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Detection Method of Filter Bag Opening Based on Mask RCNN
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Abstract: The detection and positioning of the opening of the filter bag occupies a crucial position in the intelligent production

(Department of Information, Zhejiang University of Technology., Hangzhou

process of the filter bag. However, due to the flexible characteristics of the filter bag, the conventional detection method is difficult to
carry out effectively, and the positioning accuracy cannot meet the production requirements. To solve this problem, a multi— scale
target detector combining deformable convolution and mask information is proposed. The detector uses deformable convolution to im-
prove the fixed convolution in the high layer of the backbone network, combined with feature pyramid technology to achieve multi—
scale information fusion. Then, the obtained multi— scale information is generated through the region proposal network to generate
candidate regions, which are screened using the improved Soft— NMS method, and finally sent to the detection head for recognition
and segmentation. The experiment is carried out through the filter bag image data set. The results show that the proposed algorithm

has a detection accuracy improvement of 2. 4% compared to the benchmark algorithm, and achieves accurate identification and high—

precision positioning of the filter bag opening.
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Algorithm 1. 2k Soft— NMS Jr

Input: B={by,*+ by}, S= {51, ssx )G, Hp B & — R
PEAE . S J& FX R AR 43 .G, O TOU BfE

Output:O=1{0y +***+0,,} +S={s1s*s5, 1O NE HHE,S JyHxt
I 1445 43

Begin

O0<0

While B# 0 do:

k<—argmax{S}

K<b,

L<K

B<-B—K

For b; in B:
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If IOU(K,b)>G,
L<LUb,
End if
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3.1 EMiRE
ARSI PENFEAR A 25 FE B (mAP, mean average

() EAFF O i(b) B ATF RETETe
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Z W BB B CAE d =dis (box, s box,..), W LIHRHE A
D 5.
d = dis(box , s00x .0) =
Ve = Ymea)? (g — 240" (1D
HA. y, =1, +32,)/2,2, = (xl, +22,)/2, 3,0 =
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