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Abstract: The coronavirus disease 2019 (COVID-19) has become a global pandemic since the beginning of 2020. The disease has 

been regarded as a Public Health Emergency of International Concern (PHEIC) by the World Health Organization (WHO) and the end 

of January 2020. Automated detection of lung infections from computed tomography (CT) images offers a great potential to augment 

the traditional healthcare strategy for tackling COVID-19. However, segmenting infected regions from CT slices faces several 

challenges, including high variation in infection characteristics, and low intensity contrast between infections and normal tissues. 

Further, collecting a large amount of data is impractical within a short time period, inhibiting the training of a deep model. To address 

these challenges, a novel COVID-19 Lung Infection Segmentation Squeeze-Net is a convolutional neural network is proposed to 

automatically identify infected regions from chest CT slices.  In CNN, a parallel partial decoder is used to aggregate the high-level 

features and generate a global map.   

 

Index Terms – Convolutional Neural Networks (CNN), Deep learning,  

 

I. INTRODUCTION 

        The World Health Organisation (WHO) has declared the coronavirus disease 2019 (COVID-19) as pandemic. A global 

coordinated effort is needed to stop the further spread of the virus. A pandemic is defined as “occurring over a wide geographic area 

and affecting an exceptionally high proportion of the population.” The last pandemic reported in the world was the H1N1 flu pandemic 

in 2009. 

        On 31st December 2019, a cluster of cases of pneumonia of unknown cause, in the city of Wuhan, Hubei province in China, was 

reported to the World Health Organisation. In January 2020, a previously unknown new virus was identified, subsequently named the 

2019 novel coronavirus and samples obtained from cases and analysis of the virus genetics indicated that this was the cause of the 

outbreak. This novel coronavirus was named Coronavirus Disease 2019 (COVID-19) by WHO in February 2020. The virus is referred 

to as SARS-CoV-2 and the associated disease is COVID-19. 

 

              
                                         Figure 1: Severe Actue Respiratory Syndrome Coronavirus 2 

 

        Coronavirus is a family of virus that cause illness such as respiratory diseases or gastrointestinal diseases. Respiratory diseases 

can range from the common cold to more severe diseases. The structure of Corona virus is shown in the above figure 1. 
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MYCOPLASMA PNEUMONIAE  

        The Mycoplasma Pneumoniae is a very small bacterium in the class of Mollicutes. It’s a human pathogen that causes the disease 

mycoplasma pneumonia, in the form of atypical bacterial pneumonia related to cold agglutinin disease. M. pneumonia is characterized 

by the absence of peptidoglycan cell wall and resulting resistance to many antibacterial agents. The persistence of M. pneumonia 

infections even after treatment is associated with its ability to mimic host cell surface composition. The structure of Mycoplasma 

bacteria is shown in the below figure 2. 

 

               
                                                                         Figure 2: Mycoplasma bacterium 

 

Transmission of COVID-19 

         Evidence is still emerging, but current information is indicating that human-to-human transmission is occurring. The routes of 

transmission of COVID-19 remains unclear at present, but evidence from other coronaviruses and respiratory diseases indicates that 

the disease may spread through large respiratory droplets and direct or indirect contact with infected secretions. The incubation period 

of COVID-19 is currently understood to be between 2 to 14 days. This means that if a person remains well after 14 days after being in 

contact with a person with confirmed COVID-19, they are not infected. Literature review (June 2020) investigates and discusses the 

unclear issues related to disease transmission and pathogenesis and the accuracy of diagnostic tests and treatment modalities.  

Case Definitions 

       The definitions used by the WHO in COVID-19  

Suspect case: 

        Patient with acute respiratory illness (fever and at least one other symptom such as cough or difficulty breathing (shortness of 

breath)) and with no other aetiology that explains symptoms and a history of travel to a country/area that reported transmission of 

SARS-CoV-2 virus or Patient with acute respiratory illness and who have been in contact with a confirmed or probable COVID-19 

case in the last 14 days prior to the onset of signs and symptoms. 

Probable case: 

           A probable case is a suspected case for whom the report from laboratory testing for the COVID-19 virus is inconclusive. 

