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Algorithm for Plug Seedling Classification Based on
Improved Attention Mechanism Residual Network

Wu Cong, Guo Zhigiang, Yang Jie
College of Information Engineering, Wuhan University of Technology, Wuhan 438300, Hubei, China

Abstract A residual network based on dual-channel attention mechanism is designed to address the difficulty in extracting
single and segmented seedling dataset images from the channel attention mechanism feature of the SENet network, which
integrates the channel attention mechanism and spatial attention. The mechanism module can obtain the channel and
spatial dimension feature weights simultaneously to enhance the feature learning ability of the network. To address the
problem of missing the target in the segmented sample data, a random erasure method is proposed. Experiments on the
self-made plug seedling Plant_seed dataset demonstrate that the improved network ResNet34+CBAM basic_conv, which
introduces the attention mechanism module between the ResNet34 network residual module and the conv*_x module,
reaches the optimal accuracy of 93.8%. The error rate of the model classification drops after some images in the dataset
are randomly erased, demonstrating the excellent performance of the proposed method.

Key words image processing; image classification; attention mechanism; residual network; random erase; plug seedling

A% A A [ — v
X RS A TR AT A G i TR AR Ak B S
ARFIALAFE D4R 2 26 3 R . H = VRN

1 9 5
W 25 31 5 WL e A Al S5 a8 vz A, B AR

PR ARSI AT ik 3 A, H SR UEL 4 B R 5
A BE B o S B A i 19 A Sh BB E B A L
o R Y TRUN IR 7 &Iy e A A U X A
SRRV PR 4 AL B 67 B, oF 25 L AT R, o 55 1 AL
HEATHE ¥ S OB G A, LR IR A — L R A L

HT 18] 2% ROREAR S B 20 52, 48 1 T — b bk 9 3 T
R 5 22 W ) ) 1L 2 R0 B0k O Xk LR D % /s 22 T
2% B R BEAT 1IN, SR TR AR AR A 2 B A D R
Il i A B R AR ) o S E A5 R SR T IR B R R
W 24 B 5 7 I 4 BB O A SR R AR (ELR % S AR A

KR EH: 2021-08-23; {EEIHHE: 2021-09-03; FRABH: 2021-09-24
HE&WB.: EREAMAITR(2019YFD1001900) . FH % A SR FH# 545 (51479159)

BIS1E#E : jleyang@whut. edu. cn

2210002-1


https://dx.doi.org/10.3788/LOP202259.2210002
mailto:E-mail:jieyang@whut.edu.cn
mailto:E-mail:jieyang@whut.edu.cn

B R R ), A B AR R AL AR B N S R
] 4 ML (SVM) 35 AR X 26 HAN UL & 5 kA7 A . ] 2=
B2 5l ] K-means 38 288 5075 X6 2R 48 1 70450 R F
7575, R & K R M SVM Bk X 104 & Fh i
FELW AT, LR B, LR RGN GRRE
K #) 98. 3% , A ak H T B R AR 1k A R
Lameski %I FI 3T 21 4N 3% A AT 0L 56 6 3% 7 7= A= 1)
I — b A Bl 35 2 (ND V) A [a] 59 45 5, 28 57 08 1 43 1
S0 DX sk, I FHAIL % 24 20 09 7 325 20 B0 1 A 2 B S
BT ARF A X 5y o RAHE R T —METER
22 9 45 R B 36 AR T (GLCM) #E 47 Dempster/
Shafer iiF 45 B8 @l & J 51 49 4 S AH P08 0 5 2 %
TR i B0 (LBP) $2 BUEMG 8o 85 8, FF #E4 71
YRR A5 T B AR ) A0 S ROR  HOE S AR TR
S) R 1] 5 R 590 S 2 ) AR v 4k ) A B A S

15 JR A A1 ORI AE R i 22 ) 4% (PNIND) 40 25 2%
P T K &y R0 2% B, ) R T) F ) 3R 05 ) K & S
J (R TR0 T B R A3 0 R 92, 5% FI 95 %, ik N
MK I 2% A8 ™ E A T R R AE 1) 4R BN
BV R B R BRI . T He % 3L T AdaBoost Bk
SEOEE TR A H L SR e R 2 2 A AR R
AlexNet" " X 7 45 40 1 28 47 350 A4 2, W6 Fh 3k 1Y
YHE B 2843 9 A 96. 75 % F197. 58 %, 8 L w1k B A 4
TIE B SR AR T, AN [ A 0 A 0 5 36 235 SRS i e K . 2 5P
U VGG6 M4 1Y 42 3% 32 2 o8 B BLUZ O X 43
F A Wy AR 2 AT o 2, AR 4 28 U i R Gk B

