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Abstract:  The object detection algorithm based on convolutional neural network (CNN) has the advantages of
strong robustness and high accuracy, and is widely used in the field of computer vision tasks. However, the size of CNN
parameters and the amount of calculation make it difficult to implement in real-time on edge computing platforms. For this
reason, this paper optimizes the structure of the object detection network Skynet, and realizes on the field programmable
logic gate array (FPGA) based on an efficient intra-layer parallel pipeline acceleration architecture. This method prunes
skynet, merges its convolutional layer and normalization layer, uses the (KL) relative entropy method and maximum quan-
tization method to perform 8 bit fixed-point quantization on the weights and feature maps, and converts bias and scaling
coefficients into fixed point, then merges the activation operation and saturation truncation operation for speeding up the
CNN forward calculation. In addition, this paper optimizes serial structure to pipeline parallel structure based on the slid-
ing window operation, parallelizes channel and pixel calculation, then designs a pipeline strategy for depthwise separable
convolution, which greatly reduces time to forward calculation. Experiments show that on the UA-DETRAC dataset, the
method recognition accuracy of this paper is 0.752, and the frame rate reaches 115FPS at an image resolution of 160%x160,
which is 11 times faster than the CPU and reaches 75% of the GPU. The power is reduced to 10.6% of the CPU and 7.43%
of the GPU. Moreover, the proposed method has the best performance in both speed and energy efficiency ratio by compar-

ing with the similar CNN acceleration methods based on FPGA.
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A SR 8 R I ) 45 1 I 2R FE CPU 2 15-4460,
GPU 24 GTX 1060 [~ AN THFAIL 158 5, 1] s szl ) 26
Y 2B AR A AR P e I TR AR AR 327 5 3647, BB AR AR
PEREM N 7E FPGA FF &M Z2C706 | 5E A%, .

5.1 ERAXE

B A AR AR 5 1Y Skynet B 45 B U 7E UA-DETRAC
B LRI SR, 15 20 A RUA BT s 9 28, U 2R 5¢
B X AT R Ak, A5 SRR R RS BT 75 O S50, 4 L
TE SRS AR R E & R RE

UA-DETRAC %4 45 Hy B 5238 % 52 8 H A4 Sk 4+
B AILATT AL 8, AL 23 53 B3l 960x540), 45 il 22 160
160 1 4y R 45 11 25 S 36 0F A B0 4 . ASIF 98 DA U 1Y)
UA-DETRAC %5#is 45 H 2 5L 3 000 5K #E 4711145 , 600 5K 1E
At M 5 bR o Eidls 4 vh BLSLs AT 44, AR RS
ANBR 2 HIF- 24045 B2 CAP) ARy B Fm A il (3 AN 48 45
Ph—ak MG R 6], B R 2 25 e B A NS B s, H
rOIESf B AR A KA, LR Bz B M A ESE s,

E I 2023 4E
R PR
P—E (21)
- N
AR K
K
R= - (22)

fr i B bR S A B bR AE 5 ESEHE /Y 32O L
(Intersection-over-Union, ToU) T 0.5 W A IE#f A, 152
— LK D3RI, B 2 AP{E K PR ZE R B9 i FR

IW=iR%Mi (23)

i=1
AR/ IN B S BN S 5000 £ i 28 BB o, B
SR 5 S ECBAR ST T A S Tl SRR L AR T
£ FITJRIGIE , 76 GPU A CPU b gk A7 4l 85  RRAS Y iy
MERL, 7E FPGA [ AT A4 52 B RS A 1) 1 ] 4 2, e
AREERINF 2 N .
F2 ARERRSE ST

LR A T S B A

DERiE S 32 bit 77 45 8 bit &
M- & GPU CPU FPGA
R R /INMB) 1.41 0.359
FEIRGEE(AP) 0.770 0.752
RS RER R - 2.34%
TIFE(W) 120 84 8.916
T JE (FPS) 153.8 | 10.92 115.1
B4 LL(FPS/W) 1.28 0.13 12.91

P % 2 TR B 2 S 0 R AR R TR R /N /N Ry Sl A
WA 4 25.5% , K5 FE AR 388 T 26 B4 52 BUMUA AL TR B T
2.34%. T {152 B RSCAR (14) i i) 9 B 5 A 45 138 ] CPU
FEH T 1A%, e A H CPU Y 10.6% , 3 BI85 T
i H GPU ) 75% , DIFEEMV k38 F GPU 1) 7.43% , BEAL
LY U 43 5112 CPU Y 99 1351 GPU 4 1043 .