 

 

Confirmed case: 

         A confirmed case is a person with laboratory confirmation of infection with the COVID-19 virus, irrespective of clinical signs 

and symptoms. 

Differential Diagnosis: 

         Differential diagnosis should include the possibility of a wide range of common respiratory disorders such as: 

         Other Coronaviruses (SARS, MERS) such as Adenovirus, Influenza, Human metapneumovirus (HmPV), Parainfluenza, 

Respiratory syncytial virus (RSV), Rhinovirus (common cold) Bacterial pneumonia, mycoplasma pneumonia (MPP) and chlamydia 

pneumonia. Differentiation should also be made from lung disease caused by other diseases. A CT scan has great value in early 

screening and differential diagnosis for COVID-19. 

Management / Interventions 
          In the case of mild to moderate symptoms the following considerations should be taken into account: 

 Early identification - Clinicians, especially physiotherapists, are most often in direct contact with their patients, which can make them 

infected or infected by others. It is therefore very important for physiotherapists and other health professionals to be familiar with the 

condition of COVID-19, how to identify it and how to prevent it. 

 Strategies for Infection Prevention and Control (IPC) - Suspect, probable and confirmed cases should be educated on IPC strategies 

to prevent transmission of the disease and health management strategies for quarantine. 

Diagnostic Procedures 

          A COVID-19 diagnostic testing kit has been developed and is available in clinical testing labs. The gold standard for testing for 

COVID-19 is Reverse Transcription Polymerase Chain Reaction (RT-PCR). However, current data suggest that RT-PCR is only 30-

70% effective for acute infection, this may be due to incorrect use of lab kits or not enough virus in the blood at the early stages of 

testing. Plus, the availability of testing will vary from country to country. 

          The CDC recommends that any person who may have had contact with a person who is suspected of having COVID-19 and 

develops a fever and respiratory symptoms listed above are advised to call their healthcare practitioner to determine the best of course 

of action.  The main criteria for testing are: Location, Age, Medical history and risk factors, Exposure to the virus and contact history, 

Duration of symptoms. 

If the above criteria are met it is advised that the following testing procedure is followed:          

          Collect and test upper respiratory tract specimens, using a nasopharyngeal swab. If available testing of lower respiratory tract 

specimens. If a productive cough is evident then a sputum specimen should be collected. For patients who are receiving invasive 

mechanical ventilation, a lower respiratory tract aspirate or broncho-alveolar lavage sample should be collected. 

http://www.ijcrt.org/
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IMAGING BASED COVID-19 DIAGNOSTIC PROCEDURES 

           Imaging may be useful in identifying patients with COVID-19 which is especially relevant in places with good access to imaging 

technology but poor access to reliable and quick laboratory testing. Chest X-rays are not especially sensitive for COVID-19, but 

chest CT gives a much more detailed view appears to have good sensitivity in initial stages of the disease. However, chest CT or X-

ray is not currently recommend as a diagnostic method as they can easily be confused with other infections such as H1N1, SARS, 

MERS and seasonal flu. Lung ultrasound is also emerging as a valuable diagnostic testing procedure. According to the CDC, even if 

a chest CT or X-ray suggests COVID-19, viral testing is the only specific method for diagnosis. 

          Myocardial injury tends to affect COVID‐19 severity and mortality. A meta-analysis showed patients with high cardiac troponin 

I (>13.75 ng/L) and aspartate aminotransferase levels (>27.72U/L) combined with either advanced age (>60 years) Were more likely 

to develop adverse outcomes. Evaluating cardiac injury biomarkers may assist in identifying patients at the highest risk and leading to 

specific therapeutic interventions. 

          For COVID-19 screening, the reverse transcription polymerase chain reaction (RT-PCR) has been considered the gold standard. 

However, the shortage of equipment and strict requirements for testing environments limit the rapid and accurate screening of 

suspected subjects. Further, RT-PCR testing is also reported to suffer from high false negative rates. As an important complement to 

RT-PCR tests, the radiological imaging techniques, e.g., X-rays and computed tomography (CT), have also demonstrated effectiveness 

in both current Diagnosis, including follow-up assessment and evaluation of disease evolution. Moreover, a clinical study with 1014 

patients in Wuhan China, has shown that chest CT analysis can achieve 0.97 of sensitivity, 0.25 of specificity, and 0.68 of accuracy 

for the detection of COVID-19, with RTPCR results for reference. Similar observations were also reported in other studies, suggesting 

that radiological imaging may be helpful in supporting early screening of COVID-19. 

