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Executive Summary/Abstract 
Chest X-ray (CXR) imaging has been used to automatically diagnose the coronavirus disease 2019 

(COVID-19). Despite the risk of overfitting, most of the previous studies employed Deep Learning 

models on sparse data. Additionally, prior research has shown that deep networks are unreliable 

for classification since their conclusions could come from unrelated regions on the CXRs. In order 

to accomplish detection by segmenting COVID-19 pneumonia for a trustworthy diagnosis, in this 

project, we propose Operational Segmentation Network (OSegNet). This project expands the 

largest COVID-19 CXR dataset: QaTa-COV19 with 121,378 CXRs including 9258 COVID-19 samples 

with their corresponding ground-truth segmentation masks that are publicly shared with the 

research community. Accordingly, QaTa-COV19 dataset addresses the data scarcity encountered 

in training and particularly in evaluation.   

Goals and Objectives 
This project targets to perform accurate and fast detection of coronavirus disease 2019 (COVID-

19) that has the utmost importance to prevent the spread of the disease.  In this project, a novel 

Operational Segmentation Network with generative neurons is proposed to segment COVID-19 

pneumonia and discriminate it from other thoracic diseases using chest X-ray (CXR) images. At 

the end of the project, the largest CXR dataset with around 10,000 COVID-19 positive CXRs for 

COVID-19 pneumonia segmentation and detection is shared publicly to the research 

community.   

Differences from Current State of Art 
In this project, we propose Operational Segmentation Network (OSegNet) that performs COVID-

19 pneumonia segmentation for the diagnosis utilizing CXR images. The decoder block of the 

proposed OSegNet model uses operational layers with generative neurons of Self-Organized 

Operational Neural Networks (Self-ONNs) [1-5] as opposed to convolutional layers, which are 

commonly employed in deep networks. Self-ONNs are heterogeneous networks with generative 

neurons that may produce any non-linear transformation in each kernel element. In addition to 

producing improved learning results, such variety also enables a significant reduction in network 

depth and complexity. The proposed OSegNet features an autoencoder topology, where 
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operational layers are utilized at the decoder as shown in Figure 1. As a result, this project is the 

pioneer to use operational layers for image segmentation. The QaTaCOV-19 dataset, which was 

first introduced in our previous study [6], is also expanded in this project by including 9258 

COVID-19 samples with their corresponding ground-truth segmentation masks. Thus, QaTa-

COV19 is the largest publicly available dataset for COVID-19 pneumonia segmentation over CXR 

images. It also includes a control group of 112,120 CXRs from healthy subjects, and 14 different 

thoracic illnesses. 

 

Figure 1. The proposed OSegNet model for COVID-19 pneumonia segmentation is illustrated, 
where the transfer learning is performed at the encoder block, and operational layers 

(Oper2D) are used at the decoder block. 

Methods and Datasets 

 OSegNet: Operational Segmentation Network 
In this section, we briefly summarize the main properties of Self ONNs. Self-ONNs are defined by 

a nodal transformation, 𝜓 , which can approximate any arbitrary function. The Taylor 

approximation of a function, near the origin (𝑎 = 0), can be expressed as follows: 

ψ(w, y) = ∑
𝜓(𝑛)(0)

𝑛!

𝑄
𝑛=0 𝑦𝑛.  (1) 

For each kernel component of every unique inter-neuron connection, the training procedure 

improves the parameters to generate (about) the best-fitting nodal operator. However, there is 

a problem right away because this approximation is only accurate when 𝑦 =  𝑎 . The 

approximation gets rougher as the points reaches further away from 𝑎. Self-ONNs are unaffected 

by this since the nodal operators work with the previous layer's neuron outputs, each of which is 

constrained by the generating range of the activation operator function. Thus, the output, 𝑦, 

operates in the [0, 1] range, for example, if the activation function is sigmoid. Let  
𝜓(𝑛)(0)

𝑛!
 

