
B.-L. Lu, L. Zhang, and J. Kwok (Eds.): ICONIP 2011, Part III, LNCS 7064, pp. 530–537, 2011. 
© Springer-Verlag Berlin Heidelberg 2011 

An Automated System for the Analysis of the Status of 
Road Safety Using Neural Networks  

Brijesh Verma1 and David Stockwell2 

1 CQUniversity, Queensland, Australia 
2 Transport and Main Roads, Queensland, Australia 

{b.verma@cqu.edu.au}  

Abstract. This paper presents a neural network based novel automated system 
that can analyze vehicle mounted video data for improving road safety. There 
are video data collection systems currently available although no tools exist 
which could be used to automatically analyze vehicle mounted video data and 
estimate future crash sites. The main aim of the research presented in this paper 
is to develop a technique to segment roadside data obtained from vehicle 
mounted video into regions of interest, classify roadside objects and estimate 
the risk factor based on roadside conditions and objects for various crashes. A 
clustering technique for segmentation of roadside frames into regions of interest 
and a neural network to classify the regions of interest into objects are 
investigated. The preliminary segmentation and classification results on a small 
dataset taken from Transport and Main Roads’ vehicle mounted video data 
collection are promising.  
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1   Introduction 

The Transport and Main Roads (TMR) in Australia collects a variety of data [1-3] to 
record and ascertain the status of road safety and condition, and uses these data 
extensively for guiding and justifying road maintenance and capital expenditures. 
Vehicle mounted video is collected over every state road annually, and has the 
potential to provide a range of value-added products through advanced image analysis 
and recognition. There are a range of benefits to TMR from extraction of road defects 
and risk factors from vehicle mounted video using an automated system. 
Unfortunately video data is only partially integrated with road management and 
safety. The potential exists for application of computer processing and analysis of 
video to automate data collection for improving road safety. 

The statistical data relevant to road safety from report [1] produced by Transport 
and Main Roads show that the 36.3% road fatalities were from hit object type crashes, 
17.2% were from head-on type crashes and 14.8% were from angle type crashes. 
Many of these crashes could be avoided if appropriate sections of roads and risk 
factors (e.g. objects within clear zone, inappropriate shoulder width, missing sign, 
etc.) could be identified and fixed. Therefore, collecting information on the road and 
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roadside is becoming increasingly important for assessments of road safety risk. 
Currently, collection of information on key risk factors can be a time consuming task 
and contain some degree of subjective assessment. Collection of data in an automatic 
way using advanced segmentation, identification and risk factor estimation techniques 
would improve the degree of accuracy and create safer roads with fewer fatalities.  

The traditional road safety approach uses crash history as the basis for assessing 
risk [2-3]. This type of traditional approach has been highly successful in many 
countries including Australia but the problem is that many crashes occur at places 
with no previous crash history. Therefore, recently there has been a move towards an 
additional risk assessment approach based on the risk inherent in road and roadside 
features. This type of approach is growing because of the following three reasons: (1) 
Australia has adopted the safe system approach, intended to understand and address 
road safety risk by taking a total view of road safety factors that minimize the number 
of serious injuries and deaths (e.g. address all locations where serious crashes may 
occur, not just locations where crashes have previously occurred). The components of 
the safe system are: safer users, safer roads and roadsides, safer vehicles and safer 
speeds (2) Road authorities must know where risks lie on their roads for legal 
liabilities. (3) The decreasing number of treatable crash black spots.  

Most commercially available systems employing vehicle mounted sensors are 
intended for surveying and road design, measuring the 3D shape of the road and 
environment with great precision. However, they are unable to extract road 
characteristics and objects on roads. Intelligent traffic systems are aimed at easing 
traffic congestion in urban streets by redirecting the individual motorist into 
alternative less trafficked routes. Other specialist vehicles employ a range of physical 
sensors to determine characteristics such as pavement depth. These vehicles are 
expensive to employ, rarely available, and do not address many of the daily concerns 
of road maintenance and safety. 

