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Abstract

Deep learning models demonstrate a high degree of accuracy in image classification. The task of distinguishing between
various sources of red fox images—such as authentic photographs, game-captured images, hand-drawn illustrations, and Al-
generated images—raises important considerations regarding realism, texture, and style. This study conducts an evaluation of
three deep learning architectures: Inception V3, VGG-16, and VGG-19, utilizing images of red foxes. The research employs
Silhouette Graphs, Multidimensional Scaling (MDS), and t-Distributed Stochastic Neighbor Embedding (t-SNE) to assess
clustering and classification efficiency. Support Vector Machines (SVM) and Logistic Regression are utilized to compute the
Area Under the Curve (AUC), Classification Accuracy (CA), and Mean Squared Error (MSE). The MDS plots and t-SNE data
clearly demonstrate the capability of the three deep learning models to distinguish between the image categories. For game-
captured images, VGG-16 and VGG-19 demonstrate quite outstanding performance with silhouette scores of 0.398 and 0.315,
respectively. This study explores the enhancement of classification accuracy in logistic regression and support vector machines
(SVM) through the refinement of decision boundaries for overlapping categories. Utilizing Inception V3, an artificial
intelligence-generated image silhouette score of 0.244 was achieved, demonstrating proficiency in image classification. The
research highlights the challenges posed by diverse datasets and the efficacy of deep learning models in the classification of
red fox images. The findings suggest that integrating deep learning with machine learning classifiers, such as logistic
regression and SVM, may improve classification accuracy.
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1. Introduction

In the realm of complex image classification tasks, such
as the categorization of photographs depicting wild
animals, hybrid classification techniques—which
integrate deep learning models with machine learning
algorithms—are gaining prominence. The red fox, in
particular, presents a unique challenge due to its diverse
habitats and morphological similarities to other species.
This classification process typically overwhelms
traditional  classification  techniques; thus, an
appropriate hybrid solution is needed [1]. This study
uses deep learning features like VGG-16, VGG-19, and
Inception V3 to investigate a hybrid classification
framework by combining Logistic Regression and
Support Vector Machines (SVM) models. For photo

identification applications, convolutional neural
networks (CNNs) like VGG-16 and Inception V3 might
show remarkable feature extraction accuracy [2]. The
proposed model combines their expertise in feature
extraction with the classification accuracy of SVM and
Logistic Regression to increase accuracy and
generalizability. The shortcomings of individual
classifiers are mitigated and workable solutions to
wildlife classification issues are provided by combining
various approaches.

The primary uses of image analysis of red foxes are
ecological monitoring, behavioral research, and species
identification. However, it is challenging to accurately
identify red fox pictures due to their wide geographic
range and complex morphological characteristics. Prior
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to this, red foxes were distinguished from other canids
using labor-intensive and error-prone manual feature
extraction and photographic analysis methods. The red
fox recognition is now automatic and extremely
accurate thanks to Convolutional Neural Networks
(CNNs), a type of deep learning. Photos taken in
different lighting conditions have been used to extract
distinguishing features like body form and fur patterns
using pre-trained models like VGG-16 and Inception
V3 [3]. CNN features combined with machine learning
classifiers like SVM have significantly improved
classification performance in datasets with unequal
species representation [4]. These advancements have
improved our ability to monitor red fox populations,
supporting biological research and conservation efforts.

Image recognition and species identification have been
much improved via classification and deep learning.
Prior studies found convolutional neural networks like
AlexNet, which changed feature extraction for difficult
datasets [5]. Inception V3 improved classification
performance by means of factorized convolutions and
additional classifiers, therefore highlighting its
relevance in wildlife research where precise species
identification is vital [6]. Most research has focused on
CNN-based categorization, thereby disregarding the
general significance of hybrid techniques integrating
conventional machine learning models. Although
SVMs have shown strong performance in species
classification—especially ~ when  coupled  with
handcrafted or deep learning components—their
success in hybrid systems for red fox images
classification is yet unknown. Logistic regression is a
basic component of hybrid models, even if its simplicity
is due to its strong interpretability and efficiency with
linearly separable datasets. Recent studies suggest that
in challenging classification tasks involving imbalanced
datasets, the integration of CNNs with machine learning
classifiers, including SVM and logistic regression,
increases resilience and generalization [7]. This work
intends to present a more exact and efficient solution
employing a new hybrid approach integrating CNN-
based feature extraction with SVM and logistic
regression for red fox image classification.

