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 Liver segmentation in medical imaging is a crucial step in various clinical 

applications, such as disease diagnosis, surgical planning, and evaluation of 

response to therapy, which require a high degree of precision for accurate 

results. This research focuses on increasing the accuracy of liver 

segmentation by optimizing hyperparameters in the convolutional neural 

network (CNN) model using the developed ResNet architecture. The 

uniqueness of this research lies in the application of hyperparameter 

optimization methods such as random search and Bayesian optimization, 

which allow broader and more efficient exploration than conventional 

approaches. The results show that the DeepLabV3Plus model (the proposed 

model) significantly outperforms the standard ResNet in the image 

segmentation task. DeepLabV3Plus shows excellent performance with an 

MIoU score of 0.965, a PA Score of 0.929, and a meager loss value of 0.011. 

These results show that DeepLabV3Plus is able to recognize and predict 

segmentation areas very accurately and consistently and minimize prediction 

errors effectively. In conclusion, the results of this study show a significant 

improvement in segmentation accuracy, with the optimized model providing 

better performance in the evaluation. 
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1. INTRODUCTION 

Liver segmentation in medical imaging plays a vital role in various clinical applications, including 

diagnosis of liver diseases, surgical planning, and monitoring response to therapy [1]–[3]. Accurate 

segmentation of this organ is critical because errors in liver identification and delineation can result in incorrect 

diagnosis or inappropriate surgical planning, which in turn can harm the patient. Therefore, reliable and accurate 

segmentation methods are needed to support appropriate clinical decisions [4], [5]. 

In recent years, convolutional neural networks (CNN) have emerged as a potent tool in medical image 

segmentation tasks [6]. CNNs are capable of capturing complex features from medical images and have 

demonstrated excellent performance in various segmentation tasks. One of the famous and influential CNN 

architectures for medical image segmentation is ResNet, which is specifically designed to address challenges in 

image segmentation with high resolution and complex details [7]–[10]. 

Previous literature studies conducted by [11] in this study showed that the three CNNs achieved an 

average Dice score above 90% in liver segmentation with contrast computed tomography (CT) images of 

https://creativecommons.org/licenses/by-sa/4.0/
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ordinary quality. However, the results also showed that the three CNNs had decreased performance in liver 

segmentation in CT images with low doses and no contrast. This suggests that liver segmentation on low-dose, 

no-contrast CT images is still a challenging task and requires further improvement before it can be applied in 

clinical practice. Meanwhile, in the following study conducted by [12], the results of research on liver tumor 

segmentation were based on 3D CNN with multiple scales. This study aims to overcome the difficulties of liver 

tumor segmentation from CT images, which include low contrast between liver tumors and healthy tissue, as 

well as the complex shape, size, and location of liver tumor images. The method developed is a CNN-based 

liver and liver tumor segmentation algorithm, which is equipped with a three-dimensional dual pathway  

(TDP-CNN) to maintain a balance of segmentation performance and computing resource requirements. 

Experimental results show that the proposed algorithm performs well in liver and liver tumor segmentation. 

However, some improvements can be made, especially in the segmentation of small liver tumors. In addition, 

the use of fully connected conditional random fields (FC-CRF) helps improve liver tumor segmentation results. 

This method showed better results than several other liver and liver tumor segmentation algorithms in the 2017 

MICCAI competition. 

From the previous research that has been described, the performance of the CNN model is very 

dependent on choosing the correct hyperparameters, such as learning rate, batch size, number of filters, and 

kernel size [13], [14]. Hyperparameters that are not optimal can cause the model to experience overfitting or 

underfitting, thereby reducing segmentation accuracy [15], [16]. Therefore, hyperparameter optimization is a 

crucial step in developing more accurate and reliable CNN models. Hyperparameter optimization methods such 

as grid search [17]–[19], and Bayesian optimization have been proposed to find optimal hyperparameter 

combinations [20]–[23]. Grid search explores the entire hyperparameter space systematically but often requires 

a very long time and significant computational resources. In contrast, random search and Bayesian optimization 

offer a more efficient approach by randomly exploring the hyperparameter space or using probabilistic models 

to predict the most promising hyperparameter combinations [24]. 

Based on the literature studies that have been described, this research focuses on the application of 

hyperparameter optimization methods to increase the accuracy of liver segmentation using a CNN model with 

Resnet architecture [25]–[28]. By using random search and Bayesian optimization methods, this research aims 

to find the optimal combination of hyperparameters that can significantly improve model performance. The 

results of this research are expected to make a significant contribution to the field of medical image 

segmentation and improve clinical applications in diagnosis and patient treatment planning [12], [29], [30]. 

