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The Convolutional Neural Network (CNN) is a widely employed deep learning
model, particularly effective for image recognition and classification tasks.
The performance of a CNN is influenced not only by its architecture but also
critically by its hyperparameters. Consequently, optimizing hyperparameters
is essential for improving CNN model performance. In this study, the authors
propose leveraging optimization algorithms such as Random Search, Bayesian
Optimization with Gaussian Processes, and Bayesian Optimization with Tree-
structured Parzen Estimators to fine-tune the hyperparameters of the CNN
model. The performance of the optimized CNN is compared with traditional
machine learning models, including Random Forest (RF), Support Vector
Classification (SVC), and K-Nearest Neighbors (KNN). Both the MNIST and
Olivetti Faces datasets are utilized in this research. In the training procedure,

BO-TPE on the MNIST dataset, the CNN model achieved a minimum accuracy of
97.85%, surpassing traditional models, which had a maximum accuracy of
97.50% across all optimization techniques. Similarly, on the Olivetti Faces
dataset, the CNN achieved a minimum accuracy of 94.96%, while traditional
models achieved a maximum accuracy of 94.00%. In the training-testing
procedure, the CNN demonstrated impressive results, achieving accuracy rates
exceeding 99.31% on the MNIST dataset and over 98.63% on the Olivetti
Faces dataset, significantly outperforming traditional models, whose
maximum values were 98.69% and 97.50%, respectively. Furthermore, the
study compares the performance of the CNN model with three optimization
algorithms. The results show that integrating CNN with these optimization
techniques significantly improves prediction accuracy compared to traditional
models.
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1. INTRODUCTION

Machine learning, a subset of Artificial Intelligence, gives computers the ability to learn and improve
on their own from experience, without needing explicit programming. This field focuses on creating computer
programs that can extract knowledge from data and use this information to make better decisions in the future.
Machine learning has a wide range of applications, impacting areas like computer vision and image recognition,
natural language processing, recommendation systems, and fraud detection [1-4].

Deep learning, an advanced technique within machine learning, extends this concept by utilizing
artificial neural networks with multiple layers to learn complex patterns in large amounts of data. One of the
most widely used architectures within deep learning is Convolutional Neural Network (CNN), which are
especially effective in computer vision tasks such as image recognition and classification [5—6]. CNN consist
of multiple layers, including convolutional, pooling, and fully connected layers. Convolutional layers use filters
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to process input data and extract relevant features, while pooling layers reduce the spatial dimensions of the
data. Fully connected layers then utilize these features to make predictions or classifications. Through the
hierarchical structure of CNN, they automatically learn hierarchical representations of data, beginning with
simple features and progressively advancing to more complex and abstract features. This capability makes
CNN highly effective in tasks like object detection, facial recognition, and medical image analysis [7—10].

The performance of CNN models is significantly influenced by hyperparameters, which are set before
training and are not learned during the process. Hyperparameters in CNNs are divided into two categories:
architecture-related parameters (e.g., number of layers, filter size, pooling size) and training-related parameters
(e.g., learning rate, number of epochs, batch size) [11-12]. Optimizing these hyperparameters is crucial for
maximizing CNN performance. Optimization algorithms enhance machine learning and deep learning models
by fine-tuning hyperparameters and model parameters [13]. These algorithms are typically classified into three
categories: unstructured (e.g., Grid Search (GS) and Random Search (RS)) [14-15], structured (e.g., Bayesian
Optimization with Gaussian Processes (BO-GP) and Tree-structured Parzen Estimators (BO-TPE)) [16-17],
and metaheuristic approaches (e.g., Genetic Algorithms (GA), Particle Swarm Optimization (PSO), and Grey
Wolf Optimizer (GWO)) [18-19]. Each category offers distinct advantages in addressing complex, high-
dimensional optimization problems.

In this study, the authors propose using optimization techniques, including Random Search, Bayesian
Optimization with Gaussian Processes, and Tree-structured Parzen Estimators, to fine-tune the
hyperparameters of CNN models. Although these techniques are relatively straightforward, they are highly
effective for optimizing the hyperparameters of neural networks. The performance of the optimized CNN
model will be compared with traditional machine learning models, such as Random Forest (RF), Support
Vector Classification (SVC), and K-Nearest Neighbors (KNN). To ensure the reliability of the findings, this
study will use two datasets: MNIST and Olivetti Faces.

The structure of the paper is organized as follows: Section 2 introduces CNN model and the research
method. Section 3 presents the results and discussion. Finally, Section 4 concludes the paper.

