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Abstract In this paper, a lightweight network with fewer parameters compared to the existing object
detection method is proposed. In the case of the currently used detection model, the network
complexity has been greatly increased to improve accuracy. Therefore, the proposed network uses
EfficientNet as a feature extraction network, and the subsequent layers are formed in a pyramid
structure to utilize low—level detailed features and high—level semantic features. An attention process
was applied between pyramid structures to suppress unnecessary noise for prediction. All
computational processes of the network are replaced by depth—wise and point—wise convolutions to
minimize the amount of computation. The proposed network was trained and evaluated using the
PASCAL VOC dataset. The features fused through the experiment showed robust properties for various
objects through a refinement process. Compared with the CNN-based detection model, detection
accuracy is improved with a small amount of computation. It is considered necessary to adjust the

anchor ratio according to the size of the object as a future study.
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Fig. 1. Comparison between SSD and Feature Pyramid
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Table 1. Compared to network in PASCAL VOC
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Table 2. Inference time from PASCAL VOC 2007

Method Backbone Network FPS
SSD300(31] VGG-16 46
DSSD[11] Residual—101 15

HSD320[12] VGG—-16 40
RefineDet512[13] VGG-16 25
Faster R—CNN[14] VGG—16 7

YOLOv2[15] Darknet—19 81

YOLOv3[16] Darknet—53 45

Proposed EfficientNet—B0 83
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