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ABSTRACT
Deep learning (DL) has proved successful in medical imaging and, in the wake of the recent COVID-19 pandemic, some works have started to investigate DL-based solutions for the assisted diagnosis of lung diseases. While existing works focus on CT scans, this paper studies the application of DL techniques for the analysis of lung ultra sono graphy (LUS) images. Specifically,   we present a novel fully-annotated dataset of LUS images collected from several Italian hospitals, with labels indicating the degree of disease severity at a frame-level, video-level, and pixel-level (segmentation masks). Leveraging these data, we introduce several deep models that address relevant tasks for the automatic analysis of LUS images. In particular, we present a novel deep network, derived from Spatial Transformer Networks, which simultaneously predicts the disease severity score associated to a input frame and provides localization of pathological artefacts in a weakly-supervised way. Furthermore, we introduce a new method based on uninorms for effective frame score aggregation at a video-level. Finally, we benchmark state of the art deep models for estimating pixel-level segmentations of COVID-19 imaging biomarkers. Experiments on the proposed dataset demonstrate satisfactory results on all the considered tasks, paving the way to future research on DL for the assisted diagnosis of COVID-19 from LUS data.

                                     CHAPTER-1
INTRODUCTION
[bookmark: bbib1][bookmark: bbib2]While COVID-19 provides the motivation for large scale clinical and imaging data collection and dissemination efforts, opportunities for leveraging artificial Intelligence (AI) are rapidly increasing. The academic field of Artificial Intelligence attempts to both understand and build intelligent entities, and encompasses both Machine Learning and its subfield Deep learning. Deep Learning is realized through algorithms which are structurally composed of artificial neurons and multiple data processing layers in a deep architecture referred to as a Deep Neural Network. A subtype, namely Convolutional Neural Networks (CNNs) have proven themselves particularly successful due to astonishing breakthroughs in image and video processing, and have been of great interest to the radiology community due to its potential applications. The data of interest is input to the network along with its ground truth label; for example the pixel data of a chest x-ray along with the diagnosis ‘pneumonia’. Large amounts of input data are required, and through the so-called ‘training phase’, the processing layers in the neural network are able to learn representations of the input data with higher and higher level of abstraction. In a classification task, the output layer of the CNN can finally learn to associate one or several classes with the input image, meaning that in the chest x-ray example the CNN learns to detect and classify pneumonia on chest x-rays. In this review, we discuss some of the ways that AI has played a role assisting with this pandemic, particularly from the point of view of thoracic imaging. Chest X-ray and Chest CT are the two most common imaging studies for diagnosis and management of COVID-19 patients. In their favor, chest radiography and CT scans are readily available at most medical centers, are routinely obtained and usually interpreted with faster turnaround than the SARS-CoV-2 laboratory examination. To note, while out of the depth of this manuscript, an excellent comparative assessment of 17 CNNs was performed by Elgendi et al. with regards to various architectures to use in the radiographic diagnosis of COVID-19, and they identified an optimal pretrained deep neural network for the task of detecting COVID-19 pneumonia. Lung ultrasound (LUS) has an established evidence base and has proven useful in previous viral epidemics. An understanding of the utility of LUS in COVID-19 is crucial to determine its most suitable role based on local circumstances.
Online databases, specialist websites and social media platforms were searched to identify studies that explore the utility of LUS in COVID-19. Case reports and recommendations were excluded.
In total, 33 studies were identified which represent a rapidly expanding evidence base for LUS in COVID-19. The quality of the included studies was relatively low; however, LUS certainly appears to be a highly sensitive and fairly specific test for COVID-19 in all ages and in pregnancy.
There may be LUS findings and patterns that are relatively specific to COVID-19; however, specificity may also be influenced by factors such as disease severity, pre-existing lung disease, operator experience, disease prevalence and the reference standard. Corona virus disease 2019 (COVID-19) is caused by severe acute respiratory syndrome corona virus 2 (SARS-CoV-2) and was declared a global pandemic on 11th March 2020 by the World Health Organisation. As of the 10th June, there have been over seven million confirmed cases and over 400,000 deaths. The evidence base for lung ultrasound (LUS) is well established. In 2008, LUS was found to have an accuracy of greater than 90% for some of the most common causes of dyspnea . In 2011, an international panel of experts made evidence-based recommendations supporting the use of LUS in pneumothorax, interstitial syndrome, consolidation and effusion. The evidence base for LUS continues to grow and recently there have been several large, high-quality studies assessing the accuracy of LUS in specific conditions. In 2015, a prospective study of over a 1000 patients found incorporation of LUS into clinical assessment significantly improved sensitivity (97%) and specificity (97.4%) for acute heart failure, And in 2018, a meta-analysis of over 5000 patients found LUS to be 92% sensitive and 93% specific for community-acquired pneumonia. LUS has also proven useful during recent viral epidemics. In the 2009 influenza (H1N1) epidemic, LUS was found to be accurate in differentiating viral and bacterial pneumonia,  and during the avian influenza (H7N9) epidemics LUS was found to be superior to CXR (chest radiograph) with a sensitivity of 94% and specificity of 89%.By contrast, the sensitivity of CXR for COVID-19 has been estimated at between 59% and 69% in admitted patients, and as low as 42% in symptomatic ambulatory patients. The sensitivity of RT-PCR (real-time polymerase chain reaction) for COVID-19 depends upon various factors including the site and quality of sampling, stage of disease, gene targets and disease prevalence. A range of sensitivities has been reported  and whilst there is some degree of uncertainty, the sensitivity of RT-PCR using current techniques is estimated at 70%. CT (computed tomography) is highly sensitive for COVID-19 (estimated at between 97% and 98%), however LUS has several logistical advantages over CT. Firstly, hospitals may simply lack the capacity to perform CT as a routine screening test for COVID-19. Secondly,   bedside LUS has been recommended to prevent no socomial spread and has indeed been shown to reduce healthcare worker exposure to COVID-19 by reducing the intra-hospital transfers associated with conventional imaging.  