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(Implementation of Deep Learning-based Label Inspection System
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Abstract : In this paper, the two-stage object detection approach is proposed to implement a deep learning-based label

inspection system on edge computing environments. Since the label printed on the products during the production

process contains important information related to the product, it is significantly to check the label information is

correct. The proposed system uses the lightweight deep learning model that able to employ in the low-performance

edge computing devices, and the two-stage object detection approach is applied to compensate for the low accuracy

relatively, The proposed Two-Stage object detection approach consists of two object detection networks, Label Area

Detection Network and Character Detection Network., Label Area Detection Network finds the label area in the

product image, and Character Detection Network detects the words in the label area. Using this approach, we can

detect characters precise even with a lightweight deep learning models. The SF-YOLO model applied in the proposed

system is the YOLO-based lightweight object detection network designed for edge computing devices. This model

showed up to 2 times faster processing time and a considerable improvement in accuracy, compared to other
YOLO-based lightweight models such as YOLOv3-tiny and YOLOv4-tiny. Also since the amount of computation is
low, it can be easily applied in edge computing environments.
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Two-Stage Object Detection Approach

Discrimination
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Label Area Character
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Reshaped Input Image
Input Image Output ( Label Space)

2! 1. Metsk= Two-Stage A AZE wHel &AM
Fig. 1. Seauence of proposed Two-Stage object detection approach
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Table 1. Comparison of performance of Two-Stage and One-Stage detection approach

One-St
nemotase Two-Stage Approach
Approach
Model Model Stage-One | Stage-Two Number Word .
Processing
FLOPs | F1-Score FLOPs FLOPs F1-Score Accuracy Accuracy Ty (ms)
[x10"] [x10"] [x10""] (%) (%) e s
SF-YOLO 2.552 0.31 2.523 2.551 0.97 99.5 66.7 478
YOLOv3-tiny 5505 0.40 5.448 5.504 0.96 985 61.5 806
YOLOv4-tiny 6.845 0.24 6.787 6.843 0.97 99.5 65.9 1,004
YOLO v3 65.573 0.89 65.304 65.560 0.95 98.8 65.9 8,768
2] (Amlogic S912 - Octa—core ARM Cortex-A53)E A& g2 A4 #AEF =95 YOLO v3, YOLOv3-tiny,
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