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Abstract 
 
Wild lives are important to be protected as they play a very crucial role in the 

ecosystem. The protection and monitoring of endangered animals in their 
habitats has been a field of interest for many in recent times. The 

environment may drastically change without endangered species like rhinos 

because they consume huge amount of vegetation and are important grazers 
which helps in shaping the landscape. An application for monitoring their 

locations and movements without risking them can be very useful for their 

protection. Such monitoring system needs a robust and efficient detection 

procedure at the core to detect the particular animal. The animal detection 
methods previously used depend fully or partially on human prediction or 

segmentation. They may be quite expensive and difficult to be used in real 

world. The advancements of deep neural network in the field of computer 
vision can address this challenge by automatically detecting the object of 

interest. This work presents automatic animal detection systems for greater 

one-horned (or Indian) rhino based on one-stage object detector YOLOv3. It 
proposes modifications in YOLOv3 with different combinations of network  
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architectures. It also introduces the first dataset of one-horned rhino for use 

in deep learning.The best performing model achieves a mean average 

precision of 96% and an F1 score of 91.1%. This model also speeds up the 
training and testing by approximately 1.8 times. 
 

Key words: Animal Detection, CSP-Net, Deep Learning, Greater One-

horned Rhino, One-stage Detector, SPP-Net, YOLO. 
 

1 Introduction 
 

Automatic detection of animals is one of the important applications in 

computer vision due to its obvious requirement in animal security, prevention 

of collision with vehicle on roads, protection of endangered species, human-
animal interaction, etc. The urbanization of society is increasingly 

threatening wildlife as human-wildlife conflict is increasing. Due to this, the 

focus on natural ecosystem is decreased, resulting in creation of more 
problems for the wild animals and thus creating a barrier between wildlife 

conservation and the natural resources. This work mainly focuses on 

developing a vision-based approach for the purpose of detecting one of the 

endangered species, which is the Greater One-Horned (or Indian) Rhino. The 
one-horned rhinos are mostly getting endangered due to reasons like 

poaching, natural calamities like flood and also due to diseases. In order to 

address these issues, automatic detection of rhinos might play a crucial role. 
However, animal detection using vision based technique is challenging due 

to multiple factors like camouflage, occlusion, cluttered background, low 

resolution and orientation of the candidate object, etc.This work attempts to 
make an automated animal/ rhino detection system based on deep neural 

networks which may help in the surveillance and protection of rhinos. The 

technique is based on one-stage object detection architecture on daylight 

rhino images of different views, sizes, postures and variation in backgrounds. 
One-stage detector does not require an additional region proposal network. 

Due to this reason, it provides better performance in terms of speed when 

compared to two-stage object detector. Moreover, we propose a new one-
horned rhino labeled dataset with two classes (rhino and group of rhinos) for 

this purpose. This system also takes memory efficiency into consideration 

and hence may be used in real time. 
 

2 Related Works 
 

Animal detection methods used previously are based on human 

prediction [1], threshold segmentation approach [1], power spectrum 

approach [1], face detection approach [1], etc. Now-a-days, deep learning 
based algorithms have come into play for animal detection as well [2]-[5].  
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Here, the study of object detection models is done using deep learning 

architectures. Baseline object detectors may be categorized into: two-stage 

and one-stage detectors. The difference between them is that the two-stage 
detector use region proposals to predict the object whereas one-stage detector 

uses a single network to predict objects of interest. Two-stage detectors like 

R-CNN (Region-based Convolutional Neural Network) [6], Fast R-CNN [7], 

Faster R-CNN [8], Mask R-CNN [9], etc. are typically slower with a good 
accuracy. On the other hand, one-stage detectors like SSD (Single Shot 

Detector) [10], RetinaNet (Retina Network) [11], YOLO (You Only Look 

Once) [12], etc. treats object detection as regression problem and are much 
faster in speed with a fair accuracy rate. These deep networks use network 

architectures like VGG-16 [13], ResNet-50 [14], ResNeXT-50 [15], 

DarkNet-19 [16], DarkNet-53 [17], etc. as their backbone for feature 
extraction. In recent times, one-stage object detection networks use more 

layers after the backbone layers which is called as “neck” of the network. 

