IJRET: International Journal of Research in Engineering and Technology el SSN: 2319-1163 | pl SSN: 2321-7308

OBSTACLE DETECTION USING MONO VISION CAMERA AND
LASER SCANNER

Sandip Mahajan*, Ravindra Bhosale?, Parag Kulkarni

! Professor , IT Department, RGI Ahmednagar, Maharashtra, India, mahajan.sandip007@gmail.com
2 Professor , IT Department, RGI Ahmednagar, Maharashtra, India, bhosalerb2007@gmail.com
% Professor , Computer Department, RGI Pune, Maharashtra, India, paragindia@gmail.com

Abstract

Sngle sensor is used to detect the obstacles but that sensor must have support of other sensor for confirmation of obstacles. Only
one sensor is capable to take the decision but multi sensor decision is more precise and accurate. In this proposed system, mono
vision camera and laser scanner is used to detect the obstacles for vehicle. In the system firstly laser scanner is used to detect the
obstacles and then mono vision camera is used to confirmation of obstacles. Using mono vision camera we can detect the length
and breadth of the obstacles and using laser scanner is used to detect the distance between our vehicle and obstacles. Depending
on above data the system will detect the collision time. The proposed system is perfect example of cooperative fusion between
multi sensor systems. The proposed systemis generating very less false ration so that this system can be used in the real time.

Index Terms: Multi sensor data fusion, Laser Scanner, Mono Vision Camera, Contour analysis algorithm, Intelligent
Vehicle, Obstacle Detection
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1. INTRODUCTION Scanner and Mono Vision Camera as sensors. Lasan8c
is used for the obstacle detection and mono visamera is

Perceptive systems are very powerful and widelyduse  ysed for the confirmation of obstacles. In particulsing

system in ADAS (Advanced Driving Assistance System)  mono vision camera and a laser scanner seems #mbe

This type of systems are widely used for varioussgatems efficient solution. To take advantages of first sEnand
particularly obstacle detection, lane change as®igt etc. avoid disadvantages using second sensor this tyfpe o
Obstacle detection is necessary for pre-crash,ismoil configuration will increase the performance of eyst The
mitigation, stop and go, obstacle avoidance or idistance proposed system is having such type of innovativsoh
management. Only one sensor is capable to detect th  scheme. In this system, the obstacle detectiontrautting
obstacle but also having high false rate. To atb@errors tasks are find out by the laser scanner. The masiorv

we can use multiple sensors to detect the obstaclerately camera is used subsequently to confirm the detextio

and very low false rate. Currently many vehicles ADAS

systems for examples, reverse car assistance system
obstacle detection etc. mostly high values vehicle Mono Vision Camera Laser Scanner
manufacture uses this type of systems for drivisgjsdance

purpose.
Obstacle Detection is a widely used and essera& for

?ntellige.nt vehicles. This type of system can bpll'e.mented Maulti Sensor Data
in real time, robustly and accurately without minim false Fusion

rate. Basic aim of this system is to identify tHestacles
present on the road with better accuracy with auluit
information like height, width and depth of the tamdes.
Depending on above information we can classify the Y
obstacles whether they are pedestrian, car, tmokorbike Obstacle Detection
etc. Basic concept of proposed system is to usé sarisor
devices to detect the obstacles present on the apald
according to the distance between the vehicle #sthole it
gives the warning to the driver. In this systemuwse Laser Fig. 1 General architecture of proposed system
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2. LITERATURE SURVEY

Obstacle detection us a powerful activity for agtmous
systems in particular with ITS (Intelligent Transpo
Systems), Vehicles can be considered as a robdts. T
development of ADAS such as pre-crash, collision
avoidance, collision migration or automatic cruisntrol
requires that reliable road obstacle detectionesystare
available. There are a various approaches for tieteof
obstacles depending on the different types of senso

Obstacle can be detected by mono vision camers; thi
concept was kept by Franke and Joos in 2000. Dépg ot
mono vision camera some algorithms are developetha
they can provide robustly and with real time perfance.
The surface of the road including pitch, roll angn+lat
geometry and then extract objects with respect he t
estimated surface height and width of the objeets be
evaluated. Road can be detected using a visiorddase
detector and objects which are out of the road ban
removed. However Laser Scanner data is used for the
finding out the position and width of the obstadiulti
sensor data fusion is used for the collection daben
various types of sensor. Each sensor gives theniaiion

of same environment but in the different way. Gaitn of
these data and find out the decision on currenadn is
gives the accurate and better solution.

