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Abstract 

 Introduction 
 During the covid pandemic, radiologists diagnosed covid patients by analyzing chest X-ray images. 
The existence of a quantitative system can help visual observation of lung conditions by radiologists.  
  
 Purpose of research 
 This research aims to develop an image segmentation algorithm, Seq_UB, which can monitor the 
development of the lung condition of Covid-19 patients periodically. The Seq_UB algorithm was developed 
by modifying the UNet system using different CNN layers according to the UBNet v1 algorithm. 
 
 Materials and methods 
 The dataset for training uses the Montgomery USA Dataset, which contains 138 CXRs with a 
resolution of 4,020×4,892, of which there are 80 normal CXR images and 58 CXR images of patients 
identified with tuberculosis; the Shenzhen Hospital Dataset consists of 662 CXR images, of which there 
are 336 abnormal CXR images.    
  
 Result and discussion 
 The results show that reducing the input image size does not significantly affect the accuracy of the 
segmentation results. However, reducing the input image size will affect the resolution of the segmentation 
results. Where the smaller the input image size, the lower the resolution obtained. This will have an impact 
on the final interpretation of the segmentation results. Research shows that an input image size of 512 is 
the best because the resolution of the segmentation results is still very accurate. This study shows that the 
Seq_UB architecture can perform X-ray image segmentation with relatively stable accuracy and lower 
computational burden. An interesting pattern was found, where Covid-19 patients quantitatively 
experienced fluctuations in image segmentation size. 
 
 Conclusions 
 The Seq_UB system can perform well with a segmentation accuracy of 96 %, and the processing 
speed takes 0.91 s. A desktop GUI was designed to segment X-ray images more effectively. 
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Introduction 

 Early diagnosis of the condition of Covid-19 patients is needed to monitor the condition of Covid-19 
patients quickly and accurately so that appropriate treatment can be carried out. Radiologists use chest X-
rays to diagnose and monitor the condition of the lungs of Covid-19 patients [1]. Research shows that most 
Covid-19 patients with severe symptoms also have pneumonia. Inside the lungs, the fluid disrupts the 
respiratory system, making it dangerous for patients and can lead to death [2]. Research shows that Covid-
19 causes inflammation in the lungs of patients to different degrees. A recent study showed that Covid-19 
patients who have recovered within a certain period still have residual abnormalities based on Chest X-
Rays (CXR) images of the patient’s lungs [3]. Analysis of chest X-ray images of Covid-19 patients is 
currently carried out manually by radiologists so that the results of diagnosis and study also depend on the 
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experience and expertise of each radiologist because they are qualitative [4]. So a method is needed for the 
quantitative analysis of X-ray images.   
 Image processing methods are used in X-ray image analysis, including medical image processing, 
which has developed significantly with both artificial intelligence and conventional methods such as k-
means clustering, ROI-based segmentation, and watershed techniques. [5]. Many studies have discussed 
the application of these methods for medical image purposes. Some of the image processing applications 
that have been developed include eye retina images, X-ray images, EEG signals, and CT-scan images [6].  
 Along with the development of science and technology, research on artificial intelligence-based 
image segmentation methods has also been developed using Artificial Neural Networks for medical physics 
[7]. In general, the application of artificial intelligence in image processing includes image classification 
[8], image detection [9], image segmentation [10] and image generation based on Generative Adversarial 
Networks [11]. In its application in the medical world, image segmentation methods are needed in the case 
of X-ray image segmentation. Such as cancer segmentation for radiotherapy purposes, brain tumor 
segmentation to determine the extent of the tumor, and lung segmentation to estimate the area of the lungs 
affected by pneumonia.  
 Previous research has been conducted by developing convolutional neural networks (CNN)-based 
segmentation architectures such as SegNet, FCN-8, FCN-32 and standard Unet. The accuracy of the 
previously developed methods was still relatively low at +75 % and did not consider the computational 
burden in the development of the architectures. A recent study in Nature has evaluated several image 
segmentation models for CXR images [12]. The comparison included key factors such as input size, total 
parameters, and dice similarity coefficient (DSC) values. The models compared in this study included 
UNet++, DeepLabV3, DeepLabV3+, FPN, LinkNet, PSPNet, PAN and MA-Net. This research provides 
valuable insights into the performance and efficiency of different models for CXR image segmentation and 
can help select the most appropriate Model for a particular application. However, it is important to note that 
there is still a need to develop lightweight and accurate models for CXR image segmentation to improve 
the performance and efficiency of this task.  
 This study developed a deep learning model for opacity segmentation in X-ray images of Covid-19 
patients by modifying the UNet CNN architecture [13]. The modification is done by rebuilding the UNet 
architecture based on the lightweight UBNet image classification architecture [14]. UBNet is explicitly 
developed to process lightweight X-ray images in the case of image classification. Standard UNet 
segmentation results without modification were used as a comparison in validating the segmentation model 
in terms of model load, execution time, and model accuracy. After developing a lightweight and accurate 
model for CXR image segmentation, the next step is integrating it into a system for quantitative analysis of 
Covid-19 CXR images. This system will be able to analyze images, extract relevant information, and 
quantitatively monitor the progression of Covid-19 based on CXR images. This system will enable more 
accurate and efficient disease tracking and can assist in developing more effective treatment and 
management strategies. In addition, the system can be integrated with existing healthcare systems and used 
by radiologists and other medical professionals to monitor patient disease progress. 
 
