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Image detection is the process that uses deep learning to identify an 
object and classify it. It is widely applied in digit recognition, facial 
recognition, and many other areas. The convolutional neural network 
(CNN) is one of the deep learning techniques that is frequently used in 
image detection because it can effectively extract characteristics and 
develop pattern recognitions of an image. In this paper, a CNN model is 
developed using Python to classify the images of cats and dogs from a 
Kaggle machine learning competition held in 2013. The impact of the 
training epochs and batch sizes on the performance of the CNN model 
has been studied. Overall, an increase in the number of training epochs 
will improve accuracy, but when a certain limit is reached, the CNN 
model may overfit the training data. The batch size can affect training 
speed and model optimisation. The smaller the batch size, the longer 
the training time. For a fixed learning rate, there is an optimal batch size 
that maximises the performance. In order to achieve better accuracy 
and lower loss values for a CNN model with a learning rate of 0.001, it 
is advised to use a smaller batch size for the CNN model, such as 8 or 
16. It is advised to use a CNN model with a bigger batch size, such 64 or 
128 though, given the training time. Larger batches lead to shorter 
training durations. Furthermore, in order to save computational costs, 
this study recommends that the number of training epochs not exceed 
10. 
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1. Introduction 

Image detection is part of the image processing problem that uses artificial intelligence (AI) algorithms to detect 
and classify objects in images [1]. AI is used to construct a dynamic computing environment to simulate human-
like intelligence and behaviour in machines and to learn from experience. Machine learning is a technique used in 
AI that focuses on training algorithms to learn from data and to develop over time. Machine learning algorithms 
can automatically analyse enormous datasets, detect patterns, and make predictions without being explicitly 
programmed [2]. 

Deep learning is a subset of machine learning algorithms, and it focuses on training multi-layered artificial 
neural networks (ANN) for data analysis. The neural network is one of the deep learning techniques that is 
frequently used in image detection. An ANN is made up of a network of nodes, and these nodes are connected to 
one another by basic computations. Each node has a value of its own, which is known as bias, and the strength of 
their connections to one another is assigned a value that is otherwise known as weights. The neural networks use 
activation functions with weights and biases to compute the output. Thus, the weights and biases will reflect the 
significance of the corresponding features in making predictions or recognising patterns [3]. 
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Convolutional neural network (CNN) is a subtype of ANN that has excellent performance in processing 
graphics. The CNN model can effectively extract characteristics from images and develop pattern recognitions 
from raw pixel data without any additional coding or pre-processing. A CNN model is made up of three types of 
layers, which are the convolutional layer, the pooling layer, and the fully connected layer which have different 
functions in this model.   

In this research, a Python-based CNN model will be developed for detecting and classifying images of dogs 
and cats. Python has many neural networks libraries, such as TensorFlow, PyTorch and Keras, that are easy to 
learn and use but for this research, the CNN model is designed without using any Python built-in libraries for AI 
or machine learning. This research will use a dataset from a Kaggle machine learning competition held in 2013 
[4]. This dataset has 25,000 images labelled with 12,500 dogs and the same number of cats. The size of these 
images will be resized to (128×128) to reduce the complexity of the computation. Supervised machine learning 
was used in this study since the dataset used was labelled as cats or dogs. Since the dataset has answer labels, 
supervised methods are easier to evaluate [5]. Many studies employing different activation functions have been 
conducted on the CNN model to enhance its efficiency. However, relatively little study has been done on the impact 
of the training epochs and batch sizes on the accuracy of the CNN model.  

2. Methodology 

The convolutional neural network’s (CNN) structure is based on three layers, which are the convolutional layer, 
the pooling layer, and the fully connected layer. In the convolutional layer, a feature map will be created by 
extracting the features of image arrays. Then, in the pooling layer, the feature map size is reduced, and the output 
is predicted in the fully connected layer. After the image array passes through these layers, a backpropagation 
process based on the gradient descent algorithm is used. It is used to improve the accuracy of CNN models by 
calculating the gradient of the loss function. 

2.1 The Basic Architecture and Theorem of Convolutional Neural Network  

Convolutional neural networks (CNN) have achieved remarkable success in many application areas, such as facial 
recognition, image classification, and object segmentation by extracting the features of an image. CNN is a subtype 
of artificial neural network, and its structure can be divided into three layers which are the convolutional layer, 
the pooling layer, and the fully connected layer. The process of using these layers for computing and transforming 
the input into the prediction output is called forward propagation [6]. Each layer has a different purpose in image 
processing:  

•Convolutional layer  
The first layer of the CNN model is used to form a feature map by extracting the features of images. 
•Pooling layer  
The layer after the convolutional layer is used to reduce the computational costs by decreasing the size of 
the convolved feature map. 
•Fully connected layer 
The last layer in the CNN model is a classic neural network architecture where all the nodes are connected 
to all the nodes in the output layer. This layer is used to predict the output.  

