International Journal of Informatics and Data Science
ISSN 3026-7315 (media online)

Volume 3, No 2, June 2026, Page: 127-136

DOI: doi.org/10.64366/ijids.v3i2.576
https://journals.adaresearch.or.id/ijids/index

Transfer Learning Performance and Efficiency of VGG16 and
MobileNetV2 on Three-Class Animals-10 Classification

Teti Desyani’, Hendri Ardiansyah, Oktaviyanus

Faculty of Computer Science, Informatics Engineering Study Program, Universitas Pamulang, South Tangerang, Indonesia
Email: *"dosen00839@unpam.ac.id, >dosen00832@unpam.ac.id, >oktaviyanus02@gmail.com
Correspondence Author Email: dosen00839@unpam.ac.id
Received: 12/05/2026, Revised: 03/06/2026, Accepted: 18/06/2026, Published: 30/06/2026

Abstract—Animal image classification remains challenging because variations in pose, illumination, object scale, viewing angle,
and background can affect model predictions. In addition, high-capacity convolutional neural networks may impose substantial
computational and storage requirements. This study compares the classification performance and computational efficiency of
VGG16 and MobileNetV2 using transfer learning. Dog, Cat, and Sheep images were selected from the Animals-10 dataset to
represent visually related companion animals and a visually distinct livestock category while allowing balanced sampling.
Following image validation, duplicate checking, and class balancing, the final dataset contained 5,004 images, with 1,668 images
per class. The dataset was divided using an identical stratified 80:20 split for both models, with 20% of the training portion used
for validation. Both models used ImageNet weights, 224 x 224-pixel inputs, identical classification heads, data augmentation,
and equivalent training configurations. MobileNetV2 achieved 97.80% accuracy, a 97.81% macro F1-score, and a 99.88% macro
ROC-AUC, whereas VGG16 achieved 96.80%, 96.81%, and 99.67%, respectively. MobileNetV2 reduced training time by
66.03%, inference time by 59.56%, and weight size by 77.83%. However, the exact McNemar test indicated no statistically
significant difference in classification performance (p = 0.064). Therefore, MobileNetV2 provided substantially greater
computational efficiency while maintaining classification performance comparable to VGG16, making it a more practical option
for resource-constrained animal image classification systems.
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1. INTRODUCTION

The development of computer vision and deep learning has expanded the application of automated image
classification across various fields, including wildlife monitoring, biodiversity conservation, livestock management,
human-animal conflict mitigation, and camera-trap system development. Conventional animal monitoring generally
requires images to be manually observed, sorted, and labeled. This process becomes increasingly difficult as the
volume of collected images continues to grow. Studies on visual animal monitoring have shown that deep learning
has been employed to support animal detection, tracking, pose estimation, species recognition, and behavior
classification [1]. These developments demonstrate that automated image processing can reduce the burden of
manual analysis and accelerate the extraction of information from visual data [2].

Animal image classification continues to face several challenges because object appearance can vary with
pose, viewing angle, size, illumination, image quality, and background conditions. Images collected from natural
environments may also contain noise, partially visible objects, or other visual characteristics that are shared across
classes. Battu and Reddy Lakshmi [3] demonstrated that the classification of animal images obtained from camera
traps must address diverse environmental conditions and variations in label quality. Tan et al. [4] similarly explained
that unfavourable viewing angles, illumination, and image quality can limit classification performance when a
system relies exclusively on visual information. Their study improved wildlife classification accuracy from 98.4% to
98.9% by combining images with metadata. These findings suggest that the quality of visual representations and
model design are essential factors in producing reliable classifications.

Convolutional Neural Networks (CNNs) are widely used for image classification because they can learn
hierarchical visual features directly from data. Early convolutional layers generally identify simple features, such as
edges, colours, and textures, whereas deeper layers form more complex object representations.[5] However, training
a CNN from scratch requires a large dataset, considerable training time, and substantial computational resources.
Transfer learning offers an approach to reducing these requirements by leveraging weights from models previously
trained on large-scale datasets. Nazir and Kaleem [6] applied transfer learning to camera-trap image classification
and demonstrated that pretrained models could support image processing on edge devices. A pretrained deep
learning approach has also been employed for animal classification in the context of automated chick sex
determination [7]. These findings suggest that transfer learning can be applied to various image classification tasks
when the availability of data and computational resources is limited.