This study offers a hybrid classification strategy
combining a Support Vector Machine (SVM) with
Logistic Regression by using pre-trained deep learning
architectures VGG-16, VGG-19, and Inception V3.
CNN-based feature extraction combined with the
interpretability and efficiency of SVM and Logistic
Regression improves computational efficiency and
classification accuracy, unlike most methods, which
basically depend on fixed deep learning or conventional
machine learning algorithms. By use of the hierarchical
feature extraction powers of VGG-16, VGG-19, and
Inception V3, the proposed method detects complicated
morphological changes in red foxes across many image
categories: real-world, game-captured, hand-drawn,
and artificially created images. Furthermore, using
hybrid machine learning methodologies with reduced

classification thresholds enhances generalizability from
imbalanced datasets. The findings unequivocally
demonstrate the substantial advancements that hybrid
machine learning and deep learning have led to in the
development of categorization systems.

Therefore, the integration of Convolutional Neural
Networks (CNN) with Conventional Classifiers is made
possible by the strong and scalable solution that is
provided by assisting in the identification of animal
images in Al-generated image analysis and ecological
monitoring. This method addresses issues like visual
similarity to other species and environmental
unpredictability; hence, it improves classification
accuracy and robustness. The next parts of the research
deal with the use of the hybrid model and the
approaches for data preparation and collection. We will
first demonstrate the assessment measures for model
performance, followed by a careful analysis of the
outcomes using conventional methods. The results are
discussed in the next section of the research, coupled
with their consequences for wildlife monitoring and
suggested approaches for automated  species
categorization in the next projects.

Machine learning and deep learning technologies have
tremendously expanded research on automated species
categorization by providing more scalable and
consistent approaches for wildlife monitoring [8]. Early
attempts in this sector mostly relied on traditional
machine learning methods, such as Support Vector
Machines (SVM) and Logistic Regression, which
conducted classification with manually created features
obtained from images with customized tools. Although
their effectiveness with smaller and more clearly
specified datasets was good, these algorithms suffered
greatly when applied to vast and diverse wildlife
datasets distinguished by significant variety in animal
anatomy, lighting conditions, and environmental
factors [9]. CNNs changed the domain by allowing
automatic and powerful feature extraction directly from
unprocessed  visual input, hence enhancing
classification accuracy and efficiency. Pretrained
models using deep architecture with small
convolutional filters—VGG-16 and VGG-19—are
often utilized for feature extraction. These models
capture intricate visual features yet can efficiently
generalize throughout a spectrum of activities and
contexts. These systems exhibit amazing species
detection and classification by way of camera-captured
images in wildlife monitoring [10]. Although they are
effective, managing imbalanced datasets and complex
ecological circumstances remains difficult; thus, more
research on hybrid algorithms combining CNNs with
conventional machine learning classifiers is essential to
increase classification performance.

Furthermore, hybrid models have shown to increase
resilience in real-world settings where normal
fluctuations in lighting, posture, and environmental
variables exist [11]. Since their bodily forms and some
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of their visual characteristics cross those of other
species, few research has concentrated on the difficulty
in classifying red foxes. This work uses the benefits of
hybrid models combining contemporary CNNs with
conventional classifiers to enable individuals to
recognize red foxes and offer a consistent approach to
animal monitoring [12]. Common and flexible
carnivores are found all throughout North America,
Europe, and Asia. The red fox lives in most of the cities
to meadows and woodlands, the red fox finds perfect
habitat all around. Often opportunistic feeders,
consuming small animals, birds, fruits, and even human
food waste, this animal is the red fox for its pointed ears,
bushy tail, and beautiful reddish-orange fur. Their
success in rural and urban settings—where they often
dwell next to people—has come from their capacity to
adapt to different situations [13]. Red foxes are a vital
participant in preserving ecological balance as they
regulate the numbers of tiny animals, therefore
influencing ecosystems.

