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ABSTRACT

There is a growing need for automated classification of animal species, particularly in wildlife conservation, ecological research, environmental
monitoring, and precision agriculture. Manual classification methods are time-consuming, labor-intensive, and can be prone to human error when
dealing with large datasets; therefore, automated intelligent systems provide a significant advantage. This work presents a framework to address
these

Keywords: challenges using a multi-class image classification approach based on transfer learning and deep learning methodologies. Two widely

accepted Transfer learning convolutional neural network (CNN) architectures, VGG16 and InceptionV3, VGG16 are employed to classify

animal images into six categories: butterflies, InceptionV3, chickens, elephants, horses, spiders, and squirrels. Pre-processing steps such image

classification, as resizing, normalization, and data augmentation are systematically applied deep learning, to enhance dataset quality and

improve the generalization capability of the models. Both models are finetuned with customized classification layers to performance metrics

. . . . . confusion matrix . .
efficiently extract meaningful features while reducing computational overhead. Model performance is evaluated using

accuracy metrics, loss analysis, confusion matrices, and detailed classification reports to assess prediction reliability. Experimental findings indicate
that although both VGG16 and InceptionV3 demonstrate strong classification performance, InceptionV3 achieves superior accuracy, faster
convergence, and greater stability due to its factorized convolutional architecture and multi-branch design.
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1. INTRODUCTION

Correct species identification still holds prominence in biodiversity, ecological monitoring, precision agriculture, and
automated management of wildlife species. Manual species labeling of large image collections of wild animals, especially through
camera traps, is still a cumbersome process, thereby justifying the use of automated species classification systems based on deep
learning techniques. Early works proved the applicability of the concept of transfer learning using advanced convolutional networks
such as Xception and VGG16 for the automated species classification of visually similar endangered species and primates, without
requiring large amounts of data for the project’s successful completion [1],[2]. Further developments in dog breed classification and
multi-species classification brought about the significance of hybrid approaches using deep learning techniques for enhanced
precision, generalization, and applicability [3],[4]. Animal species identity detected through aerial maps and drones was found
extremely reliable through application of multiclass recognition models using deep learning techniques, ensuring successful species
recognition in adverse environmental conditions [5]. Multi-class object recognition, species monitoring tasks, and improved
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prediction models using advanced CNN techniques and other species recognition systems further brought about the surplus
applicability of techniques using CNN models in ecological systems [6],[7],[10]. Application of concepts using domain-aware
preprocessing and domaGoogLeNet, DenseNet, and ResNet, supported by preprocessing models based on domain intelligence
[81,[91,[11]-[13]. Further advancements were made using difficult-to-recognize species like aquatic, visually resembling parrot
species, and small data sets, thereby validating the applicability of CNN technique concepts using challenging recognition methods
[14], [15]. Further recent advancements brought about enhanced precision using species- ResNet, enhanced recognition systems
using wild species, and automated systems for ecological environmental monitoring solutions through species recognition using
interfaced systems [16]—-[20]. Further developments were sought using species monitoring techniques like behavioral monitoring
through wearable techniques, semisupervised models, species recognition through tactile techniques, difficult species location
algorithms, and smart warning systems based on intelligent algorithms, thereby validating further advancements using ecological
deep learning concepts and systems for species monitoring [21]-[25].
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» To achieve better multi-class image classification performance by applying transfer learning using VGG16 and InceptionV3
models.

* To design an optimized deep learning pipeline to further improve feature extraction for better overall model performance
in image classification tasks.

* To implement and evaluate a transfer learning—based approach using VGG16 and InceptionV3 to achieve the best results
in the classification on a given dataset.

The literature survey in Section II outlines the motivation behind selecting transfer learning for multi-class animal classification. In
Sections 111, it is described the proposed methodology, dataset preparation, architectural design, algorithms, and mathematical
formulations. Section IV reports the training-related experimental results of VGG16 and InceptionV3, followed by Section V, which
concludes the study and identifies possible avenues for further research.

2. METHOD
A. Dataset Collection and Preprocessing
A curated dataset containing 17,803 pictures were gathered from publicly accessible sources such as Kaggle and additional online
repositories. The images belong to six classes: butterfly, chicken, elephant, horse, spider, and squirrel. Each sample was manually
inspected to remove corrupted or low-quality images. The dataset was divided into training (70%), validation (15%), and testing
(15%) sets to maintain consistency for evaluation. Preprocessing ensures that all images follow a uniform structure before being
used by VGG16 and
InceptionV3.Image Loading: Images are loaded from class-specific directories using TensorFlow’s ImageDataGenerator. Resizing:
VGG16 inputs are resized to 224 224 pixels, while InceptionV3 inputs are resized to 299 299 pixels to match their architecture
requirements. Array Conversion: Each image is converted to a numerical array using img_to_array(). Batch Dimension: A batch axis
is added using expand dims() since CNNs operate on batches. Normalization: The preprocess_input() functions apply ImageNet-
based scaling and channel normalization. Data Aug- mentation: Random transformations such as rotation, zoom, flipping, shear, and
brightness adjustments are applied during training to increase variability and reduce overfitting. These steps standardize the dataset
and support stable convergence for both VGG16 and InceptionV3 during training.
B.  Model Architecture

