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Abstract

To enhance the accessibility of transportation systems in urban agglomerations and mitigate carbon emissions
from traffic, this paper introduces a comprehensive planning approach for transportation routes. Initially, it
calculates the carbon emissions generated by urban mass transit, and set minimizing these emissions as a key
objective. Subsequently, for road traffic within urban agglomerations, a layout model is established that aims
to minimize both travel time and carbon emissions. By incorporating the Pareto optimal concept optimization
algorithm, the study determines the optimal solution. In terms of rail transit, the paper establishes the optimal
planning outcome by employing the probability density function of rail transit as a constraint, after determining
the appropriate scale of the system. Experimental results demonstrate that this approach effectively controls
the overall carbon emissions of the urban agglomeration transportation system, with the layout coordination
coefficient peaking at 0.926.

Keywords - urban agglomeration transportation system, carbon reduction, transportation lines, layout
planning

1. Introduction

With the acceleration of global urbanization, urban agglomerations, as an important form of
urban development, have gradually become an important engine for economic development in
various countries. In the formation and development process of urban agglomerations,
transportation route layout planning plays an important role in the connection between cities and
regional economic development [8, 14].

Urban agglomeration transportation route layout planning refers to the scientific and reasonable
planning and layout of transportation lines within the urban agglomeration based on factors such as
regional economic development, resident travel needs, and transportation conditions. This plays an
important role in promoting transportation connections and economic development within the urban
agglomeration.

Liu and Tong [10] designed a Dyna framework to improve the efficiency of traffic route
planning and vehicle safety, enhancing the computational efficiency of reinforcement learning
algorithms. Then, the Sarsa algorithm is introduced to optimize the Dyna framework, with
constraints on convergence speed and number of vehicle collisions, to plan traffic lines. In Wang
and He [15], in order to achieve the planning of urban road traffic, based on the analysis of the
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functional level and road network layout form of urban roads, guided by the concept of collaborative
planning, the four stage method is used to layout the road lines, and the planning results are
optimized and adjusted according to the importance of hub nodes and traffic location theory. In
order to achieve the planning of urban transportation lines, Zhou et al. [20] analyzed the current
operational characteristics and traffic flow characteristics of urban roads. Then, based on the peak
section of traffic flow, the scale of traffic operation was determined. With the idea of developing
outward along the central city, a "fast line+ordinary line" composite channel was planned, and the
transportation coordination planning in different urban areas was optimized by combining corridor
fast lines and ordinary lines.

However, in practical applications, it has been found that the traditional methods mentioned
above do not fully consider the characteristics of traffic flow, nor do they fully consider the
connections and transfers between different modes of transportation, which may lead to a mismatch
between planned lines and actual needs, reducing the coordination of route layout. In addition, the
current layout of transportation lines in urban agglomerations in China is mainly influenced by
factors such as urban spatial structure, transportation demand, and transportation supply [5, 6].
However, traditional transportation route layout planning usually focuses on meeting transportation
needs as the main objective, with less consideration given to the impact of carbon emissions on the
environment. Therefore, how to reduce carbon emissions by optimizing transportation route layout
planning while meeting the development needs of urban agglomerations is an urgent problem that
needs to be solved [4]. Therefore, guided by carbon reduction policies, this study designed a layout
planning method for urban agglomeration transportation lines.

2. Implementation of layout planning for urban agglomeration transportation lines based on
carbon reduction policies

From the perspective of carbon reduction policies, the layout planning of transportation lines in
urban agglomerations is crucial for reducing carbon emissions [16]. Based on the statistics of carbon
emissions over a period of time, this study aims to minimize carbon emissions and conducts
research from the perspectives of urban agglomeration highway lines and rail transit lines, which
helps to explore methods for achieving optimal planning.

2.1. Design of the target function for carbon emissions from transportation in minimum urban
agglomeration

This study sets up multiple monitoring points in the existing urban agglomeration transportation
line system, and uses a multi-sensor array to collect vehicle carbon emission information. The
structure of multi-sensor array for collecting vehicle carbon emission information is shown in
Figure 1.

Due to the strong uncertainty of urban carbon emission monitoring data [9], the Kalman filter
multi-source information fusion method is adopted to achieve the fusion of low-level, real-time,
and dynamic multi-source information. Calculate the Euclidean distance between each sample in
the collected information and the fusion center, using the formula:

d(xy, 0,) = /fl’;l(xk —0))? (1)

where x; represents the k-th collected sample; o; represents the [-th fusion center.
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Fig. 1 - Multi sensor array collects vehicle carbon emission information

Firstly, divide it into the class with the closest Euclidean distance, and then take the mean of the
sample points under each class to obtain a new set of multi-source datasets. Repeat this process
until the standard deviation function reaches its minimum value. Draw a circle with this distance as
the radius and integrate all collected carbon emission information into it [7, 19].