Some networks like FPN (Feature Pyramid Network) [18], PANet (Path 

Aggregation Network) [19], etc. are used as neck in order to extract features 
from multiple scales or stages which are then send as input to the detector 

“head”. Head of the network consist of dense or sparse prediction. Dense 

prediction includes RPN (Region Proposal Network) [6], SSD [10], 
RetinaNet [11], YOLO [12], FCOS (Fully Convolutional One-Stage) [20], 

etc. whereas sparse prediction includes R-FCN (Region-based Fully 

Convolutional Network) [21], Faster R-CNN [8], etc. 

Here, the single-stage detector YOLO is considered as the baseline 
detector because of its good performance in real time detection without much 

loss in accuracy [12]. YOLO is modified to YOLOv2 (You Only Look Once 

Version 2) [16] and YOLOv3 (You Only Look Once Version 3) [17] to 
improve the drawbacks of the first version in terms of speed as well as 

accuracy. YOLOv3 is found to be one of the fastest and accurate one-stage 

detectors as it handles multiple scales better than its previous versions [17]. 
Therefore, YOLOv3 is selected as the “head” of the rhino detector in this 

work.  

The major contributions of this work are summarized in the following: 

i. An efficient model is developed for detection of one-horned 
rhinos using the concept of one-stage detector YOLOv3. A new feature 

extraction network architecture Darknet53-CSP (DarkNet-53-Cross Stage 

Partial Network) [22] and SPP-Net (Spatial Pyramid Pooling Network) [23] 
is experimented as the backbone and neck of the system model respectively.  

ii. An imagery color dataset of one-horned rhinos from North-East 

India is proposed which consists of daylight images. To the best of our 
knowledge, this is the first dataset that contains greater one- horned rhino for 

automatic detection and can be used for deep learning. 

iii. The dataset is annotated (bounding box annotations) in YOLO 

format which can be directly used in object detection models for detection.  
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The rest of the paper is organized as follows. The overview of the 

theories related to the system model is presented in Section III. In Section IV, 

the proposed methods of the animal detection system are explained. Section 
V describes the proposed one-horned rhino dataset and its characteristics. 

Section VI gives the implementation details and experimental analysis. 

Finally the paper is concluded in Section VII. 
 

3 Related Theories 
 

The detailed discussion of the theories related to this work may be found 

in the relevant literatures as mentioned therein. 

 

3.1 YOLOv3  
 

It is the third version of YOLO object detection family [17] with 
improved accuracy and capability of detecting objects with different scales 

[17]. This algorithm “looks once” at the input image and makes predictions 

which means that the model requires single forward propagation through the 

network [17]. The algorithm of the model is presented in the following. 
 

3.1.1 Algorithm 
 

The input image is divided into 13x13 grid cells and each cell is 

responsible for prediction of boxes. The model also predicts confidence 

scores for each bounding box. As a result of which, a large amount of 

bounding boxes are predicted which are eliminated by using NMS (Non-
maximal Suppression). This model features multi-scale detection and a 

strong feature extraction network which is Darknet-53. The earlier version of 

YOLO used Darknet-19 as their backbone. Darknet-53 borrows the idea of 
skip connections from ResNet which helps activations to proliferate through 

the deeper layers without diminishing the gradients and extends the layers 

from 19 to 53. It consists of 75 convolutional layers and no fully connected 
layer is used because of which it can deal with input image of any arbitrary 

size. The general process of YOLOv3 is that the input image is given to a 

feature extractor or backbone which outputs multi-scale features and then 

these features are given as input to the detection head which predicts 
bounding boxes and class scores. Between the backbone and the head, 

