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Abstract

In the face of escalating biodiversity loss, effective monitoring of animal species is critical for
conservation efforts. This study presents a deep learning approach for species detection and a
multimodal feature identification technique for animals vulnerable to poaching. The suggested
prediction system recognizes objects automatically by the application of deep learning techniques to
detect objects and then recognize them by using computer vision techniques, and it is triggered when
an object enters its range of vision. Convolutional neural network (CNN) architecture allows us to train
a system that can automatically recognize objects in photos by filtering the datasets. The CNN model
uses multiple layers to analyze images. It contains convolution layers to extract important features of
the image, a max-pooling layer to reduce the size of the data (dimensions) while preserving the
important information. After these layers, the processed information passes through an MLP (multi-
layer perceptron) and predicts the final label of the animal in the output layer. MLP contains a number
of hidden layers to process image data. By providing well-labeled and clean datasets, these models can
easily identify different animals. It can be useful in ongoing animal conservation activities by alerting
authorities in real time when endangered species are detected. It can be enhanced in the future with the
training of models with a real-time dataset taken from wildlife sanctuaries.

Keywords: Animal species, deep learning, machine learning, convolutional neural networks (CNN),
computer vision

INTRODUCTION

Effective methods are needed for the detection and classification of animal species because they
reduce the issue of wildlife-related traffic accidents that result in fatalities and serious injuries and
improve human understanding of diversity. Most deaths and injuries in humans are caused by animal
attacks. The location of residence affects the incidence of animal attacks. For example, according to a
report, animal attacks on people are approximately two million annually in the United States [1].
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The ability to automatically recognize animal
species in photos is essential not only for the above
reasons but also for research on biodiversity,
ecology, and conservation. For this endeavor, deep
learning—in  particular, convolutional neural
networks (CNNs)—has emerged as a potent tool

[2].

Recent studies have demonstrated that deep
learning methods such as CNNs can achieve a wide
range of picture understanding. Currently available
detectors fall into two categories: one- and two-
stage object detectors. Various anchor sizes are used
to predict the target bounding boxes for one-stage
detectors, such as RetinaNet, SSD, YOLO9000, and

© STM Journals 2026. All Rights Reserved

14



Animal Species Prediction using Deep Learning Kaur et al.

YOLOV2, which are similar to the first stage of the Faster CNN [3]. Despite the excellent speed
performance of one-stage detectors, they can still be fabricated faster. Specifically, a shallow score and
subpar performance result from an excessively large anchor size, because a wider receptive field reduces
the target's true qualities.

However, the target bounding box is not present when the anchor size is small. Both the regional
proposal networks (RPN) and classification networks function in two-stage detectors, including Faster
R-CNN, R-FCN, and FPN.

Real-time picture processing by hand is unfeasible and prone to error. Consequently, we require a
model that can identify and categorize objects using methods such as machine learning (Figure 1),
particularly for use in dimly lit environments and hazy pictures. The two datasets from NWD and
Snapshot Wisconsin will be used to (1) automatically extract important features and classify objects
into various animal species or humans using a CNN, and (2) apply and assess this trained model in real-
world scenarios to increase classification accuracy.

RELATED WORK
Species Distribution Models (SDMs)

Ibrahim et al. (2024) [4] used sophisticated classification and recognition algorithms to propose a
deep-learning-based method for predicting animal species. Through feature extraction using a deep
neural network, the method significantly improves the image quality, which increases the accuracy. A
remarkable accuracy of 95.65% was attained when the SVM model was combined with deep neural
network characteristics. This cutting-edge technique, which demonstrates the efficiency of deep
learning for species prediction, has potential applications in ecological monitoring and biodiversity
protection.

Animal species detection stage
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Figure 1. Proposed system for animal species detection and classification [2].
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The identification of bird species using deep learning methods, specifically a deep convolutional
neural network (DCNN) algorithm, is the main focus of this study done by Ibrahim et al. (2024) [5]. It
can identify different bird species with an accuracy range of 80—90% using the Caltech-UCSD Birds
200 dataset for training and testing. The research mainly focused on the difficulties in classifying birds
because of their visual diversity, prioritizing image-based identification over audio-based techniques,
even though the methodology may be relevant to other animal species.

The automatic identification of bird species using deep learning techniques is the main focus of this
research, done by Feng et al. (2024) [6]. It uses a multi-layer perceptron (MLP) for classification and a
pre-trained EfficientNet-BO model to extract picture characteristics. The method performs better than
humans in recognizing difficult bird species, with an accuracy of 87.3% on the validation set. This
demonstrates how deep learning can be used to forecast animal species, particularly when it comes to
monitoring and studying bird biodiversity.