The carbon emissions of urban transportation vehicles refer to the carbon dioxide emissions
generated by fuel combustion, which are determined by the fuel carbon dioxide emission factor and
fuel activity level. The fuel carbon dioxide emission factor is calculated using the formula:

Ai:CiXOixg (2)
where C; represents the carbon content per heat of the i-th type of transportation fuel; O;
represents the carbon oxidation rate of the i-th type of automotive fuel, % represents the relative

molecular weight ratio of carbon dioxide to carbon.
Then calculate the fuel activity level using the following formula:

;= Qi x W, (3)
where Q; represents the heat generated by the fuel; W, represents fuel consumption. Based on the
above two parameters, calculate the carbon emissions of urban mass transit using the formula:

C=XA; X “)

Therefore, the objective function for designing the minimum carbon emissions from urban

agglomeration transportation is as follows:
d(xp,0)xC

min C = o X @i %)

2.2. Layout planning method for urban agglomeration transportation lines

With the minimum carbon emissions of urban agglomeration transportation as the goal, carry
out the layout planning of urban agglomeration highway lines and rail transit lines.

2.2.1. Layout planning and design of urban agglomeration highway transit lines

Firstly, obtain the spatial shape and structural characteristics of the urban agglomeration public
route network, with the minimum travel time and minimum carbon emissions min C as objectives,
establish an integrated layout optimization combination objective model, and then apply the Pareto
optimal concept optimization algorithm to solve the model, obtaining the optimal layout plan. The
specific steps are as follows:
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Fig. 2 - Urban highway network and characteristic parameters

Step 1: Extract the features of the urban agglomeration public route network. Simplify the urban
highway network in the form of a rectangular grid [3, 18]. The urban highway network and
characteristic parameters are shown in Figure 2.

In Figure 2, L represents the length of the transportation community, W represents the width
of the transportation community, d; and d, represent the horizontal and vertical station spacing,
respectively, and D; and D, represent the road spacing.

Starting from Figure 2, obtain several key geometric parameters, and then calculate the
proportion of horizontal and vertical lines in the entire transportation area network as follows:

q=-—2
T Dy+D, ©6)
p=-Lr
D1+D;

where a represents the proportion of horizontal lines in the highway network of the transportation
area; b represents the proportion of vertical lines.

Step 2: Build an optimized layout objective model. Starting from the perspectives of decision-
makers and travelers, propose three layout optimization objectives and develop the most reasonable
planning scheme through multi-level planning.

The first goal is to minimize the travel time for travelers. Simply put, it means that most travelers
can find the path with the lowest travel cost [2]. To this end, a stochastic user balance model is
introduced to construct a layout optimization mathematical model.

The second goal is to reduce construction expenses. The layout expenditure consists of two parts:
the total travel expenses of travelers and the daily construction expenses converted within the
service life.

The third goal is the minimum carbon emissions min F.

After integrating three optimization objectives using a combination objective model, the
following objective model is obtained:

. n . LN
(mln T=-— frl‘rz Aryr, X (mkln (o 2) +YYx,t, — YVt

min P =YY x,t, + r2§ op; (7
. _d(xg,0)xC ]
min C = ol X P
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where T represents the traveler's mental traffic time; x represents the traffic flow; n represents
the number of stations within the transportation area; r; and r, represent any two sites; A
represents the travel volume; k represents the path between two sites; U represents the total
number of road sections; t represents traffic time; P represents the overall cost expenditure; T
represents the depreciation rate of highway investment per hour; ] represents the total number of
interchanges; o represents the investment decision variable; p represents the expected
investment amount.

Step 3: Define the constraints of the layout optimization model. Among them, the constraint
conditions corresponding to min T are:
nr2 _ v 172
Ck - Zu B,

uk
YA = {l,u is between r; and 7, ®)
uk 0, others

where B represents the time consumed by the traveler; 1 represents a relational variable.
The constraint conditions corresponding to min P are:
{ Yopi <A ©9)
(pu S xu S yu
where A represents the upper limit of the budget investment amount; ¢,, ), represents the
minimum and maximum traffic flow of the road section, respectively.