$59% £ 2208/2022 F 11 A/HAERBFEHE

97.23% . 2 A" E B S AL AL B SENet 5] A B
#E Y DenseNet' ", FEAIC T W 2% 2 B0 A, 38 B KRB
P i A RR /N AS B4 R I 2 T 20K, 7R A6 T B
P 45 A BT 0 R R B, H R R R ) ML
P RE I B —

A 9 AE BE T 0 2 W 45 1 AR 43 28 B3 1k i L
b X TR AT B A B 2 N 4% e R R AT T RO R A
T WL R 23 e B AL 5] 5% 22 ) 4% ResNet ™
o, DL AT B SR BB A O SR PR R
BRIV 55 7 Rh R A MR AE S B RE A o A
8 IE EIR R BT 3 A T A B AR SR AR 4 1 AL
B, R T 1 Bt AL 452 B3 119 B0 R A o A e i 1 5 2 0
AT ISR LB T R 2 En TR
Y B Ay 3 A I 4% HEAT R L A3 AT, DA Ik B TiE T
P A AR ) A AR

2 s AL B

B AL B TR 9 3 AT S5 e SR SR A Al
PEA% il 1 BB o A B0HE B o AR R 52 SR S 19 73 MR L
P ok [ BB A A B E R AED S BARELR
S ACAE W 00 I A/ T P N 4 TR ) 3 RE A
A A TR R Ay E W R o TR BE  gh
W= B O NI U NS ) B e b | B2 B B i v i 4
SR AR A AR ROE in % 1 TR, Ko BQUHC LT,
QZ . QC . XG HG 43l & i AL BT 738
[P ¥ NN RS

®1ORIERI AL KR
Table 1 Images of plug seedlings collected

Plug data BQ HC LJ QZ QC XG HG
Quantity /disc 10 29 10 29 15 9 11
Plug specification 12X6 12X6 12X6 12X6 12X6 16 X8 12X6
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Fig. 1 Example of corrected disk image. (a) Original disc image; (b) corrected disc image

2) Xft=1, -, THr4n D, b4 B A /N iR %
B2 h X—>{— 1,1}, Hrp 355 1 K 8 A2 0 A
D, F ISR R R AN

5r:P1),|:hr(xf)¢yf:|o (3)
3) AR s AR R R R4,
“:;mv;&% (4)

4) FEFNGFEA G o A,
D,(i)exp[*a,ylh[(xﬂ

D:‘\l(i): P

(5)

K Z A — 4w 5L
5) FH B e A R 26 AR

Hﬁml(x)sign[iafh[(x)}o (6)

1 AdaBoost 5 ¥ 4 25 2815 2 18 /3% /G 43 )
ZE K 2 fr s .

K2 R EBHIE R

Fig. 2 Segmentation result of plug image
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Table 2 Plant_seed dataset composition

Plant_seed BQ HC LJ QZ QC XG HG

Strong seedling 645 1888 400 2051 948 3395 503

Weak seedling 75 420 850 469 610 1165 550

K_X 3249
Total 17219
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Fig.3 1Loss of plug picture segmentation and normal picture erasure processing. (a) Strong seedling of white eggplant with

segmentation loss; (b) strong seedling of cauliflower with segmentation loss; (¢) strong seedling of cucumber with segmentation

loss; (d) strong seedling of capsicum with segmentation loss; (e) strong white eggplant seedling after erasing processing; () strong

cauliflower seedling after erasing processing; (g) strong cucumber seedling after erasing processing; (h) strong capsicum seedling

after erasing processing
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Table 3 Improved ResNet parameters
Layer . . .
Output size 34-layer 50-layer CBAM
name
convl 112 X 112 7 X 7,64, stride 2
3 X 3maxpool, stride 2
[1X 1,64 ]
< .
conv2 x 56 X 56 33,64 CBAM N
CBAM | X3 |3X3,64 |X3
3 X 3,64 CMAB
11X 1,256
[1x1,128]
3 X 3,128 CBAM
conv3d_x 28 X 28 CBAM [ X 4]3X3,128|X4
3 X 3,128 CMAB
|1X1,512]
(11,256 |
3 X 3,256 CBAM
convd_x 14 X 14 CBAM |X6|3X 3,256 |X6
3 X 3,256 CMAB
11X 1,1024 |
[1x 1,512
3 X 3,512 CBAM
convb X 7TX7 CBAM | X 3]3X 3,512 [X3
3 X 3,512 CMADB
11X 1,2048 ]
1X1 Average pool, 15-d fc,softmax
Gflops /MB 21.97 26.05
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Inserting CBAM module between ResNet convolution blocks
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Table 4 Comparison of CBAM module insertion methods

