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Abstract: Predicting traffic accidents plays an important role in improving transportation efficiency and ur-
ban safety. Among other things, the built environment and road network design of a city can affect the incidence
of traffic accidents. Existing studies tend to focus on abstract theories, posing challenges for urban designers to
apply intuitively. This study proposes a workflow to analyze and predict urban traffic accidents by integrating
urban road networks, land use, and building profiles. We extracted data on traffic accident occurrences in San
Francisco in 2016-2023 and mapped the coordinates to the city’s land use and road network maps, and developed
a graph-born graph prediction model for urban traffic accidents using GAN neural networks. The model was
able to produce fairly accurate predictions of traffic accidents in the city of San Francisco. We used the model
to analyze the corresponding road safety situations under common urban prototypes and road network patterns
from the perspective of urban design (road modeling), and summarized the impacts of common road and land
use patterns on traffic safety in the city of San Francisco, as well as the possible ways to improve them. In
addition, the model is applied to other cities in the U.S. to validate the model’s migration capability.
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1 Introduction

Traffic safety is a critical component of public health and urban planning. The World Health Organization
(WHO) reports that around 1.19million people die annually due to road traffic crashes. Understanding the factors
that contribute to traffic accidents is essential for improving urban transportation safety and efficiency. Tradi-
tionally, the focus has been on road networks and traffic flow, but the broader built environment—encompassing
building layout, street width, intersection design, and land use—also plays a significant role. The road network
not only facilitates city transportation but also shapes the interactions between various sites, making it crucial
to view it through the lens of urban design [5]. Existing research often approaches the issue abstractly, either
summarizing causes of accidents [17] or developing predictive models based on various factors [43]. While
these methods offer insights, they frequently lack direct applicability for urban designers, who require intuitive
guidance on how specific design choices influence traffic safety.

Studies have shown that built environment variables significantly impact traffic accidents, with land use mix
(14.29%), freeway and arterial road density (12.43%), and secondary and local road density (11.54%) being the
top contributors [20]. However, the lack of dynamic visualization tools to represent the relationships among these
factors remains a challenge. Addressing this gap is essential for providing urban designers with clearer, more
intuitive guidance that integrates architectural knowledge with traffic studies, ultimately leading to informed
decisions that promote safer urban spaces.

2 Related Work

2.1 Built Environment and Traffic Accidents

Traffic safety is vital for sustainable urban development, yet the causes of traffic accidents are complex and
multifaceted. Haddon identified three decisive factors influencing road traffic safety: human factors, environ-
ment, and vehicle [12]. Insufficient oversight and enforcement of traffic regulations frequently contribute to
road accidents[10]. In addition to human factors and immutable conditions like weather [4] and time[33], the
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built environment—including human-made structures, public infrastructure, and land use—substantially affects
traffic accident occurrences of a city also has a substantial impact on the occurrence of traffic accidents[24].

The layout and design of the built environment directly influence traffic flow and safety. Road design,
including considerations for all road users, significantly impacts road safety [3]. Research indicates that road
density affects safety, with traditional views suggesting that wider, lower-density networks enhance safety [40].
Conversely, evidence suggests that in dense urban areas, “less forgiving” designs—such as narrow lanes and
traffic-calming measures—may improve safety [9]. Land use also significantly impacts traffic accidents, with
mixed-use developments correlating with higher pedestrian collision risks [36]. Multi-factorial cross-analysis
is crucial for a comprehensive understanding of traffic accidents.

2.2 Prediction Models for Traffic Accidents

Traffic accidents have been a longstanding focus of road safety research. With advances in data acquisition and
analysis, research has shifted from traditional statistics to large-scale, data-driven predictive models. Accident
data encompasses various factors, such as urban road geography, traffic volume, weather conditions, and driver
behavior, forming the basis for analysis. Data sources include government agencies, public databases, embedded
road infrastructure devices, in-vehicle sensors, and social media platforms [6, 11].

