed. In 
terms of reliability and consistency, GRMobiNet 
also performed more stably across the ten 
independent test runs. 

This is evidenced by its lower standard 
deviation of 2.26, compared to MobileNetV2’s 
higher standard deviation of 3.16. A lower 
standard deviation means that GRMobiNet’s 
performance was more consistent and less 
variable between runs, while MobileNetV2 
showed more fluctuation in its results. This 
consistency is crucial for deployment in real-
world scenarios, particularly in RCEs, where 
predictability and reliability are as important as 
overall accuracy. 

Additionally, the standard error of the mean 
(SEM) which measures how accurately the 
sample mean estimates the population mean, 
was lower for GRMobiNet (0.71) than for 
MobileNetV2 (1.00). A smaller SEM indicates 
that the observed mean accuracy for 
GRMobiNet is more precise and trustworthy. In 
essence, this reinforces the confidence in 
GRMobiNet’s superior performance and 
confirms that the model not only performs 
better on average but does so with greater 
stability and reliability. 

Paired samples t-test  

To determine whether the observed accuracy 
differences between GRMobiNet and 
MobileNetV2 were statistically significant, a 
paired samples t-test was conducted. 

Table 4 indicates the t-test result generated 
from SPSS 26. The mean difference between the 
two models’ accuracies across ten test runs was 
2.3, indicating that GRMobiNet correctly 
classified, on average, 2.3 more images than 
MobileNetV2 per run. 

Table 3: Paired samples statistics 
Model Mean N Std. Deviation Std. Error Mean 

GRMobiNet 8.0000 10 2.26078 0.71492 

MobileNetV2 5.7000 10 3.16403 1.00056 

Table 4: Paired samples test result  
Paired Differences  

 
t 

 
 

df 

 
 

Sig. 
(2-

tailed) 

Mean Std. 
Deviation 

Std. 
Error 
Mean 

95% Confidence 
Interval of the 

Difference  
GRMobiNet - 
MobileNetV2 

2.30000 2.54078 0.80346 
Lower Upper 

0.48244 4.11756 2.863 9 0.019 
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 This performance gap is substantial given the 
small size of the evaluation set (10 classes with 
10 images each per run), and it provides a 
strong indication that GRMobiNet offers real, 
practical improvements over its predecessor. 

The t-value of 2.863 measures how far the 
observed difference is from the null hypothesis 
(which assumes no difference), relative to the 
variability of the sample differences. A higher t-
value suggests a more substantial and reliable 
difference. In this case, with 9 degrees of 
freedom (df = number of pairs − 1), the 
calculated p-value was 0.019. A p-value of 0.019 
means there is only a 1.9% probability that the 
observed difference or a more extreme one, 
could occur due to random chance if there were 
truly no difference between the models. Since 
this p-value is less than the commonly accepted 
threshold of 0.05 (i.e. p < 0.05), we can reject 
the null hypothesis with 95% confidence. This 
statistical significance confirms that the 
superior performance of GRMobiNet is not 
incidental, but rather a reliable and 
reproducible improvement. In practical terms, 
the t-test results provide strong evidence that 
GRMobiNet’s enhancements have a meaningful 
impact on classification performance. This 
statistical validation is particularly important 
for research focused on real-world applications, 
where consistency, robustness, and provable 
gains are essential for model adoption in 
production environments. 

Discussion 

The experimental results presented in this 
study provide compelling evidence that 
GRMobiNet offers statistically significant and 
practically meaningful improvements over 
MobileNetV2 in image classification tasks, 
particularly in the context of resource-
constrained environments (RCEs). The 
observed mean increase of 2.3 correctly 
classified images per run, corresponding to a 
23% relative improvement, affirms the 
effectiveness of the architectural enhancements 
introduced in GRMobiNet. While this may seem 
like a modest numerical gain, it is substantial 
when considering the fixed test set size and the 
critical role of classification accuracy in real-
time edge applications, where even small 

