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Lightweight Recognition of Crop Pests Based on High-order Residual'and Attention Mechanism

RUAN Ju-Quan, LIU Shuo A
(School of Mathematics and Computer Science, Wuhan Polytechnic University, Wuhan 430048, China)

Abstract: Accurate recognition of erop. pests is-essential for timely crop protection and treatment. However, crop pests in
natural environment are small in size and have almost the same color as the environment. Moreover, crop pest images are
affected by various factors such as noise and complex background. Therefore, it is difficult for existing crop pest
recognition models related to deep learning to balance the requirements of recognition accuracy and robustness and be
deployed on mobile devices with limited computational resources and low performance. In this study, ShuffleNetV2 0.5x,
which has the fewest model parameters in the ShuffleNetV2 network structure, is selected as the benchmark network, and
a lightweight crop pest recognition model based on high-order residual and attention mechanism (HOR-Shuffle-CANet) is
designed. Specifically, the high-order residual in the early stage can provide rich pest features for the subsequent network
layer, which significantly improves the recognition accuracy of the model. The coordinate attention (CA) mechanism can

further suppress the background noise and focus on the key information about crop pests, which effectively enhances the
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robustness of the model. The bi-tempered logistic loss function with label smoothing regularization (LSR) can solve two

shortcomings of logistic loss functions in training noisy data sets and make the model more adaptable to noise. The

experimental results show that the HOR-Shuffle-CANet model achieves a recognition accuracy of 91.22% on the test

dataset of ten types of common crop pest images in natural scenarios, which is 3.54 percentage points higher than the

benchmark network. On the basis of maintaining lightweight computing, its recognition accuracy is also higher than that

of the existing classical convolutional neural networks such as AlexNet, VGG-16, GoogLeNet, Xception, and ResNet-34,

as well as lightweight network models such as MobileNetV3-Small, EfficientNet-BO0, etc. Due to its high recognition

accuracy, strong robustness, and excellent anti-interference performance, the proposed model can meet the practical

application requirements of crop pest recognition.

N
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Intel(R) Core(TM) i7-12700 @ 2.10 GHz &b ¥ £%; GPU
%l NVIDIA GeForce RTX 3080, ‘&7 & 4 12 GB.
BAFIREL: Python 3.6.13; JFUR VR E 2 2] T S HE 42
PyTorch 1.7.0.

LR 75 18 U B A 1 1k RE AR 06 P VI 2R ICR,
FEIL PR AKL (batch size) BEE A 64. WIUh2 > R B HE
N 0.01, % 51 A HHUR ] Warmup!' FIA LR KR
S TR A 3 R B KR B B U R A f P
i LSR 972 XRS5 e B K, CUbRTEE I U6 4 LSR
HIXFRAS AR K bR B, S 8B 9 = 0.6F7, = 1.8;
fi F AdamW* S AR AR RISk A Ak 0 2% bR B I ARIK
#1 (epoch) B R 50 Y. TEMHRBY B, v T UEWA BT it
FIVEY) 2 BRI A7 HOR-Shuffle-CANet fIPT T AE
77, W AN [ B2 P (1 7 0 e 75 R A g 7 % o 2 U A 42
G R, DL AR 2 F 2 S0 A 2 R VP A L A
3.2 TFEMIERR

I TR FUERG R (Accuracy) FEHIE (Precision)-
H AR (Recall) F1 F1AEPY X 4 A E BB bRk 5 &
HOR-Shuffle-CANet 457 [ R 51 14 GE.