Architecture Params / sflops Accuracy /
MB %

ResNet34 21.79 11.75 90.69+1.61
ResNet34+SE 21.95 11.75 92.04+1.36
ResNet34+SE+CBAM _basic  22.11  11.76 93.68+0.62
ResNet34+ CBAM _basic 21.96 11.76 93.46+0.84
ResNet34+CBAM _conv 21.81 11.75 91.28+0.92
ResNet34+CBAM basic_conv  21.97 11.76 93.80%0. 80
ResNet50 25.56 13.16 91.58+1.82
ResNet50+SE 28.07 13.18 93.19+0.81
ResNet50+CBAM _bottle 25.87 13.18 92.32+0.98
ResNet50+CBAM _conv 25.73  13.16 92.23+0.97
ResNet50+CBAM _bottle_conv  26.05  13.19 94.89+0.61
ResNet50+SE-+CBAM _bottle  28.39  13.20 95.427%0.92
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Fig. 8 Accuracy and loss curves of different attention mechanisms in ResNet
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SR T I A A R AN [ 3 T AL X 4 A TR 1 Xk [A] 190 285 B R, i H % 3 ResNet34 o J6 1 W 25 UE 17K

B — R0 FEUMERA R IR B R R (P) . [l fifi % A PR
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Table 5 Accuracy and recall results of each model in Plant_seed

i BQW BQS HCW HCS
Architecture
P R P R P R P R
ResNet34 0.655 0. 864 0.974 0.959 0.959 0.746 0.993 0.940
ResNet34+SE 0.905 0. 864 0.975 1. 000 0.814 0.833 0.974 0.935
ResNet34+CBAM _basic 0.947 0.818 0.975 0.995 0.852  0.913 0.980 0.963
ResNet34+CBAM _conv 0. 889 0.727 0.974 0.984 0.869 0.738 0.973 0.943
ResNet34+CBAM basic_conv 0.905 0. 864 0.990 1. 000 0.753 0.897 0.981 0.924
ResNet34+SE-+CBAM _basic 1. 000 0. 864 0.985 0.990 0.915 0.770 0.93 0.979
) HGW HGS K_X LIW LJS QZW
Architecture
P R P R P R P R I R P R
ResNet34 0.934 0.945 0.993 0.940 0.914 0.943 0.915 0.973 0.980 0.808 0.933 0.700
ResNet34+SE 0.987 0.909 0.936 0.980 0.924 0.959 0.929 0.976 0.990 0.858 0.925 0.879
ResNet34+CBAM _basic 0.957 0.933 0.924 0.967 0.942 0.964 0.943 0.973 0.930 0.892 0.966 0.800
ResNet34+CBAM _conv 0.938 0.915 0.936 0.973 0.927 0.939 0.906 0.984 0.951 0.817 0.963 0.750
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5 (&)
) HGW HGS K X LIW LJS QZW
Architecture
P R P R P R P R I R P R
ResNet34+CBAM _basic_conv 0.952 0.97 0.966 0.953 0.956 0.962 0.955 0.988 0.991 0.900 0.873 0.979
ResNet34+SE-+CBAM _basic 0.93 0.964 0.979 0.913 0.953 0.957 0.898 1.000 1.000 0.792 0.952 0.850
) QZS QCW QCS XGW XGS
Architecture AP AR
P R P R P R P R P R
ResNet34 0.920 0.995 0.847 0.934 0.951 0.894 0.821 0.774 0.947 0.930 0.911 0.892
ResNet34+SE 0.965 0.977 0.854 0.896 0.924 0.894 0.918 0.736 0.923 0.973 0.929 0.911
ResNet34+CBAM _basic 0.956 0.992 0.896 0.945 0.960 0.930 0.895 0.734 0.934 0.966 0.937 0.919
ResNet34+CBAM _conv 0.940 0.995 0.882 0.896 0.927 0.937 0.784 0.736 0.919 0.944 0.919 0.885
ResNet34+CBAM _basic_conv 0.987 0.972 0.805 0.973 0.979 0.838 0.907 0.808 0.947 0.980 0.930 0.933
ResNet34+SE-+CBAM _basic 0.963 0.985 0.909 0.874 0.918 0.940 0.877 0.857 0.964 0.961 0.945 0.913

B BT 4 X 2% 5 O [R) B R 22 I 4% R AT T R 1) ) EE
ST = 2 I N 2 S N1 B 3 i o L < O L 2 4
Plant_seed £ 4% 5 T Il 25 70 25, X bE 9 0 2% 31 25 B 5%
55 AR S 56 I 2 1) B B R — B, DRAIE X LG R 28 E 4 B
YII 2k 1 %k B 4 B & A ), epoch #B 4 50, 2% 2 F ok
0.0001, bach size J}y 32, f# ] Adam . fb %5 #4746 L 11
B NG RANEE 6 Bk .