Accurately identifying and predicting future accidents holds significant practical value. Current mainstream
analytical methods include Bayesian networks, genetic algorithms, artificial neural networks, deep learning al-
gorithms and others[6, 11, 7]. Traditional probabilistic methods like Decision Tree algorithms are notable for
their ability to predict traffic accident severity without requiring prior probabilistic knowledge of the studied
phenomena[2, 27, 37]. However, their reliance on binary classification makes it difficult to incorporate visu-
alized information as input or output. Increasing research attention has shifted toward deep neural networks,
including LSTM, CNN and GAN models, which have been successfully applied to analyze traffic speed and
accident data across both spatial and temporal dimensions[39, 38, 42]. Recent advancements in large language
models (LLMs) have facilitated the development of agent-based models for accident analysis and prediction,
incorporating effectors, sensors, communication, intention, motivation, and cognition. These methods are pri-
marily applied in complex systems[15], like autonomous driving[34, 29, 1] and traffic control[32]. As this study
focuses on built environment factors and excludes dynamic variables, their use is less relevant here.

2.3 Applications of GAN Models in Urban Studies

Generative Adversarial Networks (GANs), as advanced deep learning models, have shown significant poten-
tial in urban studies. GANs consist of a generator and a discriminator, which undergo adversarial training to
produce data resembling real datasets. Various studies have employedGANmodels for urban and transportation-
related predictions. These models, such as TrafficGAN for traffic flow prediction[41], Curb-gan for spatiotem-
poral data analysis[42], and other GAN-based approaches for urban planning changes[31] and traffic accident
prediction[28, 8, 21], have shown great value in their respective applications. Pix2Pix[18], a model suited for
image translation tasks requiring paired data, has been widely applied in scenarios such as architectural plan
generation[16, 22] and crime prediction[13]. More importantly, this method, which leverages real-world urban
morphology image data for training and visualization, enables designers and the public to easily comprehend
and apply the relationships between various factors and data.

However, existing research lacks a focus on understanding the relationship between the built environment
and traffic accidents, instead prioritizingmodel architecture optimization. There is a notable gap in the application-
level analysis, particularly in interpreting the ”black box” of artificial neural networks (ANNs) from urban and
architectural perspectives. Previous studies, such as the Urban-GAN model proposed by Quan et al.[30], have
created multi-dimensional urban design computation systems that offer valuable insights for public participa-
tion in urban design. Our research aims to integrate expertise in architecture and urban planning, focusing on
how urban-scale elements contribute to traffic safety. By using land use types and road network characteris-
tics as key input variables, we seek to understand their influence on accident occurrences, ultimately providing
designer-friendly guidance for urban traffic planning, fostering informed decision-making.
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3 Methodology

3.1 Data Processing

We selected San Francisco, California, as the data source due to its rich urban environmental data, high level
of urban development, and frequent traffic safety incidents. We used the open-source geographic information
system QGIS to visualize the data.

The research concluded that a consecutive period of 5-10 years is the preferred time period for road accident
prediction[25]. We collected two datasets of traffic accident records spanning from 2016 to 2023 from Kaggle
[26]and the San Francisco government website, resulting in a total of 39,000 de-duplicated accident records.
The dataset includes precise coordinates (latitude and longitude), date and time of the incidents, severity of
the accidents, and the types of vehicles involved (automobile, bicycle, or pedestrian). To clearly identify the
locations of the accidents, we visualized each accident as a black dot with 20% transparency and a diameter of
5 pixels. The image was then color-inverted to produce a black background with white dots, which served as
the output image for training the GAN model.

We integrated road network data from OpenStreetMap and 2020 land use data from DataSF to be used as
input for the GAN model. To improve the model’s accuracy, we adjusted the RGB values, setting the R, G, and
B dimensions to 0, 125, and 255, respectively. This adjustment maximizes the contrast between different color
layers, thereby enhancing the model’s performance and robustness (specific values are illustrated in the figure
1).

