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Abstract. Since the beginning of the COVID-19 pandemic declared in March 

2020, the medical field has faced various challenges. If an injured region can be 

detected and segmented automatically, it would be a huge help for doctors to 

diagnoses the patient’s infection. However, this is a difficult task because the 

virus can have different shapes and sizes, more- over it can also be located in any 

region of the lung. In order to diagnose a patient, lung Computer Tomography 

Scan (CT) images are required. Nevertheless, the manual review of CT images is 

a hard task because it requires medical specialist and is a slow process. To be 

able to segment automatically we proposed a new network named SmallCovid-

Net, which is an improved version of the Segnet and Unet model. Because it only 

focuses on CT COVID-19 scans, the network requires few convolution and filter 

layers. As a consequence, it requires less training time and has obtained 

competitive results. 

Keywords: Image segmentation, deep learning, COVID-19, computer 

tomography, Unet, mask R-CNN. 

5

ISSN 1870-4069

Research in Computing Science 154(1), 2025pp. 5–16; rec. 2024-08-28; acc. 2024-10-14

mailto:amendeza%7d@ipn.mx


1 Introduction 

The SARS-Cov2 or COVID-19 is an infectious and acute fatal disease that has had a 

devastating effect on the lives of people around the world. It was identified in the 

Chinese province of Wuhan in December 2019 and after a few months it spread 

throughout the world [4]. 

The COVID-19 infection begins in the mucous membranes of the throat and spreads 

to the lungs through the respiratory tract. Symptoms may include fever, dry cough, 

difficulty breathing, fatigue, loss of smell and taste, and dizziness. Which can appear 

from 2 to 14 days after being infected. 

For the diagnosis of COVID-19, medical images from computed tomography (CT) 

and scanned x-ray (XR) have been used with good results [5]. However, in order to 

adequately interpret the images, it is necessary to have expert radiologist because the 

disease is very similar to other lung diseases. Furthermore, due to the complex nature 

of COVID-19 and the high degree of mortality, accurate and time-consuming diagnosis 

is necessary [13]. 

The COVID-19 virus primarily attacks the lungs, subsequently there is the 

possibility of developing infection and lung disease [11]. In order to make an adequate 

diagnosis, CT images are used. A characteristic that stands out in CT images of the 

COVID-19 virus is the appearance of ground glass opacity (GGO). However, there are 

more anomalies in the images that have a relationship with COVID-19, which are: 

consolidation and pleural effusion [17-19]. To decide whether a patient is healthy or 

sick, physical observation is used. Nevertheless, this is strenuous work and doctors with 

sufficient experience are rare. Therefore, a system is necessary that allows automatic 

classification and indicates the region of interest in the image [21]. 

Deep Learning (DL) is a tool regularly used in different areas of research such as: 

computer vision, speech recognition, image processing and natural language, among 

others. In models that use DL, feature extraction is automatic, so medical experts are 

not required to perform it. With a deep architecture and multiple processing units, this 

task can be achieved [9]. 

DL has been used to perform the classification of medical images with good results, 

using techniques that use convolutional neural network (CNN) models [10-18]. CNNs 

use a minimal process of convolution operations on each pixel of the images to extract 

the set of relevant features regardless of their position [6]. 

Also, DL has been applied in a wide range of the medical field, CNN has been used 

to determine if an x-ray contains a malignant tumor, to indicate risks of heart disease, 

among others [20]. For the segmentation task that indicates the region of interest, 

architectures such as Full Convolutional Networks (FCN) and U-Net have been  

used [15]. 
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2 Related Work  

2.1 U-Net 

In the medical field, one of the most popular models for the segmentation task, which 

is based on an encoder-decoder architecture. It was proposed to have a tool that could 

use different types of images that would allow the doctor to have a better overview of 

the injures. It consists of two parts: a contractive path to capture context and an 

asymmetric expansion that enables precise locations [12]. 

The down sampling or contracting part has an architecture that resembles a fully 

convolutional network (FCN) that extracts features with 3X convolutions. The 

importance of this part is that it can extract the main features from the input image and 

the result is a feature vector. 

On the other hand, the expansion part recovers the information from the first part by 

copying and trimming. For this phase the feature vector is constructed by convolutions 

and generates a segmentation output map. 

In this architecture, an important part is the link operation between the two parts 

previously explained. Therefore, the model can generate an accurate segmentation 

mask (see Figure 1). 

There are works based on this model that allow segmentation of medical images, but 

they require good quality images and the training time as well as its parameters are 

greater [16]. 

 
 

Fig. 1. The U-net model [12]. 
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2.2 Mask R-CNN 

Instance segmentation is challenging due to the fact it requires the correct identification 

of all objects in the image as well as the precise segmentation of each instance. 

