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ABSTRACT 

The visualization analysis of the flow data of the novel coronavirus pneumonia epidemic can
intuitively show the development dynamics of the epidemic, explore the law of epidemic
transmission, and provide a new way of thinking and method for the analysis of the epidemic
situation. Firstly, the convection-modulated trajectory data is preprocessed, and then the convection-
modulated data is theoretically transferred on the basis of expectation maximization statistics to
realize multi-trajectory fusion algorithm, and finally the trajectory fitting of infected population is
carried out. Finally, the multi-type thematic map is used to combine the flow data with the map
system to realize the visualization of flow data and conduct in-depth analysis, so as to dig out the
distribution characteristics of the flow data, provide a reference for the prevention and control of the
novel coronavirus epidemic in a place, enable people to correctly understand the spread of the
epidemic, and promote the development of preventive medicine. 
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1. INTRODUCTION 

At present, the incidence of all kinds of epidemics is increasing[1] year by year, of which the novel 
[2]coronavirus disease is the most serious public health event since the 21st century, with the 
emergence of various "[3]variant of concern (VOC)". The Delta strain[4], for example, has not only 
caused serious harm to human health, but also caused huge losses [5]to the global economy. Therefore, 
it is essential to analyze and summarize the epidemic, among which the data analysis of 
epidemiological survey (hereinafter referred to as "flow survey") is extremely important. 

Various research centres, federal and provincial websites provide multiple forms of visualization. 
Most of these visualizations focus on one part of the message. For example, the health big data 
platform of the regional health information system in Ningbo, Zhejiang province, has seen initial 
results in epidemic prevention and control[6]. Johns Hopkins University (JHU) focuses on global and 
US trends[7], while the dashboard [8]created by the World Health Organization (WHO) focuses on 
global trends, but there is a greater need for a visualization that can provide more information than 
trends, such as the analysis of convection-based data to help track the spread[9] of the virus. 

Traditional stream-modulated analysis methods generally obtain relevant data through manual survey 
methods such as home visit surveys and telephone inquiries. However, under the computer-aided 
calculation, the diagnostic data, OD matrix and other results are obtained by statistical analysis 
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method and corresponding mathematical model. Improving the mathematical model and statistical 
methods can improve the quality of analysis results, but these investigation and analysis methods still 
have the following deficiencies: 

(1) The flow modulation data is large in quantity and low in value density, and it is difficult to dig its 
inherent law in the face of massive data. The trajectory data ignores the attribute information, making 
the clustering logic not rigorous enough. 

(2) In the system, due to the lack of support for the corresponding spatiotemporal model, the time 
attribute is rarely considered in the analysis process, and the unified spatiotemporal system is not 
studied to diagnose the trajectory activities of individuals. 

In view of the above problems, this paper carried out a study on visual clustering and trajectory fitting 
of epidemic flow data. Firstly, relevant data of epidemic flow monitoring in Zhengzhou were 
collected, and the obtained flow monitoring data were based on multi-track fitting of EM algorithm 
to demonstrate the effects of visual trajectory data and trajectory animation, and provide more detailed 
flow monitoring information display. 

Epidemic data covers medical, communications, information media, information technology, and 
other fields, and the data formats are different for different fields. Therefore, according to the fields 
involved in epidemiological data, epidemiological data is divided into four dimensions: spatio-
temporal dimension, semantic level, transmission model, and relevant contextual content. 

The spatio-temporal dimension includes temporal attributes and spatial attributes. Spatiotemporal 
data is a common data used in current visual analysis methods of epidemic transmission. Semantic 
information is mainly based on text data, such as short text data sets[10] related to epidemic data in 
news media or journals, which can visually analyze the content of epidemic text. Epidemic model 
data includes simulated simulation data, model-related parameters, etc. Epidemic model includes 
transmission dynamics model and individual model; The general epidemic model is divided into SI 
model, SIR Model, SIRS model and SEIR model according to the epidemic type. [11]According to 
the transmission mechanism, it can be divided into different types based on ordinary differential 
equation, partial differential equation and network dynamics. These epidemic model data can 
simulate and predict the development trend of different types of epidemics. The epidemiological 
context contains data such as virus genes and popular science information[12]. The presentation of 
epidemic-based images, such as posters of viruses, dynamic information content displays and genetic 
maps, accelerates the public's understanding of the epidemic context. 