1) VGG16 Architecture: Figure 1 illustrates the architecture of the VGG16-based CNN used for multiclass image

classification. The model processes a 224 224 3 RGB image via a sequence of convolutional and pooling layers, followed

by layers that are fully connected and produce class probabilities via an activation function for SoftMax.

The feature extraction backbone consists of five convolutional blocks that progressively learn hierarchical representations:

. Block 1: Two 3 3 convolutional layers with 64 filters, then succeeded by 2x2 max pooling to capture
basic edges and textures.

. Block 2: Two convolutional layers with 128 filters, followed by max pooling for more structured feature
extraction.

. Block 3: Three layers of convolution with 256 filters, then pooling, enabling mid-level feature learning.
. Block 4: Three layers of convolution with 512 filters and pooling, capturing high-level semantic features.
. Block 5: Three layers of convolution with with 512 filters, followed by max pooling to produce compact

feature maps.
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Figure 1.VGG16 architecture for the purpose of extracting features and classification.

2) InceptionV3 Architecture: Figure 2 illustrates the InceptionV3-based architecture used in this work. The network
accepts a 299 x 299 x 3 RGB input image and processes it through an initial convolutional stem, followed by a sequence
of stacked Inception modules, a Global Average Pooling layer, and fully connected layers.
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The Inception modules are organized into the following groups:

. Mixed 5a—5c (Early Modules): Capture medium-level visual patterns such as textures and shapes using
parallel convolutional branches.

. Mixed 6a—6f (Intermediate Modules): Learn more abstract and discriminative features, improving
robustness to image scale and rotation variations.

. Mixed 7a—7b (Late Modules): Encode high-level semantic information that is essential for final
classification.

A Global Average Pooling layer converts the 2D feature maps into a compact 1D vector representation, which is then
passed to a fully connected layer followed by a final SoftMax layer to generate probability scores for the six target
classes.
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Fig. 2: InceptionV3 architecture with multi-scale Inception modules.
C.  Mathematical Equations

1) VGG16

Input (X): The resized and normalized image is passed into the VGG16 model.
F =VGGI16(X)

Flatten Feature map: Flatten the feature map into a 1D vector.
Fr = Flatten(F)
Dense Layer and Activation: passes the flattened feature vector f through a series of Dense Layer.

First Dense Layer:

Z=W- -Fu+b
ReLU Activation:
A =ReLU(Z)
Cross Entropy Loss Function : During the training, the model minimizes the cross-entropy loss
K
L=—3yc log(P(c))
c=1

Backpropagation and optimization: using backpropagation, the weights are updated to minimizes the loss

0L
W=W-n9- - __
aw
Final output layer (Softmax): The Logits are converted into probabilities using Softmax functions.

eZc

PO~ T

Final Prediction: For a new Image, the predicted class given by
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¢ = arg max(P(c))

Final Formula: Bringing it all together, the final formula for the VGG16 multi-classification process is:

eW Flatten(VGG16(X))+be
¢ =argmax ()
K eW Flatten(VGG16(X))+bk

*  Xis the input image

* W are weights of dense layer

*  VGG16(X) represents feature extraction

*  The ReLU activation introduces non-linearity

*  Softmax normalizes the logits the probabilities.

*  Argmax selects the class with the highest probability

2) INCEPTIONV3

Each input image X is resized, normalized, and reshaped to match the InceptionV3 input dimensions (299x299x3)

= — X s X' € R299%x299x3

255

The pre-processed image X’ passes through the InceptionV3 layers, producing a feature map
F = InceptionV3(X")

The feature map F is reduced using Global Average Pooling to a vector Fgap, condensing each feature map's information
into a single value

H W
FGAPFi,j,k — 1 Zz
HxW

The pooled features Fgap are passed through a fully connected (Dense) layer to produce the final class logits Z

i=1j=1

Z=W-Fgar+Db

To convert the logits into probabilities, we apply the softmax function:

P(yilX') = —expZ5—
2j=atexp @)

The model's performance is measured using categorical cross-entropy, comparing the predicted
P(yil X')
N

L=—Y yilog(P(yil X))
i=1

The weights W are updated using the Adam optimizer, which combines momentum and adaptive learning rates:

A

me
Wiri=Wet—a - —
\/ﬁz+e

For a new test image X, the model predicts the class probabilities: P( yi| Xiest ) =

softmax (Zest)

Summarizing all steps, the entire process from input to prediction can be written as
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X
P(yil X) = softmax (W - GAP (InceptionV3 (_
)) + b) 255

3. RESULTS AND DISCUSSION

3.1. Training Curves

This subsection presents a thorough examination of the learning behavior of both VGG16 and InceptionV3 during training. To
maintain clarity, each explanation is immediately followed by its corresponding accuracy or loss plot.