X T UG 43 FAE Y Y 1 % oy T L AT 4
A HEB R S IR 2 A TR TR AR A O A B
ﬂiiﬂzﬁwﬁzﬁk; AR BARE S ) e BT T A I A A
Bk S PR TE AR R RE R M8 1 (] 8 S ) 2
JE 6 A v (1 TR A TE L0 O BT L AR
iff P55 R0 4 [ 26 (g R AP 3 0. DL B B AR AR IO BT
ARG AR G5)-2 8):

TP+TN

Aceuracy = TN+ FP+FN ©)
TP

Precision = TP+FP 6)

Recall = TPZPF N (7

Pl = 2 X Precision X Recall (@)

Precision + Recall

H.H1, TP (true positive). FP (false positive)s TN (true

negative) Fl FN (false negative) 7 7%/~ EFHYE. {BFH
Py FCBAPEAI R B R A K

N T S HU AR HOR-Shuffle-CANet #7 f) FF44,
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i H AR SN A

it B HCEAF ISR (FLOPs) ! 845 5 HARAL 75
BRI HEAT X b, 30 I flis 5 B R AT B B Y
(82 D,

TR HEFE (confusion matrix) P¥ & — N PEAL AL 1
W25 SR FE AR UE, H RV 73 AR 55 A wt
FUNE 3 AT R XF A 20 P TIN5 SR 2 75 1E 1 AR R
B AT TR AL, Aot # 26 b 1) oo R 3RO & 2K
VR B IR o S B i, oAt oo 38 0 7R Bl iR

IrRIECE.

4SR5
4.1 HRLIALE

T SRBUEE R AR B AL, ASCIEELT ShuffleNetV2
W 4% 235 ) PSR 2 408 /D 1) ShuffleNetV2 0.5% ffEsA 2k
HEM 5. e 3 o, 4 1 B A SEPT BT HOR -
Shuffle-CANet #5284 [y A7 PEFNAT RUHE, 764H R 158 5%
PR, SRA AT S MR 77 % 1) SOR A Shuffle-
NetV2 0.5x B HEMI 2%, 2) 7E 77 % 1 BI2EAT F RN CA 5
B 3) fE7 & 1 AL BN HOR; 4) 7E77 % 2 15
R 3 MR AT R G T AR SCRT BT 42 i R 4%
F 7 HOR-Shuffle-CANet; 5) 75 /7 5 4 f3EmE A
7 LSR XU AR 12 401 2k bR #06) HOR-Shuffle-CANet
BARLFAT AU ZR.

MF 3 15 FE AR S 7 BRI g5 R, L
TP TR 2 AR, RN CA BEHRAE 45 R Y 1) o ff % 4
=072 ANE S L WTTER 1R 3 RS SE BT A,
BT HOR I, B2 (R AER 23RS T 1.82% 42

Th, XIS AE T HOR WJ LA Rt 38 i 1R 0 A o |

XL 14 B RR M, LR HOR 1 CA

BLERLE, 7 I 7> S B E AT EE BT, B
MR EETE T 1.43%. BhAb, LB & 4 fiL s ] 4,
K7 LSR IR FRAS B AR 45 R AT AL BB I 25, 7E
AR A S R RTEE T, AL I e A R R R
T 211N ES A RE, NITE TS B 45 R AT
M1, A HOR-Shuffle-CANet £ ()17 51 HUR K4,
F1{H7TIE 90.57%, {EMHZ4ETH 2] 91.22%. 5 HEHER 2%
AHLEE, HOR-Shuffle-CANet B8 7E H 48 5¢ T WAEY)
R SR T T 3.54 DAL B, A5
HRVRERS St 7 S 24 1 50 % R ORI P 47,

%3 HOR-Shuffle-CANet KL i ik 3o o H.

zﬁ% it g ZHE (M) FUE (%) {E(ff)}:

1 ShuffleNetV2 0.5x 0.34 8721  87.68

2 ShuffleNetV2+CA 0.36 87.74  88.40

3 ShuffleNetV2+HOR 0.37 88.80  89.50

4 HOR-Shuffle-CANet 0.39 88.65  89.11
HOR-Shuffle-CANet

0.39 90.57  91.22

(LSRR Fa 518 B4R %)

4.2 S5MFERBIIIEE

N #E— 56 HOR-Shuffle-CANet #7135
R, FERIR KA R — BSOS, FIH B A5t
10 259 WAEY)F R EUR SR 4L, ¥ A SCAr 1T 1) HOR-
Shuffle-CANet 1% 5 AlexNet . VGG-16"", GoogLeNet.
Xception”’!, ResNet-34 iX 5 *‘Pﬁﬂﬂ\% R 25 [0 28 L)
J% SqueezeNet™, MobileNetV3=Small®, EfficientNet-
BOPT) i 3 g SR 43 170 H k3. 26 4 49 B
T IR R A 2 RN B R B R 2, I 5 K
75 0 B 0 0 0 T B B T 6 I 63847 7 AT RLAL
b, il 8 prow.

