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Integrating Digital Twins and Deep Learning for Medical
Image Analysis in the era of COVID-19
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Abstract: Background Digital twins are virtual representations of devices and processes that capture the physical
properties of the environment and operational algorithms/techniques in the context of medical devices and tech-
nologies. Digital twins may allow healthcare organizations to determine methods of improving medical processes,
enhancing patient experience, lowering operating expenses, and extending the value of care. During the present
COVID-19 pandemic, various medical devices, such as X-rays and CT scan machines and processes, are constantly
being used to collect and analyze medical images. When collecting and processing an extensive volume of data in
the form of images, machines and processes sometimes suffer from system failures, creating critical issues for
hospitals and patients. Methods To address this, we introduce a digital-twin-based smart healthcare system
integrated with medical devices to collect information regarding the current health condition, configuration, and
maintenance history of the device/machine/system. Furthermore, medical images, that is, X-rays, are analyzed by
using a deep-learning model to detect the infection of COVID-19. The designed system is based on the cascade
recurrent convolution neural network (RCNN) architecture. In this architecture, the detector stages are deeper and
more sequentially selective against small and close false positives. This architecture is a multi-stage extension of the
RCNN model and sequentially trained using the output of one stage for training the other. At each stage, the
bounding boxes are adjusted to locate a suitable value of the nearest false positives during the training of the
different stages. In this manner, the arrangement of detectors is adjusted to increase the intersection over union,
overcoming the problem of overfitting. We train the model by using X-ray images as the model was previously
trained on another dataset. Results The developed system achieves good accuracy during the detection phase of
COVID-19. The experimental outcomes reveal the efficiency of the detection architecture, which yields a mean
average precision rate of 0.94.
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1 Introduction

Driven by Industry 4.0/5.0, the idea of “tal Twins” has given rise to new industrial simulation models. Digital
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twins are virtual representations of physical objects or processes used to analyze, simulate, verify, test, adjust
and optimize real products or processes and increase their value in real-life settings. This indicates that digital
twins involve both up-to-date and historical data regarding the state of real-world products or processes.
Healthcare organizations can employ digital twins to achieve better insights into product/device/equipment
performance, enhance client service, and make more suitable operating and strategic decisions for various
applications, including automobile, aerospace, manufacturing, production, cargo shipping, smart cities, and
the industrial Internet of Things (IoT), particularly smart healthcare[1].
The healthcare sector is rapidly embracing digital twin technology, as shown in Figure 1. This technology

acts as a digital replica for the physical devices/machines/systems used in the healthcare sector and facilitates
evaluation and monitoring without being in close proximity. Integrating dynamic data into a virtual re-
presentation for different medical applications enables proactive decision-making, process optimization, and
complete lifecycle management in healthcare. Digital twins can provide a secure environment for testing the
changes that affect the performance of devices/machines/systems[2]. The reality of system dynamics can be
interpreted by using machines, processes, or living bodies to identify problems on time if and when they occur
and execute necessary changes or procedures. This will allow optimal solutions and threat reductions, essential
in the healthcare sector. Intelligent machines are more likely to develop similar to humans and collect and
communicate data consistently and accurately.
Digital twins play an essential role in patient care, equipment maintenance, and hospital design. For

example, as shown in Figure 1, when an image of a patient or human organ virtually reproduced, and a digital
twin based system is developed using important data collected from different biomedical sensors and ubi-
quitous wearable sensors. Similar to a smartwatch, real-time information on the blood pressure, pulse rate,

Figure 1 Digital twins in the healthcare sector: digital twins can be used to virtually collect, process, and analyze the data related to
the human body, equipment, and hospital.
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body temperature, sleep patterns, and general physical activities of a patient or human can be obtained. A
virtual model can be created during clinic or hospital visits by using laboratory testing data, and diagnostic
imaging investigations can be conducted. Furthermore, genetic data can be coded as digital twins. When all
these data are combined into a single virtual model, all the details of the patient’s medical history are available
to support decision-making.
Digital twins can be a virtual representation of medical devices and technology that can be used to collect

