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ABSTRACT 

Frequent traffic crashes on urban roads seriously threaten public safety and traffic operations. 

Accurate risk prediction is vital for improving management efficiency and developing 

intervention measures. This paper proposes a traffic crash risk prediction model integrating 

multi-source heterogeneous data. It constructs a dynamic spatio-temporal graph network 

(DTGN) based on edge-aware graph convolutional networks (EGCN) and introduces a 

dynamic threshold risk stratification mechanism and local crash density (LCD) indicators to 

alleviate the issue of “zero inflation” in low-frequency areas. The model combines graph 

convolutional and spatio-temporal convolutional networks to extract multi-dimensional 

spatio-temporal features and enhances the ability to identify high-risk areas through a 

weighted loss function. The city is partitioned into hexagonal grid units, and a dynamic 

adjacency matrix is constructed to capture spatial associations and evolutionary features. 

Experimental results indicate that DTGN performs effectively in processing multi-source 

data and extracting key risk features, achieving an accuracy rate of 87% in high-risk area 

predictions, thereby providing more practical early warning support and decision-making 

basis for urban traffic safety management. 
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1. INTRODUCTION 

With the advancement of urbanisation and the growth of traffic flow, the convenience of residents’ travel 

has increased significantly. However, this progress has also increased the pressure on road traffic safety. Figure 

1 shows the trend of road traffic crashes and fatalities between 2004 and 2022 (Source: National Bureau of 

Statistics, China Statistical Yearbook https://www.stats.gov.cn/sj/ndsj/). The overall downward trend in traffic 

crashes and fatalities over the past 20 years reflects the positive effects of traffic management policies and 

safety measures. However, the risk of crashes remains high in specific regions and periods, indicating the need 

to enhance current traffic safety management strategies further. Therefore, traffic crash risk prediction is 

crucial to establishing an efficient traffic safety early warning system, which can provide a scientific basis for 

traffic safety management and help precise policymaking, risk prevention and control. 

Various factors, including traffic flow, road structure, weather conditions, land use and population 

distribution, influence the frequency of traffic crashes. These elements make it challenging for traditional 

analytical methods, such as logistic regression and random forests, which struggle to capture spatio-temporal 

dependencies and environmental variability. Currently, methods such as spatiotemporal data fusion [1], [2] 

and deep learning models [3, 4] can effectively capture the spatial and temporal patterns of crashes, and have 

become the primary technical means for traffic flow prediction as well as crash prediction. Traditional machine 

https://www.stats.gov.cn/sj/ndsj/
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learning methods [5], including classification regression trees, negative binomial regression, decision trees, 

and a regression model between the various factors by clustering the crash rate, predicting the crash rate of the 

road in the region [6], and verifying its accuracy. However, their effectiveness is often constrained when 

dealing with large-scale, nonlinear and spatio-temporally correlated data. Recent studies in deep learning show 

notable improvements in accuracy and robustness, which highlight its potential as a promising path for future 

studies on traffic safety. 

 
Figure 1 – The number of road traffic crashes and fatalities (recent 20 years) 

ConvLSTM integrates the spatial learning capabilities of CNNs with the temporal modelling strength of 

LSTM to capture the complex nonlinear traffic dynamics [7], [8]. Hu et al. proposed a ConvLSTM-based 

framework for predicting traffic crashes in Ningbo, which can effectively capture spatial and temporal 

dependencies in historical crash data, achieving higher predictive accuracy than traditional LSTM models [10]. 

The end-to-end LSTM [9] can extract hazardous state features from low-quality raw trajectory data; however, 

it still faces certain limitations, especially in handling complex spatial relationships and high-dimensional data 

with overfitting or computational inefficiency. These issues have gradually led to graph neural networks 

(GCNs) becoming a significant research focus. GCNs accurately capture interregional dependencies through 

their graph structure, demonstrating improved performance during the learning process [2], [10]. For example, 

STGCN [12] improves spatial-temporal correlation capture and training efficiency through multi-scale graph 

modelling. Meanwhile, Zhang et al. used random forest, SVM and XGBoost to predict real-time freeway crash 

risk and analyse the influence of dynamic traffic features [13]. 

Building on these advances, spatio-temporal graph modelling has become an important line of inquiry in 

traffic prediction. T-GCN [14] integrates graph structures into LSTM units, enabling dynamic spatiotemporal 

forecasting. By contrast, Risk Oracle [15] employs multi-task learning combined with deep graph 

convolutional networks to estimate citywide crash risks. With a different emphasis, Tao et al. [16] proposed a 

multi-scale spatiotemporal GCN that leverages historical traffic similarity to enhance prediction accuracy 

through a novel fusion mechanism. In addition, Wang et al. examined the temporal heterogeneity of traffic 

crash delays and showed that multi-scale temporal factors exert a significant influence on crash frequency [17]. 

