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Abstract: To address the low decision accuracy, long decision time and limited 
fault recovery rate of traditional distribution network fault decision methods, 
this paper proposes an automatic decision-making method for distribution 
network fault handling based on knowledge graph and reinforcement learning. 
Firstly, the canopy clustering algorithm and UMAP manifold learning are 
adopted to collect and preprocess operational data of distribution networks. A 
top-down fault handling knowledge graph with pattern and data layers is 
further constructed to realise dynamic knowledge updating. Moreover, a 
knowledge graph-embedded deep Q-network decision framework is designed, 
which generates optimal fault handling sequences through offline dual-strategy 
learning. Experimental results verify that the proposed method achieves stable 
decision accuracy of 97.8–98.9% within 0.52–0.71 s, with a maximum fault 
recovery rate of 99.12%. 

Keywords: distribution network fault handling; knowledge graph; 
reinforcement learning; canopy clustering; deep Q-network. 
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1 Introduction 

With the accelerated construction of new power systems, distributed power sources, 
energy storage devices, and various diversified loads have achieved large-scale 
integration into the distribution network (Wang and Sun, 2025). In this context, the 
amplitude and direction of fault currents become complex and difficult to predict, and the 
fault evolution process becomes more rapid, with significant randomness in its impact 
range (Zhou et al., 2026). At the same time, users’ requirements for power supply 
reliability and power quality continue to increase, and the frequent occurrence of extreme 
weather events further exacerbates the frequency and difficulty of handling distribution 
network failures. In this context, the handling of distribution network faults faces 
practical challenges such as large information processing volume, strong decision-making 
timeliness, and variable operation modes. It is urgent to improve the automation and 
intelligence level of post fault isolation, recovery, and reconstruction (He et al., 2025). In 
this context, the research on automatic decision-making for fault handling in distribution 
networks aims to use real-time measurement information and intelligent optimisation 
algorithms to achieve rapid identification of fault types, accurate positioning of fault 
sections, automatic generation of power supply recovery paths, and coordinated control 
between distributed power sources and the main grid. This has important theoretical 
value and engineering practical significance for ensuring the safe and stable operation of 
distribution networks and promoting the automation level of smart grids (Bera and 
Mande, 2025; Li et al., 2025b). 

In response to the above research topic, Zhang et al. (2024) proposed a distribution 
network fault recovery decision-making method based on graph reinforcement learning. 
Using graph data to fully depict the key decision-making elements in the fault recovery 
process, covering the topology connection relationship and electrical quantity 
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characteristics of the distribution network. Design a graph reinforcement learning 
architecture, with a pre graph neural network module responsible for processing 
dynamically changing graph data inputs, effectively adapting to frequent topology 
adjustments in the fault recovery phase of the distribution network. The graph neural 
network built into the reinforcement learning agent directly generates the optimal fault 
recovery plan, significantly improving decision response speed. However, graph 
reinforcement learning models have insufficient generalisation ability for small sample 
fault scenarios, with reward functions biased towards decision speed rather than 
accuracy, and insufficient integration of multi-source information such as protection 
actions and fault recording, resulting in a decrease in the accuracy of automatic  
decision-making for distribution network fault handling under complex fault conditions. 
Song et al. (2025) proposed a distribution network fault recovery decision method based 
on BERT-BiGRU-CRF. A deep learning model that integrates BERT, BiGRU and CRF 
is designed specifically to extract key knowledge from fault texts in distribution 
networks, addressing the problem of poor entity recognition performance due to small 
sample sizes. Secondly, in order to integrate power data with diverse sources and 
inconsistent structures, a knowledge graph for fault dispatch and disposal in distribution 
networks was constructed. Heterogeneous information was uniformly converted into 
structured knowledge forms, and the visualisation of the graph was achieved using the 
Neo4j graph database. Finally, it was applied to the dispatch assisted decision-making 
process for fault disposal in distribution networks. The model structure is complex and 
computationally intensive, coupled with additional delays in the Neo4j retrieval and 
inference process of the knowledge graph, making it difficult for the overall serial 
processing flow to meet real-time response requirements. Xia et al. (2024) proposed a 
distribution network fault recovery decision method based on mixed integer 
programming. Regarding the optimisation and arrangement of long-term maintenance 
plans for distribution network feeders, fault risks are divided into three categories, and 
corresponding operation and maintenance measures are matched for each category of 
risk. On this basis, a multi-objective mixed integer linear programming model is 
established to achieve high-precision lean scheduling of distribution network 
maintenance plans. After model solving and optimisation, the economic indicators of 
operation and maintenance as well as the reliability indicators of power supply in the 
distribution system have been effectively improved. However, the mixed integer linear 
programming model used is oriented towards long-term maintenance scheduling rather 
than real-time fault recovery, simplifying the topology structure and omitting some 
transfer switch combinations. At the same time, conservative optimisation strategies tend 
to abandon edge loads to reduce computational complexity, resulting in a decrease in the 
fault recovery rate of its distribution network. 