2. RESEARCH METHOD
2.1. Convolutional neural network

The CNN is one of the most widely used deep learning models in computer vision, particularly in
image recognition and classification tasks. A typical structure of a basic CNN model, consisting of three layers:
convolutional, pooling, and fully connected, is illustrated in Figure 1 below. The convolutional layer, the core
building block of a CNN, applies a set of filters to the input data to create a feature map. Pooling layers then
summarize the data, reducing its size and consequently the number of parameters and the computational
complexity of the model. Finally, the fully connected layers perform high-level reasoning tasks [6], [20].

Input Convolution layer

Pooling layer

Fully connected
layer

Figure 1. The configuration of a basic CNN model

Similar to other machine learning models, hyperparameters play a crucial role in optimizing the
performance of CNN. Hyperparameters are parameters that are set before the training process begins and
remain constant throughout. They tune the model's architecture and behavior, affecting its accuracy, efficiency,
and generalization ability. The basic hyperparameters of the CNN model used in this study are [12], [21-22]:
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Filters: The number of filters is a crucial parameter in CNN, dictating the number of feature maps
learned by the convolutional layers. This parameter determines the number of output channels produced by the
convolution operation. Typical values for setting the number of filters in a CNN are 32, 64, 128, and so on.

Batch size: The batch size is a hyperparameter of gradient descent that determines the number of
training samples used to update the model's internal parameters. It also plays a role in optimizing memory
usage and influencing training speed.

Epochs: The number of epochs is a crucial hyperparameter in CNN training that controls how many
times the entire training dataset is passed through the network. This parameter significantly impacts the model's
ability to learn and generalize well.

Optimizer: Optimizers are techniques or methods for adjusting the characteristics of a neural network,
such as weights and learning rates, to decrease losses. They are employed to solve optimization problems by
minimizing the loss function. Some commonly used optimization algorithms include SGD (Stochastic Gradient
Descent), RMSProp (Root Mean Square Propagation), Adam, and Adamax.

Activation: The activation function in neural networks determines how the weighted sum of inputs is
transformed into output from a single node or multiple nodes in a layer of the network. It is responsible for
introducing non-linearity into the network and enabling it to model complex patterns and relationships in the
data. Commonly used activation functions include ReLU, Tanh, Softmax, Linear, and others.

2.2. Hyperparameter optimization techniques

There are many hyperparameter optimization algorithms applicable to machine learning models,
which can be categorized into classes such as: Model-free Algorithms, including Grid Search and Random
Search; Bayesian Optimization, including Bayesian Optimization with the Gaussian process and Bayesian
Optimization with the Tree-structured Parzen estimator; Multi-fidelity Optimization Algorithms, including
Successive Halving, Hyperband, and Genetic Algorithms; Metaheuristic Algorithms, including Genetic
Algorithm and Particle Swarm Optimization [13], [18], [23-24].

In this study, the authors propose using Hyperparameter Optimization Algorithms (HPO), including
Random Search, Bayesian Optimization with the Gaussian process, and Bayesian Optimization with the Tree-
structured Parzen estimator, to optimize the hyperparameters of the CNN model.

Random Search:

Random Search (RS) is a widely used optimization algorithm in machine learning for tuning
hyperparameters, classified under the category of unstructured optimization methods. Unlike Grid Search,
which exhaustively evaluates all possible combinations of predefined hyperparameter values, RS randomly
samples values from a defined range for each hyperparameter. This approach significantly reduces runtime,
making it more efficient for large datasets or problems with numerous hyperparameters. However, because the
selection of hyperparameter combinations is random, RS may not always find the absolute optimal value [23].
Additionally, Random Search does not utilize information from previous results to guide future searches.
Instead, it performs searches in a relatively arbitrary manner, which can be less efficient when navigating large
search spaces. As a result, RS is typically employed for optimization tasks within smaller, more manageable
ranges [15], [25].

Bayesian Optimization:

Bayesian Optimization (BO) has gained significant popularity in recent years due to its effectiveness
in handling functions that are expensive to evaluate, which are common in machine learning. BO iteratively
builds a probabilistic model of the objective function and intelligently selects points for evaluation, aiming to
find the global minimum (or maximum) with minimal evaluations. Bayesian optimization consists of two main
components: surrogate models for modeling the objective function and an acquisition function that measures
the potential value from evaluating the objective function at a new point [26-27].

