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Abstract

In recent years, with the promotion of agricultural informatization, artificial intelligence tech-
niques have been widely applied in the field of pest recognition. However, current deep neural net-
work-based pest recognition methods still face challenges such as high computational complexity
and poor performance in complex background scenarios. To address the issue of high computational
complexity, we propose a novel network called WraNet. This network employs a two-dimensional
discrete transform module for token mixing and learns strong prior knowledge of the image, such
as scale-invariance, shift-invariance, and sparseness of edges. It is worth noting that we also pro-
pose a new algorithm, WraNet-m, which combines WraNet, ResNet50, and FPN models through
soft voting for further performance improvement. The WraNet-m algorithm achieves accuracies of
72.44% on the IP102 pest dataset and 99.52% on the DO pest dataset, approaching state-of-the-art
results on both datasets, thus demonstrating the effectiveness and robustness of the ensemble
method.
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Figure 1. WraNet network architecture
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Figure 2. Structure of 2D-DWTM module
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Figure 3. Structure of residual attention module

E 3. BRETBNRREHE

DOI: 10.12677/jisp.2024.131004 36 1G5 (55 A3


https://doi.org/10.12677/jisp.2024.131004

4

ZEHE 4

F 5 HOR I S 75 TR E AR R AT, O T RS AL R 1 I 4% BB S TE A2 AR 1V [ AR S SR R IR
MlE R, FEMKLER RN T — AR R, %R AN SRR A K, BT SR Ay
SC[10]0 Forr, FFo0 B 67 57 UG RFAE ORI, T HEREE 35 FH T2 S35 tHRFAE EA T SIS IR 3 70 o i o
BART S, SRS R ZEEE G, oA FERSgT. —FBEEEENT—Z, 55—
2 AR M 28 3 3 3 AT WL AT I AL 3 )5 -5 28 — SR B AR AR IR IEAR N, 5 kN R — 2T b 3. @
XA, FIRVER AT DU i R MBS R, SR M e . 45 G ARG 1 B
K, AT T 3 BRI EEE .

TE LR, RSO S . FRFE(RRIAL) . ERFECUE AR E) LA —1L Relu,
LARAE LI Sigmoid 23 MR N Re « dv us by rv ¢ Als; MNHTATNES B HERNe. S 6~
o~ ¢ y A, HEXNEINELERN®, AXEREERNQ . AR ZE R A A 3 0 A 7T A

RER I A
Ay )
X, :Re(Re(Re(xO,fs),es")a«S);x2 :u(Re(Re(d(xo,ﬂ),s),g),s); x,,x, € R ©
X, =x, ®xy; x, € R o
o= e (e (b5 0).8).7).0).9).7 ) x, < R .
X, = x, ®x,; x, € R N
%, = x, ®x, ¥, € R M

FERRAM G, S B R et o S G) T I R E R AT B . AR5, B N ET M
RS SCGHAT AR . TR I BAN A R0 R, AT T =R EBRAE . XTI S £ 3(6) .,
Sl R I N SRR B RS i/, SRR U = A B, PR A P S (e e AT
Kb, WEBIRME R R B, AR~ FHERIEF, WId5 X170 ST — RI1HH
—b BRRERAE, BAREAMIT 0 B 1 ZEMTKE . T RAO)~10)F, KiZKESET
I SCHIFKEAR AR, BLED IR &, SEBL T IR SRR AOCR .

S IR HES:, BIhSEIL T WraNet /£ R AIVERE 5B AR AT L BB DL T, AR S H0)
R KR FEARAIIL S, RISl 7 PERERISE o X RE RENS 72 I/ 190 2% AR RS 1 [ A DR 45 v #E T
H, RO M 28 AR AR BRI R AP 5E N (2 A AR B RO

3. KWERS
3.0. BEHERE

T PRFCASCHRE H 17 L 42 5 P 28 FAH . () S AR RN B & BRI s PE, ARSEEG 73 TIITE 64 <
64 [t TP102 F1 DO Hdl4E EINR 7 EAIIMTERE, RN 5 A B ML M &HAT T Hie. o, N7 3%
RIRIF AR H 1) WraNet-m SERCRIE IR AEHERTE, ARSCETE 224 x 224 [f1 IP102 A1 DO Ha4E L )IZx
7 ResNet50 F1 FPNs [11], F#E47 7 HERERTEE. e, TP102 & 4uT KIE R EUREL —, a8 75,
222 sk, HEMEFREANERKRENMN, EENINTZRRBIEAFERP . tat, 2%
PEFEAR IS A ZHURAEVIE Fr DL — 26 A GRS i (R 2 20 5 /N3 R, BRI 4 o,
Xt AR ) LA B