VGG16 is one of the CNN architectures frequently used in transfer-learning applications. Its deep and
relatively uniform arrangement of convolutional layers enables it to produce strong visual feature representations.
VGG16 has been applied to various image-classification problems and has been extended through architectural
modification and integration with other models. Kumar and Kumar [8] developed Efficient-VGG16 for X-ray image
classification using transfer learning and evaluated it across several data-splitting scenarios. Another study
combined a VGG16-based feature extractor with an integration of LeNet and MobileNetV2 to improve medical
image classification [9], [10]. Despite its feature-extraction capability, VGG16 requires a relatively large number of
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parameters, computational operations, and storage capacity. These characteristics may restrict its implementation on
devices with limited memory and processing resources. MobileNetVV2 was developed as a lightweight architecture
using depthwise separable convolutions, inverted residual blocks, and linear bottlenecks. These components reduce
computational operations while retaining the model’s ability to extract meaningful visual features. Indraswari et al.
[11] used MobileNetV2 for melanoma image classification and demonstrated its potential for further
implementation on mobile devices. MobileNetV2 has also been enhanced through the integration of attention
mechanisms and optimization methods for medical image classification [12]. In animal image classification, Nazir
and Kaleem [6] reported that MobileNetV2 achieved a precision of 0.95, recall of 0.96, and an F1-score of 0.95 on
one of the camera-trap datasets used in their study. These results demonstrate that a lightweight architecture can
deliver competitive performance while meeting deployment requirements for edge devices.

Computational efficiency is important because high classification accuracy alone does not necessarily
indicate that a model is suitable for practical implementation. A model with a large number of parameters may
require longer inference time, greater storage capacity, and more powerful computing resources. Studies on
lightweight CNNs in various domains have therefore emphasised the need to maintain predictive performance while
reducing model complexity. [13] [14]. In animal image classification, computational efficiency affects the ability of
a system to produce timely predictions on camera traps, mobile applications, and livestock-monitoring devices.
Consequently, model comparisons should consider not only accuracy, precision, recall, and F1-score but also
training time, inference time, parameter count, and model weight size.[15]

The quality and distribution of a dataset can also influence classification results. Class imbalance may cause
a model to favour the majority class, meaning that overall accuracy may not adequately represent performance
across individual classes. Image augmentation can increase the variation of training data [16], however,
augmentation should be applied only to the training subset so that the validation and testing subsets continue to
represent unmodified images. Previous research has indicated that increasing training-data diversity can help models
learn more general visual representations [17]. Furthermore, training, validation, and testing subsets must be
separated consistently and checked for duplicate images to prevent data leakage and overly optimistic evaluation
results.

Previous studies have demonstrated the effectiveness of VGG16, MobileNetV2, and transfer learning across
multiple image-classification domains [6], [8], [9], [11], [12]. However, many studies have primarily focused on
improving accuracy within a particular domain, constructing hybrid architectures, or modifying only one model.
Direct comparisons between VGG16 and MobileNetVV2 have not always employed an identical data partition,
classification head, training configuration, evaluation device, and efficiency-measurement procedure. In addition,
differences in accuracy are frequently reported only descriptively, without paired statistical testing of the predictions
produced by the compared models.[18] A small numerical difference therefore cannot independently establish that
one model has significantly different classification performance.

This study selects Dog, Cat, and Sheep images from the Animals-10 dataset. Dog and Cat were selected as
visually related companion-animal categories that may share characteristics such as fur texture, body contours,
poses, and indoor or outdoor backgrounds. Sheep was included as a livestock category with more distinctive
characteristics, while still presenting potentially overlapping visual cues, including fur-like texture, four-legged
body structure, and outdoor backgrounds. The availability of images in these three classes also enables balanced
sampling of 1,668 images per class without synthetic oversampling. This selection provides a focused experimental
setting for examining model behaviour across both visually similar and relatively distinct animal categories.
However, because only three of the ten Animals-10 classes are included, the findings are interpreted specifically
within this controlled three-class classification setting.