Kaushik and Khurana (2024) [7] described the classification of reptiles and amphibians using CNN
and transfer learning, with an overall accuracy of 84%. While chameleons and geckos scored lower
(0.76 and 0.66), the model showed high precision scores for crocodile alligators (0.95) and turtle
tortoises (0.96). This study demonstrates how sophisticated deep learning methods can enhance species
identification, which is essential for conservation and biodiversity monitoring.

In this study conducted by Priya et al. (2023) [8], the usefulness of CNNs in deep learning
applications is highlighted through a discussion of their use in classifying animal species. Images are
pre-processed, convolutional and max-pooling layers are used to extract features, and fully connected
layers are used for classification. Additionally, it uses transfer learning to optimize previously trained
models for particular tasks. With a high accuracy of 98%, the proposed approach shows promise for
automated animal species prediction, which is essential for biodiversity research and wildlife protection.

The research conducted by Chege (2022) [9] discusses the development of a biological species
classifier using deep learning, with a specific focus on animal species prediction. This case study
involved 219 images of three sea star species and achieved 87% accuracy with minimal parameter
tuning. The classifier was designed for users with basic Python skills and can be adapted to various
image datasets, making it accessible for applications in citizen science, biodiversity monitoring, and
ecological research, thereby enhancing species identification capabilities.

Research conducted by Ahn et al. (2022) [10] utilizes Teachable Machine, a web-based deep learning
platform, to predict 16 species of marine ragworms. A total of 865 photos illustrating the important
traits of the species were used to train the model, which produced remarkable outcomes during 3-fold
cross-validation, including 94% sensitivity, 99% specificity, and 99% accuracy. This illustrates how
well deep learning works for identifying animal species, and points to its potential for wider use in
biodiversity studies and conservation initiatives.

Gill et al. (2024) [11] described a technique for predicting animal species that uses deep CNNs and
transfer learning, with a particular emphasis on amphibians and reptiles. An 82% classification accuracy
was attained through the optimization of a pre-trained MobileNetV2 model on a sizable image dataset.
By successfully addressing issues such as scale, posture, and environmental circumstances, this method
shows how deep learning techniques can be used in biodiversity surveys and conservation initiatives.

Using the Caltech-UCSD Birds 200 (CUB-200-2011) dataset, this study conducted by Aruna (2022)
[12] focused on deep learning—based bird species identification. It analyzes photos using a DCNN
algorithm to identify birds with an accuracy of 80—90%. The research mainly focuses on difficulties in
distinguishing bird species because of their differences in size, shape, and color, while the methodology
may be relevant to other animal species.
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A deep learning model developed specifically for animal species recognition is presented in this study
[13], with an emphasis on endangered species found in Vietnam, including Macaca mulatta and
Panthera pardus. The model used inception residual structures and CNNs to obtain a classification
accuracy of 95.8%. With an inference speed of approximately 113 frames per second, it uses transfer
learning algorithms on MobileNetV2 and InceptionV3, guaranteeing an effective performance that
makes it appropriate for use in environmental protection mobile applications. Based on a review of the
studies, Table 1 presents a comparison of the resulting accuracies obtained using different algorithms.

Wildlife Monitoring and Conservation

Deep learning (DL) techniques are also applied to monitor wildlife, with systems designed to predict
animal disappearances and detect abnormal behaviors. These methods show promise in enhancing
conservation efforts despite challenges related to data availability [14]. Moreover, optimized CNN
models have been developed to improve recognition accuracy in complex environments, achieving a
mean average precision of 0.714 [15].

Although deep learning (DL) offers significant advancements in species prediction and recognition,
such as the attention mechanism (Figure 2), challenges remain, particularly in data quality and model
generalization, necessitating ongoing research and collaboration between ecology and machine learning
[16].

Table 1. Comparative literature survey.

S.N. | Author name Publication| Results |Technology
year (accuracy)
1 | Ibrahim et al. [4] 2024 95.65% | Deep learning
2 |MEetal. [5] 2024 80-90% | Deep convolutional neural network
3 |Fengetal. [6] 2024 87.3% Multi-layer perceptron
4 | Kaushik and Khurana [7] 2024 84% Convolutional neural network
5 |Priyaetal. [8] 2023 98% Convolutional neural network
6 |Chege [9] 2022 87% Deep learning
7 |Ahnetal. [10] 2022 99% Teachable Machine, a web-based deep learning tool
8 |Gilletal. [11] 2024 82% Deep convolutional neural network
9 |Aruna[l12] 2022 80-90% | Deep convolutional neural network
10 |Loanetal. [13] 2022 95.8% Convolutional neural network
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Figure 2. [llustration of the feature pyramid network [1].
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The tests in this research were conducted using two animal datasets: the Animal-80 dataset and the
African wildlife dataset, which were pre-processed. In one case, there was only one class in both
datasets.

