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Abstract--This analysis study aims at investigating the connection between occupant injury severity level and occupant, vehicle, roadway, 

and factors on the environmental basis of support vector machine (SVM) model. The multi-layer perception (MLP) neural network model was 

the benchmark for evaluating the performance of SVM model. Historical crash data from 1994 to 2012 were used as the data source. The best 

SVM model provided an overall classification accuracy of 63.4% and 58.6% for the testing group datasets and training group datasets 

respectively. The performance of SVM model was compared with those of MLP models, SVM model gave satisfactory result with less datasets 

over-fitting. Therefore, SVM model is capable of predicting occupant injury severity levels in a rear-end crash. The finite element model of the 

rear-end crash simulation was determined with commercial code ANSYS/LS-DYNA. The seats and dummies were imported from software 

LS-PREPOST which was implemented in the model. The effects of passenger posture and distance between dummy head and headrest on neck 

injury were thoroughly analyzed. Results show that the two factors have certain influence on neck injury. Shorten the gap between the dummy 

head and headrest helps to reduce the neck injury and neck moment.  
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I. INTRODUCTION 

Identifying features that significantly influence occupant 
injury severity levels can facilitate the adoption of 
countermeasures to reduce the crash severity. This study 
addresses the occupant injury severity prediction as a 
classification problem, where the input vector of crash related 
features (occupants, vehicle, roadway, and environmental 
factors) is classified into the target category of occupant 
injury severity levels (i.e., no injury crashes, and 
injury/fatality crashes).  

Many previous researchers have applied various 
techniques to evaluate injury severity. The utilized multi-
variable logistic regression model to study the effects of 
occupant characteristics, vehicle type, and crash type on 
severe accidents. Besides, vehicles possessing three-point 
safety belt were found to be protective against fatal injuries. 
The ordered probit models in investigating risk factors that 
increases the likelihood of serious injury and death.  

Number of vehicles involved, occupant gender, and 
alcohol usage were identified to play vital role in determining 
accidents injury severity. Adopted partial proportional odds 
regression model to identify factors contributing to injury 
severity at freeway diverge areas. Factors significantly 
influence injury severity include alcohol or drug 
involvement, heavy-vehicle involvement, light condition, 
surface condition, etc. However, an obvious disadvantage 
with these classical statistical models is that they need to 
follow specific model assumptions. When the predetermined 
conditions are violated, these models would provide 
erroneous prediction results. 

 The object of this study is examining the use of the 
support vector machine (SVM) model in predicting occupant 
injury severity level of freeway rear-end crashes. SVM is a 

new machine learning algorithm that requires no 
presumptions in model building. Therefore, applying SVM 
for injury severity modeling can solve the above 
disadvantage with classical statistical models. Besides, the 
prediction accuracy of SVM models were compared with 
those of artificial neural network (ANN) models to 
effectively evaluate the classification capability of SVMs. 

In the last few years, the statistical research on 
automobile collision accident at home and aboard indicated 
that the rear end collision occupies only 8% of the whole 
traffic accidents. However, the neck injury caused by the 
rear-end collision reaches up to about 30%. The rear-end 
collision will bring injury to passengers’ neck, namely, 
whiplash injury, which can lead to various and long-duration 
diseases and is also called as whiplash-associated disorders 
(WAD) in medical science.  

Clinical manifestations include headache, fatigue, 
dizziness, neck pain, shoulder pain, and so on . There are a 
lot of factors to affect the neck injury, such as headrest 
position, passenger posture, inclining angle of seatback, and 
crash speed. The finite element model (FEM) of a 12-meter-
long coach was established and the rear-end crash simulation 
was conducted with commercial code ANSYS/LS-DYNA 
and LSPREPOST. Effects of the occupant posture and the 
distance between headrest and dummy head on neck injury 
were investigated 

II. MODELING METHODOLOGIES 

A. Multi-layer perceptron  neural network  

In this study, the Multi-layer Perceptron (MLP) Neural 
Network (NN) forms the benchmark for comparison. Abdel-
Aty and Abdelwahab have demonstrated the potential of 
MLP ANN in solving occupant injury severity problems [8]. 
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The MLP model has three layers that is the input, the hidden 
and the output layer, with unidirectional connections between 
neurons in adjacent layers.  