Therefore, this combines elements of computer vision task such as object detection (the 

objective is to individually classify objects and locate using bounding box) and 

semantic segmentation (the objective is to classify each pixel within a fixed set of 

categories) [12]. 

Badri Narayanan et al. proposed an encoder decoder architecture for image 

segmentation [3]. The model does not have fully connected layers, so it is completely 

convolutional. Its original objective was to do road segmentation. The network uses an 

unbalanced data set because the pixels of roads and buildings predominate. Segnet is 

composed of an encoder network, a corresponding decoder and a pixel-wise 

classification layer. The topology of the encoder network is identical to the 13 

convolutional layers of the VGG16 network [8]. 

Mask R-CNN is a general framework for object instance segmentation. This 

approach identifies objects in an image while generating a segmentation mask for each 

instance. This architecture is simple to train and contains two main phases (Figure 2). 

 
 

Fig. 2. Mask R-CNN used for detection and segmentation. 

 

 
Fig. 3. The SegNet model [3]. 
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The first one is the R-CNN architecture [14]; it has three elements: the backbone, 

Region Proposal Network (RPN) and object detection. The backbone is used for image 

feature extraction and map generation. Maps are used by RPN and integrate bounding 

boxes to achieve the detection task. Bounding boxes are classified as positive or 

foreground. The positives are used to create a Region of Interest (ROI) alignment. The 

second phase uses a new branch to perform the instance segmentation task [12, 2]. 

2.3 Segnet 

Its main novelty is the way in which the decoder performs upsampling of a low-

resolution feature map. The up-sampled maps are convolved with trained filters to 

produce dense feature maps. 

Segnet is designed to be efficient in terms of memory and computing time during 

the inference phase because its objective lies in the segmentation of panorama images 

(Figure 3). It uses the stochastic gradient and a smaller number of train- able parameters 

compared to other architecture. 

2.4 SmallCovid-Net 

One of the most important features of COVID-19 is the detection of ground-glass 

opacities on a CT scan. GGO refers to an area of interest fading in the lung on a CT 

scan. Nevertheless, it is not possible to extract GGO using conventional CNN. In this 

architecture, the original image is the input and the training and learning process starts 

from a pixel-level feature. So, to highlight more areas of infections, we have used 

different filters. 

The main objective of the proposed model is to perform the segmentation task of 

COVID-19 CT images to locate and mark the region containing the lesion. It uses the 

SegNet architecture as a base because it contains two phases: convolution and 

deconvolution. We have used the ReLU activation function in the convolution block 

 
Fig. 4. SmallCovid-Net model. 
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because we only handle positive values, and it reduces the complexity of the model. 

Convolution blocks of 24 filter have been used for images of 256 X 256 pixels. 

The fact that there are fewer layers means that there is an improvement in the training 

phase. On the other hand, the time for this phase has increased due to the needs of 

computing resources. Finally, the proposed model has obtained good results compared 

to other state of the art models. 

3 Materials and Methods 

The main source of materials for this work are the images from the Italian Society of 

Medicine which consists of scanned computed tomography images. The images have 

been segmented by radiological experts and for each image there is its segmentation 

mask counterpart. The format of the images is gray scale and their dimensions are 512 

x 512 pixels [1]. The main source of materials for this work are the images from the 

Italian Society of Medicine which consists of scanned computed tomography images. 

The images have been segmented by radiological experts and for each image there 

is its segmentation mask counterpart. The format of the images is gray scale and their 

dimensions are 512 x 512 pixels [1].  

In this work the objective is to do a semantic segmentation although in the selected 

data set three types of lesions related to COVID-19 can be detected: consolidation, 

pleural effusion and ground glass opacities. The images belong to people who were 

infected in the early phases of the COVID-19 pandemic in European countries [7]. 

Of the 100 images that exist in the database, 72 were used for the training phase, 18 

for the validation and 10 were reserved for the testing one. A process was carried out 

on the images to reduce them to 256 x 256 pixels. 

The training phase consisted of a set of 20 iterations with 600 steps per iteration. The 

learning ratio was 0.0001 for the Gradient Descent optimizer. 

 

Fig. 5. CT scan image (right) and mask sample (left). In the right white is consolidation, dark 

gray is ground glass opacities and gray is pleural effusion. 

10

Alvaro Salazar Urbina, Elías Ventura-Molina, Sergio Flores-Cortés, et al.

Research in Computing Science 154(1), 2025 ISSN 1870-4069



The number of classes was two: the part of the image that contains the lesion and the 

part that is not a lesion. In this aspect, there is a considerable class imbalance because 

there are more pixels in healthy regions than in the infected ones. In this work the 

objective is to do a semantic segmentation although in the selected data set three types 

of lesions related to COVID-19 can be detected: consolidation, pleural effusion and 

ground glass opacities. The images belong to people who were infected in the early 

phases of the COVID-19 pandemic in European countries [7]. 