Following class balancing, the final dataset consisted of 5,004 images. A stratified 80:20 split was applied,
and the same partition was used for both models. VGG16 and MobileNetVV2 were implemented using ImageNet-
pretrained weights, an input resolution of 224 x 224pixels, identical classification heads, equivalent augmentation
operations, the same optimiser and learning rate, an equal batch size, and the same early-stopping mechanism. This
controlled configuration was designed to minimise the influence of unequal experimental treatments on the
comparison.

The models were evaluated using accuracy, macro precision, macro recall, macro F1-score, macro Receiver
Operating Characteristic—Area Under the Curve (ROC-AUC), and confusion matrices. Computational efficiency
was assessed based on total training time, average time per epoch, inference time, inference time per image,
parameter count, and model weight size. Because both models generated predictions for the same testing images, the
exact McNemar test was employed to determine whether their classification outcomes differed significantly.
Therefore, the contribution of this study is a controlled comparison of a relatively high-capacity model and a
lightweight model by simultaneously considering classification performance, computational efficiency, and
statistical significance. The findings are expected to provide an empirical basis for selecting an appropriate
architecture for animal image-classification systems, particularly in environments with limited computational and
storage resources.
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2. RESEARCH METHODOLOGY

This study employed a comparative experimental method to evaluate the classification performance and
computational efficiency of VGG16 and MobileNetV2 in classifying Dog, Cat, and Sheep images. The research
procedure included dataset selection and validation, class balancing, stratified data partitioning, image preprocessing
and augmentation, [3], [4]. transfer-learning implementation, model training, performance evaluation, efficiency
measurement, and statistical testing. Transfer learning was selected because it enables pretrained models to reuse
visual representations learned from a large-scale dataset without retraining the entire convolutional network from
scratch [6].

2.1 Research Stages and Research Objects

The research stages are presented in Figure 1. The experiment began by selecting three classes from the Animals-10
dataset: cane, gatto, and pecora, which were mapped to Dog, Cat, and Sheep, respectively.

Dataset Anmads-10 ’
 §

Selection of Dog, Cat, and Sheep ‘

Validation and Removal of Duplicates

Class Balancing

Stratified Split 8020

Resize and Data Augmentation

X
VGGG and MobleNetV2

Transfer Learming Traiing

Evaluation on Test Set

Exact McNemar Test

Perfarmance and Effickncy Comparison

Figure 1. Research stages for comparing VGG16 and MobileNetV2

As illustrated in Figure 1, the validated dataset was balanced through random undersampling using a random
seed of 42. The number of images was adjusted according to the smallest class, resulting in 1,668 images for each
class and a total of 5,004 images. The original dataset contained 4,863 Dog images, 1,668 Cat images, and 1,820
Sheep images. Table 1 presents the distribution before and after class balancing.

Table 1. Dataset distribution before and after class balancing

Class  Original Folder Initial Number Final Number

Dog cane 4.863 1.668
Cat gatto 1.668 1.668
Sheep pecora 1.820 1.668
Total 8.351 5.004

As shown in Table 1, class balancing removed the dominance of the Dog class and provided equal class
contributions during training and evaluation. The balanced dataset was then divided using a stratified 80:20 hold-out
procedure with random_state=42. This process produced 4,003 training images and 1,001 testing images.
Subsequently, 20% of the training portion was allocated to validation, resulting in 3,202 training images and 801
validation images. Examination of the data partitions showed no overlap between the training, validation, and testing
subsets.

A single stratified split was used to ensure that both architectures were trained and evaluated on identical
samples while maintaining manageable computational requirements. The fixed random seed supported experimental
reproducibility. Nevertheless, the absence of repeated splits or cross-validation means that the reported results
represent the specified data partition. This limitation is considered when interpreting the findings.
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2.2 Comparative Method for VGG16 and MobileNetV2

All images were resized to 224 x 224pixels with three RGB channels using bilinear interpolation. Augmentation
was applied only to the training images and consisted of horizontal flipping, random rotation with a factor of 0.10,
random zoom with a factor of 0.10, and random contrast adjustment with a factor of 0.10. Validation and testing
images were not augmented. VGG16 preprocessing converted RGB values to BGR and subtracted the ImageNet
channel means, whereas MobileNetV2 preprocessing scaled pixel values to the range [— 11].