Fig. 1 The RGB values of different land use

3.2 Dataset Preparation

In determining the dimensions of the training images, we considered that traffic accidents often extend beyond a
single intersection andmay be influenced by the surrounding built environment across several blocks. Therefore,
we selected an area coverage of approximately 600m x 600m per image. To ensure image clarity and to retain
the maximum amount of useful information, we specified each image to be 512 x 512 pixels. Consequently, we
selected a usual architect’s scale at 1:50, and each final image represents 677.5m x 677.5m. In order to ensure
the accuracy of the model’s understanding of road widths and densities, it is essential to keep the scale of the
input images consistent.

We used Python Image Library (PIL) for the automated cropping of input and output images. To mitigate the
potential impact of image boundaries on data analysis, we employed an overlapping strategy for adjacent images
to ensure full coverage of the map area. Specifically, each subsequent image was shifted by 256 pixels either in
the X or Y direction from the previous image, covering the entire area(4). Additionally, a filtering mechanism
was implemented to exclude blank images lacking data information, thereby enhancing the efficiency of model
training.
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Fig. 2 The processed map of San Francisco

Fig. 3 The map of traffic accidents recorded between 2016 and 2023 in San Francisco
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After processing, a total of 1,212 image sets were obtained. We randomly selected 1,100 image sets for the
training dataset and reserved 112 image sets for the test dataset to evaluate the training results.

Fig. 4 The generation of dataset from a single large-scale map

3.3 Training

In this paper, the model training utilized the NVIDIA open-source pix2pixHD code[35], which incorporates a
novel adversarial loss function along with a multi-scale generator and discriminator architecture. This setup
enables the generation of high-resolution, realistic images with dimensions of 2048 x 1024 pixels. We believe
this model effectively meets the image learning requirements of this study. Various hyperparameters, including
learning rates, were fine-tuned multiple times to enhance training optimization. The neural network architecture
of the model is illustrated in Figure 5.

To achieve an optimal model, we conducted multiple rounds of hyperparameter tuning, focusing primarily
on comparing learning rate, number of epochs and batch size. We ultimately determined the locally optimal
learning rate to be 0.00002, conducted a total of 300 epochs of training, setting the niter value to 210.

4 Result Analysis

4.1 Training Results

The results showed a significant reduction in both D_Loss and G_Loss after training, indicating that the model
achieved satisfactory performance (Figure 6). As shown in Figure 7, with the increase in training time and
epochs for the generative adversarial network (GAN) model, the simulated traffic accident data points generated
by the model progressively approximated the real images. After completing the final training, we evaluated the
reserved 112 test images (Figure 8).

To assess the practical predictive accuracy of the trained model, we utilize the Fréchet Inception Distance
(FID) score, which measures the diversity and quality of the generated images[14]. A lower FID score indicates
that the generated images are more similar to the real ones, reflecting better model validity. Our FID value is
20.01, illustrating a positive simulation.

4.2 Traffic Accident Patterns

We began by analyzing and understanding the impact of the built environment on the number of traffic accidents
using existing real-world data. We classify the patterns of road and land use relationships into the following
categories: Roads (Grid Network, Curved Roads, Multiple Road Intersections, Sparsely Built Area) and Land
Use Types (Residential Dominant, Commercial/Entertainment Dominant, Mixed Land Uses)(see Figure 9). In
this study, sparsely built area are not observed in residential-dominant areas, but in greenplace-dominant.

Our comparative analysis reveals that, for road patterns, areas with multiple road intersections have a signif-
icantly higher number of accidents surpassing grid networks, curved roads, and sparsely built area. Regardless
of the land use type, areas with multiple road intersections experience the overall highest number of accidents,
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Fig. 5 The workflow of our model training

Fig. 6 The D_Loss and G_Loss in the training process

Fig. 7 Predicted results for each training epochs. left: input map; middle: real accidents map; right: generated
accidents map
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Fig. 8 Predicted results for test. left: input map; middle: real accidents map; right: generated accidents map

with incidents primarily concentrated at the intersections. Mixed land use areas, often characterized by higher
road density, also report more accidents than single-use areas.

