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Abstract
Butterflies are sensitive to their surroundings and can be used as indicator species responding to
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the ecological environment, so their identification studies are of great significance for studying
ecological stability. However, butterfly classification is highly detailed with high similarity, and
the traditional recognition methods are inefficient. In order to solve the above problems, this pa-
per proposes an improved object detection method based on YOLOv5s with the goal of automatic
species identification of butterfly images. In order to reduce the information loss and improve the
accuracy, the CSandGlass module is designed on the backbone feature extraction network of YO-
LOv5s to replace the residual module; and the SE attention mechanism and the loss function are
added and improved. The average accuracy of the improved model is 92.6%, compared with the
original model, the average accuracy is improved by 2%, and has strong robustness and stability,
which can meet the demand of butterfly species recognition in natural environment.
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Figure 1. YOLOvbsnetworkarchitecture
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Figure 2. Structure diagram of CSandGlass
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Figure 3. SE attention module
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Figure 4. Butterfly samples. (a) Catopsilia_pomona; (b) Colias_erate; (c) Delias_pasithoe; (d) Gonepteryx_rhamni; (e) He-
bomoia_glaucippe
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Table 1. Experimental results of different models
1 FEMRBILGEER

(RS i FEH R % F1 MAP@0.5% FPS
YOLOV3 77.1 59.8 74.8 6.8
YOLOv4 82.8 63.2 73.0 2.2
SSD 90.1 87.8 91.6 7.0
YOLOVS5s 94.3 90.0 90.6 37.0
YOLOV5s_CS 93.9 91.0 92.6 35.1

Table 2. Different categories of butterfly identification results

2. FRIAHMIRIRHI LR

PR%E K% % H [ 2% MAP@0.5% MAP@0.95%
Catopsilia_pomona 95.2 64.5 77.0 60.9
Colias_erate 95.8 95.1 94.9 81.6
Delias_pasithoe 97.4 96.4 98.1 79.4
Gonepteryx_rhamni 89.6 925 95.5 73.0
Hebomoia_glaucippe 95.2 89.7 97.7 82.9
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