B. Support vector machine 

 Support vector machine (SVM), is a pattern classifier 
based on the concept of structural risk minimization. Similar 
to Artificial Neural Networks, SVM is also a machine 
learning algorithm possessing strong generalization 
capability. SVM realizes the classification of linearly non 
separable datasets via mapping them into a higher 
dimensional feature space. 

C. Passenger Neck Injury Mechanism And Evaluation Index 

Whiplash is an injury caused by the neck and head when 
being thrown backward and then forward upon impact as 
shown in Fig. 1. The impact forces the neck beyond their 
normal range of movement, causing tissue damage and pain. 
Whiplash is commonly associated with motor vehicle 
accidents, usually when the vehicle has been hit in the rear. It 
stands out as one of the main injuries. So far, there are many 
neck injury index presented by academic community 
including NIC . Due to this more serious neck injury in a 
high-speed rear-end impact, it is not suitable for low speed 
situation, hence, NIC and dummy neck moment and stress 
were chosen for the current investigation.  

 

Fig.1 Neck Whiplash Motion After A Rear Impact 

Commercial code ANSYS/LS-DYNA and pre-/post 
processing software LS-PREPOST were used to build the 
CAE model for a 12-meter long coach rear-end collision with 
complete coach, seat model, 50th percentile Hybrid III FEM 
dummy and 1D seat belt model. 

D. Dummy model 

 Dummy was widely used in vehicle crash test, while its 
corresponding FEM model was applied in the field of 
computer simulation. The 50th percentile rigid Hybrid III 
dummy FEM model was adopted and the deviation of 
dynamic response of dummy neck was omitted in this study.  

 

Fig.2 Rigid Hybrid III 50% male dummy FEM model 

E. Finite Element Seat Model  

Seat frame was modeled with solid element and rigid 
material, at the same time seat cushion and backrest were 
defined with solid element and foam material. The inclining 
angle of backrest is 101°.  

F. Seat Belt Model  

 The restraint function of 1D model can work effectively, 
although it is not as strong as 2D model in contact handling 
with human body. After the dummy and seat FEM models 
imported from LS-PREPOST to ANSYS/LS-DYNA. The 
seat and dummy sled test was made with computer 
simulation. 

III. DATA PREPARATION  

This study focuses on predicting injury severity in rear-
end crashes, because rear-end is the most common crash type 
on freeway. The crash database for the from Division of 
Motor Vehicles, Traffic Accident Section, was used. After 
data preprocessing, a total of 7124 cases, including 3562 no 
injury (i.e., property damage only) cases and 3562 
injury/fatality cases, constituted the input feature space for 
classification modeling. Information contained in the crash 
datasets includes occupant characteristics, vehicle factors, 
roadway factors, and environmental conditions. 

Several dummy variables were created to facilitate model 
implementation: variable Old Age Involvement was created 
to controls for the impact of old age occupant, and its value is 
1 if the target occupant is over 60 years old; variable High 
Speed Zone denotes the crash took place in a high speed zone 
(posted speed limit of 55 miles per hour or greater. 
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TABLE I. DATA CODING OF REAR-END CRASH RELATED INPUT FEATURES. 

Features Binary code 

Diver 

Old Age Involvement 1 over 60 years of age; 0 other ages; 

Gender 1 female; 0 male 

Alcohol/Drug Involvement 1 involve alcohol or drug usage; 0 not involved 

Safety Belt 1 not in use; 0 in use 

Vehicle 

Exceed Speed Limit 1 yes; 0 no 

Bus Involvement 1 yes; 0 no 

Truck Involvement 1 yes; 0 no 

Motorcycle Involvement 1 yes; 0 no 

Car Only 1 yes; 0 no 

Roadway 

Horizontal Terrain 1 curve; 0 straight 

Vertical Terrain 1 downgrade or upgrade; 0 level 

High Speed Zone 1 equals to or over 55 mile per hour 0 other; 

Work Zone 1 yes; 0 no 

Environment 

Road Surface Condition 1 not dry; 0 dry 

Lighting Condition 1 dark; 0 other 

Occupant Injury Severity 

Injury Severity Level 1 injury/fatality; 0 no injury 

 

IV. MODEL IMPLEMENTATIONS  

The software LIBSVM developed by Chang and Lin [10] 
was utilized to train and test the SVM model. Among the 
7124 accident cases, 70% (4986 cases) were used in the 
training phases, and 30% (2138 cases) in the testing phase.  