corresponds to 𝑤𝑛: 
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𝛙(𝐰, 𝐲) = 𝒘𝟎 + 𝒘𝟏𝒚𝟏 + 𝒘𝟐𝒚𝟐 + ⋯ + 𝒘𝑸𝒚𝑸, (𝟐) 

where, 𝑤0 is the bias and 𝑤1−𝑤𝑄 are the Mclauren coefficients which will be calculated through 

the backpropagation. The forward propagation formula for Self-ONNs is given in the Eq (6). 

where, 𝑤𝑖𝑘
𝑙+1’s are Mclaurin coefficients that calculate through backpropagation; 

𝛹 (𝑦𝑘
𝑙 (𝑚 + 𝑟, 𝑛 + 𝑡), 𝑤𝑖𝑘

𝑙+1(𝑟, 𝑡)) = 𝑤𝑖𝑘
𝑙+1(𝑟, 𝑡, 1)𝑦𝑘

𝑙 (𝑚 + 𝑟, 𝑛 + 𝑡) + 𝑤𝑖𝑘
𝑙+1(𝑟, 𝑡, 2)(𝑚 + 𝑟, 𝑛 +

𝑡)2 + ⋯ + 𝑤𝑖𝑘
𝑙+1(𝑟, 𝑡, 𝑄)(𝑚 + 𝑟, 𝑛 + 𝑡)𝑄 .  (6) 

More detailed information about the theory and forward propagation formulations of Self-ONNs 

can be found in [7]. The structure of OSegNet is similar to an autoencoder that maps the input 

image, 𝐼 to its output mask, 𝑀 ∶  𝑀 ← 𝛾 ,𝛿(𝐼), where the network 𝛾 consists of encoder 휀, and 

decoder 𝛿 parts as depicted in Figure 1. Accordingly, the encoder of OSegNet is composed of a 

state-of-the-art model, where its weights are initialized with the ImageNet weights by transfer 

learning. The proposed model has operational layers as decoding the features of the state-of-

the-art model, where the decoder 𝛿 ∈ {𝑏𝑙𝑤𝑙}𝑙=1
𝐿 consists of 𝐿  number of operational layers 

composed of five decoder blocks. Each decoder block includes an operational transpose layer for 

upsampling by 2, batch normalization, and tanh activation function. The output of the last block 

is attached to an operational layer with sigmoid activation function. For each operational layer, 

kernel size of 𝑘 =  {3𝑥3}  is used sequentially with the filter sizes of {128, 64, 32, 16, 8, 1} . 

Finally, OSegNet is trained over 𝑆  number of samples {𝑙𝑡𝑟𝑎𝑖𝑛
𝑖 , 𝜇𝑡𝑟𝑎𝑖𝑛

𝑖 }𝑖=1
𝑆 , where 𝑙  and 𝜇  are 

training data and ground-truth masks, respectively. 

 Dataset 
QaTa-COV19 dataset, the largest CXR dataset for COVID-19 pneumonia segmentation, is formed 

by researchers from Qatar University and Tampere University. The ChestX-ray14 dataset [8], 

which consists of 112,120 CXRs from healthy patients and 14 different thoracic diseases, is used 

as the control group in this project. Along with the CXRs from our earlier study [6], 9258 COVID-

19 images are gathered from the publicly available BIMCV-COVID19+ collection [9]. In this 

research, to construct the expanded version of QaTa-COV19, we annotated the CXRs of BIMCV-

COVID19+ [9]. In order to avoid any duplications, we have first removed acquisitions from the 

same patient, session, and run in BIMCV-COVID19+ [9]. Then, the collaborative human-machine 

annotation method is used to generate ground-truths of CXRs that allows quick and accurate 

annotation of COVID-19 pneumonia regions using deep networks inspired by U-Net [10], UNet++ 

[11], and DLA [12] models as utilized in our previous study [6]. These networks were trained using 

12,544 healthy individuals from the group-I data in [6] and 2951 COVID-19 samples that had 

previously been annotated. Accordingly, trained segmentation networks are employed to 

generate ground-truth masks of 6307 CXRs in BIMCV-COVID19+ [9]. As a result, a group of 
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medical doctors collaborated to select the best predictions of the segmentation networks as the 

ground-truths. Finally, since the predicted segmentation masks of only 31 CXR pictures were 

inaccurate, they were manually created by medical doctors. 

