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E T FPGA fmiER Mask R- CNN i ER S E=E
HiE MR F R B R

woF BO# KEHE F oK E2EP

(1VTHR RS B T RS 5E, HIVT 2120135 2. VLoF KRRk TR 2% B, BT 212013)

FEE - o0 T 150 R i 3 4 e DN 5 AR A0 2 36 AR L 32 4 T 5 0 5 T D 5 R B, Ik S B O N S A R
D6 IR T, 48t — Fof ] B BE 37l 4 72 7] B4 31 ( Field programmable gate array, FPGA) il # () Mask R — CNN( Mask
region-based convolutional neural network ) FF Ji #5 = 8 & 3 & N P HUR R, e B T W& B R
MobileNetV2 , | JH H 48] 5% 22 B BRAR T 0, 48 m B R IR AT AL B A8 0 5 BE S5 38 T Rt s 22 RO AR AR Wl & 1) 4 11K
S IEW AR Y g B A 2 NUEE A 3 N AL B RE 7 5 B 5 B 44 B 45 (Fully convolutional network , FCN) 43 32 ¥y
L 38 9 9 BRE P9 S 4] 3 I o D S SR A 2 R S e U R I A 0 5 4 S o R S U A A X A R 1 T i
R FH] Y A 4w G BT B (R 980 B 85 ms AHER GPU IR %545 (IR 9000 GPU A&t B &,
T 43014 =i 86. 2% (63.0% o FEACTTLL g 0.6 B, HEHH K w] 3K 98. 0% , i BEAW K e J1 P 48 T+ 21.2% . 2L
Mask R — CNN [ 3 i R 5 510455 760 R 4% 76 T [0 205 45 I 28 DR 150 T S 300 s 808 10 B okt B 3 46 000 , EL A o 4 %) o 14 ol

G REPERE , K R 3 S A A BT — R TS AN M E R TR
KR FUERRI ; HARE ; Mask R — CNN; 0I5 w] 4R 1T RE 51 %
hE 42 S, S435.111.41; TP391.4 CEEFRIEEE: A  XEHS: 1000-1298(2024)07-0298-07 OSID: gk

Research on High-througput Adaptive Recognition Mask R — CNN Model for
Rice Blast Disease Based on FPGA Acceleration

YANG Ning' CHENG Wei' ZHANG Zhaoyuan' FANG Xiao' MAO Hanping’
(1. School of Electrical Information and Engineering, Jiangsu University, Zhenjiang 212013, China
2. School of Agricultural Engineering, Jiangsu University, Zhenjiang 212013, China)

Abstract; Image-based on-site detection technology for rice blast relies on prior knowledge which is
affected by computational power and field network conditions, rendering adaptive real-time detection
impossible. To tackle these challenges, a Mask R — CNN ( Mask region-based convolutional neural
network ) model for rapid, high-throughput, and adaptive identification of rice blast was proposed. This
model can be accelerated by using field programmable gate array ( FPGA ). Firstly, the backbone
network was replaced with MobileNetV2, leveraging its inverted residual module to decrease computations
and enhance the model’s parallel processing capabilities. Following that, a feature pyramid network
module was incorporated to facilitate multi-scale feature fusion for rice blast, enabling the model to
possess multi-scale adaptive processing abilities. Finally, the fully convolutional network ( FCN) branch
outputed the instance segmentation of rice blast lesions, utilizing the Softmax function to accurately
localize and classify rice blast diseases. The validation results of the model using test datasets for rice
blast disease demonstrated significant capabilities; when the input was a full HD image, the average
inference time of the model was reduced to 85 ms, which was 86.2% and 63. 0% faster than the GPU
server and the same level GPU edge computing platform, respectively. When the intersection over union
ratio was 0. 6, the accuracy can reach 98.0% , and the disease spot capture ability was improved by
21.2% on average. The Mask R — CNN adaptive fast identification model proposedcan realize the rapid
field detection of rice blast disease under severe network conditions, and had better anti-noise ability and
robust performance, which provided an efficient real-time system-on-chip scheme for real-time detection,
inspection and mitigation of rice disease.

