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Abstract Aiming at the problem that using RGB images for vehicle detection are affected by complex conditions
such as road shadow, vehicle reflection and insufficient light. The paper proposes a vehicle detection algorithm based
on convolutional neural network and combination of RGB and depth images. Two improved models of single-channel
RG-D and double-channel RGB-D fusion networks are designed to improve detection speed and accuracy
respectively. The algorithm is tested with (Grand Theft Auto) vehicle dataset and compared with other popular
algorithms based on RGB images. The results show that compared with Yolo v2 algorithm based on RGB images,
detection accuracy and recall rates increase 5. 69% and 6. 31% respectively by double-channel RGB-D fusion
network, and the fastest detection speed of single image reaches 24 ms with single-channel RG-D fusion network.
Experiments show that the improved network model based on RGB-D images can achieve real-time detection and
effectively improve vehicle detection accuracy.
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Visualization of indicators in the S-RGD training processing. (a) Average Roy curves for sampling

rates of 0.01% ; (b) average R . curves for sampling rates of 0.01%; (¢) top 500 times’ iteration of the x.. curve
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Fig. 6 Vehicle detection results of using S-RGD and D-RGBD in different environments. (a) Normal environment;

(b) tunnel, reflect light, night
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(b) RGB-D detection results

PR A — 30 H S 7E 7R WG L B T8 45l 2k I 15 L A AL
Ji 2 Je IR B B 2% (A LT, 76 34 3 RGO B R I, 3
T RGB-D &5 4 K6 I 25 2R 2 B0 5 hn gt 55 5 (A [] i
WA W IR AR R R A

TR BE IR AT LU AL H bR 56 38 R H A 2% 1 1 4y
fiE, TR 0 [ 5 32 SRR AL H b 2 1T 1) SCBRARRAE K 75
A T LASRAS TN FE 4 1 15 B S A A T A T o
Wi, BARIET RGB-D FER A B br A i 7 55 2L 1
WFRAFE AR HEME TR -8 TET
RGB BG4 B br ks U >k o, ME# R A T KR $2 7,
FIH S-RGD #E47 % I 7 75 B 0] 5 RGB B 5 A<
AT .
4.2 SHM BRGNS EH 3T LI

ASCEEARTR A RGB %4l 48 1 43 5 I 25 5 1 i

1Ty Faster R-CNN M7 1 SSD M) Wy A H A A6 ] 5
PAERL, FFAE MR A S5 E T Yolo v2 BiE Ry S-
RGD #1 D-RGBD £ R #E17X%F b, i3k 2 i, [\
R Ay 26 1T 7 A T ) 4% 1) 3 P A AR A e L 3 T
TEALZ) K2 RGBD % s £ NYU Depth v2''*)
R 235 R B X B S e Ay PR A R T8 B 6 TR AL
R HABFRIC IR U2 T 2 JEREA SEAT I, &5 2R
K9 iR,

M 2 FE 9 Mt g Rur LLE W, 7R3 T
RGB EI& 461 7% Faster R-CNN X} H #7146 ]
PR M B X 2 R TRIL M E N4 & VGG,
H W 8 2510 52 2% B TRUZ B 2 B 2R HR 2 25
— > [1 5 2% E 7] B SO Y1 AR R A I 4 A s
RG22 A s 2K A S RGB-DJE L Al

181003-6



B 8 551 RGB B2 5 RGB-D EME HARK M 45 R XT b . () IR S ; (b) RGB [EIG3 38 J5 1 Kz I 25 251
() RGB-D #1454
Fig. 8 Comparison of enhanced RGB images and the RGB-D images. (a) Original images; (b) RGB detection

results after image enhancement; (¢) RGB-D detection results
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