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Lycium Barbarum Pest Retrieval Based on Attention and Visual Semantic Reasoning

HAN Hui-zhen and LIU Li-bo

School of Information Engineering, Ningxia University, Yinchuan 750021, China
Abstract Aiming at the problem that traditional retrieval model on pest has a single mode, this paper uses a cross-modal retrieval
method for 17 kinds of common lycium pests in image and text modal, which integrates attention mechanism and visual semantic
reasoning. First,use Faster R-CNN -+ ResNet101 to realize the attention mechanism to extract local fine-grained information of
wolfberry pest images. Then further introduce vision semantic reasoning to build the image region connections and use convolu-
tional network GCN for region relation reasoning to enhance area representation. In addition, global semantic reasoning is per-
formed by enhancing semantic correlation between regions,selecting discriminant features and filtering out unimportant informa-
tion to capture more key semantic information. Finally,the semantic association between different modalities of lycium barbarum
pest image and text is deeply explored through modal interaction. On the self-built lycium barbarum pest dataset,the average ac-
curacy(MAP) is used as the evaluation index to carry out comparative experiment and ablation experiment. Experimental results
demonstrate that the averaged MAP of the proposed method in the self-built lycium pest dataset achieves 0. 522, compared with

the eight mainstream methods,the average MAP of the method improves by 0. 048 to 0. 244 ,and it has better retrieval effect.

Keywords Cross-modal retrieval, Attention mechanism, Fine-grained, Visual semantic reasoning, LLycium barbarum pest
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It's name is measuring worm,it
belongs to amputation
animal,insect
class,lepidoptera,odontoidea.
In the picture,the whole body
of this chworm is light green.
It is in the shape of
“bow”,crawling on the green
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Fig.1 Modal framework diagram
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Fig. 2 Attention structure diagram of lycium barbarum pest picture
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Fig.4 Example of lycium barbarum pest data set
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Table 1 Comparsion of different methods on lycium barbarum

pest data set

Method 12T T21 Average
ceal® 0.281 0.275 0.278
KccA2 0.359 0.313 0.336
pcealt 0. 386 0.377 0. 382
JRLEZ 0.403 0. 380 0.392
Deep-SME24) 0. 427 0.391 0. 409
ACMRM?! 0. 455 0. 430 0. 443
DSCMR! 0.463 0. 459 0.461
DRSL%! 0. 482 0. 465 0.474
Our Method 0.535 0. 509 0.522
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Fig.5 12T’s Precision-Recall curve
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Fig. 6 T21”s Precision-Recall curve
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Table 2 MAP results of ablation experiments on lycium barbarum

pest data set

Method 12T T21 Average

NA+NV 0.463 0.459 0.461

A+NV 0.516 0. 460 0.488
Ours(A+V)  0.535 0.509 0.522
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Table 3 Influence of feature dimension on model
Feature dimension 12T T21 Average
512 4 0.529 0.491 0.510
1024 % 0.523 0.505 0.516
2048 4 0.535 0.509 0.522
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