                              
Figure 3: Example of COVID-19 infected regions (B) 

in CT axial slice (A), where the red and green masks denote the GGO and consolidation respectively. 

 

          Compared to X-rays, CT screening is widely preferred due to its merit and three-dimensional view of the lung. In recent studies, 

the typical signs of infection could be observed from CT slices, e.g., ground-glass opacity (GGO) in the early stage, and pulmonary 

consolidation in the late stage, as shown in the above fig. The qualitative evaluation of infection and longitudinal changes in CT slices 

could thus provide useful and important information in fighting against COVID-19. However, the manual delineation of lung infections 

is tedious and time-consuming work. In addition, infection annotation by radiologists is a highly subjective task, often influenced by 

individual bias and clinical experiences. 

DEEP LEARNING  

           Since the 1950s, a small subset of Artificial Intelligence (AI), often called Machine Learning (ML), has revolutionized several 

fields in the last few decades. Neural Networks (NN) is a subfield of ML, and it was this subfield that spawned Deep Learning (DL). 

Since its inception DL has been creating ever larger disruptions, showing outstanding success in almost every application domain. 

Figure 1 shows the taxonomy of AI. DL which uses either deep architectures of learning or hierarchical learning approaches), is a class 

of ML developed largely from 2006 onward. Learning is a procedure consisting of estimating the model parameters so that the learned 

model (algorithm) can perform a specific task. For example, in Artificial Neural Networks (ANN), the parameters are the weight 

matrices. DL, on the other hand, consists of several layers in between the input and output layer. which allows for many stages of non-

linear information processing units with hierarchical architectures to be present that are exploited for feature learning and pattern 

classification, learning methods based on representations of data can also be defined as representation learning. Recent literature states 

that DL based representation learning involves a hierarchy of features or concepts, where the high-level concepts can be defined from 

the low-level ones and low-level concepts can be defined from high-level ones. In some articles, DL has been described as a universal 

learning approach that is able to solve almost all kinds of problems in different application domains. In other words, DL is not task 

specific. 

 

Type of Deep Learning Approaches 

          Deep learning approaches can be categorized as follows: Supervised, semi-supervised or partially supervised, and unsupervised. 

In addition, there is another category of learning approach called Reinforcement Learning (RL) or Deep RL (DRL) which are often 

discussed under the scope of semi-supervised or sometimes under unsupervised learning approaches. Figure shows the pictorial 

diagram. 
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           Figure 4: The taxonomy of AI. AI: Artificial Intelligence; ML: Machine Learning    NN: Neural Networks; DL: Deep 

Learning; SNN: Spiking Neural Networks. 

 

 

Deep Supervised Learning 

          Supervised learning is a learning technique that uses labelled data. In the case of supervised DL approaches, the environment 

has a set of inputs and corresponding outputs (xt,yt )~ρ. For example, if for input xt, the intelligent agent predicts yt = f(xt), the agent 

will receive a loss value l(yt, y’t). The agent will then iteratively modify the network parameters for a better approximation of the 

desired outputs. There are different supervised learning approaches for deep leaning, including Deep Neural Networks (DNN), 

Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), including Long-Short Term Memory (LSTM), and Gated 

Recurrent Units (GRU). These networks will be described in details in the respective sections.  

 

Deep Semi-supervised Learning 

          Semi-supervised learning is learning that occurs based on partially labeled datasets. In some cases, DRL and Generative 

Adversarial Networks (GAN) are used as semi-supervised learning techniques. 

  

Deep Unsupervised Learning 

          Unsupervised learning systems are ones that can without the presence of data labels. In this case, the agent learns the internal 

representation or important features to discover unknown relationships or structure within the input data. Often clustering, 

dimensionality reduction, and generative techniques are considered as unsupervised learning approaches. There are several members 

of the deep learning family that are good at clustering and non-linear dimensionality reduction, including Auto-Encoders (AE), 

Restricted Boltzmann Machines (RBM), and the recently developed GAN. In addition, RNNs, such as LSTM and RL, are also used 

for unsupervised learning in many application domains. Sections 6 and 7 discuss RNNs and LSTMs in detail. 