A3
o U &4 KIF ONN BURR BIAER SRR
Gkl ZHE M) FLOPs(G) HRWE (%) HEE (%) FUE (%)  #EHE (%)
VGG-16 134.30 15.47 69.48 69.97 69.47 70.11
AlexNet 57.05 0.69 79.52 79.42 79.27 80.52
Xception 2135 4.66 88.06 88.81 88.36 88.83
ResNet-34 21.29 3.68 87.66 87.78 87.65 88.35
GoogLeNet 5.61 1.51 88.46 88.74 88.53 88.81
EfficientNet-BO 4.02 0.40 86.58 86.63 86.50 87.22
MobileNetV3-Small 1.53 0.06 85.15 84.86 84.89 85.77
SqueezeNet 0.72 0.72 83.96 83.44 83.44 83.80
HOR-Shuffle-CANet (7 LSR [ XU a8 45 2%) 0.39 0.35 90.52 90.95 90.57 91.22

H 4 A 8 AT UL, BHX 72 B AR5 T H WAEY
R R, AN [ JE O S5 # ) CNN R B

A —RER R A R . A SC % vF ) HOR-Shuffle-CANet
A5 TR T 50 v ff R B T LA AR T X Ll A 1 S 5
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B 53 B 5 7] M1, HOR-Shuffle-CANet 15 54 ({15

P2 R, FFFIH T A AR HE R R A5 R,

HEAH 0.39 M, 7 slia H 2 AU T MobileNetV3- x5 B
90
Small BEH M 4. & T SqueezeNet. MobileNetV3-
80 |
Small A1 EfficientNet-B0 % &= 2¢ W 4% DL 4b, HOR- _
e 70
Shuffle-CANet #4572 ¥ & 197 iz S i /> 3 2 0
e . e N e s r
fih 25 B B 2 8 B RY . 28 | BT iR, HOR-Shuffle- > “
- g I
CANet #5784 7E (R {F AR A 58 1 [A) B, SOARAIE T AR AL 1) 2 4 i - EfficientNet-B0
e e e . & r/l MobileNetV3-Small
SR &, NI A v SeIR 3l R & wo L ~ SaquoezeNet
\ { ~ HOR-Shuffle-CANe
HARA). a0 b i LSR HO0E S B4R
— S ok . —= 5 .
4-3 *}‘L:F*jc |‘$ﬁbi¢tt 0 ; 10 ® 20 30 40 50
97 ¥l HOR-Shuffle-CANet 7y & b 4, 72 | } L & Eroch
10 289 WAEY) S B UG EAR IR oA T A Rl &% * B8 ERZR il 20 L P
K5 USRI B I R B HERR R AT L (%)
- sk 75 S
g 75 45 71
” e 0.005 0.01 0.015 0.02 0.025 0.03
ShuffleNetV2 0.5x 85.94 85.55 83.80 82.36 81.15 80.46
S . ' ShuffleNetV2+HOR 86.51 88.01 85.38 82.39 81.21 79.50
AR 7 ShuffleNetV2+CA 88.59 86.44 84.21 83.25 82.71 79.96
HOR-Shuffle-CANet (7F LSRR AZAEHIK)  90.13 88.55 87.77 87.12 84.75 83.17
ShuffleNetV2 0.5x 87.70 85.49 83.45 83.30 81.19 79.74
. ShuffleNetV2+HOR 87.53 86.99 85.77 85.25 83.88 81.90
B R ShuffleNetV2+CA 85.92 85.53 84.12 81.87 81.82 81.19
HOR-Shuffle-CANet (FF LSRN FaEZHB LK)  89.76 88.37 87.68 85.60 83.97 81.91
ShuffleNetV2 0.5x 77.66 75.55 76.03 75.01 74.12 73.51
b e ShuffleNetV2+HOR 78.13 76.37 74.88 75.27 74.10 72.34
AT IR 75 ShuffleNetV2+CA 77.89 75.86 74.97 7325 . | 72.90 72.38
HOR-Shuffle-CANet (FFLSRIXUFA S ZHHIL) 8024 80.98 77.63 76.92 ~ 75.64 75.34
\ ‘.
‘ S 3 v —
25 IS INAS [F) R 75 I A e Rl 4 B 2R DL B'E%ﬁ?rﬁuiﬁﬁ%é‘]ﬁ%‘ﬁtﬁﬁ‘é%%ﬁ, n] LA A2 SEBR

