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Abstract: 

With the rapid development of urban transportation and the increase in per capita car ownership, the problem of 

urban traffic congestion is becoming increasingly prominent. Due to the uneven distribution of crowd in different 
regions of the city, it is difficult to determine and solve the traffic dynamics congestion. In order to solve the problem 

that it is difficult to determine the dynamics of traffic congestion areas caused by uneven distribution of vitality in 

different regions of mountainous cities, a crowded mega mountainous city is selected as research object and it pro-
poses a model to calculate the change characteristics of regional crowd gathering. Baidu Heatmap is used as it could 

distinguish crowd gathering in certain urban core area. The heat map pictures in dozens of consecutive days is ex-

tracted and researchers conducted pixel statistical classification on thermal map images. Based on the pixel data of 
different levels of the pictures, the calculation model is established and an algorithm based on particle swarm optimi-

zation is proposed. The calibration of the relative active population equivalent density is conducted, and the distribu-

tion characteristics of crowd gathering in time and space are analyzed. The results show that there are obvious spati-
otemporal characteristics for this selected city. In time, holidays have an important impact on crowd gathering. The 

peak time of crowd gathering on weekdays is different from that on rest days. The research in this paper has a direct 

practical value for the identification of traffic congestion areas and the corresponding governance measures. The 
dynamic identification of population gathering areas in mountainous mega cities, demand prediction for various trans-

portation regions, and future population OD(Origin—Destination) planning are of great significance. 
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1. Introduction 

In mountainous mega cities, the terrain conditions 

are special, and the road alignment is complex and 

changeable. The terrain determines the direction, 

layout and scale of the road. The completion of the 

road network has promoted the development of 

transportation. The increase of vehicle ownership 

worsens the traffic congestion, resulting in increas-

ingly serious traffic congestion problems. The cur-

rent measures to deal with traffic congestion are of-

ten very passive and inefficient. To solve the prob-

lem of traffic congestion, it is necessary to study the 

gathering and spatial distribution of the crowds.  

Baidu Heatmap can identify the crowd gathering sit-

uation in the urban core area, and it can identify dy-

namic crowd gathering areas in real time, which is 

conducive to taking flexible response measures. 

Therefore, the recognition research of using Baidu 

Heatmap has attracted high attention from relevant 

researchers all over the world. 

The purpose of this paper is to use the crowd gath-

ering data collected by Baidu Heatmap to analyze 

the changes of crowd move activities between dif-

ferent traffic districts in the urban core area of 

Chongqing, explore the rules of crowd gathering, 

and make contributions to transportation planning. 
 

2. Literature review 

The number of roads in the network determines the 

traffic carrying capacity (Liu SQ. 2022). With the 

rapid development of geographic information tech-

nology, the application of big data enables research-

ers to dynamically study the spatiotemporal behav-

ior of people from a more precise scale, providing 

new ideas for urban planning and management. At 

present, big data such as the heat maps can fill the 

data gap in urban vitality research to a certain extent. 

Its principle is to obtain the location information of 

mobile terminals through radio communication net-

works or external positioning, and then describe the 

crowd gathering in real time by superimposing color 

blocks on the map (Chen W. 2020).  

With the dynamic, real-time, massive, fast, diverse 

and other characteristics of big data such as Baidu 

Heatmap, its geographic information data has at-

tracted more and more scholars' attention and re-

search (An M, et al. 2014). As a big data application 

based on the geographic and spatial location of hun-

dreds of millions of mobile phone users, Baidu 

Heatmap provides a large amount of data support to 

study the characteristics of urban crowd gathering. 

Chen Y and Yang J employed big data and pedes-

trian simulation technologies to diagnose facility 

shortages and traffic problems in the area(Chen Y et 

al.2020). Nieroda et al. thinks that heatmaps are a 

method for efficiently collecting large amounts of 

data. And the efficiency of traffic sign recognition 

was evaluated by collecting data using this heatmap 

(Nieroda et al.2022). Moreover, the heatmap can be 

used to evaluate the efficiency of the analysis model. 

