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In recent years, computer vision technology has played an important role in the field of wildlife 
monitoring. Machine learning technique can help to detect animals in the images collected in the 
field, so as to better understand the animal behaviour and the protection of key conserved animals. 
Machine learning algorithms can be trained iteratively on a large amount of image data to capture 
the features associated with the image labels, thus improving the recognition rate. The aim of this 
study is to classify animal images (including giant pandas, bears, lions and tigers) in the field back-
ground using machine learning methods. 
 
This study is about evaluating the performance of various algorithms on animal image classification 
tasks. The algorithms that will be evaluated include the k-nearest neighbours algorithm, the deci-
sion tree algorithm, the random forest algorithm, the gradient boosting decision tree algorithm, and 
the support vector machine algorithm. The evaluation process involves clear model evaluation cri-
teria as well as comparative analyses of model performance. For model evaluation, we used spec-
ifications such as accuracy, average precision, and other measures to comprehensively evaluate 
the performance of the models. 
 
The results of the study demonstrate that the random forest and gradient boosting decision tree 
algorithms achieved high accuracy and precision in our tasks. However, the random forest algo-
rithm demonstrated faster training and prediction speeds, making it more suitable for practical ap-
plications requiring the rapid processing of large datasets. This discovery offers an important ref-
erence for the future selection of machine learning models suitable for specific application scenar-
ios. 
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1 INTRODUCTION 

In recent years, computer vision has been rapidly developed, and accurate recognition and classi-
fication techniques for images have become increasingly important. With the advancement of com-
puting technology, especially the significant increase in computing power, image recognition tech-
nology based on machine learning has begun to be widely used in our daily life. For example, in 
the field of autonomous driving, it ensures driving safety by accurately identifying pedestrians and 
vehicles on the road (Bachute & Subhedar, 2020); in medical image analysis, machine learning 
helps doctors diagnose diseases faster and more accurately, such as detecting early lung cancer 
by analysing X-ray images (Thallam et al., 2020). These applications not only enhance the practi-
cality of the technology, but also greatly improve work efficiency and quality of life. 
 
In this thesis, an insight into how machine learning algorithms can be used to identify and classify 
wild animals, specifically bears, lions, pandas and tigers, combined with the raw pixel feature vec-
tors of the images. In the study, machine learning algorithms are used to train models by analysing 
the pixel-level data of these animals in an image so that they can accurately differentiate between 
the different species. 
 
The primary motivation for this research is to apply machine learning techniques to wildlife identifi-
cation with the aim of promoting wildlife conservation and biodiversity research. By using machine 
learning algorithms to identify different animal species, researchers can monitor and analyse animal 
behaviour more effectively, leading to more targeted conservation measures. Furthermore, the ap-
plication of this technology can be used across a number of subject areas, particularly in bioinfor-
matics, where it offers a way to provide technical assistance (Alharbi et al., 2019). 
 
The main contribution of this thesis is to deepen our understanding of image recognition functions 
in the context of machine learning. It not only compares the performance of different models, but 
also provides an in-depth analysis of the practical applications of these models in real-life scenar-
ios. Through such analysis, it helps us to recognise the challenges and limitations that we may 
encounter when deploying these models in real-world environments. 
 
The structure of the thesis is as follows: after an introduction in Section 1, a literature review in 
Section 2 provides a comprehensive background to the classification problem and situates this 
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study within the broader context of machine learning in image recognition. In Section 3, we address 
the data preparation, model evaluation, and the details of how we applied the algorithm to our 
dataset. The results are displayed and analysed in Section 4. Finally, in the discussion parts, we 
compare our results with other studies horizontally and discuss the possibilities for improvement 
then summarise the results in the conclusions section. 
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2 LITERATURE 

2.1 The overview of classification problems 

Machine learning is an important part of artificial intelligence which utilises a series of computational 
technologies to enable a system to learn from data and make predictions or decisions. Supervised 
learning is also an important component of machine learning, with the idea that algorithms learn 
from labelled training data to predict results or classify the data. 

The classification problem is a common task in supervised learning. The goal is to classify input 
data into predefined categories or labels. By training the samples in the dataset with their corre-
sponding labels, the classification model is able to learn how to correctly classify new unlabelled 
data into the appropriate categories. 

Classification tasks are widely used in real life, especially in the field of image recognition. Accord-
ing to Khan et al. (2021), it is one of the foundations in computer vision tasks and is widely used to 
identify and differentiate between different objects, scenes or features of images. The purpose is 
to enable computers to recognise and understand content from images. For instance, in the field 
of face recognition, classification tasks can be applied to security systems (Bagaa et al., 2020), 
identity verification (Srinivasan et al., 2005), and social media applications (Pennacchiotti & 
Popescu, 2021) by classifying face images into specific individuals. In medical image recognition, 
classification tasks are mainly used to automatically identify diseases, organs or abnormalities in 
images to assist doctors in making diagnoses and treatment plans (Olsen et al., 2020). And in e-
commerce, classification tasks are used to categorise product images into different categories so 
that users can find their desired products more easily, thus improving the user experience (Xu et 
al., 2024). 

2.2 Fundamentals of Machine Learning in Image Recognition 

In the task of image recognition, algorithms for machine learning need to learn from a standard 
dataset, and they construct predictive models by finding relationships between data features and 
labels. It means that the algorithm needs to extract meaningful features from the raw pixel values 
and then use these features for a step of analysis and classification. 
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In addition to introducing how to convert images into data, several classical machine learning algo-
rithms will also covered in detail in this chapter and explore their application to classification tasks, 
in particular how to train models to extract patterns and features from image data. 