Both models used ImageNet-pretrained weights with include_top=False. Their convolutional bases were
frozen and employed as feature extractors. An identical classification head was attached to each model, consisting of
Global Average Pooling, a dense layer with 256 units and ReLU activation, dropout with a rate of 0.5, and a three-
unit softmax output layer. This configuration ensured that the pretrained architecture was the primary experimental
difference.

The models were trained in a Kaggle Notebook using two GPUs through MirroredStrategy. Adam was used
with an initial learning rate of 1 x 10™*, a batch size of 32, a maximum of 20 epochs, and sparse categorical cross-
entropy loss. Early stopping monitored validation loss with a patience of five epochs and restored the best model
weights. ReduceLROnNPlateau used a factor of 0.2, a patience of two epochs, and a minimum learning rate of
1 x 1077, The complete configuration is summarised in Table 2.

Table 2. Experimental configurations for VGG16 and MobileNetV2

Parameter VGG16 MobileNetV?2
Pretrained weights ImageNet ImageNet
Input size 224 x 224 x 3 224 x 224 x 3
Convolutional base Frozen Frozen
Global Average Pooling Yes Yes
Dense layer 256, ReLU 256, ReLU
Dropout 0.5 0.5
Output layer 3, Softmax 3, Softmax
Optimizer Adam Adam
Initial learning rate 1 x10* 1 x10*
Batch size 32 32
Maximum epochs 20 20
Early stopping Patience of 5  Patience of 5
Random seed 42 42

The final evaluation used the same 1,001 testing images in an identical order. Classification performance was
evaluated using accuracy, macro precision, macro recall, macro F1-score, macro ROC-AUC with the one-versus-
rest approach, and confusion matrices. Computational efficiency was assessed using total training time, average time
per epoch, inference time, inference time per image, parameter count, and model weight size. Although the fixed
hold-out partition supported an identical comparison between the two models, repeated data splits or cross-
validation could provide a broader estimate of model stability and generalisation.[19] [20]

The exact McNemar test was used because both models produced paired predictions for the same testing
images. The significance level was set at a = 0.05. A result of p < 0.05indicated a statistically significant
difference in classification outcomes, whereas p > 0.05indicated that the observed difference was not statistically
significant.

3. RESULT AND DISCUSSION

3.1 Research Results

The experiments compared VGG16 and MobileNetV2 using the same training, validation, and testing subsets. Both
models were trained with ImageNet-pretrained convolutional bases, identical classification heads, and equivalent
optimisation configurations. Therefore, differences in the results primarily reflected the characteristics of the two
convolutional architectures.

VGG16 completed 20 training epochs before the early-stopping criterion was satisfied. The best model
weights were obtained at epoch 15, when the lowest validation loss of 0.0627 was recorded. At the end of the
training process, VGG16 achieved a training accuracy of 97.02% and a validation accuracy of 97.42%. Its total
training time was 283.43 seconds, corresponding to an average of 14.17 seconds per epoch.

Figure 2 presents the accuracy and loss curves of VGG16. The training accuracy increased considerably
during the initial epochs and subsequently became more stable. A similar pattern appeared in the validation
accuracy, which remained close to the training accuracy throughout most of the training process. Although several
fluctuations occurred, the difference between the two curves was relatively small. This pattern indicates that VGG16
learned relevant representations without showing severe overfitting [1], [3].
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Figure 2. Training and validation curves of VGG16

The validation accuracy was occasionally higher than the training accuracy. This result is reasonable because
data augmentation and dropout were activated only during training. Augmentation increased the difficulty of the
training images by introducing variations in orientation, scale, and contrast. Dropout also temporarily deactivated
some units in the classification head. During validation, both mechanisms were disabled, allowing the model to
process unmodified images using the complete network.