 

Deep Reinforcement Learning (RL)  
        Deep Reinforcement Learning is a learning technique for use in unknown environments. DRL began in 2013 with Google Deep 

Mind. From then on, several advanced methods have been proposed based on RL. Here is an example of RL: If environment samples 

inputs: xt~ρ , agent predict: yt = f(xt ) , agent receive cost: ct~P(ct|xt,yt) where P is an unknown probability distribution, the 

environment asks an agent a question, and gives a noisy score as the answer. Sometimes this approach is called semi-supervised 

learning as well. There are many semi-supervised and un-supervised techniques that have been implemented based on this concept (in 

Section 8). In RL, we do not have a straight forward loss function, thus making learning harder compared to traditional supervised 

approaches. The fundamental differences between RL and supervised learning are: First, you do not have full access to the function 

you are trying to optimize; you must query them through interaction, and second, you are interacting with a state-based environment: 

Input xt depends on previous actions. Depending upon the problem scope or space, one can decide which type of RL needs to be 

applied for solving a task. If the problem has a lot of parameters to be optimized, DRL is the best way to go. If the problem has fewer 

parameters for optimization, a derivation free RL approach is good. An example of this is annealing, cross entropy methods, and SPSA. 

 

 
 

                   Figure 5: Category of Deep Leaning approaches. 
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Proposed System 

CNN network structure was first proposed by Fukushima in 1988. It was not widely used, however, due to limits of 

computation hardware for training the network. In the 1990s, it applied a gradient-based learning algorithm to CNNs and obtained 

successful results for the handwritten digit classification problem. After that, researchers further improved CNNs and reported state-

of-the-art results in many recognition tasks. CNNs have several advantages over DNNs, including being more like the human visual 

processing system, being highly optimized in the structure for processing 2D and 3D images, and being effective at learning and 

extracting abstractions of 2D features. The max pooling layer of CNNs is effective in absorbing shape variations. Moreover, composed 

of sparse connections with tied weights, CNNs have significantly fewer parameters than a fully connected network of similar size. 

Most of all, CNNs are trained with the gradient-based learning algorithm and suffer less from the diminishing gradient problem. Given 

that the gradient-based algorithm trains the whole network to minimize an error criterion directly, CNNs can produce highly optimized 

weights. 

 

              Figure shows the overall architecture of CNNs consists of two main parts: Feature extractors and a classifier. In the feature 

extraction layers, each layer of the network receives the output from its immediate previous layer as its input and passes its output as 

the input to the next layer. The CNN architecture consists of a combination of three types of layers: Convolution, max-pooling, and 

classification. There are two types of layers in the low and middle-level of the network: Convolutional layers and max-pooling layers. 

The even numbered layers are for convolutions and the odd numbered layers are for max-pooling operations. The output nodes of the 

convolution and max pooling layers are grouped into a 2D plane called feature mapping. Each plane of a layer is usually derived from 

the combination of one or more planes of previous layers. The nodes of a plane are connected to a small region of each connected 

planes of the previous layer. Each node of the convolution layer extracts the features from the input images by convolution operations 

on the input nodes. 

 

 

 
 

Figure 6: The overall architecture of the Convolutional Neural Network (CNN) includes an input layer, multiple alternating 

convolution and max-pooling layers, one fully-connected layer and one classification layer as shown above fig. 

 

   

          Higher-level features are derived from features propagated from lower-level layers. As the features propagate to the highest 

layer or level, the dimensions of features are reduced depending on the size of the kernel for the convolutional and max-pooling 

operations respectively. However, the number of feature maps usually increased for representing better features of the input images 

for ensuring classification accuracy. The output of the last layer of the CNN is used as the input to a fully connected network which is 

called classification layer. Feed-forward neural networks have been used as the classification layer as they have better performance. 