information related to the device’s health condition, configuration, and maintenance. For example, the chillers
in X-ray machines and MRI scanners are used as refrigeration units to cool down the machines. The in-
formation obtained through these imaging machines can provide data regarding the recorded operation device
temperatures, which can instantly affect the life of the remaining functional parts. Moreover, various other
signals, including fluid levels, vibrations, pressures, electrical voltages, environmental parameters, and device
implementation metrics, can be collected to construct an up-to-date virtual model of a medical device. As
illustrated in Figure 1, digital twins can be considered on a large scale, where dynamic operations and
processes of the entire medical building or organization can be simulated virtually. For instance, the digital
twin of a hospital can be used to model departments and resources that can optimize their everyday operations.
These facilities and structures could be, for instance, a radiology department, an intensive care unit, a patient
waiting area, or an operating room. A digital schematic design can simulate floor designs, equipment logistics,
and locations. In addition, operational information from hospital databases, such as staff timetables, organi-
zational assignments, and economic transactions, can be included in a virtually constructed layout.
This discussion indicates that if all these strategies are combined in a virtual representation model, diag-

nostics and treatment processes can be improved. Furthermore, Digital twins can produce a safe environment
for examining the effects of modifications in system performance without hazards. In December 2019, severe
acute respiratory syndrome coronavirus 2 (SARS-CoV-2; also named coronavirus or COVID-19) emerged,
and it affected and still affects millions of people around the world0F1). It has several effects that make it
highly contagious, thus enforcing people to adapt government safety and prevention measures, such as social
distancing[3,4]. Medical imaging facilities are in high demand, and CT scans and X-ray machines are widely
used for diagnosing the infection in patients[5-7]. The immense demand for diagnostic medical imaging has
become a logistical challenge for health organizations and providers worldwide. Researchers are trying to
provide solutions for the best use of space, types of equipment, and medical staff to deliver the best potential
care for patients. In this case, an effective, robust, and high-fidelity simulation is necessary. Thus, we present a
smart digital-twin-enabled healthcare system for diagnosing and detecting COVID-19 infection by using
medical images. The developed system is combined with medical machines/devices to utilize and collect
information regarding the device’s current health condition, configuration, and maintenance history. The
medical images, (chest X-rays) are further analyzed using the cascade recurrent convolution neural network
(RCNN) architecture for detection purposes. The possible contributions of the present study are as follows:
• A digital-twin-enabled healthcare system is enabled for diagnosing and detecting COVID-19 infections by
using medical images.

• Transfer learning is applied for training the model using X-ray images of COVID-19 and for a new dataset.
Data augmentation is performed to enhance the detection results of COVID-19.

• A deep-learning-based architecture is utilized to apply different confidence threshold values so that the
bounding boxes are adjusted effectively for locating a suitable set of nearest false positives during training.

• The system’s effectiveness is validated by employing other techniques in terms of accuracy.
The remainder of the paper is structured as follows. Different methods suggested for detecting SARS-CoV-2

1) https://covid19.who.int/
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by using medical images are summarized in Section 2. Section 3 describes the developed system that uses a
digital twin for analyzing and detecting infected areas in the X-ray images. The dataset used to evaluate the
system is presented in Section 4. This section also provides the details of the experimental results and the
evaluation parameters. The final section concludes the paper with some future guidelines.

2 Related work

Digital twin technology has become an emerging concept in the healthcare sector in recent years. Researchers
have utilized this technology in various healthcare applications involving artificial intelligence, deep learning,
IoT, and big data[5,6,8]. Ahmed et al. used a faster RCNN model to monitor the COVID-19 virus by employing
X-ray images[5]. An IoT-enabled deep-learning model was recently presented for screening COVID-19 by
using X-ray images[6].
The concept of digital twins for various applications of tools and methodologies was described in multiple

studies to improve the workflows, processes, and operations of operating rooms in the healthcare sector[9]. An
intelligent context-aware healthcare system utilizing a digital twin framework was proposed[10]. Researchers
have also studied and utilized digital twin technology during the current pandemic[11]. Pilati et al. developed a
digital twin by combining the physical and virtual devices and systems and performed real-time monitoring of
patient flow to build a dynamic and sustainable center for vaccination[11]..The role of digital twins during the
COVID-19 outbreak was presented in[12].
Researchers have applied different deep-learning architectures and models for the classification, detection,