Despite these advances, Choudhary et al. [18] and McCarty et al. [19] emphasise the necessity of integrating 

road, traffic and urban structural characteristics. Building on this, GSNet [2] further incorporates geographic 

and semantic information to improve the accuracy of traffic crash risk prediction. Moreover, demographic and 

behavioural factors, including age, gender and driver behaviour, have been shown to significantly influence 

crash risk [11, 21]. Future prediction models should integrate socio-economic factors and urban development 

factors to enhance the comprehensiveness and accuracy of predictions [22–25]. 
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Currently, there are several significant challenges to traffic crash prediction: 

1) Complex causality. Various factors influence crashes, including weather, time of day and other related 

factors. The complex interactions between these factors increase the difficulty of risk prediction. 

2) Spatial and temporal dependence. Crashes are affected by temporal and spatial features. Significant 

variations in travel patterns and traffic conditions over different times and regions complicate the 

modelling process. 

3) Zero inflation problem. The low frequency of crashes leads to a significant number of zero values in the 

crash data. The high frequency of zero data values causes the model to over-predict the scenario of no 

crashes, ultimately reducing prediction accuracy. 

In this study, we integrate multi-source data and use the hexagonal grid method to evaluate the study area 

with fine-grained dynamics to improve the spatial resolution. Meanwhile, a dynamic neighbour matrix will be 

constructed to capture the spatiotemporal correlation and integrate the dynamic threshold risk stratification 

strategy for crash risk prediction. 

2. DATA PROCESSING AND FEATURE SELECTION 

2.1 Data acquisition 

This study focuses on the main urban area of Hohhot, Inner Mongolia, which is characterised by a complex 

road network and faces significant challenges related to traffic safety, largely due to harsh winter conditions. 

To construct a comprehensive data framework, we integrated multiple data sources, including the urban traffic 

survey data, crash records of the traffic management department, meteorological data and basic road 

information. 

1) Traffic crash data: Obtained from the traffic management department for 2020–2021, including the time, 

location and casualties of each crash. 

2) Traffic flow data: Traffic flow information, including peak hour and off-peak hour traffic flow, was 

collected from 160 major roads and used to study traffic safety in Hohhot.  

3) Road infrastructure data: Include information on road types, intersections and road conditions. Sourced 

from the Planning Bureau. 

4) Socio-economic and land-use data: Cover the 380 transportation districts regarding population density, 

land-use types. 

5) Meteorological data: Access weather variables such as precipitation, temperature, humidity and wind 

speed on the Meteorological Bureau’s official website, https://data.cma.cn/. 

2.2 Data visualisation 

Figure 2 presents a comprehensive visualisation of traffic trip patterns in the urban study area. Figure 2(a) 

illustrates the distribution of the percentage of traffic trips between weekdays and non-workdays throughout 

the year. Overall traffic volume on weekdays is higher, with an earlier morning and evening peak due to the 

commuting demand. While midday travel increases on non-working days, it is likely reflecting leisure and 

social activities. Figure 2(b) illustrates the spatial distribution characteristics of crashes using K-means 

clustering, revealing a noticeable core-boundary effect, with dense crashes in the central city and fewer crashes 

in the peripheral areas. Figure 2(c) presents traffic flow distribution in the main urban area during off-peak hours. 

High-traffic flow areas often correspond to higher crash rates, although road type, management measures and 

environmental conditions influence crash occurrence. 

https://data.cma.cn/
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Figure 2 – Data visualisation 

To visually and effectively examine the correlation between crash frequency and other factors, we use GIS 

with data processing techniques to construct a three-dimensional temporal–geospatial model. A hexagonal grid 

with a spatial resolution of approximately 1 km was employed as the basic analytical unit to minimise the 

influence of uneven boundary effects on the analysis. Compared to square grids, hexagonal cells provide 

several advantages: (1) each cell of a hexagonal grid has six equidistant neighbours, more accurately 

representing real spatial proximity; (2) hexagons exhibit stronger directional isotropy, helping to minimise 

errors stemming from directional bias during simulations; (3) the use of a hexagonal grid helps reduce the 

“sawtooth” effect. Owing to these properties, hexagonal grids have been widely applied in transport geography 

and spatial modelling studies and have been shown to preserve spatial autocorrelation and clustering 

characteristics better. As shown in Figure 2(d), the study area was divided into 948 cells, capturing variations in 

the number across different periods. 

2.3 Feature selection 

This study employed the LightGBM algorithm to evaluate feature importance and select 15 key variables 

for traffic crash risk prediction. These variables span four categories: crash characteristics, traffic flow 

indicators, road structure attributes and land-use/environmental factors, to improve the accuracy of crash risk 

prediction and support urban road safety management. 

LightGBM, proposed by Microsoft in 2016 [26], is an optimised gradient boosting decision tree (GBDT) 

framework. It enhances training efficiency and reduces memory consumption through histogram-based 

computation and a leaf-wise growth strategy, making it particularly well-suited for large-scale datasets. To 

ensure consistency and comparability across multiple data sources, the study area used a hexagonal grid and 

performed spatial matching and data calibration to mitigate boundary effects. 