DOI: 10.12677/jisp.2024.131004 37 1G5 (55 A3


https://doi.org/10.12677/jisp.2024.131004

ot
=
48

(a) ZRRIEY

A G o0
"“AJ{:N& - c"ﬁ
S R

-

ol

ERmEa #F el LT8R
(b) NEIER

Figure 4. Image example from [P102 dataset
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Figure 5. Example from D0 dataset
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3.2. KWKE

SEEGAEH T PyTorch AESEHEA TN (138 4, o PyTorch HIRRANN 1.8.1, Python IfRA N 3.8, [F]
I dfd ] 7 CUDA AN 11.1 [ GPU #EATINIE . #E—5KEA7 KA 16 GB [ RTX3060 Liiit4rseds. &
XF IP102 #dfage, 168 7:1:2 MLLBIRENLRI 7 ol REdE 4R 45,095 5K BREER 7508 7K. DIHaALR 22,619 5KIE F s
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Table 1. Parameter settings of the network
F 1. MEHESHIRE

. N fitE R R BUE VIS5 "
E ] P S b * . NI 7N
WA 225 Sl itk s s T EFE KUK PN NG| HEE
ResNet-50  0.0001 64 0.9/0.999 096  0.00001 0.3 100 64 x 64/224 x 224 IP102, DO
FPNs 0.0001 32  09/0.999 096  0.00001 0 100 64 x 64/224 x 224 TP102, DO
WraNet
{P102) 001 128 0.9/0999 096  0.00001 0.3 150 64 x 64 IP102
WraNet (D0)  0.001 128 0.9/0.999 096  0.0001 0.3 100 64 x 64 DO
Sﬁ‘;ffzf‘ 0.000 64 0.9/0.999 096  0.0002 0.5 100 64 x 64 IP102. DO
MobileNetV3  0.0001 64  0.9/0.999 096  0.00004 02 100 64 x 64 IP102. DO
shufflenet v2  0.0001 64  0.9/0.999  0.96  0.0001 0.1 100 64 x 64 IP102. DO
Elffiflgg 0.0001 64 0.9/0.999 096  0.0001 03 100 64 x 64 IP102. DO
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z{_ Pre,
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A RATBE R T — AN HCF B E R ERAE RIS 2] T2 EIRE R 1248 Fr B RoR T RURAE 73 JOR I A
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Rec; = - (14)
TP, + FN,
Zi Rec,
MRec = "'[ (15)
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FLURFIFH 15015 30 5 % T34 3 812 ) B (MR ec) A2 M- 24045 5 (MPre),  BE R LA 21 22 00F- 15 F1
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3.4. RBEMEEERR

34.1. ERERIMELLE
MRPEE 2 FI5% 3 MILLELE AL, 7 1P102 F1 DO £¥54E [, WraNet AHXT T 47T E i — L2 m M s
WR2% RIS i, thah, & 6 JBiR T WraNet 7E DO ZHE4E b 1R 2% 250 5 HAh % 5 2 N 28 [ ) HE A V0L

Table 2. Performance of various lightweight networks on IP102 (64 x 64)
3 2.1P102 (64 x 64) L B2 EMEMIEEER T

Model Name Param Size (MB) Acc (%) MPre (%) MRec (%) MF1 (%) GM (%)
SqueezeNetl 1 49 41.52 3591 40.09 37.47 32.67
MobileNetV3 11.9 55.48 49.47 52.3 50.58 46.24
shufflenet_v2 5.4 52.09 44.42 47.94 45.37 39.54
EfficientNet-BO 16 60.42 54.38 56.7 55.27 51.4
WraNet 7.9 57.49 51.19 51.38 51.02 47.86

Table 3. Performance of various lightweight networks on DO (64 x 64)
3 3. D0 (64 x 64) E R EMEHMEEER R

Model Name Param Size (MB) Acc (%) MPre (%) MRec (%) MF1 (%) GM (%)
SqueezeNetl 1 4.8 85.04 83.84 84.23 83.67 82.13
MobileNetV3 11.6 92.05 91.42 91.85 91.52 91.02
shufflenet v2 5.1 87.03 83.39 87.4 82.93 76.46
EfficientNet-BO 15.7 94.14 93.27 94.49 93.69 92.84
WraNet 7.9 95.71 95.1 95.97 95.39 94.89

SqueezeNet

ShuffleNet

WraNet

MobileNetV3 1.6 g
L L L L L L L L
0 2 4 6 8 10 12 14 16
Param(MB)

