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Hardware Acceleration and Implementation of YOLOv4-Tiny Network Based on FPGA
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School of Computer Science and Engineering, Sichuan University of Science and Engineering, Yibin 643000, Sichuan,

China

Abstract: Objective To enhance the computational performance and energy efficiency ratio of object detection algorithms
on edge hardware platforms under resource-constrained conditions, this paper proposes and verifies an edge hardware
platform based on field programmable gate array (FPGA) for accelerating the YOLOv4-tiny network. Methods High-level
synthesis (HLS) was used to design and optimize the operators and modules of the algorithm in a highly parallel manner.
To improve design throughput, a double-buffering strategy was adopted to increase system resource utilization.
Additionally, techniques such as fusion of convolutional and batch normalization (BN) layers and model quantization were
applied to reduce model parameters and enhance computational density. Results Experiments conducted on the PYNQ-
72 platform demonstrate that the accelerator achieved a computational performance of 15.33 GOPS with a total power
consumption of 2. 65 W. Compared to existing FPGA platforms, the proposed design improved computational performance
by 2.79 times, while achieving a 29.5-fold increase in energy efficiency ratio compared to CPU platforms.
Conclusion The proposed method effectively enhances the acceleration of the YOLOv4-tiny network on edge FPGA
platforms, providing a valuable reference for the acceleration research of object detection algorithms on hardware
platforms.
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Table 1 Parameter comparison

Model mAP/ % FPS GOPS Params/MB
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Fig.1 YOLOv4-tiny network structure

FT R4 8 CSPdarknet53_tiny , FH58 T YOLOv4 (1)
F T M %4 CSPdarknet53, 7 CBL ( Conv + BN +
LeakyReLU) 2 4 Mish {1 oR 25018 o oy 0F G 3 1Y
LeakyReLU PR, B RSB AL 15 3% 3 i LA 1x1
AR, Resblock BEHER T T XUE 5 22 W 28 22 g , i /b
T2 JRE RN = T PERE . KR J2 Maxpool2d #Y
A JZ R B R R AE TT A DR/ DN L34 i A2 BB O ok 2
ShD, HERHY FPN BT —~k SPP (Spatial Pyramid
Pooling) AYREHL AT DL AR A [7] KB AYRFAE , A7 B T
B IAS R /N F AR, I BT T Upsample F1%¢
TIEJZ Rl B B2 R AE I rh 5 B RN, A R T A
Xt FARPRU A TN A BE 7 A Sk R A T R Ak i i
i, B P BUZA S, X —> R AS Al Al =4~ i i
SRAE 38 3 JE AR FAE P ] ( Non — Maximum Suppression ,
NMS) U3 i Fedo (i BUAE , B2 74 1 AL RR A A ) 21 47
PR FOR I Z
L2 WEEnpsng

TR R G, R L ABEA BRIF Bl 58
WA BRG], Tk BT BE A 2 2 R B2 X, A8
T PERR AT, SR o s o R S e SR X
MRV A T2, A SCIE &SR] 1 Fhisgit, 3

PSR LR R AT AL B JT 05, MR — A G b X
TEAEIMAE A R, 55— G2 b DXCRT L[R]3 53 2 3k
R SRR, AT S A AT AR A AT
UL LT[R #E47 , T4 = R G RCR , 1A 1
PEGSIRIFAE . RUZ% vh 5 B2 B i i) Ak PR R T L A
B2 fron o A HA — A nh X, Gk R 47 35
BAR AT R B SR AT PR AT, 20 A5 i il A FRAIE
P s n] g s 4 (PL) B ZE b X R, A fiext Ho
FARERRR HE AT SR 2T 5 SR, A SR e A 2%
X, FEER — U BT IR I, — G2 i DX X 2 28 i)
BT TR R LR 55 = 4 R i B e 55 — A
ZhX
>

[ Time

Compute | Load | Compute | Load

2 2 3
Save Save
1 2

Single buffer

Load
3

Compute | Compute | Compute
1 2 3
Save Save

1 2
Double buffer

2 WMEHSAZHITLLE
Fig.2 Double buffer versus single buffer

Compute

Load
1

Load | Load

Save

3

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



48 ERIHAFFR(AARFER)

%43 %

— BB 38 (Compute ) FT 75 A4 B 18] K T 2%
(Load ) At i) , PR bsse by = T L7 6 o ek st [, B 52
BT IFEAT A SE B PE AL B RE 148 A 2 ) s
22 | AT A5 Ak B SR g R T sk
1.3 RRREGA TR

