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Abstract: Deep learning classification network in one case, has different classification capabilities than the
network in another. The classification method of deep learning using CNN has specific hyperparameters that
can be adjusted to have good performance. These hyperparameters include the number of convolutional
layers, the number of neurons in the convolutional and fully connected layers, kernel size, and activation
functions. Deep Learning uses experimental principles in finding the best hyperparameter in various cases.
The model architecture can be determined by choosing a different design. This research uses pork and beef
images as the data for classification using CNN. The abstract textures of beef and pork may make it difficult
for the CNN classification model to distinguish between them. Hence, 32 combinations of five
hyperparameters were compared. It was found that these hyperparameters affect the model's performance.
The best model has obtained 98,7% accuracy that uses 20 neurons both layers of the convolution was, kernel
size of 5 X 5, ReLU activation function, and two fully connected layers with dropout 0.7 as a method of
overfitting prevention. A significant difference also occurs in the application of the activation function, in
which ReLU has a better performance than fank function to increase the model's prediction.
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Introduction

The application of deep learning varies across different cases, each influenced by several
critical factors that affect model performance. One of the key factors is the volume of data used for
training—generally, a larger dataset enhances the learning capability of the model. However, model
performance is not solely determined by data size; the configuration of network components,
known as hyperparameters, also plays a crucial role in determining the effectiveness of deep
learning models [1].

Convolutional Neural Network (CNN) is a widely adopted deep learning method for image
classification tasks due to its customizable and hierarchical architecture. CNNs rely on various
hyperparameters, such as the number of convolutional layers, the number of neurons in each layer,
kernel size, and activation functions. These hyperparameters must be carefully tuned to minimize
the loss function and improve learning efficiency. An appropriate hyperparameter configuration
significantly influences model complexity, learning capacity, and convergence rate, which
ultimately determines classification performance [2].

Since its development, CNN has continuously evolved through the integration of new
architectural components and computer vision techniques [3]. A CNN architecture can be built
using diverse design strategies, making it challenging to determine the most effective configuration
[4]. Consequently, empirical comparisons among different models and hyperparameter settings are
often used to identify optimal designs.
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There is no universally optimal hyperparameter setting for all learning problems. Instead,
deep learning requires empirical experimentation to find the most suitable configuration for each
specific task. Previous studies have investigated the effect of regularization techniques, such as
Dropout, on baseline models. In the specific case of binary image classification—distinguishing
pork from beef images—a CNN model using dropout with a rate of 0.7 achieved a test accuracy of
approximately 97.6%, with AUC and F1-Score values of 0.996 and 0.975, respectively, and
demonstrated the lowest error rate among compared models [5]. More recently, a dropout rate of
0.5 was applied to an Inception-ResNet-V2 architecture, achieving 96.5% accuracy for pork-beef
classification with optimal learning rates [6]. Additionally, strategic placement of dropout layers in
ResNet-50 architectures was shown to improve generalization and reduce overfitting in complex
visual classification tasks [7]. Building upon these empirical findings, the present study aims to
explore diverse hyperparameter categories to derive an optimized CNN model for pork and beef
image classification.

Materials and Methods
Materials

This study uses image data of beef and pork collected by photographing the meat with a
smartphone camera. Images of both meat types were obtained from the Surya Kencana traditional
market in Bogor. Approximately 90 % of the dataset consists of shots of 250 grams portions of fresh
pork and beef tenderloin, which were cut into several pieces and photographed repeatedly from
different angles under ambient light. The remaining 10 % comprises images of rib and thigh cuts
that were photographed intact, also from multiple angles. Altogether, 3000 images were collected.
Of'these, 15 % (450 images) were designated as the test set, while the remaining 2550 images served
as the training set.

Hyperparameter Optimization in CNN

CNN implements a more special Artificial Neural Network (ANN) and is considered the best
method for image recognition cases. CNN architecture consists of three layers: the convolution
layer, the pooling layer, and the fully connected layer [8]. Figure 1 shows an architecture of CNN
that uses two convolutions (C1, C2) and pooling (P1, P2) layers, and two fully connected (FC)
layers.