2.2.1 Image Feature Vectors in Image Recognition 

The recognition process of an image usually involves the extraction of feature vectors in order to 
represent the key features of the image in a better way. Feature vectors are image abstractions 
used to characterise and numerically quantify the content of an image. In simple terms, feature 
vectors are lists of numbers used to represent an image, and these lists usually consist of real 
numbers, integers, or binary values. 

In this thesis, the focus is on the classification task by extracting the most basic raw pixel image 
vectors in an image. In other words, it is the colour intensity values of each pixel in the image file 
that concerns us. In a colour image, the intensity of each pixel consists of a combination of red, 
green and blue values, which are stored digitally in the computer. Specifically, each colour channel 
usually has a value between 0 and 255, with 0 indicating the lowest intensity and 255 indicating the 
highest intensity (Yeung, 2015). 

When the image is converted into data with the intensity of the colour channels of the pixels, we 

get a 3-dimensional array with dimensions of 𝑚𝑚 × 𝑛𝑛 × 3 which denoted as 𝐴𝐴 = �𝑎𝑎𝑖𝑖𝑖𝑖𝑖𝑖� with inte-

gers 𝑖𝑖 ∈ [1,𝑚𝑚], 𝑗𝑗 ∈ [1,𝑛𝑛], 𝑘𝑘 ∈ [1,3]. Note that the pixel resolution is 𝑚𝑚 × 𝑛𝑛 and the blue, red, 

and green channels correspond to �𝑎𝑎𝑖𝑖𝑖𝑖1�, �𝑎𝑎𝑖𝑖𝑖𝑖2� and �𝑎𝑎𝑖𝑖𝑖𝑖3�, respectively. For the next step of 

data processing and analysis, the array converted from images needs to be further transformed 
into a 1-dimentional array with 3𝑚𝑚𝑚𝑚 elements denoted as 𝐵𝐵 = (𝑏𝑏𝑙𝑙) where 𝑙𝑙 is also integer with 

𝑙𝑙 ∈ [1,3𝑚𝑚𝑚𝑚]. Two arrays comprise a one-to-one mapping 

𝑎𝑎𝑖𝑖𝑖𝑖𝑖𝑖 ↔ 𝑏𝑏𝑙𝑙, 

which satisfy the equation 3(𝑖𝑖 − 1)𝑛𝑛 + 3(𝑗𝑗 − 1) + 𝑘𝑘 = 𝑙𝑙. Given 𝑖𝑖, 𝑗𝑗,𝑘𝑘, we can easily deter-

mine 𝑙𝑙 by the above equation; and in turn,  𝑖𝑖, 𝑗𝑗, 𝑘𝑘 can be determined by successively calculating 

the residue modulo 3 and 𝑛𝑛 if 𝑗𝑗 < 𝑛𝑛. 
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2.2.2 K-nearest neighbours 

K-nearest neighbour (k-NN) is a lazy learning approach, which means that when building a model, 
it does not extract general features from the training data, but stores the entire training dataset in 
memory, waits for prediction to compute the distance between the test samples and the training 
samples by using the Euclidean distance and performs the classification task based on the labels 
of the k closest training samples. One of the notable k-NN's for image recognition advantage is its 
simplicity and intuitiveness (Cover & Hart, 1967). 
 
In the k-NN algorithm, choosing an appropriate value of 𝑘𝑘 is crucial because it directly affects the 
accuracy of classification. Choosing an overly large k may result in an overly simple model with 
underfitting problems, while choosing an underly small k may make the model too complex with the 
risk of overfitting. Usually, the best 𝑘𝑘 value can be determined by means of cross-validation (Mullin 
& Sukthanka, 1999). 

 
FIGURE 1. An example of the mechanism of k-NN algorithm (Sachinsoni, 2023). A new point 𝑃𝑃𝑡𝑡 

will be classified into one of the three classes A, B and C according to the distance.  

 

2.2.3 Decision tree 

Decision Tree is a supervised learning algorithm whose process is similar to a flow diagram and is 
very easy to understand and explain. By decomposing the data set into different decision nodes 
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and branches, the decision tree is able to make decisions step by step and generate a series of 
simple rules to explain the relationship between the data. 

 
FIGURE 2. The structure of a decision tree. At root nodes and internal node, a condition is se-

lected to split the sub data set of this node.  

 
In Decision Trees, it is crucial to choose the right tree depth as it directly affects the performance 
and generalisation ability of the model. The depth of the tree determines how much detail the model 
learns about the data. If the tree depth is too shallow, it may result in underfitting as the model is 
unable to fully learn the patterns in the data. And a decision tree that is too deep may cause the 
model to overfit the training data, also making the model complex and difficult to understand (Jo-
hansson, 2021). 
 
In practice, grid search is often used to optimise the depth of a decision tree. In this way, the effects 
of different depths can be systematically explored to determine the optimal depth also discussed 
in Johansson (2021). 

2.2.4 Random forest 

Random Forest is an integrated learning algorithm whose core idea is to combine the predictions 
of multiple decision trees as a way to enhance the accuracy of the overall model on classification 
tasks. Specifically, the Random Forest algorithm handles the feature vectors of an image by con-
structing multiple decision trees and training them independently. These decision trees then deter-
mine the final classification result by majority voting, i.e., each tree gives a prediction, and the final 
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classification result is determined by the prediction with the most occurrences. This majority voting 
mechanism effectively improves the accuracy and robustness of the predictions, as it reduces the 
biases and errors that may be introduced by relying on a single model. 
 
