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ABSTRACT

With the continuous development of hardware performance, many applications that utilize deep learning in
mobile and embedded devices have emerged, even if they are not high-performance PCs. However, despite
advances in hardware performance, there are limitations in using heavy models with a large number of
parameters on mobile and embedded devices. In this paper, we design a network to be used for embedded
devices when performing weak supervised object localization using a class activation map. The proposed
model, Light-CAM, designs the layer of the Class Activation Map network shallowly, reducing the number of

parameters of the model and minimizing the reduction in localization performance. Experiments show that the
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Light-CAM+BR-AvgCAM combination showed the third-highest performance when comparing localization

accuracy using multiple models and multiple CAM methods on Bird and Dog datasets. Compared to the

VGG16+BR-AvgCAM combination with the highest performance, the localization accuracy is 5.9% lower, but

the number of parameters is reduced by 9.34 times. It can be seen that the proposed Light-CAM model is a

suitable model for small embedded devices with minimal computing.
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Fig. 1. The process of generating BR-AvgCAM.
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Table 1. The experimental environment & Model training
parameters.

(N Windows
Python 3.8.8
GPU count 1
GPU type GeForce GTX 1660 Super
Frame work Tensorflow 2.3.0
Optimizer Adam
Learning rate 0.001
Epochs 50
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Table 2. The results of the localization accuracy of Light-CAM by dataset.

Method Dataset Localization Accuracy(%) Number of train data
CAM 8.10
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Method Model Localization Accuracy(%) parameter
CAM ResNet50 34.61
23,593,859
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Fig. 5. Bounding boxes created by CAM and BR-AvgCAM learned from multiple models in Bird and Dog datasets.
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