12 25 Y T 4 B4 R A G T 45 3 L R el A4 S
FSCAS () G 25 5 . 25 5 LA HE I b B 3 2, B RS
PR R A AH A T 4l B0 S R RRARS () 5% 22 AE R 2
FEL A

P12 AR RRAS S5 B RRA A I 25 R0 L 4]
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5.2 FPGA EHREEITER

S H AR ZCT706 , e 2 S0 0 AT o 25 T AR R
R 3P/R . R 3FH L AEAETT IR BRAM 5115395
DSP Il FE# 5 , (B A7 4k 2 LUT A7 8 /7% LUTRAM
DA fith % %% FF I FEM 2D .

x4 EEIIExtE

ik KEEEBIR | EE(FPS) | DIFE(W) e
(FPS/W)
SCkl6] 2.05% 25.05 7.26 3.45
SCHRI8] 3.94% 109.3 18.29 5.97
SCHik[14] 7.23% 64.8 9.9 6.55
£ 2.34% 115.1 8.916 12.91

R3 RETENAE
B AICIHFE IES {6y e
LUT 23912 218 600 10.94%
LUTRAM 5222 70 400 7.42%
FF 24245 437200 5.55%
BRAM 398.50 545 73.12%
DSP 499 900 55.44%

B3 /R TR SRR E R O, LA HLES
KUk P B LUK M B, 5 Ak — ik R
Jed Sl E s EAT G I AG I 45 SR G i AR & [ 3 |
FIALEEAT R

K13 ARSI HLE A

PEBCCHR 6] SCHRI8 ] SCHRL 14 ] TF e XT L 5256 .
Horp, SCHRL6 ] B YRR ) Skynet [ 45, [A] i 78 FPGA _E 3
AR S 3 s SCERL 8 123t T —{H AL RS YOLOv2, %
ARAR A i LA i v PR 32 5 SRR [ 14 JRIRE SR D 0 T
PR K AR, I x5 10 U ) 2% SSD Lite 3447 i1 i 512
B B A SCHRAE 1152 BURS BE g HW , B S BRS JE h
SW,, DA BE R 10081,%7
SW,-HW,

SW,

6 SR 7 v 5 A SO 0 7 6 H 5 2 4
72

N 4 Fros , A8 SO0 VA A 1R FREAL L B R4S
e, 53R 6 TR bE , A SO ETE R Bom 1 4.59 1%,
RERCLLAR s 1 3.74 4%, th T3y AL AL L K s A4 i

x 100% (24)
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FBCEERAERRZ R RS B WA B, I R OF- 6 DL
BRI R A AN [ 0 S SR A T RE RS K T 3Ciik[ 6], 5
SCHR (8 IR STk [ 14 40 E , AR SO YA 76 3R B L RERL LL A
KB BUR = A Fe bR AR R EE T, R i 2 BRI L A
KRR AR T

28 bR, A SO v 5 CPU R GPU | 552 LAY 4 4%
PERUAHE B, 8 RURRAR T DA, $2 = T RBRL L ; MR, 5
HT FPGA Jinsk CNN 1y [ 28 ik X b, B 4 w1k
JERIREAKL L, FURS BE 0 w8 T o fl
6 it

AWFTEIHE T FPGA $2 ) — R H A5 A 45 B0 25 1)
LN T 26, A R 48 ) 4% 78 i Gk 5 A% S TR X
PEH T AR TR R R R B 45 Skynet £E A RRAE
IBUI 2%, X6 5 A8 R AT 48 A, o DI R A i A TR R A T 1 b
DL K SHE I, B g i S S S BOE S R 2
B AT MAR R IFAT IR B 5 4 ik Ak i A
T S5, A IR ) 4 E b % 3 A S B R T
PRAE . AR AR E LM T CPU
FEFHT 1A% WK T GPU, RERL LLAH %L F CPU A1 GPU
3 B TE T 99 4% A1 10 4% 5 5 [ 25 CNN it T 4E %)
P, AR SC i WA T SRR A AR T
T CNN BRI ) 28 70 70 2 4 RS2 RCR, B
A 14 IO FH A A
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