Step 4: Generate the optimal integrated layout optimization plan for overpasses. When solving
the optimization objective model of highway route layout by combining multiple constraints, the
concept of Pareto optimality is introduced, and a genetic algorithm is used to conduct a global
search in the solution space to obtain the sub objective function values of all dominant decision
vectors. After comparison, the final optimization solution is obtained. The Pareto optimal solution
and decision diagram are shown in Figure 3.

Pareto optimal

solution Pareto optimal

solution

One of the
decision-making
options

No difference °
from B
ce oD )
e
Inferior No difference o °®
toB from B Dominated solution e
by M M
(a) (b) (c)

Fig. 3 - Pareto optimal solution and decision diagram
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When executing the Pareto optimal solution search method, it needs to rely on genetic
algorithms [11]. After genetic mutation, the elimination of individuals in the population needs to be
determined based on the Hamming distance. For members who are excluded after mutation and the
next generation members, gene values are analyzed separately. The Hamming distance between the
two is calculated as follows:

lzg — zell = VX5 (Z9e — Zee)? (10)
where zy represents the J-th excluded member; z. represents the e-th next-generation member
individual; € represents the number of gene values that make up an individual.

After deleting some individuals according to the Hamming distance, the remaining member
individuals are sorted in descending fitness order to obtain the evolved genetic population [1].
Repeat the above purification process until the optimal solution that meets the accuracy
requirements of the optimization variables is output. Reverse infer the layout optimization plan
corresponding to this solution, and use it as the final result of the urban agglomeration highway
route layout optimization.

2.2.2. Layout planning and design of urban agglomeration rail transit lines

Rail transit lines play an important role in urban agglomeration transportation, and their
optimized layout is of positive significance in alleviating urban traffic pressure and promoting green
travel [13]. The steps for planning the layout of urban rail transit lines are as follows:

Step 1: Obtain the variation characteristics of urban rail transit flow speed. In order to improve
the economic efficiency of urban rail transit operation, a rail transit lane model is constructed using
feature point tracking method as follows:

S = GN+Y () +C, (11)

D(n,j)
where (i,j) represents the row and column coordinates of the center of the rail transit network;
Y(i,j) represents the transfer point in the i-th row and j -th column of the rail transit network;
C, represents the differential sum of the line; D, ;) represents the correlation gradient between
urban rail transit lines and highway transportation lines.

When obtaining the characteristics of changes in the speed of rail transit flow, the Gaussian
background model is combined to extract the information of running vehicles as follows:

Zs+hy
Y T xe e (12)

Among them, Z; represents the frame with the highest disappearance frequency in the
extraction of running vehicles; h, represents the distance between the vehicle information
acquisition camera and the ground; 6, represents the angle between two intersecting rail transit
lines; f represents the frequency of occurrence of two intersecting rail transit lines; &§(i,))
represents the location where the vehicle disappeared. Based on A, , obtain the driving state

yo
characteristics of the specified vehicle as follows:
S, =284+ B(ij) (13)

where S, represents the length of the rail transit line where the vehicle is located; t; represents
the time when the vehicle enters the transfer interval; N; represents the number of vehicles;
B(i,j) represents the position of the vehicle. Then, use the following equation to establish the
membership function of the urban rail transit flow state:
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vtty

g="12xS, (14)

where ¥ represents the average speed of the specified vehicle; o, represents the offset angle of
the center of mass during vehicle operation. Based on this, the variation characteristics of the speed
of rail transit flow are extracted as follows:

Zy
D=8, x = (15)

where Z, represents the normal operating state of the rail vehicle, and L, represents the flow rate
of the rail transit line.
By utilizing the state characteristics of vehicles traveling on urban rail transit lines, a

membership function for the flow state of urban rail transit is established, and the variation
characteristics of the flow velocity of urban rail transit are extracted.

Step 2: Determine the layout scale of urban rail transit lines. Based on the characteristics of
changes in the speed of urban rail transit flow, establish a scale index for line layout, and calculate

the total length L, traffic density p, and transportation capacity E of urban rail transit lines:
_ Nau
Ss (16)

E =Y E;
where Ng;; represents the population of the planned area; Sg represents the planned area of urban
agglomeration rail transit lines; E; represents the passenger flow capacity of the i-th rail transit
line.

According to the total length L of urban rail transit lines, the total amount of urban rail transit
is calculated through regression as follows:

B=LxnXa a7
where 1 represents the average travel rate of the urban population; a represents the expected
population size of the urban agglomeration. According to £, the passenger flow of urban rail transit
lines can be calculated as follows:

W=pgxy (18)
where y represents the proportion of rail transit in urban agglomeration transportation [12].

