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Leakage detection of pollutants at rain drain outlet of power
plant based on improved Faster R-CNN
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(1. College of Automation Engineering,Shanghai University of Electric Power, Shanghai 200090, China;
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Abstract: Aiming at the problem of waste oil leakage from power plant rainwater outlets in monitoring images, a pollutant leakage
detection algorithm based on improved Faster R-CNN is proposed. The improved Faster R-CNN detection algorithm first uses ResNet-50
as the backbone network, and builds a multi-scale feature map pyramid structure ( FPN) on this basis to achieve information fusion
between high-level semantics and low-level semantics, and improve detection accuracy; Secondly, the CloU loss and DIoU-NMS methods
are used to improve the accuracy of bounding box regression in Faster R-CNN; Finally, by introducing Focal Loss function, it solves the
problem of unbalanced positive and negative samples in the R-CNN training stage caused by redundant anchor generated by RPN
network. The experimental results show that the improved algorithm performs well in real samples, and the accuracy rate reaches
90.2%. Compared with the original Faster R-CNN algorithm, the accuracy rate is improved, and the false positive rate and false
negative rate are significantly reduced. It can be effectively used in the actual environment.
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Fig. 1 Schematic of the structure of the online pollutant

leakage detection system of the power plant rain drain

1.2 #EB] WHOS LYt REES

AR T e T HE AL 18 B A ot SR DA K
JRRSGEA N SR 46 3, e A e R 1 Fos i mIHE
PGt B R . 32 1 b DI bk g TR bR %
AR TN R HE O 2 RpRZS BB KR B AR, LR black
S5 AR AR AR M AR R HoR 22 N RUEE H AR,
P B S 2RAE IO AR AR A A I AN
Bt A,

x1 B mHOERYttRHRIEERE
Table 1 Label of pollutant leakage data set of

power plant rainwater outlet
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Fig.3  Flow chart of pollutant leakage detection algorithm for power plant rainwater outlet
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Table 2 Performance evaluation experiment

of backbone network

Backbone Network  Acc,, Ace gy mAP Recall  Precision

VGG16 0. 621 0.005 0.739 0.634  0.646
ResNet-50 0. 801 0.014 0.792 0.732  0.721
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Table 3 Feature map of ResNet-50 network
output with different depth
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B TR HE TS Bt e Rt R R AR AR

I S22 0 2% EL VR 2 I 465 it AR E R 40015 B 0n 3 &, R AIE
TR AR A S LA T 2 B BUSARAE 4 1 454, it
— BT T SRS B fiE
i< 3 B %01, ResNet-50 3 ™ 2% 0] &1 43 A Convl |
Layerl \Layer2  Layer3 , Layer4, HAR 5 AN RR B A9 %
TEECERUBY A T LB 4(a)) T FPN JEHEE, A
SCRFJGH 4 JZ (Layerl ~ Layerd ) Sh JE il 4 #t 22 RPE 4%
TR &8 (A U A Lmi R, B 4%, B 4(b))
5, Layerd J22 % 46 fi 38 31 b 1k 2 ( MaxPooling2D ) 2E
BOHTRHIE I PLAFIERIRST [ 1,256,916 5 Hk, 435
X T P24 2412 (Layeri,i=4,3,2, 1) ffi ] 1x1 & FH 3k
TR B S A BB R AR ] Pi(i=1,2,3,4) R I
K B n B B R AR R P RS 1x 1 B B B 3 i
Layeri JZAHINTE—R R 2 3d —A> 3x3 BB, A i 241 )2
R — 3 R Pi(i=2,3,4,5) , B R N El 4
FTR, 0] LA P AR B AE e R 22 500 3 ok ik o
J5 sAFA Y BT RFE PR RO R AR () 3Rl 338 T R )2
T AN T, D TR 5 T 35 T 4 X 22 IR RRAE Y R ik
FHRECAE 7 o MPERETTAN 5250 P A5 R 1) S0 55085 (3% 4)
FW FPN 255t B AT AN P8 A B2 FHAR I 4
ety _/'.f[;

P3 ""

Layer4
Layer3
Layer2
Layerl
Convl

Input

[ xT conv ¢

(®)

4 ResNet-50 55 FPN HZ5 4330
Fig. 4  Effect picture of resnet-50 combined with FPN

&4 N FPN &R0t EA SLI8
Table 4 Performance evaluation

experiment with FPN structure

Backbone
FPN Acc,, Acc,y  mAP  Recall Precision

Network

vV 0. 850 0.008 0.842 0.770 0.783
0. 801 0.014 0.792 0.732 0.721
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Table 5 CloU loss plus DIoU-NMS and original RPN

network performance evaluation experiment

Backbone CloU

Acc,, Accyy mAP  Recall Precision
Network ~ DIoU+NMS
ResNet-50 VvV 0.864 0.011 0.878 0.784  0.826
+FPN 0.850 0.008 0.842 0.770  0.783
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Table 6 Performance evaluation
experiment using ROI Align
Backbone ROI

Acc,, Accyy  mAP Recall  Precision
Network Align
ResNet-50 v 0.856 0.013 0.852 0.763  0.811
+FPN 0.850 0.008 0.842 0.770  0.783
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Table 7 Performance evaluation

experiment with Focal Loss

Backbone Focal

Acc,, Accy,y  mAP Recall  Precision
Network Loss
ResNet-50 Vv 0.853 0.007 0.841 0.790 0.801
+FPN 0.850 0.008 0.842 0.770 0.783
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Fig.9 Test results of rain outlet status in power plant
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ResNet-50 Faster R-CNN VvV vV vV 0.882 0.021 0.867 0.801 0.786
ResNet-50 Faster R-CNN vV vV Vv 0.889 0.005 0. 855 0.796 0.821
ResNet-50 Faster R-CNN vV vV vV vV 0.902 0.003 0.883 0.826 0. 848
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