Effective hyperparameter optimization improves segmentation accuracy and the model's ability to generalize to 

new data, thereby ensuring its use in a variety of clinical conditions [31], [32]. Thus, this research focuses not 

only on improving the model's performance but also on its practical applicability in real medical environments 

[33]. 

 

 

2. METHOD 

This research was conducted to improve the accuracy of liver segmentation in medical images by 

analyzing and optimizing CNN hyperparameters. The segmentation results obtained provide valuable insights 

into the effectiveness of various CNN model optimization techniques. These findings can improve our 

understanding of how to effectively tune CNN hyperparameters to improve segmentation accuracy in the 

context of medical images. 

 

2.1.  Data collection method 

In an effort to obtain relevant data and information, the method used in data collection is open-

source data, which is available on the Kaggle.com website. The availability of these resources allows 

researchers to explore relevant data and build research series that suit their needs. The data source from 

Kaggle.com is one of the key aspects in obtaining a quality dataset for this research. 

 

2.2.  Flowchart of CNN model optimization 

In this research, CNN were trained using different optimizers and different batch sizes for 

comparison. The authors adopted the approach of using a typical deep learning framework such as 

TensorFlow. By exploiting the advantages of this framework, they can manage and train CNN models 

efficiently. To provide a clear visual representation of the optimization flow of the CNN model used in this 

research, we present a detailed flow diagram in Figure 1. 

Figure 1 displays the steps involved in the CNN model optimization process, from the data collection 

stage to the evaluation of the results. This diagram helps readers easily understand the steps involved in training 

and optimizing a CNN model and how changing the optimizer and batch size affects the model performance. 

Thus, it is a useful visual guide to clarify the experimental process and findings in this research. 
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Figure 1. Model optimization flowchart 

 

 

Figure 1 is the flowchart above depicting the workflow in optimizing the CNN model. The 

following is a detailed explanation of each step in the flowchart, starting with the data collection process that 

will be used for model training. The next stage is data preprocessing, including normalization, scaling, and 

removal of irrelevant or missing data. After that, data augmentation is carried out to increase and enrich the 

dataset with variations such as rotation, shift, and mirroring. The data was then transformed and divided into 

three parts: 70% for model training, 16% for model validation during training to avoid overfitting, and 14% 

for follow-up training. Next, the CNN network architecture that will be used is designed, followed by 

determining and optimizing the model hyperparameters, such as number of layers, batch size, and learning 

rate. The training dataset is used to train the CNN model; then, the model results are evaluated and analyzed 

using validation data to measure model performance. Optionally, external validation can be performed using 

a different or additional dataset to ensure the generalization of the model. The final stage is the discussion 

and conclusion of the results, where this process ensures that the resulting model has optimal and reliable 

performance. This flowchart shows a systematic approach to building and optimizing a CNN model, from 

data collection to evaluating and validating the final results. This comprehensive approach ensures that the 

resulting model has optimal and reliable performance. 

 

2.3.  Optimized CNN architecture 

The CNN architecture in this research uses the DeepLabV3Plus model. DeepLabV3Plus is a 

compelling and complex model used for image segmentation. It combines advanced features from several 

existing architectures, such as ResNet, and is equipped with several unique techniques to improve accuracy 

and performance. Figure 2 shows the optimization model. 

Figure 2 In general, the DeepLabV3Plus model has the following architecture for its convolutional 

part (CNN): 

a. ResNet Backbone: This part is the essential part that provides input image features. DeepLabV3Plus uses 

ResNet as a backbone, which has a deep structure with Residual blocks that enables better learning even 

for intense networks. 

b. Atrous spatial pyramid collection (ASPP): This is an essential part of the DeepLab model. ASPP allows 

the network to expand its visual range without increasing the number of parameters too much. This allows 

the network to obtain broader contextual information, which is helpful in image segmentation tasks.  

c. Decoder (DeepLabV3Plus): Once important features are obtained from ASPP, the Decoder functions to 

refine and recover data to produce more precise segmentation. In DeepLabV3Plus, there are several 

mechanisms, such as skip connections, that help strengthen the representation. Output layer: Finally, the 

model produces output in the form of the expected pixel segmentation, which corresponds to the number 

of classes specified in the class. Overall, DeepLabV3Plus is an intense and complex model that leverages 

advanced technologies in CNNs for image segmentation tasks. 
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Figure 2. Proposed model optimization (DeepLabV3Plus) 

 

 

3. RESULTS AND DISCUSSION  

Based on the training results, validation results, and testing results, analysis was carried out using 

various hyperparameters and different architectures to see the image segmentation results in liver image 

segmentation. This analysis aims to identify the best configuration that produces the most accurate and 

consistent segmentation. By comparing the performance of each model through relevant evaluation metrics, 

such as accuracy, precision, and recall, it can be determined which method provides optimal results in the 

task of liver image segmentation. The results of these experiments will provide valuable insights into the 

effectiveness of various approaches in processing and analyzing medical images and lead to improvements in 

the performance of segmentation models in the future. 

