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Abstract

Traffic accidents forecasting is highly useful because it enables prevention activities, but the high irregularity and
sparsity of data make training very difficult. This study proposes an efficient deep learning model to improve the
accuracy of traffic accident risk forecasting and a method to effectively utilize spatiotemporal data. The proposed
model has a 2D convolutional layer block to extract features in grid space, an RNN layer block to learn time series
characteristics, and an attentional block to effectively learn the association between the feature data used for training
and the learned feature map In the comparative evaluation with other models, the proposed model showed better
performance with fewer learning parameters. We have also shown that various data, including secondary processing
data, can be utilized as training data to improve prediction performance.
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odel config. New York city Chicago

Lol Lr| Hr | d| Rmse | Recal

MAP

Recall | MAP
(0/0) (0/0) RMSE

(%) | (%)

256/ 160.5956| 34.52 | 19.10 |0.3224| 21.88 | 10.19

0.5963| 35.07 | 19.44 |0.3225|22.18 | 10.17

256/ 16/0.5958 | 34.41 | 19.32 |0.3229| 20.81 | 9.16

1
256] 1
1
1

0.5958| 34.74 | 1945 10.3225| 22.06 | 9.80

2
1
2
2
2

[RGB\ RE G RN

256| 8]0.5955]| 34.68 | 19.77 |0.3266| 20.69 | 9.80
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ble 4. Performance comparison according to additional

data usage

M

odel config. New York city Chicago

Additional

Recall | MAP
e, RMSE

Recall | MAP
o) | (%) |RMSE

Basic dataset |0.5956

(%) | (%)
34.52 1 19.10 | 0.3224

21.88 | 10.19
+XY 0.5959| 34.74 | 19.89 | 0.3225

2153 | 955
+Tnum  [0.5957]35.20 | 20.17 | 0.3224

+Tnum(att)

22.24 110.51
0.5956| 34.75

19.62 10.3220]22.36 | 9.9
+Rexp 0.5958 | 34.92

1947 10.3225| 2069 | 949
+Rgrf  ]0.5952| 35.11

+Rexp+Rgrf

19.99 |0.3225| 21.71 | 949
0.5959| 34.77 | 19.33 |0.3225| 21.82 | 9.86
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Table 5. Performance comparison according to training
data sequence configuration

Model config. New York city Chicago

recent | recent Recall | MAP Recall | MAP
hours |weeks RMSE (%) | (%) RMSE (%) | (%)

3 4 105956 34.52 | 19.10 |0.3224| 21.88 | 10.19

7 4 ]0.5959] 34.59 | 19.11 |0.3221] 21.71 | 10.60
3 5 10.5924| 34.75 | 19.25 |0.3207| 22.03 | 9.27
7 5 [05927|34.82 | 19.54 |0.3207| 22.66 | 9.96
24 4 10.5962| 34.55 | 19.18 |0.3227| 21.35 | 9.61
24 5 [0.5928] 34.28 | 19.33 |0.3213| 22.03 | 9.61
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Table 6. Performance comparison with other traffic
accident prediction models

HEE oS
L _‘JEI_E“O]-%
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Model Info.

New York city

Chicago

Model

No. of
params

RMSE

Recall
(%)

MAP
(%)

RMSE

Recall
(%)

MAP
(%)

Pro-
posed

44M

0.5956

34.52

19.10

0.3224

21.88

0.1019

GSNet

6.3M

0.7823

33.16

17.87

0.3663

21.35

0.0926

TWCC
net

5.3M

0.7885

33.27

18.19

0.379

2117

0.0911

TFT

14.1M

0.6458

30.95

12.72

0.3281

11.83

0.0527
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H|

Table 7. Performance comparison of 24-hour forecasting
with the TFT model

New York (Proposed)

New York (TFT)

forcast step

RMSE

Recall
(%)

MAP
(%)

RMSE

Recall
(%)

MAP
(%)

+1 hour

0.5995

34.39

19.19

0.6655

30.38

+2 hour

0.5947

34.58

19.22

0.6630

30.71

+3 hour

0.5950

34.31

19.02

0.6612

30.72

+4 hour

0.5948

34.14

19.02

0.6599

30.74

+5 hour

0.5048

34.84

19.62

0.6592

30.51

+6 hour

0.5945

33.96

18.93

0.6587

30.64

+7 hour

0.5943

34.47

19.16

0.6586

30.58

+8 hour

0.5042

34.31

19.33

0.6584

30.68

+9 hour

0.5941

34.76

19.45

0.6585

30.66

+10

hour

0.5943

34.48

1946

0.6583

30.77

+11

hour

0.5047

34.34

1943

0.6584

30.84

+12

hour

0.5047

34.73

19.53

0.6586

30.69

+13

hour

0.5943

34.72

19.37

0.6588

30.75

hour

0.5943

34.28

1943

0.6589

30.65

+15

hour

0.5943

34.81

19.65

0.6590

30.65

+

6

hour

0.5042

34.19

19.16

0.6590

30.65

+17

hour

0.5944

34.38

19.06

0.6591

30.76

1
1
1
1
+14
1
1
1
1

+18

hour

0.5938

34.57

1948

0.6592

30.66

+19

hour

0.5943

34.66

19.29

0659

30.68

+20

hour

0.5941

34.35

19.33

0.6591

30.69

+21

hour

0.5941

34.55

19.26

0.6587

30.69

+22

hour

0.5937

34.01

19.28

0.6585

30.86

+23

hour

0.5941

34.64

18.97

0.6584

30.63

+24

hour

0.5937

34.51

19.55

0.6583

30.66

mean

0.5944

34.46

19.30

0.65%4

30.68

standard dev

0.0004

0.2372

0.0020

0.0016

0.0951
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Table 8. Ablation study of the proposed model

Model config. New York city Chicago
Recall| MAP Recall| MAP
ablated module | RMSE ©) | (%) RMSE ©) | (%)

Proposed  |0.5956|34.52 | 19.10|0.3224| 21.88| 10.19
-CNN 0.5972|34.39|19.11]0.3233| 21.11 | 9.41
-aftention  ]0.6383|25.81| 9.00 |0.3378| 11.09| 3.06

-CNN —attention 0.5985| 33.95 | 18.47|0.3500| 1550 | 5.46
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Fig. 4. Relation between standard deviation of accidents
risks and forecasting result (RMSE) for NYC target cells
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