According to epidemic data, the tasks of epidemic visual analysis can be divided into the following 
four categories: spatial and temporal visual analysis of epidemic data, focusing on the distribution 
and spread[13] of epidemics; Semantic visual analysis of epidemic data, which mainly mines the 
content of epidemic text data and analyzes emotional changes; Visual analysis of epidemic models 
based on epidemic model data, and visual analysis of information maps that use data modeling to 
analyze the direction of transmission or predict the progress of an epidemic, require less visual visual 
representation of the analysis content based on the content of the interpreted data. Depending on the 
analysis task, different visualization methods can be applied to better present the epidemic data. 

This paper mainly studies how to select appropriate trajectory fitting processing methods to process 
the flow modulation data, and uses visualization technology to display the results of flow modulation 
data processing. Therefore, this paper involves two research directions: trajectory fitting research and 
visualization of fitting results research. 

2. RESEARCH STATUS OF VISUAL ANALYSIS OF TRAJECTORY DATA 

There are usually three methods for visual analysis of trajectory data: direct visualization, aggregate 
visualization, and feature visualization. Direct visualization is the most basic visual analysis method, 
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displaying track data in order for the user to observe. Aggregate visualization first calculates the 
aggregate data of the trajectory and then plots it out. Feature visualization first calculates the features 
of the trajectory and then plots them using direct or aggregate methods. 

2.1. Direct Visualization 

In this approach, the computer is the main star of the "visual" part, while the "analysis" is mostly 
performed by humans. Direct visualization methods can be further divided into position 
animation[25], path visualization[26], space-time cube[27], timeline visualization[28], and parallel 
coordinates[29]. 

2.2. Aggregation Visualization 

When the trajectory data is large, aggregate visualization is generally considered. The aggregation 
calculation of trajectory data is closely related to the spatial data cube[31] in data mining, both of 
which are based on multidimensional data models to carry out statistical analysis of data of each 
dimension. Based on the different[30] selected dimensions, clustering visualization can be divided 
into three categories: spatio-temporal and attribute clustering[32][25], start-destination clustering[33] 
and path clustering.  

2.3. Feature Visualization 

When the features of concern are relatively determined and can be calculated, the feature visualization 
method is used. This method is subdivided into event visualization and pattern visualization. The time 
span that meets certain conditions is called event[34]. Event visualization focuses on partial 
trajectories and related events that meet certain conditions. Trajectory events are all spatial events. 
Pattern visualization can focus on both general and behavioral features[35]. General features are 
applicable to most trajectory data, but behavioral features are only applicable to specific applications. 

2.4. Summary 

Advantages and disadvantages of the three visualizations： 

The advantages of the direct visualization are good tolerance of noise and outliers in data; Suitable 
for exploratory analysis; Accurately retain the information in the data; The method is simple. The 
cons of the direct visualization are not suitable for analysis of a large number of tracks; It is not 
systematic enough and will miss many features; The task of manual analysis is heavy; The analysis 
process is difficult to reproduce and the results are difficult to evaluate. 

The advantages of the aggregation visualization are visual analysis that supports a large number of 
tracks; Can directly answer questions about aggregation characteristics; The pressure of manual 
analysis is reduced. The cons of the aggregation visualization are aggregated data is less intelligible;  

Easy to discard information; It is difficult to study the interaction and relative motion[35] between 
trajectories; Additional programming implementations are required. 

The advantages of the feature visualization are support visual analysis of a large number of tracks; 

Features can be studied directly; It can be searched automatically by computer; Manual analysis is 
less stressful. The cons of the feature visualization are a lot of information unrelated to features is 
lost; Poor support for more exploratory tasks; Feature calculation requires a lot of programming. 

In this paper, trajectory fitting is carried out based on massive flow modulation trajectory data, that 
is, theoretical migration is carried out on the basis of expectation maximization (EM algorithm) 
statistics, multi-trajectory fusion algorithm is realized, and finally trajectory fitting of infected 
population is carried out to achieve visual analysis effect. Provide help for users to understand the 
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epidemic information and enhance their awareness of epidemic prevention. In general, trajectory data 
has characteristics of spatio-temporal sequence, cross-frequency sampling and poor data quality. By 
analyzing the trajectory data of the flow modulation, the moving characteristics of the active areas 
and active scenes of the confirmed patients can be mined. The mining and analysis of the flow 
modulation trajectory data is the key research object of the researchers. 

3. DATA SOURCES 

Data source for this article is: Data Repository by the Center for Systems Science and Engineering 
(CSSE) at Johns Hopkins University. The main experimental data was the trajectory data of a 
confirmed patient in a certain place. Specific data items included patient number, date, location name, 
longitude and latitude coordinates (POI address resolution) and detailed trajectory description,, as 
shown in Fig. 1 and Fig. 2. 