Chen Z proposed a short-term traffic flow prediction 

framework and a heatmap was produced to visualize 

the predicted speed(Chen Z et al.2021). 

To solve traffic congestion in mega mountain cities, 

research has been conducted in many areas of trans-

portation with the help of heat maps. Kozlowska A 

et al. proposed a method for predicting urban popu-

lation travel activities based on social media 

data(Kozlowska A et al.2020). Chen S et al. ana-

lyzed the differences between mountain cities and 

plain cities and improved the definition of road net-

work density and connectivity (Chen S. 2018).Chen 

Y et al. analyzed the impact of traffic management 

policies on traffic evacuation in catastrophic disaster 

situations and constructed a traffic simulation model 

that to support the improvement of traffic manage-

ment policies (Chen Y,et al.2020).Du X et al. con-

sidered heat map as an intuitive and accurate tool for 

visualizing spatial data, and it conducted a heat map 

test of traffic development index based on geo-

graphic information data of some countries to verify 

the feasibility and reliability of heat map for traffic 

state identification (Du X,et al. 2022).Khan et al. ob-

tained traffic data through a network and proposed a 

method to establish communication between vehi-

cles in real time (Khan M and Arora B. 2021) . Liu 

YS et al. analyzed the spatiotemporal characteristics 

of urban vitality and related influencing factors in 

the sixth ring area of Beijing based on heat map and 

interest point data (Liu Y S, et al. 2018) Lu Y et al. 

analyzed the problems in current traffic planning by 

combining network traffic data with the help of user 

equilibrium model (Lu Y. 2020). Based on the data 

from Baidu Heatmap, Tan X et al. compared and an-

alyzed the job-dwelling relationship and spatial 

characteristics of the Chongqing main urban areas 

(Tan X, et al. 2016). Tang KZ et al. proposed an im-

proved particle swarm optimization algorithm based 

on the standard particle swarm optimization algo-

rithm to improve the computational efficiency Tang 
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K Z, et al. 2015). Valencia et al. used the VISSIM 

program to propose a theory for reducing traffic con-

gestion and conflicts, improving traffic conditions, 

and adjusting traffic operation patterns (Valencia A, 

et al.2020). Taking the main urban area of Wuhan 

city as an example, Wang CL analyzed the fluctua-

tion characteristics of the crowd gathering on week-

days and rest days, and it found that the volatility of 

weekdays is stronger than that of rest days, there is 

a phase difference in travel time, and the travel time 

range is longer in rest days (Wang L C. 2018).Wei 

et al. proposed a new urban traffic planning model 

under spatiotemporal constraints of crowded gather-

ing, and then some treatment countermeasures were 

provided for traffic planning and management (Wei, 

L.Y, et al. 2021). Wu et al. analyzed the spatiotem-

poral variation of heat intensity distribution and the 

change of population gravity center in Shanghai 

based on the dynamic big data of Baidu Heatmap 

(Wu Z Q, et al. 2016). Yu C et al. studied the spati-

otemporal characteristics of urban public transporta-

tion travel demand using heat map data (Wang Z C, 

et al. 2013). Yang J et al. studied the population flow 

characteristics using data from Baidu maps, and it 

used a commuter trip identification method based on 

travel chain analysis to screen commuter flows and 

analyze the regional changes in population flows by 

combining the passenger flows in and out of subway 

stations in the morning and evening peaks (Yang J, 

et al. 2021). With the help of heat map data, Zhou Y 

F et al. conducted a study to measure the vitality of 

the service area of Shenzhen metro rail transit sta-

tions (Zhou Y F, et al. 2020).Wang Z C et al. pro-

posed an interactive urban traffic congestion visual-

ization and system based on GPS trajectories, and it 

developed a strategy to extract traffic congestion in-

formation and draw a heat map of traffic conditions 

to make traffic information more intuitive (Wang Z 

C, et al. 2013). 