Overall, the layout with multiple road intersections is most prone to accidents. For grid networks, road
density has a greater impact on accident numbers than land use type. Curved roads and sparsely built area
generally show fewer accidents. Such analysis corresponds to the Marks’ study [23] that the distribution of
crash-es was fairly uniform across the gridirons and crash frequencies were dramatically higher for four-way
than three-way intersections.

4.3 Urban Design Optimization

While theoretical research on the relationship between traffic accidents and urban road planning often remains
abstract, our study aims to utilize big data and deep learning to offer urban planners more dynamic and actionable
insights for design optimization.

We selected a district with high traffic accident density and complex land use patterns. Using Photoshop,
we modified the input base map colors by incorporating various forms of green spaces or other land use types
into the existing site (see Figure 10). These modified maps were then used as test inputs for the GAN model to
predict traffic accidents, allowing us to assess whether different urban design strategies can effectively enhance
traffic safety in the environment.

We conducted a multifaceted exploration of the relationship between built environment factors and traffic
accidents from the perspective of designers:

(Steps 1-4) Impact of Green Space Placement on Reducing Traffic Accidents: We added green spaces along
the road on different sides and found that positioning green spaces on both sides is more effective in reducing
traffic accidents. Given the practical constraints in urban planning that often prevent large-scale changes, we
also explored the impact of reshaping green spaces into elongated forms. This adjustment proved more effective
in reducing traffic accidents, indicating a larger green space does not necessarily lead to a greater reduction in
the probability of traffic accidents. The effectiveness of green spaces in reducing traffic accidents is dependent
on various factors, like the size, placement and shape.

(Steps 5-6) Influence of Land Use Types on Traffic Accidents: We further investigated the effects of different
land use types on traffic accident rates. Introducing narrow retail/entertainment areas or residential areas on both
sides of the road impacts traffic accident reduction, but not significant among comparisons.

(Steps 7-9) Effect of Spatial Segmentation on Reducing Traffic Accidents: We examined the effect of spatial
segmentation by dividing elongated green spaces. The results show that segmenting spaces can further reduce
the occurrence of accidents, aligning with general urban design practices and highlighting the importance of
segmentation in spatial planning.
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Fig. 9 The classification of the city plan

4.4 Urban Design Theory Validation

Previous urban designs focus mostly on the pedestrians, but as transportation increasingly become part of peo-
ple’s life, there’s a raising for need attention on traffic and perspective from drivers and passengers. Those
theories raised by researches yesterday may not apply to the cities today. We want to find the city plans suitable
for living while ensuring traffic safety as well. Architects have concluded various city grids with unique charac-
teristics, which raises the doubt that if these grids applicable for some cities will apply to another one. Therefore,
we chose five diverse cities (Barcelona, Paris, Manhattan, Sandiego and Suzhou) to test on the model specific
trained for San Francisco. Among the five cities, Barcelona, Manhattan and Sandiego have obvious grids. Paris
has a center with roads radially spread out. Suzhou seems more random, with little buildings share a common
block, and roads surround outside.

As shown in Figure 11, it turns out that city with gridions share a similar trend. Traffic accidents are more
likely to happen on the wider roads. By contrast, the slim roads friendly to pedestrians and civilians according to
Jane Jocabs[19], are welcoming to transportation as well. Though the practical urban design involves far more
consideration than simply traffic accident rate, but this brand-new trial will open up mind for city designers to
utilize the GAN model and experiment their imagined program on specific sites.

4.5 Test on the Migration Capability of the Model

After the validation of the model in San Francisco, we dig deeper into the question: can the model be migrated
to another city in America? Considering the climate and cultural similarities, we chose another two cities in
western America-San Diego and Seattle. Both of the cities have gridions but with different density and land-
use distribution. However, the model shows a low quality on the prediction of both cities’ traffic accidents (see
Figure 12). While the model recognized the intersections and predicted a number of accidents, the dots are fewer
than reality. Besides, the model fails to recognize the curved roads (especially highways) and presents no dots
alongside these roads. In the future, we will further investigate on the prediction ability of our model and find
its boundaries.
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Fig. 10 Effects of different adjustments to the site

Fig. 11 The prediction of traffic accidents based on different city plans
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Fig. 12 The comparison between prediction and reality of traffic accidents in San Diego

5 Conclusion

5.1 Insights

Our study uses San Francisco as a case study to visualize urban built environment and traffic accident data
through GIS and train a GAN model for traffic accident prediction.