 
Fig .1 shows an image passed through the three layers of a CNN model and having its probability predicted.  

 

Fig. 1 The three layers of a CNN model [7] 

2.1.1 The Convolutional Layer 

In this layer, an M x M sized pixel array of an image will undergo a convolution operation with at least one kernel 
array, also known as a filter, and the value of the kernel array, which represents the weights. The kernel size is 
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always odd-numbered, and is typically 3 x 3 because it can reduce the computational costs. The goal of the 
convolution operation is to calculate an entrywise product between each element of the kernel and the pixel array 
for each corresponding position of the pixel array. The entrywise product is summed to obtain the output value 
for the corresponding position of the output array, and the output array is known as a feature map [6]. An example 
of a convolution operation is shown in Fig. 2. 
  

 

Fig. 2 An example of the convolution operation 

According to Fig. 2, the size of the input array is reduced to 3 x 3 after the convolution operation. The number 
of convolution operations at the edges of the image is significantly less than the middle of the image, and therefore, 
this results in the loss of information on the edges. This extraction without any padding is called valid padding. 
Hence, to avoid the loss of information on the feature map, the same padding method is used. This method can 
maintain the size of the output array by adding extra rows and columns of zeroes on the outer dimensions of the 
images [8]. In this research, the original RGB images are converted to black and white images. 

After that, the feature map will be passed through a nonlinear activation function such as rectified linear unit 
(ReLU) function, sigmoid function, softmax function, and tanh function. These functions will then easily produce 
the CNN model to adapt to a variety of data and differentiate between the outcomes. The ReLU function is used in 
this research since its computing speed is much faster than the other functions [9]. This is because it only involves 
comparisons between its input and the value zero. The ReLU function, 𝑅(𝑥) is  

 

𝑅(𝑥) = {
 𝑥,       𝑥 ≥ 0,
 0,       𝑥 < 0.

 (1) 

 
Even though the computing speed of the ReLu function is faster than the other function, it may cause the dying 

ReLU problem. When the input range of the ReLu function is negative, it will return a value of zero, and the neural 
network’s learning cannot be recovered. To overcome this problem, the initial weight and biases need to be 
specified with the use of the He Initialisation function.  The new weights or biases with the He Initialisation 
function are 

 

new weight =  initial weight ∗
√2

𝑛
, 

 
and 

new bias =  initial bias ∗
√2

𝑛
, 

 
where 𝑛 is number of inputs. 

2.2 The Pooling Layer  

After the pixel images are extracted by the convolution operation and passed through a ReLU function, the feature 
map will then pass to the next layer, the pooling layer. Since the extraction applies the same padding method, the 
size of the feature map is the same as the pixel images, and the computation cost of the feature maps is higher 
when the size of pixel images is large. To overcome this, the down-sampling operation will be conducted on the 
feature maps to reduce the dimensionality of the feature maps without losing any information about the images 
while lowering the cost of computation [10]. 

In the pooling layers, there are many pooling operations, such as max pooling, average pooling, and sum 
pooling. For this research, the pooling operation that will be used is max pooling, which extracts the maximum 
value in patches from feature maps through a kernel. The kernel will usually be a size of 2 x 2 or 3 x 3 in size to 
minimise the loss of information in the images.  



Enhanced Knowledge in Sciences and Technology Vol. 4 No. 2 (2024) p. 161-170 164 

 

 

 

Fig. 3 An example of max pooling with a 2 x 2 kernel 

Fig. 3 demonstrates a max pooling operation with a kernel of size 2 x 2 for a 4 x 4 feature map, with all the 
positions of the maximum value being recorded. Then, each recorded value is encoded into a 2 x 2 output array 
[11]. For example, the maximum value of the red patch is 20, so, the output array for the red patch is 20. The 
output array is the new feature map for this example.  

2.2.1 The Fully Connected Layer 

After the last convolution or pooling layer, the feature map will pass through to the fully connected layer known 
as artificial neural networks (ANN). This layer is made up of three layers which are the input layer, the output 
layer, and the hidden layers. The input and output layers of nodes are connected via one or more hidden layers of 
nodes. Neurons are assigned a numerical value called a bias, and the connections between neurons are called 
weights. Both biases and weights are randomly generated values, the same as the process employed in 
convolutional layers. Fig. 4 is an example of a fully connected layer. From Fig. 4, 𝑥𝑖  is the input value, 𝑤𝑖  is the 
weight value, 𝑏𝑖  is the bias value, and 𝑧𝑖  is the output value. 
 