The dataset used in this study is extensive, totalling 2.1 TB. It includes traffic flow information from 160 

major roads and crash data covering 380 traffic districts. This large-scale dataset provides a robust foundation 

for assessing traffic crash risk and identifying high-risk areas and time periods – the final selected variables as 

listed in Table 1. 
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Table 1 – Selected features for LightGBM-based crash risk analysis 

Crash-related features Socioeconomic and demographic features Road network structure  Weather-related features 

Crash 
Population density 

Hex grid ID Weather conditions 

Hour Road type Rain hour 

Weekday 

Land use mix degree (LUD) 

Road length Temperature 

Day of the week Joint count 
Humidity 

Wind speed 

2.4 Data integration and heterogeneous fusion 

 
Figure 3 – Framework of multi-source heterogeneous data pre-processing 

To unify multi-source heterogeneous data, we designed a pre-processing and fusion framework (Figure 3) 

consisting of three key stages: 

1) Spatial and temporal alignment 

All datasets were first transformed into a standard coordinate reference system, after which the study area 

was partitioned into 1 km hexagonal grids. Traffic crash data were mapped to their nearest road segments 

through map matching, while road attributes, traffic flow and weather observations were aggregated to their 

corresponding grid cells. All datasets were resampled into 0.5-hour intervals based on time slices to ensure 

consistency. Dynamic variables – traffic flow, speed and weather data – were summarised as hourly means, 

while crash events matched their respective grids. 

2) Quality control  

We implemented several procedures to address missing values and outliers. Missing values within short 

gaps (under 30 minutes) were imputed via linear interpolation, while longer gaps were corrected using spatio-

temporal weighted averages and historical patterns. For grids or intervals with more than 30% missing data, 

the samples were excluded to avoid noise. To detect outliers, we combined physical constraints, such as traffic 

speed being limited to a range of 0 to 150 km/h, with statistical methods, including boxplot-based truncation 

and Winsorization [27]. Lastly, we normalised the data to improve comparability across different features. 

3) Cross-source alignment and fusion 

Following spatial and temporal alignment, static dynamic attributes were combined into a unified spatio-

temporal tensor, indexed by grid ID and time slice. Different data modalities were aligned through a cross-

source join strategy, after which the variables were grouped into static and dynamic sets to provide greater 

flexibility for subsequent modelling tasks. 

2.5 Zero-inflated issue 

In traffic crash prediction, the crash frequency of some grid areas is extremely low, which leads to sparse 

data, uneven distribution and a serious zero-inflation problem. However, these zero values do not necessarily 

mean “no risk at all” but may imply different degrees of potential crash risks. Therefore, this study proposes a 

dynamic threshold risk stratification method to categorise and process the zero-value grids to enhance the 

model’s learning ability for the low-crash-frequency region. Calculate the grid crash risk indicator as in Equation 

1 to assess the potential crash risk of each grid. 
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𝑅𝑖
𝑡 = ∑ (𝑁𝑖𝑗

𝑡 𝛿𝑗)3
𝑗=1    (1) 

i

tR represents the total crash risk for ig during time period t , t

ijN represents the number of crashes of severity 

level j  occurring in ig during time period t. j represents the severity level assigned to crash type j , with

1
j

 = , 2
j

 =  and 3
j

 = . 

To eliminate the effect of scale, we normalised the crash risk indicators for all grids to a range between 

[0,1] as in Equation 2. 

𝑅𝑖
𝑡 =

𝑅𝑖
𝑡−𝑚𝑖𝑛(𝑅𝑡)

𝑚𝑎𝑥(𝑅𝑡)−𝑚𝑖𝑛(𝑅𝑡)
   (2) 

Since some grids may be free of crashes at a given time, their neighbourhoods may be at high risk. 

Therefore, we introduce localised crash density (LCD) as Equation 3 to measure the overall crash risk level 

around a grid: 

𝐿𝐶𝐷𝑖
𝑡 =

∑ 𝑆𝑗
𝑡

𝑗∈𝑁(𝑖)

|𝑁(𝑖)|
  (3) 

where:
( )N i

 denotes the neighbourhood of the grid i ; 

( )N i
 is the number of neighbourhood grids i ; 

t

jS
 is the crash risk indicator for the neighbouring grid 

j
. 

We established a dynamic threshold  using the mean plus standard deviation method to categorise the 

zero-valued grids more effectively, as in Equation 4. This approach allows us to classify the zero-valued grids 

into high-risk zeros (HRZ) and low-risk zeros (LRZ), and decide the loss function weights iw
，as shown in 

Equation 5. 

𝜏 = 𝜇𝐿𝐶𝐷 + 𝜎𝐿𝐶𝐷   (4) 

where LCD
: mean value of localised incident density for all zero-valued grids. LCD

: standard deviation of 

localised incident density for all zero-valued grids. 