AP AORFOR . ST 5 W, AN T AR SE R

Wiy MER. = i-ER M S JS , HOR-Shuffle-CANet 15
TP R 00 R e 2R 2 v T LAt ox BRSARY. AEIIORA [ 45
45 101 7 -1 55, HOR-Shuffle-CANet 157 1 17 1
Ty S TR NS, TR R A v i 6 b LAt 3 R AR AL
Fan, o M P BT M R o 1K R A A A B
B 22 W] AR AR B O 3 5 1) R IR 45 5 T 0 X 4
AR L IR A HE T R CA B R Bt — D4
1l S W R RGP U A R ORI, A A
BEAY (€ # M 7 LSR A XU Fa 25 32 48 13 2K bR B e %
i RN 5 T AT 4 T 3 40 2K R B T A R,
A5 R KE R (V08 B R BB BRI 5 SRR,
73 5 19 HOR-Shuffle-CANet 5 7 78 [ff 1] (5 SR 3R
B SRS R S e R, LA R R

112 Z %% % System Construction

4.4 HHEERRULD R

N T BV 7R HOR-Shuffle-CANet #5558 (16 44
P, 8 Grad-CAM FARPY, 3R HU T #8404 3 il
A BB X ShuffleNetV2 0.5x 5 ik 7 45 Fl HOR-
Shuffle-CANet 44 73 il 47 1 R 0E B AT AL T L
Gy, W 9 R, 28 1 ATVEY) S HUZ locust (B2 ), 26
2 17 /& gryllotalpa (%), 25 3 474 spodoptera litura (R}
gupi). Forb, OS5 B OB A 13 JU)
IERAIR.

MK 9 BT LLE B, fHH R — 5Kk R4 /R 3 R
B, A SCHR LAY ShuffleNetV2 0.5x 3 v (X 2% B4R tH B
R B U DG X, H 8 LA HE G, (R TR SR

X 35 . M HOR-Shuffle-CANet B g F 52 1% 5 X 4,
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(G D, AT LUK B 8 O 21 H bR 35 BUE BUR BT Ak
MEEAE, FRERE RMTHREN. X T
CA FRILHE % X e Ak 1) o0 B X B3R AT A RUh2 B, 0 7
S5 DX I PR T P 0 B AR L R, AR T B
BRIV R 15 2T Re 71, T LA AR R R
TR 2R
4.5 AEIZEFMEMERIRFIZER

NY i b b B HOR-Shuffle-CANet £ 7 K 5
ANEZEAEYE B RR, 6] 7 iz R e 5
P25 IR E AR FE, P 10 FioR. o, TR A A T
LTS IER R % 2R A EY) & dU B

B, B TENA T A B AL b & 2
Vi B IAETEE . A IR FLAE, W3R 6 Fis. o

ﬁ%%%ﬁ%ﬁ@k%ﬁbammﬁﬁﬁwﬁ%“

E@ﬁ%ﬂﬁ{?%%&i%ﬁ%{?@ T tbfﬁ?ﬁ%‘ﬁ(} i %ﬂ?ﬁ%, IX (a) ShuffleNetV2 0.5x (b) HOR-Shuffle-CANet
VLT ) T S .““ g ¥ B O R IR f s sh PR K