In the classification layer, the extracted features are taken as inputs with respect to the dimension of the weight matrix of the final 

neural network. However, the fully connected layers are expensive in terms of network or learning parameters. Nowadays, there are 

several new techniques, including average pooling and global average pooling that is used as an alternative of fully-connected 

networks. The score of the respective class is calculated in the top classification layer using a soft-max layer. Based on the highest 

score, the classifier gives output for the corresponding classes. Mathematical details on different layers of CNNs are discussed in the 

following section. 

 

Convolutional Layer 

In this layer, feature maps from previous layers are convolved with learnable kernels. The output of the kernels goes through 

a linear or non-linear activation function, such as sigmoid, hyperbolic tangent, Soft-max, rectified linear, and identity functions) to 

form the output feature maps. Each of the output feature maps can be combined with more than one input feature map. In general, we 

have that  

                           …. eqn (1) 

 

Where xjl is the output of the current layer, xil-1 is the previous layer output, kijl is the kernel for the present layer, and bjl are the 

biases for the current layer. mj represents a selection of input maps. For each output map, an additive bias b is given. However, the 

input maps will be convolved with distinct kernels to generate the corresponding output maps. The output maps finally go through a 
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linear or non-linear activation function (such as sigmoid, hyperbolic tangent, Soft-max, rectified linear, or identity functions). 

 

 Sub-sampling Layer 

The subsampling layer performs the down sampled operation on the input maps. This is commonly known as the pooling 

layer. In this layer, the number of input and output feature maps does not change. For example, if there are N input maps, then there 

will be exactly N output maps. Due to the down sampling operation, the size of each dimension of the output maps will be reduced, 

depending on the size of the down sampling mask. For example, if a 2 × 2 down sampling kernel is used, then each output dimension 

will be half of the corresponding input dimension for all the images. This operation can be formulated as 

                           …. eqn (2) 

where down (.) represents a sub-sampling function. Two types of operations are mostly performed in this layer: Average pooling or 

max-pooling. In the case of the average pooling approach, the function usually sums up over N × N patches of the feature maps from 

the previous layer and selects the average value. On the other hand, in the case of max-pooling, the highest value is selected from the 

N×N patches of the feature maps. Therefore, the output map dimensions are reduced by n times. In some special cases, each output 

map is multiplied with a scalar. Some alternative sub-sampling layers have been proposed, such as fractional max-pooling layer and 

sub-sampling with convolution. 

 

Classification Layer 

       This is the fully connected layer which computes the score of each class from the extracted features from a convolutional layer in 

the preceding steps. The final layer feature maps are represented as vectors with scalar values which are passed to the fully connected 

layers. The fully connected feed-forward neural layers are used as a soft-max classification layer. There are no strict rules on the 

number of layers which are incorporated in the network model. However, in most cases, two to four layers have been observed in 

different architectures, including Le-Net, Alex-Net, and VGG Net. As the fully connected layers are expensive in terms of computation, 

alternative approaches have been proposed during the last few years. These include the global average pooling layer and the average 

pooling layer which help to reduce the number of parameters in the network significantly. In the backward propagation through the 

CNNs, the fully connected layer updates following the general approach of fully connected neural networks (FCNN). The filters of 

the convolutional layers are updated by performing the full convolutional operation on the feature maps between the convolutional 

layer and its immediate previous layer. Figure 10 shows the basic operations in the convolution and sub-sampling of an input image. 

 
 

Figure 7: Feature maps after performing convolution and pooling operations. 

 

 

Network Parameters and Required Memory for CNN 

         The number of computational parameters is an important metric to measure the complexity of a deep learning model. The size 

of the output feature maps can be formulated as follows: 

 

                          …. eqn (3) 

 

where N refers to the dimensions of the input feature maps, F refers to the dimensions of the filters or the receptive field, M refers to 

the dimensions of output feature maps, and  stands for the stride length. Padding is typically applied during the convolution operations 

to ensure the input and output feature map have the same dimensions. The amount of padding depends on the size of the kernel. 

Equation 17 is used for determining the number of rows and columns for padding. 

 

                                 …. eqn (4) 

 

here P is the amount of padding and F refers to the dimension of the kernels. Several criteria are considered for comparing the models. 

However, in most of the cases, the number of network parameters and the total amount of memory are considered. The number of 

parameters (Parml ) of lth-layer is the calculated based on the following equation: 
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                                                                                                                 …. eqn (5)   

       

here the total number of parameters of lth layer can be represented with Pl, FMl is for the total number of output feature maps, and 

FMl-1 is the total number of input feature maps or channels. 