A new automatic decision-making method for distribution network fault handling 
based on knowledge graph and reinforcement learning is proposed with the expected goal 
of solving the problems of low accuracy, long automatic decision-making time, and low 
recovery rate of distribution network fault handling in the above methods. This route first 
uses canopy clustering algorithm to quickly screen multi-source heterogeneous operation 
data of distribution network, and then adopts UMAP manifold learning method to 
preserve the global topology structure of high-dimensional data in the dimensionality 
reduction process, in order to solve the scalability and structural fidelity problems in 
massive real-time data; subsequently, a top-down two-level knowledge graph is 
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constructed, using the BERT BiLSTM CRF model to extract entities and relationships 
from unstructured and semi-structured scheduling rules, fault handling records, and 
defect libraries, forming a hierarchical architecture that encapsulates rule constraints at 
the pattern layer and stores specific instances at the data layer. A separation mechanism is 
designed for triggering pattern layer updates and periodically triggering data layer 
updates to ensure the timeliness of knowledge; finally, a deep Q-network decision 
framework that integrates knowledge graphs is designed. Topological semantics and 
measurement data are used as state inputs, and regulatory constraints are incorporated 
into the reward function. The optimal fault handling action sequence is automatically 
generated using the offline learning strategy of the target network and valuation network. 
The core feature of this method is the construction of a complete closed loop that 
integrates data preprocessing, knowledge modelling, and reinforcement learning 
decision-making. Its novelty is reflected in three aspects: firstly, the introduction of 
UMAP’s Riemannian geometry and algebraic topology theory in data dimensionality 
reduction to solve the problem of uneven distribution of distribution network operation 
data during peak and low load periods, which is different from traditional linear 
dimensionality reduction methods such as principal component analysis; secondly, the 
dual level update mechanism of knowledge graph enables structured prior knowledge to 
continuously evolve with the revision of regulations and the accumulation of fault cases, 
which is different from the static construction mode of conventional knowledge graph; 
thirdly, in deep Q-networks, it is not simply a matter of applying a general network 
structure. Instead, knowledge graphs are embedded into the state space and reward 
functions are customised for distribution network fault handling scenarios, enabling 
reinforcement learning to maintain high decision accuracy even under small sample and 
topology changing conditions, thus achieving performance breakthroughs in accuracy, 
timeliness, and power recovery capabilities simultaneously. 

2 Design of automatic decision-making method for distribution network 
fault handling 

2.1 Data collection and preprocessing for distribution network operation 

The canopy clustering algorithm is a fast and rough preprocessing clustering method. 
Distribution network data has the characteristics of high dimensionality, massive volume, 
strong real-time performance, and the presence of a large number of outliers and missing 
values (Al-Jumaili et al., 2024). The canopy algorithm can be used for fast data screening 
in the front-end collection, such as performing canopy coarse clustering on time-series 
data such as voltage, current, and power in distributed collection terminals. Due to the 
overlap between clusters, the algorithm can adapt to the fuzzy boundary characteristics of 
multi node power supply or load fluctuations in the distribution network, and has good 
tolerance for outliers in the collected data. However, it should be noted that the two 
thresholds of this algorithm rely on manual experience settings. If the dynamic range of 
distribution network data changes dramatically, it may lead to overly rough cluster 
partitioning or loss of effective information. Therefore, it is more suitable as a 
lightweight leading step in the distribution network data preprocessing chain, combined 
with more accurate clustering or classification methods to complete the final analysis. 
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Canopy clustering is a method of roughly partitioning data through central points. 
This method takes each canopy centre as the centre and draws small and large circles 
with radii of T2 and T1, respectively. The data points falling within the small circle range 
are included in the current canopy; points located outside the small circle and inside the 
large circle are considered potential new canopy centres and can continue to be used for 
subsequent data partitioning (Zhang, 2024). The specific execution process of this 
algorithm is as follows: 

1 Set the distribution network operation dataset List, determine thresholds T1 and T2, 
and ensure that T1 > T2. 

2 Randomly select a data point and mark it as A, then delete it from the data list List. 
Based on point A, establish an independent canopy set. 

3 Calculate the distance d from all points in the set List to data point A. 

4 If T2 < d < T1, then take the corresponding data point as the weak correlation point of 
data point A. 

5 If d < T2, take the data point as the strongly correlated point of data point A, and 
remove it from the set List, no longer selecting it as the centre point. 