and segmentation of the coronavirus infection; for example, biomedical image data have been used[13‒20],
including chest/lung X-rays and CT scans[14,21,22]. Various neural network models have also been compared to
classify X-ray images as coronavirus images[23]. Wang et al. presented a convolutional neural network (CNN)-
based system for classifying X-ray images into SARS-CoV-2, pneumonia, and normal images[24]. The residual
neural network (RNN) model was studied for analyzing X-rays of viral and infected pneumonia[25]. Pathak et
al. introduced a deep-learning model using transfer learning to classify infected cases using CT scans[26]. A
CNN-based differential model was proposed to discriminate SARS-CoV-2 cases using chest CT scan data[27].
Hossain et al. proposed a healthcare system based on artificial intelligence to detect coronavirus, using images
captured from CT scans and X-ray machines[28]. Muhammad et al. presented a multi-layer fusion-based model
for SARS-CoV-2 and non-SARS-CoV-2 classification[29], by using images recorded from an ultrasound ma-
chine.
Shorfuzzaman et al. proposed a neural network system that used contrastive loss to recognize SARS-COV-2

in X-ray images[30]. A detection system based on transfer learning and neural networks was introduced for
analyzing X-ray images[31]. COVID-19 was identified by using a developed dataset that included 1,144 X-rays
of a virus, pneumonia, and normal images[32]. Some researchers have also used big data analytics; for example,
a smart neural network and big-data-analytics-based framework was presented for pandemic prediction[33]. A
2D CNN model was trained[34,35] for a dataset collected from[36]. Different pre-trained designs were combined
with the regularization of support vector machines[34]. A network was proposed by leveraging the power of
capsule networks with different architectures to increase classification accuracy[37]. A deep-learning-based
diagnosis framework was introduced to assist medical experts in identifying patients with symptoms of
COVID-19 and pneumonia in CT scan data[38].
A 3D deep network was studied[39], and a model comprising a pretrained U-Net and two 3D residual blocks

was proposed. Furthermore, 3D deep networks were employed for the segmentation of CT images[40]. GAN-
incorporated data were used to enhance the learning of a discriminating paradigm for the segmentation of
diseased lungs[41]. A deep neural network was proposed for tumor segmentation in lung CT slices by com-
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bining various residual layers of modifying resolutions[42]. An explainable method was developed for diag-
nosing viral infections by using a shared segmentation and classification approach[43]. An automated system
that segments viruses caused by COVID-19 was presented in[44]. This method provides a quantitative measure
of the infection to medical experts. The technique involves the segmentation of lung infections based on the U-
Net architecture. A small network was presented for the effective segmentation of deadly viral diseases by
using CT scans[45]. A U-Net-based computerized model was introduced for infection segmentation in lung CT
images[46]. A deep-learning model was proposed for the segmentation of lung infections, and it was named Inf-
Net[47]. The model automatically recognized infected regions in the CT scan data. An identical partial decoder
was used to combine distinctive features and produce a global map. Reverse and specific edge attention were
applied to enhance the representations and boundaries. Five CNN pre-trained models were investigated for the
classification and analysis of patients using a chest X-ray dataset[47]. At present, researchers utilize IoT for
smart healthcare frameworks; for example, monitoring systems for patients were introduced by using deep
learning, time frame rules, and pairwise keypoint distance features[48‒50].
This discussion reveals that researchers have presented various methods and techniques for the classification

and detection of the viral COVID-19 infection by utilizing medical images captured using X-rays and CT scan
machines. Researchers have adopted state-of-the-art deep-learning techniques to detect and identify infectious
diseases by combining their frameworks with IoT and big data. However, to the best of our knowledge, digital
twin technology that combines advanced machines/equipment and deep-learning models has not been ex-
plored to analyze medical images for the detection of COVID-19 infected regions and areas in patients’
images. Thus, in this work, we present an advanced digital-twin-enabled model to analyze COVID-19 X-ray
images.

