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Bubble detection on the surface of medical empty
bottles based on improved Retina Net

WU HuaYun, REN De-Jun , LU Yi-Zhao, HU Bin, FU Lei , QIU Lii
(College of Mechanical Engineering, Sichuan University, Chengdu 610065, China)

Abstract: In the production process of medical bottles, a large number of bubble will be generated on the
surface of the empty bottle body, but the existing methods have various problems in the detection of
bubbles on the surface of empty medical bottles such as the week robustness to complex scene changes,
and the poor anti-noise ability and so on. Aiming to the existed bubble defects on the surface of medical
empty bottles, an improved deep learning target detection algorithm RetinaNet is proposed to detect the
bubbles on the bottle body. This paper mainly improves the feature pyramid network structure in the o-
riginal RetinaNet algorithm, and introduces the feature enhance module in the process of the feature fu-
sion, which effectively improves the extraction of semantic features and expands the receptive field of
feature maps. In order to reduce the number of parameters and calculation time of the model, consider-
ing that the bubbles on the surface of the empty bottle are all small objects, the network structure to de-
tect large objects in the original feature pyramid network is removed, which effectively improves the de-
tection speed. By recombining the standard ResNet50 network, a dilation convolution module is intro-
duced to expand the feature map receptive field and the accuracy of model detection is improved. The

proposed method is validated on the empty dataset of injection molding, and the accuracy is 99. 72%, the
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missed rate was 0. 12%, the false detection rate was 0. 16%, the mAP is 99. 49% which is higher by

nearly 2. 4% compared with the original RetinaNet.

Keywords: Defect detection; Feature enhance Module; Dilation bottleNeck Module; CNN; FPN
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Fig. 2 The basic structural module of the network

(a) Original bottleNeck; (b) dilated bottleNeck;

(c) dilated bottleNeck with 1X1 conv projection
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Tab. 2 Detection results between the improved algorithm
and original RetinaNet
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