 

Fig. 4 An example of a fully connected layer 

From Fig. 4, let 𝑎1 be the neuron value of 𝑧1. The value of 𝑎1 is the weight sum value of the node and it calculated 
as 
 

𝑎1 = 𝑥1𝑤1 + 𝑥2𝑤2 + 𝑏1.  
 
For 𝑛 sized inputs, the general form of 𝑎𝑖  is 
 

𝑎𝑖 = ∑ 𝑥𝑗𝑤𝑗

𝑛

𝑗=1

+ 𝑏𝑖 , 𝑖 = 1,2, … (2) 

 
From (2), it can be concluded that all the values of the neurons are simple linear functions. They cannot learn or 
recognise complex mappings from the data because of their limited complexity. To solve the problem, the 
nonlinear activation function is used to introduce nonlinear properties [12]. The activation function used in the 
hidden layers is the ReLU function, 𝑓(𝑧). Thus, the new value of 𝑧𝑖   is 
 

𝑧𝑖 = 𝑓(𝑎𝑖) = 𝑓 (∑ 𝑥𝑗𝑤𝑗

𝑛

𝑗=1

+ 𝑏𝑖) , 𝑖 = 1,2, … (3) 

For the output layer, the activation function is different from the hidden layers because this research classifies 
images using the output array. Thus, the softmax function is chosen as the activation function in the output layer 
because it can normalise the output of each neuron since the output value is limited to a value from zero to one 
and the sum of the outputs is equal to one [13]. The softmax function, 𝑓(𝑥) is defined as 



165 Enhanced Knowledge in Sciences and Technology Vol. 4 No. 2 (2024) p. 161-170 

 

 

 

𝑓(𝑥𝑖) =
𝑒𝑥𝑖

∑ 𝑒𝑥𝑗𝐾
𝑗=1

, 𝑖 = 1,2, … ,           𝑥 ∈ 𝑅, (4) 

 
where K is the number of outputs.  

Lastly, for the CNN model, the fully connected layer does not necessarily contain hidden layers. However, the 
hidden layers will be added in this research because they can improve the performance of the process of feature 
extraction and increase the accuracy of image detection.  

2.3 The Backpropagation of the CNN Model 

The output array produced by the fully connected layer is the probability of the image classification, but the 
prediction of the CNN model is typically not as accurate as a human’s prediction. To improve the accuracy of the 
CNN model, backpropagation, which is based on the Gradient Descent algorithm, is used to train the CNN model 
by computing the gradient of the loss function, which is the loss between the actual and predicted outputs. The 
purpose of backpropagation is to minimise the loss function by updating the values of each kernel, weight, and 
bias of every layer due to the gradient [14]. Since the loss function represents the loss between the actual output 
and the predicted output, the lower the loss function, the higher the accuracy. 

The value calculated by the formula of backpropagation is updated with a learning rate through all training 
epochs. Training datasets are usually divided into batches for model training; each batch contains multiple 
samples, and the number of train data is known as the batch size. The batch size has an important impact on 
training, such as the total training time and the model’s accuracy. The gradient of the loss function must be updated 
every time a batch is run, and this process is called an iteration. A training epoch represents a complete model 
training that includes updated values produced by the backpropagation. The learning rate is a critical 
hyperparameter that represents how fast the model learns [15]. Specifically, the learning rate is typically ranges 
between 0.0 and 1.0.  

In this research, the mean squared error (MSE) function is the loss function, and its formula, 𝐿 is defined by 

 

𝐿 =
1

𝑁
∑(𝑧𝑖 − 𝑧𝑖̂)

2

𝑁

𝑖=1

, (5) 

 
where 𝑁  is the number of epochs, and(𝑧𝑖 − 𝑧𝑖̂ ) is the loss between the actual and predicted output. 𝑧𝑖̂  is the 
expected value of 𝑧𝑖 . 

The gradient of the kernel, weights, and biases need to be calculated for the backpropagation process. By 
differentiating (5),  
 

𝛿𝐿

𝛿𝑧𝑖

= 2(𝑧𝑖 − 𝑧𝑖̂).  (6) 

 
From (2) and (3), the derivative of 𝑧 is 
 

𝛿𝑧

𝛿𝑎
= 𝑓′(𝑎).  (7) 

      
𝛿𝑧

𝛿𝑎
 is also known as the slope of the activation function. For the ReLU function, the derivative is 

 

𝑓′(𝑎) = {
 1,      𝑎 ≥ 0,
 0,      𝑎 < 0.