Model Prediction: Our model has demonstrated high accuracy in predicting traffic accidents across various
environments, including complex dense road networks, sparse road layouts dominated by green spaces, and
areas with diverse land use types. This indicates that our model is capable of adapting to different urban layouts
and traffic conditions.

Validation of Urban Planning Theories: By analyzing and categorizing data based on road infrastructure
and land use types, and comparing accident data, we have validated urban planning theories specific to the
San Francisco region. Our simulation of different design scenarios further verifies and extends existing urban
planning theories, providing a more scientific and reliable basis for urban planning decisions.

Designer-Friendly Urban Planning Visualization Method: We have introduced a dynamic prediction model
to explore the impact of modifications to the built environment on traffic accidents. This approach offers a vi-
sualization tool tailored for designers, facilitating a better understanding of the implications of design changes.
By applying neural network and big data advancements to urban planning, we provide a reference for interdis-
ciplinary knowledge collaboration.

5.2 Limitations and Future Work

Due to limitations in accessing urban traffic accident data, this model currently demonstrates good predictive
accuracy only for San Francisco. However, this also suggests that traffic conditions may have unique char-
acteristics across different cities, raising the question of whether to train a general model for urban prediction
or to develop city-specific or region-specific models. This remains an area for further exploration. Besides,
the present research focuses only on the urban form. Considering the complex causes of traffic accidents, our
future research will incorporate additional factors to analyze the causes of these differences beyond the built
environment.

We plan to develop a web platform based on our GAN model, tailored to provide an intuitive interface for
urban planners. This platform will enable designers to easily modify the built environment and receive real-time
traffic accident prediction feedback, aligning with their design logic and reducing technical barriers.

References

[1] Abdulsattar, H., Siam, M. R. K., and Wang, H. Characterisation of the impacts of autonomous driving on highway
capacity in a mixed traffic environment: an agent-based approach. IET Intelligent Transport Systems (2020).

[2] AbelláN, J., LóPez, G., and De OñA, J. Analysis of traffic accident severity using decision rules via decision trees.
Expert Syst. Appl. 40, 15 (Nov. 2013), 6047–6054.

10



[3] Ahmed, S., Mohammed, M., Abdulqadir, S., Abd Elkader, R., El-Shall, N., Chandran, D., Rehman, M. E. U., and
Dhama, K. Road traffic accidental injuries and deaths: A neglected global health issue. Health Science Reports 6 (05
2023), e1240.

[4] Bergel-Hayat, R., Debbarh, M., Antoniou, C., and Yannis, G. Explaining the road accident risk: Weather effects.
Accident Analysis & Prevention 60 (2013), 456–465.

[5] Bremer, S., and Sander, H. View from the road: Environmental simulation for the fractal city of rhine ruhr. In
Proceedings▪ 6th EAEA Conference▪ Bratislava (2003), p. 43.

[6] Chand, A., Jayesh, S., and Bhasi, A. Road traffic accidents: An overview of data sources, analysis techniques and
contributing factors. Materials Today: Proceedings 47 (2021), 5135–5141.

[7] Chen, Q., Song, X., Yamada, H., and Shibasaki, R. Learning deep representation from big and heterogeneous data for
traffic accident inference. In Proceedings of the AAAI Conference on Artificial Intelligence (2016), vol. 30.

[8] Chen, Z., Zhang, J., Zhang, Y., andHuang, Z. Traffic accident data generation based on improved generative adversarial
networks. Sensors 21, 17 (2021), 5767.

[9] Ewing, R., and Dumbaugh, E. The built environment and traffic safety: a review of empirical evidence. Journal of
Planning Literature 23, 4 (2009), 347–367.

