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A review of FPGA-accelerated computing methods for semantic
segmentation network

Peng Yu, Ji Senzhan, Yu Ximing, Liu Shengjian

( Department of Test and Conirol Engineering, Harbin Institute of Technology, Harbin 150080, China)

Abstract ; With the development of deep learning technology and the increasing demand for image scene understanding, the application of
semantic segmentation networks based on FPGA to provide low-latency and high-energy-efficiency edge-end intelligent services for all
users has become a research hotspot. The computing and storage of the semantic segmentation network structure have the intensive
feature. To address this issue, the construction of a customized FPGA-based computing structure is a key research issue. In view of this,
this paper summarizes the basic principles of semantic segmentation networks and analyzes the characteristics of its internal calculation
structure, then elaborates FPGA-based semantic segmentation network computing acceleration methods from two perspectives: model
compression methods with hardware resource constraints and custom hardware architecture design. Furthermore, this paper focuses on a
summary and analysis of typical methods of computing structure design and memory access optimization in hardware architecture design.
Finally, this paper looks forward to the future development trend of FPGA-accelerated computing methods for semantic segmentation
networks, in order to provide design references for researchers in semantic segmentation, edge computing, customized energy-efficient
computing and other related fields.
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network , CNN) 02 (R ¥R JE 2% 3] ( deep learning, DL) e
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Fig. 1 Computing process of convolutional layers
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P=Nx (k¥ xN, +1) (4)
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E D
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A E R HABWH  [a] i 88 1 o g A i 2 5 e vk s

Tk R AR A PR E T TR 2 > SRk 4R 3t 3 P 1 i T
WE
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XH A SHETE NS B s il ], AN REXT
S4B 4% R B R U B R e R, i LR T LR
FPGA Xt FE4A i ) 0 25 HEA TR I i 3, HEAx B AR 7Y
FE45 77 v BOR W BEAE A 7] CNN |, {H 2 X 5 T FPGA (15
MBI S5 — 2 R IR, — 7, 18 X E N
ZKTE CNN YR X 26 25 AL R4 T RAcat | 3 5 350
R 25 )7 5 JCTE R BIAR G 00 1 48 355 , Hb I Bk 40 i oh
B SAE R ( singular value decomposition, SVD) Fy ]
HE R EIEE X CNN B4 2T IR0, oAl oy
FIP 25 PR B R I AR O . o5 — T, LR 4%
FIVHIRZEAE AR B 38 3 B 1 B ) 4 Rt g
ol 5 N 838 D X 285 Ff 830 43 A 4740 She e R 6 4 A
TRAGRCR X8y 7T RS 2 BOAE Bf 22 X 45 op 2 ) i |
25 J2 11 30 T8 HSOR Y SRR I R SE DA R 5 2 22 T )
KR HE— AT WS il G AE AR
TG BRI, PR AN 25 52 0 i S 4338 ) 4% 7 FPGA I
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HIE B i e di 2 — A kg . ORI AR 4 v e Ak i
J& 2015 4F Han %57 $2 H A RIS A0 i, mT AFE R3¢
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FE B W B R 45 21 SR 1Y) 1/8 TIAE CamVid BdE4E I
)42 R kG AR B 2. 04% , Huang %5 X 1 S 431 K
R IE R S ECRIACE 64T N A7 8 S 4tk i fb, X146
BUES Yo Smas RIETahZs M e S i, [FFe
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BN, SEESTER 7R B A ARG R, SRR
B /N 12 bit B2 XS A RS B A W 0 B2 i i 7 (8
MBS Z G FEBIEO 58 /N T 8 bit Z R RS B 46 2%
HRAFEN T U S R, Zhao WK IR SUATHI N 4% g AT %
g2 N S8 e e 0 301, AR — B2
U5 T kG B S0, B A S R 3K 307 fps/s B A i 4t
F1351.7 GOPs/W HYRERK L,

SR ACNAUAT LS E SCo3 5 2% B A7t 75 SR AN
TR, I AT LU o B AP B K d B e 0 B A i A ke
REARRE () DIHE , P A B i, Hovp 2 b ik oy

AT DA E A 1A S B AR 58 2 80 AT 0 s 7
FPGA FiAT it S ThI AR W6 U | REFEFNAE N/ N T 77
SR I AL IS 5 T FPGA RYRE (254, (H
TEARIE FORE T 2otk A AR 22 2R TR etk .
RIS SC3H1 ) 2% 1 52 BRIV 3 S ok e 5 1k 1 12 A A7
B, 1 T DO 265 114 48 LU FRS B2 40 2% 22 [R] B A~ 7, 2 )
FH FPGA 3325 il fb it 85308 18 S 4341 ) 465 1) 1 ki G
A,