There are two main components of the CNN method, feature extraction and classifier. The
feature extraction is at the convolution and pooling layers, while the classifier is at the fully
connected layer. The image processing techniques for feature extraction which concentrate on
extracting colour, texture and shape features from input pre-processed images [9], while the
classifier is used for model learning and find the corresponding label for every test image [10].
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Figure 1. CNN architecture

Several studies have been carried out for the model optimization process by applying
hyperparameter settings to the CNN algorithm. Research in comparing eight hyperparameter
groups in the Convolutional Neural Network algorithm [4]. Then, the research used the Natural
Language Processing (NLP) algorithm to compare 12 hyperparameter categories [11]. This research
considers the number of convolutional layers, the number of neurons, the activation function, the
size of the kernel, and the number of fully connected layers.

1. The number of convolution layers

In CNN architecture, a feature extraction process aims to identify patterns or image features that
belong to the image. The process is in a convolutional layer. The convolutional layer consists of the
processes of convolution, activation, and unification. A CNN network is typically constructed with
one or more convolution layers and pooling layers [12]. However, the many layers of convolution
cannot guarantee that the model has the potential to work properly.

2. The number of hidden layers

There are no specific rules in selecting the number of convolutional layers or the number of
hidden layers. However, finding a CNN network that uses more than two hidden layers [2].
Although increasing the number of hidden layers can improve the model's performance, it will
increase the computing power to run the network and thus take more time to train the network.

3. The number of neurons

The selection of the number of neurons greatly affects the network from the occurrence of
overfitting and underfitting. If too many neurons are used in the hidden layer, this will result in
overfitting. Conversely, if too few neurons are used, the possibility of underfitting is greater [2].

4. Activation function

In neurons, the activation function is used to calculate the number of weighted inputs and bias.
It is responsible for determining whether the neuron is active or not [13]. In other words, the
activation function can act as a threshold function in neurons.

Several activation functions commonly used in deep learning are sigmoid, fanh, and ReLU
functions. However, the ReL U function is often used by many researchers in deep learning. Deep
learning networks that use ULT are easier to optimize than networks with sigmoid or tanh, this is
because the positive value generated makes the gradient more stable [14].

5. Kernel size
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In the convolution layer, the convolution process is understood by moving the kernels f m X n
in an X image sized i X j, then adding the multiplication of values in the image and kernel [1]. Each
movement of the kernel is called a stride. The kernel and stride size affects the size of the feature
map from the convolution process. The larger the kernel size and the number of steps, the smaller
the feature map size. However, the small kernel size does not necessarily result in a feature map
representing patterns in the original image. Therefore, several kernel sizes can be compared to get
the best classification model performance.

Model Evaluation

During the training process using training data, the performance of the process is evaluated by
test data. If the results obtained are not as expected, then an improvement is needed either by using
different hyperparameters, different data partitions or by changing the CNN structure using both
data until an acceptable result is obtained. If the test data turns out to be unacceptable, repairs can
be made again using training data [1].
1. Confusion Matrix

Confusion Matrix is a metric that can accurately evaluate classification models [1].

Table 1. Confusion matrix

Actual Labels
0 1
Predicted True Positive (TP) False Positive (FP)
Labels False Negative (FN) True Negative (TN)

Based on the value of the confusion matrix, several important values are used to measure the
model's goodness. Some of them are the values for accuracy, sensitivity, specificity, precision, and
F1.

e Accuracy

Accuracy in a confusion matrix is the probability for classification class values to be classified

correctly with all the values from that class being classified correctly or not.
TP+TN )

Accuracy = ——————
Y T TP+TN+FP+FN

e Recall and Precision
Accuracy and recall are two very important quantitative measures in a classification model.

Precision (P) = TPT+PFP 2)
Recall R) = ——— 3)

The precision is for the calculations on the prediction of the class is positive, whereas the
calculation of the actual class is positive. In general, precision describes any accuracy of the
prediction result when the class prediction is positive. Meanwhile, considering the probability value
for the acquisition of a positive class in the actual sample is accurately predicted as a positive class.