 

4.2 Residual Network (Res-Net in 2015) 

The winner of ILSVRC 2015 was the Residual Network architecture, Res-Net. Resnet was developed by Kaiming He with 

the intent of designing ultra-deep networks that did not suffer from the vanishing gradient problem that predecessors had. Res-Net is 

developed with many different numbers of layers; 34, 50,101, 152, and even 1202. The popular ResNet50 contained 49 convolution 

layers and 1 fully connected layer at the end of the network. The total number of weights and MACs for the whole network are 25.5M 

and 3.9M respectively. The basic block diagram of the Res-Net architecture is shown in Figure 16. Res-Net is a traditional feedforward 

network with a residual connection. The output of a residual layer can be defined based on the outputs of (l− 1)th which comes from 

the previous layer defined as xl-1 . ℱ( xl-1) is the output after performing various operations (e.g., convolution with different size of 

filters, Batch Normalization (BN) followed by an activation function, such as a ReLU on xl-1). The final output of residual the unit is 

xl which can be defined with the following equation: xl = ℱ( xl-1) + xl-1. (15) 

 

 

 
                                  

Figure 8: Basic diagram of the Residual block. 

 

        The residual network consists of several basic residual blocks. However, the operations in the residual block can be varied 

depending on the different architecture of residual networks. Wider version of the residual network was proposed by Zagoruvko el at, 

another improved residual network approach known as aggregated residual transformation. Recently, some other variants of residual 

models have been introduced based on the Residual Network architecture. Furthermore, there are several advanced architectures that 

are combined with Inception and 

Residual units. The basic conceptual diagram of Inception-Residual unit is shown in the following Figure. 

 

4.3 Squeeze-Net Architecture Design 

Squeeze-Net features: 

 A deep convolutional neural network (CNN) 

 Compressed architecture design 

 Model contains relatively small amount of parameters 

 Achieve Alex-Net-level accuracy on ImageNet dataset with 50x fewer parameters 

Three advantages of small CNN architectures: 

 Require less communication across servers during distributed training. 

 Require less bandwidth to export a new model from the cloud. 

 More feasible to deploy on customized hardware with limited memory. 

 

Squeeze-Net architecture explanation 
1x1 convolutions explained 

Architectural Design Strategies 
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Strategy 1 

 Make the network smaller by replacing 3x3 filters with 1x1 filters 

 Conventional 3x3 replaced by 1x1 convolution filters 

 1x1 filter has 9X fewer parameters than a 3x3 filter 

 Difference between 3x3 filters and 1x1 filters 

 

3x3 filters 

 Larger special receptive field 

 Captures spatial information of pixels close to each other. 

 

 

 
Figure 10: 1x1 filters 

 Looks at one pixel at the time. 

 Captures relationships amongst its channels. 

  It is equivalent to a fully connected layer along the channel dimension. 

 
 

FIGURE 11 

Strategy 2 

 Reduce the number of inputs for the remaining 3x3 filters. 

 Fewer inputs to conv layers result in fewer parameters 

 Achieved by using only 1x1 filters prior to the 3x3 conv layer called the squeeze layer (description in next section) 

 total number of parameters in 3x3 conv layer = (number of input channels) (number of filters) (3*3) 

 

Strategy 3 

 Down-sample late in the network so that convolution layers have large activation maps. 

 Make the most of smaller number of parameters and maximize accuracy 

 Delaying down-sampling late in the network, creates larger activation/feature maps 

 Departure from more traditional architectures like the VGG network that use early down-sampling 

 Large activation maps result in a higher classification accuracy given the same number of parameters 
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Figure 12: VGG Architecture with early down-sampling. 

 Strides > 1 in the convolutional layers 

 Pooling layers (max/average pooling) 

General Strategy 

        Strategies 1 and 2 are about carefully decreasing the quantity of parameters in a CNN while attempting to preserve accuracy. 

Strategy 3 is about maximizing accuracy on a limited budget of parameters.  

