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A Butterfly Detection Algorithm Based on Transfer Learning and

Deformable Convolution Deep Learning

LI Ce! ZHANG Dong® DU Shao-Yi? ZHU Zi-Zhong® JIA Sheng-Ze* QU Yan-Yun®

Abstract Aiming at the demand of butterfly multi-features recognition, and the problems of low precision and efficiency
of butterfly detection in ecological environment, a butterfly detection with deformable convolution depth neural network
based transfer learning is proposed (TDDNET). Firstly, the ResNet-101 convolutional layer is reconstructed by using the
deformable convolutional model, which can reinforce the learning of feature extraction network for butterfly features. At
the same time, this algorithm is combined with the region proposal network (RPN) to construct a two-classes detection
network named DNET-base. Next, on the DNET-base to build TDDNET, the subnetwork RPN is used to guide the
deformable sensitive position Rol pooling layer, which can obtain the scores feature map and the multi-scale object
location. Then, we use the Soft-nms to obtain better detection results. Finally, the model after DNET-base training is
transferred to the TDDNET, and fine-tuning the TDDNET multi-classification parameters. In testing datasets which have
854 images, the butterfly m APy 5 of the proposed algorithm is 0.9414, m AP, 7 is 0.9235, the detection rate (DR) is 0.9082
and the classification accuracy (ACC) is 0.9370. The experiments demonstrate that the proposed algorithm outperforms
the state-of-the-art model in the same hardware environment. The results show that the proposed algorithm can detect
butterflies with high accuracy.
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Table 1 Contrast the differences of the network Table 3  Experimental results of the proposed algorithm
structure of the proposed algorithm and other target detection algorithms
P 2% S5 4 25 - mAP0.5 mAP0.7 DR ACC X LA mAP0.5 mAP0.7 DR ACC
TDDNET (Soft-NMS) 0.9415 0.9235 0.9082 0.9370 Faster R-CNN[2l 07879  0.7418 0.8308 0.7845
TDDNET (NMS)  0.9358  0.9208 0.9004 0.9274 Faster R-CNN* 0.8207  0.7932 0.8554 0.8144
DDNET (NMS, %£iF#) 0.9137  0.9009 0.8503 0.9180 R-FCNI[22] 0.8650  0.8405 0.8650 0.8911
TDDNET(LAZEER) 0.8827  0.8506 0.8532  0.8728 R-FCN* 0.8957  0.8594  0.8747  0.9087
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TR 1 PRy sLis g e Ui 8, A% DDNET SSDI23] 0.7794  0.7013  0.8648 0.7564
(NMS, FTiF8) Bk IECR LT TDDNET (JEa[2F YOLO-v3!'™ (ResNet50) 0.7787  0.7785  0.8751  0.7956
TG, B W] AR JEAS RN M 26 520 K. A YOLO-v31'" (DarkNet) 0.7889  0.7822  0.8746  0.8050
B R I Soft-NMS 8 R 8 LT NMS TDDNET 0.9415 0.9235 0.9082 0.9370
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Table 2

convolution network in different layers of the proposed

Aiming at the difference of using deformable

algorithm
AR TE BRI 25 2 mAPO0.5 mAPO0.7 DR ACC
TDDNET 5g#HE4 0.9415 0.9235 0.9082 0.9370
TDDNET #£%2 (B Res2c) 0.9402  0.9174 0.9004 0.9304
Res5 (a,b,c)+ PS Rol 0.9258  0.9076 0.8939 0.9186
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Resb (a, b, c) 0.8802 0.8609 0.8693 0.8901
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Fig.11 Contrastive examples of subjective results of experiments
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