Many scholars around the world have conducted re-

search on urban spatial structure and crowd gather-

ing characteristics, but it is not difficult to find that 

there is a lack of research on population density and 

travel patterns combined with heat maps. This paper 

takes the urban core area of Chongqing, P.R.C as the 

research object, and then map heat map is extracted 

and analyzed to explore the hotspot areas of different 

urban areas. A method for calculating the aggrega-

tion state of a crowd gathering is proposed. The spa-

tiotemporal characteristics and differences of travel 

activities between different traffic districts are ana-

lyzed. 

 

3. Data overview and pre-processing 

3.1. Data sources 

Baidu Heatmap is a big data visualization product 

launched by Baidu Map, which is based on the geo-

graphic location data of cell phone users on the mo-

bile location service platform. Through the geo-

graphic location information sent by users when 

they visit, a series of algorithms analyze and process 

the data to calculate the speed of people flow and 

population density in various areas within the city, 

and finally present users with different levels of 

crowd gathering, i.e., by overlaying different color 

blocks on the map. Users of the map product gener-

ate a huge volume of geographic information data, 

so it is of great value and significance to apply the 

data of heat map to various professional fields 

through statistics and analysis. 

The main urban area of Chongqing consists of 9 ur-

ban districts: Yuzhong, Jiangbei, Nan’an, Jiulongpo, 

Shapingba, Dadukou, Beibei, Yubei and Banan. The 

resident population of main urban area is about 

20,329,000, and the core urban areas of Chongqing 

are Shapingba, Nan’an, Yuzhong and Yubei. These 

4 districts contain relevant streets with developed 

traffic and economy, and contain tourist attractions, 

the average number of active vehicles per day in the 

inner ring on weekdays is over 400,000. The daily 

crowd gathering is huge (Huang Y, et al. 2019). 

The topography of Chongqing is special, showing 

"two rivers and four hills", which leads to a small 

area of land available for urban construction. The 

core urban area is developed with high intensity and 

the population density is highly concentrated with a 

large traffic flow for commuting during the morning 

and evening peak. The traffic demand in the core 

area is much higher than the traffic supply, which 

contributes to the regular traffic congestion (Huang 

Y, et al. 2019). As shown in Fig. 1 and Fig. 2, ac-

cording to the urban land function, the city is divided 

into residential land, public management service fa-

cility land, commercial service facility land, indus-

trial construction site, logistics storage land, road 

and transportation facility land, public facility land, 

green land and square land. Based on the land func-

tion, the core area is divided into 111 traffic districts, 

numbered 1, 2, 3, ...... in order. Using the map of ur-

ban land function, the data of land use relating to 
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crowd gathering are extracted from each traffic dis-

trict. 

The heat maps are obtained for a total of 76 days 

from September 1, 2020 to November 18, 2020 

(with data missing for September 22, October 25 and 

26) within the core area of the city by registering and 

logging into the API interface in the map open plat-

form. The heat maps are sampled on a daily basis 

from 07:00 a.m. to 21:00 p.m. each day, and it is ac-

quired at 10-minute intervals. So a total of 6,739 

heat maps is obtained. A typical heat map is shown 

in Fig. 3. 
 

 
Fig. 1. Traffic district 

 

 
Fig. 2. Land function of urban area 
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Fig. 3. Heat map of Chongqing at 12:00 on 5th,November 

 

3.2. Data Extraction 

The heat map is a raster picture in PNG format, and 

each heat map contains 15360×11880 pixel points. 

In order to be able to extract each pixel point accu-

rately, the pixels in the heat map are divided into 10 

categories. These 10 categories correspond to 10 

colors, namely red, orange, yellow, green, cyan, 

cyan-violet, violet, light ciolet, purple-gary and 

gray. Their corresponding RGB functions in the 

color gamut are shown in Table 1. 

As shown in Fig. 4, the pixel points in the obtained 

6739 heat maps are identified and extracted by ap-

plying MATLAB software according to the 10 cate-

gories above, and the data extraction has been done. 

From the extracted color, it is still impossible to dis-

tinguish the gathering state of the crowd. Therefore, 

it is necessary to further calculate the 10 categories 

of colors to determine the quantitative relationship 

between different colors and crowd gathering. 