Feature Pyramid Network is used as “neck” which collects feature maps from 

different stages. This model also depends upon anchor boxes or prior boxes 
which are pre-defined aspect ratios. The aspect ratios are defined before 

training by running K-means on the input dataset which outputs a square 

matrix also known as grid. The anchor boxes anchors grid cells and share 
same centroid. After the anchor boxes are determined, the model checks the  

 



                                                                                                                  
 

 

 
 

 
Detection of One-horned Rhino from Green Environment Background using Deep 

Learning 4661 

 
overlap between ground truth and prior box and picks one with best IoU 

(Intersection over Union) value. Three things are predicted for each anchor 

box [17]: (i) location offset, (ii) objectness score and (iii) class probabilities. 
It also calculates losses against ground truths: (i) centroid loss, (ii) width and 

height losses and (iii) objectness and classification losses [17]. 

 

3.2 CSP-Net  
 

The CSP-Net is proposed in [22] to eliminate the requirement of heavy 

computations from network viewpoint. This network integrates the feature 
maps from beginning and also at the end of a stage by considering fluctuation 

of the gradients which reduces inference computations. Implementation of 

CSP-Net is quite general to cope with backbone architectures like ResNet, 
DenseNet and ResNeXt. Here, in this paper, CSP-Net is implemented with 

DarkNet-53 hence naming it as DarkNet-CSP-53. This method enables light 

weighted backbone architectures for CPUs or mobile GPUs and reduces 

memory requirement largely. It is also very efficient and compatible for 
inferencing. 

 

3.3 SPP-Net  
 

The SPP-Net [23] is known for generating fixed length representations of 

input of any arbitrary size. In object detection, this network considers the 

entire image input and computes feature maps only once and generates fixed 
length representations of the pool features during training. Here, SPP-Net is 

considered as a neck between the backbone and detection layers. The neck 

takes the feature maps from multiple scales produced by the backbone 
architecture as input and the output vector from the neck is then given as 

input to the head or detector for detection. The network handles arbitrary 

input sizes, scales and aspect ratios with flexibility and hence it accelerates 
detection based on DNN (Deep Neural Network). 

 

3.4 Activation Function 
 

Computation of DNN is a linear transformation proceeded by activation 

function which brings non-linearity between the output and input in the 

model. It decides the firing of neurons in the network layer. The most 
popularly used activation functions in recent times are ReLU (Rectified 

Linear Unit), Leaky ReLU [24], , sigmoid, etc. A new activation 

function called Mish [25] is introduced which assures in giving better 

performance than the mentioned popular functions. It is a non-monotonic 

function defined as: , where  is input and  is known 

as softplus function, expressed as .  
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The fact that Mish outperforms other activation functions is due to its 

smooth nature which is unbounded above but bounded below. The plot of 

Mish activation function is shown in Figure 1. It is also proved in [25] that 
Mish achieves lower loss and higher accuracy when varied with intensities of 

noisy inputs. Here, in this experiment, it is also found that Mish can be used 

for the betterment of the model as it improves the performance of the 
network compared with other activation functions. 

 

 
Figure 1: Mish activation function plot [25] 

 

3.5 Data Augmentation 
 

To increase the robustness of the detection model, data augmentation is 

used. It increases the number of input images and enhances the variability of 

the dataset. The model with data augmentation is trained to generalize real 

world scenario and learns wider range of situations. In object detection, 
techniques like random erase, cutout, mixup, are used to solve problems like 

occlusion along with geometric distortion augmentation methods like scaling, 

flipping, crop, rotating, etc. New augmentation methods suitable for 
problems in object detection are used in this work, which are cutmix [25] and 

mosaic augmentation [25]. Cutmix is cutting a part of an image and pasting it 

to another image and then combining both the images. Basically, cutmix is 
the combination of cutout and mixup augmentation methods. Again, Mosaic 

augmentation helps the network in learning or identifying objects at small 

scales. This is done by combining certain ratios of 4 training images to a 

single image. Also, the model learns to localize various images in different 
sizes within the frame. Sample images of data augmentation using cutmix 

and mosaic techniques are shown in Figure 2. 
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Figure 2: Example of (a) Cutmix augmentation on our proposed dataset       (b) 

Mosaic augmentation on our proposed dataset 

 

The following section presents the proposed detection methods of the 

automatic rhino detection system by using a one-stage object detector. 

