
Proceedings of the International Conference on Industrial Engineering and Operations Management 

© IEOM Society International 

14thAnnual International Conference on Industrial Engineering and Operations Management Dubai United Arab 
Emirates (UAE), February 12-14, 2024 

Publisher: IEOM Society International, USA 
Published: February 12, 2024 

DOI: 10.46254/AN14.20240540 

Module-based Convolutional Neural Network Structure 
Optimization 

Ivan Kristianto Singgih 
Assistant Professor, Department of Industrial Engineering 

University of Surabaya, Indonesia 
The Indonesian Researcher Association in South Korea (APIK) 

Seoul, 07342, South Korea 
Kolaborasi Riset dan Inovasi Industri Kecerdasan Artifisial (KORIKA) 

Jakarta, Indonesia 
ivanksinggih@staff.ubaya.ac.id 

Evan Sutrisno and Michael Abednego 
Undergraduate Student, Department of Industrial Engineering 

University of Surabaya 
Indonesia 

evansutrisno02@gmail.com, s160320023@student.ubaya.ac.id 

Dina Natalia Prayogo 
Lecturer, Department of Industrial Engineering 

University of Surabaya 
Indonesia 

dnprayogo@staff.ubaya.ac.id 

Abstract 

Convolutional Neural Network (CNN) is used for processing image data in various applications, including logistics 
systems, production, etc. This research proposes a method for optimizing the structure of CNN. Many CNN models 
already use various structures, but there is no certain well-known framework for designing high-accuracy CNN models 
yet. Unlike previous studies, this study identifies combinations of various types and number of layers in CNN. 
Considering a limited number of alternative layer combinations when designing CNN models would reduce the 
computation time of the model generation (and increase the performance of the CNN model because it can consider 
more design alternatives during the model generation phase, given the available time). This study (1) extracts the 
combination of layers from many state-of-the-art CNN models that ensure the best information is obtained and (2) 
proposes a module-based framework to optimize the CNN structure. The numerical experiment shows that the 
proposed framework produces better accuracy than the compared best-known models. This research will provide 
insights on good combinations of layers and help researchers develop new CNN structures with high accuracy.  
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1. Introduction  
Implementation and development of Industry 4.0 and intelligent systems are increasing very rapidly. These systems 
collect a lot of data and use it for real-time decision-making. One of the widely used technologies is the prediction of 
data values using the Convolutional Neural Network (CNN) method. The CNN method automatically identifies 
important factors from image data (Wu et al. 2023). 
 
The CNN method has been used to identify image data (Capua et al. 2023), identify component damage in the 
remanufacturing process within reverse logistics systems (Schlüter et al. 2021), identify ships in various weather 
conditions (Liu et al. 2021), etc. CNN is not only used for image data analysis but is also used in solving other cases, 
such as the prediction of train travel time (Guo et al. 2022), integration of supply optimization and demand prediction 
in logistics systems (Ren et al. 2020), prediction of demand for food distribution in urban areas (Crivellari et al. 2022), 
etc. 
 
An example of the CNN structure is shown in Figure 1 (Wang and Su 2022). CNN is composed of several types of 
layers with different functions. Each layer has parameters. Values of the parameters need to be optimized to improve 
the accuracy of the CNN prediction results. The layers include the convolutional, pooling, and fully connected layers 
(Taye 2023). A calculation method based on a certain activation function is required to produce a fully connected layer. 
 

 
 

Figure 1. An example of Convolutional Neural Network structure 
 
Until now, the structure of the CNN method continues to develop to increase prediction accuracy. An example of a 
comparison of the quality of human predictions using several CNN structures, measured in accuracy (AUC) and 
prediction error (EER), is shown in Batchuluun et al. (2018). The comparison might not only consider the accuracy 
values for each CNN structure but also the complexity of the model and the number of parameters in the CNN structure 
(AI Summer 2023). Researchers always try to find the best CNN structure. The CNN structures are developed every 
year (Medium 2023). 
 