 

Table 1. Pixel color gamut value 
Category Color RGB(Red,Green,Blue) 

1 Red RGB(160:255,0:100,0:90) 

2 Orange RGB(160:255,101:255,0:90) 

3 Yellow RGB(180:255,101:255,91:140) 
4 Green RGB(110:179,195:255,85:195) 

5 Cyan RGB(120:170,200:235,196:255) 

6 Cyan-violet RGB(120:160,165:199,200:255) 
7 Violet RGB(100:160,110:164,190:255) 

8 Light ciolet RGB(161:185,151:165,200:255) 

9 Purple-gary RGB(161:200,166:199,200:255) 
10 Gray RGB(181:255,181:255,181:199) 

 

 

 
Fig. 4. Pixel statistical distribution 
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4. Model construction and solution 

4.1. Model Construction 

The least squares method is a numerical optimiza-

tion method that solves the best-fitting function of 

the system by minimizing the square of the error. By 

establishing an equilibrium relationship between the 

errors, it can well prevent the extreme effects 

brought by special conditions and better apply to re-

veal the state of the system closest to the real condi-

tion. In this paper, it needs to find out the closest 

color category deriving from the heat map data in 

order to facilitate the classification of crowd gather-

ing for each neighborhood. The least squares opti-

mization application in multiple linear regression is 

used in model construction. 

Taking the category 10 gray as the base color, the 

active population density represented by unit pig-

ment points of classes 1 to 9 is assumed to be X, as 

shown in Eq. (1). 
 

𝑋 = [

𝑥1

𝑥2

⋮
𝑥9

] (1) 

 

Aijk represents the number of k-type pixels in the jth 

cell corresponding to the i-th hour. 

The set of 9 categories of pixel points corresponding 

to the 10 measured traffic districts at the kth hourly 

moment is known to be𝐴𝑖,𝑗,𝑘. Then 

 

𝐴𝑖,𝑗,𝑘 = [𝐴1,1,𝑘 𝐴1,2,𝑘 ⋯ 𝐴1,9,𝑘] 

           =

[
 
 
 
𝑎1,1,𝑘 𝑎1,2,𝑘 ⋯ 𝑎1,9,𝑘

𝑎2,1,𝑘 𝑎2,2,𝑘 𝑎2,9,𝑘

⋮ ⋱ ⋮
𝑎10,1,𝑘 𝑎10,2,𝑘 ⋯ 𝑎10,9,𝑘]

 
 
 
 

(2) 

 

where: 𝑎𝑖,𝑗,𝑘 represents the number of pixel points of 

the jth category for the ith traffic district correspond-

ing to the kth hourly moment. 

It is known that the population number of the kth 

hour moment corresponding to the 10th measured 

traffic district is �̂� , as shown in Eq. (3). 
 

�̂� = [

𝑦1,𝑘

𝑦2,𝑘

⋮
𝑦10,𝑘

] (3) 

 

According to the least squares model, the condition 

that should be satisfied here is 
 

𝑌 = 𝑎1𝑥1 + 𝑎2𝑥2 + ⋯+ 𝑎9𝑥9 (4) 
 

The objective function of Eq. (4) is 
 

𝑚𝑖𝑛 𝑧 = 

∑(

[
 
 
 
𝑎1,1,𝑘 𝑎1,2,𝑘 ⋯ 𝑎1,9,𝑘

𝑎2,1,𝑘 𝑎2,2,𝑘 𝑎2,9,𝑘

⋮ ⋱ ⋮
𝑎10,1,𝑘 𝑎10,2,𝑘 ⋯ 𝑎10,9,𝑘]

 
 
 
⋅ [

𝑥1

𝑥2

⋮
𝑥9

] − [

𝑦1,𝑘

𝑦2,𝑘

⋮
𝑦10,𝑘

])

11

𝑘=1

2

 

= ∑(𝐴𝑖,𝑗,𝑘 ⋅ 𝑋 − �̂�)

