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(TA ,tagging accuracy) .

(LA ,locating accuracy)

(BA ,boundary accuray)

EESN , .TA
;LA
IoU , H BA
33
COCO 2014 EESN , Pascal VOC12 20 EESN
, 150k 30k ,mini—batch 10, 0.01,
EESN  Pascal VOC12 20 TA,LA BA o
1 EESN Pascal VOC12
Tab.1 Evaluation of segmentation results of EESN on VOC12 dataset
areo bike Bird boat bottle bus car cat chair cow table
TA 97.8 98.1 97.8 98.3 97.1 98.8 97.1 96.2 93.5 97.8 96.1
LA 82.6 78.5 79.1 72.3 62.1 89.5 75.5 87.2 55.8 81.3 62.5
BA 96.1 84.2 97.2 94.1 94.5 94.8 96.3 96.2 91.6 94.3 92.7
dog horse mbike person plant sheep sofa train tv Avg
TA 96.5 96.7 98.3 93.5 96.5 98.3 93.1 97.8 96.6 96.8
LA 86.7 82.5 82.3 78.5 58.5 81.9 72.6 78.3 62.8 75.6
BA 95.9 95.7 93.8 95.4 92.1 95.6 92.3 95.9 97.2 94.3
1 ,EESN Pascal VOC12 TA,LA,BA 3
96.8%,75.6% 94.3%, EESN Pascal VOC12
EESN o , EESN ,
3.3.1 Pascal VOCI12
EESN , EESN (
Zoom—out™ DeeplLab V2P EdgeNet!! BoxSup™  Higher—order CRF") .
2 o
2 ,EESN Pascal VOC12 mloU  80.5%, o
EESN ( boat,bus,car,mbike,train ),
) o EESN .
3.3.2  Cityscapes
, EESN Cityscapes
, mloU , 3 o
3 L,EESN mloU 67.6% o EESN

Cityscapes bus, car,road, train

o

truck
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Tab.2 Comparison of segmentation results evaluation on Pascal VOC12 dataset

2 Pascal VOC12

Zoom—out EdgeNet Box—Sup Higer-order CRF DeeplLab V2 EESN
areo 85.6 86.1 89.8 90.3 91.2 87.8
bike 373 389 38.1 39.3 55.3 58.7
bird 83.2 78.8 89.2 89.1 88.6 86.8
boat 62.5 60.1 68.9 67.8 70.6 71.3
bottle 66.1 67.2 67.9 69.3 75.3 72.2
bus 85.1 87.2 89.6 90.1 90.8 91.6
car 80.7 81.2 82.9 83.3 85.8 87.6
cat 84.9 82.6 97.7 84.6 86.3 85.1
chair 27.3 37.1 344 39.5 35.1 34.8
cow 73.2 78.5 83.6 80.1 86.7 81.2
table 57.5 62.4 67.1 68.7 70.2 72.3
dog 78.1 80.6 81.5 81.7 83.2 82.1
horse 79.2 80.3 83.7 85.4 86.9 86.8
mbike 81.1 83.6 85.2 87.3 87.8 89.6
person 77.1 80.2 83.5 87.2 89.3 85.8
plant 53.6 56.3 58.6 65.7 66.8 68.7
sheep 74 79.7 84.9 85.1 88.6 85.3
sofa 493 52.9 55.8 62.3 62.8 61.1
train 71.6 78.4 81.2 84.2 833 85.2
tv 63.3 68.5 70.7 75.3 73.8 70.2
mloU 69.6 73.6 75.2 77.9 79.7 80.5
3 Cityscapes
Tab.3 Comparison of segmentation results evaluation on Cityscapes dataset

Zoom—out EdgeNet BoxSup Higer—order CRF Deeplab V2 EESN

bike 61.3 62.5 66.8 65.9 64.2 63.1
build 85.2 86.7 89.2 92.3 91.2 90.1
bus 42.1 43.5 48.6 50.9 50.5 51.2
car 82.3 87.8 92.6 91.7 92.8 93.6
fence 40.1 42.6 44.2 48.9 46.7 48.1
mbike 48.2 553 51.6 54.8 54.3 53.9
person 72.3 78.9 79.2 78.7 77.1 78.1
pole 41.5 42.7 47.4 53.8 55.9 56.1
rider 48.7 50.3 55.3 53.2 514 54.6
road 89..8 92.1 933 97.1 96.8 97.4
sign 58.9 60.4 65.1 68.3 69.1 67.9
swalk 70.3 73.5 78.4 79.3 79.1 78.7
sky 86.3 88.6 91.3 92.6 93.9 90.1
terrain 62.5 65.4 72.1 70.3 69.3 70.8
tlight 535 56.7 61.3 62.9 60.1 61.8
train 42.6 48.3 48.9 54.3 56.5 56.2
turck 323 338 38.5 41.5 35.6 423
veg 83.9 87.6 89.4 90.7 91.4 88.3
wall 325 41.8 36.7 41.3 34.9 40.9
mloU 62.5 63.1 64.8 66.4 67.1 67.6
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Fig.5 Comparison of visual quality maps of several semantic segmentation models on Pascal VOC12 dataset
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Fig.6 Comparison of visual quality maps of several semantic segmentation models on Cityscapes dataset
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Research on Semantic Segmentation Model of Low—Illumination
Edge Enhancement

Luo Hui,Lu Chunyu

(School of Information Engineering, East China Jiaotong University, Nanchang 330013, China)

Abstract:In order to improve the accuracy of semantic segmentation of low —illumination images, an edge en
hanced semantic segmentation model (EESN) based on RPN is proposed. Firstly, higher—order semantic features
of images were learned by using a deep residual network, and the region proposals were quickly generated by
RPN. Secondly, a fusion algorithm was designed to fuse the region proposals and eliminate the repeated candi-
date regions. Finally, low—illumination edges were searched by the edge search box, and their features were en-
hanced by using the local enhancement algorithm with low distortion. EESN was used in semantic segmentation
of Pascal VOC12 dataset and Cityscapes dataset, and 81.2% and 67.6% of pixel intersection—over—union (mloU)
on these two datasets were obtained. The experimental results also demonstrate that EESN has good segmentation
performance for images with low illumination edge.

Key words: semantic segmentation; RPN; low—illumination; edge detection; local enhancement

( 108 )

Application of Variable Weighted Multivariate Statistical Process
Control Method in Transformer State Evaluation

Wang Xun', Wang Yuxin', Kang Chen*, Wan Hua®, Cheng Hongbo'

(1. School of Electrical and Automation Engineering, East China Jiaotong University, Nanchang 330013, China;
2. State Grid Jiangxi Electric Power Research Institute, Nanchang 330096, China)

Abstract: According to the characteristics of different correlation and importance between the variables of trans-
former state evaluation, the weighted Mahalanobis distance is introduced into the traditional multivariate statisti-
cal control chart based on Mahalanobis distance, and a transformer evaluation method based on the variable
weighted multivariate statistical process control is designed. This method combines the weight of transformer state
variable given by association rule method, and uses the wave detection ability of multivariate control chart to
transform the multivariate real —time monitoring data corresponding to various faults of transformer into a test
statistic, and then evaluates the operation state of transformer. The example analysis of the current circuit over-
heat fault shows that compared with the current transformer condition evaluation standard, the method has faster
fault detection speed; the retrospective detection of the sample data of known faults shows that the method has
higher fault detection rate.

Key words: multivariate statistical process control; association rule; weighted Mahalanobis distance, transformer
operation status