In the past few decades, the research with roadside data has been conducted. 
Although it was mainly focused on road sign detection and classification, number 
plate recognition, painted road object recognition and road crack identification [4-22]. 
A number of techniques [4-6, 20-22] for segmentation and extraction of signs has 
been proposed and investigated. The techniques for extracting symbols, characters 
and text on road signs [16-17] have also been proposed and investigated. A review of 
recent literature [4-22] showed that there has been a lot of research with some success 
in particular road sign recognition, however there has been very little research 
conducted to automatically extract all types of features and objects from roadside 
video data for improving road safety and no attempts have been made to develop an 
automatic data analysis technique to identify sections of roads where a crash may 
occur. This paper proposes and investigates a new idea of using and analyzing video 
data for roadside objects and automatically identifying risk factors for all roads and 
locations where a fatal or serious crash may occur.  

This paper is organized as follows. Section 2 presents the proposed approach. 
Section 3 describes the experimental setup used for evaluating the proposed approach. 
Section 4 presents some preliminary experimental results and discussion. Finally, 
Section 5 concludes the paper.  
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2   Proposed Approach 

The proposed approach is based on novel techniques proposed in this paper and our 
previous research [13-14, 24-30]. The approach consists of three major parts. The first 
part (Task 1) is to segment road and roadside data into regions of interest such as 
signs, trees, pedestrian, etc. so this part is focused on development of appropriate 
segmentation technique. The second part (Task 2) is to identify the segmented regions 
into one of the objects or features so this part is focused on development of 
appropriate classification technique for identification of the segmented objects and 
features. The third and final part (Task 3) is to estimate the risk factor and crash type. 
An overview of the proposed approach is presented in Fig. 1 below and described in 
the following sections. 

 

Fig. 1. An overview of the proposed approach 

2.1   Pre-processing of Data 

Pre-processing involves standard steps for conversion of video data into a series of 
image data, normalization of colours and other operations to enhance uniformity of 
image data. A comparative analysis of various colour formats has shown [6, 27, 30] 
that HSV colour space is most suitable format as it has minimum variance under 
lighting and other environmental conditions so in this research HSV colour space is 
used. 

2.2   Segmentation of Data into Regions of Interest (ROI) 

Segmentation of road and roadside video data is one of the most important steps in 
identification of various features and hazardous roadside objects. Segmentation step 
groups the data into following regions of interest (road signs, lane width, shoulder 
width, clear zone width, road surface condition, separation of opposing traffic flow, 
delineation, overtaking opportunities/facilities, street lighting, access points, sight 
distance, etc.). The regions with these features and objects are considered as regions 
of interest. These regions are considered regions of interest because various studies 
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[1-3] conducted by ARRB on behalf of Austroads has identified that these roadside 
features significantly contribute to road safety risk. 

Research into segmentation of roadside data has been conducted in the past [3-9, 
18-22], however as mentioned in previous sections, the major focus has been on the 
recognition of traffic signs. Some researchers used segmentation combined with shape 
classification to detect and classify traffic signs. K-means clustering techniques based 
on colour feature have been frequently used to segment data into regions not only in 
traffic sign recognition research but also in other pattern recognition areas such as 
medical imaging [23, 26, 29]. In this research, we deal with many more objects and 
features than just traffic signs so the segmentation task is very challenging. The new 
approach is based on fusion of (1) colour feature (2) texture feature and (3) 
hierarchical clustering. The fusion of colour and texture is appropriate as we are 
dealing with road signs and vegetation (road side trees, etc.) for finding various 
features (e.g. clear zone width, shoulder width, etc.) which have specific colours and 
textures. The goal of hierarchical clustering is to group data into clusters of similar 
colour, texture and distance from centre with locally connected pixels. We use top to 
bottom approach which means finding a large cluster and then dividing it into sub 
clusters to avoid situations like having many objects (e.g. road signs) in a single 
cluster. Ideally each cluster represents a single roadside object or feature. We have 
recently developed a soft clustering based neural network approach and we use this 
approach from our previous research [13-14, 24-30] to cluster roadside data into 
regions mentioned above. 