11

𝑘=1

2

 

(5) 

 

The constraint should satisfy 
 

[
 
 
 
 
 
 
 
 

0 0 0 0 0 0 0 0 −1
0 0 0 0 0 0 0 −1 1
0 0 0 0 0 0 −1 1 0
0 0 0 0 0 −1 1 0 0
0 0 0 0 −1 1 0 0 0
0 0 0 −1 1 0 0 0 0
0 0 −1 1 0 0 0 0 0
0 −1 1 0 0 0 0 0 0

−1 1 0 0 0 0 0 0 0 ]
 
 
 
 
 
 
 
 

⋅

[
 
 
 
 
 
 
 
 
𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

𝑥8

𝑥9]
 
 
 
 
 
 
 
 

<

[
 
 
 
 
 
 
 
 
0
0
0
0
0
0
0
0
0]
 
 
 
 
 
 
 
 

  

(6) 

 

Therefore, the model is established. Next, we will 

solve the model and determine whether there is a so-

lution. 
 

4.2. Model Solution 

The goal of the particle swarm optimization algo-

rithm is to make all particles find the optimal solu-

tion in a multidimensional space. Each particle con-

tains a position vector and a velocity vector in the 

multidimensional space, and each particle saves its 

searched optimal position as it searches in the mul-

tidimensional space. At the beginning of each itera-

tion, the particle adjusts its velocity vector and posi-

tion vector according to its designed parameters and 

the optimal positions saved by other particles, until 

it obtains the global optimal position in the whole 

search space. 
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In this study, the relative active population equiva-

lent density of different pixel categories within the 

calibrated density range can be treated as a particle. 

Therefore, the value of calibration density can be re-

garded as particle swarm. 

It is assumed here that a particle swarm consists of 

the equivalent active population density correspond-

ing to M pixels of different categories. Each particle 

needs to find its optimal position in an N-dimen-

sional space. Then, the equivalent population den-

sity corresponding to each pixel of different catego-

ries is assigned a position, which is represented by 

𝑋𝑖. 

 

𝑋𝑖 = (𝑥𝑖
1, 𝑥𝑖

2, . . . , 𝑥𝑖
𝑁), 𝑖 = 1,2,3, . . . ,𝑀 (7) 

 

Its adaptation value is calculated by bringing 𝑥𝑖 into 

the objective function, and the current position 𝑥𝑖 is 

judged to be optimal according to the adaptation 

value. In each search process, the optimal position 

𝑃𝑖 for each population equivalent of different cate-

gories unit pixel points will be recorded. 

 

𝑃𝑖 = (𝑝𝑖
1, 𝑝𝑖

2, . . . , 𝑝𝑖
𝑁), 𝑖 = 1,2,3, . . . , 𝑀 (8) 

 

The optimal solution of the optimal location of the 

active population equivalent for all different catego-

ries for unit pixel points in this search process can 

be taken as the optimal search location for the entire 

calibrated density, which is represented by 𝐺𝑖. 

 

𝐺𝑖 = (𝑔𝑖
1, 𝑔𝑖

2, . . . , 𝑔𝑖
𝑁), 𝑖 = 1,2,3, . . . , 𝑀 (9) 

 

The updating method of velocity vector and position 

vector of population equivalent of different catego-

ries of unit pixels is as follows: 

 

𝑣𝑖
𝑑 = 𝑤𝑣𝑖

𝑑 + 𝑐1𝑟1(𝑝𝑖
𝑑 − 𝑥𝑖

𝑑) + 𝑐2𝑟2(𝑝𝑔
𝑑 − 𝑥𝑖

𝑑) 

𝑥𝑖
𝑑 = 𝑥𝑖

𝑑 + 𝛼𝑣𝑖
𝑑 

(10) 

 

Where: 𝑖 = 1,2,⋯ ,𝑀， 𝑑 = 1,2,⋯ ,𝑁； 𝑤  is a 

non-negative number called inertia factor, which de-

termines the convergence of the particle swarm op-

timization algorithm; 𝑃𝑖 is the local optimum posi-

tion and 𝑃𝑔 is the global optimum position; 𝑐1, 𝑐2 is 

a non-negative constant called acceleration constant, 

which is used to adjust the coefficients of the 

weights of the local optimum and the global opti-

mum; 𝑟1, 𝑟2 is a random number in the range of [0,1]; 

𝛼  is the constraint factor, which is used to limit 

the weight of the velocity. 