3 Methodology

In this study, we introduce a digital-twin-enabled smart healthcare system. The developed system is based on
deep learning used to detect the COVID-19 virus in the infected lungs of patients. A schematic illustration of
the developed system is shown in Figure 2. The lungs of patients are analyzed using X-ray machines. Several
images are collected to analyze the infection. The collected data in conventional systems are subjected to an
artificial-intelligence-based deep-learning model, where the necessary classification and detection are per-
formed after data pre-processing. In such cases, inspection revocations and unpredictable workflow disrup-
tions are crucial problems for healthcare organizations. Moreover, all medical equipment should be prepared
and be functional when needed in critical situations. Failure of the system can also generate unexpected
downtime, which is expensive and uncomfortable for the patient. These situations negatively affect clinical
outcomes. However, stopping the demand for maintenance is impossible, and recognizing potential problems
before they occur is challenging.
When the same system is combined with the developed digital twin concept, where the same devices,

systems, and environment are virtual, created, analyzed, tested, and validated, handling the aforementioned
issues becomes easy. Using the data collected from the same device sensors in a virtual environment, we can
track and analyze early indications of upcoming technical issues.
In digital twins, the potential problems can be analyzed before they occur, so scheduling equipment

maintenance at a time is possible. Although the system data are analyzed in advance, the engineer knows
exactly what type of maintenance is required. Moreover, because continuity of care is very important for
healthcare organizations and patients, there is notable value in identifying potential technical problems in
medical systems and devices and solving them before they occur. Figure 2 shows that the population collected
data are virtually increased from the foregoing patients. The dataset was utilized to design and validate
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mechanistic and statistical models and develop a population-based digital twin. The new patient data were
analyzed using the existing model—the assessment and interaction between digital twins and the real world.
According to the follow-up data, the digital twins were designed in line with the condition of the patients, that
is, adjusting and improving the results. The resultant outcomes were added to alter the data and improve the
follow-up medical data. We developed this system for the analysis of COVID-19 infection using X-ray
images.
The developed system assists medical experts in analyzing the severity of infection using the confidence

score of the detection results. We performed the necessary preprocessing, data augmentation, and virus
detection for detection purposes. The datasets used for the experimentation were collected from different
available online resources. To detect the virus in X-ray images, we trained the deep-learning model, cascade-
RCNN[51]. The processing job was performed on the Internet using cloud computing at a high computation
speed. After training, the deep-learning-model results were forwarded to medical experts for further analysis.
The details of the deep-learning system shown in Figure 3 are as follows.
The primary stage network, also called the proposal sub-network (H0), is an extended version of the Faster-

CNN, applied to the complete input image to produce initial detection proposals, also called hypotheses. In the
next stage, these detected proposals are treated by the detection head, denoted as the region-of-interest (RoI)

Figure 2 Envisioned workflow utilizing the fully developed digital twin concept for analyzing and detecting COVID-19/SARS-CoV-2
in X-ray images. The collected data from X-rays machines are analyzed using deep learning. In the digital twin, the number or
population data is increased and collected for preceding patients; this information is used to create and validate the mechanical model.
Finally, the digital twin model is analyzed and integrated with conventional data to assist medical facilities in decision-making.
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and detection subnetwork (H1). The bounding box (B1) and classification score (C1) were assigned to each
hypothesis. The first stage’s detected bounding box (B1) was not sufficiently accurate. Therefore, (B1) is
regressed the same as the input into (H1) again to obtain the bounding box (B2), and so on. This iterative
process attempts to slowly fine-tune the bounding box to obtain precisely detected boxes. The equation for
iterative bounding box regression is defined as

In this equation, all heads, f or (H1), in the figure are the same. It is used repeatedly to enhance performance.
For all bounding boxes, the four coordinates, b=(bx, by, bw, bh), are obtained using image x. The regressor
function primarily reverts a selected/ and obtains bounding box b using a single function, f(x, b). Usually, there
is no progression beyond twice. Furthermore, during training, there is a single H1, whereas multiple H1 during
inference generates a mismatch between the training and testing. This is similar to the post-processing step.
The integral loss of the different heads was used as follows:

The cross-entropy loss function is presented as , where y denotes the label of classes for x, and the
intersection over union (IoU) threshold is identified as u. The quality of the detector model is defined using U
ranging from 0.2 to 0.7. This was also applied to determine the negative and positive samples. In this work, we
used high and low threshold values of 0.5 and 0.7. During the inference, the classifiers were assembled.

