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Fruit Tree Pest Identification Method Based on MobileViT — PC — ASPP
and Transfer Learning
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Abstract: In order to enhance the effectiveness of identifying pests in fruit trees and promptly implement
preventive measures, focusing on six major pests that pose a significant threat to fruit trees, an improved
lightweight MobileViT recognition model was proposed for the problems of complex background of fruit
tree pest recognition in the natural environment, high difficulty of detecting the small target of the pests,
and high feature similarity with the features between different categories. In enhancing the model, the
partial convolution ( PConv) module was employed to replace certain standard convolution modules in the
original MobileViT module. Additionally, modifications were made to the feature fusion strategy within
the MobileViT module, involving the concatenation fusion of input features, local expressive features,
and global expressive features. The tenth layer MV2 module and the eleventh layer MobileViT module
were removed , introducing an improved atrous spatial pyramid pooling ( ASPP) module as a replacement,
aiming to create multi-scale fusion features. Furthermore, the model adopted the SiLU activation function

in lieu of the ReLU6 activation function for computations. Finally, the model underwent transfer learning
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based on the ImageNet dataset. The experimental results indicated that the recognition accuracy of six
categories of fruit tree pest images reached 93.77% , with a parameter count of 8.40 x 10°. In
comparison with the previous version, the recognition accuracy was improved by 7.5 percentage points,
while the parameter count was decreased by 33.86% . When compared with commonly used pest CNN
recognition models, namely AlexNet, ResNet 50, MobileNetV2, and ShuffleNetV2, the proposed model
achieved higher recognition accuracy by 8.25, 4.78, 7.27 and 7. 41 percentage points, respectively,
with parameter counts lowered by 6.03 x 107, 2.48 x 107, 2.66 x 10° and 5.30 x 10°, respectively.
Compared with Transformer recognition models such as ViT and Swin Transformer, the accuracy was
higher by 19. 03 and 9. 8 percentage points, respectively, with parameter counts lowered by 8. 56 x 10’
and 2.75 x 10”. The research was suitable for deployment in environments with limited resources, such
as mobile terminals, which can contribute to the effective identification and detection of small target pests
in fruit trees amidst complex backgrounds.

Key words: fruit tree pests; recognition model; PConv module; convergence strategy; SiLU activation

function; atrous spatial pyramid pooling
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Tab.4 Results of ablation experiment

Fl {f/

PConv  gititkfill (&3 e

BH AWM ASPPARBR  R/% % B
x X x 87.49 87.77  1.27 x10°
vV X x 87. 44 87.69  1.16 x10°
X vV x 88. 43 88.59  1.41x10°
x x Vv 89.13 89.45  8.20x10°
vV \ X 88. 85 88.89  1.31x10°
v x Vv 88.38 88.39  7.60 x10°
x vV Vv 89.18 89.30  8.90 x 10°
vV 2 vV 89. 50 89.52  8.40 x10°

T VIR G L x SRR AR I 2k

FH 3¢ 4 7] 0, MobileViT #8 #h i F§ PConv £513
R ER AR AE 5 Y 3 x 3 A o A5 AR A A v 1 ¢
KR 0.05 AT 7 S I O T BB B iz Ak, &
B 1,10 x 107 B 3E T PConv A5 B X6 35 4338 18
HEAT B BLRE S Il /NSRS N A7 L R R RE ) o 7R LI
2% rh L UE Mobile VAT A5 Bk A Rt 45 5 W 5, 32 71 1
R XS Jry R RFAE 2 HURY BB 7, o7 75 A5 AL ME 1 8 £2 T
0.94 A >, F1EERTHO0. 82 M E A HIEH T
BT X R PR A RS L 2 T AR N A T
SRR TE 1.40 x 107, 76 M BR J5 I 45 45 10 2
MV2 BEHCRTES 11 )2 MobileViT £ 8, 51 A Bt (Y
ASPP Btk 2 J5 , 1 TTEARBEAR R 20 B AR M 1 00 T
BRI By a2 o T RR B R SO B4
JRREAE . R EE A E TR G R OT R T 2 R AR
fiE 3858 X8 HUAH YRR AE Y I el AR A M A R
T 1,64 A 43 5L FLESETE 168 AT 20 s,
Ab L TE M BRERAE IS 1A B AL 0 IR Y ASPP BBk
{5 2 450k /> 4. 50 x 107,

i o 45 AN [ 7 g X 48 AU R AT O I AR
TUAY 1 REAS 21 58 24 187 1 42 71 . PConv A B I B K4
2R ARy I LA R At Y i A Btk 1) ASPP AR B il Ty D
ANT AT A 7 T S Y R G SR A SN ek ik
fill G J7 12 9 ASPP 5L Hu 88 5 T AR R AR AIE $2 I AE
SRR LG, MER R4 TE 2. 01 AT 40 L, P (2
175 AN E Y, SRR 4.30 x 107,

3.6 REEEI KR

it — 2 BROGE AR SCRE R A R, Ik R
AlexNet 2! ResNet50™7 MobileNetV2!
ShuffleNetV2_x0. 54 i CNN 4 % F1 ViT' ' Swin
Transformer'2 Fif Transformer AR o A S 3 B
BTN, 5 A AE 5 AL B R AT XS L 52 5, 45 2R
%5 R,



64 A Ak AL

L 2024 4

RS TREBERILL

Tab.5 Comparison of results from different models
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Fig. 10 Visualized results
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Comparison of results before and after using

transfer learning training method to improve model
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