The Animal-80 dataset had 80 animal species classes: 13,010 were included in the test set, and 45,132
were included in the training set. A few examples (94, 42, 14, 60, 30, and 48, respectively) were found
in several categories, such as the seahorse, bull, shrimp, turtle, canary, and squid classes (Figure 3),
probably because the dataset used was not sufficiently robust. You may get the animals-detection-
images-dataset repository from https://www.kaggle.com/antoreepjana.
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Figure 3. Image of dataset [16].
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We scaled the dataset to 356 % 356 and fed it into our model because of the volatility in its size. As
part of the data preprocessing process, the Animal-80 dataset was already included in the pascal visual
object classes (VOC) annotation file; therefore, the annotation was recalculated after resizing. Because
the African wildlife dataset was initially annotated in the YOLO format, a simple Python conversion
technique was developed to scale, reannotate, and convert the YOLO to the pascal visual object classes
(VOC) annotation file format. This dataset is available on Kaggle.

CONFIGURATION FOR EXPERIMENT

In the x64-based processor, an Intel® Core 17-7700k CPU running at 4.20 GHz with 32.0 GB of
RAM, a 64-bit operating system, and an NVIDIA GeForce GTX 1080TI GPU with 12 GB of RAM
were used for the experiments in a Python environment. The ImageNet-1k dataset was used to apply
and pretreat the Resnet-50 architecture used in this study. Converting high-resolution photographs into
low-resolution images that match anchor sizes improves the detection of large animal species. Here, the
following architecture parameters are used: Using stochastic gradient descent (SGD), with weight decay
set to 0.0001, momentum set to 0.9, learning rate = le-4, epoch = 10 to 100, batch size = 8, and lowered
learning rate factor = 0.1, the model was trained on a single GPU with y =2 and at = 0.25.

FINDINGS AND CONVERSATIONS

The experimental results are presented in this section. For an unbiased assessment, attention was
given to the outcomes of the proposed model on each evaluation dataset independently. For the African
wildlife information system dataset, the average precision (AP) of the rhino, zebra, buffalo, and elephant
classes is reported. The AP performance is shown both with and without the attention mechanism: (a)
with attention and (b) without attention.

As illustrated by the elephant class, the AP of the model improves when the attention module is
incorporated into the network; the with-attention network also generates a smoother learning curve than
the without-attention network. Similar trends have been observed in other classes. (a) With attention
and (b) without attention demonstrate that the with-attention network exhibits a smoother learning
process than the without-attention network. The efficiency of the proposed deep learning model in
predicting animal species was evaluated using the 90-animal dataset from Kaggle. This dataset
comprises 90 different animal species represented by thousands of labeled images (Figure 4).

I [11): n = np.random,randint(0,np.shape(train_images)(0])

plt, imshow(train_images(n])
plt.title(str(le.dnverse transform([train_labels[n]])))
plt,show()

['fo

The training (70%), validation (15%), and test (15%) sets were created from the dataset to guarantee
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proper generalization and performance assessment (Figure 5). When we improved the pre-trained
ResNet50 architecture, the results were better than those of the other baseline models.

The majority of misclassifications, according to a thorough analysis of the confusion matrix, were
between morphologically similar species such as different dog breeds, leopards, and jaguars. With the
highest accuracy, the ResNet50-based model performed better than all other popular CNN architectures,
including VGG16, MobileNetV2, and InceptionV3. Particularly on large and varied datasets such as
the 90 Animal Dataset, these results demonstrate the effectiveness of deep convolutional neural
networks with transfer learning in performing fine-grained animal species categorization tasks. This
illustrates the critical role that attention mechanisms can play in enhancing the performance of deep
learning networks.

The results of the Animal-90 dataset analysis are presented in Figure 6. The results indicate that the
with-attention network is promising, as evidenced by the large sample size in this dataset.