6 At this point, ϑ centre points will be obtained, and the clusters containing ϑ centre 
points will be traversed. If the number of points in a cluster is less than a certain 
number, it is considered that there are noise points here, so the centre point and its 
cluster will be directly deleted. 

The collected operational data of the distribution network is shown in Table 1. 
The distribution network operation data collected in this study covers three 

categories: structured, semi-structured and unstructured, including distribution network 
equipment ledger data, fault handling data, dispatching regulation data and distribution 
network defect database data. The data types and selected fields are listed in Table 1. The 
main difficulties in data acquisition are reflected in three aspects: first, multi-source 
heterogeneous data are scattered in different business systems such as distribution 
automation system, data acquisition and monitoring control system, fault recording 
device, protection information management subsystem and meteorological monitoring 
system, and the data format, sampling frequency and interface protocol of each system 
are not uniform, which makes cross-system association and integration difficult; second, 
unstructured fault handling texts and scheduling rules data contain a large number of 
technical terms, colloquial expressions and default information, and the entity boundaries 
are vague, so manual labelling is expensive and consistency is difficult to guarantee; 
third, the operation data of distribution network has the characteristics of high dimension, 
massive real-time and contains many abnormal values and missing values. 
Communication interruption or equipment abnormality in the field acquisition process 
often leads to incomplete data, which affects the quality of subsequent modelling. In view 
of the above difficulties, the collection method adopted has the following characteristics: 
relying on multiple in-service systems to realise automatic collection and ensure the 
authenticity and continuity of data sources; the unstructured text is marked with BIO 
sequence by YEDDA tool, which provides training samples for subsequent  
BERT-BiLSTM-CRF knowledge extraction; in data preprocessing, the principle of triple 
standard deviation is used to identify and correct outliers, the nearest neighbour 
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interpolation is used to achieve time alignment of multi-source data, the second-order 
low-pass Butterworth filter is used to remove high-frequency noise, and the  
maximum-minimum method and standard score normalisation are used to standardise 
electrical and non-electrical data respectively, thus laying a foundation for subsequent 
knowledge map construction and strengthening learning decision-making while ensuring 
data quality. 
Table 1 Distribution network operation data 

Data name Data type Selected parts 
Distribution 
network 
equipment 
ledger data 

Semi-structured Including the official name of the equipment, the power 
station it belongs to, the operation and maintenance team, the 
specific person in charge, the designed voltage level, the 
corresponding main feeder line, and the actual date of 
commercial operation 

Fault handling 
data 

Unstructured Including the name of the power outage line, fault category, 
cause analysis, secondary classification of fault causes, 
location of the power outage area, fault overview, accident 
handling process, and root cause explanation, etc 

Dispatch 
protocol data 

Unstructured Including the integration of new facilities into operation 
management, management of power plant grid connection 
processes, coordination of large-scale user side grid 
connection, execution of dispatch regulations, system 
operation switching operations, emergency response 
mechanisms for accidents, load regulation management, 
maintenance plan organisation, etc 

Distribution 
network defect 
database data 

Semi-structured Including equipment identification, construction team, 
classification of defect severity, specific description of 
defects, equipment category, etc 

In order to solve the scalability problem caused by large-scale collection points such as 
smart meters and feeder terminal units in distribution network operation data, and to 
preserve more global topology structure in high-dimensional operation data such as 
voltage phase and harmonic distortion rate of each node. UMAP uses Riemannian 
geometry and algebraic topology to solve the problem of uneven distribution of operation 
data in different regions of the actual physical manifold of the distribution network, such 
as significant differences in data density between peak and low load periods (Li et al., 
2025a). Specifically, it introduces a local connectivity constraint ρi to measure the 
distance from xi to its nearest neighbours, and a normalisation factor σi to measure the 
total similarity from xi to its k nearest neighbours. The calculation formula for ρi is as 
follows: 

{ }2min 1i i jρ x x j k= − ≤ ≤  (1) 

The calculation formula for the conditional probability pj|i of measuring the similarity 
between xi and its neighbour xj in high-dimensional space is as follows: 

2
| exp

i j i
j i

i

x x ρ
p

σ
 − − 

= − 
 

 (2) 
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In the above formula, σi represents the local connection parameter. After calculating the 
conditional probability of pj|i for each data point, UMAP uses a symmetric matrix P to 
measure the distance between high-dimensional data points. The calculation formula for 
each element pij in matrix P is as follows: 

| | | |ij j i i j j i i jp p p p p= + −  (3) 

In the above formula, pij represents the conditional probability that data point xi is 
considered as its neighbour when using data point xj as the reference. 