In the Random Forest algorithm, each decision tree is trained independently, and two random 
methods are used: one is using self-sampling in the selection of the training set, and the other is 
randomly selecting a subset of features during the node splitting process of the decision tree. This 
double randomness allows each tree in the forest to capture different aspects of the data, thus 
enhancing the robustness of the overall model. Since image data often has a high-dimensional 
feature space, random forests can effectively handle high-dimensional data in this way (Qi, 2012). 
 
Although Random Forest is computationally more complex than a single decision tree, its remark-
able performance makes it a very valuable algorithm in the field of image recognition in recent 
works (Subasi & Subasi, 2016; Zhu et al., 2017) 

2.2.5 Gradient boosted decision tree 

Gradient Boosting Decision Tree (GBDT) is an integrated learning algorithm which is similar to 
Random Forest in that it also builds powerful predictive models based on multiple decision trees. 
However, unlike Random Forest that integrate multiple independently trained trees through a sim-
ple average or majority voting mechanism, GBDT corrects the prediction error of the previous tree 
by sequentially adding trees, with each new tree built to improve the overall model performance 
(Hastie et al., 2009). There is evidence that GBDT performs better than in random forests (Caruana 
& Niculescu-Mizil, 2006). 
 
In the scenario of gradient boosting algorithm for multi-class classification problems, we need to 
transform the problem into probabilistic prediction as the tree model predicts continuous values. In 
our problem, the samples come from 𝐾𝐾 categories, so the gradient boosting algorithm need to be 

extended from binary classification by building 𝐾𝐾 trees at each iteration stage, thus giving the prob-

ability that each sample belongs to the 𝑘𝑘-th category. 
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2.2.6 Support Vector Machine 

Support Vector Machine (SVM) is powerful supervised learning algorithm that perform classification 
tasks by separating samples with different labels by drawing hyperplanes in an N-dimensional fea-
ture space. SVMs are able to perform classification efficiently in complex datasets and perform well 
especially when the feature dimensionality is high (Howley et al., 2007). 
 
SVM is particularly effective in image recognition tasks because of its ability to handle high-dimen-
sional data and accurately classify complex patterns in the data. In image classification, Radial 
Basis Function (RBF) kernel, which is an efficient kernel function capable of handling nonlinear 
data distributions, is widely used. The main idea is to use the "kernel trick" to map the input data to 
a high-dimensional space where the data can be separated by category, and then use a linear 
classifier when the input dataset doesn't allow it.  By feeding the feature vectors extracted from the 
images into the SVM model with the RBF kernel, the algorithm learns how to efficiently distinguish 
between different classes of images as discussed by Chapelle et al. (1999). 
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3 DATA AND MODELS 

In this section, the dataset used and the data processing methods are presented, as well as the 
theoretical details of the machine learning approach using this dataset. 

3.1 Data processing 

In this study, two existed datasets are combined, which includes four animals: bears, pandas (Op, 
2022), lions and tigers (Mehta, 2023), to evaluate the performance of different machine learning 
methods in classifying these animals. In the bear and panda dataset, a total of 500 images were 
used, while 563 images were used in the lion and tiger dataset. 

To make the image processable by the algorithm, the image is transformed into an array of raw 
pixel feature vectors. In detail, the cv2.imread() function is used in the OpenCV library in Python to 
read the image files. Then, to improve the efficiency of data processing, images are resized to 
64x64 pixels using the cv2.resize() function. Next, to simplify the process of further data processing 
and analysis, the flatten() function is used in the OpenCV library to convert the 3-dimensional image 
arrays with dimensions 64 × 64 × 3 into one-dimensional arrays, and these one-dimensional ar-
rays is added to the list image_data to store all the data. The detail of this conversion is described 
in Section 2.2.1. In addition, lists of tags are created to store the categories of images.  

In the practical part, in order to facilitate the subsequent training and processing of the machine 
learning model, the labels are converted into numeric form as shown in Figure 3 and changed all 
the input data into the form of NumPy arrays. 

In machine learning, the entire dataset needs to be divided into a training set and a test set to 
evaluate the performance of the model objectively. Training data is used to train the model and 
adapt the model to the pattern of the data. Meanwhile, the test data is a separate dataset from the 
training data which is used to evaluate the performance of the model on new data to ensure that 
our evaluation is not biased due to the fact that the model is familiar with the training data. In this 
way, it can be tested whether the model can be applied in new situations.  

Thus, given our dataset, the data is split into training (75% of total) and test datasets (25% of total) 
randomly in order to ensure that both subsets are balanced and unbiased.   
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FIGURE 3. Visualize a subset of images, in which numbers are used to indicate the different cate-

gories of animals: 0-Bear, 1-Lion, 2-Panda, 3-Tiger. 

 

3.2 Model evaluation 

In classification models, the main goal is to give reasonable classes for new samples by training 
set fitting. And there are various evaluation criteria to assess the performance of the model. In 
supervised learning, the confusion matrix is a powerful tool to learn about the performance of clas-
sification models. It is usually defined as a contingency table with two dimensions of actual labels 
and predicted labels. In our example, the model gives a prediction of the class 𝑦𝑦�𝑖𝑖 for each sample 

{(𝒙𝒙𝒊𝒊,𝑦𝑦𝑖𝑖), 𝑖𝑖 = 1, … ,𝑁𝑁} in the test set, where 𝑦𝑦𝑖𝑖 is the real label of the sample. Then, the confusion 
matrix can be expressed as Figure 4. 
 