MobileNetV2 reached the early-stopping criterion after 13 epochs. Its best model weights were obtained at
epoch 8, with a validation loss of 0.0841 and a validation accuracy of 97.94%. At the final epoch, MobileNetV2
achieved a training accuracy of 96.83% and a validation accuracy of 98.04%. The total training time was 96.29
seconds, with an average of 7.41 seconds per epoch.
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Figure 3. Training and validation curves of MobileNetV2

As illustrated in Figure 3, MobileNetV2 reached a high accuracy level during the early stages of training. Its
training and validation curves subsequently remained relatively stable. Validation accuracy was again occasionally
higher than training accuracy because augmentation and dropout were applied only during training. The loss curves
showed several minor fluctuations but did not indicate continuously increasing validation loss. Thus, MobileNetV2
also demonstrated satisfactory generalisation within the specified data partition.

The best validation loss of VGG16 was lower than that of MobileNetV2, whereas the best validation
accuracy of MobileNetV2 was slightly higher. This difference is possible because validation loss considers the
confidence assigned to all classes, whereas accuracy only considers whether the class with the highest probability is
correct. A model can produce more correct classifications while assigning less confident probabilities to some
samples, resulting in higher accuracy but not necessarily lower loss.

The final evaluation was performed on the same 1,001 testing images. Table 3 presents the classification
metrics obtained by VGG16 and MobileNetV2.

Table 3. Classification performance of VGG16 and MobileNetV2

Metric VGG16 MobileNetV2 Difference
Accuracy 96.80% 97.80% 1.00 pp
Macro precision 96.85% 97.81% 0.96 pp
Macro recall 96.80% 97.80% 1.00 pp
Macro F1-score 96.81% 97.81% 1.00 pp
@ ® Copyright © 2026 The Author(s). Published by ADA Research Center. Page 131
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Metric VGG16 MobileNetV2 Difference
Macro ROC-AUC 99.67% 99.88% 0.21 pp

As shown in Table 3, both architectures produced high classification performance. MobileNetV2 achieved an
accuracy of 97.80%, whereas VGG16 achieved 96.80%. MobileNetV2 therefore classified ten additional testing
images correctly. The differences in macro precision, macro recall, and macro F1-score were approximately one
percentage point. The small differences among these macro metrics also indicate that the models performed
consistently across the three balanced classes.

Both models produced macro ROC-AUC values exceeding 99%. VGG16 achieved 99.67%, while
MobileNetV2 achieved 99.88%. These results show that both models had a strong ability to distinguish the three
animal categories across different classification thresholds. However, a high ROC-AUC does not mean that every
image was correctly classified. ROC-AUC measures class-separation capability based on predicted probabilities,
whereas accuracy evaluates final class decisions.
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Figure 4. Confusion matrices of VGG16 (a) and MobileNetV2 (b)

The confusion matrices of both models are presented in Figure 4. As shown in Figure 4(a), VGG16 correctly
classified 322 of 334 Dog images, 319 of 333 Cat images, and 328 of 334 Sheep images.. The confusion matrices of
both models are presented in Figure 4. As shown in Figure 4(a), VGG16 correctly classified 322 of 334 Dog images,
319 of 333 Cat images, and 328 of 334 Sheep images. The model produced 32 incorrect predictions in total. Most
errors involved Dog and Cat images, indicating that similarities in fur texture, body shape, pose, and background
could influence the classification results.

Figure 4(b) shows that MobileNetV2 correctly classified 327 Dog images, 323 Cat images, and 329 Sheep
images, producing 22 incorrect predictions. Compared with VGG16, MobileNetV2 generated five additional correct
predictions for Dog, four for Cat, and one for Sheep. Nevertheless, the error patterns of both models were relatively
similar. Sheep was the easiest class to classify, whereas several Dog and Cat images remained difficult because of
their partially overlapping visual characteristics.
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Figure 5. Comparison of classification metrics between VGG16 and MobileNetV2

