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Fig. 1 Leaf diseases’ samples of tea

12 BEEREESE

A% PEL R AR 1R 259 3 80 2 A5 3 % R IM KT L
BTN, N T BE AR 5Y J5 15 2 /3 R K 3 47248 &K X
3AT2ARFR M 2 694 SR AT FAEAS, Hov 1 AL L P
I BIELIA R 0 B 3 0l 2 537,684,672 Fl1 801
K. >Rk Labellmg 1545 13 T2 X 45 v 0 B

Ti#5E , Labellmg A BLEEHE N TR (15 B 510N
Faster RCNN A7 31| 25 i 75 22 10 A 5008 3 2580 v
AL FR A B xml U TR PASCAL VOC #% i
bR . BURAELLS: 1: 1Y e BEFLRI 23 Al
YRAE IO TEAE RN A L IR P TN A R K
SERERUATE , B IE 4R T 5 X 4 25 4 L % 9 %



53

Lk 5. BT Faster RCNN [ 25 I F35005 25 1 )

43

R 2580, AR T T 3P A I 2045 o 150 8 Ay 44
AR LR IR R DL 1
®1 REHEREMENYE

Table 1 Category and number of disease data sets

&b
HEo

IO ARMECE  EERDRECE s ECE B
Data set Number of ~ Numberof =~ Number of =~ Number of
class white scab algal spot  anthracnose  sooty mold
I 24
U.I #% 430 547 537 641
Training set
BUELE
Validation 53 68 67 80
set
st A
W 54 69 68 80
Test set

1.3 Faster RCNN &%
Faster RCNN 8 7 J& 78 RCNN % 7 fl Fast

RCNN FVEBLAl - BEAT— R 5 kA5 21 (1 — B B
R, 2 B ARSI A AR —

Faster RCNN 8L 15 4 AR < R AIE $2 1) 2%
(feature extraction network , FEN) | X 3 A 5 % 2% (re-
gion proposal network, RPN) , ROI (region of inter-
est) pooling Al RCNN &t (region convolutional neu-
ral network) . i AL Y IR B S 28 i RRAE B HL
PO 2545 31— ZR G RFAE 18] 3 9K J5 4 AR 18145 A DIl
WM 25 BV RPN iR e AT i1 25, 3 43 248 2 A AE [m] )5
Az X SR HE , SRR AR G i R BU & 5 B
RPN Ffv Az 551 DX LSORE TR Pl b A Ak ot 1 2 4
FE BB AL A i # 2 . e R Softmax 73 25 4%
THEE AR TR] I FEASC 1 A0 HE [ )3 SRAS ARG HE
BAANET0E E . Faster RONN F i 5 14 9 £ 45 Hy
mE 2 iR

NYERFEIE]
N-dimensional
feature graph

FHIESREUM 2%
Feature
extraction
network

FFEIE
Feature
map

Input
image

ES
Classification

\

DI A
Proposal

/

puliA] |

Regression

Y

R
Fully connected
layer
JHAEL
v Regression
ROI pooling -
Softmax /3 25e%
Softmax classifier

2 Faster RCNN &A%
Fig. 2 Basic structure of Faster RCNN
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OFR FHFFIERS I ERZE TR M. D represents the
addition of the upper feature graph and the lower feature graph ele-
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Fig. 4 Schematic diagram of characteristic

pyramid structure
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Concat 52 7K % $5 #5: /F ; Proposals /R fEBEHE . Convl, Conv2-x, Conv3-x, Conv4-x, Conv5-x represent the 5 sub-network structures of

ResNet50; 1X1 represents the convolution kernel size; s1 represents the step size of 1; Upsample represents the upsampling; €D represents

the addition of the previous feature map and the next feature map element by element; Maxpool represents the maximum pooling operation;

P2,P3,P4,P5,P6 indicate the interface map after feature fusion; Concat indicates the join operation; Proposals indicates the candidate frame.
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Fig. 5 Structure diagram of Faster RCNN after fusing FPN network
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TR R IR I IEAE AR 1 A ST ; Py 2 DA
A PR R AL bR ORG05%  GhAL bR ] P-R #h 2k, il
2 5 Ak b BB RS 0 TR 5 7 28N G 5 4 EBUEL A 1~
dsn RTINS (n=4) .