The confusion matrix not only provides by-class and global accuracy of the classifier, but also al-
lows further assessment of other metrics of the model. In this thesis, the global accuracy of the 
model is used and can be computed as 

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 =  
∑ 𝟏𝟏{𝑦𝑦𝑖𝑖=𝑦𝑦�𝑖𝑖}
𝑁𝑁
𝑖𝑖=1

𝑁𝑁
, 

which is the proportion of correct labelling given for the model.  
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Another metric of interest to us is the precision for each class, which means the proportion of sam-
ples in each class for which the classifier gives the correct labels. The precision for class 𝑗𝑗 has the 
form 

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑛𝑛𝑗𝑗 =
∑ 𝟏𝟏{𝑦𝑦𝑖𝑖=𝑦𝑦�𝑖𝑖=𝑗𝑗}
𝑁𝑁
𝑖𝑖=1

∑ 𝟏𝟏{𝑦𝑦𝑖𝑖=𝑗𝑗}
𝑁𝑁
𝑖𝑖=1

. 

It is assumed that the importance of all classes is equal. On this basis, the macro average precision 
is an important indicator to reflect the overall level of precision of each class, which is the arithmetic 
mean of the precision rates of the classes. 
 

 
FIGURE 4. Example of confusion matrix. In each cell, the value is the number of samples in the 

dataset that satisfy the particular actual and predicted labels. 

 

3.3 Models 

In this study, multiple supervised learning algorithms are employed to accomplish the task of animal 
image classification. The purpose of this study is to compare the performance of different algo-
rithms in this task, which includes comparative criteria such as confusion matrix, accuracy, etc.  To 
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describe the following algorithm on the dataset more precisely, our dataset is abstracted into the 
following form: 

We denote the 1-dimentional vector corresponding to each image as 𝒙𝒙𝒊𝒊 = (𝑥𝑥𝑖𝑖1, 𝑥𝑥𝑖𝑖2, … , 𝑥𝑥𝑖𝑖𝑖𝑖)𝑇𝑇 , 

and the label of each image as 𝑦𝑦𝑖𝑖, 𝑖𝑖 = 1, … ,𝑁𝑁, where 𝑁𝑁 is the number of images, and 𝐾𝐾 is the 
number of elements in the 1-dimensional vector. 

3.3.1 K-nearest neighbours algorithm 

Given the straightforward principles of the k-NN algorithm, it is worthwhile to use it for image clas-
sification tasks. Given the training set, i.e., a set of datasets with known labels, a new sample will 
be classified.  Specifically, it will evaluate the similarity between the images by calculating the Eu-
clidean distance between them and then select the k nearest neighbours. The labels corresponding 
to these most similar neighbours will be used to classify the images to be identified. We compute 
the distance between a new image sample 𝑥𝑥𝑛𝑛𝑛𝑛𝑛𝑛  and samples in the training data set, for which 
the Euclidean distance is calculated, with the form of 
 

𝐷𝐷(𝒙𝒙𝒊𝒊,𝒙𝒙𝒏𝒏𝒏𝒏𝒏𝒏) = ��(𝑥𝑥𝑖𝑖𝑖𝑖 − 𝑥𝑥𝑛𝑛𝑛𝑛𝑛𝑛 𝑘𝑘)2
𝐾𝐾

𝑘𝑘=1

, 𝑖𝑖 = 1, … ,𝑁𝑁. 

We rank the distances between the samples in the training set and the new sample and pick the 
first 𝑘𝑘 neighbours that are closest to the new sample. According to the majority rule, the new sam-

ple is given the label 𝑦𝑦�𝑛𝑛𝑛𝑛𝑛𝑛 which is the majority of the 𝑘𝑘 neighbours. Here the elements of the 
sample vector are the flattened pixel values. In Section 4.1, the algorithm is implemented by using 
the KNeighborsClassifier function from the sklearn.neighbors library in Python. 
 
In this case, cross-validation is used to find the optimal values of the hyperparameter 𝑘𝑘. The train-

ing set is divided into 5 parts and determined the number of neighbours 𝑘𝑘 based on the average of 
the accuracy. 
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3.3.2 Decision tree 

Since our method distinguishes animals based on the colour of the image, in addition to a selection 
of pixel points, it is required to set a threshold for the colour channel value of the pixels in order to 
classify the images based on colour type and intensity. A decision tree starts at the root node at 
the bottom and will divide the dataset in two based on the intensity values of the original pixels of 
the image, repeating the operation at each layer until it reaches the leaf node, which is the result 
of the decision. Each node represents a feature test, e.g., a node may test whether the feature 
vector of an image exceeds a certain threshold. 
 
For our pixel dataset, since each pixel value is continuous, we need to determine a pixel and a 
segmentation threshold (𝑘𝑘∗, 𝑡𝑡∗) at each node of the tree. Here the objective function is defined as 
(Breiman et al., 1984, pp. 18-58) 
 

G(D, k, t) =
nleft

nD
Impurity�Dleft� +

nright

nD
Impurity�Dright�, 

where 𝐷𝐷 and 𝑛𝑛𝐷𝐷 is the data set and the number of samples at this node, Dleft and 𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡 are 

defined as 𝐷𝐷𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 = {𝐷𝐷|𝑥𝑥∙𝑘𝑘 ≤ 𝑡𝑡}  and 𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡 =  {𝐷𝐷|𝑥𝑥∙𝑘𝑘 > 𝑡𝑡} , respectively, while 𝑛𝑛𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙  and 

𝑛𝑛𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡 are the corresponding number of samples in 𝐷𝐷𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 and 𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡. The Gini impurity is used 
in the implementation and defined as  

𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝐷𝐷)  = �
𝑛𝑛𝑦𝑦=𝑏𝑏
𝑛𝑛𝐷𝐷𝑏𝑏

(1 −
𝑛𝑛𝑦𝑦=𝑏𝑏
𝑛𝑛𝐷𝐷

). 