Key words: rice blast detection ;object detection; Mask R — CNN; FPGA
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AT ) W A e N T UL 560 1 AL 5, 5 R
25U — b S T I PR G A B R A R AR A
165 B SR R T AT B, HE 3Rk 98.5% , $E Tt
TR AR AR I AOR . YANG 4 i R 4
eI A6 7, H2 AL 7~ 737 S PRI AR A9 3 3R]
ZITIER AT SOt sl B 5 BG4 325 5, A58 55 56
AR I 7 o XA 4R T R LMPSO —
SVM B8 32508 Rt i o o 016 1% P R A7 0 SRR T
DL B iR — A B B4 T O AR I A Ak 3
B2 1 7 R FH R85, T v A2 SRR O K AR R R
W 50T WGP

TR G B A B AR ] L, ZHAO %)
BT 3MIA Jetson WG AHFF 6, AN [A) RUBE i Bk
SRR b 1 4 R T A I 3R R T —Rh T o XUAE
S4TSR K210 i A [ 7 5 A 4 4
ARG T A RERI RS, SR, BT G
FET T %1 ( Field programmable gate array, FPGA) #H
BT GPU 8 RISC — V 2R (1385 R, 7E AR  Ab 22
RE )5 RAE M B AR X S Sl Ay — b
1) 28 I 5 B R ik T HOM S B g TP
BT LI 2E e 18 5 A BRTE B AR Lk ST S i 42
SRR A R AT BE s L LUO 25 R A
FPGA Tl i LiteCNN A5 59 X 48 ) 5 5 47 52 0 i1
L UERA TR 2F 2 45 A FPGA 1 T R % L 3%
PR R I A A A7

T %)k b, wo e A
TensorFlow — Keras HE 42 X i Fjé 7K A5 5 F 9 s (118 5
ST Bl 28 I 2 AR R T 0 8 T8 % o B
SR GO RE I 3 TR S 0l T T LA A AT i
WEYE, 5L T Caffe TR B2 2% ~J HE B2 91 25 A 7 6 1R 5L
P, 0T b 5 FE Ml K R AR R T 28R R 3k 96.9%
LT AR I — i X 35 B 28 19 45 ( Region-
convolutional neural network, R — CNN) B 1 | ¥4 955 BT
PG AL TN 5 5 2 S AH 25 5, 70 A D o 3 I gk
— R RGO B XSRS T —

il

Fit MSRCR — YOLOv4 — tiny (7 A 0 452 79 46 0§42
B EKAH R 24 5, MBIRI R ik, 2B
SRR T — B R Bk 25 I 4% i R A 1
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Iof FH A M1 B R Ak o

AL bR R 5 A AN 2 AR B
THAH KRB S GPU IR S 25 K EATHEHL, A4
S 114 I 2% T A LR 38 T B 3 K T RS T 37
GPU 5 RISC -V JF RAEMH G ) 5 & R &M L
SENF [F e 90 7R 1 FPGA 1y M 6E 5 il 1 3% B gk
YEY 93 35 28 B B 70 25 R4 0 98 X G 2 3 T 1 s BE P
SHZEB/NEY, HHEE M5 9B R 2 5 R
(1 85 9 97 A 00 I, S B AR 1 M 48 BB il
SRR, S EON AN .

PR B, A% S M — o 56 1 e 0T A 0 s T R
oAb Mask R — CNN 736" 2853 FPGA 4 19
ST Ak 55 s A RV E B, X K RS I R e B
PEAT R I AN S 4, AW R OK R R 5 T
L 130 25 2 3 58 Te A AL AT R0 PR T 5 75 5K o

1 SLERESHERR

1.1 BEGHEESE

R 2 1) P R IR PR A 2R dataset3 SR
FEOEE R OV2710 (EFE R 2.7 mm (146 5K USB
A% Sk S A 8% . datasetl 5 dataset2 it H K
2 10U 28 . BN AL K [ MS COCO™ B
B BT ARIC T A Labelme' "™ g4 7 X 4, 3E 4 id
X 8 590 b & 1 2 3 A Bl 4 b i AR A ] LA
LGB AR K R 1 28R EiRicE 2.
P 2 Sy DL 37 4145 B4 b 491 ) 4k B R