[10] Goniewicz, K., Goniewicz, M., Pawłowski, W., and Fiedor, P. Road accident rates: strategies and programmes for
improving road traffic safety. European journal of trauma and emergency surgery 42 (2016), 433–438.

[11] Gutierrez-Osorio, C., and Pedraza, C. Modern data sources and techniques for analysis and forecast of road accidents:
A review. Journal of traffic and transportation engineering (English edition) 7, 4 (2020), 432–446.

[12] Haddon, W. The changing approach to the epidemiology, prevention, and amelioration of trauma: the transition to
approaches etiologically rather than descriptively based. Injury Prevention 5, 3 (1999), 231–235.

[13] He, J., and Zheng, H. Prediction of crime rate in urban neighborhoods based on machine learning. Engineering
Applications of Artificial Intelligence 106 (2021), 104460.

[14] Heusel, M., Ramsauer, H., Unterthiner, T., Nessler, B., and Hochreiter, S. Gans trained by a two time-scale update rule
converge to a local nash equilibrium. Advances in neural information processing systems 30 (2017).

[15] Huang, J., Cui, Y., Zhang, L., Tong,W., Shi, Y., and Liu, Z. An overview of agent-basedmodels for transport simulation
and analysis. Journal of Advanced Transportation (2022).

[16] Huang,W., and Zheng, H. Architectural drawings recognition and generation throughmachine learning. InProceedings
of the 38th annual conference of the association for computer aided design in architecture, Mexico City, Mexico (2018),
pp. 18–20.

[17] Imran, M., and Nasir, J. A. Road traffic accidents: Prediction in pakistan. The Professional Medical Journal 22, 06
(2015), 705–709.

[18] Isola, P., Zhu, J.-Y., Zhou, T., and Efros, A. A. Image-to-image translation with conditional adversarial networks.
CVPR (2017).

[19] Jacobs, J. The Death and Life of Great American Cities. 01 2016, pp. 94–109.
[20] Jian, Chen, Z., Qiu, T., Peng, K., Liu, Z., Fu, Y., and Tuo. Influence of built environment on the severity of urban

traffic accidents. Journal of Chongqing Jiaotong University(Natural Science) 42, 3 (2023), 105–111.
[21] Jin, J., Rong, D., Zhang, T., Ji, Q., Guo, H., Lv, Y., Ma, X., and Wang, F.-Y. A gan-based short-term link traffic

prediction approach for urban road networks under a parallel learning framework. IEEE Transactions on Intelligent
Transportation Systems 23, 9 (2022), 16185–16196.

[22] Liu, Y., Zhang, Z., Hu, K., and Deng, Q. Graph constrained multiple schemes generation for campus layout. In The
International Conference on Computational Design and Robotic Fabrication (2023), Springer, pp. 125–138.

[23] Marks, H. Subdividing for traffic safety. Traffic quarterly 11 (1957), 308–325.
[24] McClure, W. R., and Bartuska, T. J. The built environment: a collaborative inquiry into design and planning. John

Wiley & Sons, 2011.
[25] Mesquitela, J., Elvas, L. B., Ferreira, J. C., and Nunes, L. Data analytics process over road accidents data—a case

study of lisbon city. ISPRS International Journal of Geo-Information 11, 2 (2022), 143.
[26] Moosavi, S. Us accidents (2016 - 2023), 2023.
[27] Muhammad, L. J., Salisu, S., Yakubu, A., Malgwi, Y. M., rufa’I Tijjani Abdullahi, E., Mohammed, I. A., and Muham-

mad, N. A. Using decision tree data mining algorithm to predict causes of road traffic accidents, its prone locations
and time along kano –wudil highway. International journal of database theory and application 10 (2017), 197–206.

[28] Nguyen, K.-T., Dinh, D.-T., Do, M. N., and Tran, M.-T. Anomaly detection in traffic surveillance videos with gan-
based future frame prediction. In Proceedings of the 2020 International Conference on Multimedia Retrieval (2020),
pp. 457–463.

11



[29] Prédhumeau, M., Mancheva, L., Dugdale, J., and Spalanzani, A. Agent-based modeling for predicting pedestrian
trajectories around an autonomous vehicle. J. Artif. Int. Res. 73 (May 2022).