Figure 3 Deep-learning model used to detect SARS-CovV2/ COVID-19 infection, the feature pyramid network output is given to
Cascade RCNN as input. The obtained feature maps are forwarded using the RoI pool layer. The Region Proposal Network (RPN) is
used to extract region proposals. Different colors represent different anchors, whereas similar anchors are specified with one color. To
categorize anchors into negative and positive samples, the network used RPN, while the regression is applied for fine-tuning of the
extracted bounding boxes. The input medical image is processed using backbone convolutional layers “nv” here, we used Resnet101,
and then extracted features or proposals are passed within the polling layer.
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However, high-quality classifiers are also prone to overfitting. Furthermore, these classifiers must process
low-quality detected proposals for which they are not optimized. Thus, additional heads, (H1, H2, H3), are used
at different stages, as shown in Figure 3 and in the following equation.

T indicates the cumulative number of stages, and fT is optimized for a similar (bT) obtained from the
corresponding stage. A cascade network is progressively used to enhance object proposals. A precisely defined
threshold is given to all the detection heads of the network, starting from small to large, as shown in Figure 3.
Regression in the cascade network is usually denoted as the resampling scheme rather than post-processing.
This provides positive samples for the other stages. Furthermore, no difference was found between the
inference of the training and testing because the model and IoU thresholds were identical. Consequently,
cascade regression resamples the distributions successively for higher IoUs. All cascade stages were designed
for one distinct IoU threshold, from small to large.
At detection stage t, the model contains classifier ht and regressor ft, augmented for IoU thresholds, and the

cost of the threshold differs from . The minimized loss function is given as

In Equation (4), ground truth g is for object xt, is the trade-off coefficient equal to 1, and the label of the
detected object is represented as yt. It does not eliminate negative samples but attempts to obtain a good
collection of false positives, which are closed and used for further training so that bounding boxes are adjusted.
The series of detectors decreases the overfitting problem by using higher IoUs during the training. Moreover, a
similar cascade approach was applied for the inference. After training, testing samples are used to evaluate the
developed system at the output, as shown in Figure 3. We obtained the desired results when an infected area
was detected. In the developed system, by producing a digital-twin-enabled system, the operational strategies,
staffing, capacities, and care models can be observed to regulate the actions on time when needed. This
identifies any inefficiencies and problems to be speckled rapidly to save time, expenses, and lives.

4 Experiments and results

An experiment conducted by employing the aforementioned model is presented in this section. First, we
discuss training and validation observations, and second, the output results of the detection model used for
screening COVID-19 or SARA-CoV-2 infection in X-ray images. Finally, the model evaluation results were
discussed to illustrate the model’s performance. The proposed system was implemented using a Python
programming language OpenCV 3.6 on an NVIDIA-SMI GPU. We used different threshold values for
bounding box regression: the low and high threshold values, ranging between 0.2 and 0.7. The results for all
IoU threshold values are discussed in detail. The datasets utilized in the experiments were collected from
online repositories[52]. The dataset comprised 6334 chest scans for training, re-identified to maintain patient
privacy. All images were in DICOM format and labeled for the existence of opacities and complete appearance
by experienced radiologists. The dataset was randomly split at a ratio of 70% to 30% for training and testing
sample purposes.
The aforementioned model’s training accuracy and loss curves are presented in Figure 4a and Figure 4b,

respectively. The model was trained in 1.5k steps. As shown in Figure 4a, after the 20th step, the loss values
are reduced for training. Figure 4b displays that the training accuracy is improved, and the overfitting problem
is reduced.
The validation performance of the bounding box is shown using the mean average precision (mAP) value in

