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Object detection model optimization method for car-level chips

GONG Dahan"’, YU Longlong’, CHEN Hui**, YANG Fan'?, LUO Pei’, DING Guiguang"’

(1. School of Software, Tsinghua University, Beijing 100084, China; 2. BNRist Tsinghua University, Beijing 100084, China;
3. Zhuoxi Institute of Brain and Intelligence, Hangzhou 311121, China; 4. Department of Automation, Tsinghua University, Beijing
100084, China; 5. HoloMatic Technology (Beijing) Co., Ltd, Beijing 100102, China)

Abstract: Convolutional neural networks have achieved great success in visual perception tasks. Its complex network
structure makes the model computationally complex, which limits its application in actual terminal scenarios such as
autonomous driving. Aiming at the problem of limited computing resources in terminal scenarios, in this paper, we con-
duct research from two aspects: lightweight deep model design and the model deployment and verification on car-level
chips. As for the contradiction between the calculation efficiency of deep models and the detection accuracy, we design
a lightweight object detection model based on the center-convolution, enjoying low power consumption and high accur-
acy model performance. Furthermore, based on the method of quantization aware training, we carried out system-level
deployment and verification on car-level chips. We successfully implemented a high-efficiency object detection model

on the car-level chips, i.e. tda4, and achieved good performance in autonomous driving scenarios.
Keywords: artificial intelligence; computer vision; object detection; terminal equipment; car-level chip; convolutional

neural network; model acceleration; model quantization
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Fig. 4 Convolution with the quantization layer
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Fig. 7 Constructing the detection system on car-level chips

51 HLER

TEATT i, R SR P A o S R A AR
P, ImageNet J& H iy E b [ 3 9 A9 KA K 5 4325
TRIAE, FE N TR BER & e s B A% RRER
Hifi7 . AlexNet"”, VGGNet'™ | GoogleNet'” | ResNet™"
H1 DenseNet''” 4 52 #8254 JF ImageNet, ImageN-
et WC 28 A T ML GG S i bR v B B 4 . F
5% 18 W 2l B ImageNet 31 56 {iF 57 $2 H1 ff) 4 7Y
WA, SRIGHE FIAT S5 AT I0iE, A% Gt
B - RN N 5120 1] e N

A, A CHE ImageNet |- X%} C-ResNet18 47
T IS, IFAE BG5S bR AR .
TEVNZRET, A SCR LY 25 (batch) 19 5 2Ok 11 25
C-ResNet18, RHtt R AE 256 K IE Fr, IF Il 25k 120
o BIRIAY I it 2] U E N 0.1, SR T B 5L
P 3t )R mE, Bl HLER 5T AN R AL AT B A

AT N I iR RO B R R A R, A S
1 ResNet18 1E AL, JfF1 C-ResNet18 17
XL XF PSSR 1 frw o

F 1 7 ImageNet FHI D REMRE

Table 1 Classification accuracy on ImageNet %
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553

BRI, S M) B RGO B SAG I T AL T vk 905+

R T XA, X B EAR T H pytorch B 7 #2
fEA ResNet18 45 5 (ResNet18-torchvision ) Fll 7 3¢
2 LY ResNet18 45 57 (ResNet18-Ours) o M FE 1
(%) S5 25 1 7] LU Y, A T ResNetl 8-torchvi-
sion, A< SCZ PLAY ResNet18 3R15 1 B = 1) 43 2
B R, L R AR SR B A I DI R 15 o 1 AR SC
BT H2 Y C-ResNet . T ResNet18-torchvision
ResNet18-Ours, FH. 41, #H [t T ResNetl8-torchvi-
sion, C-ResNet18 7£ top-1 HEHIR 5 T 1.83%,

1E top-5 VERRZE F3RE T 1.24%; #H L T ResNet18-Ours,

C-ResNet18 7 top-1 #E#fF 425 T 0.84%, 1E
top-5 HEMHF 42 & T 0.48% . Fl ResNetl8-
Ours FYPEREXT LG, W] LA T 4 H 09 v 45 BURE
BERLPERE (1948 25 ROR 0.3, ARGF b 1 4
() H A BRI A R
5.2 CR-CenterNet

AT B UE Fir 2t A 0 A BRTE AR SO R Y
T[] 2172 B L S 37 55 v ) X A DA 55 14 iz FH
B o AR ST i i A ) 6 1 O A BRI X e A
M7 ( CR-CenterNet, UL 1.2 95 ) 7871 4= %4 bk
AT ALY G, 52 P4 Ml e i T30 AT 42 B
EARHE T 2D HE Y AR TE B, (A SCEU TR
M\ 2D H i AT X R 8 3D A E . R,
AR 3 CR-CenterNet Hif H TN B X 2 45 S 1)
Mo o5 A7 E, SR P 4R Rk HE T X 4L 3D
2 AL EAR B, JF T AL B 037 5 i S AT

7 PR A DA R Y 5 A FE R, R, A
SCIIZk CR-CenterNet Bf & A Xl 2k =L, B
PR, AR SO 3 5K 2 080Ti 1 e Hi ik it Uil 25
BORY, gk R AE— LIS 3 5k I8, RIEIR
KR 9, AL H CR-CenterNet [ 2] 3Ky 3e-
5. BRINGAEAT T 300 %8, IFORAF IR IS — B RO 25
RAEAT R

A T Bk CR-CenterNet {4 RE, A8 SC % F
ResNet18 iJl|Z: T CenterNet £ % (R-CenterNet) o
TERE AL PRI Iy, A ST 5 5 i A T, R0 4
W 174 LR RN T b 32 1 6 FRTAE 1) 22 T L, 4 52
FFEHERT 0.5 FFI 24 1 2 IR0 rY T . % 2
7R T HEZ AR T R-CenterNet 1748 SCHJ CR-Center-
Net ()RR PEREXS L .

% 2 R-CenterNet 1 CR-CenterNet HJ'T# B8 ¥t L
Table 2 Performance comparison between R-Center-

MF 2 H[LLFEH, CR-CenterNet 7] L) . R-
CenterNet 3819 5.9% M$E T, #F— LUk T fr i
B R B ARTE X ME S5 A R

[ 8 R T ARk X SR AR, A4S CR-
CenterNet Tl (% # #h 5, DA A3 4 52 )5 1) 5 A
R K 8(a) P R T hniE e FEHE, £ 8(b)
rh S £ 1 SR AR O Y S R AR R A, 1 0 2l
R-CenterNet 15 2| J JEHE, £ 519 )2 {# ] CR-Cen-
terNet 73 2| B FETEHE . o] LLE 21, BIAE A A 3 44
[R]85 11 TG i DA G b LB e A, R
CR-CenterNet 1] DLAG R4 Wt XF 52 0 32 3t 05
8 It T R-CenterNet, CR-CenterNet X X £ i) 3D 2%
ISR A= =Y s e 17 2 IR R N TTR L S T T
& Hi i) CR-CenterNet A5 R8P R KM

(b) Sl

(a) $2H 13

B8 Xt RATRML
Fig. 8 Visualization of detected objects
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Fig. 9 Object detection model verification system for car-
level chips
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