Details of the QaTa-COV19 dataset are displayed in Table 1. The COVID-19 samples are divided 

with the same train/test ratio as in ChestX-ray14 [8] by taking into consideration the patient 

information. The CXRs are downsized to 224 × 224 pixels. The Image Data Generator in Keras is 

used to perform data augmentation. In order to fill pixels outside of the input bounds, CXRs are 

randomly rotated in a 10 −degree range and 10% shifted vertically and horizontally with the 

nearest mode. 

Results 
In this project, the state-of-the-art networks: DenseNet-121 [13] and Inception-v3 [14], where 

their weights are initialized with the ImageNet weights by transfer learning are used as the 

encoder of the OSegNet model. Additionally, the decoder structures: UNet++ and DLA [12] that 

merges encoder and decoder with skipping connections and nested convolutional blocks used as 

the competing networks against the proposed model. 

Table 2 shows the COVID-19 pneumonia segmentation results and compares the proposed 

OSegNet model to state-of-the-art models. By altering the 𝑄 parameter, the variation in OSegNet 

performance is examined. First and foremost, we have seen that each model has successfully 

segmented pneumonia with an F1-Score > 86% and a specificity > 99.75%. The table shows that 

any model using the Inception-v3 encoder performs better than DenseNet-121 due to the 

complexity of its structure and the greater number of trainable parameters. Accordingly, the duo 

of UNet++ and Inception-v3 has, among state-of-the-art models, obtained the best segmentation 

Table 1. Details of QaTa-COV19 dataset. 

Data 

Training 

Augmented 

Augmented Test 

Samples Training Samples Samples   

     

ChestX-ray14 86, 524 X 86, 524 25,596 

COVID-19 7145 ✓ 20,000 2113 

     

Total 93,669  106,524 27,709 
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performance, with an F2-Score of 88.20%. However, the OSegNet (𝑄 =  3) has achieved the 

highest sensitivity of 89.36% and F2-Score 88.75%. 

Table 3 shows the detection performances, where a CXR sample is classified as COVID-19 if any 

output mask pixel is predicted as COVID-19 pneumonia. Accordingly, the highest sensitivity level 

of 98.53% is achieved by the duo of UNet++ and Inception-v3 among the other models. 

Nevertheless, the OSegNet (𝑄 =  3) achieved the highest F1-Score of 97.72% and accuracy of 

99.65%. 

 

 

  

Table 2. COVID-19 pneumonia segmentation performance results (%) computed over the test (unseen 
data) set of QaTa-COV19 dataset using state-of-the-art and the proposed OSegNet models. 

Encoder Model Sensitivity Specificity Precision F1-Score   F2-Score Accuracy 

        

 UNet++ 83.16 99.91 89.56 86.24 84.37 99.76 

 DLA 84.65 99.91 89.13 86.83 85.51 99.77 

 OSegNet (Q = 1) 83.56 99.91 89.60 86.47 84.70 99.76 

DenseNet-121 OSegNet (Q = 2) 86.32 99.89 87.57 86.94 86.56 99.76 

 OSegNet (Q = 3) 87.25 99.89 87.58 87.42 87.32 99.77 

 OSegNet (Q = 4) 84.96 99.91 89.85 87.33 85.89 99.78 

 OSegNet (Q = 5) 86.88 99.86 85.23 86.04 86.54 99.74 

        

 UNet++ 88.95 99.86 85.33 87.10 88.20 99.76 

 DLA 86.23 99.91 89.63 87.89 86.89 99.78 

 OSegNet (Q = 1) 86.47 99.78 78.18 82.12 84.67 99.66 

Inception-v3 OSegNet (Q = 2) 88.09 99.88 87.31 87.70 87.93 99.78 

 OSegNet (Q = 3) 89.36 99.87 86.37 87.84 88.75 99.78 

 OSegNet (Q = 4) 87.70 99.89 87.69 87.70 87.70 99.78 

 OSegNet (Q = 5) 88.33 99.88 86.78 87.55 88.02 99.77 
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Table 3. COVID-19 detection performance results (%) computed over the test (unseen data) 
set of QaTa-COV19 dataset using state-of-the-art and the proposed OSegNet models. 