Figure 5. The model’s performance is enhanced during training, and the mAP nearly equals 0.54.
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The GPU power usage and memory allocation are
shown in Figure 6. The total time utilized during
training was 300 min, power usage ranged between
60 and 40V, memory utilization was 80GBs, and
power usage decreased from 80V to 60V after
180 min.
The detection results are depicted in Figure 7. To

analyze the results, we used two different colored
bounding boxes to show the ground truth labeled as
gt_covid-19_abnormality and predicted bounding
boxes labeled as pred_covid-19_abnormality. Dif-
ferent threshold values of the IoU were used to ex-
tract accurate bounding boxes for COVID-19

detection in chest X-ray images. Thus, we show the visualization results for four threshold values ranging from
0.2 and 0.7. When the threshold value is small, the noise is created, and numerous bounding boxes are
extracted. When the value is high (0.7), no predicted bounding box is obtained as the model searches for higher
values that are not possible in our cases. We also visualized the results for a threshold value of 0.5 and

Figure 5 Validation performance of the model for 10k steps.

Figure 4 Training loss and accuracy curve for the aforementioned model plotted for 10k steps. Both curves are improved with
training data. (a) shows the training loss curve, and (b) shows the accuracy curve. The x-axis shows the total steps (epochs) used for
training, whereas the y-axis shows the loss and accuracy values during training.

Figure 6 GPU utilization in terms of power, time, and memory. (a) Time is 300 min; power usage ranges between 60 and 40V. (b)
Memory utilization is 80 GBs; power usage decreases from 80 V to 60 V after 180 min.
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observed that only a few bounding boxes were predicted to detect COVID-19 infection. By adjusting the
values of the bounding boxes, we finally obtained the best threshold value of 0.4. In this case, we obtained the
best detection bounding boxes for almost all the cases. The visualization results revealed that the deep-learning
model accurately and effectively detect the region where lungs are affected by the virus; even in some sample

Figure 7 Detection results of the deep-learning architecture used for detecting COVID-19 infection; the green color bounding boxes
show the ground truth, and the red color shows the predicted bounding boxes. The column-wise results are provided for different IoU
threshold values.
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cases, very small regions are also detected.
The testing samples provide the results for various cases (Figure 7a); the infected region is very small and is

missed by the higher threshold values. Even though some false positives are obtained when the value is set for
a small threshold, as depicted in Figure 7b and Figure 7d, accurate results are obtained, and infection is
detected in both lungs; predicted bounding boxes are identical to the ground truth bounding boxes. In Figure
7e, we show the results for another sample image, where the deep-learning model effectively detected the
infected area. Because of the noise, the results presented in Figure 7f are not as good as those in the others.
Overall, the results indicated that the performance of the detection model was improved by adjusting its
threshold values.
The results of the detection model are also compared with those of other state-of-the-art methods. The

Cascade RCNN outperforms the Fast RCNN, Faster RCNN, FPN, and Mask R-CNN by a large margin. The
comparison results are presented in Table 1 and Figure 8. The results of the models are improved when IoU
thresholds are adjusted for the bounding boxes.

5 Conclusion and future works

A digital-twin-based smart healthcare system is introduced and integrated with medical devices to collect
information regarding medical devices’ health condition and maintenance history. We analyzed medical
images of patients with COVID-19 or SARS-CoV-2 captured by using X-ray machines. Using X-ray images,
we presented a deep-learning-based system to detect and localize COVID-19 infection. The designed system is
based on the Cascade RCNN architecture. We evaluated the system by conducting experiments using different
threshold values and reduced false positives by adjusting the IoU value during the training. In addition, we
trained the model for chest X-ray images as it was pre-trained on the COCO dataset. The experimental results

Figure 8 Comparison results with state-of-the-art models.

Table 1 Comparison results with state-of-the-art models

S.No
Model Accuracy

Threshold IoU= 0.2 IoU= 0.4 IoU =0.5 IoU = 0.7

1 Fast RCNN 0.7 0.8 0.6 0.4
2 Faster RCNN 0.7 0.85 0.65 0.5
3 FPN 0.6 0.8 0.6 0.5
4 Mask RCNN 0.7 0.85 0.6 0.6
5 Cascade RCNN 0.7 0.94 0.65 0.6
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revealed the efficiency of the detection architecture, yielding an mAP rate of 0.94. In the future, we might aim
to extend the developed system to other explainable artificial-intelligence-based methods and techniques.
More effective solutions can be developed for healthcare organizations to help obtain in-depth information that
might enhance patient experiences and raise the value of care.
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