Step 3: Calculate the optimal solution for urban rail transit line planning. For the urban rail
transit network, with a vehicle arrival rate of &, the probability density function of urban rail transit
volume is constructed as follows:

ém ticXK
Pr = 5 o H*X(JH1+H2) (19)
where Pyy represents the probability of a station reaching m vehicles within the X~Y time
period; v, represents the driving speed of the rail vehicle at time t; ¢;. represents the duration of
traffic volume statistics; x represents information on rail transit flow; H* represents a discrete
interval; H; and H, represent the lower and upper limits of the discrete interval.

The optimal planning of urban rail transit lines can quickly evacuate the passenger flow of
various transportation hubs. The following equation is used to construct an evacuation path model
for the population flow of rail transit stations:

szxt X 20
Q w X PR

nyXngy

where H,,, and H,,;, represent the upper and lower limits of population flow; n, represents
the population flow evacuated on the u-th urban rail transit line; n,, represents the number of

- 9.
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railway hub stations; t,, represents the evacuation time. Then, multiple population genetic
algorithms are introduced to record the migration path of ants in the population flow evacuation
path model, namely:
w —
Ly ==+ Iy X g T qp Xy @21)
0
where m, represents the number of ants; ¢, represents the initial pheromone concentration of the

line; ¢i represents the pheromone concentration of the current line; I represents the importance
of ¢ to the urban rail transit network; q; represents heuristic information; I; represents the
importance of gy to the urban rail transit network. If all m, ants can independently search for an
urban rail transit line, update the pheromone concentration of ants passing through each urban rail
transit line to obtain the optimal solution for urban rail transit line planning:

R, =%y, 22)

tmin

where ¢y represents the pheromone evaporation coefficient, A¢ represents the amount of
pheromone transformation during ant search, and ¢t,,;, represents the shortest time for ant
optimization.

3. Experiments and result analysis
3.1. Experimental design

The experiment was simulated in a MATLAB environment with the following parameters:
computer operating system: Windows 10; 200 iterations; The penalty coefficient is 1000; The
smoothness weight is 0.5; The spatial dimension is 5; The weight of the transportation route is 0.8;
The inertia weight is 0.6897. Building an experimental platform for urban agglomeration
transportation route layout planning with the support of the above experimental parameters. In the
platform, load the transportation network of a certain urban agglomeration as the experimental
object, where there are already 5 transportation lines. The specific simulated transportation network
is shown in Figure 4.

—4

N
I

S

3
I
I
I

Fig. 4 - Simulated transportation network

- 10 -



Advances in Transportation Studies  an international Journal 2024 Special Issue, Vol. 1

In Figure 4, both Line 1 and Line 5 are rail transit systems that run through the eastern and
western parts of the urban agglomeration. Line 3 and Line 4 are rail transit systems that run through
the southern, northern, and eastern parts of the city. Line 2 passes through the central city and can
form a hub for road traffic with Line 1, Line 3, and Line 4.

Import the transportation network shown in Figure 4 into the experimental platform, and use
method of this paper, method of Wang and He [15], and method of Zhou et al. [20] to optimize the
layout planning of urban agglomeration transportation lines.

3.2. Experimental indicators

In the experiment, the total carbon emissions and layout coordination of the urban
agglomeration transportation system were used as indicators. Among them:

- The total carbon emissions of the urban agglomeration transportation system refer to the
total amount of carbon emissions generated by all transportation activities within the urban
agglomeration. This includes various modes of transportation such as road transportation,
public transportation, and rail transit. The specific calculation method for this indicator can
be found in section 2.1 above.

- The coordination of layout refers to the degree to which the transportation route planning
and layout of various cities within the urban agglomeration are coordinated and coordinated
with each other. From the perspective of carbon reduction policies, this indicator measures
whether the layout of transportation lines in urban agglomerations can effectively support
and promote the goal of carbon reduction. The specific calculation method for this indicator
is as follows:

_ G N B+NO-
he =% Nyg+Ny (23)
where h,, represents the coordination index of the layout; C, represents the low-carbon
emissions, which refers to the carbon emissions reduced by adopting low-carbon
transportation modes; Ng represents reducing traffic congestion, which refers to the amount
of traffic congestion reduced after optimizing transportation lines and hubs; N, represents
the reduction in traffic accidents, which refers to the number of accidents reduced after the
reasonable design of traffic lines and hubs; C represents the total carbon emissions; Ny
represents the total traffic congestion volume; N, represents the total number of traffic
accidents.

