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Image Recognition Method for Lepidoptera Pests Based on Few-shot Learning
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Abstract:; In real-world scenarios where pest data is scarce, existing pest image recognition methods are
prone to overfitting, resulting in insufficient model expressiveness. To address this issue, a novel few-shot
field pest image classification method that integrated metric learning with transfer learning was proposed.
Firstly, the ECA — Pyramid — ResNetl2 model was pretrained on the mini — ImageNet dataset.
Subsequently, PN was chosen as the classifier, and cosine similarity was selected as the distance metric.
The ECA channel attention mechanism was then incorporated into the metric module to enhance pest
image feature representation by capturing inter-channel dependencies, with a kernel size of 3.
Additionally, a feature pyramid structure was employed to capture the local and multi-scale features of
pest images. After evaluating different pooling combinations, the 2 x2 +4 x4 pooling combination was
selected. Finally, a meta-dataset comprising 20 self-built categories of Lepidoptera pest images was
utilized for meta-training and meta-testing of the model. Experimental results demonstrated that under 3 —
way 5 —shot and 5 — way 5 — shot conditions, the proposed method achieved accuracy rates of 91. 16%
and 87.26% , respectively, surpassing the most relevant works of the past two years, SSFormers and
DeepBDC, by 4.58 percentage points and 1.35 percentage points. The proposed model effectively
enhanced the feature representation of target images in few-shot learning, providing a methodological
reference for the automatic identification of field pests in data-scarce scenarios.
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Result: pest classy
Start
Step 1 :Pre-training
model«—ResNet12 ( backbone) / * Initialise base */
Step 2 : Meta-training
ECA<« feature attention network
PyramidFCN <«— PyramidFCN ( backbone )
While i<epoch do
train _ stats <— train ( data _ loader, model, criterion,
optimizer, --+)
While j<batch do
Support_set, Support_label ,x,y «batch;
Support_set <— Augmentation ( Support_set ) ;
Prototypes «— mean ( PyramidFCN ( model ( Support _
set )) ) ;

w,<—ECA(Support_set) / * for each class */
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outopts«— model (x) ;
logits«—d ., ( Prototypes , outputs,,w, ) ;
loss«—CrossEntropy ( logits,y) ;
optimize ( loss. backward () ) ;
ACC <«—evaluate ( query_set, model ) ;
if ACC=ACC then
save model
end
end
end
Step 3 : Meta-test
model «<— load(saved_model) / * Best version * /
While t< Steps do
Support_set <— Augmentation ( Support_set) ;

Prototypes «— mean ( PyramidFCN ( model ( Support _

set) ) ) 5
®,«<—ECA (Support_set) / * for each class */
Query_outputs «<— model ( Query set) ;
logits <—d, ( Prototypes, Query_outputs,,w,, ) ;
loss<—CrossEntropy ( logits,y) ;
optimize ( loss. backward () ) ;
ACC <—evaluate ( Query_set, model ) ;
end
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Fig.3 ResNetl2 framework diagram and Residual Block (Res) residual block
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Tab.1 Numbers of convolution kernels in each

residual block A~
FR M LRZ BREEH
BAUZ 1(Conv3 x3) 64
Y1 BAUZ 2(Conv3 x3) 64
HRUZ 3(Conv3 x3) 64
HRZ 1(Conv3 x3) 160
FRZEH 2 LRUZ 2(Conv3 x3) 160
EFHZ 3(Conv3 x3) 160
LFUZ 1(Conv3 x3) 320
FREH 3 LR 2(Conv3 x3) 320
EFUZ 3(Conv3 x3) 320
BAZ 1(Conv3 x3) 640
FRE 4 HRZ 2(Conv3 x3) 640
BAZ 3(Conv3 x3) 640
N
S:{(xi,yi)};r;l (mzNK) (2)
Q:%(xi’yi)%;:] (n=Nq) (3)
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Fig.4 Pyramid full convolution layer( PyramidFCN)
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Tab.2 Comparison of different few-shot learning

methods on self-built pest dataset

Jrik Ry O
HEBIR/ %
Prototypical Network 2 Conv — 64F 53.79
Prototypical Network 2] ResNet12 64.55
Matching Network 2] Bidirectional LSTM 66. 64
MTLI2¢] ResNet12 79.92
MCL™] ResNet12 67. 84
SemanticPrompt *%) ViT 57.39
SSFormers "] Conv — 64F 62. 35
SSFormers ] ResNet12 82. 68
DeepBDC 3! ResNetl2 85.91
AR ResNet12 87.26
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Tab.3 Impact of ECA attention mechanism on model

recognition accuracy

F T’ 4% ECA IR AL 5 —way 5 — shot #EFIR/ %
Jc 85. 47
ResNet12 kernel 4 3 85.93
kernel 4 5 85.38

24 kernel 2h 5 B AR AU B . 45 SRR ,lﬁﬁlﬁgl
#Y kernel BENEA ZIE5E ECA P XT 2 FrRE AR FI 4
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PETHE RUEHR A B0 e
2.4.2 A4 EIESEN PyramidFCN

H T B — RUBE R b A0 )2 AT RE TS 1 S 2 4 15
AR AT 2R 7 A B SOAE R, DRI SR AN ] s 2=
HA(IN2x2 +4 x4 2 x2 +3 x3 +4 x4 %)k
TR B SR R, 4 R ANk 4 Fos . AL 2
HEH2.3.4 1Y ResNet12 75 70 I HE 4 25 b 35 2]
86.33% AR T L AL &5 42 71 0. 86 T 43 1
H I AT S BIVRAAE 8 P BB A5 4 5 | BEAE A 0K
SiR T PO 28 RN B B ) 22 FRORE P RE R JRa o 240 1 4l 2
REST,

F4 AREMEEIEEIRR S ER R
Tab.4 Impact of different pooling combinations on

model recognition accuracy

5 —way 5 —shot
FT M4 Hifk KN .
HERA/ %
ResNet12 ( FCN) o 85. 47
2x2+3x3 86. 15
2 x2+4 x4 86. 15
2x2+5x%x5 85. 68
3x3+4 x4 86. 26
ResNet12
3x3+5x%x5 85.45
( PyramidFCN)
4 x4 +5x%x5 86. 09
2x2+3x3+4 x4 86. 33
2x2+3x3+5x%x5 85. 60
3x3+4 x4 +5x%x5 85.95

2.4.3 ECA Fl PyramidFCN

K5 R TIHEANFBE T, PN /3 2KET7ES -
way 5 — shot 155 HTHBIMER Z ., YU PN 73
JEARAT  MERRR A 85.47% , 5| A PyramidFCN(2,3,
4) 5 ETRIETL & 86.33% . Y4AUMH ] ECA 1
FIHLH (k =3) i, HERE K 85.93%

JUE B ] PyramidFCN (2,4 ) B oK 34 3] £
R {H 24 PyramidFCN (2,4) F1 ECA 1 & /141
Wil (k=3) 45 & 1 B, o % 8 3 & & E
87.26% , 45H W, PyramidFCN fil ECA VE & /1
B 45 6 e 08 #F — & P2 )8 b i U URRAIE 32
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Tab.5 Recognition accuracy for PN classifier in

different configurations

5 —way 5 — shot

e HER 5/ %
PN 85.47
PN + PyramidFCN(2,3,4) 86.33
PN + ECA(k=3) 85.93
PN + PyramidFCN(2,3,4) + ECA(k=3) 86. 84
PN + PyramidFCN(2,4) + ECA(k=3) 87.26
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Fig.6 Test results of proposed model under

different shot values
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Fig.7  Test results of proposed model under different

way values
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