The LIBSVM provides a grid searching algorithm for 
determining the parameters pair (Ȗ, C) of SVM models. On 
the other hand, the neural network toolbox in MATLAB 
software [11] was applied to implement MLP ANN model.  

The maximum number of epochs for the MLP models 
was set to 350 with 0.00001 MSE as the goal. In order to 
enhance the convergence speed of MLP models, all input 
features were normalized to the range of (0, 1) before 
entering the model. The same data grouping strategy (i.e., 
70% cases for the training group, 30% cases for the testing 
group) was applied.  

V. CLASSIFICATION RESULTS  

With the rear-end crash related features in TABLE I. as 
inputs, the optimal kernel parameters C and Ȗ were obtained 
through grid-search procedure. The performance of 
corresponding SVM models were measured in terms of 

classification accuracy including the overall classification 
accuracy, no injury group classification accuracy, and 
injury/fatality group classification accuracy.  

The best SVM model correctly predicted 63.4% severity 
level for the training group, and 58.6% for the testing group. 
Besides, the prediction accuracy for no injury and 
injury/fatality category in the testing group were 56.3% and 
60.9%, respectively. The corresponding MLP ANN model 
that provided the highest testing group overall accuracy has 
fifteen input nodes, sixteen hidden layer nodes, and two 
output nodes. This MLP model achieved 100% overall 
accuracy for the training group, and 61.0% for the testing 
group. As for the injury/fatality category in the testing group, 
MLP model provided 60.5% identification rate, which is 
lower than that of SVM model.  

 

Fig.3 The grid-search processes for the optimal kernel parameters Ȗ 
and C 

A. Affect of the Distance Between Head and Headrest on 

Neck Injury  

Three different situations marked as A, B and C were 
selected with the initial distance equal to 35 mm, 42 mm, and 
66 mm, separately. Their corresponding dummy head 
motions, neck moment and NIC-time history were displayed 
in Figs.7-8.  

1) From Fig. 7, it is found that with the increase in the initial 
distance between head and headrest, the contact time between 
them gradually decreases. The time is 19 ms, 17 ms and 15 
ms for situation A, B and C, separately. Meanwhile, degree 
of neck backward bending increases with the initial distance, 
so does the angle between the two adjacent cervical of the 
lower-neck. The maximum bending angle of 29°, 37.6° and 
47.8° is corresponding to situation A, B and C, separately. 
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Fig.4 The dummy head motion 

 2) The moment at the head occipital begins to go up at the 
time of 30 ms as shown in Fig. 8. In situation A, the dummy 
head starts to contact with headrest at 37ms, and the moment 
reaches its peak which is about 40kN·mm. The moment 
comes to drop down after then. The peak value is 50 kN·mm 
and 60 kN·mm for situation B and C, separately. The 
moment peak enlarges with increase of the initial distance. 

 3) The NIC time history has the similar procedure as the 
moment, NIC peak emerged when contact happens, and after 
then NIC begins to descend. The corresponding NIC peak is 
10.4, 11 and 14.5, separately. Also, the NIC peak has the 
similar trend as the moment peak. To 0ms 37ms 43ms 56ms 
68ms A˖The initial distance from heat to headrest is 35mm 
0ms 37ms 43ms 50ms 60ms B˖The initial distance from heat 
to headrest is 42mm 0ms 37ms 47ms 55ms 62ms C˖The 
initial distance from heat to headrest is 66mm Fig.7 The 
dummy head motion Fig.2 Rigid Hybrid III 50% male 
dummy FEM model has acceleration curve some extent, 
reducing the initial distance helps to decrease the NIC value. 

 

Fig.5 Dummy neck moment 

 

Fig.6 NIC-time history curve of dummy neck 

B. Effect of occupant posture on neck injury  

In the coach or tourist bus, occupant seats himself 
generally with his back leaning against seat back. The 
distance between head and headrest is different for different 
passengers. However, most people will rest their heads on 
headrest when they want to have a rest. A new situation D 
was simulated with the same parameters as situation A except 
that the dummy neck was adjusted to make the head just 
touching on headrest. The dummy neck motion and stress 
distribution were compared with situation C . 

 

Fig.7 The dummy neck motion and stress distribution for situation C 

 

Fig.8 The dummy neck motion and stress distribution for situation D 

The dummy motion during rear-end collision for situation C 
and D experiences three stages, namely, forward motion of 
dummy back, contact between head and headrest, and 
rebound of head. The number in the brackets represents the 
maximum neck stress in unit of MPa. A color legend bar was 
used to indicate 

 

Fig.9 Neck moment for situation D 
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Fig.10 NIC curve for situation D 

the stress value scale and its distribution, and the stress 
value rises gradually when the color changes from blue to 
red. At the meantime, it is reliable at some extent to adopt the 
dummy neck stress and deformation to depict the neck injury. 