(a) dataset1 FEFIE 5

(d) dataset33TER &

I FEOIEG S
Fig.1 Sample images and capture device
1.2 JI&IAES FPGA IiEES
FERY I 25 ik 55 #4520 2 Bk Nvidia Tesla T4
16GB A7 1 <, I 2RItk Fl 2 GPU Jf47 AT 5%
53 B K B o FPGA Jin 3 °F & ¥ H Xilinx 2> #] /Y
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Tab.1 Leaf image datasets of rice blast
Hdh 4 P FEA BB AR K
datasetl Kaggle 7K & 95 3 it v 404 4 350 1563
dataset2 Kaggle T fill - [ 1F ¥y & 53 45 977 2138
dataset3 337 BT 411 4% 7K Fe s 75 - A4 4k 400 4889

(a) LG5

(by HERR 5

B2 Rab 3
Fig.2 Image processing process
KV260 SOM Jf & tle. Mk 55 &% 5 FPGA Ml 448 4F &
BE WAy Ubuntu 20. 04, 5256 2 )5 £ 2 EFE 7 A
Vitis # £ V- &5 F ] Python 5 C + + iBEH WG .
FPGA ) 1% .0 % £F 9 28 R B Zynq MPSoC, {1 &
256 KB RG5ZH 0Ll & 1.2 KB [ DSP J

2 ity Mask R—-CNN | F&E &%

2.1 HEEETIRES

BEvE Mask R — CNN 1y 5 1 16 24 3 434l T /Y 2
ResNet'"”' [ %, A S ¥ ResNet #% ¥ K
MobileNetV2™"', iy T B 1T 43 B & ., £k 4 i 9
(bottleneck ) 5 8] 5% 22 4 bt ') 441 1, Vi 2 71 43 85
BRI A C iR Ay

C:hiwid,(k2+d[) (1)
A by w, od; 9k AR 58 B TE R BB
BRI K A g i A SRR s AU Rk
7 A sk, LR ) Oy i R, 3R 2 O L
R 5T R
% 2 MobileNetV2 [0 & 4 #4
Tab.2 MobileNetV2 network structure

A 2% )2 TR ER AN
T HiE K
224 x224 x3  conv2d 32 1 2
112 x 112 x32  bottleneck 1 16 1 1
112 x112 x 16 bottleneck 6 24 2 2
56 x56 x24  bottleneck 6 32 3 2
28 x28 x32  bottleneck 6 64 4 2
14 x 14 x64  bottleneck 6 96 3 1
14 x14 x96  bottleneck 6 160 3 2
7x7 %160  bottleneck 6 320 1 1
7x7 %320 conv2d 1 x 1 1280 1 1

18 E 5 2 AL T 00 2% 2 4, BE W8 1 IR 155 85

v THETA 32 A [) IR, DA 9 /DA R 2 e A B L R
HOE A LA FPGA 18 N B A 5B 4 45 B I 32 BR 1Y
F gl i g i
2.2 BUHHHERE BB

B A 4 5 3 W 2% ( Feature pyramid network ,
FPN) 22 14 2 0 10K 2 6 0 7 55 2 b SR B ok A v
Bl e S A% 78 320 B 0 JE R AR AR IR v o (EOR ) RUEE /Y
FRIEEL & & AR R 2GR ENZ BIfFEE K
KRBT X2, PRI B SR R s iR 7 B
REAIE 2% Tl B 22 10 0 A0 R BRI B A TR S