Up till now client/server computing models is usad
Distributed Sensor Networks (DSNs) to handle madtisor
data fusion. Sensor Technology and Computer Hangsva
allow to deployment a large volume of data and fmal
sensors in real time scenario. Multi Sensor Datsidruterm
deals with the problems of fusion of data collectad
multiple sensors together with knowledge in ordentake
accurate decision of real time environment. Thgpeg of
systems are used for the Intelligent Transport e3yst
Traffic Control, Maintaining Engineering, RemotenSig,
Robotics, Environmental Monitoring and Global Awaess
etc. In 1960s, mathematical model for data fusioasw
appeared in the literature. This model was develdpehe
US. Afterwards, in 1970s data fusion approach vezsl dor
the Robotics and Defence purpose. Data Fusion &uabiP
of the Joint Directors of Laboratories (JDL) watabished
by the US Department of Defence in 1986.This sutePa
was used to address some of the main issues infutkta
and chart the new field related to data fusion teohogy
and procedures. At present data fusion techniqesim
various applications like maintenance engineeninbptics,
pattern recognition and radar tracking, mine desecénd
other military applications, remote sensing, taffontrol,
aerospace systems, law enforcement, medicine, diman
metrology, and geo-science.

Basic aim of ADAS is the collect the informationofin
environment and driver. Like environmental inforioat
like drive straight, turning, overtaking informatiomeeting
pedestrian etc. and driver information like obsatyaleepy,
drowsy, aggressive, using mobile etc. The comlonatf
these parameters will be used to reflect a propengl
situation encountered by the driver. So we needmimal
selection of some appropriate sensors to monitothake
factors. There are various sensors used in the ADAS
purpose like RADAR or Laser Scanner, Mono Vision
camera or Mono Vision Camera. Radar shows limiéekral
spatial information because it is not availablalgtthe field

of view is narrow, or the resolution is reduced late
distances. Another problem with RADAR is low alyilibf
discrimination, clustering error, and recogniticatehcy.
These all problem is solve using Laser Scannetedasof
Mono vision camera we can use CCD camera and CMOS
camera, but both the alternative having disadvasatpese
disadvantages is overcame by using mono vision @me
CCD camera technology limits the frequency of the
detection to the video frame rate (25 Hz) detecfailures
can be observed for blooming effects, due to suwebicle
lights in the night conditions. On the other sid&@S
camera produce noisy data. This may cause errofesel
alarm maybe raised when the road is non-constdht ro
Mono vision camera can detect the obstacle up W fe
meters, because of the limited detection range.alljsu
fusion algorithms in the road context use homogesetata
concerning obstacles position obtained from Lasanser
and hardly take into account complementary featuces
enhance the detection results.

2. PROPOSED SYSTEM

Proposed system is a multi-sensor data fusion apgpro
between the Laser scanner and mono vision cameralér

to take advantage of the best features and cope tivit
drawbacks of sensors to perform robust, accuratereal
time. Obstacle detection in the vehicle to be eigpibfor
driving assistance purpose, a system must havefdise
detection rate with this idea in mind we propossystem
with Laser scanner and mono vision camera for road
obstacle detection. The obstacles are tracked &y #dser
scanner and then mono vision camera is used for the
confirmation of obstacles on the road.

Laser scanner and mono vision camera are complamyent
sensors, after fusion the final position of the edeid
obstacles is provided by Laser scanner, which igemo
precise and accurate than the mono vision cameaserL
scanner provides the width and depth of the olestacl
whereas height of the obstacles is given by theamasion
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camera. Laser scanner some time provide falseitdtser
hits to road pitch. Mono vision camera is also tdgpanf
finding the obstacle by using contour detectionogtgm,
but it cannot find the distance between the vehaohel
obstacle. One sensor is not capable of taking &ide¢ so
that multiple sensors are used to take decisiois ddcision
is more accurate and precise.
cooperative fusion between Laser Scanner and M@ionv
camera in order to minimize the drawbacks of senbgrthe
other sensors and generate the result robust, atecand
real time. In this system Laser scanner is usedktect the
different obstacles with their distance betweenialehand
obstacle. Mono vision camera is used to give the
confirmation of multi obstacles. Proposed systemnsisd for
the driving assistance purpose. This System hawnémam
false ratio so that this can be used in the read ti