The fox is one of the few species that survive in the
wide-open landscape of Hyrule in The Legend of Zelda:
Breath of the Wild. Designed and released by Nintendo,
the game is part of the much-loved Zelda series and
premiered 2017 for the Nintendo Switch and Wii U.
Players in this open-world action-adventure game rouse
Link from a long hibernation to stop the horrible
Calamity Ganon. Among the several creatures’ players
discover in the diverse surroundings improving the
immersive and dynamic environment of the game are
foxes. Usually wary and retreating as the player
approaches, foxes in Zelda: Breath of the Wild might be
seen prowling forests. Under direction by Hidemaro
Fujibayashi and created by Eiji Aonuma, the game was
praised for its creative mechanics, meticulous attention
to detail, and adaptability it gives players in exploring
and interacting with the environment [14].

Artificial intelligence red fox images show an
interesting junction of artificial intelligence and wildlife
representation whereby machine learning algorithms—
especially Generative Adversarial Networks (GANS)—
are used to generate realistic or creative representations
of this well-known animal. Extensive databases of real-
world fox images allow training on these artificial
intelligence systems to learn to create complete visual
representations, so capturing the special features of the
red fox, including its reddish-orange fur, bushy tail, and
sharp facial expressions [15]. Environmental
simulation, gaming, and instructional tools are among
the applications for such Al-generated photos; they help
to produce lifelike representations without asking for
actual animal photography. Therefore, modeling
numerous scenarios or settings involving red foxes
helps to better wildlife research and conservation
activities by means of thorough study of animal
behavior and ecosystems [16]. As artificial intelligence
develops, the precision and inventiveness in creating
creatures like the red fox may grow, therefore offering
even more chances for their use in many other spheres.

Red fox Tod interacts with hound dog Copper in
Disney's 1981 animated film The Fox and the Hound.
The story looks at personal qualities that set people
apart, social expectations, and the challenges of growth.
Although Tod's inner complexity is clear as he tries to
keep his love for Copper despite their basic differences,
his conduct is defined by traditional fox traits like
cunningness and arrogance. The red fox in the movie
stands for both urban environments and wild
surroundings as well as young innocence. Viewers have
especially related to the critically praised picture The
Fox and the Hound for decades, which investigates
ideas of friendship, loyalty, and the conflict between
nature and nurture [17].

2. Methods

Four sets of one hundred pictures per made up of the
diversified collection used in the study. There were 400
images in total. The first group consists of one hundred
actual red foxes in their natural environment, which
properly represents the species. Figure 1 presents the
example of the captured true nature of the red fox with
its pointed ears, bushy tail, and reddish-orange fur. The
second collection consists of one hundred images taken
from a video game featuring foxes among other
animals. These pictures show digitally created foxes put
in a fantastical setting.

Real Red Fox

Al-Generated, 2024

BE ‘..‘“o‘v_ R

Game Zelda BOTW, 2017

Disney hand-drawn, 1981

Figure 1. Four Images of Red Fox from Various Sources

Seen in the third set of one hundred images, Tod and
Vixey, the red fox characters, uses a hand-drawn
animation style in the Disney movie “The Fox and the
Hound”. These pictures emphasize the range of
emotions the animal experiences and provide a realistic
and imaginative picture of it, therefore underlining its
sensitivity. One hundred photos of red foxes produced
by artificial intelligence using generative adversarial
networks (GANs), an ML method make up the
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collection. Using fictional materials, these computer-
generated images aim to almost perfectly resemble real
foxes. This study is to examine efficient processing and
classification of many image formats to increase
understanding of the problems and accuracy of fox
photo categorization from numerous sources.

Figure 2 shows the process of the 400 images that have
been collected. The image processing was carried out
using the Orange Data Mining application by
performing data extraction on the image collection and
then conducting image embedding using Inception V3,
VGG-16, and VGG-19. Next, it is classified using
Support Vector Machine and Logistic Regression until
the image collection can be analyzed using t-SNE,
MDS, and Silhouette plot.