 

4 Proposed Detection Methods 

 

This section describes the proposed methods of the automatic rhino 
detector. The block diagram of the system is shown in Figure 3. It is a basic 

block diagram of a one-stage object detector which consists of three main 

categories: backbone, neck and head. The input imagery dataset is 
augmented with data augmentation techniques before feeding it into the 

backbone architecture. The multiple scale feature extracted outputs from the 

backbone are then fed to the neck. And lastly for the object detection task, 
the output from the neck is fed to the head of the network. In our work, color 

images of one-horned rhino during daylight are used for training and testing. 

The types of models experimented on the one-stage detector are discussed 

below. 
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Figure 3: Block diagram of one-stage detector 

 

4.1 Yolov3 Model  
 

Here, the input image is directly given as input to the feature extraction 

network which is DarkNet-53. These feature maps from multiple scales are 

forwarded to FPN or the neck of the model. The output of FPN is given as 

input to the head of the model that carries out dense prediction by using the 
multiple scale feature maps (here 3 scales are taken into consideration). The 

output of the dense prediction is the detected target object. The activation 

function used in the original version is Leaky ReLU. To summarize, the 
YOLOv3 model has the following characteristics. 

 Backbone: DarkNet-53 

 Neck: FPN 

 Head: YOLOv3 

 Activation function: Leaky ReLU 

 Data augmentation: Not applied  

In order to enhance the performance of the proposed rhino detector, this 

work proposes different types of changes in the YOLOv3 model. These 
changes are in terms of backbone, neck, activation functions and data 

augmentation methods. In the following, we present the proposed 

modifications. 

 

4.2 Proposed Modifications 
 

The basic architecture of YOLOv3 one-stage detector is considered here. 
We propose certain modifications at different stages of YOLOv3 

configuration such that enhanced detection can be achieved. The proposed 

detection methods are presented one by one considering the changes in the 

YOLOv3 model.  

 

 

 



                                                                                                                  
 

 

 

 

 
Detection of One-horned Rhino from Green Environment Background using Deep 

Learning 4665 

 

4.2.1 Proposed Model 1: DarkNet53-SPP-YOLOv3 
 

This modified model has the following changes in YOLOv3: 

 Neck: SPP-Net 

The rest of the characteristics of YOLOv3 model remain unchanged. 

SPP-Net is used here instead of FPN due to its capability of providing input 

of any flexible size, scale and aspect ratio [23]. It also helps in accelerating 

detection of objects [23].     
 

4.2.2 Proposed Model 2: DarkNet53-SPP-YOLOv3-Mish 
 

This modified model has the following changes in YOLOv3: 

 Neck: SPP-Net 

 Activation function: Mish 

The activation function Leaky ReLU is replaced by Mish because of its 

smooth nature. In Mish, even if the input increases, it is feasible for the 
output to fall. This increases the information storage and discriminative 

capacity of the model. Mish has a behavior similar to a regularizing 

preconditioner [25]. It makes optimization of DNNs much simpler [25]. 

 

4.2.3 Proposed Model 3: DarkNet53-CSP-SPP-YOLOv3-Cutmix 
 

This modified model has the following changes in YOLOv3: 

 Backbone: DarkNet53-CSP 

 Neck: SPP-Net 

 Data augmentation: Cutmix 

The input dataset is augmented with cutmix augmentation and fed to 

DarkNet53-CSP backbone. This augmentation enhances robustness of the 

model and alleviates issue of over-confidence [25]. CSP-Net reduces heavy 
computation requirements and makes the backbone lighter [22]. The rest of 

the parameters remain unchanged to the YOLOv3 model. 