Proposed system is

Laser Scanner Mono Vision Camera
Raw Data from laser Raw Images/Videos
Scanner from Mong Vision
Camera
Clustering of Laser Clustering of Contour Detection
Scanner Data Obstacles with Width Algorithm
and Distance
Filtering of all
Other Sensor Output Collision Detection Obstacles with
Height, Width and
distance
Warning to Driver

Laser Scanner processing Mano Vision Camera processing MultiSensor Data Fusion

Fig. 2 Architecture of proposed system
2.1 Laser Scanner Processing

In Laser Scanner Processing section we get thedate
from the laser scanner. Then we cluster the daendiy the
laser scanner by clustering algorithm. On thatdas get
the width and depth of the obstacles. Some timeaiy give
false data when laser scanner hits on the roatlfalsa data
will be confirmed by the mono vision camera prooegs
unit.

Fig. 3 Laser Scanner processing unit output
2.2 Mono Vision Camera Processing

When Laser scanner unit finds any obstacles thenomo
vision camera processing section will get that ienamd
process that image using contour detection algurifor
finding out the obstacles. Some time laser scagives the
false data at that time mono vision camera willlidecthe
result of laser scanner only if there is no obsmébunds.

Fig. 4 Mono Vision Camera processing unit output

2.3 Multi Sensor Data Fusion

Filtering of obstacles will be done in multi sensdata
fusion section. Which will depends on the data givsy
laser scanner and mono vision camera processing uni
When we find the obstacles then system will cateuthe
collision between vehicles which is depends ondiath of
the obstacles and speed of our vehicle. When mmiligs
done then depending on the distance system wile giv
warning to the driver.
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represent shape. The descriptor in this case hésed
junction degree, utilizes long segments and requitem to

be ordered. Other recent contour representatiopisalyy
break contours into view-dependent segments arairde
them by voting or with constrained splines. Thegténof
the segments in these approaches pushes the dascrip
outside the bounds of local information, precludingimple
association with local texture descriptors. We alzake a
distinction with appearance-based descriptors, siscHoG,
that integrate over edge orientations in imageomrgiand
produce a texture summary that marginalizes cordetail.

In contrast, our oriented bar descriptor definelistribution
over local curvature and junctions at points aleogtours.
The contour representation we introduce is higapeatable
throughout an object category and encodes localatuire
information. Object shape contours contain localicitire
that repeats throughout standard views of a cayeddre
corners of a mug, for example, and the junctiongreta
handle attaches, appear in most exemplars with some
angular variation. For this example we computeeradd
bar features over Applelogos of the ETHZ shapesgatand
clustered them into 64 groups using kmeans. Werebse
that much of the object shape can be explained by a
combination of these local contours.

Fig. 5 Multi sensor data fusion output

3. ALGORITHMSUSED

In this system we used the two main algorithms.s€hsvo

algorithms represent the two sensor processing.toQon
detection algorithm is used for the mono vision esarand

clustering algorithm is used for laser scanner.

3.1 Contour Detection Algorithm

Contour-based representations have a long histoobject
recognition and computer vision. Considerable éffoas
spent in the past matching geometric shape modkls o

objects to image contours. Although these appraache |n addition to being repeatable, our contour repmestion

enjoyed some success, it is clear that finding aunst
exactly belonging to the shape of an object is & ha

describes local curvature. Understanding anglerinddion
in contours is important because shape cues caatent

problem. This insight has given rise to an emphasitocal
texture descriptors, the dominant approach todayese
appearance-based descriptors summarize local ¢extur
information in the form of histograms of gradienshape

there; segments with high curvature encode more
information about shape than straight lines. Wherme
sampled interest points uniformly over detectedesdand
computed oriented bar features. We then rendered th

context, geometric blur, and many others. Whilenpreent
edges are roughly encoded, exact shape locatiorbéwers
replaced by a representation of texture. It is vkelbwn,
however, that curvature of contours and junctiorsvide
crucial shape information. Thus we believe it idito
investigate a contour representation alongside appee-
based descriptors. In this paper we show that locatour
descriptors produce significant gains in objecedgbn and
complement texture descriptors. Object contours are

strong representation of shape, whereas texturedbas

representations summarize contours to avoid magatiem
to an object exactly. We demonstrate in this wbsk value
of bridging the assets of both. We propose a leoakour
representation that complements texture featureekiply
encoding junction information and
representation discretizes contour orientationrainéerest
point and records the intensity of the contouratheangle
as feature elements. Our local contour representasi a
non-parametric distribution over oriented line segits, or

curvature. The

features in order of their contour strength and/ature. The
latter is measured by the outer product of an tegrbar
feature with itself, weighted by angle difference.g.
Zfl-]- e~ 19 =9jl we observe that the object is identifiable
after rendering a relatively small number of oreshtbar
features. Curvature clearly concentrates shapeniaton,
and the oriented bar descriptor captures this atoco
interest points.

