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Abstract— In this paper, machine learning approach algorithm models such as the Region-
based Convolutional Neural Network (R-CNN) classification model, Single Shot multi-box
Detection (SSD), and You Only Look Once (YOLO) regression model are used for the detection
and classification of animals. For experimentation purposes, 2000 datasets of four classes of
animals (elephant, cheetah, cow, and horse) were collected using remote surveillance cameras.
By eliminating bounding boxes and gradually reducing convolution filters, SSD and YOLO
improve computer vision tasks in speed, accuracy, and efficacy for relatively low-resolution
images compared to R-CNN. The proposed classification algorithm model R-CNN gives a mean
average precision (mAP) of 95.22%, whereas the regression algorithm models SSD and YOLO
give mAPs of 98.32% and 98.89%, respectively.

Index Terms— Anchor Box; Class Prediction; Machine Learning; Neural Network; Object
Detection; Region-based Convolutional Neural Network (R-CNN); Single Shot multibox
Detection (SSD); You Only Look Once (YOLO).

1. INTRODUCTION

In recent years, the use of remote surveillance cameras in wildlife research and management has created many
opportunities for researchers in the field. The purpose of surveillance cameras may vary widely depending on
applications, but detecting animals in the frames is a common need for all applications. The surge of interest in
surveillance cameras is rapidly increasing due to challenges associated with recognizing Region of Interest
(ROI) from many input datasets for animal identification. Nowadays, animal detection plays a significant role in
the application of animal identification, animal counting, and avoiding animal-human conflicts near forest areas
[1]. Thus, there is ample interest in developing an automated detection model. In a conventional method, humans
are used to identify the object and spot the class through visual details in photographs or videos. The agenda is to
train the computer to do something similar to humans by enforcing knowledge of what an image contains, called
computer vision [2]. Computer vision technology allows one to identify and locate objects in an input image or
video by mimicking human visual capabilities to teach computers to interpret the visual world, which is defined
as object detection in Machine learning (ML) and object recognition in Deep learning (DL) [3].

Machine learning is a branch of Artificial Intelligence (AI) and a subset of computer vision that focuses on
imitating human behavior using data and improving its performance gradually [4].
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This technology can detect and locate objects with multiple blocks of convolution and pooling layers to extract
features such as textures, shapes, edges, etc. An object detection framework generally has working stages such as
the selecting ROI through the anchor box and bounding box, extracting features using Convolutional Neural
Network (CNN), classifying each proposal, and finally, object localization using bounding box regression [5].
Several models have been tried in the application of object detection and classification, such as Region-based
Convolutional Neural Network (R-CNN), Faster R-CNN, Mask R-CNN, Single Shot multi-box Detection (SSD)
and You Only Look Once (YOLO) [6,7].

This paper proposes a new approach to detect and classify the animals appearing in the surveillance camera
based on the machine learning approach. For an experiment, purposes considered four classes of wildlife and
domestic animals, such as elephants, cheetahs, cows, and horses, for the classification and identification in real-
time of images collected from remote surveillance cameras. Which are those animals that majorly conflict with
human beings in their farm fields by grazing their crops and even harming human life? Even this application can
be adopted for counting wildlife animals during an animal census from a remote place. Therefore, we need a
relatively efficient and reliable model for the detection and classification of animals from a remote location using
surveillance cameras.

II. RELATED WORKS

Verma G K and Gupta P. [8] worked on monitoring and detecting wildlife animals through a camera-trapped
network using a deep convolutional neural network. Here, the authors collected datasets of 20 categories of
species, where each species had around 100 images collected, including daytime and nighttime formats, resulting
in a 24x7 monitor. The experimentation was carried out for a pre-trained ImageNet ILSVRC (ImageNet Large
Scale Visual Recognition Challenge) classification model with a ten-fold cross-validation approach. Here, nine
folds are considered for training the model, and the remaining one fold is for testing purposes out of the feature
datasets available. The machine learning classifiers such as Support Vector Machine (SVM), K-Nearest
Neighbor (KNN), and Ensemble classifiers are applied and have an accuracy range of 89.5 to 91.4%.