START

Y

Data Processing

- Real Red Fox Images

- Red Fox Al-Generated Images
- Red Fox Drawings Images

- Red Fox Game Images

k4

Image Embedding
[Feature Extraction)

- Inception V3 Festure Extraction
-WEGE-16 Feature Extraction
-VGEGE-19 Festure Extraction

4

Classification

- Train using Support Vector Machine [SYM)
-Train using Logistic Regression

Y

Result Analysis

- Bvaluate Classification Performance
- Analyze using t-5ME, MD35, Silhoustte Plot

h 4

END

Figure 2. Flowchart of Research Method
2.1 Data Processing

This phase produces a diverse array of images for
feature extraction, utilizing four distinct types of
images: game-captured images, artificial intelligence-
generated images, drawing images, and real red fox
images. Artificial intelligence images are generated
using generative models such as GANs [15]. Game
images are captured by in-game conditions that are
created by computer design; real red-fox images are

those that are genuine and not produced by human-
made tools.

The act of drawing images or using digital paints is an
expression of artistic expression. The classification
model's ability to generalize effectively across multiple
image sources is ensured by the acceptance of a diverse
range of input types by these categories [18]. The model
can more accurately classify and identify images from
a variety of backgrounds because of this spectrum.

2.2 Image Embedding (Feature Extraction)

This process transforms images into numerical values
appropriate for classification. Three deep learning
models—VGG-16, VGG-19, and Google Inception
V3—are utilized to accomplish this goal. VGG-16
utilizes a sixteen-layer Convolutional Neural Network
(CNN) to extract fundamental hierarchical features
from images, including edges, textures, and complex
patterns [19]. Despite comprising 19 layers, VGG-19 is
comparable and can generate more accurately defined
images.

Google Inception V3, a sophisticated CNN architecture,
achieves computational efficiency and efficacy on
intricate datasets by utilizing diverse filter widths in
each convolutional layer to capture a spectrum of
features across multiple layers [20]. Each technique
generates embeddings from images by extracting
features that serve as numerical representations,
maintaining essential image information while
minimizing dimensionality, thus improving assessment
and comprehension by machine learning models.

2.3. Classification

The objective is to group acquire attributes utilizing
machine learning models. This study employs two
prevalent classification techniques: logistic regression
and support vector machine (SVM). Support Vector
Machine (SVM) is a supervised machine learning
technique that is particularly effective in classifying
high-dimensional data, such as image embeddings, by
identifying the optimal hyperplane to separate data
points into distinct classes [21].

Primarily used in binary classification, logistic
regression assesses the probability of a sample
belonging to a particular class and can be extended to
multiclass scenarios through one-versus-all techniques
[22]. Utilizing the embeddings generated by the VGG-
16, VGG-19, and Inception V3 models, these classifiers
will categorize images into designated classifications
such as game, artificial intelligence, hand-drawn, and
real-world images. The simplicity and efficacy of
Support Vector Machines and Logistic Regression
render them excellent alternatives for this classification
problem.

2.4 Result Analysis

This study evaluates classification models across
diverse image domains using metrics including F1

438



Sabayu et al

Jurnal RESTI (Rekayasa Sistem dan Teknologi Informasi), Vol. 9 No. 3 (2025)

score, recall, accuracy, and precision. Utilized
dimensionality reduction techniques, namely t-SNE and
MDS, to visually depict high-dimensional embeddings.
This indicated that unique clustering patterns could be
identified, allowing each classifier to differentiate
between image categories. The silhouette plot, which
quantitatively evaluated clustering quality via intra-
cluster cohesion and inter-cluster separation, further
corroborated the models [23]. This methodology
evaluated SVM and logistic regression across four
categories: real red fox images, hand-drawn, Al-
generated images, and game images.

The study reveals inconsistencies in  model
effectiveness, with certain models outperforming others
for image categories due to the distinctive
characteristics of the underlying CNN architectures.
This study assesses the advantages and disadvantages
of each classifier through quantitative metrics and
visual representations, thereby aiding in the selection of
the most appropriate model for various input types. The
thorough investigation uncovers significant new
insights into classifier behavior, suggesting that image
categorization presents challenges for future research
efforts [24].