 

Figure 1. Infographic of patient trajectory data 

 

Figure 2. Detailed track description diagram 

In addition to patient information, hospitals are important institutions related to this epidemic. 
Therefore, this project also uses python language and Baidu map API interface to crawl POI points 
of hospitals and delete irrelevant institutions. The hospital-related information obtained is shown in 
Fig. 3. 
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Figure 3. Is the information graph of POI points in hospitals 

Because the data is natural language, it is difficult for computer to recognize, so it is necessary to 
adjust the data structure and convert it into semi-structured data or structured data, so as to facilitate 
the identification and display of trajectory points. Therefore, all the patient track information is 
extracted, including patient ID, date, location name three data items, stored in excel file. 

Based on the above data analysis, in view of the absence, duplication, anomaly and other situations 
in the process of data collection and collation, so to achieve the standardized storage, management 
and application of the data, we need to adopt the corresponding data processing method according to 
the characteristics of the original data, and store and standardize the operation in accordance with the 
specified data table structure and data type. The specific implementation is as follows: 

(1) Vacancy value processing 

Determine whether there is a missing value, if there is a corresponding method to supplement 
according to the data characteristics. 

(2) Abnormal data clearing 

Set the specified range of attribute values, and make average correction to abnormal data. 

(3) The removal of duplicate data 

Delete the duplicate data in the data set and keep only one copy of it, thus eliminating redundant data. 

(4) Format standardization 

The unit, type and size of the data are standardized, and the meaningless characters are deleted. 

Due to the large amount of data of track points, it is time-consuming and labor-intensive to fill in 
longitude and latitude manually, so Geocoder() of Baidu map API is used for address resolution to 
obtain the longitude and latitude coordinates of all points, as shown in Fig. 4. 
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Figure 4. Address resolution result diagram 

(5) Data cleaning 

Because the locus points of some patients are distributed abroad, some are distributed in other 
provinces or surrounding cities, and some addresses have some "same name" phenomenon, when 
using Baidu API for address resolution, the definition of the range is set to a place, there will be a 
part of the locus point location error, so it is necessary to modify the longitude and latitude of the 
analysis error point by using the "Baidu coordinate system". 

In order to better discover the way of transmission, the activity trajectories of infected people should 
be fully excavated. Due to the discrete nature of the continuous movement path, the uncertainty of 
sampling accuracy, location and the influence of pre-processing methods, the analysis of trajectory 
data has brought certain difficulties. Based on the expectation maximization (EM algorithm) statistics, 
the theoretical migration is carried out to realize the multi-trajectory fusion algorithm, and the 
trajectory fitting of the infected population is carried out. Show the effect of visual trajectory data and 
trajectory animation, and visually present the flow modulation data. 

4. RESEARCH METHODS 

This study focuses on the visual analysis of epidemic data in a certain place and the study of the 
transmission chain of the epidemic, which is of great significance for the effective prevention and 
suppression of the epidemic and the protection of people's life safety. Use a variety of intuitive and 
interactive visualizations to visualize the outbreak through patient trajectory data. 

Trajectory fitting with convective data. In the actual data processing, it is necessary to make the error 
of the measured value tend to zero with repeated measurement, and use the arithmetic average idea 
to correct the error of the obtained value for many times to obtain the accurate GPS measured data 
points of the track line, and then fit the processed GPS measured data points of the precise track line 
to generate the track fitting curve. Based on the expectation maximization (EM algorithm) statistics, 
the theoretical transfer is carried out to realize the multi-track fusion algorithm, and finally the 
trajectory fitting of the infected population is carried out. 

Using visual analysis, a reasonable interactive exploration method is designed to help users 
understand the epidemic information, learn relevant epidemic prevention and control knowledge, and 
enhance users' awareness of epidemic prevention. 

This project developed a visualization and analysis system for epidemic flow survey data on the map 
system platform. The visual analysis and modeling of epidemic flow analysis data is accomplished 
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through the combination of various components. Almost all epidemic data is related to geographical 
distribution. The data is first structured and then stored in a database. Each data should have 
corresponding map location parameters, which mainly include epidemic information, time and map 
location attributes. The overall architecture of the system is shown in Figure 5. Firstly, the text 
trajectory information data is obtained, and the original data is pre-processed; Secondly, cluster 
analysis is carried out on the convective trajectory data; Finally, the trajectory fitting results are 
obtained, and the results are displayed by visual analysis. 