Tabak M A et al. [9] worked on classifying the five species of animals using a machine learning algorithm
through motion-activated camera images. The authors manually considered five locations across the United
States and one location from Canada to capture datasets, and the United States datasets were used for training the
model through the ResNet-18 architecture using a tensor framework. Here, we randomly selected 90% of the
datasets to train the model, and 10% were used to test the model's performance for each species. The developed
model performed with an 85%-97.5% accuracy range, considering the highest confidence score level. Even a
classification model can classify around 2000 images per minute for a 16-gigabyte RAM system.

Balakrishna K et al. [10] worked on identifying intruder animals to protect the cropland using the Internet of
Things (IoT) and machine learning. For experimentation purposes, the authors considered five classes of animals
with 60 images of each species for 300 images in the datasets. The developed algorithm to detect and classify the
animals was done using machine learning algorithms such as R-CNN and SSD. The SSD performed better than
the R-CNN algorithm, considering the computation speed and mean Average Precision (mAP) accuracy of
89.32% compared to 85.22%. Here, real-time application for detection and classification suggests SSD suits best
comparatively to the R-CNN approach.

Norouzzadeh M S et al. [11] worked on identifying, classifying, and counting wild animals using deep learning
algorithms through camera-trapped images. We considered around 3.8 million image snapshot datasets for
experimentation to identify, classify, and count 48 behavior species (moving, resting, and grazing). Using a
motion-sensor-based camera here leads to the inexpensive, unobtrusive, and real-time collection of datasets. A
deep learning algorithm trained using a convolutional neural network (ResNet-152) to detect, classify, and count
the animal species with an accuracy of around 93.5% from the best confidence score level.

Chandrakar R et al. [12] worked on detecting and recognizing animals using a deep convolutional neural
network through genetic segmentation. The authors developed a convolutional neural network algorithm with
three layers; here, a genetic algorithm is used to detect animals with high accuracy for the segmentation process.
The proposed algorithm is compared with standard detection algorithms and existing methodologies, which have
higher error rates due to high false-positive and negative rate detection. For training and testing purposes, create
a database for two classes with ten pictures in each class, and the overall efficiency shows that it varies from
98.7% to 88.1%.

Several state-of-the-art detection, recognition, and classification models were developed through the
Convolutional Neural Network algorithm to classify the animals. But still, infancy in achieving efficiency and
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performance for the detection and classification of animals through camera trap images and real-time detection
and classification has not received much consideration so far.

III. PROPOSED METHODOLOGY

In the proposed methodology, we trained the model to detect and classify the animals according to their classes
based on the intelligence of the machine learning approach, as shown in Figure 1. The proposed model consists
of two steps: a training step and a testing step to detect and classify the objects in the collected datasets from
remote surveillance cameras.

Training Step

Image Pre Feature Training Set Supervised Proposed
Acquisition [* Processing [ Extraction Learning [ "  Model

]

¥

Image Pre Feature Testing Set Proposed Detection and
Acquisition [®| Processing [ Extraction [ ™  Model [* Classification
Camera
Detection and Classification Step
Figure 1: Flow diagram of the proposed model.
Object Detection

In computer vision technology, classifying the object category based on the image of interest is a challenging
task, defined as object detection or recognition. The object detection algorithm recognizes the object of interest
from the input image through the Bounding Box or Anchor Box [13]. The anchor box looks for an object of
interest in the large region of the input image and determines it. Once it determines objects from the area, it
predicts the ground truth bounding boxes more precisely, adjusting the regions boundaries [14]. The input image
height is taken as ‘A’, width is taken as ‘w’, scale is taken as ‘S € (0,1)” and aspect ratio as ‘» > 0’, then the
anchor box width and height are taken as wsv/r and As/A/r. Generate multiple anchor boxes with varying shapes,

scale (S, S2, S, ... ... , S») and aspect ratio (ry, 2, 73, ... ... , ¥m). The complexity of computation is very high to cover
all ground truth bounding boxes. So containing a combination of S; and r; is considered as given in Equation 1:
(S1, V1) . (S1, 7'2) yennney (S1, i"m) . (Sg, 7'1) . (Sz, 7'2) yennney (S,,, Vm) (1)

Total ‘wh(n + m — 1)’ anchor boxes will be generated for the entire input image, having ‘(n + m — 1)’ anchor
boxes centered on the same pixel. When the ground truth bounding box is known, and the anchor box surrounds
the object of the image, the similarity is measured using the Jaccard index [15]. If two boxes are considered sets
like ‘4’ and ‘B’, then the Jaccard index is taken as the ratio of the size of their intersection to the size of their
union, as shown in Equation 2.