Of the 100 images that exist in the database, 72 were used for the training phase, 18 

for the validation and 10 were reserved for the testing one. A process was carried out 

on the images to reduce them to 256 x 256 pixels. 

The training phase consisted of a set of 20 iterations with 600 steps per iteration. The 

learning ratio was 0.0001 for the Gradient Descent optimizer. 

The number of classes was two: the part of the image that contains the lesion and the 

part that is not a lesion. In this aspect, there is a considerable class imbalance because 

there are more pixels in healthy regions than in the infected ones. 

3.1 Network Training 

The training process was been done using open source tools such as Python 3.9 as a 

programming language and the hardware configured to execute the experiments was a 

personal computer with a processor Intel(R) Core(TM)©i9- 6700 CPU @ 4.20 Ghz 

with 16 cores and NVIDIA©GeForce GTX 1050 Ti, CUDA Toolkit 10.0 and CUDNN 

7.4.1 were used to drop the time training. 

Using a GPU reduce the training process and can complete simple task faster because 

it is possible to decompose complex task in simple ones and process them in parallel. 

3.2 Performance Measures 

To fully quantify the performance of our model, we have used performance mea- sures 

for the classification and segmentation task: precision, dice coefficient and recall. These 

measures are used in the medical field: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
, (1) 

𝐷𝑖𝑐𝑒 =
2|𝐴∩𝐵|

|𝐴|+|𝐵|
, (2) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
. (3) 

In the Equation 1 and 3 TP or true positive is the number of pixels labeled by the 

model as COVID-19 is correct. The FP or false positive is number of pixels labeled by 

the model as COVID-19 is wrong. The FN or false negative is the number of pixels 

labeled by the model as non-COVID-19 is wrong. The Equations 2 A refers to the 

predicted mask and B is the ground truth one. 
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4 Results and Discussion 

The proposed model uses a probability to determine whether each pixel is in a segment 

classified as COVID-19 or is a healthy region. In order to achieve the above, it is 

necessary to select a threshold that allows reliable results, which is the reason it has 

been decided to place the threshold at 0.8. 

Due to the small size of the data set used for the segmentation task, it was decided 

to use the k-fold cross validation method. Of the 100 images, 10 have been selected 

randomly to carry out the testing phase. The remaining 90 images are used for training 

and validation phase. 

Initially 90 images are divided into 5 equal sets (folds), 4 of these are used for the 

training phase and the remaining one is used for the validation one. During 5 times the 

training is carried out, in each one the validation set will be different. At the end of each 

 
Fig. 6. Training loss. 

Table 1. Performance metrics associated with different algorithms for the images in the 

testing dataset. 

Method Dice Precision Recall 

Mask R-CNN 0.6801 0.6857 0.6333 

Unet 0.7202 0.5190 0.7667 

SegNet 0.7001 0.6667 0.7333 

Proposed 0.7011 0.7121 0.7321 
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training, the loss measure is calculated and with the average the model performance 

evaluation is obtained. 

In these experiments we perform the segmentation task, but only the semantic one. 

All models are focused to identify where the injure is. In the Figures 6 and 7 we can 

see that all models have learned the way to identify the regions marked as COVID-19. 

To show the results, the Table 1 has been created where the performance metrics of 

the models can be displayed. In order to evaluate the segmentation task, the Says 

coefficient has been used, which allows comparing the pixel segmentation generated 

 
 

Fig.7. Validation loss. 

 

Fig. 8. Dice coefficient during the training phase. 
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by the model against the ground truth. The Unet model obtained a better result for the 

dice and recall metrics, however our proposed model obtained the highest 

precision metric. 

All models used were able to perform COVID-19 lesion classification from the 

image background, although they were unable to do instance segmentation because they 

could not determine the type of COVID-19 lesion they had segmented. 

In Figures 8 and 9 we can identify that the best scores of the coefficient dice were 

obtained during the training phase. 

5 Conclusions  

In this article, we have proposed the SmallCovid-Net model for the segmentation of 

areas infected with the COVID-19 virus using computed tomography images.  

We have made a comparison of our model with other models that perform image 

segmentation. As has been observed in this work, the segmentation of lesions caused 

by viruses is a very difficult task because there is no defined shape of lesions, and they 

can be located anywhere in the lungs. Due to the above, the results using the dice 

coefficient have yielded very low results, around 70%. 

Considering that a perfect segmentation would yield a dice coefficient value of 

100%, the model can be a support for medical personnel who want to detect 

lung injuries. 

In the future, we want to apply this model to detect other types of lesions in other 

organs such as the brain. We also want to improve our model so that it can perform 

instance segmentation and not just semantic. 

 
Fig. 9. Dice coefficient during the validation phase. 
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