FPN RfAEREA R C2, C3, C4, CS} W2 RE
RFERR A K s 2 MS RRE R A T N 1Y 7
ARG IF 5 K2 FFAE | M4, M3, M2 | 32 0 il 45 o
A ORI = A I N E B Tl VAR A e
(Adaptive pooling, AP) b LA RO AR 1A
5 T A R A5 ] Fl S R R (Automatic spacial
fusion, ASF)ZH G ixX 26 |5 SCHFAE, ASF JFEANY W
K3 s B ERFERRRIEAE R A R AR IE AR
Jl— A2 T A ], ) HAAEL RS b T SCRAAE 3R 5 A
M6 2, KT H 2 ROE R B R SCE B B ASF 2E i
M6 55 MS SRA, Z )5 {M2 ~ M6 | i A RPN [ 2%, [f] i
[ M2 ~ M5 | 1A SRR DX 00 FFARAE IR

BRSPS
[# 3  ASF JAR 405
Fig.3 ASF process details
WU 5 BRI 28 S5 A QN 1] 4 FroR o AR AR Rl AR
PORBCT A N bk 28 ) Jl G, > T A e 2 A
SR R TN H b R e B AR T A R R
AR R LT AKX R

L=hii Y S L, (707
reg i je ix,y,w,h}
1 1 .
2 Lrls(:)/i ’Pi) +A, Z Lmask(mivr()I(L) )
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conv2d Ix1; S S
S
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BE Ny L EE
conv2d 1x1
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Fig.4 Overall network structure of Mask R — CNN after improvement
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Fig.5 Convolution operation unit
NGRS 3 Fron o ek Fi i iR B 1 25 6 A 45
RXFLENPE 6 B, ol LA el T e ik pd A R R 2%
2 BRI BE W0 ARG T R R A 12 3T 30 4> JA A
®3 HEASGEXSHILE

Tab.3 Model training parameter settings

28 B A/ 5 e
F T M 4 MobileNetV2 + FPN
FANE (5 2
ROI #E#F fe /N EA5 0.75
DX 35 A 1l ) 445 Al o R 8 x6,16 x6,32 x6,64 x6,128 x6
A R 221 ROT B it 16
AU 2 SR 9 0 B8l 50
kA K 2
EUR AR R/ (18 % x 15 %) 1024 x 1024
E R /NS (83 x R F) 224 x 224
i 0.92
2] 0. 000 1
At A0 R~ 14

(a) ResNet50,ToU}0.75

S 30 35 40 45 50
iEA

P 6 AL B TS B0 TE 45 2 BRI I R T L il 2
Fig. 6 Comparison curves of validation losses followed

by training rounds before and after model improvement

AN A0 BRI, S A A B Sk, Bk 1 ok e A A
TEPRUIE A Jry 458 2 B2 o8 W SO T 42 1, AR 2 2801 U
TN

{#i F 3¢ 37 It ( Intersection over union, IoU) 53¢
PRI 1% (Average precision, AP) Xt 2l E Aiy Jm 45 7
Ay EIMERE . AP B2 UE R -2 4 % ( Precision recall,
PR) i1 £ Bl &8 Ak Al 1o AR, oD BB, AP B . 1 7
HANTE ToU 7T, 00 42X %50 408 6 A5 B4 2l 9E i J5 1 PRl
o F4RIFWAE 0.75 5 0. 60 B, XF N 4 45 75
RSPRS00 3 . AR RS IF LT, etk i A
RH .

#E— 2593 MobileNetV2 v {8] & 5k 22 [ 2% 5 Lk
H A IR X ToU B2 e, AN &1 8 iz, 24 47 i
W2 6 mf, B AL AE R /) RBE #4642 /Y ToU
B, HARZ BN F PR 1% 1K 98. 0% 4271 2.7

(b) MobileNetV2 10U 40.75

(d) MobileNetV2 :‘lu U-40.60
B 7 BRI E AEAS R 2 R PR Zex [

Fig.7 Comparison of PR curves under different loUs before and after model improvement
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Tab.4 AP before and after model improvement under

different IoUs

152 7 B I PP 0%
ResNet50 + FPN 0.75 88.9
MobileNetV2 + FPN 0.75 91.3
ResNet50 + FPN 0. 60 95.3
MobileNetV2 + FPN 0. 60 98.0