𝑤𝑖 = {

1 +
𝐿𝐶𝐷𝑖

𝑡

𝑚𝑎𝑥(𝐿𝐶𝐷)
, 𝐿𝐶𝐷𝑖

𝑡 ≥ 𝜏

1                     ,𝐿𝐶𝐷𝑖
𝑡 < 𝜏

1                     ,other

}   (5) 

To further evaluate the proposed method’s stability and robustness under varying crash density 

distributions, temporal/spatial subsets and threshold perturbations, we designed systematic comparative 

experiments in Section 4.3. We summarised the related findings in the discussion section. 

3. METHODOLOGY 

3.1 DTGN framework 

This study proposes a dynamic temporal-spatial graph neural network (DTGN) framework for accurately 

predicting the risk of traffic crashes on urban road networks. As shown in Figure 4, the model first performs 

unified grid processing and feature selection on multi-source heterogeneous data (traffic flow, crash records, 

road structure, weather information, etc.) to enhance the compactness and effectiveness of feature 

representation. A dynamic adjacency matrix integrates temporal synchrony, trend consistency and causal 

relationships in the spatial modelling layer. Based on this, an enhanced graph convolutional network (EGCN) 

is employed to extract dynamic spatial association features between regions. In the temporal modelling layer, 

a temporal convolutional network (TCN) is integrated with gated recurrent units (GRUs) to enable multi-scale 

learning of crash temporal patterns. Subsequently, a cross-attention fusion module establishes contextual 

interactions between spatial and temporal features, enhancing the model’s ability to perceive complex spatio-

temporal dependencies. 
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Figure 4 – Framework overview of DTGN 

3.2 Temporal block 

Time blocks are essential in DTGN models, focusing on temporal features in traffic crash risk prediction. 

TCN processes time sequential data through convolutional layers, accommodating various temporal 

dependencies and reducing information leakage by employing causal convolutions that only operate on current 

and past inputs [14]. 

Nevertheless, TCNs may encounter difficulties in the variability of dependency strengths and adapting to 

dynamic temporal data, such as irregular patterns in traffic crash data. To address this limitation, this study 

integrates TCN with gated recurrent units (GRUs). TCNs capture both short- and long-term variations through 

one-dimensional convolutions, whereas the GRU models temporal dependencies using recurrent hidden states. 

Integration of TCN and GRU through time blocks leverages the strengths of both models to improve the 

identification of temporal correlations and enhance the prediction accuracy for time series data. As shown in 

Figure 5, input features are 1 2{ , ,..., }TX x x x=
. The process th

begins with the TCN, as in Equations 6–7, which 

utilises extended convolution and residual connections to extract multi-scale temporal features, effectively 

capturing both short-term and long-term dependencies. The sequences of features 
( )l

th
 extracted by the TCN 

are then input into the GRU, which further captures temporal dependencies through the computations of update 

and reset gates. In the end, TH produced by the GRU are provided as the output of the time block for subsequent 

prediction tasks. As shown in Equation 8, where 1th −  represents the hidden state from the previous time step, 

and TH  denotes the memory unit in the GRU.  

ℎ𝑡 = ∑ 𝑊𝑖𝑥𝑡−𝑖⋅𝑑 + 𝑏𝑘−1
𝑖=0  𝑊 ∈ ℝ𝑘×𝑑𝑥×𝑑𝑜𝑢𝑡 , 𝑏 ∈ ℝ𝑑𝑜𝑢𝑡  (6) 

ℎ𝑡
(𝑙)

= ∑ 𝑊𝑖
(𝑙)𝑥𝑡−𝑖⋅𝑑

(𝑙−1)
+ 𝑏(𝑙)𝑘−1

𝑖=0   (7) 

𝐻𝑇 = (1 − ℎ𝑡
(𝑙)

) ⊙ ℎ𝑡−1 + ℎ𝑡
(𝑙)

⊙ ℎ̃𝑡  (8) 
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Figure 5 – Flow of temporal block 

3.3 Spatial block 

1) Dynamic adjacency matrix 

After pre-processing the data to extract time synchronisation, trend consistency and collision risk 

correlation features, this study combines static spatial topology with time-varying factors and introduces a 

dynamic adjacency matrix construction strategy. 

Specifically, three complementary metrics are introduced to model inter-regional dynamic relationships: 

time synchronisation (TS), trend consistency (TC) and crash risk correlation (ARC) to model dynamic regional 

relationships and develop a more precise dynamic adjacency matrix. First, the temporal synchronisation of 

traffic flows and crash events is calculated based on dynamic temporal regularisation (DTW), which measures 

the synchronisation of their dynamic change patterns, as shown in Equation 9. Next, mutual information (MI), 

as presented in Equation 10, is used to evaluate the consistency between historical crash rates and weather 

variables, thereby revealing potential regional associations at the trend level. Subsequently, the Granger 

causality test, described in Equation 11, is applied to historical crash data, holiday information and road network 

characteristics to identify inter-regional causal relationships, ensuring that the defined adjacencies reflect both 

correlation and causal influence. The above three metrics are fused through a multiplicative perceptron (MLP) 

as in Equation 12, with Softmax normalisation applied to generate the dynamic adaptive adjacency matrix. 