UMAP assumes that high-dimensional data points are uniformly distributed on a 
potential low dimensional manifold. The probability of yi having yj as its neighbour in the 
embedding space is as follows: 

( ) 12
21 b

ij i jq a y y
−′′= + −  (4) 

In the above formula, a′ > 0 and b′ > 0 represent two different hyperparameters, which 
are set by default to a′ ≈ 1.929 and b′ ≈ 0.7915, respectively (Li and Chauhan, 2025). It is 
worth noting that when a′ = 1 and b′ = 1, the low dimensional embedding qij is a student 
t-distribution. After obtaining probabilities pij between high-dimensional data points and 
qij between low dimensional data points, UMAP attempts to minimise the difference 
between pij and qij through a cross entropy loss function to find the representation of low 
dimensional data: 

( ) 1
log 1 log

1
ij ij

ij ijj i ij ij

p p
W p p

q q≠

 −    = + −    −    
  (5) 

After canopy clustering and UMAP dimensionality reduction, the redundant noise and 
outliers are eliminated, and the high-dimensional global topological structure is kept in 
the low-dimensional space, which provides a clear structure and complete information 
input basis for subsequent knowledge extraction. However, numerical data can only 
reflect the state characteristics of distribution network operation, but cannot express the 
logical association between devices, the constraint relationship of operation procedures 
and the pattern law of historical faults. Therefore, it is necessary to further build a 
knowledge map for fault handling on the basis of data preprocessing, and store and 
organise these regular and empirical knowledge in the form of structured triples.  
Section 2.2 will detail the construction process and two-level update mechanism of 
knowledge map. 

2.2 Construction of knowledge graph for distribution network fault handling 

BERT is essentially a pre trained model for language representation. Its core architecture 
is built on the basis of a bidirectional Transformer and introduces an innovative masked 
language model (MLM) mechanism. Using this mechanism, BERT can generate deep 
level bidirectional semantic representations to support knowledge extraction tasks in 
distribution network operation data. The network structure of the knowledge extraction 
model for distribution network operation data is shown in Figure 1. 
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Figure 1 Network structure of knowledge extraction model for distribution network operation 
data (see online version for colours) 
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The network structure of the knowledge extraction model of distribution network 
operation data shown in Figure 1 adopts the design of series integration of BERT layer 
and BiLSTM layer, and its structural advantages are embodied in the following aspects. 
Pre-trained BERT model is loaded at the front end, and by using its bidirectional 
Transformer encoder architecture and mask language model pre-training mechanism, the 
deep semantic representation ability can be acquired on large-scale general corpus, which 
makes the model obtain better generalisation performance under the condition of only 
using small-scale manual labelling training data, effectively reducing the engineering 
difficulty of high cost of labelling distribution network fault text. At the same time, the 
BERT layer adds a [CLS] tag at the beginning and a [SEP] tag at the end of the input 
sequence and performs word-level segmentation, and maps the character embedding 
coding, position information coding and sentence information coding into the same  
high-dimensional space and then adds them together, so that the model can 
simultaneously capture multiple information of character semantics, position order and 
sentence boundary. BiLSTM layer is connected in series at the back end to extract the 
contextual linguistic features of the vector sequence output by BERT for the second time. 
BiLSTM’s bi-directional structure can utilise both forward and backward contextual 
information at each time step, which makes up for the deficiency that one-way LSTM can 
only capture the one-way dependence of the sequence. It is especially suitable for the 
characteristics of strong correlation of technical terms and long context dependence of 
entity boundaries in distribution network fault texts, for example, multiple device names 
and actions can only be fully expressed in fault cause description. The model does not 
simply adopt serial output between BERT layer and BiLSTM layer, but designs 
concatenate feature series layer to splice and fuse the vector sequences generated in the 
two stages, so that the features that finally enter the fully connected layer include both the 
deep bidirectional semantic representation provided by BERT and the local temporal 
context features provided by BiLSTM. Compared with the single model scheme using 
only BERT or BiLSTM, this fusion strategy can give consideration to global semantic 
understanding and local sequence dependency capture, and enhance the robustness of 
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expression and omission of distribution network technical terms. Finally, the CRF layer is 
connected, which automatically constructs the state transition matrix during the learning 
process, and uses the transition probability to model the constraint relationship between 
adjacent tags, so as to ensure that the output entity tag sequence meets the reasonable 
transition rules such as B tag followed by I tag in the BIO tagging system, and avoid the 
illegal tagging sequence that may be generated when the fully connected layer 
independently predicts each character tag, thus improving the accuracy and reliability of 
knowledge extraction as a whole. 

The overall framework is constructed by loading pre trained BERT models on the 
front-end and concatenating BiLSTM-CRF networks on the back-end. The features 
output by the BERT layer are concatenated and fused with the output features of the 
BiLSTM layer, and fine tuned training is performed on this basis. This method can 
effectively reduce the dependence on large-scale manually annotated training data, 
thereby obtaining model parameters with relatively ideal performance under the condition 
of using only a smaller training set (Liu et al., 2025). 