We first briefly outline the detection strategy fwaluating
the combination of contour and texture informatioie
evaluate the proposed representation based on ithedyw
used Hough transform for object detection. The aggh is
kept general to allow for wide applicability rathéman
specializing on a specific object category. The leas{s is
on evaluating local contour properties, not theingtor
verification stages. Nonetheless, we found that gimple
detector, based on our object representation, rigrisingly
effective; it exceeds many state-of-the-art voftiraged

bars, sampled densely along contours. Recent wask h
modelled a number of adjacent contour segments to
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detection systems. To make a detection we firshekedge
contours E from an image using the Berkeley

edge detector. We sample N interest points location
X1........... XN uniformly along contours. At eacH the
locations we compute our oriented bar contour
representation bl.......... bN and the texture-bamsimetric
blur features gil.......... gN. We then concatenabe t
descriptors at the i-th interest point into a featvwector fi =

(bi, gi).

For each of the features fi in the test image, e fa
nearest neighbour fi in training set. We use Eeel
distance for matching and a kd-tree to make theexet
efficient. We could quantize the features into detmok, if
matching performance becomes an issue. As parhef t
training process, we store a shift vector vi thaihgs to the
object center for each of the training instanced ffien for
matches f1........ fN, we have a corresponding $et shift
vectors vl............ vN. We combine the vi witheirest point
locations xi to cast votes for the position of djeat.

In addition to voting for object position, we casich of the
votes through a set of discrete scales. Formaklyyete for
object hypotheses over position and scale spaeeHnugh
accumulator
N
Hix, o) = Zu',-S[H.\',-er-}- —x||),

i=1

Whered is the Dirac delta function. This equation has been
used numerous times and the weights have beenagstrim
many ways, including probability models, max-margin
classifiers, and constrained co-activations. Ssimgly, we
found in our experiments that uniform weights extéee
performance of most of these methods (excludingt-pos
processing verification stages).

We estimate a discrete density over image poséi@hscale
space using a 3-D Gaussian

h(x,6) =c) H(x—x.6 —s)1(X,5:0x,0) .
x5

This is a convolution of the Hough accumulator wih

kernel functiony that hasw? andw2on the diagonal of its
covariance matrix. The constant ¢ normalizes tlserdie
density. We can efficiently compute h using the fasurier
transform. We identify object hypotheses as locakima
according to their 26-way neighbourhood. Watershed
segmentation over position in each scale of h gites
features casting votes for a hypothesis.

3.2 Clustering Algorithm

KNN is a simple algorithm to clustering various aléased
on the similar measures. KNN has been used incatbti
estimation and pattern recognition. Basic aim of NKN
algorithm in the proposed system is to clusterhmgdbjects
and depending on the objects it will classify diffet objects
and gives the information about clustered objakts and

y coordinates width of object and depth of obje¢hN
assumes that the data is in a feature space. Mactlg the
data points are in a metric space. The training gatvided
to KNN algorithm can be scalar or multidimensionattor.
Each training data consist of set of vector andaated
label with each vector. KNN can work effectively on
arbitrary number of classes. We are also givennglesi
number “k”. This number decides how many neighbors
(where neighbors are defined based on the distaratac)
influence the classification. This is usually ardatimber if
the number of classes is 2. If k=1, then the alboriis
simply called the nearest neighbor algorithm.

Table Y-X for a field of view of 122.5° and a range of 80m
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Y > -B1.2836m to 61.2836m

Fig. 6 K-Nearest Neighbor Algorithm (KNN)

CONCLUSIONS

The proposed system is used to detect the obstanlé¢ise
road. This is done by the fusion of raw data frdma two
sensors which is mono vision camera and laser scaim
this system laser scanner is used to detect thaaés and
then mono vision camera is used to confirm the authss.
Depending on the distance system gives the wartairie
driver. This system is very helpful for the driviagsistance
purpose so that decrease the number of accidethieammad.
This system is best example of cooperative fusiemveen
multiple sensors and depending on that it will take
decision so that the result will be more precisg arcurate.
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