£ 6  Plant_seed U9 4E A [R] W 45 Y1l 2 45

Table 6 Different network training results of Plant_seed dataset

Architecture PH;ZE / Gflops  Accuracy /%

AlexNet "’ 14.6  3.96 88.76-0.84
GoogleNet" "™ 5.99  10.14 87.10+1.30
RegNet_400mf " 4.30  0.40 94.6340.97
EfficientNet_B0™" 5.30  0.40 86.5741.13
EfficientNetV2_S'™" 24.00  8.80 94.85+0.82
ResNet34 21.79  11.75 90.69+1.61
ResNet34+CBAM basic conv  21.97 11.76 93.80=%0. 80
ResNet50 25.56  13.16 92.96+0.64
ResNet50+CBAM _bottle conv  26.05 13.19 94.8970. 61

4.3 HNEBERAERAILR
wa , T T AR SRR R BEAT LI BR 09 AL B
W 25 B 82 AL BE 3 AN A8 Ak o Ry T S A L R 4%
AE , BT PR 7 SR BEAT IR, B X b T ORI R SRR
BT I ) 46 R 93 28 B B 1R 38 S5 RANE 7 BT o
KT BRI R AN L

Table 7 Comparison of model classification error rates

Architecture Error /%
ResNet34 7.67+0.54
ResNet50 6.55+0. 36

Proposed(ResNet34) 5.96+0.49
Proposed (ResNet50) 5.04+0.37
Proposed(ResNet34 -+ erasing ) 4.23%0.21
Proposed(ResNet50+ erasing) 4.14%0.13

FLWRRE 4 26 i s &1 A RRAE A 2 ) T AT
F 8 & R v o A5 A8 43 26 e kS ke M 1) DB, AR R
BT HLH6 AR M e 4 T 9 A T e A5 3 Y 45 R
L9 BT e 2040, DXl AR 328 43 2 e SRS 4 A1 i L
4.4 HER5HMH

M 4 FNE 80T LLE M, 7€ Plant_seed £8 i 4 I,
TE ResNet34 5% 2285 el conv* _ x B 2 [A] Y41 5] A ) W]
#% ResNet34+CBAM basic_conv #5145 R 32 T 1
P F FL A A Y | A LY T 50 A 5% 25 BRI convr x AR R
1A CBAM #5 He i 8 5 73 5l 52 T 0. 34 A 1 73 s
2,524 A 4y a3 o il Tk 22 B LT 5 | TR 2 BL
AE 8 B v 22 ) B R AR AR (AR AE o [F] B SENet 5
CBAM &5 #) @it &5 T ResNet34 J& #F 17 U0 %, #H L T
ResNet34+SE, fill & J5 19 [ 245 (6 % A 1.64
AN o R AR R TE . X UL W] SENet 5 CBAM £
Py mh & 23T S ERE R N R . (HEX T
ResNet50 Ui, 1 55 77 AL il 455 Bt 1 2% 1 o 1 52 42
J& AN ResNet34 (9, 1 52 PR R 125 I LT 325 5 18 v
JZ W48 24 3 BB LA R AR, T X TR 2 R 2% 1 R AR N
Bk, R I A B OB Z 05 R 4G AT epoch Y
B 2% e KAH 22 100 8/ 1 43 a5, 33 158 B T 412 R0 45 119 4]
PERFAE B HURE 7 0 R AL

N SETLLFE Y, AN [R] A 0 28 A5 10 6 A [ b 28 11
JCELLE R 53 A 32 22 RAOK (H R AR & 1
SIATER Y G, 3] 32 5 JCE8 43 4 1 09 43 25 1 1
AR SR8 B A A R R I R R TR R .
ResNet34+CBAM basic_conv [ 2% 14 - 3 H [\l & fE
g 3k 21 93. 3%, Ul B 12 I 4% X 5 B 4 19 1E A A T 0 o
T AE 715 5 o 1M ResNet34+CBAM basic_conv # £%
B 1 250 K ff 2 3 B T 4 U A2 IR 4 N G A AR Y g
ISR, R 6T LUE h: 515G R 5 200 2K
% AlexNet,GoogleNet A8 L, Br $2 1 & J7 5% 22 @il &
EAEWERR R LR AR 5k AR B D p R AL 4 2R
2550 L, T T B 2 Rl T 25 A TR B AR T A I 4% 3
Ui BT 3 T T AL 04 e ) A AR () R
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Fig. 9 Feature weight heat map of classified output image
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