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Dense Pest Counting based on Local Grouping and
Discriminative Feature Attention Learning
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Abstract

Pest images captured from traps cause occlusion problems and various pose changes because the pests are densely
distributed or form clusters. To solve these obstacles, it is essential to model an attention mechanism that can
enhance the discrimination of local features by separating the object region and the background region. To this end,
in this study, we present a new model that integrates local grouping and scale-induced attention into a multi-scale
CenterNet framework. In particular, we propose a method to model local attention by utilizing the predicted heatmap
information, i.e., the center point of the pest, from the first stack backbone. Through experiments, the proposed
model has been proven to be effective in improving feature discrimination through local grouping and discriminative
feature attention modeling, and in overcoming occlusion and pose changes. Above all, the proposed model achieves
an accuracy improvement of approximately 24.6% over the existing object detection-based counting model.
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Fig. 2. Conventional multiscale CenterNet for dense pest counting
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Table 1. Quantitative evaluation of pest counting models

Counting models | MAE(}) | RMSE(}) | AP(1)
RetinaNet[7] 39.589 52.454 0.595
Faster
RCNNZ] 20.397 42553 0.521
RepPoints8] 28.404 43095 0678
YOLOX[10] 11.612 14.717 0.676
YOLOV7[11] 4843 16.573 0.609
CenterNet[9] 6.015 11.031 0.653
Multiscale
CenterNet(4] 534 9719 0693
Proposed model 2.538 6.666 0.920
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