52K %54 (High—level Synthesis, HLS) 42— Fiii
it Xilinx Y Vivado HLS T HSZELAIE A, &0l LUK i
HRYAET (W0 C C++) HeAb BRI G RN - A
15 (10 Verilog \VHDL) . X FRiF 5 2 A 27 17 2
LA RE A i, B AR R TR T A% 58 b A fiff A
PR TE S PE4T FPGA i RIFR, I H, HLS AL
Ll o007 06 2 o A T AR R 3 R 4k T 45 Rz O
PR S B, IR TR R OT R B M, e,
HLS iR REXT 5 24 8075 55 b 38 ( DSP ) Jig FH A il
WEETF &, TR R RBCR AT A BT, F H, i HLS 2
PR IT ATE 25 5 i B8 4l 2 AN (] A9 468 15F &5 b iR
WO SRS B R A

HLS TCIALTF sh Ak i (Rl iR 18 55 IR AR A 2 b
I RE (R 2 U6, DRI A i A T8 2 4 3 T i 809 R A
A, R, HLS i FH Y A FPCA iy & 4k 3R
(Look Up Table, LUT) %¥UR FLfE 500 RTL £ 40% 447,
JUT LIS e S () B T ) SR 6T B R BT

2 WSS
2.1 DHESHERL Y By

FET X X 45 25 46 19 53 47, A 2 22K YOLOvV4 — tiny
) 24 A2 TR f1 5 B TR A R R DR O R R R i
JAE FPGA FF AR, LA LA i, YOLOv4 —tiny
T B AT F B EAFE A PR K Y 3x3 FrifE
BRI SGET | FORFEA 2x2 S Kb k)2, Horp
BN ( Batch Normalization ) JZ 7] F| FH)JZ Rl & 107 A
FUZ Y, Concat 1 i 35 £ 2 VE7E PS 3t 52 BLH iy
i, Hi 3x3 SRR 1x 1 9B R 5 R 2% 45 1
AR R 25 1A Y 90% LA L, Rk B BB TR
BLEFEME, B, 7 FPGA JF &M, PL S il Fis
TSN ZS AT IE B AR 1P A LYK, 7E PS Al 2t
T YOLOv4—tiny M 2% 2544 , 38 o 8 AR SCi i B R
1P AR AR R AL TP AR BT 4E

AR NNE S A Q& 3 7S, FPGA “F-48 T8 A
SFAE A i AR B AN i AR AT R AR | B
THAE R TP BRI R AL 1P A, il B AXI4-Lite
Fl AXI4-Master 211, H:H' BRAM J& FPGA i —Fh A7
it , TG EE 548 42 . DDR #& il #5 i AE 55 258
HAMBAAAE A S AXT A7 S e 1 22 m) A 5508 A
It HLAEAH AR 00 38 E K LA B b 28 9 25 1 A B 4
SEIR ST YNGR 0 B AR 0 A A6 I Pl 14 4 A4S T
AT ZS R R, B 22 1 Se s T AE A E SD R

FoR ol 75 EAARIIFEAY LT, HLS Al REAN R de L £ i SR JE BRIz 2] DDR rhE A7 s S Ak HE
) 4 )
PS
3 A 3
v —
DDR | Weight o | Conv | 5| Output
Data cache Tl +act | "] cache
> input S
. BRAM module S ]
Input | Max |
DDR le—— AXT——»] cache o ! pooling :
controller ( (| (T | 777" i
output
module
DDR FPGA
- \ -

B3 EEpmiEssses

Fig. 3 Opverall accelerator architecture

BRIP 0 EE A AU LeakyReLU
VO PRI ARL . AR TR R D R AR A A B AR
B O 2 B0 S5 2 A B ST B T DL TR B A

DRIt , AT A I S v 358 B o AR B ok 3 22 G Rl AXT
P AR IBGE 18, WA BE 1 IR A e, Akt
PATE E L SE M KM AL EEE . BRAM il i AXI NFF

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



%34

BB 54N DDR HEATIE A7, AN EB A7 i 152 H e
T A B, IR R 45 R AR B i B R P X
SRJE B AR EOR AXT N AE R O B 4
EmIAME DDR, B 1P AL it Ak 1P A% .00 38 2 W%
Ih R (e P o AR TR 8 o X, A BT AR T B R A
PR, FPGA iy — e BRIt il PS HEAT #: AR L & F1
PR
2.2 BBUZH BN Ry

TR 3240 20 D0 2% A A 0 P A 40 i o A (0% 4 A B
PO 286 % 32 ) 345 o sk A DI 2 ot R v 8 i O S AR Ak, —
PRI AE S M R B X E] A L BR B R R, XS 3T
VR JZ A 22 I 245 19 Ao A S o) A% 1 I 0 R I R DA
VE U I S TR HE R0 S4B 1% 45 [A] 8, BN ( Batch
Normalization ) J22 U AT DL fife o T8 B2 45 FRMp 28 X 28 7
P2 AL b R SX 2R () B, BN J2 3 5 355 9 2% 4
— R BE ATy 25, % AR AT AR AL AL B SR 5
LR BB, AR B0 — e, X
A A B AT B i D e 22 TR 4 1 e B B R T
& P B R A T R, T 3 DO 6% 1 WA S, 44 v A 75
MRZALRE ST, SEBN 2R N . #E YOLOv4 —tiny [ 45
H LT T BN EABI B ARG RUZ IS XA
A FRERIYIN L, (A 55— 7 1, B3 T RS AL 3
P, 75 ZR B BUZ A0 BN 2 i ik fr Ak, Ll /b
o, BRZ5 BN Ziaadi! T,