Low Gini impurity usually implies a more homogeneous subset, i.e., a higher percentage of data 
with the same label. In each step, the algorithm aims to find the optimal pixel and thereshold to 
obtain a smaller Gini impurity, which improves the classification accuracy. Therefore, (𝑘𝑘∗, 𝑡𝑡∗)  can 
be derived by 

(𝑘𝑘∗, 𝑡𝑡∗) = argmin
𝑘𝑘,𝑡𝑡

𝐺𝐺(𝐷𝐷,𝑘𝑘, 𝑡𝑡). 

 
We keep repeating the above steps to choose the best pixel and the best segmentation threshold 
at each node until the required tree depth is reached. The algorithm was implemented by using the 
DecisionTreeClassifier function in sklearn.tree and searching for the best tree depth using a grid 
search as shown in Section 4.2,.  
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In a decision tree, we can capture the level of importance of each feature, which depends on how 
much each feature contributes to reducing the uncertainty of the target variable. In the algorithm 
used, this is measured by the amount of reduction in Gini impurity achieved by making cuts to 
specific features. Thus, we can learn which pixels in the image give the most information for the 
classification.  

3.3.3 Random forest 

The fundamentals of random forests are explained in Section 2.2.4. For the implementation of the 
algorithm, the RandomForestClassifier function from sklearn.ensemble is used, where a default 
number of trees of 100 is set and the maximum depth of the tree is not defined specifically, i.e. up 
to the point where the subset of all nodes is of a single class or the subset capacity is less than 
three. 
 
For each sample in the test set, the label can be predicted by selecting the majority vote among 
the trees. Here, decision trees in the forest are used to identify the most important pixel points, 
providing a basis for classification of the sample. In the decision tree, the feature importance in a 
tree is computed by Gini Impurity, whereas in the random forest, the mean decrease in impurity 
needs to be computed for the whole random forest to get the feature importance. 
 

3.3.4 Gradient boosted decision tree 

The basic idea of the algorithm can be found in Section 2.2.5. For our K-category classification 
problem, GBDT performs classification by analysing the feature vectors of an image. In each iter-
ation, the algorithm determines which features best reduce classification errors and adjusts the 
construction of the decision tree in accordance with this. As the number of trees in the model in-
creases, it gradually captures more complex image features, thereby improving the classification 
accuracy of the image. Friedman (2001) gave the principles of the algorithm for this scenario. For 
the 𝑖𝑖-th sample, the probability that it belongs to the 𝑘𝑘-th group can be calculated by 

𝑦𝑦�𝑖𝑖,𝑘𝑘 = 𝐹𝐹𝑀𝑀,𝑘𝑘(𝑥𝑥𝑖𝑖) = � 𝜐𝜐 ℎ𝑚𝑚,𝑘𝑘(𝑥𝑥𝑖𝑖)
𝑀𝑀

𝑚𝑚=1

, 
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where ℎ𝑚𝑚,𝑘𝑘 comes from the 𝑘𝑘-th tree of the 𝑚𝑚-th iteration and is called the ‘weak learner’ for the 

prediction update. After each iteration, the prediction will be updated by 

𝐹𝐹𝑚𝑚,𝑘𝑘(𝑥𝑥𝑖𝑖)  = 𝐹𝐹𝑚𝑚−1,𝑘𝑘(𝑥𝑥𝑖𝑖)  + 𝜐𝜐 ℎ𝑚𝑚,𝑘𝑘(𝑥𝑥𝑖𝑖), 

where the parameter ν is referred as the learning rate, which scales the step size of the gradient 

descent process and thus the contribution of the weak learner. The weak learner ℎ𝑚𝑚,𝑘𝑘 is deter-

mined by minimizing the loss function 𝐿𝐿𝑚𝑚,𝑘𝑘 at that stage. In the current scenario, the multinomial 

negative log-likelihood loss function is used as a general form of the loss function. Specifically, the 
weak learner has the form 

ℎ𝑚𝑚,𝑘𝑘 = argmin
ℎ

 𝐿𝐿𝑚𝑚,𝑘𝑘 = argmin
ℎ

��𝐿𝐿�𝑦𝑦𝑖𝑖,𝑘𝑘,𝐹𝐹𝑚𝑚−1,𝑘𝑘(𝑥𝑥𝑖𝑖) + 𝜐𝜐 ℎ𝑚𝑚,𝑘𝑘(𝑥𝑥𝑖𝑖)�
𝐾𝐾

𝑘𝑘=1

𝑁𝑁

𝑖𝑖=1

, 

where 𝑦𝑦𝑖𝑖,𝑘𝑘 = 1{𝑦𝑦𝑖𝑖=𝑘𝑘} and 𝐿𝐿(𝑦𝑦∙,𝑘𝑘,𝐹𝐹∙,𝑘𝑘(𝑥𝑥)) = −𝑦𝑦∙𝑘𝑘  log 𝑝𝑝𝑘𝑘, in which 

𝑝𝑝𝑘𝑘  =  𝑒𝑒𝑒𝑒𝑒𝑒(𝐹𝐹∙,𝑘𝑘(𝑥𝑥)) � 𝑒𝑒𝑒𝑒𝑒𝑒(𝐹𝐹∙,𝑙𝑙(𝑥𝑥))
𝐾𝐾

𝑙𝑙=1
� . 