J(A,B) 2

A similarity check for two bounding boxes is done by the Jaccard index, known as Intersection over Union
(IoU), defined as the ratio of the intersection area to the union area [16]. The range of loU varies from ‘0’ to ‘1°,
where ‘0’ refers to no overlap of bounding boxes and ‘1’ refers to bounding boxes are overlap and equal.

In training the datasets, each anchor box is considered to detect the object having ‘class’ and ‘offset’ labels of the
ground truth bounding box relative to the anchor box. Anchor boxes considered has
Ay, Ay, As, . ee e i, A, and Ground truth bounding boxes considered has By, By, B3, .. ... wo. ..., By, for a given
image (where n, refers multiple anchor boxes and n, refers multiple ground truth boxes), here n, = ny for
the matrix taken X € R™ ™ ™. The IoU of anchor box A; and ground truth bounding box B; of i*" row and j*"
column for matrix element x;; taken to find the largest elemental value to denote its row and column indices [17,
18]. This step is carried out until all the elements in n; columns in the matrix are discarded, which assigns the
anchor box to the bounding box according to the threshold. Based on this, each anchor box is labeled for class
and offset. The class will be labeled as same as the ground truth bounding box ‘B’ for anchor box ‘A’, but the
offset will be labeled considering the relative position between the central coordinates of two boxes as given in
Equation 3. The offset for each anchor box is labeled using equation 3. The central coordinates are considered as
(*a » Ya)and (Xp » Y»p), widths as w, and wy, and their heights as h, and h;,.

|AnB|
|AUB|
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For transformation, default values are considered such as u, = u, = u, = pp =0, 6, =0, =0.1 and g, =
o = 0.2 (Default values are considered based on the Homography matrix having entries between 0 to 1).

The anchor box predicts the class in an image during prediction, generating multiple anchor boxes based on the
expected offset value. When there is a significant overlapping of anchor boxes surrounding the same object,
we must merge the similar anchor boxes surrounding the same object using the non-maximum suppression
(NMS) method [19]. The NMS method predicts the confidence score for the anchor box, where the lower
confidence predicted score value will be removed, and the highest confidence scored value will be considered for
labeling the class.

A. R-CNN Model

In computer vision and image processing, R-CNN is a classification algorithm designed to detect the object in
the input image by defining its boundaries. It operates with a selective search approach to extract the ROI, which
will be captured in rectangular boundaries [20]. The selective search uses sliding filters of different sizes on the
input image to extract the object; here, the computation effort will increase as the number of sliding filters
increases. The segmentation for the input image is done by providing different colors to the input image to
separate the object after applying the exhaustive search approach, which uses a greedy algorithm to check the
similarity between the regions as given in equation 4. The extracted ROI goes through the CNN model after
resizing the image to a fixed capacity, such as 227 X 227 x 3 images. The resized image will be
processed through CNN to extract the object of size 4096. Finally, for the segregation of the classes, a Support
Vector Machine (SVM) classifier is used, as shown in Figure 2 [21].