 1) 1st Stage: In situation C, forward motion of dummy 
back and backward motion of head begin to happen at 37 ms, 
and the peek stress of dummy lower neck is 1.95 MPa. For 
situation D , dummy head touches headrest in the initial time, 
and the peek stress of lower neck is only 0.48MPa with the 
action of headrest. However, the upper neck also has stress 
action. The corresponding neck moment My and NIC are 
30kN·mm and 6 mm2 /s2 , respectively, which are the 
maximum value at the first stage. 

2) 2nd Stage: Dummy head is during the contact stage 
with headrest at 52 ms for situation C, and neck stress 
increases to 3.76 MPa with the action of headrest.  

3) 3rd Stage: The rebound of head begins at 62ms for 
situation C while is during the rebound process for situation 
D. 

In this stage:  

a) Stress (in other colors except blue) also appears in 
middle neck and upper neck where only very small stress in 
blue in the first two stages .  

b) It is clearly displayed that the rear side of dummy neck 
has the stress action for situation D. The stress rises up to 
1.32 MPa when the time is 74 ms. That means dummy neck 
sustains relative large stress and may be injured probably 
during the rebound stage in spite of relative small neck 
moment and NIC value. 

c) During the rebound stage dummy neck bends from 
backward to forward at 93 ms and 82 ms for situation D and 
C, respectively. From the comparison between it is 
discovered that neck stress mainly existed in lower three 
cervical vertebrae for situation D while in the upper two 
cervical vertebrae for situation C with corresponding 
maximum value of 0.86 MPa and 0.5 MPa, respectively. 

d) After then, neck stress mainly focuses on the front side 
of neck and increases gradually with the increase in the 
distance between dummy head and headrest. 

From the results of situation C and D, it is clear that 
dummy neck stress distribution is not uniform and different 
for the unequal initial distance between head and headrest. 
The stress acts on lower neck and rear side at the first stage 
while upper neck and front side for the rebound stage. The 
neck stress increases gradually before the head touching the 
headrest. After the head leaving the headrest, the neck stress 
begins to decrease gradually until the neck bends from 
backward to forward, then increases again. 

VI. CONCLUSIONS  

This paper tested the performance of SVM models in 
predicting freeway occupant injury severity. Based on the 
injury severity prediction results, the following conclusions 
are made: Firstly, compared with ANN models, the SVM 
models provided similar, if not better predictions of occupant 
injury severity for freeway rear-end crashes. And SVM 
models demonstrated superiority over ANN models in 
identifying the injury/fatality level cases. Therefore, SVM 
models are potential tools for understanding the relationship 
between freeway occupant injury severity level and occupant, 
vehicle, roadway, and environmental features.  

Secondly, the selection of input feature space into 
classification models provided that factors such as aged 
occupant involvement, occupant gender, alcohol or drug 
usage, safety belt usage, violation of speed limits, heavy 
vehicle involvement, curved or graded terrain, work zone, 
high speed zone, road surface condition and lighting 
condition exert major impact on the severity of occupants. 

Thirdly, the prediction capability of SVM model were 
rather consistent between the testing group and the training 
group as indicated by 63.4% overall accuracy for the training 
group, and 58.6% for testing group.  

The initial distance between dummy head and headrest 
has large effect on neck injury, and reduction of the distance 
is helpful to decrease neck moment and NIC value.  If 
dummy body and head contact with seatback and headrest, 
respectively, before collision happens, then, dummy neck 
moment and NIC value are smallest during rebound stage 
after collision. 

 These models provided significantly varying results (i.e., 
100% overall accuracy for the training group, yet with 
merely 61.0% accuracy for the training group). Therefore, 
SVM models possess better generalization capability with 
less dataset over-fitting, whereas ANN may suffer from an 
over-fitting problem. 

 Since the scale of the input feature spaces in this study is 
rather small, merely a heuristic feature selection strategy was 
applied, so the performance of MLP models and SVM 
models may be further enhanced by adopting appropriate 
feature selection strategies. More research efforts should be 
devoted to feature selection issues in the future. 
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