The GradientBoostingClassifier method in sklearn.ensemble are used to implement this process. 
To avoid overfitting, we retain the default maximum depth of each tree in the method, which is 3. 
Here we do not specifically assign an initial value for the probability of a sample belonging to each 
class, hence the initial value is given by the a priori probability of each class. Therefore, the algo-
rithm will perform the classification task according to the above process and improve the perfor-
mance of the classifier consistently. 

3.3.5 Support vector machine 

Despite the support vector machines (SVMs) have the ability to handle high-dimensional data effi-
ciently, since each feature vector in our dataset contains 12,288 elements, it is reasonable to pre-
serve as much information as possible in the dataset while reducing the data dimensionality in 
order to process the data more efficiently. The original dataset is pre-processed by using Principal 
Component Analysis (PCA). 

PCA transforms the original dataset to a new coordinate system consisting of principal components 
by means of a linear transformation. In this case, the different pixels is recombined. The first prin-
cipal component is a mapping of the original data in the direction of the maximum variance. The 
second principal component explains the maximum variance after the effects of the first principal 
component have been eliminated, and so on until all the variance is explained. 
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The covariance matrix of the data set is defined as 

𝐶𝐶 =
1

𝑁𝑁 − 1
�(𝒙𝒙𝒊𝒊 − 𝒙𝒙�)(𝒙𝒙𝒊𝒊 − 𝒙𝒙�)𝑇𝑇
𝑁𝑁

𝑖𝑖=1

, 

Here, 𝒙𝒙� is the mean of each feature across all samples {𝒙𝒙𝒊𝒊}. The eigenvalues of the covariance 

matrix {𝜆𝜆𝑖𝑖, 𝑖𝑖 = 1, . . . ,𝑁𝑁|𝜆𝜆1 > 𝜆𝜆2 >. . . > 𝜆𝜆𝐾𝐾} represent the variance of the data along the cor-
responding principal component directions. Thus, the importance of the components, or the ex-
plained variance ratio, has the form 
 

𝑟𝑟𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖 =
𝜆𝜆𝑖𝑖

∑ 𝜆𝜆𝑘𝑘𝐾𝐾
𝑘𝑘=1

. 

In order to achieve an effective dimensionality reduction, it is plausible to retain the number of 
principal components with a cumulative explained variance greater than 80%. We use the principal 

component vector {𝒛𝒛𝒋𝒋} obtained by linear transformation as the input feature vector of SVM.  

The purpose of SVM is to find the optimal hyperplane that maximises the distance between classes. 
To avoid overfitting, soft margin techniques are used in our case, which include penalty terms for 
misclassified instances, aiming to strike a balance between smoothing the hyperplane as much as 
possible and allowing some misclassification. Mathematical details are omitted here due to the 
complexity and can be found in (Cortes & Vapnik, 1995). Due to the nature of the data, the RBF 
kernel is used to handle nonlinear boundaries, and the SVC function in sklearn.svm accomplishes 
this by specifying the kernel. 
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4 RESULTS 

In this chapter, we focus on the results of the model fitting and the models used are described in 
Section 3. The entire dataset was split randomly into a training set of 75% samples, and a test set 
of 25% samples. Meanwhile, the sample's label were numericized, i.e. 0 – bear, 1 – Lion, 2 – Panda, 
3 – Tiger. 
 
To prevent predictions from being affected by differences in the dataset used to fit the model, in all 
methods, the same random numbers were used in the training-test set split; similarly, this operation 
was performed in some of the algorithms that require cross-validation to find the best hyperparam-
eters.  

4.1 K-nearest neighbours algorithm 

The optimal number of neighbours 𝑘𝑘 was derived by cross validation, as shown in Figure 5. To 

prevent overfitting, we select 𝑘𝑘 = 3 instead of 1. With 𝑘𝑘 = 3 and the training dataset described 
in Section 3.1, the model was then trained and predictions were made on the test dataset, with the 
accuracy of 0.77 and the confusion matrix as in Figure 6. 

 
FIGURE 5. The average accuracy with different number of neighbours by cross validation.  
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Further calculation can be done from the confusion matrix in Figure 6 and find the precision rates 
of bear (label = 0), lion (label = 1) and Panda (label = 2) reached over 85%. However, the precision 
of the tiger (label = 3) is only about 24%, which means that there is a high probability that the tiger 
will be classified as lion, but the situation is not likely to be reversed, for only 3 out of 74 samples 
of lion is misclassified as tiger.  
 

 
FIGURE 6. The confusion matrix of the test data set in the k-NN algorithm. The tags correspond to 

the following classes: 0 – Bear, 1 – Lion, 2 – Panda, 3 – Tiger. 

 

4.2 Decision tree 

In the decision tree, we found that the optimal depth of the tree is 4 by grid searching and the tree 
is visualized as shown in Figure 17 in Appendix. The splitting criteria for each branch of the tree 
are given in the nodes of the graph. With the test data set, the accuracy given by such a tree is 70% 
and the confusion matrix is shown in Figure 7.  
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FIGURE 7. The confusion matrix of the test data set from the decision tree. The tags correspond 

to the following classes: 0 – Bear, 1 – Lion, 2 – Panda, 3 – Tiger. 