 

4.2.4 Proposed Model 4: DarkNet53-CSP-SPP-YOLOv3-cutmix-
Mish 
 

This modified model has the following changes in YOLOv3: 

 Backbone: DarkNet53-CSP 

 Neck: SPP-Net 

 Activation function: Mish 

 Data augmentation: Cutmix 

This model is similar to the model proposed in subsection 4.2.3, except 

the activation function is replaced from Leaky ReLU to Mish. The reason of 

attraction for using Mish is provided in subsection 4.2.2.  
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Also, the benefits of using CSP-Net along with the DarkNet-53 as a 

backbone and SPP-Net as neck are mentioned in subsection 4.2.3 and 4.2.1 

respectively.  
 

4.2.5 Proposed Model 5: DarkNet53-CSP-SPP-YOLOv3-Mosaic 
 

This modified model has the following changes in YOLOv3: 

 Backbone: DarkNet53-CSP 

 Neck: SPP-Net 

 Data augmentation: Mosaic 

This model is similar to the model proposed in subsection 4.2.3, except 

the data augmentation is replaced from cutmix to mosaic. This augmentation 
helps the network in identifying objects at small scales [25]. The advantage 

of using CSP-Net with DarkNet-53 is already mentioned above. The rest of 

the parameters remain unchanged to the YOLOv3 model. 

 

4.2.6 Proposed Model 6: Darknet53-CSP-SPP-Yolov3-Mosaic-
Mish 
 

This modified model has the following changes in YOLOv3: 

 Backbone: DarkNet53-CSP 

 Neck: SPP-Net 

 Activation function: Mish 

 Data augmentation: Mosaic 

 

This model is the up-gradation of the model proposed in subsection 
4.2.5. The activation function used here is Mish instead of Leaky ReLU. The 

benefits of Mish activation function are mentioned in subsection 4.2.2. The 

advantage of mosaic augmentation is provided in subsection 4.2.5. The head 

of the network is unchanged to the YOLOv3 model. It is expected that this 
combination should give us some enhancement in terms of performance. 

 

Table 1 shows the summary of the different combinations of backbone, 
neck, head, activation function and augmentation used to enhance the 

performance of the rhino detector. These models are trained with our newly 

proposed One-horned rhino dataset, which is introduced and described in the 

following section. These models are analyzed in the experimental results 
section. 
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Table 1: Summary of network architectures 

Model Data 

augmentation 

Backbone Neck Head Activation 

function 

YOLOv3 No DarkNet-53 FPN YOLOv3 Leaky 

ReLU 

Proposed 

Model 1 

No DarkNet-53 SPP YOLOv3 Leaky 

ReLU 

Proposed 

Model 2 

No DarkNet-53 SPP YOLOv3 Mish 

Proposed 

Model 3 

Cutmix DarkNet-53-

CSP 

SPP YOLOv3 Leaky 

ReLU 

Proposed 

Model 4 

Cutmix DarkNet-53-

CSP 

SPP YOLOv3 Mish 

Proposed 

Model 5 

Mosaic DarkNet-53-

CSP 

SPP YOLOv3 Leaky 

ReLU 

Proposed 

Model 6 

Mosaic DarkNet-53-

CSP 

SPP YOLOv3 Mish 

 

5 Proposed Dataset of Greater One-Horned (or Indian) 
Rhino 
 

The greater one-horned rhino of India is considered as an endangered 

species because of its reduced population in recent times. These rhinos play 
an important role in the ecosystem and they are required to be protected for 

maintaining the balance between human and wildlife. This work focuses on 

detection of rhinos automatically using DNNs. Hence, an imagery rhino 
dataset of daylight condition is proposed here and it is first one of this kind. 

The following subsections provide information related to collection of rhino 

images, dataset properties and labeling. 
 