The objective of this study is to (1) identify the combination of layers in state-of-the-art CNN models and (2) propose 
a module-based framework for optimizing CNN structures. Such a summary could be a good reference for the next 
researchers when developing their new CNN models. 
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The structure of this paper is as follows. Section 2 explains the steps used in this study. Section 3 summarizes the CNN 
structures presented in the related previous studies, the module-based framework used for optimizing the CNN 
structures, and the experiment settings. Section 4 presents the experiment results. Section 5 concludes the study. 
 
2. Literature Review  
Studies on CNN structure design can be divided into: (1) CNN structure parameter optimization with a predetermined 
sequence of CNN layer types, and (2) hyperparameter optimization for a given complete CNN structure. In the first 
group of studies, the sequence of layers is predetermined, e.g., convolutional layer(s) than fully connected layer(s). 
Metaheuristics were used to determine the number of layers for each layer type and the parameters for each layer, e.g., 
number of nodes, activation function, number of batches, learning rate, etc. Studies classified into this group are Kabir 
Anaraki et al. (2019) and Tsoumalis et al. (2021). Studies in the second group considered a given complete CNN 
structure, which does not change. The parameters in the predetermined structure are optimized. Studies in this second 
group are Ijjina and Chalavadi (2016), Johnson et al. (2020), Rikhtegar et al. (2016), and Vetrimani et al. (2023). The 
disadvantages of studies in both groups are the performance of the models is limited because the CNN structure change 
is limited.  
 
This study optimizes the CNN structure differently from studies in both groups above. This study allows any layer 
sequence generation without predetermining the sequence of layer types, as conducted by the studies in the first group. 
To maximize the performance of the CNN structure, this study optimizes the parameters of the layers using 
metaheuristics. Considering various layer types and parameters would allow evaluating more numbers of CNN 
structures and allow obtaining a better final structure at the end of the metaheuristics search. 
 
3. Methods  
The stages of this research are as follows: 
1. Selection of parameters to be optimized in CNN. 
2. Determination of alternative layer combination restrictions in CNN, considering the current CNN structure (state-

of-the-art) to reduce model complexity and enable the search for structures with better accuracies. 
3. Proposition of a module-based framework for optimizing CNN structures. 
 
3.1 Selection of Parameters to be Optimized in CNN 
In the early stages, a literature study is carried out to understand which parameters affect the quality of the CNN 
prediction results. This study observes various CNN parameters and their effects on the accuracy of the CNN model 
predictions. An example of a list of parameters to be considered is the one listed in the complete CNN structure 
explanation example in Figure 2 (Topbots 2023). 
 
3.2 Summarizing Information of Layers Used in Previous Studies 
Limiting layer combinations will reduce the search time for the new CNN structure design. Several previous studies 
have carried out the approach by limiting the hyperparameters of certain layers (Johnson et al. 2020). Unlike that 
concept, this study discusses how to identify a combination of the layer structure with limited parameter values obtained 
from state-of-the-art methods to design good CNN models. This study observes some of the best CNN models used for 
the prediction using the MNIST data, as shown in Figure 3 (MetaAI 2023). 
 
3.3 Proposing Module-based CNN Structure Optimization Framework 
Various optimization methods exist in the operations research field, including metaheuristics like genetic algorithm 
(GA). Metaheuristic has been proven to efficiently optimize various problems with multiple information types like the 
ones considered in our study (the CNN layer types and parameters of the specific layer). Examples of such metaheuristic 
methods are presented in Amirghasemi et al. (2023) and Wen et al. (2023). Such metaheuristic methods represent the 
solutions in a module-like structure to allow searching for new solutions through exploitation and exploration 
techniques. Exploitation works by combining good parts of the solution representation, e.g., by exchanging the position 
of existing parts in an existing solution. Exploration is conducted by introducing a new value into an existing solution, 
e.g., by generating a random value. GA has been proven to be the best metaheuristics, e.g., when solving traveling 
salesman problems (Toaza and Esztergár-Kiss 2023) and production scheduling cases (Peiris et al. 2023). 
 