1

1
( , ) ( , )

T
t t

i j

t

TS i j DTW X X
t =

= 
  

(9) 

1

1

1 12 2

1 1

( , )
( , )

( ) ( )

T t t

i jt

T Tt t

i jt t

X X
TC i j

X X

−

=

− −

= =

 
=

 



    
(10) 

( )
( , )

( ) ( )

i j

i j

P Y Y
ARC i j

P Y P Y


=   (11) 

t t t t t t tA TS TC ARC  = + +    (12) 

where: ( )i jP Y Y  denotes the probability of a crash occurring at both zones i  and j  at the same time. 
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2) Enhanced GCN 

The spatial module employs a multi-layer edge-aware graph convolutional network (EGCN) to effectively 

capture the complex spatial dependencies within the urban traffic network. Unlike traditional GCNs that rely 

solely on adjacency structures, the proposed method incorporates both node and edge-level attributes, thereby 

enriching the representation of inter-regional interactions. Specifically, a dynamic adaptive neighbourhood 

matrix tA , constructed from temporal synchronisation, trend consistency and crash causality, serves as the 

backbone for spatial message propagation. 

At each layer l, node features are updated via edge-conditioned graph convolution operations as shown in 
Equations 13–14: 

( 1) ( ) ( )( ( ( ( ; )))
l t l l

i j ij

j N

H A W H f E  
+



= +     (13) 

( ; )ij e ij ef E W E b = +    (14) 

where 
( )l

iH denotes the feature vector of node i  at layer l , and ijE  represents the feature vector of the edge crash 

co-occurrence frequency between nodes i and j . The learnable function ( )f   encodes edge semantics into 

adaptive weights, allowing spatial propagation to reflect heterogeneous and directional interactions more 

precisely. 

 
Figure 6 – Flow of spatial block 

To further enhance spatial representation, the output of the spatial block, as expressed in Equation 15, is fed 

into a cross-attention fusion module. The final output spatial feature representation STH is then passed into a 

cross-attention fusion module, where temporal features TH  are integrated through a query-key-value attention 

mechanism as shown in Equation 16: 

( )L

SH H=   (15) 

max( )S
ST T

Q K
R soft V

d
=    (16) 

where S S QQ H W= , T T KK H W= , T T VV H W= . 

3.4 Loss function  

We propose a loss function for the zero-inflation problem, as detailed in Equation 17. The issue is mitigated 

by introducing dynamic weights in Section 2.5. The weight assigned larger values in high-risk areas, enabling 

the model to focus more on these low-frequency regions. Conversely, the weights are reduced in low-risk areas 

to minimise their influence on training. In this way, this model focuses more on high-risk regions, enhances 

its ability to learn from rare crash events, while diminishing the adverse effects of zero inflation on prediction 

performance. 

N

i i i ii= i1

1
Loss = - log(R ) + (1- ) log(1- R )][ R

N
w R


  (17) 
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4. EXPERIMENT 

4.1 Experimental setup and baseline methods 

To effectively validate the DTGN model, we employed a multidimensional traffic dataset covering the 

period from 02/01/2020 to 01/01/2021, in the Saihan District of Hohhot. The dataset comprises 3,150 reported 

traffic crashes, among which 424 involved casualties. In addition, it includes approximately 45 million taxi 

trip records, 275 million taxi order records, 9,654 points of interest (POIs), 7,524 hourly weather records, 

nearly 9.8 k road segments and 869 land-use degree (LUD) entries. The entire study area was partitioned into 

948 hexagonal grids (about 1 km × 1 km each), and traffic as well as environmental features were aggregated 

at an hourly temporal resolution. For model development, the data were split chronologically into training, 

validation and test sets with a ratio of 6:2:2. 

To benchmark the effectiveness of the proposed DTGN framework, we compared it against several 

representative approaches widely used in spatio-temporal prediction, as follows: 

1) SARIMA [28]: The seasonal autoregressive integrated moving average model, which is effective for 

handling time series data characterised by periodicity and trends.  

2) GCN-GRU [29]: An intelligent network traffic prediction model that utilises a joint attention mechanism 

with GCN-GRU, merging spatio-temporal properties to enhance prediction accuracy.  

3) Hetero-ConvLSTM [3]: A hybrid model that integrates convolutional and long short-term memory 

networks.  

4) GraphWaveNet [30]: A deep learning model that stacks graph convolutional layers to predict spatio-

temporal graph data with long-term time series. 

5) AGCRN [31]: A wavelet transform-based multi-scale graph convolutional recurrent network that captures 

dynamic spatio-temporal features across multiple scales. 