X TFERUZ , 4 B S A R T R 24 4k g
TIEPEI2H 1, A5 R )2 1 TR0 s A A =X mT AFRIR

Y. =wx+b (1)

Hor, v, R HARE & BUG 00 ARRAE 18] w0 %07
EETIBEE « 4 ATHEEI S b A b,

X BN 2, BN JZ & 7E 4 — 2 W17 m) AL f o 7 rh
Xot i ABCEIE AT RS A, N T AN AT 2% T [ 5 5 S8
B 246 I R 1 A 0T, SR TR A — AR A T L, A 20

Y.—u
Jolre

Horp Y Fngad BN 25 95 REE, y R L
I A B 34918, o R ABHE 7 22,
B FoRMitE R, & & — AR F /NG [ 2 (8, LA 1k 53

N THERZS BN 2GRt E (1) 5
A BN Zit8X(2) i, I RS Rla520(3) .

Yiyv=v +3 (2)

&F % T FPGA By YOLOvA—tiny [ 4 09 5 ¢ m ik &5 5231, 49
Vimy My P g (3)
G EHERZ N 4) K (5) P,
w
w'=y (4)
«/0’2+8
b
B =y +3 (5)
«/0’2+8
AR ERITEMT .
YI:wlx+B! (6)

FENG T R ) BN 2 R B2 il G 5 A R B i
0 KPP R R A ) SR TR, AT
AT DRSS AR 48 B AL i TR
2.3 B IP Bk

R SRR R A IS B AR i s e 1, %
FHIE A4 AR AR RTEEAT 3158, PR 10 7 i b
B2 W

out_fm[f][r][c]=w,[f]le, ][k [k, ]X

in_m[ ¢, ][ Sxr+k, ][ Sxc+k, ] (7)

Hodr out_fm FoR i th AR &, f R 05 LA B B
HEATIHIR v R e 430 R 55 JLAT FEB LA w, 3R AT
N B RIRLE ¢, FREIE b, Ak, 00 Fm BN
S JLATFNEE LA, in_m FR ARER], S B
B

BTG P B ST T3t — B HRE T
T E BT I R e FEOAS [R] (9 R 2 351 7E PL i SE 31
7 RSE ) PE B3, Bir AR B2 TAE K, Ak
B A AU Hh R BT RS RV OFML, R B R
AR AR LT R P i AR T RS /N A
B IFM, 5 Je AT 5e , T 8746 T 573t 5 s, an il
4 N

I .

o | I o =

o \ -~ | e

—IL & } IFM } z

S k|kernel =
(O-1)*S-  —1—— — 1 ¢

2P+k k

B4 HRERFEE

Fig.4 Convolutional module schematic diagram
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Fig.5 Pooling module schematic diagram
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Ttem CPU(6-Cores) ZNY(Q-7020"""!  This paper

Power/ W 65 2.8 2.65
Run time/Hz 3.6 G 180 M 100 M
Performance/ 12.12 4.04 15.33

(GOPS)

Efficiency/ 0.19 1.44 5.79
(GOPS - W)

4 5 ©

ARSCHRH T —Fh 2 AL R 28 B R YOLOv4 ~tiny 1Y
R B 5 v 38 i BT AU A K N TR D R
FPGA ffi{F- & PYNQ-Z2 I, XHAIME T T B2 S
BN JZRYRlG A 16 7 B AL, BRAR T 3555 ZR R
GRURIH A SR I w4 &y 1 BE A ki e
TR 6 UL R AR R AT T R O T
M BT T AR R G0 RE . S90S s,
27 VRN A A A K ] AT RE R R 450 ms, T
BAERE R 15. 33 GOPS, TFE(L N 2. 65 W, 5 CPU FillF]
2 FPGA “F- B I, TEVERE | D6 A0 5% I A F %5 07 i A
AW m LR G TEGe .,

ARSCWFFEFE S R T B F FPGA (1471 52
WM PS RS AR ER G, A RG24 A
A RGEINFEAR BRI 2 a1, X A5 B b 28 1) 45 7
N2 FPGA V-6 AT N iy it oy BAA —E i e, 5 B
T E T REA S A B A A6 IS SR g, SR e 5
AT LA R i 28 0 28 e i B0 BRI AT 55 A Ak
RN RGN R — 2D B i Tk BRI 3
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