The GA framework is presented in Figure 4. For the initial population, best-known solutions for solving the MNIST 
dataset are included, and the remaining chromosomes are randomly generated. A single point crossover is performed 
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by selecting two parents randomly, based on their prediction accuracy values; meanwhile, mutation is performed for 
each chromosome after the whole crossover operations. Three types of mutations are performed: (1) layer removal, (2) 
layer addition, and (3) layer parameter change. A Boltzmann threshold is applied to allow selecting a slightly worse 
solution after a mutation operation. During any chromosome generation or modification, the following characteristics 
of the CNN structure are maintained, e.g., (1) the predetermined minimum and maximum length of layers, (2) the final 
number of nodes (to have at least ten nodes for the MNIST classification), (3) an increasing number of filters for the 
convolutional layers, and (4) a decreasing number of nodes for the fully connected layers. Any operation could be 
restarted if necessary to generate feasible solutions. At the end of each population, an elitism chromosome is stored in 
the next population to maintain the GA convergence. GA parameters used for the search are listed in Table 1. 
 

 

 
 

Figure 2. List of complete parameters in the AlexNet structure 
 

Table 1. The genetic algorithm parameters 
 

Parameter Value 
population_size 10 

num_of_population 10 
crossover_rate 0.8 
mutation_rate 0.2 

percentage_for_gene_addition_or_removal 0.25 
initial temperature 50 
final temperature 25 
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Figure 3. CNN model comparison when solving MNIST data 
 
 

 
 

Figure 4. The genetic algorithm framework. 
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In this study, CNN models with the following layers are considered: convolution layers, activation layers (ReLU, Tanh, 
sigmoid, etc.), pooling layers, fully connected layers, and softmax functions. The studied CNN models are limited to 
the ones with these layers because of the following reasons: (1) for an easier and better comparison of the models, 
considering that CNN models have other various types of layers, and (2) to initially test whether identifying the 
relationships between these layers could allow the next researchers to design a better CNN model, as suggested by this 
study. 
 
Among the 91 best CNN models in MetaAI (2023), the five best models with the layers mentioned in this study are 
shown in Table 2. The summary of the models is shown in Table 3, which lists the used layers and the considered 
parameter types (number and size of kernels, stride size, padding size, etc.). The maximum and minimum values of 
each parameter are listed. The # of layers per study refers to the number of each layer type in each study. 
 
In Table 3, based on the initial minimum (init_min) and maximum values (init_max) of each parameter, a new minimum 
(new_min) and maximum values (new_max) are calculated. The new minimum and maximum values are calculated in 
Equations (1) and (2). For parameters with the same initial minimum and maximum values, the maximum values are 
additionally modified to allow observing some other potential values. For parameters with no specific number values, 
all the options for values are considered.  
 

Table 2. Models with the best accuracy 
 

Method Rank Model Accuracy (%) 
7 Multi-column Deep Neural Networks 99.77 
8 Augmented Pattern Classification (APAC) with Neural Networks 99.77 
25 Deep Big Simple Neural Nets 99.6 
76 Deep Neural Network-5 97.2 
77 Deep Neural Network-3 97 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Table 3. Summary of used layers in the studies and their parameter values 
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Layer Types # of Layers 
(Min, Max) Parameters 

Value 
(Init_Min, 
Init_Max) 

Value 
(New_Min, 
New_Max) 

Convolutional Layer (2,2) 

Number of Kernels (20,40) (15,45) 
Kernel Size (4,5) (3,6) 
Stride Size (1,1) (1,2) 

Amount of Zero 
Padding (0,0) (0,same) 

Activation 
Function scaled hyperbolic tangent, ReLU 

Pooling Layer (2,2) 

Type max 
Stride Size (2,3) (2,4) 
Activation 
Function linear, ReLU 

Fully Connected Layer (2,5) 

Size (64,2500) (10,3100) 

Activation 
Function 

scaled hyperbolic tangent, 
ReLU, ExtendeD Exponential 

Linear Unit (DELU) 
Softmax (1,1) Size (10,10) 

Total number of layers (2,7) (2,9) 
Total number of fully connected layers (2,5) (1,6) 