 (8) 

 
For the softmax function,  
 

𝛿𝑧𝑖

𝛿𝑎𝑗

= {
 𝑧𝑖(1 − 𝑧𝑖),      𝑖𝑓 𝑖 = 𝑗,

 𝑧𝑖(𝑧𝑗) ,             𝑖𝑓 𝑖 ≠ 𝑗.
 (9) 

 
Let 𝑤𝑖  be the value of kernel or weights. From (2), the derivative of 𝑎 is 
 

𝛿𝑎

𝛿𝑤𝑖

= 𝑥𝑖 . (10) 
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Let 𝑏𝑖  be the biases. From (2), the derivative of 𝑎 is  
 

 
𝛿𝑎

𝛿𝑏𝑖

= 1. (11) 

 
Using the chain rule,  
 

   
𝛿𝑧

𝛿𝑤𝑖

= ∑[ 𝑓′(𝑎𝑖) × 𝑥𝑖  ]

𝐾

𝑖=1

, (12) 

 
and 
 

 
𝛿𝑧

𝛿𝑏𝑖

= ∑  𝑓′(𝑎𝑖)

𝐾

𝑖=1

. (13) 

 
By multiple of (6) with (12) and (13), it can be concluded that 
 

              
𝛿𝐿

𝛿𝑤𝑖

= 2(𝑧𝑖 − 𝑧𝑖̂) × ∑[ 𝑓′(𝑎𝑖)

𝐾

𝑖=1

× 𝑥𝑖  ],  

 
and 
 

             
𝛿𝐿

𝛿𝑏𝑖

= 2(𝑧𝑖 − 𝑧𝑖̂) × ∑  𝑓′(𝑎𝑖)

𝐾

𝑖=1

.  

 
By using these equations, the gradient of weights, kernel, and biases are calculated and updated with the learning 
rate, 𝛼. The formulas of the updated gradient are: 

•the new value of bias, 𝑏 
  

𝑏𝑖 ← 𝑏𝑖 − 𝛼
𝛿𝐿

𝛿𝑏𝑖

. 

•the new value of weights and kernel, 𝑤 
 

 
𝑤𝑖 ← 𝑤𝑖 − 𝛼

𝛿𝐿

𝛿𝑤𝑖

. 

 
In this CNN model, the convolution layer contains only the value of the kernel. The max pooling layer does not 

use the activation function and does not contain any biases and weights. However, the max pooling layer also has 
a backpropagation process because the gradient of the input is necessary for the previous layer. Fig. 5 shows the 
backpropagation process in this layer. From Section 2.1.2, the size of the feature map is reduced through the 
pooling operation, but the position of each maximum value is recorded. The size is reverted to the original size, 
and the maximum values are placed in the recorded positions, but the other values are replaced with the zero. 

 

 

Fig. 5 The backpropagation of the max pooling layer 
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2.4 The Model Design  

For this research, the dataset will be resized to a lower dimension of (128 x 128) because by doing so, the 
complexity of the computation and the computation time can be reduced. A set of 25,000 photos is divided into 
two groups, where 24,500 are used for model training, and 500 photos are allocated for testing the accuracy of 
the CNN model. The CNN model for image detection that will be built in Python consists of two convolution layers, 
two max pooling layers, and a fully connected layer. The size of the kernel used in the convolution layers is 3 x 3, 
and for the max pooling operation, the size of the kernel is 2 x 2. The fully connected layer contains three layers, 
which are an input layer, a hidden layer with 10 hidden neurons and an output layer. Accuracy is a measure of a 
CNN model's ability to predict outcomes. In this research, the accuracy of the CNN model is calculated using the 
test set of the datasets. The formula for accuracy is as follows: 
 

accuracy =  (number of correct predictions) / (total number of predictions) ∗ 100% 
 

The CNN model may be overfitted during training and the loss will increase when the learning rate increases. 
If the learning rate is too small, it may cause slow convergence, and it cannot be too large, which may cause the 
optimization process to diverge. The CNN model performs well on the training set but performs poorly on the test 
set, and this is called overfitting. Thus, it tends to choose a lower learning rate. For simplicity, the learning rate, α 
is set at 0.001 in this research. The number of training epochs and the batch size of datasets are the manipulated 
variables in this research, where the number of training epochs will gradually increase from 1 to 30 and the batch 
size will increase from 8 to 128. The flowchart for the CNN model that was used in this research is illustrated in 
Appendix A.  