3.1.1. VGG16 — Train and Validation Accuracy: The acc graph for VGG16 indicates that our models tend to learn very well. First,
the training accuracy begins lower due to model having yet learned basic features from the data. But for each epoch, the average
training/validation accuracy increase over epochs means that the model is “learning” to identify animals from different classes more
effectively across time. The little backbone is normal to see pull in validation accuracy due to some discrepancy between the training
data and the unseen validation data. Nevertheless, despite these oscillations we can observe the general tendency-upward trend which
indicates that learned features are semantical and after many samples the network becomes better able to distinguish classes rather
than making random guesses

Training and validation accuracy
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Fig. 3: VGG16: Training and validation accuracy curve.

3.1.2. VGG16 — Training and Validation Loss: The loss curves will also help to understand whether the model is learning
efficiently or not. Training loss curves for VGG16: It is clear to see that the losses reduces in a smooth manner with the
increasing epochs which means that the model still seems to be improving its predictions. The validation loss decreases as
well for some number of layers and then stays the same. This convergence indicates that the model is close to its
maximum learning capacity for the dataset. Beyond this point, overtraining becomes a problem, where the model learns
from noise in training data. The fact that the curves are close to each other and they decrease smoothly suggests that

training is reasonably well stabilized, and the model parameters selected were good.
Training and validation loss
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Fig. 4: VGG16: Training and validation loss curve.

3.1.3.InceptionV3 — Training and Validation Accuracy: InceptionV3 has a significantly better convergence than VGG16.
The trend continues along the training set where we obtain very high accuracy rates at a very early stage of the training.
This result demonstrates also the effectiveness of InceptionV3 architecture, capable to capture complex image patterns.
Probably, the most important is that, as shown below, the validation accuracy follows very closely the training one
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without a big gap between them. This indicates a great generalization ability i.e that the model is doing good not only on
images used for training but also on unseen validation images. The consistently-high accuracy values indicate that
InceptionV3 is capable of treating multi-class classification effectively and can generate trustable predictions.

Training and validation accuracy for InceptionV3
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Fig. 5: InceptionV3: Training and validation accuracy curve.

3.1.4. InceptionV3 — Training and Validation Loss: For InceptionV3, the loss curve plummets very fast as observed in
some initial epochs, demonstrating fast learning rate and optimum weight adjustments. The validation loss is staying so
close to the training loss for all of the training processes that this suggests very low levels of overfitting. This stability
demonstrates that the model generalizes well by learning patterns and not relying much on a specific training example.
The final loss values are consistently small, which suggests that the model converges at a confident learning state. In the
larger context, the behaviors of these curves indicate that InceptionV3 learns faster and also keeps good stability as well
as balance between learning and generalization.

Training and validation loss for InceptionV3
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2) Fig. 6: InceptionV3: Training and validation loss curve

3.2. Confusion Matrices

Confusion matrices provide fine-grained insights into model performance by illustrating how often predictions match ground-truth
labels at a per-class level. They also help identify patterns of misclassification, especially among visually similar animal categories.
3.2.1. VGG16 Confusion Matrix: The confusion matrix of VGG16 indicates that the model works well for six animal classes, with
a majority of predictions along the diagonal line (i.e. correct classification). High diagonal values show that the model has learnt a
good set of visual features for both butterflies, elephants, spiders and squirrels — resulting in strong recognition performance on
these object categories. But there are a few of apparently misclassifications. Horses and elephants are not infrequently mistaken for
other classes. This can be the result of similarity in visual patterns (e.g., textures) or because of noise contained in some images.
Also, VGG16 has an older architectural design and most of the time require deeper stacks of convolutions that might not be as
sensitive to fine-grained differences in some other more modern architectures. Despite these issues, we notice a well equilibrated
distribution over the predictions and no class is strongly misclassified. This suggests that VGG16 can serve as a reliable and
consistent approach for multi-class AIC, yet its own performance also demonstrates some room for improvement, especially against
visually similar or complex samples.
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Fig. 7: VGG16: Normalized confusion matrix.