4.2 Evaluation metrics 

We used a variety of key evaluation metrics to comprehensively evaluate the DTGN model’s performance 

in traffic crash risk prediction. 

1) Acc (Accuracy): Measures how correct the overall predictions are.  

2) RMSE (root mean square error): Quantifies the prediction error, with smaller values indicating lesser 

differences between predicted and actual values.  

3) Recall: Evaluates the model’s ability to identify crashes. In sparse data, a high recall rate suggests that the 

model effectively captures the occurrence of crashes, thereby minimising underreporting.  

4) F1-score is used to measure the comprehensive performance of the model in weighing false alarms and 

underreporting. 

5) Zero inflation rate: Measures the model’s ability to handle sparse data, helping avoid over-predicting “no-

crash” scenarios, improving the prediction accuracy in low-frequency crash regions. 

4.3 Experiment results and analysis 

Table 2 shows that DTGN achieves the best performance across all evaluation metrics by jointly modelling 

temporal dynamics, extracting spatial features and learning an adaptive adjacency matrix. It attains the lowest 

numerical error, accuracy, recall, F1-score, as well as the lowest zero inflation rate, thereby demonstrating 

DTGN can simultaneously adapt to complex spatiotemporal dependencies and data sparsity. In contrast, 

assuming a linear and stable model, SARIMA, it is challenging to capture nonlinearity and cross-node 

dependencies, with the highest error and lowest classification metrics performance. This validates the inherent 

shortcomings of traditional statistical paradigms in such tasks; among the deep learning models, GCN-GRU 

relies on first-order neighbourhood aggregation and single-channel GRU for temporal modelling. Although it 

has significantly improved compared to the baseline (Acc=75.5%, Rec=72.1%), due to limited capture of high-

order topology and multi-scale dependencies, the RMSE is still high (19.127), and the F1-score is not dominant 

(0.796). Hetero ConvLSTM improves local spatiotemporal interactions through convolutional gating, but lacks 

explicit dynamic graph modelling, which results in only moderate recall and F1 (80.48%, 0.867). Nevertheless, 

its RMSE remains high (19.6584), and the zero-inflation rate is also elevated (ZIR = 33), reflecting insufficient 

sensitivity to structural evolution and data sparsity. 
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Table 2 – Validation results 

Model RMSE Acc Rec F1-score ZIR 

SARIMA 28.2243 65.27 56.35 0.627 38 

GCN-GRU 19.127 75.5 72.1 0.796 29 

Hetero-ConvLSTM 19.6584 79.37 80.48 0.867 33 

GraphWaveNet 15.9 85.31 83.25 0.894 27 

AGCRN 20.7 84.5 84.42 0.901 21 

DTGN 14.86 87.25 86.33 0.916 15 

In more complex graph neural network models, GraphWaveNet relies on diffusion convolution and gated 

and dilated temporal convolution to effectively capture high-order topologies and long-term dependencies, 

thus performing well in regression accuracy and overall consistency. However, it relies on the static diffusion 

path and noise amplification, making the calibration of sparse zero values inferior to AGCGN (ZIR=27). 

AGCRN captures potential spatial relationships through adaptive graph learning and performs outstandingly 

in accuracy and F1-score, while outperforming most models in zero inflation control. Nevertheless, due to the 

absence of explicit temporal dynamic modelling, the results in the RMSE remain considerably higher than for 

DTGN. 

In summary, GraphWaveNet and AGCRN exhibit complementary but limited strengths, with the former 

excelling in regression accuracy and long-term dependency modelling, and the latter in spatial adaptation and 

zero-inflation control. GCN-GRU and Hetero-ConvLSTM deliver moderate gains but remain constrained in 

capturing complex dynamics. By integrating dynamic temporal modelling with spatial representation fusion, 

DTGN achieves balanced improvements in error reduction and sparsity robustness, consistently outperforming 

all baselines across performance metrics. 

4.4 Robustness analysis of the dynamic threshold 

To further assess the robustness of the proposed dynamic thresholding method, we designed experiments 

from three aspects: data subset partitioning, time dimension rolling window analysis and threshold parameter 

sensitivity. 

As shown in Figure 7, under different subsets of time and space (weekdays/weekends, day/night, city 

centre/suburbs), the proportion of HRZ remains in the range of 11%–20%, indicating that DTGN can stably 

identify a reasonable share of high-risk areas under varying conditions. 

 
Figure 7 – Robustness evaluation of the dynamic threshold method 

In Figure 7(a–c), a monthly rolling window was applied to compute the HRZ proportion, IoU and Kappa 

coefficient. The results indicate that the overall HRZ proportion exhibited no significant fluctuations, with IoU 

values generally above 0.6 and Kappa coefficients mostly exceeding 0.4, suggesting that the spatial distribution 

of high-risk areas remained stable across different time periods. Furthermore, Figure 7(c) shows that Cohen’s 

Kappa coefficient was predominantly above 0.4, reflecting moderate or higher consistency between adjacent 

time slices, while IoU values mostly exceeded 0.6, indicating a high degree of spatial overlap and consistency 

in the distribution of high-risk areas. 
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In addition, Figure 7(d) presents the sensitivity analysis of the threshold parameter k . The HRZ proportion 

and IoU exhibited no notable fluctuations, and the F1-score consistently remained above 0.90 within the range 

of 0.9 1.1k = − , reaching its peak at 1.0k = . These results demonstrate that this method is robust to threshold 

perturbations and exhibits strong parameter stability. 