5.1 Image Collection 
 

Images of one-horned rhinos are taken from multiple sources. Initially, 
images of rhinos of Kaziranga National Park, Manas National Park, Pobitora 

National Park situated in the state of Assam (India) are collected. Videos 

made in these National Parks are also considered and converted into images. 
Later on, 11 videos are filmed from Assam State Zoo, where 6 rhinos are 

present in different background scenarios. These videos are also converted 

into frames. A total of 5067 frames are thus collected and these frames are 

resized to a fixed dimension of . The images are divided into sets 

for training and testing as shown in Table 2.Table 2 summarizes the proposed 

dataset of greater one-horned rhino. The total number of images used for 

training and testing are 4649 and 418 respectively. There are two classes in 
the dataset: “rhino” and “group of rhinos”. The number of samples of the 

first class “rhino” is 5500 for training and 436 for testing.  



                                                                                                                  
 

 

 
 

 

 
4668 Simantika Choudhury et.al 

 

Similarly, the number of samples of the second class “group of rhinos” is 

854 for training and 83 for testing. Overall, the total samples containing both 

the classes are 6354 for training and 519 for testing. 
Table 2: Characteristics of proposed dataset 

Characteristic Training 

set 

Testing 

set 

Total number of images 4649 418 

Total samples of class “rhino” 5500 436 

Total samples of class “group of 

rhinos” 

854 83 

Total bounding boxes 6354 519 

 

5.2 Properties of the Dataset 
 

The characteristics of the dataset can be divided into categories like: 

i. The dataset is a color or RGB dataset containing only images 

taken at daylight. 
ii. The dataset contains images from videos filmed with a moving 

camera. 

iii. The dataset contains sequential data, which means images 
converted from sequence of videos. 

iv. The dataset considers cluttered/ occluded environment. 

v. The dataset contains images of rhinos from different views: side, 
front, back. Also, rhinos with different activities like sleeping, drinking 

water, etc. are also in this dataset. 

Six sample images from the dataset are shown in Figure 4. The first 

image contains a rhino from its back view. The second image shows a front 
view. The third image contains a rhino along with other animals. The fourth 

image shows side view of a rhino. The fifth image contains a sleeping rhino. 

And the last image contains a group of two rhinos, one of them is occluded. 

 
Figure 4: Sample images of our proposed rhino dataset 
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5.3 Image Annotation 
 

Here, it is described that how the rhino dataset is annotated or labeled. A 

labeling tool called LabelImg [26] is used to produce bounding box 

annotations for two classes: “rhino” and “group of rhinos” in YOLO format. 
A .txt file is created with the same name for each image which contains class 

of the object, its coordinates, width and height. All the four values except the 

object class are normalized so that the values range between 0 and 1. All the 
5067 images of the rhino dataset are manually labeled and also verified. The 

following section gives the implementation details of the proposed deep 

models and also the experimental results. 

 

6 Implementation Details and Experimental results 
 

The models are trained with DarkNet-53, DarkNet53-SPP and 

DarkNet53-CSP-SPP network architectures which contains deep layers. 

These models are trained from scratch without using any pre-trained weights 

or transfer learning, and tuned with Adam optimizer with a momentum of 
0.937. While training the network, hyper-parameters that are taken into 

consideration are empirically tested. The parameters are: initial learning rate 

used is 0.01, then it is reduced by 5e
-4

 and final learning rate is set to be 
0.0005. The networks are trained with a batch size of 2 for 50 epochs with a 

single NVIDIA GeForce RTX 2060 GPU with 6 GB of memory. For testing, 

the hyper-parameters used are: batch size of 16, confidence threshold of 
0.001, IoU (Intersection of Union) threshold of 0.6 for NMS. The remaining 

parameters are similar to that of training. 

All the models are trained and tested by using Pytorch (version 1.6) deep 

learning environment in Python (version 3.7). Table 3 shows the total time 
taken by the models for training and testing. It is found that the existing 

YOLOv3 model took 18.98 hours for training and 46.8 msec for testing our 

dataset. The training time and testing time for proposed models 1 and 2 are 
reduced to 16.24 hours and 26.6 msec respectively. Again, the proposed 

models 3 to 6 took about 10.70 hours for training and 25.2 msec for testing 

our dataset. The training time and testing time are improved by 1.77 and 1.8 
times respectively.  

