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MR AL X 8, PEHL ShuffleNet, DenseNet 11 ResNet £ 5 JF iR S5, R ARG EE . A IR | Fy (B A B AR fiE
IR AT 0 MR AT RN AT, (EESR Y BTy 3 Ff I 45 A 50 1) RE A iy b 13 2% R R S,
Hor ShuffleNet 2% BRI B AR AR Y, L 2% R (g RO LA 0 oA 35 4 (RS B AR IB1 L 23 102K 95.5% . 97%, HLHH
PR BAA R, S 68.37 fps, REMEN T SCHS A2 R . [EEIE Y ASHF ST 4R 1 B AR Ml XSG 0 v LA v
FA T AT R B ) PRI RICER TR 3 1) 2% B RS T B B
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Deep Learning Detection of Weeds in Vegetable Fields
LI Weili'", JIN Xiaojun™, YU Jialin’, CHEN Yong’’
(1. School of Electromechanical Engineering and Automation/Nanhang Jincheng College, Nanjing, Jiangsu 211156, China; 2.
College of Mechanical and Electronic Engineering, Nanjing Forestry University, Nanjing, Jiangsu 210037, China; 3. Institute of
Advanced Agriculture Sciences, Peking University, Weifang, Shandong 261325, China)
Abstract: [Objective]l Deep learning to accurately identify weeds for effective weeding in vegetable fields was investigated.
[Method] Image of a vegetable field was cropped into grid cells as sub-images of vegetables, weeds, and bare ground. Deep
learning networks using the ShuffleNet, DenseNet, and ResNet models were applied to distinguish the target sub-images,
particularly the areas required weeding. Precision, recall rate, F| score, and overall and average accuracy in identifying weeds
of the models were evaluated. [ Result] Although all applied models satisfactorily distinguished weeds from vegetables,
ShuffleNet could simultaneously deliver a 95.5% precision with 97% recall and a highest detection speed of 68.37 fps suitable
for real-time field operations. [ Conclusion] The newly developed method using the ShuffleNet model was feasible for

precision weed control in vegetable fields.

Key words: Vegetables; weeds; image treatment; deep learning; weeding area determination
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Fig. 1 Images of cropped grids
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Table | Dataset of deep learning models

IEREAR HREA
R Positive sample Negative sample

Sample category =3 Juti -4

Vegetable Weed Soil

VIt 3000 3000 3000

Training dataset

b 500 500 500

Validation dataset
RS
500 500 500

Testing dataset

f82% 3574 PyTorch” ', PyTorch i Facebook #F & ,
ZHF GPU fink HEA S g vERe , IR > i
SRR B TR A RGN S R RE AT B I THESE o TR
His AT e ENL, 64 G NAE, AFRER
A Intel Core i7-7900X @ 3.30 GHz, GPU -4 NVIDIA
GeForce RTX2060 Super, #4F &%~ Ubuntu 18.04,
14 BEMEEIRF
141 REFI/LA

SRR LA [ R B 2 ] 55 X 2y R U ) %R 5
el FH o OGS R 47 5 A o3k e A ol DX slAG i, A F 5
#E B ShuffleNet 15 % | DenseNet # # ') J ResNet f5
RIBEAT T M A RIS . ShuffleNet J2& I BB
PE A —FP R S A S M W A, RAET
Ll A A B A TS 0 S B R Ap 1 A SR B, O
il i3 Pointwise Group Convolution 1 Channel Shuffle
FRERAE , 75 ORUERE BE Y [R] B O R R A 2 1Y 1 3
7. DenseNet 45 4 25 38 ot 1 T W 4% J2 iR i 5
O 2% 235 4 L AR T ) 2% P i ) s B R AF 1Y
FRE 5 R, ORI RRAE T RN 5% PR R, B R e a2
W28 (S, A —E R LG 1R B 2k 1]
L, ResNet Sz Hi Tl 5 S 56 3 2 H3 1% 5% 2 088 TR 1) 4% 45
P> i F] Batch Normalization fil Il 25 2
AL T BB BT G o B RE AR X LR AL A5 ) B, ACBIFSE
H DT Y A 23 AR U0 T T TR X T R AR AR B A T
ZRE AT S XTI . AR Y S B N 2 R .
1.42 WM 48AR

PR A, A B9 R RS B (Precision,

P,.). AR (Recall, P,.) Fl F) {HA1E R EH 15
b o HCrbORS 2R B RS B bR IE 8 20 2 A S LS
B i LB . A7 [0SR R X i A s 1 4 T 1Y
il A

tp
= —_— 1
pre tp+fp )
tp
= 2
ree tp+ fn 2)

W, g AR F B I B A I IE AR A B,
RO E B PUN B 75 S Boht s fp AOERBERE 1R % 7 i
FEA B, B2 BR o 7 SRAE 8 40 28 hy 2 B - 38
MR s fo AR R R o R R B, BDSE
B Sy e BB A 5328 R 7 SR 1B

Fy & RGP e bR, 1158 07 LR B2 A
A 18] &1 ] RSP 408
= 2X Ppre X Prec

Ppre+ Prec

e R, AR5 R B R HE B 2 OA e
(Overall accuracy ) 1 F ¥ Ui i R AAq- ( Average
accuracy ) YENIPMFa bR o S AARMEB 5 02 48 7E I 4R
w3 R R S T A Y R S AR Y L,
BBl TE A TR 0 T 3 L AR B ek A B AR
Y HE, HirE =0

Ip+in
tp+ fp+in+ fn

B, m ARBOEH 3 KA AR AR B, B
P TEBA U B A RN A R

V- 35 T 238 SR N 45 A 43 28 Y A HE B R OR T 1
{B, VP AR AR SO AR A B AR ER G 42K
AeJy, Hit® LT .