EIT S

dataset3

datasetl dataset2

4 6
PR T

P8 AN [ 8] % 22 M 28 ) e [X] 1 I % 3 B h 9 39T L
Fig.8 Expansion factor value of inverse residual network

versus loU performance of model in each data set

4.2 1RBHEIR

W G 1 L 1 so i PR SCAE 5 R T AR I TRCAE
FPGA FF & [ — H 5% T, ffi 1] DNNDK APT X 2
SCHFHEAT AT il DPU 2 BEZE SO BT 19 7 X
B 4T, B Al APL N DPU K] 43 B4 P9 A7 v BCH: 080
JERR . IR e S 5 Xavier NX 1 G 1] 55 28 g
LI & Tesla GPU IR 55 25 4 F R & v i FH TensorRT "’

HEAT AR A 3 Al R G 2 W A R AE T
R PG HOR AN 9 JF 7%, K A S & 14 i 2 R
BEXF e 5 BioR . nl A OULE H, FPGA fin ik 5 ,
WAE 5 i /N, 5 Xavier NX A L, 38 B2 42 T
63% , 5l it 4G i 42 W 2% il 55 4% v F 58 R i i 2
4h 600 ms AH L4, #& T 86. 2% , HAT 0T R AR el
J&i i) Mask R — CNN 2 RI7E ToU &% ok 0.5 fi £ Y
HERRBL T, X BEAL 22 45 TR TR A5 1 A I DX 3 4 4K
1R Z BN 10. 4% 95 BE 48 /0N i3 4R 1% K o o] 38
i 32.0% AR R R RN 21. 2%

(a) ResNet50+FPN(GPU) (b) MobileNetV2+FPN(GPU)

(c) ResNetS0+FPN(FPGA)
9 2 fREMRTEARH & B4 45 2R

Fig.9 Inference results of two images on

(d) MobileNetV2+FPN(FPGA)

different platforms

x5 RAEYHBESANE FPGA 5§ GPU £ 8 #EE ML

Tab.5 Inference performance on FPGA and GPU platforms before and after model improvement

T RO Y A7 5 T B/ MB SFERS/ms 1 O AR R TR 2 X AR R
FPGA ( MobileNetV2 + FPN) 6.5 85
Xavier NX ( MobileNetV2 + FPN) 26 230(63.0% | ) 24585(10.4% 1) 672(32.0% 1)
Tesla T4 ( MobileNetV2 + FPN) 26 600 +16(86.2% | )
FPGA ( ResNet50 + FPN) 32.5 160
Xavier NX ( ResNet50 + FPN) 130 395 22 269 509
Tesla T4 ( ResNet50 + FPN) 130 600 +45

5 %it

(1)% Mask R — CNN 8 T W% ResNet50
B4l MobileNetV2 X 852 5 9 W 4% , I F| H] FPGA
PR TY b g — 20 R 45, BB S80S N A
R A B4 2 6.5 MB, FJRAHAIAY 1/20,

(2)Mask R — CNN i iy FPN W 4% 25 [ & X
TSI REAE )2, BT U Ak i i 76 AN R RUBE T o 30 4
TEAH A 1Y 7 FHERA BE , 7222 IF Lo 0. 6 B 1Y ~F- 2408
235 98.0% , LW JE AR B 5 2.7 A~ H 43 i £ ToU

BEE N 0.5 [ A AU 4 AR X R, RLR B 95 B 4 K 1%
FIE N 10. 4% , 40 k0 BE RN BE Al AR 1R R m B
32.0% , ¥ Ha 0 21. 2% .,

(3) Ml FPGA v PL #4r % [T Ab B fif 28 ) 4%
T SR 7= RO Al LK I BE i b A RS B
FE, K HE B[R] O 85 ms, BP AL BEAE ik
12 f/s, Wb fif H 3% 42 W 45 1) GPU ik 55 2% 4& F+
86.2% B A A M 1Y GPU i1 & i1 B 24 iy #2 Tt
63. 0% , A SCHE H A 1R 51 B8 3k vl i — 2B 0l A A
TAL I i 4 ARG ) ) SR
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