 

Fire Module 

 It is building block used in the Squeeze-Net 

 It employs Strategies 1, 2, and 3 

 Comprised of squeeze layers which have only 1x1 filters (strategy 1) 

 Comprised of expand layers which have a mix of 1x1 and 3x3 convolution filters 

 Number of filters in squeeze layer must be less than the expand layer (strategy 2) 

 

 

 
Figure 13: Squeeze-Net Architecture 

 

Layers breakdown  

 Layer 1: regular convolution layer 

 Layer 2-9: fire module (squeeze + expand layer) 

 Layer 10: regular convolution layer 

 Layer 11: soft-max layer 

 Architecture specifications  

 Gradually increase number of filters per fire module 

 Max-pooling with stride of 2 after layer 1,4,8 

 Average-pooling after layer 10 

 Delayed down-sampling with pooling layers 

 

Result & Discussion: 

 

 Pre-processing 

       Pre-processing should be applied to your training, validation, and testing set to assure learning and inference occurs on the same 

image properties.  
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Figure 14: Input image 

 

Resize 

         Resize changes images size and, optionally, scale to a desired set of dimensions. Annotations are adjusted proportionally  

 

 
Figure 15: RGB to Gray image 

Grayscale 

        Converts an image with RGB channels into an image with a single grayscale channel, which can save you memory. The value of 

each grayscale pixel is calculated as the weighted sum of the corresponding red, green and blue pixels: Y = 0.2125 R + 0.7154 G + 

0.0721 B. 
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Figure 16: Pre-processed image 

 

Auto-Adjust Contrast 

     Histogram Equalization: “spreads out the most frequent intensity values” in an image. The equalized image has a roughly uniform 

distribution, where all colour of pixels, approximately equally represented.  

 

 
\ Figure 17: Contour estimation 

Adaptive Equalization: 

          Contrast Limited Adaptive Histogram Equalization (CLAHE). An algorithm for local contrast enhancement, that uses 

histograms computed over different tile regions of the image. Local details can therefore be enhanced even in regions that are darker 

or lighter than most of the image.  
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Figure 18: Contour estimation 

 

Image contour: 

       Image contouring is process of identifying structural outlines of objects in an image which in turn can help us identify shape of 

the object. 

 

 
Figure19: Segmented output 

Segmentation: 
        Seg-Net based classification is to categorizing and labelling groups of pixels or vectors within an image based on trained 

features. The categorization law can be devised using one or more spectral or textural characteristics. 
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Figure 20: Segmentation mask 

 

 
Figure 21: Final Processing layer 

 
                                                                                            Figure 22: Result 

     

          The existing model shows the MAE and specificity of 0.9 and 0.84 respectively. The proposed model shows the MAE and 

specificity of 0.9 and 0.84 respectively. 

 

Conclusion : 

CNN mainly used in the applications of object detection and image classification in the field of Deep learning. Deep learning 

is an wide area where high scientific achievements are obtained in different scientific fields. Disease detection, disease classification 

of medical cause recognition plays a major role in medical field nowadays. Many research had been carried out to find the root cause 

of the disease. We performed the simulation for identifying the mycoplasma discrimination from the COVID – 19 using Squeeze-net 

CNN architecture for the disease recognition and its achieved high accuracy.  

 

http://www.ijcrt.org/


www.ijcspub.org                                                 © 2022 IJCSPUB | Volume 12, Issue 2 June 2022 | ISSN: 2250-1770 

IJCSP22B1252 International Journal of Current Science (IJCSPUB) www.ijcspub.org 149 

 

References : 

1. Ghesu, F. C., Krubasik, E., Georgescu, B., Singh, V., Zheng, Y., Hornegger, J., & Comaniciu, D. 

(2016). Marginal Space Deep Learning: Efficient Architecture for Volumetric Image Parsing. IEEE 

Transactions on Medical Imaging, 35(5), 1217–1228. 

2. Oksuz, I., Clough, J. R., Ruijsink, B., Puyol-Anton, E., Bustin, A., Cruz, G., … Schnabel, J. A. (2020). Deep 

Learning Based Detection and Correction of Cardiac MR Motion Artefacts During Reconstruction for High-

Quality Segmentation. IEEE Transactions on Medical Imaging, 1–1. 