 
Table 4. Summary on pairs of subsequent layers of the studies 

 
  Next Layer 

  Convolutional 
Layer Pooling Layer 

Fully 
connected 

Layer 
Softmax 

Previous 
Layer 

Convolutional Layer (0,0,0) (2,2,2) (0,0,0) (0,0,0) 
Pooling Layer (1,1,2) (0,0,0) (1,1,2) (0,0,0) 

Fully Connected Layer (0,0,0) (0,0,0) (1,4,4) (1,1,5) 
Softmax (0,0,0) (0,0,0) (0,0,0) (0,0,0) 

 
The relationship between the layers of the selected papers is shown in Table 4. The number of occurrences for each pair 
of layers is shown by its minimum and maximum values. # of studies refers to the number of studies considering each 
pair of consecutive layers. Table 4 lists each pair of consecutive layers from the first to the last layer. The purpose is to 
identify how the layers could be combined to produce a model with good accuracy. Parameter values in Table 3 are 
then further considered to design better CNN models.  
 

 new minimum value = �init_min−
(init_max− init_min)

2
� (1) 

 new maximum value = �init_max +
(init_max− init_min)

2
� (2) 

 
Parameters used to train the CNN models within the GA framework are listed in Table 5. The number of epochs used 
to train each CNN structure is set equal to 1 to reduce the computational time.  
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Table 5. The CNN model training parameters 
 

Parameter Value 
number_of_epochs 1 

parameter_batch_size 2,048 
 
4. Results and Discussion  
The convergence of the GA is shown in Figure 5. Such a convergence is guaranteed because of the identification and 
storage of the elitism chromosomes from each population. The best CNN structure obtained through the search is 
presented in Figure 6. 
 
Comparison between the obtained best CNN structure and the best known solutions from Table 2 are shown in Table 
6. Parameters of each CNN structure were trained for one epoch. Ideally, the evaluation of each CNN structure should 
be conducted on multiple epochs, but it would be very time consuming. It is shown that the obtained best CNN 
structure obtained in this study has the best accuracy when compared with all of the best known models.  
 
The obtained final CNN structure was tested for 10 epochs and several batch size values to further assess the quality 
of the obtained best structure. The accuracy values are shown in Figure 7. The best accuracy was obtained when setting 
the batch size to 32. With the batch size equal to 32, different number of epochs are tested, and the results are shown 
in Figure 8. The accuracy increases up to a stable accuracy value of 98.64% within 60 epochs. 
 
 

 
 

Figure 5. The convergence of the genetic algorithm search.  
 

 
Figure 6. The best CNN structure obtained after running the GA.  
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Table 6. Comparison between the obtained structure and the best known structures 
 

Model Accuracy (%) 
Multi-column Deep Neural Networks 11.36 

Augmented Pattern Classification (APAC) with Neural Networks 79.29 
Deep Big Simple Neural Nets 84.44 

Deep Neural Network-5 77.73 
Deep Neural Network-3 83.34 

This study 87.03 
 

 
 

Figure 7. Accuracy values of the best CNN structure when considering different batch sizes (number of epochs = 
10).  

 

 
 
Figure 8. Accuracy values of the best CNN structure when considering different number of epochs (batch size = 32).  
 
The numerical experiment results show the effectiveness of the proposed module-based CNN structure optimization 
algorithm. 
 
 
5. Conclusion  
This study observes the designs of the best CNN models with the purpose of suggesting a good framework for the next 
CNN models. Seven studies among the 91 best studies solving the MNIST datasets were discussed. This study extracted 
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and reported the best parameter values and relationships between layers. A module-based framework for optimizing the 
CNN structure was proposed. The framework includes the exploitation and exploration techniques that introduce and 
test various CNN structures during the optimization process. 
 
The limitation of this study is the consideration of only one epoch during the algorithm run. It would affect the 
robustness of the obtained solutions and needs to be resolved, e.g., by increasing the number of epochs. Even though 
this study proposed a novel way to extract important information about the layers from various studies, another 
drawback of this study is the limited number of considered studies. Also, the search should be improved to allow 
increasing the accuracy of the final structure. More layer types could be considered as well to allow proposing CNN 
models with better accuracy. 
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