The optimal solution can be finally obtained by pro-

gramming the above model through MATLAB, from 

which the equivalent density X (thousands) of active 

population represented by 1~9 categories of unit 

pixels can be obtained, as shown in Table 2 below. 

The model convergence process is shown in Fig. 5, 

which shows that the model calculation results can 

converge, indicating that the model has solutions. 

 

Table. 2. Representative values of population corre-

sponding to pigment categories 
Color Red Orange Yellow Green Cyan 

Density 3.5405 3.5399 3.5395 0.0934 0.0025 

Color 
Cyan- 

violet 
Violet 

Light  

violet 

Purple 

gray 
Gray 

Density 0.0015 0.0012 0.0006 0.0004 0 

 

 
Fig. 5. Convergence process of the algorithm 

 

5. Spatiotemporal Characteristics of Urban 

Crowd Gathering 

5.1. Temporal characteristics of crowd gathering 

5.1.1. The overall change pattern of crowd gath-

ering 

The overall change of crowd gathering is shown in 

Fig. 6. The horizontal axis indicates the moments in 

the study period, and the vertical axis indicates the 

relative active population equivalents. The different 

colored dashes indicate the change pattern of differ-

ent numbered traffic districts. The calculation of 

the active population equivalent matrix is shown in 

Eq. (11). 
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𝐻6739×111 =

[
 
 
 
 

(𝐴1,111×10 ⋅ 𝑋)𝑇

(𝐴2,111×10 ⋅ 𝑋)𝑇

⋮
(𝐴6739,111×10 ⋅ 𝑋)𝑇]

 
 
 
 

6739×111

 (11) 

 

Where, 𝐻6739×111  is the matrix of relative active 

population equivalents for 111 districts at 6739 sta-

tistical moments; 𝐴𝑖,111×10 is the matrix of 10 dif-

ferent categories of pixel points for 111 districts at 

the ith moment; X is the equivalent number of rela-

tive active population corresponding to the unit pixel 

of different pigments categories. 

From Fig. 6, it can be found that there is a clear cor-

relation between crowd gathering characteristics and 

different numbered districts and major holidays. 

Different numbered districts show different degrees 

of crowd gathering. Although differences in the 

number of population equivalents occur between 

various districts, they always fluctuate around a 

fixed number of relative active population equiva-

lents. At the same time, a large "gap" in the relative 

active population equivalents can be observed 

around the 3000th hour. This position coincides with 

the timing of the Chinese National Day. The time 

period represented by the "gap" starts at 7:03 p.m. 

on October 1 (the 2609th moment) and ends at 21:53 

p.m. on October 8 (the 3328th moment), which 

shows that the National Day has an important impact 

on population activity. 
 

5.1.2. Daily variation of crowd gathering 

The study period of the daily variation of crowd 

gathering is from 07:03 to 21:53 every day, with an 

interval of 10 minutes, containing a total of 90 mo-

ments of crowd gathering status. After the calcula-

tion process, the daily average variation pattern 

shown in Fig. 7 is presented. The horizontal axis rep-

resents the 90 moments from 07:03 to 21:53 each 

day, and the vertical axis represents the daily relative 

active population equivalents, and the dash line re-

flects the daily average variation pattern of the 

whole day. The relative population equivalents are 

shown in Eq.(12). 
 

𝐻𝑑 = ∑𝐷90×10

111

𝑖=1

⋅ 𝑋 (12) 

 

where 𝐻𝑑  is the relative active population equiva-

lent for 90 moments in a day; ∑ 𝐷90×10
111
𝑖=1   is the 

sum of the pixel points of 111 districts containing 10 

different pigments categories for 90 moments in a 

day; and X is the relative active population equiva-

lent per pixel point. 