3.3. Results display

Verify the application performance of method of this paper, method of Wang and He [15], and
method of Zhou et al. [20] using the total carbon emissions of the urban agglomeration
transportation system as an indicator. The total carbon emissions of the urban agglomeration
transportation system after applying different methods are shown in Table 1.

By observing Table 1, it can be seen that with the increase of testing time, the cumulative total
carbon emissions of the urban agglomeration transportation system increase. After applying the
method of Wang and He [15], the total carbon emissions have exceeded 2 million tons after 12
hours. After applying the method of Zhou et al. [20], the total carbon emissions reached nearly 1
million tons at 6 hours. After applying the method of this paper, although the total carbon emissions
continued to increase, the increase was relatively small, reaching 1.123 million tons in 12 hours.

- 11 -
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Tab. 1 - Comparison of total carbon emissions of urban agglomeration transportation systems
after applying different methods (10000 tons)

Test time/h Method Method Method
of this paper of Wang and He [15] of Zhou et al. [20]
2 17.6 26.3 27.8
4 32.8 58.4 57.0
6 56.9 72.6 90.5
8 66.1 139.7 120.6
10 89.2 180.4 141.1
12 112.3 229.8 178.1
- = =0+ === Method in this paper

—————— - Method in Wang and He [15]
——————O———— Method in Zhou et al. [20]

1.00

095
g _..-Oo
A O~.._ ~m0- T Sl
£ 0.90F - 0- o
2
2 O O - O —————= o)
o N T —-——-"
'é 0.85- )
g O/O/@\O/o
—

0.80

0.75 1 | | | |

20 40 60 80 100
Number of iterations/times

Fig. 5 - Comparison of coordination of layouts using different methods

By comparing and analyzing the above results, it can be concluded that the application of the
route layout planning method designed in this article can effectively control the total carbon
emissions of the urban agglomeration transportation system and meet the requirements of carbon
reduction policies.

To further demonstrate the feasibility of the method of this paper, based on equation (23), the
coordination of the layout of method of this paper, method of Wang and He [15], and method of
Zhou et al. [20] is verified. The coordination of layouts using different methods is shown in Figure
5.

By observing Figure 5, it can be seen that as the number of experimental iterations changes, the
coordination of the layout of transportation lines in urban agglomerations is also constantly
changing after applying the three methods. Among them, after applying method of Wang and He
[15], the coordination of the layout of urban agglomeration transportation lines can reach a
maximum of 0.875, the method of Zhou et al. [20] is 0.821, and the method proposed in this paper
is 0.926. In contrast, after applying the method of this paper, the coordination of the layout of urban
agglomeration transportation lines is higher, indicating that the layout planning effect of the method
of this paper is better.

- 12 -
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4. Conclusion

This study introduces an innovative carbon-reduction-oriented planning approach for

transportation lines in urban agglomerations. By collecting vehicle emission data, it establishes an
optimization model to minimize travel time and carbon emissions, while enhancing the flow of rail
transit. This comprehensive strategy takes into account the complexity of urban transportation,
aiming to improve accessibility and coordination while significantly reducing carbon emissions.
This approach supports sustainable urban development, promoting green and low-carbon travel
modes, and contributes to creating a more livable and environmentally friendly urban environment.
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Abstract

Urban road traffic congestion prediction holds significant research importance as it enables timely response to
traffic flow patterns, optimizes urban planning, and enhances transportation efficiency. In order to improve the
accuracy and recall of predicting urban road traffic congestion, a knowledge graph-based intelligent prediction
approach is provided in this paper. This method first analyzes the measurement indicators of urban road traffic
congestion status, and uses vehicle speed as the evaluation standard to develop a measurement standard for
congestion degree. Secondly, a spatiotemporal knowledge graph of urban transportation networks was
constructed using multi-source spatiotemporal data. Finally, based on the constructed spatiotemporal
knowledge graph and the correlation of dynamic traffic, a novel prediction model for urban road traffic
congestion was constructed using graph convolutional neural networks to obtain traffic congestion prediction
results. The experimental results validate the effectiveness of the proposed approach, and indicate its
significant potential for practical applications.