 

Figure 5. Research framework for visual analysis of epidemic flow control trajectory data 

Due to the influence of noise and other factors, the flow-modulated data used in this paper has certain 
errors, and the trajectory fitting of the flow-modulated data is easy to cause problems such as track 
segmentation and track information loss. Under this background, this paper puts forward a macro 
trajectory fitting idea, focusing on the trajectory fitting problem. Traditional trajectory fitting can be 
divided into three types: modern intelligent algorithms, parameter estimation algorithms and 
statistical methods. Therefore, this paper proposes a theoretical migration based on the expectation 
maximization (EM algorithm) statistics to realize a multi-trajectory fusion algorithm. 

4.1. EquationsEM Algorithm 

EM algorithm solves the following problems: given input observation variable data Y, hidden 
variable data Z joint distribution, conditional distribution;  ZY ,  ZY ,  And estimate the 

output model parameter θ. For the input model, using the maximum likelihood criterion, the objective 
function can be established: 

         







   ZZYZYYL

ZZ

,lg,lglg
                (1) 

For the above optimization problem, under the condition of complete observed variables, the criterion 
function can be solved by the maximum likelihood estimation (MLE) criterion.  L But in the 
presence of hidden variable Z, the criterion function has no closed solution. It can be regarded as 
known, and the parameter θ is further solved, and the solution is completed after repeated iteration. 
 Z However, this method has the following two shortcomings: in the process of MLE solving, 

there are summation of numerators and denominators and integral terms, and repeated iterations will 
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cause the operation to become complicated; Can not meet the convergence conditions. Solid needs to 
use the EM algorithm, considering that the criterion function after the i th iteration is not less than the 
original criterion function, according to JENSEN inequality: 
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 i The maximum value of the constant term can be omitted, further obtained from the above equation: 
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EM algorithm specific steps are as follows: 

Step 1: Select the initial parameter values and start iteration;  0  

Step 2: Step E (find   iQ  , ): denoted  i as the i th iteration parameter θ estimate, in the i+1 
iteration E step, calculate: 

            iii ,,lg,,lg,  ZYZYYZYQ
Z

Z  
               (4) 

Where: is the conditional probability distribution of the implicit variable 
     ii

,,  ZYZY  Z 

under the given observation data  i Y and the current parameter estimation. 

Step 3: M step to maximize θ,   i,Q that is, on the premise that the conditional probability density 
of the hidden variable is given, MLE is used to achieve parameter estimation. Determine the 
parameter estimates for the i+1 iteration:  1i  

    iQ 


,maxarg1i 

                                (5) 

Step 4: Repeat steps 2 and 3, meet convergence conditions end. 

At this point, the whole derivation process of EM algorithm is completed. 

4.2. Multi-trajectory fitting algorithm 

(1) Mixed Gaussian model 

Derived according to EM algorithm, solve for mixed Gaussian model (GMM).   i
jkj  ，YYZ

kYZ j Denotes that the JTH observation point comes from the KTH model, and denotes the set of 
parameters. K mixed Gaussian models can be used by the full probability formula, which gives: 
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Further write the criterion function: 
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Where:  kkk  ,  is the parameter corresponding to distribution k;  k21 ,  ，，  is the 
parameter set; N is the number of samples. 
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Partial differential solution: 
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Get: 
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Optimize the internal parameters to k get the criterion function: 
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For Gaussian distributions: 
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Derivation of the parameter: 
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At this point, the entire solution of GMM is completed. 
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(2) Mixed Laplacian model 

Due to different mixing models, the parameter forms are also different. Because GMM is an even 
power solution is relatively simple, but the derivative of odd power has a symbolic function, can not 
directly derivative iteration, solid solution of odd power needs to further improve the universality of 
the mixed model (not limited to GMM, Laplace model). For the Laplacian distribution: 

  b

Y

e
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
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2

1

                                (15) 

Where: μ is the mean value; b is the steepness coefficient. 

For the mixed distribution of K models: 
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The E step is the same as the GMM solution, which is applicable to any mixed model. The same is 
true for solving the coefficients in step M, for solving the steep coefficients b: 
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To solve the mean: 
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At this time, iterative solution cannot be completed, and in the final state of iteration, the parameters 
of order i can be considered to be approximately equal to the parameters of order i+1, thus the 
derivation result above is converted to: 
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Thus completing the iteration of the mean: 
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At this point, the parameter solution of the odd-power mixed model is completed. 