Table 3: Training time and testing time of network architectures 

Model Training time (hour) 
Testing time 

(msec) 

YOLOv3 18.98 46.8 

Proposed Model 1 16.24 26.6 

Proposed Model 2 16.24 26.6 

Proposed Model 3 10.70 25.2 

Proposed Model 4 10.70 25.2 

Proposed Model 5 10.70 25.2 

Proposed Model 6 10.70 25.2 
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The models’ performances are evaluated by using the metrics: Average 

Precision (AP) at IoU thresholds of 0.5, 0.75 and also their corresponding F1 

scores [27]. Also, the Mean Average Precision (mAP) for the two classes 
“rhino” and “group_of_rhinos” is calculated. It gives the average precision of 

detections with the ground truth at different IoU thresholds. Higher the 

values of mAP and F1, better is the performance of the model.  
Table 4 gives the results of all the proposed models in this work and 

presents a comparison with YOLOv3. It shows mAP and F1 score at 0.5 and 

0.75. It is seen from the table that for the existing YOLOv3 model, the mAP 
and F1 score at 0.5 IoU is 77.3% and 59.4% respectively. Similarly, the mAP 

and F1 score for YOLOv3 model at 0.75 IoU is 76.4% and 53.2% 

respectively. The proposed model 1 achieves a slight better performance 

when compared to YOLOv3. The use of SPP-Net as the neck enhances the 
performance of the model. It achieves mAP of 81.4% and F1 score of 71.9% 

at 0.5 IoU. Proposed model 2 uses Mish activation function and SPP-Net as 

neck and this combination further enhances the mAP to 85.4% and F1 score 
to 72% at 0.5 IoU. The reason for enhancement of performance of this model 

is due to the non-monotonic nature of Mish and the capacity of SPP-Net in 

providing input of any size. The use of cutmix data augmentation and 

DarkNet-53-CSP as backbone in proposed model 3 enhances the model and 
achieves 91.2% and 80.9% of mAP and F1 score respectively at 0.5 IoU. The 

heavy computation requirement of the model is reduced by the usage of CSP-

Net with DarkNet-53.  
Proposed model 4 uses Mish as activation and the performance is 

improved with mAP of 92.3% and F1 score of 82.7% at 0.5 IoU. The 

introduction of mosaic data augmentation in proposed model 5 enhances its 
performance with mAP of 94.6% and F1 score of 88.9% at 0.5 IoU. The 

combination of DarkNet-53-CSP as backbone, SPP-Net as neck, Mish as 

activation function and mosaic as data augmentation technique improves the 

performance and achieves mAP and F1 score at 0.5 IoU of 96% and 91.1% 
respectively. Also, this model achieves mAP and F1 score at 0.75 IoU of 

95% and 89.9% respectively. The reasons for the improved performance of 

this model are: (a) usage of CSP-Net makes the network lighter, (b) SPP-Net 
handles input of any aspect ratios and sizes, (c) the mosaic data augmentation 

enhances the quality of the dataset, and (d) changing the activation function 

to Mish simplifies the optimization of the network. The plots for mAP and 
F1 score at 0.5 IoU of all the models are shown in Figure 5 and compared 

with YOLOv3. 
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Table 4: Performances of network architectures 