1 Original input layer: use YEDDA tool to add BIO sequence labels to sentences. In 
this annotation system, B marks the first character of the entity, I marks the last 
character of the entity, and O represents content that does not belong to any entity. 

2 BERT layer: the input text is first subjected to word level segmentation processing, 
and a start mark [CLS] and an end mark [SEP] are added at the beginning and end of 
the segmented sequence, respectively; subsequently, through the action of the 
embedding layer, the original word sequence w = [w1, w2, …, wn] is mapped into a 
neural network analysable vectorised output sequence X. At this point, the following 
relationship is satisfied: 

[ ]1 2, , ,

, 1, 2, ,

n H
n

pt s
i i i i

X x x x R

x E E E i n

× = ∈


= + + =




 (6) 

In the above equation, H represents the dimension of the vector; t
iE  represents 

character embedding encoding, p
iE  represents positional information encoding, and 

s
iE  corresponds to sentence level information encoding. After mapping these three 

encoding parts to a high-dimensional space of the same dimension, they are 
combined through an addition operation to generate input vector xi. Next, input 
vector sequence X into the pre trained BERT model to extract deep semantic 
information from the text and generate output vector sequence T = [t1, t2, …, tn]. 

In the pre training stage of BERT, the model relies on large-scale universal corpora 
and adopts the mask language model (MLM) mechanism for unsupervised learning 
to achieve strong generalisation ability. This process will randomly mask about 15% 
of the words in the input sequence, and then use a Transformer encoder to read the 
entire word sequence at once, and use the contextual information of each word to 
predict the masked part. At the same time, the pre training phase will also introduce 
next sentence prediction (NSP) tasks to determine whether there is a coherent 
contextual connection between two sentences. 
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3 BiLSTM layer: pass the vector sequence T generated by the BERT layer into the 
BiLSTM layer to capture the contextual language features within the text, and finally 
output the fused context vector sequence O = [o1, o2, …, on]. 

4 Concatenate feature concatenation layer: firstly, the feature fusion process 
concatenates the vector sequences T and O generated by BERT and BiLSTM into a 
new output sequence Tout = [e1, e2, …, en]. Subsequently, the sequence is fed into the 
fully connected layer to calculate the score of each character corresponding to 
various entity labels, and the final output score sequence is S. 

5 CRF layer: finally, the score sequence S is fed into the CRF layer. This layer will 
automatically learn and update a state transition matrix with dimension [ni, nj], 
calculate the loss function based on the score sequence and transition matrix, and 
finally output the optimal entity label sequence. 

The construction process of a knowledge graph for distribution network fault handling is 
shown in Figure 2. 

Figure 2 Construction process of knowledge graph for distribution network fault handling 
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Firstly, based on the structural characteristics of each type of data, design corresponding 
conceptual frameworks and association rules to construct the pattern layer; guided by the 
pattern layer, entities are extracted from unstructured text data and mapped and filled to 
form the data layer. 

The knowledge graph update for automatic decision-making of distribution network 
fault handling is divided into two levels: the pattern layer and the data layer. The pattern 
layer takes distribution network equipment as the entity type, and its core content 
includes scheduling regulations and inter entity relationships. Its update triggering 
methods are divided into updating during regulation revision and manually adding 
settings (Xiong et al., 2026; Hou et al., 2025). The data layer includes specific data 
entities such as ledger data, fault handling records, and distribution network defect 
libraries, which are updated according to different cycles such as annual updates, semi 
annual updates, and quarterly updates. The knowledge extraction stage is responsible for 
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forming triplets based on the link relationship between the data and the pattern layer, and 
ultimately completing the continuous iterative update of the knowledge graph through the 
update process. 