2 ZEREHH

21 ARYBFMTEREMENARXIEGEENERET
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K A TR R AR $2 BN 2% VGG-16 . MobileNetV2
F1 ResNet50 X % 47 H AR KI5, i1 3% 2 AT %0,
[ — X 3 R ~F[ 128, 256, 5121 F , L VGG-16
S EAE 45 B 2% 114 Faster RONN &.ykh P A%, Ko
W5 i et , O HEA fe KA R ST ;5 A ResNet50
B AE 45 B 2% 1Y Faster RONN & Py
70.19%, [t VGG-16 F1l MobileNetV2 43 5l 42 55 7.49 .
247 A 53 i ABXE /N BE R AC TR Y 11 AL R BB T
TG BE A, 20 90 A 41.40% F151.25% (£ 3) , Hfeil
Ji PR AT BB X I A A R 3K, ATl A A M
FF /NI R A AR T ) s S R R F L I ) 9 TR

K2 AREMHETENEEREXT L

Table 2 Comparison of detection performance of different improved methods

e DR KR/ (i1/5) BN/ MB
Feature extraction network Size of region proposal box Pun/ % Detection speed Model size
VGG-16 [128,256,512] 62.70 13.2 522.0
MobileNetV2 [128,256,512] 67.72 15.6 17.0
ResNet50 [128,256,512] 70.19 17.9 108.0
VGG-16 [4,8,16,32,64,128] 69.40 13.1 518.0
MobileNetV2 [4,8,16,32,64,128] 68.08 15.6 16.9
ResNet50 [4,8,16,32,64,128] 73.59 17.8 107.6
ResNet50+FPN [4,8,16,32,64,128] 85.68 16.8 159.0
ResNet50+FPN-+RS Loss [4,8,16,32,64,128] 87.95 19.1 116.0




46 LRI I NI <3 4

943 %

K3 ARMHTERELRFE P EXTLL

Table 3 Comparison of P, values of different diseases in different improvement methods
AR R IR 2% DB BUE R BEBDN H 2% A SR
Feature extraction network Size of region proposal box Algal spot White scab Anthracnose Sooty mold

VGG-16 [128,256,512] 34.56 42.68 76.52 97.02
MobileNetV2 [128,256,512] 39.44 48.48 84.40 98.54
ResNet50 [128,256,512] 41.40 51.25 89.21 98.91
VGG-16 [4,8,16,32,64,128] 43.28 50.45 85.43 98.42
MobileNetV2 [4,8,16,32,64,128] 40.15 49.12 84.46 98.60
ResNet50 [4,8,16,32,64,128] 45.17 57.99 92.28 98.92
ResNet50+FPN [4,8,16,32,64,128] 71.29 83.23 98.56 98.98
ResNet50+FPN+RS Loss [4,8,16,32,64,128] 75.54 86.84 90.42 99.45
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Fig. 6 Detection and recognition effect of Faster RCNN algorithm before and after improvement
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Recognition of tea leaf disease based on improved Faster RCNN

JIANG Sheng"?, CAO Yapeng',LIU Ziyi',ZHAO Shuai',ZHANG Zhenyu', WANG Weixing'*

1.College of Electronic Engineering (College of Artificial Intelligence) , South China Agricultural Universi-
ty, Guangzhou 510642, China; 2.Guangdong Engineering Research Center for Monitoring Agricultural In-
Jformation, Guangzhou 510642, China

Abstract A improved Faster RCNN algorithm was proposed to solve the difficulties of identifying
tea leaf diseases under the complex background of tea gardens. VGG-16 and MobileNetV2 networks were
extracted by the features of optimized regional recommendation boxes and compared with ResNet50 net-
work. ResNet50 with good performance of identification was selected as the backbone network to enhance
the model’s ability to extract features of tea leaf diseases under the complex background of tea gardens. The
feature pyramid network (FPN) was integrated to improve the problem of missing detection of small tar-
gets and multi-scale lesions. The Rank and Sort (RS) Loss function was used to replace the loss function
in the original Faster RCNN, which alleviated the impact of uneven sample distribution on the performance
of model and further improved the accuracy of identification. The results showed that the mean average pre-
cision P, and the identification speed of the model improved was 88.06% and 19.1 frames/s. The average
precision value of identifying algal spot, white scab, anthracnose and sooty mold was 75.54% , 86.84%,
90.42% and 99.45% , respectively. The average precision value of identifying with improved Faster RCNN
algorithm was 40.98, 44.16, 13.9 and 2.43 percentages points higher than that with Faster RCNN algo-
rithm. It is indicated that the method for identifying leaf diseases of tea based on the improved Faster
RCNN algorithm can weaken the interference of complex background of tea garden and accurately identify
leaf disease target of tea under the complex background of tea garden.

Keywords object detection; tea leaf disease ; FPN; Rank and Sort LLoss; area suggestion network
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