3. Results and Discussions

Regularly outperforming three models with different
architectures—Inception V3, VGG-16, and VGG-19—
is logistic regression. This holds outside of design.

Table 1. Logistic Regression (LR) and Support Vector Machine
(SVM) Results

Model Feature AUC CA F1 Prec Rcl MCC
Extraction
InceptionVV3 1.00 099 0.99 099 099 0.98
LR VGG-16 1.00 1.00 100 1.00 1.00 0.99
VGG-19 1.00 099 099 099 099 0.98
Inception V3 1.00 0.98 0098 098 098 0.98
SVM VGG-16 1.00 097 097 0.97 097 0.96
VGG-19 1.00 096 096 096 096 0.95

Table 1 shows the logistic regression approach used in
Inception V3, which yielded some quite amazing
results. These have an MCC of 0.983, an AUC of 1.000,
CA of 0.989, F1, accuracy and recall of 0.987. Logistic
regression performed rather well in the VGG-16
architecture with a 1.000 for area under the curve
(AUC), 0.995 for confidence interval (CA), and 0.995
for F1, recall, accuracy, and MCC, logistic regression.
Getting these results requires attaching great degrees of
accuracy. Logistic regression kept on outperforming
VGG-19, as in past example, with an AUC of 1.000, a
CA of 0.985, and F1, precision, recall, and MCC all at
0.985. SVM did remarkably and peaked in Inception V3
with an AUC of 0. 999 and CA of 0.983. This was the
best result thus far generated. Though it constantly
displayed rather low values, it kept producing
outstanding results. Logistic regression was the best
among all the models and setups. Though usually
robust, the Support Vector Machine (SVM) routinely

performed worse than logistic regression. This was
noted under several benchmarks, including accuracy
and area under the curve (AUC).

3.1 Results

The t-SNE visualization of the four image categories
(Figure 4, 5 and 6): Al-generated images (blue circles),
drawings from "The Fox and the Hound" (red crosses),
game images from "The Legend of Zelda: Breath of the
Wild" (green triangles), and real-world fox images
(orange crosses). Four different image types—
drawings, game images, artificial intelligence-
generated images, and real-world images of foxes—are
analyzed inception V3, VGG-16, and VGG-19 to show
their clustering performance.

T-SNE visualizations are applied to underline these
performances. Figure 3 shows the Inception V3 clusters
have some overlap between the game-captured and Al-
generated images, which would point to feature mixing.
Moreover, the created images of the game and their own
self-generated images only somewhat overlap.
Moreover, the created images and real-life pictures of
the game have a certain resemblance.

Figure 3. t-SNE result using Google Inception V3

Figure 4. t-SNE result using VGG-16

Though there are a few obvious outliers, the VGG-16
method (Figure 4) enhances separation, especially
between game images and drawings. This is rather
evident when one compares the two image formats.
This is particularly pertinent while differentiating the
two varieties of images.

Clustering the several categories helps to make this
possible. The arrangement makes this feasible. Having
this strategy in place will help us to reach our target.
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Figure 5 shows VGG-19 is the most advanced model
since it shows the most compact and unique clusters
with the least overlap. This shows its extraordinary
feature extraction and category differentiation capacity.
Though it beats the Inception V3 model generally, in a
few areas the most unique VGG-19 model is rather less
effective. Next comes the VGG-19 model then the
VGG-16 model. Though all three models can fairly
separate the categories, the VGG-19 model offers the
best separation. This is still the case even if all three
models can clearly separate. This is a broad overview.

Figure 5. t-SNE result using VGG-19

The scatter plot analysis exposes several approaches to
illustrating red foxes (Figure 6-8). orange plus signs
(Real-world images), green triangles (game), red
crosses (drawings), and blue circles (Al-Generated
images). By images of red foxes, models Inception V3,
VGG-16, and VGG-19 can generate the MDS
(Multidimensional Scaling). The outputs greatly exhibit
various clustering trends.