[30] Quan, S. J. Urban-gan: An artificial intelligence-aided computation system for plural urban design. Environment and
Planning B: Urban Analytics and City Science 49, 9 (2022), 2500–2515.

[31] Sun, S., Mu, L., Feng, R., Wang, L., and He, J. Gan-based lucc prediction via the combination of prior city planning
information and land-use probability. IEEE Journal of Selected Topics in Applied Earth Observations and Remote
Sensing 14 (2021), 10189–10198.

[32] Torabi, B., Wenkstern, R. Z., and Saylor, R. A collaborative agent-based traffic signal system for highly dynamic traffic
conditions. In 2018 21st International Conference on Intelligent Transportation Systems (ITSC) (2018), pp. 626–633.

[33] Vorko-Jović, A., Kern, J., and Biloglav, Z. Risk factors in urban road traffic accidents. Journal of safety research 37,
1 (2006), 93–98.

[34] Wang, J., Lv, W., Jiang, Y., Qin, S., and Li, J. A multi-agent based cellular automata model for intersection traffic
control simulation. Physica A-statistical Mechanics and Its Applications 584 (2021), 126356.

[35] Wang, T.-C., Liu, M.-Y., Zhu, J.-Y., Tao, A., Kautz, J., and Catanzaro, B. High-resolution image synthesis and semantic
manipulation with conditional gans. In Proceedings of the IEEE conference on computer vision and pattern recognition
(2018), pp. 8798–8807.

[36] Wang, Y., and Kockelman, K. M. A poisson-lognormal conditional-autoregressive model for multivariate spatial anal-
ysis of pedestrian crash counts across neighborhoods. Accident Analysis & Prevention 60 (2013), 71–84.

[37] Weitiao, Wu, S., Jiang, R., Liu, W., Jin, Changxi, and Ma. Economic development, demographic characteristics,
road network and traffic accidents in zhongshan, china: gradient boosting decision tree model. Transportmetrica A:
Transport Science 16, 3 (2020), 359–387.

[38] Yu, H., Wu, Z., Wang, S., Wang, Y., and Ma, X. Spatiotemporal recurrent convolutional networks for traffic prediction
in transportation networks. Sensors 17, 7 (2017), 1501.

[39] Yuan, Z., Zhou, X., and Yang, T. Hetero-convlstm: A deep learning approach to traffic accident prediction on het-
erogeneous spatio-temporal data. In Proceedings of the 24th ACM SIGKDD international conference on knowledge
discovery & data mining (2018), pp. 984–992.

[40] Zegeer, C. V., and Council, F.M. Safety relationships associated with cross-sectional roadway elements. Transportation
Research Record, 1512 (1995).

[41] Zhang, Y., Li, Y., Zhou, X., Kong, X., and Luo, J. Trafficgan: Off-deployment traffic estimation with traffic generative
adversarial networks. In 2019 IEEE international conference on data mining (ICDM) (2019), IEEE, pp. 1474–1479.

[42] Zhang, Y., Li, Y., Zhou, X., Kong, X., and Luo, J. Curb-gan: Conditional urban traffic estimation through spatio-
temporal generative adversarial networks. In Proceedings of the 26th ACM SIGKDD International Conference on
Knowledge Discovery & Data Mining (2020), pp. 842–852.

[43] Zhang, Z., Yang, W., andWushour, S. Traffic accident prediction based on lstm-gbrt model. Journal of Control Science
and Engineering 2020, 1 (2020), 4206919.

12


	Introduction
	Related Work
	Built Environment and Traffic Accidents
	Prediction Models for Traffic Accidents
	Applications of GAN Models in Urban Studies

	Methodology
	Data Processing
	Dataset Preparation
	Training

	Result Analysis
	Training Results
	Traffic Accident Patterns
	Urban Design Optimization
	Urban Design Theory Validation
	Test on the Migration Capability of the Model

	Conclusion
	Insights
	Limitations and Future Work