Figure 6. Parameter comparison between WraNet and mainstream lightweight neural networks
6. WraNet 5EREEMZMERISHIIEL

M EREAE LA . WraNet BB SHAE LN R BRI AT rh a1 8, XK Y] WraNet )2
HOR/NES, EHTRERMES . 54900 LRBEEMEMEAHLEL, WraNet FRIH A1 6. Kk, &
SCA AR OAEARK A 258 Hh ol i Bt — D R B 2% S M AR S H B, $2TT WraNet £ JUR A5 T PERE
GRS ER Gl

DOI: 10.12677/jisp.2024.131004 40 1G5 (55 A3


https://doi.org/10.12677/jisp.2024.131004

4
il
4

34.2. SERERMELLE
1E£ IP102 5 DO I, WraNet 55 ResNet R 4145 LK FPNs RHLUNFE 4. 3% 5 Fiaw

Table 4. Recognition performance of IP102 dataset (64 x 64)
= 4. 1P102 HUIRER (64 x 64)RIIRAMERE

Model name Param Size (MB) Acc (%) MPre (%) MRec (%) MF1 (%) GM (%)
ResNet18 42.9 57.12 51.29 55.42 52.91 48.61
ResNet34 81.5 57.98 51.85 55.72 53.22 49.02
ResNet50 90.8 60.38 54.18 57.28 553 51.37
ResNet101 163.5 59.71 53.81 57.23 55.03 50.91
FPNs 111 60.23 53.65 56.38 54.6 50.72
WraNet 7.9 57.49 51.19 51.38 51.02 47.86
WraNet-m - 64.10 56.75 61.82 58.65 53.81

Table 5. Recognition performance of DO dataset (64 x 64)
3= 5. DO BEEE (64 © 64) IR A AE

Model name Param Size (MB) Acc (%) MPre (%) MRec (%) MF1 (%) GM (%)
ResNet18 42.8 93.77 92.89 94.09 93.29 92.48
ResNet34 81.4 93.88 93.34 94.56 93.76 93.1
ResNet50 90.3 96.41 96.07 96.68 96.25 95.96
ResNet101 163 96.51 95.97 96.86 96.34 95.83

FPNs 110.7 95.56 95.08 95.97 95.4 94.89
WraNet 7.9 95.71 95.10 95.97 95.39 94.89
WraNet-m - 97.68 97.14 97.99 97.49 97.05

FEAYSS A, LR 40 5 B AR A ZHOCN AR I LAR PERE TR AR AT LAE 21, WraNet £EA5
RSHOR/NTTTHBA BE RS, AHEHARMLER) 1/5 3] 120 BRI SHO/N . IR IR 55 7E 52 Fr R
HH B % S 2 PR AR (A Al AT TSR AR, DR R A IS AT RCR AR VG o &1 10 2 — D HW
HuJE7R ¥ WraNet fERR S HO/ N7 T FIPURAE . 14 7 f&7 T 1P102 Hdlafl b 3% MR 250/ EEBLS
SLCHTAEA B S B AR OO N KRBORR, X BEIR 1P102). FTLAE ), WraNet £l
G EARDT T HA P9 256 BT SE /NS SO0 o IXAER] T WraNet i BAT 10 i RCPE A A4, 0N
PR BHIEAT RS 5N MERARGE 3%, B AnAe B s & AR AN B %55

WraNet

ResNet18

ResNet34

ResNet50

FPNs |“‘0v7
0 20 40 60 80 100 120 140 160 180

Param Size(MB)

Figure 7. Parameter comparison between WraNet and non-lightweight neural networks
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BeAk, ARFE 4 Fd 5 IS5 R EIR, WraNe-m 557E DO A1 IP102 (64 x 64) P4 R I AE,
B R 97.68%F1 64.1%HIHERI % . 1X B AR AL A ROl & T RN 2L, MRTEAS T B 4
MTkRe. 256 DL EEIRRIKE, WraNet V198 B & A — 3K 075 R 23 JURMIME 1978 7. Bk, 18
ARSI, ARSI EAR R T 2 SHOR B LA AL WraNet S5 17772