S(a,b) = Stexture(a,b) + Ssize(a,b) 4)
2% Classification
- FEEEE
/ : Resized patches DE'
/ :
'l' ROIs L2 ﬁl
ol
SVM Boundm box

refinement laver

Figure 2: Object detection using R-CNN detector architecture

B. SSD Model

SSD is a regression algorithm model that consists of two parts: one is to extract feature maps, and another is to
detect the object in the input image using convolution filters [22]. SSD uses a Visual Geometry Group with 16
layers (VGGI16) to extract the feature maps connected with Convolutional layers for high-quality image
classification. Here, the image is divided using the grid concept (i.e., 3X3 or 4X4), and each grid cell is
responsible for identifying the ROI, which makes four object predictions regardless of the depth of the feature
maps for each cell. Where it generates multiple boundary boxes and a relevant confidence score called a multi-
box, out of various predictions, the highest predicted score bounding box will be selected, and the remaining
boxes [23]. The SSD layers are added to the backbone of the model, and the predictions are interpreted at the
spatial location of the final layers, as shown in Figure 3.

!
w
L
Original Prediction layer

Figure 3: Object detection using SSD detector architecture.
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C. YOLO Model

YOLO is a regression algorithm model that works with three techniques: residual blocks, bounding box
regression, and intersection over union to detect and recognize an object in an input image [24]. In the residual
blocks technique, an input image is divided equally into NXN dimensional grids, and each grid cell will look for
an object that appears within it. In the bounding box regression technique, images include attributes like width,
height, bounding box center, and a class of objects represented in a single bounding box [25]. The intersection
over union technique detects the objects in each grid cell prediction box to give confidence scores. It compares
the predicted bounding box with the actual box of the object to check for similarity between them. The
combination of all three techniques is applied to detect the output results by using a unique bounding box that
fits the object perfectly.

IV. DISCUSSION

[Ob ject Object Image Object Object Image
Category Category
Elephant S Cow
Cheetah Horse

Figure 4: Dataset samples of animals

For detection and classification purposes, we collected around 500 images of each animal using remote
surveillance cameras, including elephants, cheetahs, cows, and horses, from 2000 datasets used as training and
testing images. While capturing the images, we randomly collected datasets under various conditions such as
different lighting, backgrounds, blurring, animal movement, shading, etc. The reference sample of collected
images is shown in Figure 4. As mentioned in the proposed methodology for object detection and classification,
R-CNN, SSD, and YOLO models are applied.

In R-CNN, CNN is pre-trained with ResNet on the ImageNet dataset to classify animals into four classes in
Tensorflow software [26, 27]. The selective search approach searches for ROI that contains the target object
independently and warps that ROI with varying sizes to have a fixed length as required by CNN. While fine-
tuning the CNN, it gives additional classes referred to as ‘no object’ or background, whereas the warped
proposal region now has ‘4+1’ classes with a smaller learning rate. The binary SVM has a feature vector
generated through CNN optimizing one forward propagation to detect and classify the samples for each class of
animals. Proposed regions with threshold >0.3 are taken as positive samples and others are taken as negative
samples. Also, to avoid localization errors, the model is trained to predict the correct bounding box offset using
CNN vector features [28].
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In SSD, the input image is divided into 4x4 grid and each grid cell is detected for objects present in the region of
the image [29]. To predict the object, the SSD is trained to match the appropriate bounding box with the anchor
box of the input image, as discussed in the proposed section. In implementing the training part, each anchor box
aspect ratio is taken as 1.0:1.0 and zoom level is taken 1.0 to have square boxes to detect the objects starting
from values 0.2 to 0.9 and their locations. A total of 5 classes are considered, including the ‘no object” or
background as one class, a class is predicted by considering the 4 offset values for each of the 8732 default boxes
and its dimensions. The confidence threshold of 0.01 is applied to each box, the Jaccard Index value is set to
0.45 and NMS repeats the process until the boxes are formed.

In YOLO, the input image is divided into 3x3 grid and image classification and localization are applied to each
grid [30]. To define the classification model, we have considered nine parameters, such as the object being
present, four bounding box values specifying the object coordinates, midpoint and dimension and four classes of
animals. If the object is not present in the grid, it is taken as ‘zero’ and the remaining parameters will be taken as
undefined. If the object is present in the grid and is taken as ‘one’, then the model takes the midpoint of the
object and specifies relevant values for the remaining parameters. For 9 grids, we will have a nine-dimensional
output vector having 3x3 x9. The IoU and NMS decide whether the predicted box is correct or not by taking the
actual box and the predicted box, where the loU <0.5 will be discarded and NMS is applied by combining the
two bounding boxes to obtain a single prediction of the object.