100

=
(=]
o
N
(=]
(=
N

g B
I ek 0
i 0 . 0 1 0 1 0 0 1 1

80
g 0 3 0 0 0 0 0 0 1
VP 1 0 1 1 1 0 1 0 3
= b 0 1 0 1 0 0 1 0 0 .
i
iS g 24 0 0 0 0 0 0 2 0 0

¥ & ® =®E % & £ € ®
¥ ¥ # B x ¥ B ® = ©
R B & B ®
& & B
UK
10 {EY HIRVEHRE
5 RMEE5RESE (HOR-Shuffle-CANet), FI T s 4 Ml A4 7 S i h R 4

T A A 40 35 R TR 9 SEE B B 75 3R, AR SCiseit 1 5 HRAR AR R A LR A T BRI BRAIG Pk BE A
— AN EET i R E A R LA A CNN AR Y 2y S5 (). O 1SS UE R AR SCR T LSRR
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FaAS AR R BOHAT AL AL, 76 B 2R 5 b 10 28
wOLAEY) R G EE 4 EEET T KR A A GRS
RIGLE B E B, HOR-Shuffle-CANet AU fE S ¥ &, it
S ANAER 2R 2 RNA B T R 00 P4 A A A
TREFAERLR Y, £ HARIAEE T 10 285 WAEY & iy
WRAIHER R ATIE 91.22%, HA BRI R, meEsk
PERNELF AT RE S5 R

# 6  WMEIRE LRRBRESE . BREA F1E (%)
A Precision Recall F1
0k 89.3 98.0 93.4
- 89.2 76.7 82.5
e 93.8 95.2 94.5
RI7 SRl 84.3 91.5 87.8
BRig 94.7 98.2 96.4
LR 98.1 94.4 96.2
RHEOR 88.9 97.6 93.0
R 89.6 882 . 889
S LRI 90.9 g %952 93.0
FE M 864 74.5 80.0

FEA JEHIRT T, ¥k — B3 R 52 3 1 R 7 5t
w4 R RO SR RS, 2 B R 2 R R
L7 D AR T A MR £, 4k 4 50 2 M 48 Mg SR 3 T I
2 PR TV A 5 RN R, (1 R R LB R .

SE 30k
2022 4 A [F AR H O UH A A S TR o R A R
57, 2022, 42(4): 107-108.
2 Thenmozhi K, Reddy US. Crop pest classification based on

deep convolutional neural network and transfer learning.
Computers and Electronics in Agriculture, 2019, 164:
104906. [doi: 10.1016/j.compag.2019.104906]

3 FHINL, EME, BR2%, 5. 5T 4056 AdaBoost 732K 4811
AAE AL F BRI BT AL, b B AR 1R, 2019, 40(8):
127-131. g *

4 Umar HGA, Abbas Q; Gulz\ér F. Insect classification using
image processing. and Bayesian network. Journal of
Entomology and Zoology Studies, 2017, 5(6): 1079-1082.

5 Liu T, Chen W, Wu W, et al. Detection of aphids in wheat
fields using a computer vision technique. Biosystems
Engineering, 2016, 141: 82-93. [doi: 10.1016/j.biosystemseng.
2015.11.005]

6 i, BREESF, 2250 BT IRAL G RN 42 I 2% ) K IR de
BRI, e ol K22 244k, 2020, 41(3): 110-116. [doi:
10.7671/j.issn.1001-411X.201907017]

7 Szegedy C, Liu W, Jia YQ, et al. Going deeper with

convolutions. Proceedings of 2015 IEEE Conference on
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Computer Vision and Pattern Recognition. Las Vegas: IEEE,
2016. 770-778.
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Information Processing Systems. Lake Tahoe. 2012.
1097-1105.
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48(18): 237-244.
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