3.4.3. FRIE&R 3% Wranet-m F50

N T 1R WraNet-m FERIPERE, ASSCAE TP102 AT DO HdiidE R T 224 x 224 FIE1E R~
H % ResNet50 Al FPNs AT 145, AL T EATLL &L WraNet-m kM4 R, IR T& o,
N BB RS, A STIEEF] ResNet50. FPNs Al WraNet-m 2k (TR 48 B 32T, 78 IP102
BPigE [, ResNetS0 F1 FPNs VR RIILE T4 10%, 1 WraNet-m HIHERTRIE S T2 8%. X DO
H#m4E, ResNet50. FPNs Hl WraNet-m (JUERHZII5E 1 140 3%. XK, 0 R 58 B SR AN i el ik
P WAFIRCRIT, I8 I A B K MG OR S o] DA = iR e R, BT LU I Bl an 4] 8 B

Table 6. Performance demonstration under 224 x 224 input

3 6.224 x 224 N T M RER =

Dataset Model Name Acc (%) MPre (%) MRec (%) MF1 (%) GM (%)
ResNet50 71.35 63.62 66.16 64.57 60.87
1P102 FPNs 70.28 63.08 64.77 63.52 60.27
WraNet-m 72.44 64.24 67.88 65.66 61.28
ResNet50 99.37 99.2 99.37 99.26 99.18
DO FPNs 99.37 99.18 99.43 99.28 99.15
WraNet-m 99.58 99.41 99.6 99.49 99.4
75 IP}OZ T 100 T D.O
7oka —@— WraNet-m(64x64)
—&— WraNet-m(224x224) 9gl58 99.60
99.5F 9 1io
M
98.5

97.5F

50 L
P@Q\o(a ﬁ\g@e(a S\Q@@Q"a &Q\\“’a C}“CJQ P&cfm @Q@CJ“\ @Q&&m @\?\\“

97

[0 C&[&b\

Figure 8. Performance of WraNet-m under different image sizes

& 8. A EIE &R~ TH WraNet-m I}

34.5. 5ExIERILLE

N T ERAT TR H ) WraNet-m FIER AT ME, ARSCIER 7 Fok 5 DA TAE RIS k1T T
AR SC S50 48 FAE B PRI I S B B F 3 5 P AR B T IRE, TEB T WraNet R AL 1) 5 FH PR S BRas R
AT FERHe SR 1 5 BRI ST AL 1R I L R 2%, BRI WraNet A5 7Y (1 82 il LA B RS 4 i (1) 75 72K
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SR mER I VEREMHERA L . EARRIGHE TR, ASCR RS0 WraNet B8, FRERR TR AL L PRz 5t
N AR o [N, RSO 7T S G (AR AR T i, ASRAS AP IO RE o IR AEHIE TEXT T R 4 s B
fige PR R, S DA DRATISK 14 2 P 2 14 B e PO At ek U S8 AT B 3

Table 7. Comparison between proposed algorithm and related works

7. AXEEASHEX TR

EVE/E S = WARIA Acc MF1 GM
Wu [5] ResNet-50 49.4 40.1 31.5
Ren [12] FR-ResNet 55.2 54.1 -
Liu [6] DMF-ResNet 59.1 58.1 -
1P102 Nanni [7] Saliency method + CNNs + EM 61.4 - -
Peng [13] CNNS + transformer 74.89 - -
¥ @ A7 S WraNet 57.07 5145 4771
A WraNet-m 72.44 65.66 61.28
Xie [14] MLLF + MKB 89.3 - -
Peng [12] CNNS + transformer 99.47 - -
DO Nanni [15] ensembles of CNNs 99.81 - -
A WraNet 95.71 95.39 94.89
A WraNet-m 99.58 99.49 99.4

3.5. jHm4SELE

WraNet-m #& FH ResNet50. FPNs L& WraNet SET7 30 SEEE AT oK . A T ff o 1 2R 2 ol s A Do) 285
G S, ARFAEET T — RANHASLE . X LESIGE IR 64 < 64 (1) IP102 A1 DO EdE4E bxt
WraNet-m T [’ BEAN X 28 B0 7Y 145 AT 19 9 S e RI PE R DK, K o B MBS B E AR IR B B BT RAE AT« R
TARUESEIG AT B G — 1, A SO AS [A] 1) WN Z AR R AR AT 7 AR 8] B AN b . Sge 45 2R L& 8 F1Ek 9,
FEARSCELEE] 9 A 10 Hpxf AT T AT AL 230 .