Bayesian optimization models come in different flavors, including Bayesian Optimization with the
Gaussian process (BO-GP) and Bayesian Optimization with the Tree-structured Parzen estimator (BO-TPE).
In BO-GP algorithms, Gaussian processes (GP) have become the standard surrogate for modeling the objective
function in Bayesian optimization. BO-GP mainly supports continuous and discrete hyperparameters (by
rounding them) but does not support conditional hyperparameters [17, 28]. Meanwhile, BO-TPE does not
define a predictive distribution over the objective function but creates two density functions that act as
generative models for all domain variables. BO-TPE can handle categorical, discrete, continuous, and
conditional hyperparameters [23, 29-31].

2.3. Method proposed

In this study, which aims to enhance the accuracy of deep learning models in solving classification
problems, the authors propose the application of Hyperparameter Optimization (HPO) for the CNN network,
as depicted in Figure 2 below. According to this flowchart, the entire dataset (X and y) are used during the

Enhancing Accuracy for Classification Using the CNN Model and.... (Dai Nguyen Quoc et al)



578 a ISSN: 2089-3272

HPO training process. The structure of the CNN model and the search space for hyperparameters are defined,
serving as inputs to the training process. The output of this process is the optimized model (modelop), which
corresponds to the optimized hyperparameters, and the accuracy associated with this optimized model. To
evaluate the model’s effectiveness, this study employs the accuracy metric, which is determined using Formula
(1) below [32]. Comparing and analyzing the accuracy values of the CNN model with other traditional models
such as RF, SVC, and KNN allows us to assess their performance.

1S,
Accuracy(y, §) == > 1§, = y;)
= (L)

where Y is the predicted value of the i sample and y is the corresponding true value, and n is the
number of samples.

X,
Input data Xy
Training process L
Hyperparameter modelop:
CNNmodel | model gl Optimization Techniques

(RS, BO-GP, BO-TPE) | Accuracy (%)
4>

Hyperparameter (Filters, Batch size, Epochs, T
space Optimizer, Activation)

Figure 2. The training procedure

The distinctive feature of the training procedure described above is that it utilizes the entire dataset X
and y during the training process, and the accuracy of the optimized models is determined based on this
procedure. To enhance confidence in evaluating the model’s performance, the authors also propose applying a
training-testing procedure as depicted in the flowchart in Figure 3 below. According to this flowchart, the
dataset is split into training data and testing data. The training data (Xtain, Yirain) is used for the training process,
while the testing data (Xeest, Yiest) is used for the testing process, highlighting the key difference between the
training procedure and the training-testing procedure. In the training process, the input is the training data, and
the output is the optimized model (modelo), which also serves as the input to the testing process. Another
input for the testing process is the testing data. In this phase, the predicted values Ypredgic: are determined based
on the optimized model and Xest. The accuracy of the testing process is determined by comparing the true
values yrest With Ypregict. Thus, the outputs of the training-testing procedure are the accuracy rates of both the
training and testing processes. It's worth noting that the testing dataset in this training-testing procedure is
independent of the training dataset mentioned earlier; hence, its prediction results will help increase confidence
in evaluating the performance of the CNN model as well as the HPO.

(XeestYest)

T Testing data
Input data o Tt ki (Xirain Ytrain)

xy) o

Training process y Y Testing process

Hyperparameter Optimization model opx > Predict
CNN model | model | Techniques

(RS, BO-GP, BO-TPE)

L Accuracy (%)

Accuracy (%)

Hyperparameter space Filters, Batch size, Epochs, Optimizer,

Activation)

Figure 3. The training-testing procedure
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3. RESULTS AND DISCUSSION
3.1. Experimental setup

In this study, the authors concurrently utilize two datasets: the MNIST dataset, which is a collection
of handwritten digit images [23], and the Olivetti Faces dataset, which consists of facial images [33]. These
datasets are widely used in machine learning research for recognition and classification tasks and are readily
available in the sklearn.datasets library. Figure 4 presents some samples from the MNIST dataset (a) and the
Olivetti Faces dataset (b). As depicted in Figure 2, the entire dataset (X, y) is used for the HPO algorithm in
the training procedure. As shown in Figure 3, the dataset (X, y) is divided into two parts: training data (Xirain,
Virain) and testing data (Xeest, Yiest), With a ratio of 80% and 20% for each part, respectively. One of the inputs to
the HPO is the Hyperparameter space, which defines the boundaries of the hyperparameters being searched. In
this study, the Hyperparameter space is defined consistently for both the training procedure in Figure 2 and the
training-testing procedure in Figure 3. The Hyperparameter space for the MNIST dataset is presented in Table
1, and for the Olivetti Faces dataset in Table 2. The HPO techniques in this paper (RS, BO-GP, and BO-TPE)
are also set up based on a cross-validation procedure with cv=3 to enhance the reliability of the results [23].