2. Area Under the Curve (AUC) Score

The Area Under the Curve (AUC) serves as a standard metric for assessing the effectiveness of
a classification model, particularly in terms of its ability to differentiate between distinct classes.
This metric corresponds to the area beneath the Receiver Operating Characteristic (ROC) curve,
which illustrates the relationship between the true positive rate (sensitivity) and the false positive

rate (1-specificity) across various threshold values. AUC values can fluctuate between 0 and 1, with
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values approaching 1 signifying superior model performance. The computation of AUC can be
performed using the trapezoidal rule as:

[, TP(FP)d(FP) @)

An AUC of 0.5 indicates that the model's performance is equivalent to random guessing, while
an AUC of 1.0 indicates perfect classification [15].

3. F1-Score
One quantitative measure that can combine the precision and recall or their harmonization is

the F1 Score:
2PR

F1-Score = iR ®)
or
_ 2TP

F1-Score = ———— (6)

The F1-score is in the range 0 and 1, if the F1-score is equal to 1, the classification obtained is
perfect. In practice, the evaluation of the classification model idea using the F1 score is carried out
on the test data and can be corrected until a satisfactory F1 score is achieved [1].

Result and Discussion

Image Classification Model Performance Beef and Pork Based on Hyperparameter Comparison
In identifying the optimal CNN architecture, the researcher systematically compared a range of

hyper-parameter configurations—such as learning rate, batch size, and the number of convolutional

filters—while classifying pork and beef images. As shown in Table 2, this comparison highlighted

three top-performing models (the 3rd, 7th, and 12th), which posted the lowest loss values and the

highest accuracy, AUC, and F1-scores among all models evaluated.
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Table 2. Summary of model performance based on hyperparameter comparison

. Number o Full
Model Convolution of Kem el Actlvagon ConneZted Accuracy Loss AUC Fl-
Layer Size Function Score
Neuron Layer

1 2CL V1 3x3 Tanh 2 FCL 0.947 0.556 0976 0.969
2 2 CL V2 3x3 Tanh 3 FCL 0.942 0.506 0970 0.927
3 2CL V1 3x3 ReLU 2 FCL 0.971 0.085 0.996 0.973
4 2 CL V2 3x3 ReLU 3 FCL 0.976 0.101 0995 0.986
5 2CL V1 5x5 Tanh 2 FCL 0.951 0.456 0980 0.932
6 2 CL V2 5x5 Tanh 3 FCL 0.956 0.328 0992 0.929
7 2CL V1 5%5 ReLU 2 FCL 0.987 0.097 0996 0.982
8 2 CL V2 5x5 ReLU 3 FCL 0.971 0.158 0.993 0.961
9 2 CL V3 3x3 Tanh 2 FCL 0.949 0.394 0983 0.939
10 2 CL V4 3x3 Tanh 3 FCL 0.958 0.368 0.982  0.948
11 2 CL V3 3x3 ReLU 2 FCL 0.971 0.137 0995  0.969
12 2 CL V4 3x3 ReLU 3 FCL 0.978 0.097 0995 0.978
13 2CL V3 5x5 Tanh 2 FCL 0.964 0.319 0985 0.949
14 2 CL V4 5x5 Tanh 3FCL 0.949 0.442 0989 0.932
15 2CL V3 5x5 ReLU 2 FCL 0.951 0.239 0987 0.943
16 2 CL V4 5x5 ReLU 3 FCL 0.980 0.149 0994 0.995
17 3CL V5 3x3 Tanh 2 FCL 0.942 0.293 0989 0.927
18 3CL Vo6 3x3 Tanh 3 FCL 0.958 0.290 0.981 0.952
19 3CL V5 3x3 ReLU 2 FCL 0.962 0.200 0.989 0.948
20 3CL V6 3x3 ReLU 3 FCL 0.980 0.142 0994 0.978
21 3CL V5 5x5 Tanh 2 FCL 0.962 0.374 0979 0.964
22 3CL V6 5x5 Tanh 3 FCL 0.953 0.425 0985 0.940
23 3CL V5 5x5 ReLU 2 FCL 0.973 0.278 0985 0.986
24 3CL V6 5%5 ReLU 3 FCL 0.971 0.280 0.988 0.961
25 3CL V7 3x3 Tanh 2 FCL 0.958 0.231 0994 0.948
26 3CL V8 3x3 Tanh 3 FCL 0.962 0.336 0.988 0.956
27 3CL V7 3x3 ReLU 2 FCL 0.973 0.203 0.994 0.969
28 3CL V8 3x3 ReLU 3 FCL 0.973 0.160 0.995 0.969
29 3CL V7 5x5 Tanh 2 FCL 0.958 0.282 0992 0.940
30 3CL V8 5%x5 Tanh 3 FCL 0.949 0.419 0988 0.932
31 3CL V7 5%x5 ReLU 2 FCL 0.967 0.332 0989  0.965
32 3CL V8 5%x5 ReLU 3 FCL 0.964 0.250 0.990 0.945