3.2.2. InceptionV3 Confusion Matrix: The confusion matrix for InceptionV3 shows a very strong classification capability, with
nearly all of the values on diagonal. That is, for the 399,787 test samples in total spanning all six categories most are prediction
correctly with very little confusion. The upper field of the table appears to be nearly all close to 1 in a sense on classes butterfly,
chicken, elephant, horse, spider and squirrel which again indicates the excellent recognition capability. This betterment over the
VGG16 has much to do with InceptionV3’s architectural capabilities. The factorized convolutions, parallel convolutional branch and
multiscale features extraction in the network structure allows to better capture fine textures, shapes and context information.
Therefore, InceptionV3 can recognize animals better with similar visual properties or in complex environments. These off-diagonal
low values mean here few mistakes, assuring that the model is well generalizing and has adequate stability during predictions. This
makes InceptionV3 particularly well-suited for real-life animal classification applications, when precision and performance are

paramount.
Normalized confusion matrix for InceptionV3
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Fig. 8: InceptionV3: Normalized confusion matrix

3.3 Classification Metrics

3.3.1. VGGI16 Classification Metrics: Table I presents the performance of the VGG16 model on all six animal classes.
The performance metrics reveal a robust performance of the model with a weighted F1 score of 0.91, balancing its precision
and recall rates. The accuracy of classes including butterflies, horses, and spiders is remarkably high, signifying excellent feature
extraction capabilities of the model. However, a slight decrease in the recall rate of classes like chickens and elephants implies
some overlap between classes due to image similarity. However, a robust performance of the VGG16 model has been noticed
on 1,845 test examples of animal images with minimal errors and optimal accuracy for classification.
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TABLE I: Classification Metrics (VGG16)

Class Precision Recall F1-score Support
butterflies 0.98 0.89 0.93 371
chickens 0.95 0.83 0.89 203
elephants 0.73 0.95 0.83 152
horses 0.99 0.86 0.92 472
spiders 0.91 0.97 0.94 403
squirrels 0.93 091 0.92 244
micro avg 0.93 0.90 0.91 1845
macro avg 0.92 0.90 0.90 1845
weighted avg 0.94 0.90 0.91 1845
samples avg 0.90 0.90 0.90 1845

3.3.2. InceptionV3 Classification Metrics: Table II represents the classification output of the
InceptionV3 model, which ensures a considerable boost in the classification accuracy in comparison to VGG16. The model achieves
98% overall accuracy along with higher precision and recall points for all classes, resulting in a weighted F1-score of 0.98. An
overall correctness in classification with utmost consistency in all classes signifies that the model predicts correctly and performs
consistently on all classes. Moreover, the fact that the macro average and the weighted average are quite close ensures that the
InceptionV3 model performs uniformly on all classes without any biasness.

TABLE II: Classification Metrics (InceptionV3)

Class Precision Recall F1-score Support
butterflies 0.98 0.97 0.97 371
chickens 0.97 0.97 0.97 203
elephants 0.99 0.98 0.98 152
horses 0.99 0.98 0.99 472
spiders 0.97 0.98 0.98 403
squirrels 0.97 0.99 0.98 244
accuracy 0.98 1845
macro avg 0.98 0.98 0.98 1845
weighted avg 0.98 0.98 0.98 1845
samples avg 0.98 0.97 0.98 1845

4. CONCLUSION

In this paper, two of the most common deep learning architectures, VGG16 and InceptionV3, will be compared in their performance
for multi-class animal image classification. VGG16 is a deep convolutional neural network with an elegant stacked convolution and
pooling structure that enables the successful extraction of strong hierarchical features from images. However, being of a large number
of parameters means that more computation must be required and it will converge slightly slower. In contrast, InceptionV3 is an
advanced architecture designed to achieve efficiency and gain accuracy with factorized convolutions, parallel processing branches,
and multiscale feature extraction. This makes it capture finer visual details while maintaining faster training and better stability for
convergence. When comparing both models, VGG16 showed a very good performance and proved that transfer learning can be
super effective even when the available dataset is not enormous. It was able to achieve high classification accuracy but showed a
relatively higher risk of overfitting and slower progress in learning. InceptionV3 performed better overall: faster convergence, it
produced high validation accuracy, and minimal overfitting due to its architectural enhancements. Experimentally, InceptionV3
yielded a better accuracy with a stronger generalization capability than VGG16, thus supporting this method in dealing with complex
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and diverse image datasets. In general, VGG16 serves as a strong and stable baseline, while InceptionV3 improves the performance,
stability, and confidence of the predictions. Further work may be related to investigating the performance of more recent architectures
like EfficientNet or Vision Transformers, while further exploring lightweight deployment techniques so that these models could be
applied effectively in real-time wildlife monitoring scenarios and other real-world applications.
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