The knowledge map for distribution network fault handling is constructed from top to 
bottom, and its detailed structure is divided into two levels: mode layer and data layer. 
The mode layer takes distribution equipment as the core entity type, covering equipment 
entities such as transformers, feeders, switches, buses, distributed power sources and 
loads, and defines the operation rules, protection coordination relations, transfer path 
constraints and topological connection relations among the equipment in the dispatching 
regulations as the main relationship types, and sets the attribute fields such as equipment 
voltage level, operation state and rated capacity, forming the conceptual framework and 
association rule system of fault handling reasoning. The data layer is based on the 
constraints of the mode layer, mapping and filling the concrete entity instances and 
attribute values in unstructured and semi-structured ledger data, fault handling records, 
distribution network defect database and real-time operation data to form concrete 
knowledge instances stored in the form of triples, including historical fault modes of 
specific equipment, records of protection actions, success of reclosing and operation 
cases of load transfer, thus supporting subsequent reasoning tasks such as fault type 
discrimination, fault section location and recovery path search. The updating trigger 
mechanism of the knowledge map is set in the mode layer and the data layer respectively: 
the updating of the mode layer is triggered by the revision of dispatching regulations or 
the manual addition of new equipment types and new relationship definitions, and when 
the superior dispatching department issues new operation regulations or the distribution 
network structure undergoes major transformation, the updating process of the mode 
layer is started after being audited by professionals; the update of the data layer is 
automatically triggered according to a fixed period, in which the ledger data is updated 
annually, the fault handling records are updated semi-annually, and the distribution 
network defect database is updated quarterly. At the same time, when real-time fault 
events or protection action signals are detected, the system immediately triggers the 
incremental update of corresponding fault cases, and the newly occurred fault 
information is supplemented to the data layer in the form of triples after knowledge 
extraction. Compared with the traditional reinforcement learning method, this two-level 
updating mechanism has obvious advantages: traditional reinforcement learning relies on 
fixed state space and action space, and its Q-value function or strategy network cannot 
adapt to the topology change or regulation adjustment of distribution network after 
training. Once the grid structure or operation rules change, it is time-consuming and 
difficult to realise engineering. The updating mechanism of knowledge map can reflect 
the revision of regulations and the change of network structure to the mode layer in real 
time, and continuously enrich the new fault cases to the data layer, and strengthen the 
learning agent to obtain the latest topological relationship, equipment state and feasible 
operation set by searching knowledge map during decision-making, so as to dynamically 
adapt to the change of operation mode without retraining network parameters, effectively 
solving the problems of insufficient generalisation ability of traditional methods and the 
decline of decision accuracy in small sample scenarios, avoiding the decision delay 
caused by retraining, and improving the timeliness and adaptability of automatic 
decision-making. 
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The knowledge graph has completed the structured modelling of static rules, 
topological relationships, and historical cases involved in distribution network fault 
handling. However, the graph itself lacks autonomous decision-making capabilities, 
serving instead to provide prior knowledge constraints and state feature enhancements for 
decision-making algorithms. To achieve the automatic generation of fault handling action 
sequences from fault occurrence, it is necessary to introduce reinforcement learning 
algorithms capable of optimising decision strategies through interaction with historical 
experience in dynamic environments. Section 2.3 will elaborate on how to integrate the 
knowledge graph into the deep Q-network framework to achieve the deep fusion of 
knowledge and decision-making. 

2.3 Automatic decision-making for distribution network fault handling based on 
reinforcement learning 

2.3.1 Design a reinforcement learning decision framework that integrates 
knowledge graphs 

Deep Q-network (DQN) is a representative reinforcement learning algorithm for 
optimising discrete sequence actions. This algorithm integrates Q-learning methods with 
deep neural networks and essentially belongs to the off policy class of algorithms. DQN 
contains two distinct strategies: the target policy and the behaviour policy. Among them, 
the target strategy π is responsible for learning and iteratively updating its parameters 
from historical experience, and tends to select actions with higher action value function 
values in action selection. This process can be expressed by the following relationship: 

( ) ( )11 1 1arg max ,ii a i iπ S Q S a++ + +=  (7) 

In the above formula, Si+1 represents the environmental state that the agent is in during 
the i + 1 iterations; ai+1 represents a specific action among all possible actions that the 
intelligent agent can take in state Si+1; Q(Si+1, ai+1) represents the action value function. 

The update method of the action value function of DQN algorithm can adopt the time 
series differential learning method with high update efficiency, and its calculation 
formula is as follows: 

( ) ( ) ( ) ( )
1

1 1 1, , max , ,
t

t t t t t i t t t
a

Q s a Q s a r γ Q s a Q s a
+

+ + + ← + + −
 

α  (8) 

In the Q-learning algorithm, the action state value function is stored in a table format, 
which leads to an inherent flaw: when the problem scale expands and the number of 
states and actions increases, both the storage and reading of value data will consume 
significant storage resources and time costs, and may even cause dimension explosion 
problems. To overcome this deficiency, the DQN algorithm introduces a neural network 
to approximate the value of Q, and uses the network to fit the state action value function 
S(st, at), that is 

( ) ( )11
, , , ,k

t t π k t t t tk
Q s a E γ r s a Q s a θ

+∞
+=

 = ≈    (9) 

In the above formula, γ represents the discount factor, rk+t represents the immediate 
reward value after the kth action, and θ is the neural network parameter; Eπ(·)represents 
the expectation for strategy π. 
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In order to effectively converge the neural network, the DQN algorithm sets the target 
network with a parameter of θ. The reinforcement learning decision framework that 
integrates knowledge graphs is shown in Figure 3. 

