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Abstract

Recently, weakly supervised learning-based methods have received significant attention due to their ability to reduce labeling
costs. In particular, weakly supervised object localization has become an important research topic as it aims to learn object
localization without the need for precise location labels. Consequently, it can be trained using easily obtainable image data from
online sources. However, since it is trained solely using image-level class labels, it has limitations in terms of localization
accuracy, as it usually identify only the most distinctive regions of the object. To address this issue, we propose a training
strategy that incorporates class-specific foreground maps to improve localization accuracy. Additionally, we present an enhanced
method for normalizing class activation maps to further enhance localization accuracy. The effectiveness of the proposed method is
validated using the publicly available CUB200 dataset and ImageNet dataset.
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Table 1. Quantitative comparison using the CUB200 dataset® and ImageNet dataset”

A CUB-200[8] ImageNet[12]
Top-1 Loc Top-5 Loc GT-known Top-1 Loc Top-5 Loc GT-known

CAM[1] 48.07 59.20 63.30 43.35 54.55 58.97
HaS[2] 46.70 - 67.31 42.73 - 60.12
ADL[10] 47.74 - 43.01 - -
PaS[9] 59.41 - 78.60 44.78 - 61.69
FAM[11] 65.67 - 85.71 46.24 - 62.05
BAS[6] 69.77 86.00 92.35 52.97 66.59 72.00
Ours 70.68 86.30 92.77 53.31 66.84 72.77
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