Model Class 

AP  

at 0.5 

IoU 

mAP  

at 0.5 

IoU 

F1 

Score at 

0.5 IoU 

AP  

at 0.75 

IoU 

mAP  

at 0.75 

IoU 

F1 Score  

at 0.75 

IoU 

YOLOv3 
rhino 0.891 

0.773 0.594 
0.886 

0.764 0.532 
group_of_rhinos 0.656 0.642 

Proposed Model 

1 

rhino 0.907 
0.814 0.719 

0.896 
0.792 0.672 

group_of_rhinos 0.721 0.687 

Proposed Model 

2 

rhino 0.911 
0.854 0.72 

0.906 
0.848 0.674 

group_of_rhinos 0.797 0.79 

Proposed Model 

3 

rhino 0.946 
0.912 0.809 

0.94 
0.902 0.713 

group_of_rhinos 0.879 0.864 

Proposed Model 

4 

rhino 0.943 
0.923 0.827 

0.928 
0.909 0.807 

group_of_rhinos 0.902 0.89 

Proposed Model 

5 

rhino 0.965 
0.946 0.889 

0.942 
0.932 0.873 

group_of_rhinos 0.926 0.922 

Proposed Model 

6 

rhino 0.974 
0.96 0.911 

0.967 
0.95 0.899 

group_of_rhinos 0.946 0.934 

For optimization of the proposed rhino detectors, GIoU (Generalized 

Intersection over Union) loss [28] and objectness loss are calculated for both 

the training and validation sets. GIoU loss is considered instead of IoU loss 
because it has the potentiality to produce steeper gradient when compared to 

IoU loss at any state [28]. However, IoU based performance measurement is 

used for bounding box detection. The objectness loss (also called confidence 
loss) measures whether the object is detected by the model or not. The 

convergence plots for GIoU and objectness losses of training and validation 

sets are shown in Figure 6 and Figure 7. 

 
Figure 5: Detection performance of models (a) mAP values at 0.5 IoU (b) F1 scores 

at 0.5 IoU 
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Figure 6: Plots of training losses: (a) GIoU loss  (b) Objectness loss 

 

 

 

 

 

 

 

 

 

 
 



                                                                                                                  
 

 

 

 

 
Detection of One-horned Rhino from Green Environment Background using Deep 

Learning 4673 

 

 
Figure 7: Plots of validation losses: (a) GIoU loss (b) Objectness loss 

It is found from the evaluation results that DarkNet53-CSP-SPP-
YOLOv3-mosaic-Mish (Proposed Model 6) is the best model/ configuration 

for detection of the two classes of rhino dataset in any environmental 

condition during day time. This model can be used in real world application 
for the protection or surveillance of one-horned rhinos. It gives best result 

when the dataset is augmented with mosaic augmentation and the backbone 

used is DarkNet53-CSP-SPP. It gives better accuracy because of the usage of 

Mish activation function. The advantages and properties of CSP-Net, SPP-
Net, data augmentation techniques and activation functions are already 

discussed in Section III. Hence, it is proved that when the mentioned 

configuration is combined together in the YOLOv3 one-stage object detector, 
the performance is enhanced when compared with the original configuration 

of YOLOv3.Figure 8 shows 16 images of detection outputs of proposed 

model 6 from our testing dataset. The images contain detected bounding 

boxes of two classes: “rhino” and “group of rhinos”, along with their 
confidence scores. It is observed that rhinos are detected in occluded 

environment as well by using this model. Also, the second image shows no 

detection which is a false negative, hence the model still have scope for 
improvement.  
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Figure 8: Detection outputs by using the Proposed Model 6 

 

7 Conclusion 
 

This paper introduced automatic detection systems by using a single-

stage object detector (YOLOv3) which can automatically detect one-horned 
rhinos from a camera. A new one-horned rhino dataset was also proposed 

which was manually annotated by using labeling tool. Different 

combinations of network architectures, activation functions and data 
augmentation methods were experimented during the training of the models. 

Out of all the proposed methods, the model 6 derived best performance. For 

this model, the mean average precision and F1 score was found to be 96% 

and 91.1% at 0.5 IoU threshold respectively. The training time and testing 
time was found to be improved by approximately 1.8 times for this model. 

Hence, this system may be used in real world applications. In future, saliency 

based deep neural networks may be explored to enhance the performance of 
the animal detector. Night time images may be added to the rhino dataset for 

detection at any illumination condition. Also, an animal tracking system may 

be developed. 
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