Materials and methods 

 Dataset 
 The datasets used are open data that institutions have published in previous studies, including (1) 
Montgomery USA Dataset, which contains 138 CXRs with a resolution of 4,020×4,892 of which there are 
80 normal CXR images and 58 CXR images of patients identified with tuberculosis; (2) Shenzhen Hospital 
Dataset consisting of 662 CXR images, of which there are 336 abnormal CXR images. This dataset contains 
the original X-ray image of the patient and the result of manual segmentation. The X-ray image is used as 
the model input, and the manual X-ray segmentation is used as the model target during training. So the total 
dataset used is 800 CXRs [15-18].  
 
 Seq_UB architecture 
 In this research, a modified UNet image segmentation method has been developed. The UNet image 
segmentation method was introduced in mid-2015 in a journal by Olaf Ronneberger et al. (2015). U-Net is 
an extension of the Fully Convolutional Networks (FCN) Semantic Segmentation method published in early 
2015. The basic concept of UNet can be modified according to the needs [13,19]. In the UNet architecture, 
a convolution layer with a size of 3×3 is used by default in every setup. The UNet architecture is designed 
and trained in Python with TensorFlow [20], and Keras [21]. 



Trends Sci. 2024; 21(1): 7261   3 of 13  

 The designed image segmentation architecture has a structured pattern similar to UNet, but the 
arrangement of convolution layers is different. The UNet modification changes the layer arrangement 
according to the UBNet v1 architecture. Then, the layers are arranged on the next side in reverse order, 
referred to as a mirror. Thus, the modified UNet architecture refers to the UBNet structure developed in 
previous research. The visualization of the Seq_UB segmentation architecture is shown in Figure 1. 
Seq_UB has a more straightforward architecture design compared to the general UNet architecture design.  

 

 

Figure 1 Seq_UB image segmentation architecture. 
 
 
 The use of different layer arrangements in Seq_UB impacts other characteristics of the segmentation 
result and the number of parameters involved. UBNet was developed to obtain a lightweight, fast 
architecture for processing chest X-ray images. The total parameters of Seq_UB are lower than UNet. A 
comparison of the total parameters of UNet and Seq_UB is shown in Table 1. 
 
Table 1 Total parameters of UNet and Seq_UB. 

Architecture Total parameter 

UNet 7,759,521 

Seq_UB 2,379,073 

 
 The total parameter value of Seq_UB, when compared to UNet, shows a significant decrease of about 
3 times. It is assumed that this can reduce the computational burden when performing the image 
segmentation process. The decrease in the total parameter value is due to the different arrangements of 
convolution layers and the different parameters in each convolution layer.   
 
 Evaluation 
 The main parameters in evaluating the Seq_UB model are model accuracy and model efficiency. The 
accuracy of the Model is assessed based on the Dice Coefficient value. In contrast, model efficiency is 
evaluated by reviewing the average execution time and size of the Model when stored in the .h5 extension. 
Testing the accuracy of the UNet - UBNet model uses the Dice Coefficient metric.  
 Dice Coefficient indicates how accurate the predicted mask of the detection performed by the Model 
is to the actual image mask in the dataset, commonly referred to as ground truth. The larger the Dice 
Coefficient value, the better the Model. Meanwhile, the smaller the Dice Coefficient value, the better the 
Model is interpreted. The value of the Dice Coefficient is between 0 and 1. A value of 0 is an inaccurate 
interpretation of the segmented image to the ground truth. 
 Conversely, a value of 1 means that the segmented image is the same as the ground truth. So we will 
compare the evaluation results of Seq_UB with the Dice Coefficient values of the models created in 
previous studies, including UNet, SegNet, and FCN. Dice Coefficient calculation can be done with 
equation; 
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𝐷𝑆𝐶 (𝑋, 𝑌) =  
ଶ |௑∩௒|

|௑|ା|௒|
                      (1) 