Segmentation Approach 

 

Fig. 2. Segmentation approach 

2.3   Classification of Roadside Objects and Features 

Most of research on roadside object classification has been focused on sign 
classification and road cracks. The decision trees [10], likelihood-based classifier 
[11], and MLP based neural networks [12-13, 18] have been applied. MLP based 
neural networks achieved over 95% classification accuracy for road signs. Our recent 
research [24-25] showed that neural network based ensemble can produce very good 
accuracy. This research have difficult to classify road objects and features under 
varied conditions, so we focus on evaluating three major classifiers such as SVM, 
MLP and neural ensemble classifiers which have produced highest accuracy on 
benchmark datasets in our recent research [24]. A single tier and a two tier 
classification systems are designed and investigated as shown below. 
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Single Tier Classification System 

 

Fig. 3. Single tier classification approach 

Two Tier Classification System 

 

Fig. 4. Two tier classification approach 

2.4   Estimation of Risk Factors for All Crash Types 

This task focuses on developing a technique to estimate a risk factor for all crash 
types. Before we start this task, we need to solve two problems as follows. Firstly, we 
need to know the crash types which we have to deal with and secondly we need to 
know the features associated with each crash type. The first problem has been solved 
as various research reports including TMR’s report [1-3] and our recent 
research/discussions have analysed key crash types. It has been identified that the key 
crash types which are likely to result in high severity outcomes are run-off-road, 
head-on, intersection, pedestrian and motorcyclist/cyclist. The second problem is very 
challenging as features for each crash type are not very well defined. We tackle this 
problem in two ways. The first approach is to investigate and analyse roadside objects 
and features and define rules for each crash type which will allow us to estimate a risk 
factor for new data. The second approach is to design a neural network and train it 
with known crash data. A neural network is chosen because it has shown [24] better 
generalisation accuracy which might produce better accuracy on unseen crash data.  
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3   Experiments and Discussion 

The database for experiments has been taken from the collection of vehicle mounted 
video by Transport and Main Roads (TMR) and some other video data taken around 
our university. Each year, the entire State Road system is recorded with a vehicle 
mounted video.  In addition, a number of specialist vehicles are employed to gather 
more detailed engineering data, including laser-based imaging and road deflection 
data. The video data has been converted into frames and then each frame is processed 
and used for segmentation and classification. 

This research is at its early stage so at the moment we have only conducted some 
preliminary experiments on segmentation of regions of interest and classification. The 
segmentation results are shown in Fig. 5 below.  

 

    
 

   
 

   

Fig. 5. Segmentation results 

The analysis of segmentation results showed that the proposed approach is able to 
identify the regions of interest. As shown above, signs, lanes and vegetation have 
been clearly identified. The regions of interest were trained using neural network for 
the following categories: vegetation, sky, white [road/road sign background], white 
[road sign back, road line marker], white [footpath, on road signs], road sign 
[yellow/yellow vegetation], road sign [red], etc. The classification accuracy on a 
small number of ROIs mentioned above was very good. All ROIs have been classified 
correctly but it should be noted that the experiments are very small and more 
experiments are currently being conducted on a large database taken from TMR.    
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4   Conclusions 

We have proposed a neural network based automated system using vehicle mounted 
video data for identifying sections of roads where a crash may occur. A technique 
based on hierarchical clustering for segmentation of roadside data into regions of 
interest has been investigated. A neural network based classification technique has 
also been investigated. The preliminary segmentation and classification results are 
promising and some results are presented in this paper. The results presented in this 
paper are based on a small database. In future research, we will focus on conducting 
experiments for segmentation, classification and estimation of risk factor on a large 
database.  
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