 

3.1.  Result 

The model training results in the article include some important information explaining the 

performance of the optimized CNN model for liver segmentation in 3D medical images using the 

DeepLabV3Plus model as the proposed model and ResNet. In Figure 3 (see in appendix), the following is an 
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explanation of the results for each epoch: You can see the training process presented in Figure 3. In the 

training process shown in Figure 3, it can be seen that after the 8th epoch, training is stopped. This is caused 

by the loss value not decreasing for five consecutive epochs, which indicates that the model has reached 

convergence or there is a possibility that the model is overfitting. The total training time for DeepLabV3Plus 

is 280,596 minutes, while for the other models, it only stops at epoch 5 with a time of 90 minutes. This 

difference in training time is quite significant and shows the existence of time inefficiencies in 

DeepLabV3Plus training, which takes much longer. However, it has excellent prediction accuracy results 

compared to the standard ResNet model. Time efficiency is an essential aspect of the model training process, 

especially in contexts that require significant computing resources and a long time. Excessive, time-

consuming training not only increases operational costs but can also slow down the model development 

iteration cycle. Therefore, finding a balance between model quality and training time efficiency is crucial. 

However, in contrast to DeepLabV3Plus, the ResNet model only requires five epochs before 

training is stopped. However, the training results from ResNet could be more satisfactory, indicating that this 

model has not been able to produce the expected performance in a shorter training time. This suggests that 

although ResNet is more efficient in training time, the quality of the results obtained is different from 

DeepLabV3Plus. In order to increase the efficiency and effectiveness of the training process, consider the use 

of techniques such as more adaptive early stopping, the use of regularization to reduce overfitting, or even 

the exploration of more efficient but still high-performance model architectures. Through this approach, an 

optimal balance can be achieved between training time and the quality of the results obtained. In Figure 4, we 

can see the mIOU, PA score, and loss curves on Figure 4(a) DeepLabV3Plus and Figure 4(b) ResNet.  

Well, here is a comprehensive description of the training results of two models, DeepLabV3Plus and 

ResNet, based on the curves shown in the figure. 

a. DeepLabV3Plus (a) 
− Mean intersection over union (IoU) learning curve: 

The training curve shows a significant increase in the initial epoch and stabilizes after the 3rd epoch. The 

validation curve follows the training curve with little difference, indicating that the model does not suffer from significant 

overfitting. After the 8th epoch, training was stopped because the loss value did not decrease for five consecutive epochs, 

indicating that the model had reached convergence. 

− Pixel accuracy (PA) learning curve: 

The training curve shows a significant increase in the first two epochs, then stabilizes until the 

8th epoch. The validation curve shows a substantial and stable initial increase after the 2nd epoch. Close 

training and validation curves indicate the model has consistent performance between training and validation 

data. 
− Loss learning curve: 

The training loss curve shows a drastic decrease in the first two epochs and starts to stabilize until 

the 8th epoch. The validation loss curve also shows a significant reduction in the first two epochs and 

stabilizes after that. The stability of the validation loss curve shows that the model does not experience 

substantial overfitting.  
b. ResNet (b) 

− Mean intersection over union (IoU) learning curve: 

The training curve shows stable and high IoU values throughout five epochs. The validation curve 

shows a drastic decline after the first epoch and remains low, indicating the model cannot generalize the 

validation data well. The low validation curve suggests this model may be overfitting the training data. 
− Pixel accuracy (PA) learning curve: 

The training curve shows high and stable PA values throughout the five epochs. The validation 

curve significantly decreases after the first epoch and remains low. Like the IoU curve, the model is 

experiencing overfitting and cannot generalize well. 
− Loss learning curve: 

The training loss curve shows stable and relatively low values throughout the five epochs. The 

validation loss curve shows large fluctuations, with higher values than the training curve. Fluctuations and 

high validation loss values indicate the model is unstable and unable to generalize on validation data. 

DeepLabV3Plus shows better results compared to ResNet. This model shows good stability and 

generalization ability, as seen from the training and validation curves, which are almost parallel and stable. 

Even though it requires longer training time (280,596 minutes), the results are more consistent and reliable. 