From Fig. 7, it can be seen that the degree of resi-

dent’s crowd gathering in a day is significantly re-

lated to their daily resting time. The minimum and 

the maximum values of the crowd gathering occur 

within the selected study period. The minimum 

value is at 07:03 in the morning, indicating a lower 

population density at that time, and the maximum 

value is at 18:33 in the afternoon, indicating a higher 

population density at that time. During the period 

from 07:03 a.m. to 09:33 a.m., the crowd gathering 

in the urban area increases significantly; in the sub-

sequent hours, the gathering remains above and be-

low the value of 70,000 relative population density. 

At 12:03 p.m., the gathering in the urban area 

reaches a maximum value.  At 14:33 p.m., the crowd 

gathering reaches another maximum value. In the af-

ternoon, the crowd gathering increased slowly from 

16:13 to 18:33. After 18:33, the crowd gathering de-

creased gradually, indicating that the late peak of the 

crowd gathering is in the two hours before and after 

18:33. The crowd gathering in the afternoon is 

stronger than that in the morning, and the crowd 

gathering in a day reaches the peak around 18:33 

p.m. 
 

5.1.3. Comparison of crowd gathering character-

istics between weekdays and rest days 

The relative active population densities of weekdays 

(excluding weekends and Chinese national holidays) 

and rest days (including weekends and Chinese na-

tional holidays) are calculated separately. After cal-

culation and processing, the characteristics shown in 

Fig. 8 are presented. The horizontal axis represents 

the 90 moments of the day on weekdays and rest 

days, and the vertical axis represents the number of 

relative active population equivalents. The blue dash 

represents the relative active population equivalents 

on weekdays and the red dash represents those on 

rest days. 

In Fig. 8, a clear correlation can be found between 

the crowd gathering in weekdays and the work days 

of residents. The relative active population equiva-

lents on weekdays gradually increase from 7:03 a.m. 

to 9:03 a.m., and then the relative active population 

equivalents in the whole urban area remain at about 

70,000 for 7-8 hours. Around 16:33 p.m., the rela-

tive active population equivalents start to increase. 
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The relative active population equivalents in the ur-

ban area start to increase around 16:33 p.m. and 

reach a peak density of about 80,000 at around 

18:33 p.m. Then it gradually decreases until the end 

of the study period. It also is found that the relative 

activity population density in the afternoon of the 

weekday is generally greater than that in the morn-

ing, and the peak relative activity population equiv-

alent of the weekday occurred at around 18:33 p.m. 

 

 
Fig. 6. Overall change in relative population equivalent 

 

 
Fig. 7. Daily average variation 
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Fig. 8. A comparison of changes between working days and rest days 

 

In Fig. 8, it can be found that the crowd gathering on 

rest days are significantly correlated with residents' 

rest trips. The relative active population density on 

rest days gradually increases from 7:03 a.m. to 10:33 

a.m.; at around 12:03 p.m., the relative active popu-

lation equivalent reaches the peak equivalent of 

75,000. Then the relative active population equiva-

lent slowly decreases until around 13:23 p.m. For the 

other of the rest days, the relative active population 

equivalent in the urban area fluctuates back and forth 

around 70,000, indicating that the active population 

remains stable during this period. It is also found that 

the relative active population equivalents at noon on 

the rest day are higher in the day, and the peak of the 

relative active population equivalents on the rest day 

occurs at around 12:03 pm. 

In Fig. 8, differences in population equivalents be-

tween weekdays and rest days can be observed. The 

relative active population equivalents on weekdays 

fluctuate around 09:03, while the relative population 

equivalents on rest days fluctuate around 10:33. The 

peak relative active population equivalent on week-

days occurs around 18:33 p.m., while the peak rela-

tive active population equivalent on rest days occurs 

around 12:03 p.m. The relative active population 

equivalents in the afternoon on working days are 

larger than those in the morning, while the relative 

active population equivalents at noon on rest days 

are larger than those at any other time of the day. 