 
 Model efficiency is evaluated by calculating the average execution time for each UNet and Seq_UB 
model trained to segment X-ray images of Covid-19 patients; the less time it takes to perform segmentation, 
the higher the model efficiency. Then the efficiency of the Model is also reviewed based on the Model’s 
size that has been trained. The smaller the model size, the less storage space is required on the hardware. 
Smaller models are also more likely to be used on lower hardware and internet hosting.  
 
 Covid-19 CXR development monitoring system 
 The trained Seq_UB model is then stored in .h5 format. This Model is used to build a monitoring 
system for developing X-ray images of Covid-19 patients [22]. Since the available data of sequential chest 
X-ray images of Covid-19 patients is limited, research was conducted on data obtained in open journals. 
This analysis was carried out to observe the development pattern of the lung condition of Covid-19 patients 
based on changes in opacity in the chest X-ray images of Covid-19 patients. They measured the percentage 
of lungs quantitatively. This is done by comparing the segmented image with the average segmented area 
of the normal patient’s lung image. The approximate calculation of the percentage of segmented lungs is; 
 

Percentage CXR =  
ୱୣ୥୫ୣ୬୲ୣୢ େଡ଼ୖ ୧୬୮୳୲

୬୭୰୫ୟ୪ େଡ଼ୖ ୱୣ୥୫ୣ୬୲ୟ୲୧୭୬
 𝑋 100%                (2) 

 
 The Covid-19 patient X-ray image monitoring system was also developed as a Graphic User Interface 
or can be abbreviated as GUI, which aims to facilitate users in analyzing new chest X-ray images. This GUI 
is written in Python using the PyQt5 library. The GUI is run on a local computer and uses a pre-trained 
Seq_UB model. The GUI will display 3 primary columns. The first column displays the chest X-ray image, 
which will be analyzed using the Seq_UB model. The second column displays the analysis results in the 
form of the patient’s chest X-ray image and the segmentation results based on the Seq_UB model analysis. 
The third column displays a summary of the diagnosis results. 
 
Results and discussion 

 Comparison of UNet and Seq_UB segmentation accuracy  
  After the Seq_UB architecture is built, the following process is to train and test the dataset. The 
training process is performed in up to 100 iterations. However, the process is also set to stop training when 
there is no additional performance to avoid model accuracy degradation and over-fitting. Different input 
size variations were performed on the UNet and Seq_UB architectures. The input variations used are 
128×128, 256×256 and 512×512. After training, the accuracy values during training were obtained. The 
graph of UNet training with various inputs is shown in Figure 2. 
 

 

Figure 2 UNet training graph with inputs; (a) 128×128, (b) 256×256 and (c) 512×512. 
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 Based on the UNet training graph in Figure 2, the accuracy of the UNet model for segmentation 
shows good results above 95 %. Changing the input image size does not affect the accuracy value in this 
training. However, it should be noted that the total UNet parameters are quite large, reaching 7,759,521. 
Next, the Seq_UB architecture was trained. The training graph is shown in Figure 3.  
 

 

Figure 3 Seq_UB training graph with inputs; (a) 128×128, (b) 256×256 and (c) 512×512. 
 
 The graph in Figure 3 shows that the training accuracy of the Seq_UB model also shows good 
accuracy with values above 95 % for different input variations. Seq_UB shows it can segment well even 
though its total parameters are 3 times lower than the UNet architecture. Changing the input size will impact 
the visual appearance of the segmented image. The smaller the input, the coarser the resulting image. 
Meanwhile, the larger the input size, the smoother the resulting image will be. The visualization of the 
UNet output with various variations is shown in Figure 4. 
 