3. Roy, S., Menapace, W., Oei, S., Luijten, B., Fini, E., Saltori, C., … Demi, L. (2020). Deep learning for 

classification and localization of COVID-19 markers in point-of-care lung ultrasound. IEEE Transactions on 

Medical Imaging, 1–1. 

4. Duan, J., Bello, G., Schlemper, J., Bai, W., Dawes, T. J. W., Biffi, C., … Rueckert, D. (2019). Automatic 3D 

bi-ventricular segmentation of cardiac images by a shape-refined multi-task deep learning approach. IEEE 

Transactions on Medical Imaging, 1–1. 

5. Zhang, L., Xu, D., Xu, Z., Wang, X., Yang, D., Sanford, T., … Myronenko, A. (2020). Generalizing Deep 

Learning for Medical Image Segmentation to Unseen Domains via Deep Stacked Transformation. IEEE 

Transactions on Medical Imaging, 1–1. 

6. L. Sun, W. Shao, D. Zhang and M. Liu. (2020) "Anatomical Attention Guided Deep Networks for ROI 

Segmentation of Brain MR Images," in IEEE Transactions on Medical Imaging, vol. 39, no. 6, pp. 2000-

2012, June 2020, doi: 10.1109/TMI.2019.2962792. 

7. Guo, Z., Li, X., Huang, H., Guo, N., & Li, Q. (2019). Deep Learning-based Image Segmentation on Multi-modal 

Medical Imaging. IEEE Transactions on Radiation and Plasma Medical Sciences, 1–1. 

8. Ngo, L., Cha, J., & Han, J.-H. (2019). Deep Neural Network Regression for Automated Retinal Layer 

Segmentation in Optical Coherence Tomography Images. IEEE Transactions on Image Processing, 1–1. 

9. Hu, H., Li, Q., Zhao, Y., & Zhang, Y. (2020). Parallel Deep Learning Algorithms with Hybrid Attention 

Mechanism for Image Segmentation of Lung Tumours. IEEE Transactions on Industrial Informatics, 1–1. 
10. B. Lafci, E. Merčep, S. Morscher, X. L. Deán-Ben and D. Razansky. (2021) "Deep Learning for Automatic 

Segmentation of Hybrid Optoacoustic Ultrasound (OPUS) Images," in IEEE Transactions on Ultrasonics, 

Ferroelectrics, and Frequency Control, vol. 68, no. 3, pp. 688-696, March 2021, doi: 10.1109/TUFFC.2020.3022324. 

11. Saha, M., & Chakraborty, C. (2018). Her2Net: A Deep Framework for Semantic Segmentation and 

Classification of Cell Membranes and Nuclei in Breast Cancer Evaluation. IEEE Transactions on Image 

Processing, 27(5), 2189–2200. 

12. Pereira, S., Pinto, A., Alves, V., & Silva, C. A. (2016). Brain Tumor Segmentation Using Convolutional Neural 

Networks in MRI Images. IEEE Transactions on Medical Imaging, 35(5), 1240–1251. 

13. Xing, F., Xie, Y., & Yang, L. (2016). An Automatic Learning-Based Framework for Robust Nucleus 

Segmentation. IEEE Transactions on Medical Imaging, 35(2), 550–566. 

14. Sourati, J., Gholipour, A., Dy, J. G., Tomas-Fernandez, X., Kurugol, S., & Warfield, S. K. (2019). Intelligent 

Labeling Based on Fisher Information for Medical Image Segmentation Using Deep Learning. IEEE 

Transactions on Medical Imaging, 1–1. 

15. Dolz, J., Gopinath, K., Yuan, J., Lombaert, H., Desrosiers, C., & Ayed, I. B. (2018). HyperDense-Net: A hyper-

densely connected CNN for multi-modal image segmentation. IEEE Transactions on Medical Imaging, 1–1. 

16. Mansoor, A., Cerrolaza, J., Perez, G., Biggs, E., Okada, K., Nino, G., & Linguraru, M. G. (2019). A Generic 

Approach to Lung Field Segmentation from Chest Radiographs using Deep Space and Shape Learning. IEEE 

Transactions on Biomedical Engineering, 1–1. 

http://www.ijcrt.org/