Model: “sequential”

Layer (type) output shape Faram ¥
inception_v2 {Functional) (rone, 5, 5, J048) 21,502,784
global_average_pooling2d {tone, 2048Y [+)

(GlabalAveragerool ing2n)

dense {Dense) (hioney 9a) 184,410

Total params: 21,987,174 (83.87 MB}
Trainable parame: 10,735,850 (40,93 M)
Non=trainsble params: 11,261,344 (42,96 MB)

Epoch 1/18

31431 ————————— 1835 3s/5tep - accurdcy: @.2800 - loss: 3.6423 - val_dccuracy: 9.6993 - val_loss: 1.315%
Epoch 2718

3131 ———————————— q15 3Isfstep - accuracy: 9.9226 - loss: 0.9236 - val_accuracy: 8.7516 - val_loss: 8.9105
Epoch 3/18

31431 ——————— 505 33/50ep - dccurdcy! 0.9882 - loss: 0.2984 - val_accurady: £.7971 - val_loss: 0.3140
Epach 4/1@

31/31 ~———————————————— §95 3s/step - accuracy: 9.9997 - loss: @.0933 - val accuracy: B.7847 - val_loss: @.7571
Epoch 5/18

31431 ————————— 285 33/5t0p - dccurdcy! 1.0000 - loss: 0.0454 - val_sccurady: 6.7909 - val_loss: 8.76592
Epoch 6/1@

31/31 = 585 35/step - accuracy: 1.0002 - loss: 0.6255 - val_accuracy: 2.%5219 - val_loss: @.730@
Epoch 7/18

31431 ——————— 2575 305/ 3tep - Afcuracy: 1.0000 - loss: 0.0161 - wal_sccurdcy! B.8137 - val_loss: 2.6944
Epach 2/1@

31/31 = 585 35/step - accuracy: 1.0000 - loss: 0.6115 - val_accuracy: 2.5116 - val_loss: 8.6794
Epoch 918

31/31 ——————————— 575 35/5tep - dccuracy: 1.0090 - loss: 0.6087 - val_accuracy: 6.8178 - val_loss: 0.6512
Epach 18718

Figure 5. Training and checking the accuracy of the CNN model.

In [26]: n = np.random.randint(@,np.shape(test_images)[@])

plt.imshow(test_images[n])
plt.title("Inception Model’ s Predicted Animal :
plt.show()

+ str(le.im

Inception Model's Predicted Animal : [‘Thornbill’]
Xception Model's Predicted Animal : [‘eagle’]
Alexnet Model's Predicted Animal : [‘panda’]

VGG16 Model's Predicted Animal : ['okapi']

I
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Mean squared error loss, regression, and classification all demonstrate that the with-attention network
outperforms the without-attention network, and how the Animal-90 dataset's prediction performance is
affected by dataset imbalance. Classes with more photos performed better during training than those
with fewer photos, because we did not use data augmentation throughout our data preparation, and the
AP findings confirmed this.

DISCUSSION

The scientific community faces significant challenges in detecting and classifying animal species
because of associated animal features, such as size, color, and form. A redesigned multi-scale attention
and feature-pyramid-based deep learning system is presented in this paper for these objectives.

The training and testing set partitions were not modified in this research, and it used a dataset was
used exactly as it was downloaded. In this study, the dataset was enlarged, and each dataset's size varied
to 356 x 356 in different classes. The Animal wildlife dataset required annotation re-computation owing
to downsizing, while the Animal-80 dataset required annotation conversion and re-computation from
YOLO format to Pascal visual object classes (VOC). Each scene in which the datasets were utilized
contained a single class of animals. In this study, two distinct approaches were used: the traditional
suggested architecture and the adjusted multi-scale attention mechanism. There is no need for data
discussion because the animal and wildlife classes are nearly equal. Between epochs 25 and 40, when
the individual APs reached their maximum and decreased as the epoch approached 100, the best AP
values were observed. This is a blatant sign that the training settings were not properly established and
will be further investigated.

During training, classes with fewer examples showed lower AP. Our modified multi-scale attention
mechanism demonstrated improved performance on a balanced dataset compared with an imbalanced
one, especially when evaluated against the standard model.

CONCLUSIONS

In conclusion, deep learning has revolutionized animal species detection and offers powerful tools
for enhancing biodiversity conservation and wildlife management. By leveraging advanced neural
networks and vast datasets, researchers can achieve high accuracy and efficiency in identifying species
using images and audio recordings. This technological advancement not only facilitates real-time
monitoring of ecosystems but also supports critical efforts in conservation by providing insights into
species distribution and behavior.

Ultimately, the continued development and deployment of deep learning in species detection will
play a pivotal role in protecting the biodiversity of our planet for future generations.
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