Figure 6. MDS result using Google Inception V3

Figure 6 illustrates the reliability and efficacy of the
Inception V3 classification systems, which adeptly
distinguish between various image categories, such as
illustrations, game-captured images, and real-world
photographs, through well-defined clusters. Figure 7
demonstrates that VGG-16 effectively categorizes
original data points into four distinct groups: artificial
intelligence-generated images, real-world images,
gaming images, and drawings, utilizing exceptional
feature extraction and classification capabilities..

Figure 7. MDS result using VGG-16

The results define several clusters for the same
categories and show the stability of VGG-19 over
several image datasets, shown in Figure 8. Three closely
spaced models show the amazing arrangement of
several red fox image variants. While all models run
effectively, little variations in cluster alignment and
cohesiveness could affect the generalizability and
feature extraction details. Artificial intelligence
research, game development, wildlife monitoring,
image classification among other uses show promise for
deep learning models including Inception V3, VGG-16,
and VGG-19.

Figure 8. MDS result using VGG-19

The MDS (Multidimensional Scaling) results for
Inception V3, VGG-16, and VGG-19 show their ability
to classify red fox images over many datasets when
tightly matched with their respective t-SNE values.
Particularly true when considering Al-generated images
and in-game graphics, there are some commonalities
shown by the clear clusters revealed by Inception V3.
VGG-16 improves cluster refinement and more varied
groupings, so facilitating better extraction and
classification of features. Getting perfect separation by
well-defined small clusters shows how remarkably
effectively VGG-19 classifies. All three models show
remarkable ability in differentiating between four types
of images: those produced artificially, drawings, images
from games, and images from the real world. This is
true despite little variations in cluster separation and
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compactness as well as feature extraction capacity. As
the MDS results show, digital art analysis, artificial
intelligence development, and wildlife monitoring are
just a few of the several disciplines that can benefit from
the accuracy in image classification of the models.

Various images of red foxes reveal varying degrees of
clustering efficiency in the silhouette plots generated by
the Inception V3, VGG-16, and VGG-19 models. With
a silhouette score of 0.244, Figure 9 shows the Inception
V3 beats other Al-generated image clustering systems
displaying notable intra-cluster similarity and clear
difference from other clusters. A score of 0.013 denotes
flaws in the images of the game. Figure 10 shows VGG-
16 accuracy in spotting game images with its amazing
silhouette score (0.398). Drawings clusters based on a
0.002 score produces less than perfect results.

VGG-19 shows clustering difficulty with a score of
roughly 0.007 (Figure 11); yet it performs effectively in
classifying game images with a score of 0.315. From
both natural and synthetic images, the two VGG models
generate unsatisfactory results. Every model shows
superiority in some domains: Since all models except
for Inception V3 show poor performance in this regard,
improved accuracy in clustering drawings is obviously
needed. VGG-16 and VGG-19 perform better on game
images in some other respects as well.

-0.2 -0.1 0 0.1 0.2 03
| I | L 1 L

RF Al (0.244)

RF Drawings (0.037)

RF Game (0.013)

RF Real (-0.074)

f t
-0.2 -0.1 0 0.1 02 03

Figure 9. Silhouette Plot result using Google Inception V3

-0.1 0 0.1 0.2 0.3

RF Al (0.053)

RF Drawings (-0.002)

RF Game (0.308)

RF Real (0.077)

-0.1 0 0.1 0.2 0.3
Figure 10. Silhouette Plot result using VGG-16

This comparison highlights the need to choose a
suitable model depending on the specific demand of the
image classification employment. By means of the
Silhouette Plot, the clustering efficacy of Inception V3,
VGG-16, and VGG-19 is revealed in an analysis of the
data for several red fox image categories. The silhouette
score of 0.244 for Inception V3 shows great efficiency
in Al-generated images; on game images, its score of
0.013 indicates rather challenging results. VGG-16
achieves the highest clustering accuracy for game
images (0.398 silhouette score), while struggling
separating drawings (yielding a score of 0.002). With
game images (0.315), the results show VGG-19
performs rather well; with clustered drawings (0.007),
it performs poorly. About the grouping of real-
generated and synthetic images, both VGG models
exhibit very poor performance. Though VGG-16 and
VGG-19 shine with gaming images, the statistics show
that Inception V3 is the best option for Al-generated
image tasks. The need for improved feature extraction
in this field is shown by the impossibility of any model
to precisely cluster drawings. This stresses the need to
customize the model to meet the requirements of the
image classification job.
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RF Al (0.068)