2) ZH

SHTBORTR A O IR0 1) W 25 AL, T
SRV AR UE , JF LA AR IR I BR TC AR 1 28 R
8 BTRCRLEE AN R] , 88T R 2T LA 43Ry 4 i A B A
FARLER LTI AL, 5 LB B AL E DY A, BY A1
XA — BN PRI LN EE . 25 g —
i N G e Y P B BTy G N G 52 AV <9 = v
AL LS AE FPCA L 1B S ms

55 Z AR IR, A4 R A 5 R R AR E B A, S A Y
L R 22 I 24 v BN AR, AT DA IR AL L 461 I
RILE T TURZHL, ARGEAE AL BT RS 1) 10 0 25 KA BLAT i
B R T A A A7 5 R T S i R I 1% 38 5 T
FPGA 1] DI 5 15 314 38 14 B 124 5 44 A S 30 183t 4 % 1)
THAINEE . Han %551 15 96 R SCHR[ 50 ] 9 AE 2544 1k
YA M BR TR R 90% LA 1 B S 8L, SR S
CSC ( compressed sparse column ) J5 ¥ 77 fiff BY KI5 19 #i 5
RUAEFE R, S5 Jo BT 1 /60 45 s 1 4 [ 132 5 T ( sparse
matrix read, SpmatRead ) F1 % B %5 [ 36 1 BTG ( sparse
matrix-vector multiplication, SpMV ) 7£ P Y A5 44 2L 44 i1 33
FRB R IE 5 . Shimoda 255 SR FHHE T 45 BUR K BT A
T3 Fi RO/ INE IR 8 TP ) I 4 4 ARl 28 1) 2% 94%
FIALEE IR COO ( coordinate ) 4% 2843 Bl 77 fif i i AN T
FEFERYAT 31 G IE AR A ARl COO ffit & Al
COO T A T HALE 1Y A% A AR Z 114, R AEEAL
A B vk d EAT ol B Nis L R AE Xilink
ZCU102 FPGA JF % M 92 8L #3222 ik A X GPU
(NVIDIA Jetson TX2 GPU) B9 10. 14 £, BERLEL IR J5 & )
24.49 £,

ZHTARGE 1 N R TU A 2 ok v D 1 535 265 11
SR FITHIR I T 38) A S Y 1) A o SR R R
RRAUHE PR R (Y OR . A b T 558 T A 25 M A BT AL 3R
SEFAL SR AT LA B3 T i Lo 491 B4 2 40, (75 2R 2 1Y B
P68 BT R 20 B R . HE T FPGA it
S A 18 A {7 A S SO0 I o 12 1 s a5, R
SRR IE BRI R B T S350 190 4% 1 20 2 AR L FH 1
KM BN TT o AT FPGA RG] EAN L3, B o v
14 FE 407 LU ANBE A BRA TR
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h T SR LAy B M S AE FPGA | 0 A
e Xt BB BRI AT TR 45 2 5, WP s N B — AR e e A
AP EAR 2 TR O — N SR ) T FPGA
f CNN JsE st

WE 2 Fizs, 2T FPGA 1) CNN i &% thi T3 5o
(processing element, PE) H FAEAGAY . H AMTE il Al A
/R ANE AR, IR 3 TAEZ 5, Bdis & A
AN AL i B B A7 i A e A A i B PE R kA7 Ab
#, PE BGHIEH AR IT, 24 PE TR LNtk
HBRIZEH, R LA SO EEE R LA AL i
PE, AN, I 288 41 X 9 4% (4 i A R 1 3 4 1503
AR RS2 b X ) FH AL 2% o X e 45 500 4% 4 B B A
SRR ) R , A IR D B A R (R SR TSR], FE
DL BT A RGN AT R E 2R A PE (WA
FHETFUECE A% S B2 v 0 S IR, R 3 T FPGA 1Y
T8 SC 0 R 45 I SR R LT R Ak A A
VAR Ak 9 7 R R TRV R X S 4 ) R 4% i
CNN AT 8, B an sz 45 FRU2 sk BRO%E 322, AR St it
BAGE R RN )X B T A T o A AL A

TR
PE-1 PE-2 l PE-n I
ZHFX2

w o

RELZER
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