Other advantages of LUS over CT include reduced cost, repeatability, lack of radiation exposure and rapid image acquisition time. LUS has been shown to improve diagnostic accuracy in patients who present with acute respiratory symptoms and is increasingly used by the frontline clinicians who assess these patients. Ultrasound machines continue to improve in quality, affordability and portability and new technologies such as remote tele guidance have the potential to further extend the accessibility of point-of-care ultrasound. The LUS findings in COVID-19 are well described and include B lines, pleural line abnormalities and consolidation. However, the most suitable role for LUS in COVID-19 is still unclear. Various roles have been proposed including triage, diagnosis, prognostication, severity scoring, monitoring progression and guiding interventions.  An understanding of the utility of LUS in COVID-19 is crucial for clinicians, departments and organisations to be able to determine its most suitable role based on local circumstances.
Inclusion and exclusion criteria:
Included were any trials or case series that explored the utility of LUS and involved patients of any age with suspected or confirmed COVID-19. Excluded were case reports and recommendations as well as non-English and non-human studies. 
After University of Western Ontario Research Ethics Board (REB 115723) approval, LUS exams performed at London Health Sciences Centre’s 2 tertiary hospitals were identified within our database of over 100,000 point-of-care ultrasound exams. The curation and oversight of this archive have previously been described. The goal of this study was to determine if a deep neural network could distinguish between the B line profiles of 3 different disease profiles, namely 1) hydrostatic pulmonary edema (HPE); 2) non-COVID ARDS (NCOVID) causes; and 3) COVID-19 ARDS (COVID). These profiles were chosen deliberately to challenge the neural network to classify images with obvious qualitative differences (HPE vs ARDS) and with no obvious differences (NCOVID vs COVID) between their B lines patterns .The COVID class consisted of confirmed cases of COVID-19 via reverse-transcriptase polymerase chain reaction test. The NCOVID class consisted of an assortment of causes: aspiration, community acquired pneumonia, hospital acquired pneumonia and viral pneumonias. Exams were conducted as part of patient encounters in the emergency department, intensive care unit and medical wards across the 2 hospitals.










                                                     



                                                   CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

Interstitial lung disease: When the state of eruption decreases due to the accumulation offluid or cells, the ultrasound beam travels deeper in the lung. This phenomenon creates vertical reverberation lines known as B-lines  . Hyperechoic B-lines start at the pleural line, extend to the bottom of the image without fading, and move with lung sliding. The lower the air content in the lung, the more B-lines are visible in the image. Multiple B-lines in certain regions indicate lung interstitial syndrome. This paper provides a review of contemporary methods for both the segmentation and classification of LUS and is organized as follows: The next section provides a   review of existing manual diagnostic techniques currently being employed around the world. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM 
LUS offers a supplementary screening tool available in any healthcare center. It can allow for a first screening to discriminate between low and high-risk patients. Routine LUS is much easier to implement as a screening tool than other imaging methods and thus earlier and more frequent lung examinations can be offered, even directly in COVID-19 assessment centers outside of hospitals. In the absence of sufficient COVID-19 testing kit availability, LUS can assist in diagnosing patients; LUS images can be obtained directly at bedside reducing the number of health workers potentially exposed to the patient. Currently, the use of chest X-Ray or CT scan requires the patient to be moved to the radiology unit, potentially exposing several people to the virus. With LUS, the same clinician can visit the patient and perform all required tests. This is a primary point since recent data shows that in severely affected countries about 3–10% of infected patients are health workers, worsening the serious problem of health professionals’ shortage Buonsenso et al. (2020); Discharged patients can be actively monitored with LUS imaging directly in their homes. This is crucial in long-term care homes and in regions with saturation of admission in hospital beds; Portable ultrasound machines are easier to sterilize due to smaller surface areas than CT scans; LUS is radiation free and can be performed every 12–24 h, allowing close monitoring of clinical conditions and also detecting very early change in lung involvement; LUS can be easily performed in the outpatient setting by general practitioners. This would also allow a better pre-triage to determine which patients should be sent to a hospital; Lastly, LUS is an inexpensive instrument and can be easily deployed in resource-deprived settings. In case of a massive spread, traditional imaging such as CT scan is much more difficult to be performed compared to LUS.

