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Abstract

Aiming at the problem that the detection accuracy is not high when the single full connection layer
is only used for target classification and bounding box regression by Faster RCNN, a miner detec-
tion framework based on improved Faster RCNN is proposed, which deals with target classifica-
tion and bounding box regression separately. In order to realize the function of miner in and out
counting, after improving the recognition of Faster RCNN framework, a miner in and out detection
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algorithm based on three lines was designed. Experiments on real downhole data sets show that
the improved Faster RCNN detection framework has higher accuracy and recall.
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Figure 1. Target image of cage underground outlet
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Figure 2. Traditional fast RCNN network structure
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Figure 3. The realization of the ResNet
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Figure 4. ResNet network architecture
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Figure 5. New target detection module
5. #80 B ARMIARIR

O R 2% 2574 5 Faster RCNIN (¥ —FE2 T B IO R U X 2%, F RPN 28 SRIUIIEAE, A mks L
PRI ERE, PIARRZ I /N B bRl 8, ok i X 45 S5 M 7E T )2 5 R Faster RCNIN 28 AN [, % 43
FETE AL M55 53 AT AL B, BT DA S B (R 5CR o eeadt ) 2% BEARHE 22 11 6 7, £ ROIPooling
EIG, MNP, — N SCRABTAT RS RO AT 0 FAE RV TN, —N 5 SR A4k
Fe AT RAE SR IO AT 23 25 T
5. # THAZ=ZKBNEZ

B Fid i et Faster RCNN JE 3R EX 22 428 H A%, JSEILAN R Geit, £ 4 SCHR[13] /025 T T SRR B 1
H bR B0 VA0 SCHR 14T (0 255 A0 1 s A B R R R R, AR SOt 7 =il 503, W&l 7 fos o
SRR E R I BRI Rt 2 — 28 )5 BT 55 LRGN ) Bl 5 = 2R ) G 5 2k (B
A WA B R 2R an R E AR A LR Ay ARBR LG R A y ARRRE R, T E B AR
W SR EHARKE A2 sy ARAREL E— Wi Sy ARAREDN, HIE BRI IR SR
WRUEE 1R, HRmEEwE 8 AR,

DOI: 10.12677/csa.2022.124098 957 TR 5 R H


https://doi.org/10.12677/csa.2022.124098

VIS

Generalized RCNN
Transform —#  Backbone
(Normalize, Resize)

|
[ | [ :
| | Conv3x3 | &
| | Targets |
| . l | I
| | L
Anchors |
_____ | Generator I: ' ‘ | |
: Targets ! : ] | Conv1x1 Conv1xl : |
— |
: : | cls_logits box_pred | —
[ |
| . | :
TR Y |
| r Select Samples P e e
I |2 2o i Proposals RPNHead I | Select Samples |
: ' |
' !
RPN Loss | Filter Proposals |
e T e |
Faster RCNN Predictor
ROIpooling m—
" + ----- * -==
I I
| Convl, Conv2 Flatten, FC |
| | . Postprocess Detections
| ‘ * | (Filter low score object, NMS....)
|
| FC3 FC4 :
| Iy ———— —
—I Generalized RCNN Transform Postprocess
| Compute Fast RCNN Loss I (Map predicted bbox back to original image)
B o o o - ———

Figure 6. Safety helmet detection network based on improved faster RCNN
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Figure 7. Three line detection of real image
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Figure 8. Flow chart of three line detection algorithm
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Figure 9. Loss function and learning rate curve
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Figure 11. Detection effect of miner safety helmet
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