(3) Mixed linear model 

For different distributions, the noise characteristics of the radar signal received by the sensor are 
different. After solving the parameters based on most random stationary noise scenarios, we discuss 
how to migrate from the mixed distribution model based on EM to the trajectory fitting algorithm. 

The maximum likelihood (MLE) algorithm can be used to fit a single trajectory. Multiple trajectories 
can not be directly applied for trajectory fitting. Suppose a bunch of data points, produced by 2 
straight trajectories:  jj yx ,  
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Where: jn1 and jn2  respectively are the corresponding random noise. 

MLE can not be used directly to obtain parameters, and the noise of different trajectories can be 
regarded as the application of the mixed model, which is the mixed Gaussian model: 
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Can be considered to be in jkj xal  GMM, is. jY kb k Directly apply the GMM iteration result: 
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It can be seen that with more than one pair of solutions, ka  it is easy to get: 
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At this point, the theoretical derivation is complete. 

The feasibility of linear multi-trajectory fitting is derived. The noise model can be derived from 
Gaussian model to other mixed models. For linear trajectories, it can also be deduced to various types 
of trajectories. More generally: 
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g is a general expression, such as GMM is, and a more general baxg  g can theoretically be any 
expression, as shown in Figure 6. 
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Figure 6. Schematic diagram of trajectory fitting 

Just plug the concrete expression for g into the EM solution. The mixed model can theoretically 
achieve clustering of various shapes, and the noise can also be based on different distribution 
assumptions. The common k-means essence is the distribution assumption for the center point (cluster 
center); Gaussian mixture model is the distribution assumption for the line with slope 0 (the mean of 
GMM); The fitting of various trajectories is a general application of the EM algorithm. 

5. VISUAL DESIGN 

In this paper, two interactive analysis methods are designed to meet the needs of the analysis of the 
flow data, taking into account the characteristics of the data set: (1) Combined with the multi-scale 
analysis of the cumulative quantity distribution map of flow data, for the analysis of the overall 
situation; (2) the interactive exploration analysis method combined with map index is used for the 
feature analysis of flow analysis data. 

5.1. Analysis of the overall situation 

This study focuses on the visual analysis of epidemic data in a certain place and the study of the 
transmission chain of the epidemic, which is of great significance for the effective prevention and 
suppression of the epidemic and the protection of people's life safety. In this paper, the multi-scale 
cumulative quantity distribution map of streaming data (FIG. 10) is used to show the geographical 
distribution of the total number of epidemic data during the study period, and the cumulative quantity 
distribution of public opinion data is reflected from two scales by means of stratification and color. 
The study period begins on January 1, 2020 and ends on March 1, 2020. 

 

Figure 7. Epidemic distribution map 

5.2. Characteristics analysis of flow data 

The epidemiological characteristics of epidemiological data were analyzed interactively based on 
case epidemiological data set combined with map index. In this paper, In this paper, the center 
coordinate of the map is set to a place, the zoom level was set to 12, scroll zoom was enabled, map 
style controls, zoom/pan controls and hawk-eye thumbnail controls were added, and all track points 
were finally displayed as shown in Figure 8.a. Each track point could obtain the basic information of 
the patient. The flow adjustment data was analyzed from three dimensions: time, space and case 
information. The time dimension includes the time of case occurrence; The spatial dimension includes 
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the location of the patient; The case information dimension contains the statistical information of the 
case, such as the patient's name, gender, epidemic type and status, etc. The distribution of patients 
can be shown in the heat map as shown in Figure 8.b, where the shaded differences represent the total 
number of confirmed cases. The darker the shadow, the more severe the outbreak, i.e., the higher the 
number of confirmed cases; Trace points of the same patient are connected into a line, and the detailed 
trace text information is presented, as shown in Figure 8.c, to obtain the final visual analysis. 

 

Figure 8. Visual analysis diagram of results 

6. CONCLUSION 

This article focuses on the epidemiological aspects of the outbreak data. From January 1, 2020 to 
March 1, 2020, the flow adjustment data of a place was used as the data source, and the data set was 
theoretically migrated based on the expectation maximization (EM algorithm) statistics to realize the 
multi-trajectory fusion algorithm, and finally the trajectory fitting of the infected population was 
carried out. In this paper, the data source is very clear, authoritative and credible, the visual interface 
is relatively comprehensive, and the analysis process is complete, which can better show the 
regularity and characteristics of the epidemic flow data, and can be extended to the typical epidemic 
flow analysis of infectious diseases. However, the visualization system is not perfect enough, in the 
follow-up research, the visual interface will be more exquisite design and presentation. 
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