2.2. PROPOSED SYSTEM 
VGG16 is a convolutional neural network model proposed by K. Simonyan and A. Zisserman from the University of Oxford in the paper “Very Deep Convolutional Networks for Large-Scale Image Recognition”. The model achieves 92.7% top-5 test accuracy in Image Net, which is a dataset of over 14 million images belonging to 1000 classes. It was one of the famous model submitted to ILSVRC-2014. It makes the improvement over Alex Net by replacing large kernel-sized filters (11 and 5 in the first and second convolutional layer, respectively) with multiple 3×3 kernel-sized filters one after another. VGG16 was trained for weeks and was using NVIDIA Titan Black GPU’s.

2.2.1. ADVANTAGES OF PROPOSED SYSTEM
In this paper, we present all results omitting the uninformative class, as it is not relevant for the analysis of differential diagnosis performance and would bias the results, that is, lead to a higher classification accuracy due to the recall and precision of almost 100% for the uninformative class (please refer to Appendix C.1 for results including uninformative data).
All hidden layers are equipped with the rectification (ReLU) non-linearity. It is also noted that none of the networks (except for one) contain Local Response Normalisation (LRN), such normalization does not improve the performance on the ILSVRC dataset, but leads to increased memory consumption and computation time.VGG16 significantly outperforms the previous generation of models in the ILSVRC-2012 and ILSVRC-2013 competitions. The VGG16 result is also competing for the classification task winner (GoogLeNet with 6.7% error) and substantially outperforms the ILSVRC-2013 winning submission Clarifai, which achieved 11.2% with external training data and 11.7% without it. Concerning the single-net performance, VGG16 architecture achieves the best result (7.0% test error), outperforming a single GoogLeNet by 0.9%.
                               CHAPTER 5
CONCLUSION
Current advancements in ultrasound image processing provides health care practioners a means of imaging lungs toiagnose COVID-19. The methods presented in this article may aid in interpreting LUS images autonomously or semi-autonomously, thus allowing doctors without sonogoraphictraining to diagnose COVID-19. Integration of image processing for COVID-19 diagnosis into handheld ultrasound machines can be used for beside monitoring, as atriaging tool for quickly diagnosing the severity of COVID-19present.As the COVID-19 pandemic and its characteristic traits are so new to medical research, there is a severe lacking of databases with significant resources. But as with every disease that has come before, those resources will come with time. Further, those databases combined with LUS will allow for more in-depth, greater diagnostic tools.
LUS is almost certainly more sensitive than chest radiograph for COVID-19 and has several advantages over computed tomography and real-time polymerase chain reaction. High-quality research is needed into various aspects of LUS including: diagnostic accuracy in undifferentiated patients; triage and prognostication; monitoring progression and guiding interventions; the persistence of residual LUS findings; inter-observer agreement and the role of contrast-enhanced LUS.  The evidence base for LUS in COVID-19 is rapidly expanding but the methodological quality of the identified studies was relatively low. It is difficult to make a precise estimate of diagnostic accuracy of LUS in COVID-19 as both sensitivity and specificity may be influenced by various factors including disease severity, pre-existing lung disease, scanning protocol, operator experience, disease prevalence and the reference standard. However, LUS appears to be a highly sensitive and fairly specific test for COVID-19 in all ages and in pregnancy. LUS is almost certainly more sensitive than CXR and has several advantages over CT and RT-PCR. With strong performance in distinguishing lung ultrasound images of COVID-19 from mimicking pathologies, a trained neural network exceeded human interpretation ability and raises the possibility of disease-specific, sub visible features contained within lung ultrasound images. Further research using well-labelled, multi-center data is indicated.
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