Figure 5 compares the classification metrics achieved by VGG16 and MobileNetV2. MobileNetV2 obtained
numerically higher accuracy, macro precision, macro recall, macro F1-score, and macro ROC-AUC. However, the
differences ranged from only 0.21 to 1.00 percentage points. The vertical axis begins at 94% to improve the
visibility of these small differences; therefore, the graph should be interpreted together with the exact values in
Table 3. Moreover, this descriptive comparison does not demonstrate statistical superiority because the exact
McNemar test produced p = 0.0639, indicating no statistically significant difference between the classification
outcomes of the two models.
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Table 4. Comparison of class-level F1-scores

Class VGG16 MobileNetV2
Dog 95.69% 97.03%
Cat 97.55% 98.48%
Sheep 97.19% 97.92%

Macro average 96.81% 97.81%

The errors produced by both models frequently involved predictions toward the Dog class and confusion
between Dog and Sheep images. VGG16 also showed notable confusion between Cat and Dog. These errors may
have been influenced by similarities in fur texture, body position, object scale, and background characteristics.
These errors may have been caused by similarities in fur texture, dominant colors, body positions, or particular
backgrounds. Some images may also have shown the animal at a relatively small scale, causing the models to
receive more visual information from the background than from the primary object. In contrast Cat achieved the
highest class-level F1-score for both models, whereas Sheep produced the highest number of correct predictions.
These metrics describe different aspects of classification performance and should therefore be interpreted separately.
One possible explanation is that the facial characteristics, eyes, ears, and body structure of cats were easier to
distinguish from those of the other two classes.

In addition to classification performance, this study measured time and storage efficiency. The efficiency
comparison is presented in Table 5. MobileNetV2 completed training in 96.29 seconds, whereas VGG16 required
283.43 seconds. Based on these total training times, MobileNetV2 reduced the training time by 66.03%. However,
the two models completed different numbers of epochs because of early stopping. Therefore, the average time per
epoch was used as an additional basis for comparison. MobileNetV2 required 7.41 seconds per epoch, whereas
VGG16 required 14.17 seconds, representing a reduction of 47.71%.

Table 5. Efficiency comparison of VGG16 and MobileNetV?2

Indicator VGG16 MobileNetV2 Reduction
Training epochs 20 13 35.00%
Training time (seconds) 283.43 96.29 66.03%
Time per epoch (seconds) 14.17 7.41 47.71%
Inference time for 1,001 images (seconds)  9.2604 3.7446 59.56%
Inference time per image (ms) 9.2511 3.7408 59.56%
Weight file size (MB) 57.73 12.80 77.83%

Table 5 shows a clear efficiency advantage for MobileNetV2. Its training required 96.29 seconds, compared
with 283.43 seconds for VGG16. Thus, MobileNetV2 reduced total training time by 66.03%. This reduction was
influenced by both the faster average processing time per epoch and the smaller number of epochs completed before
early stopping. For this reason, average time per epoch provides an additional architecture-oriented comparison.
MobileNetV2 required 7.41 seconds per epoch, whereas VGG16 required 14.17 seconds.

MobileNetV2 also required 3.745 seconds to generate predictions for the complete testing subset, compared
with 9.260 seconds for VGG16. The corresponding inference times were 3.741 and 9.251 milliseconds per image.
Therefore, MobileNetV2 reduced inference time by 59.56% under the same single-GPU measurement procedure. Its
weight file was 12.80 MB, representing a 77.83% reduction compared with the 57.73 MB VGG16 weight file.

3.2 Discussion

The results demonstrate that MobileNetV2 produced numerically higher classification performance than VGG16
across all test metrics. The improvement of approximately one percentage point in accuracy was relatively small but
was accompanied by consistent improvements in Macro Precision, Macro Recall, Macro F1-score, and Macro ROC-
AUC. This consistency indicates that the improvement was not attributable to only one class. The confusion
matrices also showed increases in the number of correct predictions for the dog, cat, and sheep classes.
Nevertheless, the exact McNemar test indicated that the improvement was not statistically significant at the 0.05
level. Therefore, the findings should not be interpreted as statistical proof that MobileNetV2 has superior
classification capability. A more appropriate interpretation is that MobileNetV2 provides classification performance
that is at least comparable to that of VGG16 while offering substantial efficiency advantages.