Figure 3 Reinforcement learning decision framework integrating knowledge graph 

Valuation network
Q(st,at,θ)

Target network
Qtarget(st,at,θ′)

Optimizer Mean squared 
error

DQN agent

Soft update
Update parameters

Knowledge graph 
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The motivation of adopting deep Q-network stems from the fact that the decision-making 
of distribution network fault handling is essentially a large-scale discrete sequence action 
optimisation problem. Its state space contains multi-dimensional continuous and discrete 
mixed variables such as voltage, current, power, switch state and topological connection 
relationship of each node, and the action space involves the combination of switching 
operation sequences of multiple switches. If the traditional Q-learning method is used to 
store the state-action value function in table form, it will face the problem of huge storage 
resource consumption or even dimension explosion, and the deep Q-network effectively 
overcomes this defect by fitting the value function with neural network. At the same time, 
the separation mechanism between the target network and the evaluation network and the 
experience playback technology introduced by it can break the data correlation, improve 
the training stability and convergence efficiency, making it especially suitable for 
sequential decision-making tasks such as distribution network fault handling with high 
real-time requirements and huge state space. The main innovations of this paper, which 
are different from the existing general research of deep Q network, are embodied in three 
aspects: first, the structural knowledge of knowledge map is integrated on the basis of 
traditional state input, and the topological relationship, historical fault mode and 
protection coordination rules of distribution network equipment are embedded in the map 
and spliced with real-time measurement data as the state input of agents, so that agents 
can understand the global topological semantics of distribution network instead of relying 
only on numerical characteristics, which is different from the practice of traditional DQN 
that only inputs the original sensing data directly into the network; secondly, a reward 
function with knowledge map is designed for the distribution network fault handling 
scenario, and the correctness of fault isolation, the recovery rate of non-fault sections, the 
punishment of operation steps and the constraint of equipment operation priority are 
simultaneously included in the instant reward calculation, so that the strategy learning 
process is highly consistent with the requirements of dispatching regulations, and the 
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limitation that the traditional reinforcement learning reward function is biased towards 
decision speed and ignores accuracy is overcome; thirdly, the target network parameters 
are copied from the evaluation network every fixed number of steps instead of updating 
every step, and the loss function is calculated and gradient descent is performed in 
combination with the time sequence difference error, so that the end-to-end dynamic 
generation of the disposal action sequence is realised in the specific task of distribution 
network fault disposal. 

The deep Q-network used in this article is not a simple application of the standard 
DQN algorithm, but has been improved in three aspects: state space construction, reward 
function design, and network structure adaptation. At the level of state space 
construction, standard DQN usually directly takes sensor measurement data as state input 
and cannot perceive the topology connection relationship and logical constraints between 
devices in the distribution network. In this paper, based on the original measurement 
state, graph embedding representation of knowledge graph is introduced. By graph 
convolution encoding all relevant device entities and their topology adjacency 
relationships within the current fault impact range in the knowledge graph, the 
embedding vector is obtained, and the embedding is concatenated with real-time 
measurement data as the complete state input of the agent. This enables the agent to 
simultaneously perceive changes in measurement values and topological semantic 
constraints when making decisions, overcoming the lack of perception ability of standard 
DQN for network structure changes. At the level of reward function design, standard 
DQN, the reward for fault isolation is usually set based solely on the achievement or 
failure of the goal, resulting in low exploration efficiency in the early stages of training 
and a tendency for the strategy to lean towards decision speed while neglecting accuracy. 
This article decomposes the scheduling requirements for distribution network fault 
handling into multiple objectives and sets a dense reward function. The correctness of 
fault isolation, non-fault section recovery rate, operation step penalty, and equipment 
operation priority constraints are all included in the immediate reward calculation. The 
fault isolation correctness reward ensures that the intelligent agent accurately determines 
the fault location first, and the non-fault section recovery rate reward provides continuous 
value feedback according to the actual recovery load ratio. The operation step penalty 
encourages streamlined operations to reduce the number of switch actions. The 
equipment operation priority reward applies a large negative reward when the action 
sequence violates the protection cooperation relationship or the switching operation 
sequence, this dense reward mechanism enables the agent to obtain effective feedback 
signals at every step, significantly accelerating policy convergence and ensuring high 
consistency between decision results and scheduling regulations. At the level of network 
structure adaptation, the standard DQN adopts a uniform random sampling experience 
replay strategy. However, this paper designs a priority experience replay mechanism to 
address the uneven distribution characteristics of various types of faults in distribution 
network fault scenarios, where the frequency of occurrence varies greatly. Different 
sampling weights are assigned to the experience samples based on the absolute value of 
the temporal difference error, allowing the network to learn rarer but critical complex 
fault cases during the training process. At the same time, the parameters of the target 
network are not updated every step, but are synchronised from the estimation network 
using a phased replication strategy. This design reduces computational costs while 
avoiding training oscillations caused by frequent changes in target values, and improves 
the network’s generalisation stability in diverse and non-fault scenarios. The above three 
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improvements together constitute a deep Q-network dedicated framework for distribution 
network fault handling tasks, which is fundamentally different from the general DQN 
algorithm and has stronger task specificity and engineering applicability based on the 
fusion of prior knowledge in the knowledge graph. 