 
 
We still care about the precision of the classifier for each class of images. For bear (label = 0) and 
panda (label = 2), decision tree could give high precision (> 85%). However, the precision is about 
54% for both lion (label = 1) and tiger (label = 2), which is plausible since the lion and tiger have 
similar colours. 
 
The pixels used in the decision tree are shown in Figure 18 and the importance of these features 
was ranked and the top ten most important features are displayed in Figure 9. The locations of all 
14 features used in the tree are indicated in Figure 8. It can be seen that most of the important 
features are located at the edges of the pictures and only a few are located in the centre of the 
pictures, i.e., for most of the pictures, the area of the animal's face. It is due to the fact that the way 
the data and the decision tree algorithm are processed makes it impossible to differentiate between 
the animal and the background on a single image, whereas in a single decision tree, the features 
of the background portion in which the animal is located are also taken into account to distinguish 
between the animal classes. This leads to potential misidentification in some of the images, such 
as the lion and tiger in Figure 8, due to the similarity of the colours of their background parts. 
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FIGURE 8. The location of the 14 pixels used in the decision tree. 

 

 
FIGURE 9. Top 10 most important features/index of pixels in the decision tree and their feature 

importance values. 
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4.3 Random forest 

In the random forest, 100 trees were generated with no specified max depth. Compared to a single 
tree, the performance of a random forest is significantly enhanced. With the test data set, the ac-
curacy is 85%, which is improved greatly compared to a single decision tree. For bear (label = 0) 
and panda (label = 2), the random forest could give 97% and 100% of precision, respectively. There 
is still a problem of confusion between the lion and tiger categories, but for lion (label = 1) and tiger 
(label = 2), the precision is increased to 78% and 66%, respectively.  

 
FIGURE 10. The confusion matrix of the test data set from the random forest. The tags correspond 

to the following classes: 0 – Bear, 1 – Lion, 2 – Panda, 3 – Tiger. 

 
During model training, the importance of features was also calculated. We sort the feature im-
portance and select the top ten most important features (Figure 11). The locations of these fea-
tures/pixels are labeled in Figure 12. It is found that the most important pixels in the random for-
est are mostly located in the center of the image, where the animal's face is located in most of the 
images, and this region is important for recognizing animal images with high accuracy. Multiple 
trees make it significantly less likely that background is used as a source for identifying animal 
species, as occurs in decision tree algorithms, thus enhancing the robustness of the algorithm. 
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FIGURE 11. Top 10 most important features/index of pixels in the random forest and their feature 

importance values. 

 

 
FIGURE 12. The location of the top 10 most important pixels in the random forest. 
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4.4 Gradient boosted decision tree 

In the gradient boosted decision tree, the number of iterations is 100, and the maximum depth of 
each tree is 3. With the test data set, the accuracy is 84%, with precision values 97% in bears, 80% 
in lions, 98% in pandas, and 64% in tigers. 
 

 
FIGURE 13. The confusion matrix of the test data set from the gradient boosted decision tree. The 

tags correspond to the following classes: 0 – Bear, 1 – Lion, 2 – Panda, 3 – Tiger. 

 
Similarly, we ranked the feature importance and selected the top ten most important features as 
shown in Figure 14. The locations of these features/pixels are labeled in Fig. 15. It is found that 
most of the most important pixels are located in the center of the image, i.e., the face of the ani-
mal in most of the samples. The gradient boosted decision tree uses this portion of pixels as the 
basis for recognizing the animal images. 
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FIGURE 14. Top 10 most important features/index of pixels in the gradient boosted decision tree 

and their feature importance values. 

 
FIGURE 15. The location of the top 10 most important pixels in the gradient boosted decision 

tree. 



  

30 

 

4.5 Support vector machine 

In Support Vector Machine, we have used PCA as a dimensionality reduction tool. With the training 
set, the cumulative accuracy contributions of the principal components are shown in Figure 16. To 
prevent overfitting, we keep the number of principal components whose cumulative explained var-
iance exceeds 80%, i.e., the first 6 principal components. 
 
The SVM model was trained using data that had been downscaled by the PCA method. With the 
test data set, the accuracy is 80%, with precision values 98% in bears, 73% in lions, 97% in pandas, 
and 55% in tigers after further computation according to Figure 17.  

 

 
FIGURE 16. Cumulative Model Accuracy vs. Number of Principal Components using PCA in Sup-

port Vector Machines. 
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FIGURE 17. The confusion matrix of the test data set from support vector machine. The tags cor-

respond to the following classes: 0 – Bear, 1 – Lion, 2 – Panda, 3 – Tiger. 

4.6 Comparison 

In this section, we integrate and compare the performance of the above five methods for classifi-
cation on our dataset. The accuracy comparison is shown in Table 1 and it can be seen that the 
random forest model provides the highest accuracy score, while the single tree, i.e., the decision 
tree, provides the lowest accuracy score. 
 

 K-NN DT RF GBDT SVM 
ACCURACY 0.77 0.70 0.85 0.84 0.80 

TABLE 1. The accuracy comparison between different methods including K-NN (K-nearest neigh-

bours), DT (Decision tree), RF (Random forest), GBDT (Gradient boosted decision tree) and SVM 

(Support vector machine). 

 
Furthermore, in addition to accuracy, we are also concerned with the precision in each class in the 
image classification with different methods, which is shown in Table 2. As in practical situations we 
need to treat all classes equally, we thereby compute the macro-mean score, which is the arithmetic 
average of the accuracies of the four classes, to evaluate the overall performance of the classifier.  
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As discussed in Section 4.1-4.5, in classifying bears and pandas, the precision remained high in all 
methods. Whereas confusion exists in labeling lions and tigers. In k-NN methods, the classifier's 
tendency to categorize images from both categories into lions, on the other hand, resulted in a high 
precision for lions but low precision for tigers. Whereas in other classifiers, lions and tigers are 
categorized to achieve a kind of equilibrium.  
 
