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Visual relationship detection-based emergency early-warning

description generation in electric power industry

Gao Ming', Zuo Hongqun', Bai Fan’, Tian Qingyang”, Ge Zhifeng', Dong Xingning’, Gan Tian®"
1. State Grid Ninghai Power Supply Company, Ningbo 315600, China; 2. Ninghai Yancang Mountain
Electric Power Construction Company, Ningbo 315600, China; 3. School of Computer Science and Technology,
Shandong University, Qingdao 266237, China

Abstract: Objective The past decade has seen a steady increase in deep learning areas, where extensive research has been
published to improve the learning capabilities of deep neural networks. Thus, a growing number of regulators in the electric
power industry utilize such deep learning techniques with powerful recognition and detection capabilities to build their sur-
veillance systems, which greatly reduce the risk of major accidents in daily work. However, most of the current early-warn-

ing systems are based on object detection technologies, which can only provide annotations of dangerous targets within the
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image, ignoring the significant information about unary relationships of electrical equipment and binary relationships
between paired objects. This condition limits the capabilities of emergency recognition and forewarning. With the presence
of powerful object detectors such as Faster region convolutional neural network (R-CNN) and huge visual datasets such as
visual genome, visual relationship detection has attracted much attention in recent years. By utilizing the basic building
blocks for single-object detection and understanding, visual relationship detection aims to not only accurately localize a pair
of objects but also precisely determine the predicate between them. As a mid-level learning task, visual relationship detec-
tion can capture the detailed semantics of visual scenes by explicitly modeling objects along with their relationships with oth-
er objects. This approach bridges the gap between low-level visual tasks and high-level vision-language tasks, as well as
helps machines to solve more challenging visual tasks such as image captioning, visual question answering, and image gen-
eration. However, the difficulty is in developing robust algorithms to recognize relationships between paired objects with
challenging factors, such as highly diverse visual features in the same predicate category, incomplete annotation and long-
tailed distribution in the dataset, and optimum predicate matching problem. Although numerous methods have been pro-
posed to build efficient relationship detectors, few of them concentrate on applying detection technologies to actual use.
Method Different from existing methods, our method introduces the visual relationship detection technology into current
early-warning systems. Specifically, our method not only identifies dangerous objects but also recognizes the potential unary
or binary relationships that may cause an accident. To sum up, we propose a two-stage emergency recognition and forewar-
ning system for the electric power industry. The system consists of a pre-trained object-detection module and a relationship
detection module. The pipeline of our system mainly includes three stages. First, we train an object-detection module based
on Faster R-CNN in advance. When given an image, the pre-trained object detector localizes all the object bounding boxes
and annotates their categories. Then, the relationship-detection module integrates multiple cues ( visual appearance, spatial
location, and semantic embedding) to compute the predicate confidence of all the object pairs, and output the top instances
as the relationship predictions. Finally, based on the targets and relationship information provided by the detectors, our
system performs emergency prediction and generates a warning description that may help regulators in the electric power
industry to make suitable decisions. Result We conduct several experiments to prove the efficiency and superiority of our
method. First, we collect and build a dataset consisting of large amounts of images from multiple scenarios in the electric
power industry. Using instructions from experts, we define and label the relationship categories that may pose risks to the
images in the dataset. Then, according to the number of objects forming a relationship, we divide the dataset into two
parts. Thus, our experiments involve two relevant tasks to evaluate the proposed method: unary relationship detection and
binary relationship detection. For the unary relationship detection, we use precision and recall as thee valuation metrics.
For the binary relationship detection, the evaluation metrics are Recall@5 and Recall@ 10. As our proposed relationship-
detection module contains multiple cues to learn the holistic representation of a relationship instance, we conduct ablation
experiments to explore their influence on the final performance. Experiment results show that the detector that uses visual,
spatial, and semantic features as input achieve the best performance of 86. 80% in Recall@5 and 93.93% in Recall@ 10.
Conclusion Extensive experiments show that our proposed method is efficient and effective in detecting defective electrical
equipment and dangerous relationships between paired objects. Moreover, we formulate a pre-defined rule to generate the
early-warning description according to the results of the object and relationship detectors. All of the proposed methods can
help regulators take proper and timely actions to avoid harmful accidents in the electric power industry.

Key words: emergency early-warning; object detection; visual relationship detection; multimodal feature fusion; multi-
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Fig.1 The processing framework of the early-warning system
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Fig.3 The feature extraction module of the

visual relationship detection network
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Fig.4 The prediction process of the proposed deep visual relationship detection framework

3 XWHERSHM

3.1 #HE&E

BEXF SR A VR 2 2 2 A8 W L g AR
SCIRIRIE O R X G40 B L 42 F i E T —Jo ok
REAREM TR B, TR RBIEES)
TXT A ) A 2 A AT VAL, 32 ZEA 45 X
Blj 2l BT 46 2% T XS R A S ) AR ) A
WA T RS IARAE B S5 e i RUR, JE R e iR
AHATIRE , CLT5 B m A5 1k B AT Bk | 4 2% il
4 PR R Y e PR A T RE T | & L ) SRk
IR HICR , IR RBARERT ) TR X 4 1]

I FE R O R AT PV | E B s s M L s s o
el W A W e BRI
{EEWFE 1 fFE2 iR,

F1 —TXREBEERITER

Table 1 Statistics of the unary relationship dataset
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Table 5 Comparison of experiment results in binary
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Fig.5 Demonstration of the results of dangerous relationships predicted by the proposed early-warning system
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Table 7 Results of the early-warning

description generation
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