 

Figure 4 Visualization of UNet segmentation results with inputs; (a) 128×128, (b) 256×256 and (c) 
512×512. 
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 This study also compares the performance of Seq_UB and UNet to segment CXR images. The 
segmentation results in Figure 5 show that both architectures produce results similar to the ground truth. 
Although both Seq_UB and UNet can achieve good CXR segmentation, Seq_UB has a more 
straightforward convolution layer arrangement and a lighter computational load than UNet. This system 
suggests that Seq_UB may be a more efficient or easier-to-implement solution for CXR image segmentation 
while still performing similarly to UNet. 
 The evaluation results in Table 2. show that the Dice Coefficient value of the Seq_UB architecture is 
relatively similar to the UNet architecture for several different input sizes. This indicates that the Seq_UB 
image segmentation architecture design has promising results, with the total parameters up to 3 times lower 
than the UNet architecture. 
 

 

Figure 5 Comparison of Segmentation Results with Seq_UB and UNet. 
 
 
Table 2 Dice Coefficient of UNet and Seq_UB. 

Architecture Total parameter Size 128 Size 256 Size 512 

UNet 7,759,521 0.9548 0.9609 0.9626 

Seq_UB 2,379,073 0.9527 0.9585 0.9577 

 
 
 Comparison effectiveness of UNet and Seq_UB  
 When viewed from the total parameters, the total parameters of Seq_UB are 3 times less than the total 
parameters of UNet. So it can be interpreted that the computational process on the Seq_UB architecture is 
lighter than the UNet architecture. The trained Model is saved in .h5 format and then used to build the 
segmentation GUI. Based on the memory model size, it is found that Seq_UB is lighter than standard UNet 
by +70 %. The size of the pre-trained UNet model is 91 MB, while the size of Seq_UB is only 28 MB. So 
Seq_UB is more potential to be applied in cloud computing. Then analyze the difference in segmentation 
time between UNet and Seq_UB models by taking the average time. By using the UNet and Seq_UB 
models, the segmentation time data obtained are shown in Table 3. The average segmentation time of UNet 
is 1.13 s. In comparison, Seq_UB takes an average time of 0.91 s. 
 
Table 3 Comparison of UNet and Seq_UB segmentation times. 

Model 
Segmentation time(s) Average 

time(s) 1 2 3 4 5 6 

UNet 1.53 1.05 1.06 1.06 1.05 1.05 1.13 

Seq_UB 1.15 0.86 0.85 0.87 0.86 0.85 0.91 
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 Segmentation time testing was also conducted with the input image of a 59-year-old man from Figure 
11. The segmentation time results of the UNet and Seq_UB models are shown in Table 4. The average 
segmentation time of UNet is 1.14 s. At the same time, Seq_UB takes an average time of 0.91 s. Based on 
comparing the time required in the input image segmentation process with the UNet and Seq_UB models, 
it can be concluded that the Seq_UB model takes +20 % faster than the UNet model. 
 
Table 4 Comparison of UNet and Seq_UB segmentation times. 

Model 
Segmentation time(s) Average 

time(s) 1 2 3 4 5 6 

UNet 1.56 1.04 1.03 1.05 1.14 1.04 1.14 

Seq_UB 1.15 0.86 0.88 0.86 0.85 0.85 0.91 

  
 
 Monitoring CXR opacity changes with Seq_UB  
 The Seq_UB model has been trained and evaluated. Then this Model can be used for image 
segmentation with new input. Therefore, this Model can be used to monitor the progress of the lung 
condition of Covid-19 patients. It is expected that by utilizing the segmentation method for monitoring the 
development of the lung condition of Covid-19 patients, information related to the development pattern of 
the lung condition of Covid-19 patients can be obtained quickly and accurately. 
 

 

Figure 6 X-ray image data of a 59-year-old female Covid-19 patient [22]. Initial x-ray (a) day 3, (b) day 5, 
(c) day 7, (d) day 9, (e) day 11, and (f) The patient passed away on day 13. 
 