Encoder Model Sensitivity Specificity Precision   F1-Score   F2-Score Accuracy 

        

 UNet++ 94.32 99.87 98.37 96.30 95.10 99.45 

 DLA 94.60 99.76 97.04 95.81 95.08 99.37 

 OSegNet (Q = 1) 98.15 99.65 95.89 97.01 97.69 99.54 

DenseNet-121 OSegNet (Q = 2) 97.68 99.71 96.58 97.13 97.46 99.56 

 OSegNet (Q = 3) 97.59 99.70 96.45 97.01 97.36 99.54 

 OSegNet (Q = 4) 97.44 99.83 97.95 97.70 97.55 99.65 

 OSegNet (Q = 5) 95.55 99.78 97.30 96.42 95.90 99.46 

        

 UNet++ 98.53 99.56 94.85 96.66 97.77 99.48 

 DLA 96.78 99.84 98.08 97.43 97.04 99.61 

 OSegNet (Q = 1) 97.87 97.93 79.57 87.78 93.57 97.92 

Inception-v3 OSegNet (Q = 2) 97.54 99.78 97.35 97.45 97.50 99.61 

 OSegNet (Q = 3) 97.35 99.84 98.09 97.72 97.50 99.65 

 OSegNet (Q = 4) 97.35 99.82 97.81 97.58 97.44 99.63 

 OSegNet (Q = 5) 98.01 99.73 96.78 97.39 97.76 99.60 

 

Table 4 provides the confusion matrices of the top computing models: UNet++ and OSegNet 

(𝑄 =  3) with Inception-v3 encoders. It is seen that OSegNet (𝑄 =  3) has less false alarms with 

40 samples, whereas UNet++ only misses 31 COVID-19 cases.  

Table 4. Confusion matrices of the best computing UNet++ and the proposed OSegNet (Q = 3) 
models with Inception-v3 encoders for COVID-19 detection. 

 (a)     (b)   

UNet++ 

Predicted  

OSegNet 

Predicted 

Control Group COVID-19 

 

Control Group COVID-19      

Ground Control Group 25483 113  Ground Control Group 25556 40 

Truth COVID-19 31 2082  Truth COVID-19 56 2057 
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Functionality of Innovation(s) 

The diagnosis of COVID-19 suffers, specifically in the early stages, from a high number of false 

negatives with the existing methods. The proposed approach aims to decrease the false negatives 

with the created large-scale CXR dataset; therefore, it can reduce the spread of the disease. The 

proposed system can be used efficiently in the health care centers by the medical doctors that 

will bring a fast, automatic, and robust diagnosis. Lastly, the proposed approach will save many 

patients’ lives. 

Conclusions and Recommendations 
Computer-aided diagnosis plays a vital role in the COVID-19 detection to prevent the further 

spread of the disease. As a major contribution, this project publicly shares the largest CXR 

dataset, QaTa-COV19 which consists of 9258 COVID-19 samples with their corresponding ground-

truth segmentation masks along with 112,120 control group CXRs. The experimental results over 

the QaTa-COV19 dataset show that the proposed OSegNet model has achieved the highest 

sensitivity level of 89.36% for the COVID-19 segmentation, and precision of 98.09% for the 

COVID-19 detection with a reduced network complexity and depth. 

Impact and Uses/Benefits 
The proposed system will provide a time-efficient and robust diagnosis, which will be a life-saving 

tool in the pandemic. The system can easily be set up in health care centers, airports, and 

hospitals. The largest CXR dataset for the severity grading of COVID-19 will be publicly shared 

with the research community. Thus, the dataset will be the benchmark in this domain and used 

in the upcoming research studies in this domain. Next, Self-ONN that is implemented for the 

image segmentation task can be used in any other application containing a segmentation task. 
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