When we focus on the macro average precision, random forest, gradient boosted decision tree and 
support vector machine achieve high levels (>0.8), while the low precision on tigers makes the 
average precision of k-NN low despite the high precision of the other three classifications. 
 
Another interesting indicator is the time required to run the algorithm. We compute the time from 
model training to predicting the test dataset, which includes the time taken to compute the confusion 
matrix and output images. The algorithm was run on a device with processor of 12th Gen Intel(R) 
Core(TM) i7-1255U 1.70 GHz. From Table 3, it is shown that k-NNs and decision trees take less 
time due to their simple form.  
 
For the other better performing generally but more complex models, random forest took the least 
amount of time, and the support vector machine after data dimensionality reduction took slightly 
more time, but it was also acceptable. Although gradient boosted decision tree performs well on 
several metrics, it took tens of times longer than the other two models. Thus, for the image catego-
rization problem discussed, random forest and the support vector machine perform better. 
 

 K-NN DT RF GBDT SVM 
BEAR 0.98 0.86 0.97 0.97 0.98 
LION 0.96 0.54 0.78 0.80 0.83 

PANDA 0.89 0.92 1.00 0.98 0.97 
TIGER 0.21 0.54 0.66 0.64 0.55 

MACRO 
AVERAGE 

0.76 0.72 0.85 0.85 0.83 

TABLE 2. The precision of different label and the macro-averaged precision, i.e., arithmetic average 

of the precision of the different categories with different training methods which includes K-NN (K-

nearest neighbours), DT (decision tree), RF (random forest), GBDT (gradient boosted decision tree) 

and SVM (support vector machine). 
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 K-NN DT RF GBDT SVM 

TIME 5.92 6.60 7.10 543.25 24.86 
TABLE 3. The time used (in seconds) of different methods including K-NN (K-nearest neighbours), 

DT (Decision tree), RF (Random forest), GBDT (Gradient boosted decision tree) and SVM (Support 

vector machine). 
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5 DISSCUSION 

In this thesis, we focus on the performance of different machine learning methods in image classi-
fication. Overall, more complex models provide better performance in accuracy. With our dataset, 
Random Forest displayed the best overall performance, with 85% accuracy and macro-averaged 
precision, having a fast-operating speed while guaranteeing performance. In addition, both GBDT 
and SVM provide acceptable accuracy and precision, but there is a big difference in the running 
speed between the two models. And the two simple models – k-NN and decision tree - perform 
much worse than the above models. 
 
The research of Stehman and Czaplewski (1998), Gislason et al. (2006) and Baatuuwie and Leeu-
wen (2011) stated that Random Forest can give the highest accuracy in classification, compared 
with other models, which is consistent with our findings in this study. Meanwhile, Jin et al. (2014) 
pointed out that the performance of the Random Forest is better with a balanced number of samples 
in each category of the data, which is exactly what happens in our dataset. As for unbalanced 
datasets, the study of Noi and Kappas (2018) showed that when the number of samples is large 
enough, there is no significant difference between the performance of k-NN, Random Forest and 
SVM on balanced and unbalanced datasets; on the contrary, if the number of samples is small, the 
classifier is more sensitive to the data, and Random Forest is more advantageous in dealing with 
unbalanced data. Therefore, for different datasets, we should adopt slightly different model training 
strategies based on the performance of different classifiers (Noi and Kappas, 2018). 
 
In our study, we used only the most basic model structure for various approaches. Whereas in 
existing studies, a variety of techniques are used to improve the classifiers. For example, in the 
study by Man et al. (2016), the splitting rules of nodes were improved to enhance the accuracy of 
image classification. And Demir and Erturk (2008) proposed to combine standard SVM classifica-
tion with a hierarchical approach to improve the accuracy of SVM classification and reduce the 
computational load of the algorithms. Hence, in the future study, we can consider improving the 
existing algorithms to enhance the overall performance of the model. 
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6 CONCLUSION 

In this thesis, we discussed ways to convert wildlife images into pixel data and classify animals 
using machine learning algorithms. We have used k-NN, Decision Tree, Random Forest, GBDT, 
SVM to classify a set of animal images and have evaluated and compared the performance of 
different methods. The accuracy of each method is comparably high, from 70% to 85%, and the 
average precision is between 72% and 85%. The decision trees had the lowest accuracy and av-
erage precision which were 70% and 72% respectively, while the integration of multiple decision 
trees, i.e. Random Forest, gave the highest accuracy and average precision which were both 85%. 
Overall, models with simpler structures, i.e., k-NN and Decision Tree, perform poorly, while com-
plex models, i.e., Random Forest, GBDT, SVM, can give better performance. Whereas, considering 
the efficiency of model running, Random Forest could perform the model training with comparable 
running speed as the simple model among all the complex models. Hence, Random Forest gives 
the best overall performance in our dataset scenario. 
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APPENDICES 

Appendix 1. Source code                                                                                                                 
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Appendix 2. Visualisation of decision tree  
 

 

FIGURE 18. The fitted decision tree in Section 4.2. The depth is 4. At each node, the following 
information are given: the chosen pixel and the optimal threshold, the Gini impurity at this node; 
the sample size, the sample size of each class, and the category of the major samples from the 
array at the 4th line.  
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