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Fig. 1 Case of diseases and insect pests

x1 HRFERAEHES

Table 1 Data set of litchi diseases and pests

25 IS IUESE mitsE A
Category Trainset  Validation set  Testset Total set
%%ﬁ 686 86 86 858
Felt disease
b PAE
. 633 79 79 791
Sooty mold
Bl 623 78 78 779
Anthracnose
R 638 80 80 798
Algal leaf spot
It
A 694 86 87 867
Leaf gall
A
At 3274 409 410 4093
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Fig. 2 Model structure of Faster R-CNN
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Fig. 4 Feature pyramid network architecture
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A7, I 38 o JE # K AE 40 i (non-maximum suppres-
sion, NMS) Fil il 5 5t , Hovh NMS 9 ToU |5 i % 5&



WIFR DL 4 FET M Faster R-CNN (175 450905 H 2461 67

aNBR

Input image

BHER
Output image

Classes probability

Bounding box ’

Resize TBbox reg TSoftmax
640x640x3
Conv 1x1 “ Conv 1x1 II
BFR%
Backbone v
[Patch partition ) o FRTTIE R L e s e s
Stage 0 P g@ﬁgjﬁ J— P
160x16048 |, D R R4
: ROI Align . * RPN
s
Stage 1 [Swin Transformer Biock] l >
[Swin Transtormer o]} |,
160x160x96 : 5
+ [Conv ix1] [Convixd) :
; 5
Sun Tanstormer Boal] (.o, 1.1 : :
oxatasy —————— 1| e et [ e
: FERARLE <
L™
Swin Transformer Block| R IIEEICEA0 et 0N |
Stage 3 [Swin Transformer Block] | = M1(160x 160%256) |} P1(160x 160x256)
————— : A
: & :
[swin Transtormer Biook]] (- |, ; > EEEIRIREE) P2(80x80x256, :
40x40x384 « -
P e ) : (:EBj RN N
— s > M3(40x40x256) Conv 3x3
Stage 4 Swin Transformer Block .

(S Transtormer B
20x20x768

Conv 1x1

4 —— [ Pa@ox20:256) |]

Conv 3x3

: 2xup
+—>[ME0%200560) > o >8]

E 6 g Faster R-CNN 24544

Fig. 6
H}0.5,

2) VEHr AR o AR ST Al P S5 BE (average
precision , Py ) VE A5 75 75 45 28 5 75 A0 o 35 A0 4
ERIEAN SRR . ST SRS 5 AR B A4 RS B 3R (preci
sion, P) Fl A4 [B1 3 (recall , R) A 56, FE45 & — AN FEE K
MZEHILA L ToU BIE T, F-HIk5 2R kiR 5 1
[l S5 iy it 2 AR 2 R 1 — 20 AT LAAR 3 45 26500 P 1Y
SF-YARG E H{H (mean average precision, P,,) . H:H,
W 5L A (] RSP R B Y s an (1) ~ (3)
B

PA:jOP(R)dR X 100% (1)
T,
p— X 100°
T, 1 F, % (2)
T,
R P 100% (3)

T T+ Fy

Improved complete structure of Faster R-CNN

A (D)~ (3)H, Ty 27 N A 1 4] B4 TEAE A %L
T 5 Fp 2R T A T 491 64 SRR A Bk 5 Fo 3 T
T IEAE AR

2 ZERESH

2.1 AT/ Faster R-CNN 4 48 il 45 5
Sk B E i HE A B v X 5 2K 7 A TR Y S
B ARG I 25 SR, A 50 K% B0 Faster R-CNN 7 5 Ji
/ Faster R-CNN A& 78 5L F A [5] 90 328 48 847 000 3 .
i 2¢ 2 AT, B BR Faster R-CNN A R Sof 345 56 95 A1 -
IS 2 25N H AR DN A3 AR 5 22 3K SR T BB R A
T4 -VGG16 MFESREURE T 52, 25 5y i i/ H
Fr X I A . 2l i Faster R-CNN A ELEE B T 9 2%
4N Swin Transformer FEAGRIE 4 FIE 4K J5
/N ARSI 3] (I TR T P32 050 ) 1)~ X5 4 00 s B 3331



68 LS N AN S o ¢

944 %

T T 60.12.71.24 H 43 p, o BT FR RIS ) (I
I IR AR R B ) S AR DR B 43 IR T T 3,39
9.11 F1 6.52 F 43 s, BEARNE FE 4R T+ 30.08 H 43 s, LA
- 2% BR3¢ B il gk Faster R-CNN B AU 452 7 T/ H 5
3 H RS