RF Drawings (-0.007)

RF Game (0.315)

RF Real (0.054)
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Figure 11. Silhouette Plot result using VGG-19
3.2 Discussions

This study categorizes red fox images utilizing Deep
Learning models Inception V3, VGG-16, and VGG-19.
Although category affects performance, the findings
indicate that these models effectively differentiate
between real-world, game, drawing, and artificial
intelligence-generated images. Convolutional neural
networks (CNNs) extracted extensive features from
various image types and demonstrated efficacy in image
classification tasks. Various filter sizes utilized in each
layer result in Inception V3 exhibiting exceptional
image accuracy in artificial intelligence. This
corroborates previous research demonstrating the
efficacy of multi-scale CNN architecture in handling
challenging datasets [25].

VGG-16 and VGG-19 demonstrated significant
accuracy in identifying game images due to their
intricate architecture. Since none of the three models
successfully clustered the drawing images, abstract or
stylized images appear to impede feature extraction [7].
Deep learning models can identify this, thereby
corroborating prior research that demonstrates
sophisticated non-photorealistic content. Particularly
for VGG-16 and VGG-19, which exhibited subpar

performance on these datasets, the silhouette plot
analysis revealed distinct clustering deficiencies.

Although all models exhibit remarkable clustering
abilities, the t-SNE and MDS visualizations reveal that
Inception V3 is particularly proficient at differentiating
images generated by artificial intelligence, highlighting
its superiority in handling synthetic media. Although
these models are adequate, the ambiguous clusters
identified in VGG-16 and VGG-19 indicate a possible
lack of nuance for specific image categories in their
feature extraction processes. The paper underscores the
importance of tailored datasets and domain-specific
training to improve classification accuracy in
specialized fields, including artificial intelligence
research [26].

Research indicates that image classification is essential
for assessing animal populations, thereby rendering
deep learning models pertinent for practical
applications such as wildlife conservation. Artificial
intelligence-generated images, particularly those
produced by GANSs, offer innovative opportunities in
virtual environments and content creation [27]. Studies
indicate that improved feature extraction, particularly
for abstract image categories, yields more resilient
models for diverse classification tasks.

This study elucidates the advantages and disadvantages
of various deep learning models in the identification of
red fox images. This facilitates the exploration of
innovative concepts, such as hybrid models and
attention mechanisms, to address contemporary
challenges in image classification. Future research
should concentrate on augmenting generalization and
classification accuracy through feature extraction
techniques, while simultaneously improving model
efficiency across a broader spectrum of image
categories [28].

4. Conclusions

This study presents the efficacy of deep learning
models—inception V3, VGG-16, and VGG-19—in
classifying red fox images into four separate categories:
actual red fox images, game-captured, hand-drawn, and
Al-generated. Despite variations in model performance
indicated by Silhouette Scores, Inception V3
demonstrated significant efficacy in Al-generated
images (0.244), whereas VGG-16 and VGG-19
achieved superior outcomes for game-captured images
(0.398 and 0.315, respectively). T-SNE and MDS
visualizations facilitated the validation of multiple
cluster setups. Lowering decision thresholds will
enhance the efficacy of Logistic Regression and
Support  Vector Machines (SVM) in  hybrid
classification systems, hence improving classification
accuracy. Despite these advancements, the diversity of
datasets posed challenges for categorization, since
models demonstrated varying capacities based on the
image type. To improve generalization, further
investigation into adaptive learning methodologies,
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including transformer-based models and self-
supervised learning, is crucial. Improving model
resilience requires the incorporation of a broader range
of information, including motion blur, background
fluctuations, and changes in illumination. Future
research should investigate integrated approaches that
combine different deep learning architectures to
improve stability and accuracy across diverse image
categories. This research highlights the significance of
deep learning in digital art analysis, Al-generated
content classification, and wildlife monitoring, while
also laying the groundwork for future advancements in
automated image recognition.
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