V. RESULTS

The experimentation was conducted by training the classification (R-CNN) and regression (SSD, YOLO)
algorithm models for detecting and classifying four classes of animals, elephant, cheetah, cow, and horse, for
available datasets. The R-CNN extracts features from the input image to perform forward propagation using
CNN to predict class from the bounding box region. Whereas, the computation time required is around 40-50
seconds for analysis, which may not suit best for real-time applications [31]. SSD uses default boxes with
varying shapes, scales, and aspect ratios, as shown in Table 1. The prediction score will be best for 8732 boxes,
considering the better coverage of scale, aspect ratio, and location. The majority of the prediction box doesn’t
contain the object, so a prediction score of less than 0.01 will be discarded.

TABLE I: SSD PREDICTION LAYERS AND MAP

Prediction source layers mAP” | Number of Boxes
38x38 [ 19x19 [ 10x10 [ 5x5 [ 3x3 [ Ixl
v v v 4 v v 98.32 8732
4 v v 92.51 9864
v 81.57 8664

YOLO takes an entire image in a single instance to predict the object coordinates and probabilities of class with
a processing speed of 45 frames per second. The by, by, b, and b, are taken as bounding box coordinates, height
and width of the grid, where Table 2 shows the sample dimensional vector for no object present in the grid and
class 2 object present in the grid.

TABLE II: YOLO DIMENSIONAL VECTOR

Pc | bx | by by by | C | C | G| Cy

0 ? ? ? ? ? ? ? ?

1 104030906 0 1 0] 0

SSD and YOLO improve the computer vision tasks in terms of speed, accuracy, and efficacy for relatively low-
resolution images, eliminating bounding boxes and progressively minimizing convolution filters for our designed
models. Figure 5 shows the testing model execution for the proposed model, which is detecting and classifying
the animals accurately.

The proposed classification algorithm model R-CNN gives a mean average precision (mAP) of 95.22%. In
contrast, the regression algorithm models SSD and YOLO give mAPs of 98.32% and 98.89%, respectively, for
2000 datasets of animal images for 4 classes, as shown in Table 3. However, when we look into the execution
speed of the proposed model, R-CNN, it takes around 49 seconds to generate the test results. The main
advantage of regression algorithm models like SSD and YOLO is that the training phase and testing result
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computation will be high-speed. Compared with the previous works carried out by researchers in the field,
Balakrishna K et al., [10] and Verma G K et al., [8] as shown in Table 3, our proposed algorithm model shows
better accuracy and efficacy. The YOLO and SSD-based detection algorithms developed work better for the real-
time classification of animals for selected datasets in our research.

elephont: 81%

Figure 5: Testing model execution for the proposed algorithm

TABLE III: ALGORITHM PERFORMANCE COMPARISON WITH STATE-OF-THE-ART

State-of-the-Art mAP* (%)
Proposed R-CNN 95.22
Proposed SSD 98.32
Proposed YOLO 98.89
Balakrishna K et al., [10] 89.32
Verma G K et al., [8] 87.45
*mAP (mean Average Precision)

VI. CONCLUSION

The automated detection and classification of objects in a region of interest have been continuously upgraded
with computational equipment in computer vision technology, which is dependent on machine learning and deep
learning methodologies. A classification algorithm model and a regression algorithm model are used to detect
the animals and classify them using a machine-learning approach. The classification algorithm model, such as R-
CNN, and the regression algorithm model, such as SSD and YOLO, are applied considering the bounding box,
anchor box, region of interest, selective search approach, sliding window, segmentation, convolutional neural
network, feature maps, intersection over union, non-maximum suppression, etc. The proposed results show that
the SSD and YOLO algorithm models work better considering the performance and computation time required
for execution. The R-CNN takes around 40-50 seconds, whereas SSD and YOLO perform instantly and execute
45 frames per second. In future work, the communication protocol can be applied to the existing model to
transfer information to remote locations through a cellular network, Global System for Mobile (GSM)
communication, General Packet Radio Services (GPRS), etc.
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