Figure 4. Some samples: (a) MNIST dataset, (b) Faces dataset

Table 1. Hyperparameter space: Mnist dataset

Mode Optimal algorithms
I Hyperparameter Type RS BO-GP BO-TPE
n_estimators '”tfge (10, 100) (10, 100) (10, 100)
max_features Int;ege (1, 64) (1, 64) (1, 64)
a max_depth Intege (5, 50) (5, 50) (5, 50)
min_samples_spli  Intege
h ; (2,11) (2,11) (2,11)
min_samples_leaf Int;age (1,11) (1,11) (1,11)
criterion String ['gini’, 'entropy'] ['gini’, 'entropy’] ['gini’, 'entropy’]

C Float (0, 50) (0.01, 50) (0, 50)

SVC . ['linear', 'poly’, 'rbf’, ['linear', 'poly', 'rbf’, ['linear', 'poly', 'rbf’,
kemel String 'sigmoid’] 'sigmoid’] 'sigmoid’]
KNN n_neigHPOrs '”trege (1, 20) @, 20) (1, 20)

- . ['adam’, 'rmsprop’, 'sgd’, ['adam’, 'rmsprop’, 'sgd’, ['adam’, 'sgd', ‘rmsprop’,
optimizer String ‘Adamax] 'Adamax'] '‘Adamax']
activation Strin ['relu’, 'tanh’, 'softmax’, ['relu’, 'tanh', 'softmax’, ['relu’, 'tanh’, 'sigmoid’,

Y 'linear'] ‘linear'] ‘linear']

CNN batch_size '”tfge (16, 128) (16, 128) (16, 128)
filters '”tfge (10, 300) (10, 300) (10, 300)
epochs Intege (200, 800) (200, 800) (200, 800)

r
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Table 2. Hyperparameter space: Olivetti Faces dataset
Optimal algorithms

Model Hyperparameter Type RS BO-GP BO-TPE
n_estimators Integer (10, 200) (10, 200) (10, 200)
max_features Integer (1,128) (1,128) (1,128)

RF max_depth Integer (5, 100) (5, 100) (5, 100)
min_samples_split  Integer (2,11) (2,11) (2,11)
min_samples_leaf Integer (1,11) (1,11) (1,11)

criterion String ['gini’, 'entropy'] ['gini’, 'entropy'] ['gini’, 'entropy’]
C Float (0, 100) (0.01, 100) (0, 100)
svC kernel String ['Iine'a(', 'po_lylﬂ 'rbf', [‘Iine‘ar_', 'po_lyl', 'rbf', ['Iinelar‘, 'po_Iy:, 'rbf',
sigmoid'] sigmoid'] sigmoid']
KNN n_neigHPOTrs Integer (1, 15) (1, 15) (1, 15)
filters Integer (16, 64) (16, 64) (16, 64)
o - ‘adam’, 'rmsprop’, 'sgd', ‘adam’, 'rmsprop’, 'sgd’, ‘adam’, ‘'rmsprop’, 'sgd',
optimizer String [ 'Adanfl)ax'r]) ’ [ 'Adarr?ax'[]) ’ [ 'Adarrrl)ax'r]J ’
CNN activation String ['relu’, 't'a_nh', '§oﬂmax', ['relu’, 't‘a_nh', '§oﬂmax', ['relu’, ‘tla_nh', "softmax',
linear] linear] linear]
epochs Integer (60, 120) (60, 120) (60, 120)
batch_size Integer (8,32) (8,32) (8,32)

3.2. Experimental results

Table 3 presents the experimental results of the training procedure as shown in Figure 2, depicting the
accuracy of the RS, BO-GP, and BO-TPE algorithms. These results correspond to the RF, SVC, KNN, and
CNN models for the MNIST and Olivetti Faces datasets. It is worth noting that the accuracy values for the
traditional machine learning models (RF, SVC, and KNN) for the MNIST dataset are reference values from
the literature [23], as given in Table 3.