 

 

Figure 7 Results of sequential chest X-ray image segmentation (bottom) of a 59-year-old female Covid-19 
patient CXR images (top). 
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 Based on the data obtained regarding consecutive chest X-ray images of Covid-19 patients, a 
segmentation process is carried out for each image. Then the calculation of the estimated lung size in 
percentage is based on the reference size of the X-ray image of the normal lung so that the percentage value 
of the remaining lung size will be obtained. Figure 6. shows chest X-ray image data of a 59-year-old female 
Covid-19 patient. Based on the sequential X-ray image data shown in Figure 7, a segmentation process is 
carried out using Seq_UB. The segmentation results of the entire image in Figure 6. are shown in Figure 
7. Then the percentage of the patient’s lung area is estimated.  
 Quantitative measurement of lung estimation is done using Eq. (2). This can be done by calculating 
the results of image segmentation and normal image segmentation based on the image matrix. In addition, 
it can also be done by calculating the total pixel value of the segmented image, then comparing it with the 
average total pixel value of the normal X-ray image segmentation. The total pixel value of the normal X-
ray image segmentation is calculated, and the average total pixel value for the normal image is obtained. 
Then the estimation of the percentage of lung area from the segmentation results with Eq. (2). is based on 
the average pixel value attached in Table 5. 
 Based on the estimation results of the patient’s lung area shown in Figure 8, the pattern of the patient’s 
lung condition development can be seen. The condition was quite bad when the patient first entered the 
hospital and was X-rayed for the first time. Then it gradually improved along with the treatment in the 
hospital. Until the 6 x-ray, the lung condition worsened, and the patient was declared dead. The lung 
condition was monitored for the second patient, a 59-year-old man with Covid-19. The X-ray image is 
shown in Figure 8. Segmentation was performed for the patient’s chest X-ray image. The segmentation 
results are shown in Figure 9. 
 

 

Figure 8 X-ray image data of a 59-year-old male Covid-19 patient [22]. Initial X-ray (A) day 3, (B) day 5, 
(C) day 6, (D) day 9, (E) day 11, and (F) The patient passed away on day 11. 
 
 

 
Figure 9 Results of sequential chest X-ray image segmentation (bottom) of a 59-year-old male Covid-19 
patient CXR images (top). 
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 Based on the segmentation results in Figure 9, the estimated segmented lung size is calculated. The 
results of this lung segmentation estimation describe the pneumonia condition that occurs in the patient’s 
lungs. The graph of the estimated lung size is shown in Figure 10. 
 

 

Figure 10 Segmented lung area estimation. 
 
 Based on the lung size estimation shown in Figure 10, both patient gradually improved during the 
treatment process. However, in the next condition, the segmented lung size decreased drastically. This can 
be interpreted that the patient’s condition worsened until he was declared dead. Based on the patterns in 
Figure 10, it can be seen that there is a significant relationship between the decrease in segmented lung 
size and the patient’s health condition. The smaller the segmented lung size, the worse the pneumonia 
condition in the patient’s lungs. 
 
 Covid-19 CXR segmentation GUI  
 In its application, it is necessary to create a graphical user interface or GUI to facilitate the use of 
models and methods in this study to process new X-ray images. The GUI of this chest X-ray image analysis 
system was created entirely using the Python programming language. This GUI was created as a desktop 
GUI that can be run on Windows software. The developed GUI consists of 4 pages. The first page is shown 
in Figure 11(A), which accesses the X-ray image data stored in the database. 
 

 

Figure 11 CXR image analysis software display based on Seq_UB; (A) Database page, (B) Second page 
GUI for patient disease classification, (C) The segmentation page displays the CXR segmentation results, 
(D) Displays the overlapping CXR segmentation results. 
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 The second page contains the X-ray image classification system for patient diagnosis based on X-ray 
images, as shown in Figure 11(B). The third page contains the image segmentation system and a column 
to calculate the estimation of the detected lung area. This research focuses on this third page. The 
segmentation system consists of a trained Seq_UB architecture model. Figures 11(C) - 11(D). Shows the 
segmentation system in use. 
 In Figures 11(C) - 11(D), there are 2 columns of images. On the right is the display of the input image 
selected for segmentation. The left column displays the segmentation result based on the input image. A 
red column shows the approximate percentage of the segmented lung size. The ‘segmented only’ display 
option is shown in Figure 11(C). Then Figure 11(D). shows the segmentation result display with the 
‘overlapping’ display option. 
 