Shy LR A7 B e T A XS 7 A L LR 1)
FRr AR, 439 A P e T 5 A B A% L A T I
PN BAE N PN EPEN-EIN PN PN Y78 W
(75 A U R . B 7 BT, SRR S (9 Faster

R-CNN R 4 REAR - Hi Sz 00 1 R KR8 9 B6E T s 26
90 CHRE A 1 A AL ) {ELAE ARG I R R B2 BXE ) e
AVHAFAE FHTIU AR [7] U155 3R 22 LA 2 FHEIATE 37 5 5 i TR 552
P 7 A 2050 R Al 22 P A 0 i AR/ D B 22 1)
o SR (35 TR A0 8 S0 ) Az 0 4R, , ke ik Faster R-
CNNAAA H B R AR B U A TR, LB 228
W], ot Faster R-CNN A RLEA EALHYPT T L HE
J1 /N FARAI BE 3 MBI [B] VS BE 7, BE S MR M
PURN S PR EE T 7 A U HAR

F2 WHtATEEEAIEREXTEE

Table 2 Performance comparison of the model before and after improvement %
I A MU
fs Disease average precision Insect average precision S ARG i
Model TR B HERR T W Pun
Algal leaf spot Anthracnose Sooty mold Felt disease Leaf gall
FLZE IR Baseline model 32.93 91.42 87.46 80.51 21.10 62.68
WAL Tmproved model 93.05 94.81 96.57 87.03 92.34 92.76

i i Faster R-CNNAG ] 2% R

Ji i Faster R-CNN A 3 2% 5
Original Faster R-CNN detection effect

Lig

Improved Faster R-CNN detection effect

TREA
Sooty mold

1

—
Algal leaf spot
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IR AR |:| EHIE

Felt disease

n- i
: Leaf gall

E7 BOARIEREXSEZRFATNRMER
Fig. 7 Detection effect of improved models on each kind of litchi diseases and insect pests
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Align. S, F and R respectively represent that the original model is
added with Swin Transformer, FPN and ROI Align.
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Fig. 8 Training loss results of ablation experiments

Ui B Swin Transformer & 1 W 4% 64 02 w4570 11
FESRICRE T, F R AR R B Al G FPN SRR Y
K% A3 ] 32 RF 25005 B 24 (8 43 S T T 38.45,
17.52 F1 26.52 71 43 ki, LAY 22 RUBE R/ H AR A6 fiE
TAARRTE  2i G 1 8 & 3TT 3 Al FPN RS

4 Faster R-CNN & &I 1 3 fk % B 55 2 A& ROI
Align, BRI 2 R Fi 4 RHEL B TE R K X 51, (B A 1] 5%
SralEEF T 3.71.3.41 A 43 i, Uk W] ROI Align fE 3
553 % TR ARSI AE [ 011 35 SR 2 i 50 00 A R v
7 5 7 RO BE . S I CHE SRR 5 ) Faster R-CNN
FHAE TR AL, Py T 30.08 H 434 Fy o B g
e 1 37.71 A 4 A, Ul I S ek SR g B AR T T
Faster R-CNN & #Y g A6 14 5E .
2.3 SHMEEEM R L

SNEEE R L Faster R-CNN AR 5 H A A ]
BEAUNT 7 A3 U ARSI AR , 7R AR [R1 I 2R R 58 R
SR E T 8 2S00 B B AR LA SSD512.YO-
LOv5s. EfficientDet-d0 #1 RetinaNet 5 A< 25 42 H (19
P Faster R-CNNAEAYFEA TR LY .

Hy 2 4 A1, gk Faster R-CNN BRI R 458 T f%
T A [ 38 F) 43 B5ORn P J40KG B2 S48, Horb P 340K B
YI{H e SSD512. YOLOv5s , EfficientDet-d0 Fl Reti-
naNet 73 5 7 11 20.50.3.26 . 13.08 F1 5.70 [ 43 /5, 13
[a] 3 51l v 1 19.52.8.65,10.67 F17.32 43 5, TE W
T WU Faster R-CNN A7 g 4R 4 Hb 48 BUA 20FE
TIE, ERR TR T 5 B 7 B A A 5 2B B o

R3 HEXWER
Table 3 Ablation results
RS FAEGFIERZ  EOGER XN 5 KR/ % 4/ % F 535 SRR/ Y
Backbone FPN ROI Align P R F, score P\
VGG16 X X 38.44 72.64 50.01 62.68
Swin Transformer X X 68.46 78.37 73.08 74.50
Swin Transformer X NG 75.30 82.08 78.54 79.00
Swin Transformer NG X 76.89 90.16 83.20 89.20
Swin Transformer N N 82.57 93.57 87.72 92.76
R4 FERBEEREXT L
Table 4 Performance comparison of different models
1528 Model 1’2 Backbone Ll E BIlR/% R F\ 80 F, score  SEXPRERERIE/ % Poo
SSD512 VGG16 67.85 74.05 70.81 72.26
YOLOv5s CSPDarknet53 87.33 84.92 86.05 89.50
EfficientDet-d0 EfficientNet 72.61 82.90 77.41 79.68
RetinaNet ResNet18 66.65 86.25 75.19 87.06
itk Faster R-CNN )
Swin Transformer 82.57 93.57 87.72 92.76