5.2. Spatial Characteristics of Crowd Gathering 

The crowd gathering degree of 111 different num-

bered traffic districts is calculated. The degree of 

crowd gathering is presented as shown in Fig. 9. The 

horizontal axis indicates the numbered traffic dis-

tricts, and the vertical axis indicates the relative ac-

tive population equivalent. The different color 

dashes indicate the change of relative active popula-

tion equivalents. 

From Fig. 9, it can be seen that since the relative ac-

tive population equivalents of each numbered traffic 

district change continuously, the change of the fold 

line can reflect the degree of crowd gathering. It can 

be judged that the numbered traffic district with 

higher crowd gathering are: NO. 

3,7,23,38,68,77,82,103,110. The common feature of 

these neighborhoods is that they are all commercial 

land gathering places as well as residential land. In 

these neighborhoods, there is a higher population 

flow and they are higher crowd gathering type, so 

these districts can be the focus of urban planning and 

management optimization. 

Fig. 10 shows the changes in the relative active pop-

ulation equivalents of 111 different numbered traffic 

districts for a total of 90 moments per day. The hor-

izontal axis represents the numbered traffic districts 
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and the vertical axis represents 90 moments, with 

three statistical moments as one unit, and the color 

squares represent the difference in the relative active 

population equivalents of the same numbered dis-

trict at adjacent moments. 

 

 

 
Fig. 9. Crowd gathering of each traffic district 

 

 

 
Fig. 10. Change in relative active population in traffic districts 
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From Fig. 10, it can be seen that the number of active 

population equivalents in the same numbered traffic 

district increases significantly during the day from 

7:03 a.m. to 9:03 a.m. From 16:33 p.m. to 18:03 

p.m., there is a small increase in the number of active 

population equivalents in each numbered traffic 

district, and from 18:33 p.m. to 21:53 p.m., the 

number of active population equivalents gradually 

decreases. The numbered districts with larger chan-

ges in crowd gathering during the day are: NO. 4，

24，66，81，104，110. At the same time, the 

numbered districts with a more significant increase 

in the number of active population during the time 

period from 7:03 a.m. to 9:03 a.m. are: NO. 

22,38,66,81,104,110, as shown in Fig. 11. These 

traffic districts have an unbalanced change in the 

number of active population during the day, which 

is highly likely to cause traffic congestion. 
 

6. Conclusions 

In this paper, the Baidu Heatmap of Chongqing ur-

ban core area is used to identify and extract different 

colors in the map. It uses the relationship between 

the density of people and different traffic districts in 

the city to build a mathematical model, and solve the 

relative active population density equivalent corre-

sponding to different color categories. Using the pa-

rameter of population intensity, it studies the spatial 

and temporal distribution characteristics of resi-

dents' travel activities in the urban core area of the 

city. 

Through data processing and analysis, it can be con-

cluded that in the core area, the crowd gathering 

mainly has the following characteristics. 

(1) In a day, the gathering degree of the crowd has 

the maximum and minimum, and the corresponding 

time is 18:33 and 07:03 respectively. From 07:03 to 

09:33 in the morning, the degree of crowd gathering 

is significantly enhanced. 

(2) Compared with the rest day, the significant 

change of crowd gathering degree on the working 

day is one hour earlier, and the peak of crowd gath-

ering on the rest day is around 12:03 p.m. The rela-

tive active population equivalent in the afternoon of 

the working day is greater than the corresponding 

value in the morning, while the relative active pop-

ulation equivalent in the noon of the rest day is 

greater than the corresponding value in any other pe-

riod of the day. 

(3) It is found that the crowd gathering degree of 9 

traffic districts changes more significantly every 

day, which indicates that these districts have a larger 

population mobility and greater traffic pressure 

compared with other districts. In urban traffic plan-

ning and treatment, these traffic districts should be 

taken as the object of key optimization management. 

 

 
Fig. 11. Districts with significant changes in population numbers 
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