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Camera and LIDAR Combined System for On-Road Vehicle Detection
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Abstract : In this paper, we design an on-road vehicle detection system based on the combination of a camera and a LIDAR system.
In the proposed system, the candidate area is selected from the LIDAR data using a grouping algorithm. Then, the selected candidate
area is scanned by an SVM to find an actual vehicle. The morphological edged images are used as features in a camera. The principal
components of the edged images called eigencar are employed to train the SVM. We conducted experiments to show that the on-road
vehicle detection system developed in this paper demonstrates about 80% accuracy and runs with 20 scans per second on LIDAR and

10 frames per second on camera.
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Table 1. LIDAR data grouping algorithm,

Step 0. Initialize group assignment ga[n]=0
(0<n< Ry, ) and group size gs=0
Step 1. Read data d[n] =

radar
Step 2. while 0<n<R,,

0 (0<n<Ry,, ) from

Step 3.If d[n]>range_max ord[n] <range_min
go to step 2.

Step 4. If din]-d[n—1] < Toroup s PUL ga[n] = ga[n—-1]
to assign the same group to”?
Else gs=gs+1 and ga[n]=gs tostarta

new group.
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Fig. 1. Grouping result. Green objects are ignored objects and the
blue, purple and red objects are the grouped objects.

TEeIAG YR gy "R
a3 19l vYeRick
2. 72} Z2i=eolM ¢ &3

¥ =RAAE Alage] destEs Aste] Aeaks A
Yo mrt 927} whAbgttiar 713t} LIDARSH 7helr)
A Fhe-vkaoln} Bz HEFo 2ol 9B =344
o] 57| wjFolt}k. LIDAR “d<] dlo|eje} Fhdet oju]=]
A AE Lohll7] flEtd $Ele FhhlE Zele
= AAETL g7le] A 3 om|R|E o]g-3le] Fluat
9} LIDARAIOTS] #AIS vleldltl 13 2% LIDAR Hlo|H
of gt 2 A5 o|ux] o BAAE BojFr)

Fhdlel olnjA)e] shEas} =g HEL LIDARS] &%

SAE AATT o] A=

l

H A% s Er}h LIDAR HolHE I 19 g8 Eﬂr
2 253 Al o] %, Ele oulxoN FsE TRYS

A Zelueld £ 9o pu

T% 2. LIDARS 7hdlgt G4 g AR dZelnAe
LIDAR HoJE|E 2752 XS ZlolH, 0852
A FhizE Gl tie ol Aol

Fig. 2. LIDAR and camera image matching result. The image on
the left side is the bird-eye view image that is reconstructed
using the data from the LIDAR. The image on the right is the
actual scene that is gained by the camera.
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Fig. 3. Car images and road images used for SVM training and
edged images.
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Fig. 4. Training result linear stands for linear kernel and poly 2
stands for second order polynomial kernel.
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Fig. 5. Test result. LIN stands for linear kernel and POLY stands for
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classification rate and negative correct classification rate.
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Table 2. Detection process.

1) We first cut the area that passed by the LIDAR system from
the original captured image.

2) The area is resized to a 32x64 image. After resizing, we can
get 49 images which are each 32x16.

3) We translate these 32x16 images to 49 512x1 vectors. We
transform these vectors using the transformation generated by
PCA. As aresult, we have 49 24x1 vectors.

4) Submit each vector to SVM and get

5) Find the minimum of je U in which ¢; is greater than

Zero

Z¥zre] B W] AHE3ld A 99 AHE A5, 4
(10) & o]&3ty AFAE gXgir) AAHU A2 a7
63 ¥ 204 & 4 9ok

V. A
B =RdAe a9 739 2 Ad AJAEE ARESITh
A YR ccD eyt A HUA, S-VIDEO ©HAHE:
sfo] =) T W(frame Grabbe)Z F3le] HHFE]
At LIDARE WM Ao A&E g oM CAN &
£ T3 HFES d4HAE d84dE 0 Ve

> 9 o

o3 7. 4% A=

Fig. 7. Experiment system.
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Fig. 8. Some test results on an image sequence of a road with one or
two vehicle.
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Fig. 9. Some test Iesults on an image sequence of a road in a
complex city environment.
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Table 3. Some Test Results with two image sequences.
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