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Hierarchical classification method for wildlife monitoring images
based on species classification tree

WANG Shun

(School of Technology, Beijing Forestry University, Beijing 100083, China)

Abstract; To address the problem of high cost in the review of model results in species classification in wildlife monitoring images,
this work proposes a hierarchical classification method based on the species classification tree. This method simultaneously performs
zero—shot classification at the five classification levels of Class, Order, Family, Genus and Species in the species classification tree
and reduces the labor cost of reviewing model results by providing more information about species identification. The proposed
method utilizes hierarchical relationships between categories and introduces soft decision and path correction strategies. The coarse—
grained results provided by the model are also valuable, while classification fails at the fine—grained species level. Compared to the
baseline method enhanced by the path correction strategy, the accuracy of the proposed method increased by 0. 27%, 1. 44%,
1.42%, 1.39%, and 1. 03%, respectively, at each classification level, and the mistake severity was reduced by 1. 1%. The
proposed method improves the accuracy and consistency of hierarchical classification, enhances the interpretability of classification
results, reduces the labor cost of reviewing model results, and increases ecologists’ confidence and willingness to use deep learning
models.
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Fig. 1 Result review of the two classification methods
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Table 1 Text prompt template introducing hierarchical structure

RIEH AR AR
K| a photo of a {class| , such as {subclasses|

SN a photo of a {class|, a kind of {superclass| , such as{subclasses|
L a camera trap image of a {class} , a kind of animal
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Fig. 2 Hierarchy of iWildCam36 dataset labels
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Table 2 Performance comparison between the proposed method and baselines
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Table 3 Ablation study on each component of the proposed method
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Table 4 Ablation of classification levels and independent coefficient
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