improvements can have outsized impacts—
such as in medical diagnosis, precision 
agriculture, or autonomous sensing systems. 
From a performance stability perspective, the 
results are equally noteworthy. GRMobiNet 
consistently demonstrated lower standard 
deviation (2.26) and lower standard error of 
the mean (0.71) across 10 independent test 
runs, compared to MobileNetV2’s standard 
deviation of 3.16 and SEM of 1.00. This 
reduction in variability indicates that 
GRMobiNet produces more predictable and 
reliable outputs, a feature that is crucial for 
deployment in environments where input 
conditions may vary and hardware constraints 
limit retraining or extensive tuning. The 
consistent accuracy across runs implies that 
GRMobiNet has better internal feature 
representations and generalization capability, 
likely stemming from its use of compound 
scaling and quantization-aware training. These 
improvements suggest that GRMobiNet is not 
only a better model statistically, but also a more 
deployment-ready model in practical terms. In 
resource-constrained scenarios, model stability 
can be as important as raw accuracy. 
Fluctuations in model performance, as seen in 
MobileNetV2, can result in unpredictable 
behavior that undermines user trust or system 
effectiveness especially in mission-critical tasks. 
In contrast, GRMobiNet’s consistent 
performance across runs positions it as a more 
robust solution, capable of operating under 
real-world uncertainties with minimal risk of 
failure. 

 Another important implication of these 
findings is that enhancing model architecture 
does not necessarily require increasing model 
complexity or computational burden. 
GRMobiNet maintains the lightweight footprint 
of MobileNetV2 while delivering improved 
performance, demonstrating that architectural 
efficiency and predictive power are not 
mutually exclusive. This is particularly 
significant for edge AI deployments, where 
models must fit within strict memory, latency, 
and energy constraints. By carefully integrating 
compound scaling and quantization at the 
design level rather than as post-hoc 
optimizations GRMobiNet achieves a strong 
balance between performance and efficiency. 
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 However, while the findings are promising, it is 
also important to consider the limitations of the 
current evaluation framework. The test dataset, 
ImageNet10, was constructed from a subset of 
ImageNet categories, and although it was 
designed to reflect variability in object types 
and image conditions, it may not fully capture 
the diversity and complexity of real-world 
visual data. Future evaluations should 
incorporate larger, more diverse datasets, and 
test the model’s robustness to adversarial 
inputs, occlusion, or domain shifts (e.g., 
different lighting, background clutter). 
Furthermore, the evaluation focused on 
accuracy as the primary performance metric. 
While accuracy is critical, other metrics—such 
as precision, recall, F1-score, and inference 
latency—may also offer valuable insights, 
particularly in application domains where false 
positives or negatives carry different risks. 
Measuring energy efficiency, memory usage, 
and model throughput on different hardware 
platforms (e.g., smartphones, Raspberry Pi, and 
micro-controllers) would also strengthen the 
real-world relevance of GRMobiNet’s 
deployment potential. 

 Finally, the statistical analysis using the 
paired samples t-test has confirmed that the 
observed performance gain is unlikely to be due 
to random chance. However, further studies 
involving larger sample sizes and cross-
validation techniques would reinforce the 
reliability of these conclusions. Additionally, 
testing the model across multiple independent 
datasets and tasks, including fine-grained 
classification and object detection, would help 
generalize the findings and solidify 
GRMobiNet’s value across broader vision 
applications. 

Conclusion 

This study presents GRMobiNet, a lightweight 
convolutional neural network designed to 
address the dual challenges of efficiency and 
accuracy in image classification within RCEs. 
Building upon the architectural foundations of 
MobileNet, GRMobiNet integrates key 
enhancements, namely compound scaling and 
quantization to deliver higher predictive 
performance without increasing computational 

complexity. The results from repeated 
experiments demonstrate that GRMobiNet 
achieves a mean classification accuracy of 80%, 
significantly outperforming MobileNetV2’s 
57%, while also exhibiting lower variability and 
higher prediction consistency across runs. 
Critically, the application of a paired samples t-
test confirms that the observed performance 
gains are statistically significant (p = 0.019), 
thereby validating that GRMobiNet’s 
improvements are not due to random variation 
but represent a reliable advancement in 
lightweight deep learning model design. This 
finding is particularly important for RCE-based 
deployments where robust, repeatable 
performance under hardware and power 
constraints is essential. GRMobiNet provides a 
meaningful step forward in the development of 
lightweight neural networks, providing not only 
theoretical and architectural innovation, but 
also empirical and statistically validated 
improvements that are immediately relevant to 
practical AI deployment in low-resource 
settings. 
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