Table 3. Experimental results of training procedure

. Mnist dataset Olivetti Faces dataset
Optimal KN KN

algorithm RF SVC N CNN RF SVvC N CNN
RS 933 973 963 978 912 940 902 949

8 5 3 5 5 0 6 6
933 975 968 978 922 940 902 950

BO-GP 8 0 3 9 5 0 6 4
938 974 968 97.8 907 940 902 949

BO-TPE 8 4 3 9 5 0 6 6

The analysis of results in Table 3 demonstrates that the accuracy of the CNN deep learning model
surpasses that of traditional models. Specifically, for the MNIST dataset using the RS optimization algorithm,
the accuracy values for the traditional models are as follows: Random Forest (RF) = 93.38%, Support Vector
Classification (SVC) = 97.35%, and K-Nearest Neighbors (KNN) = 96.33%. All of these are lower than the
CNN model's accuracy of 97.85. Moreover, when comparing the CNN model combined with the BO-GP and
BO-TPE algorithms, the performance is superior to that achieved with RS. The accuracy values for BO-TPE
(97.89%) and BO-GP (97.89%) are both higher than that for RS (97.85%). Similar results are obtained for the
BO-GP and BO-TPE algorithms, including the Olivetti Faces dataset.

Table 4 presents the experimental results of the training-testing procedure, as shown in Figure 3 for
the MNIST dataset. It illustrates the accuracy scores the RS, BO-GP, and BO-TPE algorithms achieved. These
scores correspond to the RF, SVC, KNN, and CNN models for the training and testing processes. Similarly,
Table 5 showcases analogous results for the Olivetti Faces dataset.

Table 4. Experimental results of training-testing procedure: Mnist dataset

Optimal Training pll'é)lfless Testing pr&cNess

algorithm RF SsvC N CNN RF SvC N CNN
RS 96.0 98.8 98.4 99.1 97.1 98.6 98.3 99.3

2 2 0 8 7 4 3 1
96.2 98.8 98.4 99.1 97.3 98.6 98.1 99.3

BO-GP 1 0 3 4 6 9 7 9
95.8 98.8 98.3 99.2 97.3 98.6 98.1 99.3

BO-TPE 0 2 5 0 3 4 9 1
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Table 5. Experimental results of training-testing procedure: Olivetti Faces dataset

Optimal Training pll'é)'(\:less Testing prlo(cNess

algorithm RF SvC N CNN RF SvC N CNN
RS 84.7 92.5 86.4 93.5 90.1 97.5 91.0 98.6

8 0 1 6 3 0 0 3
84.5 924 844 934 903 97.3 89.6 98.7

BO-GP 7 4 0 7 7 7 2 5
85.6 92.5 81.3 93.8 91.3 97.5 87.1 98.6

BO-TPE 0 0 1 1 8 0 3 3

An analysis of the results from Table 4 for the MNIST dataset using the RS optimization algorithm
shows that the accuracy of the traditional models is consistently lower than that of the CNN model in both the
training and testing process. Specifically, the traditional models achieve the following accuracy rates: RF =
96.02% (training) and 97.17% (testing), SVC = 98.82% (training) and 98.64% (testing), and KNN = 98.40%
(training) and 98.33% (testing). In contrast, the CNN model attains higher accuracy rates of 99.18% during
training and 99.31% during testing. When examining the CNN model integrated with different optimization
algorithms, the BO-TPE algorithm achieves the highest training accuracy of 99.20%, slightly surpassing the
RS algorithm's 99.18%. However, the BO-GP algorithm underperforms in training, with an accuracy of
99.14%. In the testing phase, the CNN model with the BO-GP algorithm achieves the highest accuracy of
99.39%, exceeding that of the RS algorithm (99.31%). In contrast, the BO-TPE algorithm shows no significant
improvement, reaching 99.31%. These trends are similarly observed for the Olivetti Faces dataset, as shown in
Table 5, further reinforcing the conclusion that the CNN model generally outperforms traditional models,
particularly when optimized with the BO-GP algorithm.

Overall, the above analysis across the MNIST and Olivetti Faces datasets consistently demonstrates
that the CNN deep learning model outperforms traditional machine learning models such as RF, SVC, and
KNN in terms of accuracy. This trend is evident in the training and training-testing procedure for all
optimization algorithms evaluated (RS, BO-GP, and BO-TPE).

4. CONCLUSION

In this study, the authors propose a novel approach using RS, BO-GP, and BO-TPE algorithms to
optimize the hyperparameters of a CNN model, aiming to enhance its performance. The effectiveness of both
the training and training-testing procedures is assessed using the MNIST and Olivetti Faces datasets. The
performance of the CNN model, optimized with the RS, BO-GP, and BO-TPE algorithms, is compared to the
results reported in [23] during the training phase. Additionally, the CNN model's performance in the training-
testing phase is evaluated against traditional models across all three optimization algorithms, including RF,
SVC, and KNN. The findings demonstrate that the CNN model consistently achieves higher accuracy than
traditional models in all evaluated scenarios, highlighting its potential for various applications in image
recognition and classification tasks.
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