Discussion 

 In the medical world, segmenting X-ray images is difficult and time-consuming for radiologists. In 
the case of Covid-19, segmenting the patient’s X-ray images can show the specific condition of the Covid-
19 patient’s lungs. This allows radiologists to diagnose the lung condition of Covid-19 patients 
quantitatively. In its application, the segmentation process of X-ray images of Covid-19 patients uses a 
deep learning algorithm. This research develops an image segmentation architecture to obtain a lighter but 
more accurate image segmentation architecture. The UNet image segmentation architecture is modified by 
changing the layer arrangement to resemble UBNet [14]. UBNet is a CNN architecture developed explicitly 
to process chest X-ray images of pneumonia and Covid-19 patients. UBNet is characterized by simple layer 
arrangement, high accuracy, and low computational load, so the modification of UNet based on the structure 
of UBNet allows the construction of a lighter and still accurate image segmentation architecture. 
 Several image segmentation architectures have been developed, which are shown in Table 5. Some 
studies, such as FCN, SegNet, and UNet, have shown relatively low evaluation values [23]. Of course, this 
also depends on the number of datasets used. This study compared the Dice Coefficient values between the 
standard UNet architecture and Seq_UB with different input image sizes. The results show that reducing 
the image size does not significantly affect the Dice Coefficient value. This means that reducing the input 
image size does not significantly affect the accuracy of the segmentation results. However, reducing the 
input image size will affect the resolution of the segmentation results. Where the smaller the input image 
size, the lower the resolution obtained. This will have an impact on the final interpretation of the 
segmentation results. The results show that an input image size of 512 is the best because the resolution of 
the segmentation results is still very accurate [23]. A recent study in Nature compared various image 
segmentation models for CXR images. Including input size, total parameters, and DSC values [12] Table 
6. Shows a comparison of the input image size, total parameters, and DSC values of several CXR image 
segmentation models. Interesting results are obtained, where Seq_UB with input sizes varying from 128, 
256 and 512 shows much lower total parameter values than other models. The DSC values for the 
comparison models in this study were determined based on the best hyperparameter configurations 
previously reported in the literature. 
 
Table 5 Comparison of several image segmentation architectures. 

Network Modality Subjects (n) Mean DSC 

UNet21 CXR 758 0.74 

FCN-3221 CXR 758 0.543 

FCN-821 CXR 758 0.707 

SegNet21 CXR 758 0.734 

UNet (proposed) CXR 800 0.963 

Seq_UB  (proposed) CXR 800 0.958 

 
 The results show that reducing the image size does not significantly affect the Dice Coefficient value. 
This means that reducing the input image size does not significantly affect the accuracy of the segmentation 
results. However, reducing the input image size will affect the resolution of the segmentation results. Where 
the smaller the input image size, the lower the resolution obtained. This will have an impact on the final 
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interpretation of the segmentation results. Research shows that an input image size of 512 is the best because 
the resolution of the segmentation results is still very accurate [23]. 
 
Table 6 Comparison parameter, input size, and DSC with several models. 

Model Input size Parameter (Million) DSC 

UNet++ [24] 384 9.1 0.946 

DeepLabV3 [25] 512 7.3 0.938 

DeepLabV3+ [26] 512 7.4 0.948 

FPN [27] 544 5.8 0.949 

LinkNet [28] 480 29.3 0.946 

PSPNet [29] 480 29.7 0.94 

PAN [30] 512 4.1 0.941 

MA-Net [31] 512 13.4 0.945 

Seq_UB (proposed) 128 2.38 0.953 

Seq_UB (proposed) 256 2.38 0.959 

Seq_UB (proposed) 512 2.38 0.958 

 
 This study shows that the Seq_UB architecture can perform X-ray image segmentation with relatively 
stable accuracy and lower computational burden. Seq_UB has a model size that is 3 times lighter than the 
standard UNet, and the computation time is 20 % faster on the same hardware. After the Seq_UB 
architecture was developed, a quantitative measurement of the segmentation of X-ray images of Covid-19 
patients was developed. This uses Eq. (2), which compares the total pixel value of a Covid-19 patient’s 
image segmentation to the average total pixel of normal image segmentation. An interesting pattern was 
found, where Covid-19 patients quantitatively experienced fluctuations in image segmentation size. 
 
Conclusions 

 Our research shows that the Seq_UB Architecture-based image segmentation method can reduce the 
computational burden with a segmentation accuracy of 96 % in segmenting thorax X-ray images of Covid-
19 and pneumonia patients. The Seg_UB model has a light computational load of only 2,379,073 
parameters, making the chest X-ray image segmentation process take an average of 0.91 s. The trained 
Model has been applied to a sequential X-ray image analysis system and enables quantitative analysis of 
X-ray images with an integrated approach. The Seq_UB is a promising architecture for accurate, fast, and 
lightweight X-ray image segmentation. 
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