Keywords - knowledge graph, urban roads, traffic congestion, intelligent prediction

1. Introduction

With the acceleration of urbanization, road traffic congestion has become a common problem
facing the world. Traffic congestion has had many negative impacts on the lives, work, and
economic activities of urban residents, such as extended commuting time, environmental pollution,
and resource waste. Solving traffic congestion requires accurate prediction and analysis of traffic
flow to develop corresponding traffic management and planning measures. Traditional traffic
prediction methods are mainly based on historical data and statistical models, but they are difficult
to adapt to the complexity and real-time requirements of urban transportation systems. With the
development of new generation information technology, intelligent transportation systems are
gradually emerging. Collecting a large amount of traffic data through new technologies such as
sensors, GPS positioning, and intelligent devices, and using algorithms such as artificial intelligence
and machine learning for data analysis and modeling, to achieve intelligent prediction of urban road
traffic conditions [7]. The intelligent traffic prediction system can monitor and analyze traffic data
in real-time, predict future traffic flow, detect congestion in advance, and provide corresponding
traffic optimization solutions. This has important guidance and decision-making significance for
urban traffic management departments and traffic participants.
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At present, many scholars have conducted research on intelligent prediction methods for urban
road traffic congestion and have achieved certain results. Li et al. [9] proposes a predicting urban
traffic congestion method based on deep learning. This method first uses convolutional neural
networks to extract spatial features of urban area traffic data based on grid partitioning, and then
enhances the model's expressive power through fully connected neural networks. Next, the
similarity location encoding mechanism is used to incorporate location information into traffic data,
and finally, the Transformer network is used to capture the time-dependent characteristics of traffic
data, in order to achieve urban traffic congestion prediction. However, the literature points out that
this method has the problem of poor real-time data acquisition and cannot accurately predict urban
traffic congestion, resulting in poor application effectiveness. Ming et al. [14] proposed an
improved method to address the issue of incomplete analysis of velocity characteristics. This
method is based on floating bus data, combined with speed time correlation and spatial correlation
analysis, introducing two characteristics of bus flow and time occupancy. An improved particle
swarm optimization radial basis function neural network speed prediction model considering
spatiotemporal and bus flow characteristics is proposed. The prediction results are compared with
speed thresholds to obtain the traffic congestion situation on urban main roads. However, in the
application process, this method did not fully consider the data of non bus route sections, resulting
in inaccurate prediction of urban traffic congestion and limited application effectiveness. Liu et al.
[12] proposed a short-term traffic flow prediction model based on spatiotemporal feature fusion.
The model first uses point mutual information algorithm to analyze the correlation of monitoring
stations, determine the stations with high correlation, and then process their traffic data into periodic
and neighboring sequences. Next, introduce a long short-term memory network to extract temporal
features and construct relevant models to complete the fusion of temporal and spatial features.
Introduce absolute error sequence analysis to optimize the model and obtain the final prediction
result. However, in the process of spatiotemporal data processing, this method has certain
shortcomings, resulting in poor application effectiveness and inability to be widely applied.

To solve the problems in the above methods, this study introduces knowledge graph technology
to complete the design of an intelligent prediction method for urban road traffic congestion.

2. Overview of measuring urban road traffic congestion status

The degree of traffic congestion in the urban road network is the basis for the urban traffic
management department to obtain the traffic status of the urban road network, as well as the basis
for urban traffic management and control. Therefore, it is necessary to evaluate the degree of traffic
congestion in the urban road network. Vehicle speed is an important indicator reflecting road traffic
conditions. On urban roads, circular detectors can be used to obtain vehicle speed information. On
this basis, this article takes vehicle speed as the evaluation indicator, selects two values (30 and 50)
as the dividing points of urban road traffic conditions, and completes the design of congestion
measurement standards, as shown in Table 1.

Based on this, carry out subsequent research on predicting road traffic congestion status.

Tab. 1 - Measurement standards for congestion level

Speed value  Traffic situation Traffic status description

[0,10] Severe Average speed is very low and the road traffic is in poor condition
[10,20] Congestion Low average speed and poor road traffic conditions

[20,30] Slight Low average speed and poor road traffic conditions

[30,40] Normal Average speed is average, and the road traffic is in good condition
[40,+00] Unblocked High average speed and good road traffic conditions
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3. Construction of spatiotemporal knowledge graph for urban transportation network

In order to better understand and analyze the structure, state, and trend of urban transportation
systems, it is necessary to first construct a spatiotemporal knowledge graph of urban transportation
networks. This process requires collecting and integrating spatiotemporal traffic data from different
data sources such as traffic monitoring systems, GPS trajectory data, mobile device data, etc., and
conducting conceptual modeling and entity extraction to determine the entity types and association
relationships required to construct a knowledge graph [11, 1, 3, 8]. Meanwhile, considering the
spatiotemporal characteristics of traffic data, corresponding spatiotemporal attributes are added to
each entity and relationship to reflect the dynamic changes of the traffic network. Finally, store the
constructed spatiotemporal knowledge graph in an appropriate database, and use query languages
or APIs to query and analyze the knowledge graph to obtain information about the structure and
features of the transportation network. The entire process is as follows:

1) Obtain multi-source spatiotemporal data. This time, a certain city's road network information and
urban taxi trajectory data were used as initial data. Among them, the road network data is stored in
shp file format, which includes basic information of roads in all administrative areas under a certain
city and the connection relationships between roads [4]. In terms of trajectory data, continuous GPS
trajectory points of 2000 taxis in the city were selected as sample data. The trajectory data of these
taxis includes detailed information on their driving paths and stopping positions, and was recorded
at a sampling frequency of approximately 25 seconds.

2) Preprocess multi-source spatiotemporal data to ensure accuracy and consistency. Let P
represent the trajectory point data sequence, which can be represented as P = (t,x,y), t
represents timestamp, and x represents longitude; y represents latitude, and the formula for
calculating its velocity is as follows:
V= (o1 =) 2+ i1 —¥)? (1)
ti—1—t
After calculating its speed according to equation (1), set the threshold T and compare it with
the calculated value. If V < T, it is judged as a normal value, otherwise it is considered an outlier,
and the outlier is removed [5].

3) Based on the preprocessed data, conduct conceptual modeling and entity extraction to determine
the entity types and association relationships that need to be included in the spatiotemporal
knowledge graph. The entity model includes roads and vehicles. Based on the road information in
the road network data, each road has unique attributes such as ID, road name, road type, length, and
road segment [15, 13].

4) Add spatiotemporal attributes, add corresponding spatiotemporal features for each entity and
relationship, and then store the constructed spatiotemporal knowledge graph in the database.

Following the above steps, construct a spatiotemporal knowledge graph of urban transportation
network. The specific spatiotemporal knowledge graph of urban transportation network is shown
in Figure 1. As shown in Figure 1, the traffic status of each time period in the city forms a graph,
and its dynamic graph is defined as G, = (Q, E, A;). Here, G, represents the urban traffic status
map of time period t, @ represents the set of congestion status nodes in each section of the urban
road network, E represents the geographical connections between roads in the road network, and
A, represents the adjacency matrix of the urban traffic map in time period t [2].
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Time

Fig. 1 - Spatial and temporal knowledge graph of urban transportation network

In summary, the construction of a spatiotemporal knowledge graph for urban transportation
networks has been completed.

4. Design of urban road traffic congestion prediction

Based on the spatiotemporal knowledge graph of the urban transportation network constructed
above, fully considering its dynamic traffic correlation, a graph convolutional neural network is
used to construct a prediction model for urban road traffic congestion status. The expression is as
follows:

Ok = fo(Gp, Op) (2
where G, represents the set of dynamic traffic maps for a given historical period n; O,
represents a set of observed values of historical urban traffic congestion status, which can be judged
based on the criteria in Table 1; O, represents the predicted traffic congestion status for the future
k period; n represents the time interval of observed historical urban traffic data; k represents the
time interval for predicting urban traffic congestion; f, represents the urban traffic congestion
prediction function [16]. The prediction model for urban road traffic congestion status is shown in
Figure 2. As shown in Figure 2, the model mainly consists of dynamic adjacency matrix, LSTM
network, stepwise multi-layer graph convolutional network, and spatiotemporal graph
convolutional network.
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Fig. 2 - Prediction model for urban road traffic congestion status
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Its design is as follows:

1) Dynamic adjacency matrix. This matrix is mainly used to describe the dynamic spatial correlation
of the initial transportation network and the fixed geographical connections of the urban road
network, which can be represented as:

A =S'+A4 )
where St represents the dynamic correlation matrix of the urban transportation network, and A
represents the fixed adjacency matrix of the fixed geographical connection of the urban
transportation network, where:

St =Nt 4

4= {1, if v; and v; is connected )

0,if not
where N! represents the number of vehicles transferring from section i to j during period t; v;
and v; represents the speed of vehicles transferring from section i to j. Through the above, the
establishment of a dynamic adjacency matrix is completed, which is dynamic and can not only
represent the fixed geographical connections of urban transportation networks, but also the spatial
correlation connections of urban transportation dynamics.