ResNet, however, shows poor performance on validation data, with strong indications of overfitting. Despite 

the much shorter training time (90 minutes), the results obtained could have been better and more reliable for 

predictions on new data. 
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Figure 4. Graph of mean intersection over union learning curve, pixel accuracy learning curve, and loss 

learning curve CXR image segmentation training process using architecture: 

(a) DeepLabV3Plus and (b) ResNet 

 

 

3.2.  Discussion 

In this section, we will analyze and discuss the research results obtained from training two models, 

DeepLabV3Plus and ResNet. This analysis includes evaluating the performance of both models based on the 

resulting learning curves, including mean intersection over union (IoU), pixel accuracy (PA), and loss. This 

discussion will also include a comparison between the efficiency of training time and the quality of results 

obtained from both models. By understanding the differences and advantages of each model, we can draw 

more precise conclusions about which model is more effective to use in a specific application context. Next, 

we will also discuss the implications of these results for future use of computational resources and model 

development strategies. In Figure 5, the prediction results of the following two models are compared on 

Figure 5(a) DeepLabV3Plus and Figure 5(b) ResNet. 

In Figure 5, DeepLabV3Plus: This model shows superior performance in image segmentation. The 

prediction results are very close to the ground truth mask, demonstrating the ability of this model to 

recognize and delineate objects in images with high precision. DeepLabV3Plus succeeded in capturing the 

details and structure of objects very well, producing accurate segmentation. ResNet: This model shows 

abysmal performance in image segmentation tasks. The prediction results are far from the ground truth mask 

and show many errors. ResNet appears to need to improve in recognizing and delineating objects in images, 

resulting in inaccurate and noisy segmentation. Comparison: The performance difference between 
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DeepLabV3Plus and ResNet is very significant. DeepLabV3Plus is more effective in segmenting images 

compared to ResNet. Previous learning curve analysis shows that DeepLabV3Plus has better generalization 

capabilities and does not experience overfitting like ResNet. These results emphasize the importance of 

choosing a suitable model for image segmentation tasks, where DeepLabV3Plus is proven more reliable and 

effective than ResNet. 

To provide a clearer picture of the performance of the two models that have been tested in this 

research, below we present a table of evaluation results which includes three main metrics: mean intersection 

over union (MIoU) score, pixel accuracy (PA) score, and loss value. These metrics provide a comprehensive 

view of how well each model performs image segmentation. MIoU Score is a metric used to measure how 

well a model predicts segmentation by comparing the overlap area between predictions and ground truth. PA 

Score measures pixel accuracy in segmentation, namely the percentage of correctly classified pixels. Loss 

Value shows how well the model minimizes prediction errors during training. Table 1 shows the performance 

comparison results between the proposed model (DeepLabV3Plus) and the ResNet model. The data in this 

table shows significant differences in segmentation capabilities between the two models, which will be 

discussed further in the analysis and discussion section. 

 

 

  
(a)  (b)  

 

Figure 5. Inference and performance analysis of AI models with GradCAM (a) DeepLabV3Plus and  

(b) ResNet 

 

 

Table 1. Comparison of DeepLabV3Plus and ResNet analysis 
Method MIoU score PA score Loss value 

Proposed model (DeepLabV3Plus) 0.965 0.929 0.011 

ResNet 0.060 0.117 0.921 

 

 

Table 1 research results show that the DeepLabV3Plus model is significantly superior to ResNet in 

the image segmentation task. DeepLabV3Plus achieved an MIoU score of 0.965 and a PA score of 0.929, 

much higher than ResNet, which only achieved an MIoU score of 0.060 and a PA Score of 0.117. In addition, 

the loss value of DeepLabV3Plus is very low (0.011) compared to ResNet (0.921), indicating that 

DeepLabV3Plus is more effective in minimizing prediction errors. In conclusion, DeepLabV3Plus is more 

accurate and efficient for image segmentation, while ResNet shows abysmal performance in this context. 

Although this study successfully improved the liver segmentation accuracy using the 

DeepLabV3Plus model with hyperparameter optimization, there are still some unanswered questions and 

opportunities for future research. One aspect that needs to be further explored is the generalization of the 

model to various variations of medical images, such as low-quality or high-noise images. In addition, 
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adapting this model to segment other organs or in multi-organ scenarios could be a promising research 

direction. The use of more sophisticated data augmentation techniques and few-shot or self-supervised 

learning-based approaches can also be investigated to further improve the model performance without 

requiring large amounts of training data. 

 

 

4. CONCLUSION 

Based on the research results, the DeepLabV3Plus model is significantly superior to ResNet in 

image segmentation tasks. DeepLabV3Plus achieved an MIoU score of 0.965, a PA score of 0.929, and a 

meager loss value of 0.011. This shows its ability to recognize and predict segmentation areas very accurately 

and consistently, as well as minimize prediction errors effectively. In contrast, ResNet shows abysmal 

performance with an MIoU score of 0.060, a PA score of 0.117, and a high loss value of 0.921, indicating its 

incompetence in image segmentation tasks. This significant difference confirms that DeepLabV3Plus is a 

more effective and efficient choice for applications that require precise image segmentation. 
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Figure 3. Comparison of training process between proposed model DeepLabV3 plus and ResNet 
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