To further verify the rationality of the adaptive weighting mechanism, we conducted weighted sensitivity 

experiments and visualised weight evolution to further verify the rationality of weight learning for the TS, TC 

and ARC indicators in constructing dynamic adjacency matrices. 

The model was first evaluated under different fixed weight combinations (α, β, γ), and the dynamic weight 

changes were tracked throughout training. As shown in Figure 8, during the early stages of training, the weights 

fluctuate considerably but gradually converge and stabilise as training progresses. Among the three indicators, 

TS achieves the highest adaptive weight, followed by TC and ARC, suggesting that time synchronisation 

contributes most to performance improvement. The stability of the final curve further confirms the alignment 

between sensitivity analysis and adaptive weight learning. 

 
Figure 8 – Evolution of TS/TC/ARC weight learning during training 

5. DISCUSSION 

5.1 Contribution of different components 

To further illustrate the effectiveness of the different components, we designed four variants for ablation 

experiments: (1) TEP block: This variant uses only the temporal module, removing the spatial feature 

modelling. (2) SPA block: Only the spatial module is retained, while the temporal feature modelling is 

removed. (3) No dynamic neighbourhood matrix: This variant combines features without introducing the 

dynamic neighbourhood matrix, only concatenating. (4) Complete DTGN: This variant incorporates temporal, 

spatial and dynamic neighbourhood matrix features to validate the effectiveness of the overall framework. 

 
Figure 9 – Performance comparison of the complete model against ablations on all metrics 
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As can be seen from Figure 9, the complete model performs best on all indicators, indicating that the 

temporal block, spatial block extraction and fusion mechanisms synergise and work together to improve the 

model’s prediction capability effectively. Notably, the performance of temporal blocks is better than that of 

spatial blocks, suggesting that temporal features have more influence on crash risk prediction, which may be 

related to the temporal patterns of traffic crashes, such as peak hours, weather factors, etc. Feature splicing 

alone performs poorly, and the dynamic adjacency matrix construction is sound. The DTGN model suggests 

that capturing both temporal and spatial blocks is essential for predicting the risk of traffic crashes. 

 
Figure 10 – Comparison of observed values and model predictions at different temporal resolutions 

In addition, we further analysed the perspectives from temporal resolution and seasonal effects. As shown 

in Figure 10, the comparison between observed values and predicted results at different time resolutions 

highlights the importance of fine-grained temporal features for the model. The hourly and day level features 

can effectively capture the short-term fluctuations and cyclical patterns of traffic accident risks, such as 

morning and evening peak hours, differences between workdays and weekends, etc., allowing the prediction 

curves to closely align with observed values. By contrast, weekly features oversmooth the data, weakening 

peak–valley variations and causing the model to lose critical short-term dynamics and extreme-value 

information, thereby only reflecting long-term trends. Since traffic accident prediction’s core goal is to identify 

short-term risk fluctuations, the higher accuracy and explanatory power of hourly and daily predictions are of 

greater practical significance. 

5.2 Impact of different variables and feature groups 

An intuitive analysis is conducted to examine the dependence of the deep graph neural network (DTGN) 

on different features and to reveal the influence patterns of each feature in crash-risk prediction. Accordingly, 

it is also necessary to assess the importance of both individual features and feature groups. We introduce the 

integrated gradients (IG) method, which measures the contribution of each variable by calculating the 

cumulative value of the gradient of the feature input along the path. The IG method effectively captures the 

variation in model response to different variables and provides a more explanatory ranking of feature 

importance. Meanwhile, to examine the impact of various categories of variables (e.g. traffic flow, weather, 

road structure) on the model’s overall performance, we further analyse the importance of the feature groups. 

To visually present the IG method’s results regarding each feature’s contribution, an importance plot for 

the IG is created based on the SHAP summary plot. The X-axis represents the importance value of the feature, 

the Y-axis represents the corresponding feature, and the colour maps the size of the feature value to reveal the 

mechanism of the influence of different features on the decision-making of the model and its mode of action. 

Figure 11 displays the results. 
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Figure 11 – Importance plot for the IG 

Figure 11 illustrates that key factors influencing traffic crashes include time variables, traffic flow and the 

number of joints. The results show a specific temporal pattern in the occurrence of crashes, which contributes 

to the prediction at a high level. Day of the week has a relatively small effect, but distinguishes the difference 

between weekends and weekdays. Traffic flow ranks high, showing the significant effect of flow levels on 

crash risk, with either a flow rate too high or too low, increasing the likelihood of a crash. 