2) LSTM network. This time, the network is mainly used to learn long-term dependency sequence
relationship data, in order to capture the evolution patterns of dynamic transportation networks [6].
For period t, the LSTM unit takes the current input vector X, and the previous state vector h;_;
as inputs, and then outputs the state vector h, in the current period. The process is as follows:

iy = oc(Wx, + Wih,_y + bY) (6)
ft = O'(Vfoxt + thht—l + bf) (7)
Ot = U(onxt + W}‘?ht—l + bO) (8)
St = [Osi—q1 + OS5 9
St = o(Wixe + Wyihe_y + b%) (10)
h; = 0,@tanh(s,) (11)

where i, f;,0, and s, represent input gates, forget gates, output gates, and storage units,
respectively; W, Wy, b is the learnable parameter of the corresponding unit, and o(.) represents
the activation function; © represents the Hadamard matrix multiplication of the corresponding
elements. Through the above, capture the dynamic temporal correlation of urban road traffic [19,
17].

3) Step wise multi-layer graph convolutional network. The stepwise multi-layer graph
convolutional network based on attention and dynamic adjacency matrix designed in this project is
used to capture dynamic spatial correlations in urban traffic data. Assuming there are N nodes in
the graph with M dimensional features, the topology and node properties of the graph can be
represented by the adjacency matrix A and the feature matrix F. This time, the adjacency matrix
is used to obtain its corresponding Laplace matrix, which can be expressed as:
L=D-A (12)

where D represents the degree matrix, which can represent the degree of each node in the graph.

The multi-step multi-layer graph convolution module designed in this project can perform multi-
layer graph convolution operations at each historical time period to capture the spatial
characteristics of the current historical urban road network. The graph convolution process in the
multi-step multi-layer graph convolution module is as follows:
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f(HL A,) = ReLu(D~Y24,D~Y2H W) (13)
where A, represents the normalized value of the adjacency matrix A,; i represents the
convolutional layer of the i layer graph; f represents an iterative function used to summarize the
feature information of neighboring nodes and oneself; H} represents the output of the
convolutional layer of the i layer graph in the t period; W/ represents the learnable weight
matrix of the i layer graph convolutional layer [10].

In order to adaptively capture important dynamic spatial correlations between nodes and achieve
higher accuracy in predicting future urban traffic congestion, a new spatial attention algorithm p*
was utilized in the first graph convolutional layer of each time period. Considering the strong
temporal correlation of urban transportation, the attention mechanism of this article is as follows:

pt = Q2o ((FIWHWF (WeA) + b) (14)
where p® represents the spatial attention torque of time period t,and F!~! represents the feature
matrix of the previous time period; A represents the fixed adjacency matrix of the graph. QF, W/,
WE,and b are learnable parameter matrices. o(.) is the activation function. Then, this time, the
softmax function is used to ensure that the sum of attention weights for each node is 1. Each element
value in P represents the semantic strength of the correlation between node i and node j. This module
has a total of n different spatial attention matrices p‘. When performing the first graph convolution
operation, the adjacency matrix A and the spatial attention matrix p* will be combined to
dynamically adjust the influence weights between nodes.

Through the above calculation, the urban traffic spatial feature vector representation
Hy,H,,...,H, for n time periods can be obtained. Among them, e represents the number of
hidden units in the last graph convolutional layer. This time, the spatial feature vector
representations of all historical time periods are merged as the dynamic spatial features of the urban
road network in n historical time periods, which can be expressed as:

Hs = H,OH,0,...,OH, (15)

Through the above, achieve dynamic spatial correlation capture in urban transportation data.

4) Spatiotemporal graph convolutional network. It is used to simultaneously integrate the dynamic
spatiotemporal dependencies and road information features obtained from the stepwise multi-layer
graph convolutional network and LSTM network mentioned above, in order to achieve urban traffic
congestion prediction. According to urban road traffic information, the characteristics of road
information include the number of lanes, whether the road is one-way or two-way, and the type of
road. This time, the unique hot encoding method was used to feature encode three types of
information, represented as Fj, Fy, F,,. The vectors of the three road features were merged as the
overall information features of the road, which can be represented as:
P; = F1®Fd®Fy (16)
Assuming that the spatial features generated by the attention based graph convolutional network
module are a dimensional F;, the time dependence generated by the LSTM network is b
dimensional F;, and the road information feature is ¢ dimensional F,., the spatiotemporal feature
vector and the road information feature vector are merged as the complete feature vector of the road:
F, = F,®F,®E, (17)
To adaptively learn the impact of each feature on future urban traffic congestion status, this
paper uses a fully connected layer to implement spatiotemporal attention mechanism R,,:
R, = w,F; + b, (18)
where w,, b, represent learnable parameters.
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