
• Crash injury is among the top ten leading cause of 
death worldwide. Each year, 1.35 million people are 
killed from roadway crashes (Global Status Report on 
Road Safety).

• Risk reduction and effective emergency response 
strategies can prevent roadway crashes and reduce 
injury.

• The success of these strategies relies heavily on the 
ability to anticipate the occurrence of crashes and the 
determination of risk factors (Fig. 1).
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Fig. 1: Typical emergency dispatch model. This research focuses on the prediction.

Fig. 2: Randomly selected road segments for 4-hour time
windows in April 2019. Each pixel in the matrix denotes
the presence (white) or absence (black) of an accident.

Data
• More than 1.2 TB of data is collected from multiple 

sources (e.g., INRIX, Weatherbit).
• Features include spatial (no. of lanes), temporal (day 

of the week), and spatial-temporal (congestion, 
weather) as well as static and dynamic variables. 

Modeling Approach
The goal is to learn the parameters 𝜃 of a function, 𝑓 (𝑋 | 
𝑤, 𝜃), over a random variable 𝑋 (i.e., accident occurrence) 
conditioned on 𝑤 (i.e., features). 
• Learning. Multiple models are considered including 

Logistic Regression (LR), Neural Networks (NN), 
Random Forests (RF), and Zero-Inflated Poisson (ZIP).

• Resampling. To address the sparsity and imbalance in 
the data, we perform synthetic random under-
sampling (RUS) and random over-sampling (ROS).

Model performance Metrics
Performance is based on emergency response improvement 
(e.g., response time) and a function of the number of 
resources (p) and a hyperparameter (𝛼) that controls the 
penalty on the responders’ increased load (Fig. 3). 

p=10 p=15

Model Resampling Acc. Prec. Rec. F1 α=0 α=1 α=2 α=0 α=1 α=2

Naïve 95.5 3.8 4.2 4.0 0.59 0.51 0.53 0.06 0.05 0.05

LR

No resampl. 93.0 12.5 30.9 17.7 0.56 0.48 0.51 0.06 0.05 0.05

RUS 92.3 12.1 34.4 17.8 0.60 0.49 0.52 0.06 0.05 0.05

ROS 92.4 12.2 34.2 17.9 0.60 0.50 0.52 0.06 0.05 0.05

NN

No resampl. 95.0 19.0 31.6 23.7 0.50 0.48 0.51 0.04 0.04 0.04

RUS 94.7 18.4 32.7 23.3 0.51 0.47 0.50 0.05 0.04 0.05

ROS 94.7 18.3 33.1 23.3 0.51 0.47 0.50 0.05 0.05 0.04

RF

No resampl. 95.1 18.9 30.5 23.2 0.58 0.48 0.51 0.05 0.05 0.04

RUS 95.0 19.4 32.5 24.2 0.53 0.47 0.50 0.05 0.04 0.04

ROS 95.1 18.3 28.7 22.2 0.58 0.48 0.50 0.05 0.05 0.04

ZIP

No resampl. 93.1 13.1 31.9 18.5 0.54 0.47 0.49 0.06 0.05 0.05

RUS 93.0 12.7 30.8 17.8 0.62 0.51 0.51 0.05 0.05 0.05

ROS 93.0 12.8 30.9 18.0 0.63 0.52 0.51 0.05 0.05 0.05

Average no. 
of unattended accidents

Clustering
The data is clustered according to different variables and 
using different methods (K-means, agglomerative 
clustering) and a model is developed for each cluster. 

Fig. 4: Road segments are clustered 
according to the rate of accidents and 
their connectivity and proximity.  This 
figure is showing 6 clusters.

Fig. 5: Feature analysis 
reveals that specific 
combinations of feature 
categories influence the 
occurrence of accidents. 
For example, heavy 
precipitation combined 
with congestion is a  
significant risk factor.

Feature analysis
Visibility is among the most important features and risk 
factors for highway accidents.  

Model performance
The table below summarizes the 
different performance metrics 
used to evaluate the models.

• Design a pipeline to collect and process data from 
various sources and apply machine learning algorithms 
to predict the occurrence of accidents.

• Develop metrics to evaluate the performance of 
machine learning models in improving emergency 
response.

• Analyze features to determine accident risk factors. 

• Conventional accuracy metrics can be misleading 
when data is sparse and imbalanced. 

• Improving the predictive accuracy of accident 
forecasting models improves the emergency response.

Fig. 3: TN’s roadway network (blue), interstate highway (yellow), and potential 
locations of responders (red vehicles).

Fig. 7: Dashboard to improve the user experience of the pipeline and 
support emergency response decisions.

Fig. 6: Performance of models based on distance traveled by 
emergency responders under different assumptions of p and 𝛼.
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While the 
frequency of 
crashes is high, 
the incidents are 
rare at large 
spatial-temporal 
scales, and the 
data is sparse.  
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