Roadway network characteristics (e.g. roadway type and number of intersections) also play an important 

role, reflecting differences in risk across roadway configurations. This conclusion is consistent with Roland’s 

paper’s findings. 

Weather factors significantly impact crash risk, with higher SHAP significance for rain hours and weather 

conditions. This suggests that inclement weather (e.g., heavy rain, dense fog) may reduce visibility and 

increase the risk of slippery road surfaces. In addition, temperature, humidity and wind speed may further 

increase crash risk during extreme weather conditions by influencing driving behaviour and traffic flow 

patterns. 

Population density and land use mix degree (LUD) ranked low in the SHAP variable significance analysis. 

This is because there are no significant differences in the distribution of jobs and housing in the study area, 

resulting in a more limited impact on crash risk. 

Although feature attribution analysis reveals the contribution of individual variables, it does not directly 

capture the robustness of the model when an entire feature modality is missing. We further evaluated the 

DTGN’s performance under modality-missing scenarios by removing specific types of variables. 

Table 3 – Validation results 

Setting Accuracy Recall F1-score RMSE ZIR ΔF1 vs Full 

All features 0.872 0.863 0.916 14.9 15 – 

– Weather 0.82 0.785 0.858 19.8 24 −6.3% 

– Road network 0.832 0.798 0.872 18.5 22 −4.8% 

– POI / Taxi flow 0.844 0.815 0.884 17.2 20 −3.4% 

– Socio-economic 0.865 0.849 0.903 15.9 16 −1.4% 
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As shown in Table 3, DTGN exhibits varying degrees of performance degradation under missing-modality 

conditions. The absence of weather variables has the most significant impact (F1 decreased by -6.3%), 

indicating that extreme weather information is crucial in predicting traffic accident risks. Road network 

variables have the second-largest effect (–4.8%), underscoring the importance of road structure in risk 

modelling. The absence of POI variables leads to a moderate decline (–3.4%), whereas socio-economic 

variables have little impact on overall performance (–1.4%). These results are consistent with the feature 

attribution analysis in Figure 11, further indicating that DTGN has a high dependence on key modalities, but 

still maintains strong robustness when some data sources are missing. 

5.3 Small-sample adaptability 

First, we selected the Yuquan District of Hohhot City as the testing area. The region was divided into 

multiple spatial units, and 10%, 30%, 50% and 100% of the dataset were used to conduct evaluations under 

different data scales. 

 
Figure 12 – Results of cross-district transfer learning experiments with DTGN 

From the perspective of performance, Figure 12(a) shows that the F1-score of DTGN in the target area 

increases steadily with higher annotation ratios. At dataset ratios (10%–30%), the curve exhibits certain 

fluctuations, indicating model instability under small-sample conditions. When the dataset ratio exceeds 50%, 

the performance stabilises and converges, reaching about 0.86 at 100% annotation. This indicates that transfer 

learning can quickly restore performance under a limited dataset and reach near saturation levels in high 

annotation contexts. 

The loss curve Figure 12(b) of the training and validation sets reveals the convergence characteristics of the 

model on a 20% subset of data. As the number of epochs increases, both training and validation losses decrease 

and eventually stabilise, following similar trajectories without signs of overfitting. It suggests that the model 

maintains good generalisation ability under small sample conditions. 

In terms of convergence speed, Figure 12(c) shows that as the annotation ratio increases, the number of epochs 

required for convergence decreases substantially: the model requires approximately 150 epochs to converge 

with 10% annotation, whereas only about 80 epochs are needed under the 100% annotation condition.  

In summary, the results of the cross-domain transfer learning experiment indicate that DTGN exhibits 

strong adaptability across domains: even under low annotation or partial data loss conditions, it can 

progressively recover performance. 

6. CONCLUSION 

Accurate prediction of traffic accident risk is essential for improving urban traffic safety, as it directly 

influences the effectiveness of management interventions. This study proposes a traffic accident risk prediction 

model (DTGN) that can achieve high-precision identification of accident-prone areas, providing a practical 

tool for urban traffic safety management. First, it integrates multi-source data, including road structure, traffic 

flow and historical crash records, into a unified framework for more complete risk characterisation. Second, it 

introduces dynamic threshold layering to improve prediction accuracy in low-frequency regions. Finally, it 

incorporates dynamic graph modelling with cross-attention mechanisms to address the shortcomings of static 

graph structures. 

Despite the above advances, several limitations remain. The available data do not capture micro-level 

details such as driving behaviour or vehicle attributes, which restricts the depth of risk assessment. Feature 
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interpretability is limited, and causal mechanisms are challenging to quantify. Moreover, the model’s online 

updating mechanism is still incomplete. Future work will seek to include external mobility and POI data, 

together with multi-scale spatial representations and real-time updating strategies, to enhance the model’s 

precision, interpretability and adaptability. 
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