Improved Faster R-CNN

I8 9 AT, 2t ik Faster R-CNN #E B TE 5257
R E S 1 A e 2 i E B TOAE . 7E 528
Fh B0 HUFE T S B BE R H 2 H AR
/I, SSD512  RetinaNet Fl EfficientDet-d0 = Fh 51 1 %
T TR R B R I A5 R A 2%, 45 5 0 B s ks Ry

R, B RG2S 5 YOLOVSs A5 A
MUt Faster R-CNN BRI X6 5 2855 i 2 46 100 5k 1
U, {E Mtk Faster R-CNN #5831 4 58K (1) T 46 2%
1M Y OLOV5s A5 75 A X 5 25 50 4 15 S5 0 (A Kz A 9
BE, DI 325 R A
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sents felt disease, algal leaf spot, anthracnose, leaf gall, sooty mold and background category, respectively .
0 REERMREER
Fig. 9 Confusion matrices for different models

2.4 PHARBIEREHHRS BB o fh 10 R, AR WESE Bk Y Faster R-CNN

ABF5E A F Grad-CAM (gradient-weighted class 528 ARG I B4 g P B 00t 30 05 SR LA , BEOKS o
activation mapping) 77 1 %} B #F Faster R-CNN g7 {1 H] B ELA PR M KIREE T /9 /1y B AR 8 B
HEAT BT AT RLAR, B €0 4T B i X ont s e SRR AL

THIN B BER n- R BN SREAN

Felt disease Algal leaf spot Leaf gall Anthracnose Sooty mold

| 9

A 75RO U E B4 Images of litchi pests and diseases ; B: JiU#f Faster R-CNN #5584 1 #4 77 [€] Heatmaps of Faster R-CNN model detec-
tion; C: ML Faster R-CNN #5 BU G #4 F7 8] Heatmaps of improved Faster R-CNN model detection.
10 A EREE G R E
Fig. 10 Heatmaps of model detection before and after improvement
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Detecting diseases and insect pests in litchi based
on improved Faster R-CNN

XIE Jiaxing"?, LIAO Fei', WANG Weixing’, GAO Peng'?,
HU Kai', WU Peiwen', DENG Zhengqi', LIU Hongshan"*

1.College of Electronic Engineering (Artificial Intelligence) , South China Agricultural University,
Guangzhou 510642, China;
2.Guangdong Engineering Research Center for Agricultural Information Monitoring,
Guangzhou 510642, China;
3.Zhujiang College , South China Agricultural University , Guangzhou 510900, China

Abstract A method of detecting diseases and insect pests in litchi based on improved Faster R-CNN
was proposed to solve the problems of detecting small targets of diseases and pests in complex backgrounds
of litchi orchards. Swin Transformer with superior capabilities of extracting feature was used to replace the
original backbone network VGG16 based on Faster R-CNN. The feature pyramid network (FPN) was
used to enhance capability of the multi-scale feature fusion in the Faster R-CNN model, thereby improving
the precision of identifying each type of diseases and insect pests in litchi in a balanced manner. The ROI
Align strategy was introduced to refine the precision of the candidate box localization in the model, leading
to the enhancement in the performance of overall detection in the model. The result showed that the aver-
age accuracy of the improved model was 92.76% , 30.08 percentage points higher than that of the original
Faster R-CNN detector. The precision of detecting images of five types of diseases and insect pests includ-
ing algal leaf spot, anthracnose, sooty mold, felt disease, and leaf gall in litchi was 93.05% , 94.81%,
96.57%, 87.03%, and 92.34%, respectively. The average precision was improved by 20.50, 5.70,
13.08, and 3.26 percentage points compared with that of SSD512, RetinaNet, EfficientDet-dO, and YO-
LOv5s model, respectively. It is indicated that the improved Faster R-CNN model can accurately detect
diseases and insect pests in litchi with complex backgrounds, and has high value of application. It will pro-
vide a reference for studying the rapid and accurate identification of diseases and insect pests in crops.

Keywords litchi; detection of diseases and insect pests; Faster R-CNN; Swin Transformer; multi-

scale feature fusion
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