OAcc
c

Horpr Ne AR HR .
1.5 BREE X e

U H A% B 5 5 S — 2D W R R DX
AHIF G 38 b T R A3 kg ROAR R, Ak A

A3)

OAcc = 4

AAcc =

®)

*2 TRRBMEBRANBSH

Table 2 Hyper-parameters for training convolutional neural networks

it R [l EES SR A UREE UENER
Neural network Batch size Initial learning rate Learning rate policy Optimizer Training epochs
ShuffleNet 16 0.001 LambdaLR SGD 24
DenseNet 16 0.001 LambdaLR SGD 24
ResNet 16 0.0001 StepLR Adam 24




202 8RR

39 4

TR JEE 25 > B R0 X 2% W s PR BEAT R, Kl 5 % e
14 I A% T A5 1 D8 o LR R0 DX dek e fh T RS A B
P e (07 B L, T DU A e R BT s B
B DXCIRAG o TESE BRI, R AR R R A Y
PG R AR 1 o 0 IO 33 T [ A5, Tt i o i ] i i

g

B R AT 0 1) 0 3 3 B D0 2 A, e A B K B 8l
VAT LA B B A TR DX s o e AR ol X8R e
AT B 2% R AR DX, R R A AT A AR
s PR AE I 1] vl (1 7 845 V0 S 5l 31 R 7 Xl 52 B B
BAEME o 2 7R TR HERR AR b DX i G P A

-

v 155 -
B RO T =ER=12
Send grid cells into P =
[F3uR 1l

1264, 64KHE 5522 16 KHE AR

R BR 16, % K, 3, i

77, K 127412 BBCA 127*12 KAHAN
2 7 5*5 7 il

PESTES

Classification

Bld 5
e

¥

A Ml X A )

Detection of precision weeding

result

areas

a T ot
i

o S
#

é

e

= et - g ‘~ =
M ik

Juty
RE

Wee

B2 #HEREELKEENRE

Fig.2 Flowchart of precision determination on weeding areas

2 ZRE5pH

P 3 PP 55 EEE AN Bl an % 3. AER AT
1, ResNet 15 786 38 0 0SB e imr ., 38 0.981,
ShuffleNet #% % ] 55 & T i1 5] F 3, W E &5
0.990. THRBIKG By, RoRBR AR BT, A
[] % 77 7, DenseNet X + 48 51 B A % =5 19 A (1]
3k 0974, 3 B DenseNet % + B iR WA 2.6%
KR . DenseNet X 15 2 19 4 1] R 0y 0.994, ik
FAUH 0.6%, IR TIHARPTEMA . F) {H P2 M 4%
PRI LES RN RS, ShuffleNet Xt T+ HEPUI Y F,

R3 TRREZEIRBEIFLERANER
Table 3 Evaluation metrics on validation dataset obtained by
deep learning models

i) Bl WE HREE Fil
Neural Network Category Ppre P, F score

13 Soil 0.978 0.946 0.967

ShuffleNet FH3 Vegetable  0.990 0.988 0.989

4B Weed 0.955 0.970 0.962

13 Soil 0.972 0.974 0.973

DenscNet 3K Vegetable  0.975 0.994 0.984

4B Weed 0.969 0.948 0.958

13 Soil 0.981 0.946 0.963

ResNet T3 Vegetable  0.969 0.992 0.980

4L Weed 0.945 0.956 0.950

{E WS K T DenseNet, {H XT3l 2% B S ) F) (H
)% F DenseNet Fll ResNet, 1% %4 2 B ShuffleNet
X 7 3R A Ak A P S FEORG BE A [ ARGk B T R
Ao T ResNet Xof T 88 35 S F1 2% B A TR IR
TH AL PRI
4N I e R oA ) BRI AR TR 4 2R . O
FrPAl A, ShuffleNet X T b LA 2% RO B 8 A
et , AR SRR A B A HERS % 5 DenseNet 4
I, HIF s R, O 0951, x4 R K]
ShuffleNet £ AR RCR fe o 17 ResNetx) 3 F17p2&
x4 TREIREZF IRENAE TN KR
Table 4 Evaluation metrics on test dataset obtained by deep
learning models

P R

. . JR R
- 55 Bk P Rl e
Neural network Cajt: 0 AR A T S; eejof
gory OAcc  AAcc  Speed of full '}:na es/fos
ull 1
grid cells/fps Ees/Ip
+3% Soil  0.967
ShuffleNet 7 3% Vegetable 0.978 00951  207.45 68.37
Z% Weed  0.957
+3% Soil  0.967
DenseNet  #3¢ Vegetable 0.979 0.949 104.05 58.94
Z% Weed  0.953
+3% Soil  0.962
ResNet 73 Vegetable 0.977 0.941  289.57 85.42

JH Weed  0.944
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Fig.3 Confusion matrices of deep learning models
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U, 7E 3 FPUREE S I BRI | ShuffleNet!) U5 250 4
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BT SEH PN A R bR E . Forf, ResNet #5520 {5 3]
R BB, A 85.42 fps, 1 DenseNet 15 U 55 3K %
fI%, N 58.94 fps. LA WEWNRARBENE, 7E3LHf 2y
LRI A ETHE T, ShuffleNet A5 il 6 5 5 5, i
T H R AR 5 B B AR A . %45 55 ShuffleNet 5
AU3E o il G A AR, 7R BRI i Y [ B
TR T RTRS B B R IE A AT

] 4 R A o s A X BAG T SR 1  f
S AR R R IR s R R ke T A
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Fig. 4 Precision determination of weeding areas



204 I R F IR

539 %

GEIRME R

Fig. 5 Incorrectly classified images
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