3. Results and Discussion 

For the research, the convolutional neural network (CNN) model designed for image detection will be built in 
Python without any built-in libraries for AI or machine learning. The analysis will be carried out for the 
relationship between the number of training epochs and the accuracy of the CNN model, as well as to find the most 
suitable batch size to achieve the highest accuracy. The CNN model will be tested on an Asus VivoBook S14 laptop 
with an AMD Ryzen 5 4500U processor and 8GB DDR4 RAM.  

3.1 Performance of CNN Model with Different Number of Epochs 

In this section, the relationship between the number of training epochs and the CNN model’s performance are 
discussed. The learning rate of the CNN model was set to 0.001, and the batch size used was 32. A batch size of 32 
is a suitable value for model training, a larger batch size will reduce cost time, but may cause the model to fail to 
capture features and patterns in the data [16]. The number of training epochs increased from 1 to 30, and the 
performance of the CNN model was tested by comparing the loss and model’s accuracy. 
 

  
(a) Accuracy                     (b)  Loss 

Fig. 6 The (a) accuracy and (b) loss of the CNN model with a number of training epochs 

From Fig. 6, it can be seen at the beginning that the accuracy of the CNN model has increased rapidly from 
68.1% to 78.8% whereas the loss has decreased quickly from 0.424 to 0.345. However, from the 11th training 
epoch to the 30th training epoch, the model ‘s accuracy has increased from 78.8% to 79.6% and the loss has 
decreased from 0.345 to 0.334. The CNN model after 10 times of training, the decrease in the rate of loss and 
increase in the rate of accuracy was very slow. Hence, it is suggested that the number of training epochs should 
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not exceed 10 as it will cause model overfitting. Other than that, exceeding 10 training epochs would also bring no 
significance to the model’s performance. 

3.2 Performance Comparison of Different Batch Sizes 

In this section, the learning rate of the CNN model was set to a low level of 0.001 to avoid overfitting the model 
and the number of training epochs was set at 10. The manipulated variable, batch size was in multiples of 2, from 
8 to 128. The performance was tested by comparing the loss and the accuracy of the CNN model. 
 

 

Fig. 7 The accuracy of the CNN model with different batch sizes 

 

Fig. 8 The loss value of the CNN model with different batch sizes 

Table 1 Performance of the CNN model with different batch sizes 

Batch size   Loss value    Training time 
(min)  

Accuracy (%)  

8 0.47008 7.07375  61.03  

16   0.47303  5.04302 60.55  

32  0.47358  4.24631 60.68  

64  0.48022  4.12761 59.59  

128  0.49483  3.51924 58.25  

 
The batch size has a great impact on the performance of the CNN model. As shown in Fig. 7, it is also observed 

that an increase in the batch size will cause the accuracy to decrease. The larger the batch size, the lower the initial 
accuracy value. It can be concluded that the higher batch size would have a higher initial loss value, and its loss 
value would always be higher than the lower batch size. From Table 1, it can be deduced that in terms of training 
time, a batch size of 128 performed the best as it took the shortest time to train. However, comparing the accuracy 
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and loss values of the batch sizes, a batch size of 8 outperformed the other batch sizes by returning the highest 
accuracy percentage and the lowest loss value. Thus, in consideration of all the three aspects, a batch size of 32 is 
the most recommended batch size. 

4. Conclusion 

In this research, starting from the first training epoch, the accuracy of the CNN model increases rapidly, while the 
loss decreases rapidly. However, the decrease in the rate of loss, and increase in the rate of accuracy was very 
slowly after training the CNN model for 10 times. Thus, it can be concluded that the number of training epoch 
should not exceed 10 to reduce the training time and avoid model overfitting. When the number of epochs used 
to train a convolutional neural network (CNN) model exceeds a certain limit, the trained model learns patterns 
specific to the training data set. The model performs well on the training set but performs poorly on the test set, 
and this is called overfitting. Besides that, when the batch size increases, the CNN model’s accuracy decreases, and 
the loss of the model increases. From Table 1, a batch size of 128 demonstrated the most efficient training time 
but a batch size of 8 surpassed others by yielding the highest accuracy percentage and the lowest loss value. 
Therefore, in order to achieve better accuracy and lower loss values for a CNN model with a learning rate of 0.001, 
it is advised to use a smaller batch size for the CNN model, such as 8 or 16. It is advised to use a CNN model with a 
bigger batch size, such 64 or 128 though, given the training time. Furthermore, in order to save computational 
costs, this study recommends that the number of training epochs not exceed 10. 
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Appendix A: Flowchart of the CNN model  
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