Notes:

CL : Convolution Layer V4 :32-64-128-128-128

FCL: Fully Connected Layer V5 :20-20-20-128-128

V1 :20-20-128-128 V6 :20-20-20-128-128-128

V2 :20-20-128-128-128 V7 :32-64-64-128-128

V3 :32-64-128-128 V8 :32-64-64-128-128-128

This table lists the accuracy, loss, AUC, and Fl-score for 32 CNN models with varying
convolutional depths, kernel sizes, activation functions, and fully connected layers used to classify
beef versus pork images.

Model Evaluation

Overfitting is general issue in machine learning, which cannot be completely avoided [16],
but it can be reduced. Figure 2 shows that the 3rd and 7th models appear to have a plot that tends
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to be more stable than the 12th model. However. the 7th model is known to have a small gap
between the training and test data loss than the 3rd model. This is very important because it relates
to the effect of overfitting.
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Figure 2. Classification Metric Plot, (a) 3rd model, (b) 7th model, (c) 12th model

Overall performance clusters tightly, but the 7th model—the two-layer network using V1
filters, 5 X 5 kernels, ReLU activation, and two fully connected layers—stands out with the top
accuracy of 0.987, a minimal loss of 0.097, an AUC of 0.996, and an Fl-score of 0.982.
Accordingly, this configuration is selected as the best model for classifying beef and pork images.

There is one hyperparameter that significantly affects model performance, namely the
activation function. Models that apply the Tanh activation function have poor model performance.
Almost all models that use the Tanh activation function have low accuracy, AUC, and F1-Score
and high loss. The following is a plot to see the distribution of loss values in the model based on
the activation function.

Loss Model Based on Activation Function

Activation Function

RELU
®  TANH

Loss
i
L ]
L ]

! |
RELU TANH
Activation Function

Figure 3. Distribution of loss in the model based on activation function

Figure 3 shows that there is a significant difference in the distribution of loss models based
on the type of activation function. The loss distribution in models that use the ReLLU activation
function tends to be lower than in models that use the Tanh activation function.
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The 7th model is a model consisting of a hyperparameter with two convolutional layers. 20
neurons in both convolution layers and 128 neurons in both fully connected layers, a 5 x 5 kernel
size, ReLU activation function, and two fully connected layers. Based on this model, here is a
confusion matrix that shows the number of classes that are classified correctly and incorrectly.

Table 3. Image classification results of beef and pork using the 7th model

Reference
Prediction
Beef Pork
Beef 223 4
Pork 2 221

Table 3 shows that from 450 test data, 223 beef images were classified correctly and
221 images of pork were classified correctly.

Conclusion

Based on the comparison of several hyperparameter configurations, this study
confirms that hyperparameter tuning significantly influences the performance of CNN
models for pork and beef image classification. The best-performing model was achieved
using 20 neurons in both convolutional layers, 128 neurons in each of the fully connected
layers, a 5X5 kernel size, and the ReL U activation function. This configuration successfully
classified 98.7% of the test data correctly. The selection of the best hyperparameters still
relies on experimental techniques. A suggestion for future research is to utilize or develop
an automated hyperparameter optimization method that can effectively determine the
optimal hyperparameters for building a CNN model.

These findings also highlight the importance of optimizing architectural parameters
in developing efficient food classification systems. The results have practical implications
for food authentication, quality control, and halal verification processes. Future research
may expand on this work by incorporating more diverse datasets, exploring transfer
learning strategies, or evaluating model robustness under real-world conditions such as
variable lighting and image noise.
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