This finding is relevant to the study conducted by Nazir and Kaleem [6], who applied transfer learning to
animal image classification on an edge-based camera-trap platform. Their study reported that MobileNetV2
achieved a precision of 0.95, a recall of 0.96, and an F1-score of 0.95 on one of the datasets used. The present study
obtained a Macro Precision of 0.9784, a Macro Recall of 0.9780, and a Macro F1-score of 0.9781. These higher
values cannot be directly interpreted as superior performance because of differences in the datasets, number of
classes, data distributions, and image-capture environments. The present dataset contained only three balanced
classes, whereas camera-trap images generally exhibit greater environmental variation and more complex object
quality. Nevertheless, both studies demonstrate that MobileNetVV2 can produce high performance while maintaining
relatively low computational requirements.
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Tan et al. [4] reported that the performance of deep neural networks for wildlife classification is affected by
image quality, illumination, viewing angle, and environmental conditions. The addition of metadata in their study
increased accuracy from 98.4% to 98.9%. This finding indicates that visual information alone may be limited when
objects are not clearly visible. The present study used only image information without metadata but still achieved an
accuracy of 97.8022% using MobileNetV2. The difference between the studies lies in the types of datasets and
information sources employed. The findings of Tan et al. suggest that the performance achieved in the present study
could potentially be improved through metadata integration, particularly if the method is applied to camera traps or
animal-monitoring systems in real-world environments.

Battu and Reddy Lakshmi [3] emphasized that animal image classification faces challenges associated with
natural environmental conditions and label quality. Their study employed a deep neural network approach to classify
noisy camera-trap images. In contrast, the present experiment performed file validation, duplicate detection, and
class balancing before training. These procedures produced more controlled experimental conditions but
simultaneously limited the generalizability of the findings to more diverse datasets. The high accuracy achieved by
both models in this study was therefore likely influenced not only by their architectural capabilities but also by the
use of three balanced and relatively distinguishable classes.

The MobileNetV2 results also support the study by Indraswari et al. [11], who used MobileNetV2 for image
classification and considered the architecture suitable for implementation on mobile devices. Although their research
objects differed from those examined in the present study, both studies demonstrate that MobileNetV2 can use
transfer learning to produce effective classification without requiring a large architecture. Differences in
performance across datasets demonstrate that model capability remains dependent on object characteristics, the
number of classes, preprocessing procedures, and data quality. Therefore, the present findings should be regarded as
evidence specific to the three selected Animals-10 classes rather than a guarantee that identical performance will be
obtained on every animal image dataset.

VGG16 nevertheless demonstrated strong performance, achieving an accuracy of 96.8032% and a Macro
ROC-AUC of 99.6687%. This result is consistent with the use of VGG16 as a feature extractor in various transfer
learning studies [6]. VGG16 even achieved a lower best validation loss than MobileNetV2, at 0.062700 compared
with 0.084099. However, this lower validation loss did not result in higher test accuracy. This condition may occur
because validation loss and test accuracy measure different aspects of model performance. Validation loss considers
predicted probabilities on the validation set, whereas test accuracy measures only the proportion of correct
classifications on the test set. Differences between the validation and test samples may also cause the relative
performance ranking of the two models to change.

The primary advantage of MobileNetVV2 was its efficiency. Its inference time was 59.56% lower, and its
weight file was 77.83% smaller than that of VGG16. This finding is consistent with the development of lightweight
convolutional neural networks, which aims to reduce computational costs without causing a substantial loss of
performance [7]. MobileNetV2 uses depthwise separable convolutions, inverted residuals, and linear bottlenecks,
enabling convolutional operations to be performed more efficiently. In contrast, VGG16 employs a sequence of
standard convolutions with large feature maps, resulting in greater computational and parameter-storage
requirements.