Table 8. Ablation experiment results on DO

7 8. D0 LHYHRRSEIEER

AT B A, Acc MPre MRec MF1 GM
ResNet50 + FPNs 96.39 96.08 96.69 96.31 95.99
ResNet50 + WraNet 97.43 97.07 97.23 97.1 96.98
WraNet + FPNs 97.12 96.49 97.47 96.89 96.36
WraNet-m 97.68 97.14 97.99 97.49 97.05

Table 9. Ablation experiment results on [P102
3 9.1P102 EHYHRASEINEER

TR IR 2 i Acc MPre MRec MF1 GM
ResNet50 + FPNs 62.36 55.38 59.11 56.83 52.47
ResNet50 + WraNet 62.83 55.74 59.46 57.11 52.89
WraNet + FPNs 62.63 55.28 59.14 56.74 52.26
WraNet-m 64.10 56.75 61.82 58.65 53.81
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Figure 9. Ablation experiment results demonstration on D0
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Figure 10. Ablation experiment results on IP102
FE 10.1P102 LHYHRASKIGEER

I RS A 45 B, AR I ResNet50 A1 WraNet (8 7E IP102 A1 DO _E#FEUS 1 S AETERE,
Bl 62.83%%1 97.43% . H 1K & WraNet 1 FPNs 5%, 7E IP102 1 DO F#ERHZE 7378 62.63%197.12%.
¢ )5 /& ResNet50 Fl FPNs [F4E %, MRS L IIAERI N 62.36% LK 96.39%. SLi0 45 FFR I, WraNet
AR R R E T SR IAE A, LUK ResNet50 A1 FPNs. /R WraNet ZEPERETEFR EIFRA T
ResNet50 A1 FPNs, {HAE/EH gt b 30 535 7 E S HA7. X3 WraNet A G0 2 0 4% it i 5 13t
SREUEME BN B0 R0, 78 R B — o) 25 R A 48 X 448 She i B PR ol ) PRI AP SR B 4 o DRI, 7RI
WEEAE ), WraNet 5 ResNet50 LK WraNet 55 FPNs H4E WA B A7, MIMARIE T ResNet50 F
FPNs A RPERE o X AR 20 00 26 76 . FH IR M P 75 TR AL 17 38 R At e JEL %

KT S, SCIbgE BRI, SRR B8 AR 1 20 00 4% 435 Wy JEA T AR 28 £ jl AT DATE BB 43 24T 55 h 3R A5
TELFHIVERE . WraNet fE— P2 B9 M2 284, FEGRIEYERERI R, KOk TR S H RN, AR
— 58 ISR bR B FH AR A
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3.6. MESFHERERIR R

HeAh, SLEIRIEA T GRAD_CAM [16]3KX) 5256 H 1) ResNet50. FPNs LA A& WraNet #E47 A #0140 7R
RUE AR AL R 5 s — 2 6 A0 2B B FE S R AR R B . AN DO R A, R 11 fios.

(a)J & (b)ResNet50 (c)FPN (d)WraNet

Figure 11. Network feature activation heat map

1. FAHERE R

M 11 LI, ResNet50 A1 FPNs £ BRI H (195G mUR 2 B0 IR, (B2 BT IE VS L
BTz, AMOGEFEAL, EH R BENAE. A, S5HEWMEBRARLL, WraNet i1 & a8
DkE#, AN SRR 2 01T 510 5 AR PR EE b it BRI S #4701, 3 7 A4 WraNet
Fr S E0E /b DL B AR T4 BT 2 H CNNs F transformers L3 . LA, M 11(c)F1IH SR H
B ar AR ER 3, AEREBe 0, A I 2% X Oy 3 e A L PR, AH L2, 14 11(d)F1 ) WraNet
RERS BRGIH OCTE i, IX B 7 H S B R 2 I 4 AE SR RS BT T 22 5o BT DA BT AN 2R
JE/RAT 1, WraNet Gef8 5 91T ERAERME ML, MG E DS FRIR, EREEEPE N 2%
AP Z G OL T RILELF, XK T WraNet 755 R ESUEA B RIE T,

4. REERE

ARSI T —FiBr R 2% WraNet, SR 488 BN AR B BB REATRHEIR &, AR T SRR A
MBHEIR/AN . I, JEHEH T WraNet-m S5 DR THRAIRCR « X RME FRAR 17X o0 2 5 28 150 g 1 g
FOR, BEARIR L 2 ST BORAEAO J5 T (82 F A it 7 S8 % . HUK, WraNet-m 53 22 A WraNet.
ResNet DA FPN IR (BB, A9 T R A B P I3 dUR BRI 23T . I OuAR L 3t i)
PEREROBE s d At T — Pl SR A ik . FEARSRIOWE T, ARt — PR E WraNet 765 HUR I 4k
M e ASCRBNE L 51, SRR EUR RN RbRE . B AR DA DL 2 it i B 45 07 T
LA#R = WraNet (V5 BEIF( HAE B0 2 (K3 5 R i A
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