The practical implication of these results is that MobileNetV2 is more suitable for animal image
classification applications that require rapid responses or operate on devices with limited capacity. Possible
applications include camera-trap devices, mobile applications, livestock-monitoring systems, and edge devices that
process images without continuously transmitting them to a server. This efficiency may reduce processing time,
storage requirements, bandwidth consumption, and delays in obtaining classification results. The present findings
are also consistent with studies of deep learning-based animal monitoring that identify model efficiency as an
important requirement for real-world deployment [8], [9]

The McNemar (p)-value of 0.063915 provides important context for interpreting the difference in accuracy
between the two models. Although MobileNetV2 corrected 17 predictions that were incorrect for VGG16 and lost
only seven predictions that VGG16 classified correctly, the number of discordant pairs was insufficient to cross the
statistical significance threshold of 0.05. This result does not mean that the two models are identical; instead, it
indicates that the evidence obtained from the test set was not sufficiently strong to establish a statistically significant
difference in classification performance. Therefore, the recommendation to use MobileNetV2 is more strongly
supported by its combination of numerical performance and computational efficiency than by its accuracy difference
alone.

The contribution of this study lies in the implementation of a controlled comparison protocol. Both models
used identical training, validation, and test images; the same classification head; equivalent training configurations;
and inference evaluations performed on the same device. In addition to classification metrics, this study measured
training time, inference time, and weight file size and subsequently verified differences in the paired predictions
using the exact McNemar test. This approach complements previous studies that generally emphasized accuracy
without necessarily testing the statistical significance of performance differences or simultaneously evaluating
computational costs.

This study was limited to three classes from the Animals-10 dataset and a single data split generated using a
random seed of 42. Class balancing improved the fairness of the evaluation but reduced the number of dog images
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used and did not represent the imbalanced class distributions that may occur under real-world conditions. SHA-256
examination could identify identical files but could not detect every possible near-duplicate image resulting from
resizing, compression, or cropping. Furthermore, the computational times were obtained in the Kaggle environment
and may have been affected by the hardware configuration and system workload at the time of the experiment.

Future studies could expand the number of classes, use multiple random seeds or stratified cross-validation,
and group near-duplicate images before dividing the dataset. Testing on edge devices is also required to confirm the
advantages of MobileNetV2 under real-world implementation conditions. Grad-CAM analysis could be employed to
verify that the models make decisions based on relevant animal body regions rather than background patterns.
Considering classification performance, computational efficiency, and statistical testing simultaneously,
MobileNetV2 represents a more proportionate choice for developing lightweight and responsive animal image
classification systems.

4. CONCLUSION

This study compared the classification performance and computational efficiency of VGG16 and MobileNetV2
using transfer learning for the classification of Dog, Cat, and Sheep images selected from the Animals-10 dataset.
Following class balancing, 5,004 images were used, consisting of 1,668 images per class. Both models were trained
and evaluated using identical data partitions, classification heads, and training configurations. MobileNetV2
achieved an accuracy of 97.80%, a macro F1-score of 97.81%, and a macro ROC-AUC of 99.88%, whereas VGG16
achieved 96.80%, 96.81%, and 99.67%, respectively. Although MobileNetV2 produced numerically higher
classification metrics, the exact McNemar test yielded a p-value of 0.0639. Therefore, the difference in their
classification outcomes was not statistically significant at the 5% significance level. The results indicate that
MobileNetV2 provided classification performance comparable to that of VGG16 rather than statistically superior
performance. The principal advantage of MobileNetV2 was its computational efficiency. MobileNetV2 reduced
total training time by 66.03%, inference time by 59.56%, and model weight size by 77.83% compared with VGG16.
These reductions demonstrate that a lightweight architecture can maintain high classification performance without
requiring the computational and storage resources associated with a larger architecture. Consequently, MobileNetV2
represents a more practical choice for animal image-classification applications with limited processing capacity,
storage, or response-time requirements. The findings are limited to three balanced Animals-10 classes, a single
stratified data partition, frozen convolutional bases, and the specified experimental environment. Future studies
should evaluate all Animals-10 classes, employ repeated stratified splits or cross-validation, and investigate partial
fine-tuning to examine the stability and generalisability of the findings. Additional experiments on edge or mobile
devices are also recommended to evaluate memory consumption, energy use, inference latency, and real-world
deployment performance.
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