The above framework clarifies the combination of knowledge graph and deep  
Q-network, which uses graph embedding to combine topological semantics and 
measurement data as the state input of the agent, and designs a reward function that 
integrates regulatory constraints to guide strategy optimisation. However, this framework 
only specifies the value estimation method for single step decision-making, and further 
research is needed to provide a dynamic generation process for multi-step sequence 
decision-making, including specific update rules for the target network and valuation 
network, the construction method of the loss function, and the solution formula for the 
optimal action sequence. Section 2.3.2 will provide a complete derivation of the 
calculation process for sequence generation. 

2.3.2 Dynamic generation of decision sequence for distribution network fault 
handling 

Using the target network to calculate the state action function of the next state, indirectly 
obtaining the state action function value of the current state, and using it as the training 
target. In contrast, the parameters of the valuation network are updated in real-time, 
calculating the value function of the current state through different methods and 
minimising the difference between the target value, thereby optimising the neural 
network parameters of the valuation network. The calculation formula for Q values in the 
target network is as follows: 

( ) ( )1 1
1

, max , ,target t t t t t
t

Q s a r γ Q s a θ+ +
+

′= +  (10) 

To gradually fit the true state action value function of the neural network, the algorithm 
calculates the mean square error between the estimated network value Q(st+1, at+1, θ′) and 
the target network output value Qtarget(st, at), and iteratively optimises the network 
parameter θ using this as the loss. The network adopts a fully connected architecture and 
consists of four layers: an input layer, two intermediate hidden layers, and an output 
layer. The schematic diagram of the neural network is shown in Figure 4. 

Figure 4 Schematic diagram of neural network 
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The input layer of the intelligent agent receives st = {PLD(t), PDG,fore(t), G(t)}, and the 
output layer outputs the state action value, which estimates the network output of  
Q(st, at, θ). The target network obtains 

1
1 1max ( , , ),

t
t t

a
Q s a θ

+
+ + ′  and then obtains 

1
target 1 1( , ) max ( , , ).

t
i t t t t

a
Q s a r γ Q s a θ

+
+ + ′= +  The update strategy settings for the intelligent 

agent are as follows: 

( ) ( )( )
1

2
1 1( ) max , , , ,

t
t t t t t

a
L θ E r γ Q s a θ Q s a θ

+
+ + ′= + −

  
 (11) 

Then calculate the gradient of the parameters with respect to the loss function: 

( ) ( )( )
1

1 1
( ) ( , , )max , , , ,

t
t t t t t

a

L θ Q s a θE r γ Q s a θ Q s a θ
θ θ+

+ +
∂ ∂ ′+ − ∂ ∂ 

 (12) 

By continuously performing gradient descent to update parameter θ, the optimal state 
action value function can be obtained, and its calculation formula is as follows: 

( ) ( ) ( ) ( )1 1 1 1 1 1, , , max ,t t t t t ts S a
Q s a r s a γ P s s a Q s a∗ ∗

+ + + + + +′∈ ′
′ ′ ′= +   (13) 

In the above formula, r(st+1, at+1) represents the immediate reward obtained by 
performing the action; 1 1( | , )t ts S

P s s a+ +′∈
′  represents the probability of state transition; 

max ( , )
a

Q s a∗
′

′ ′  represents the maximum value of Q for the next state s′. 

The calculation formula for dynamically generating the decision-making sequence for 
distribution network fault handling is as follows: 

( )1 10
arg max ,

T
t ttτ R

τ γQ s a∗ ∗
+ +=∈

=   (14) 

At this point, this article has completed the complete method chain from data collection 
preprocessing, knowledge graph construction to deep Q-network sequence decision 
generation. The three links are progressive and mutually supportive: preprocessing 
provides high-quality data foundation for knowledge extraction, knowledge graph 
provides structured prior constraints for reinforcement learning, and reinforcement 
learning achieves automatic optimisation of fault handling action sequences under the 
joint drive of knowledge and data. To verify the effectiveness of the above method in 
actual distribution network fault scenarios, Section 3 will conduct experimental tests 
based on multi-source historical operating data and comprehensively compare it with two 
published methods. 

3 Experimental design 

3.1 Experimental protocol 

In order to verify the practical application effect of the proposed method in automatic 
decision-making for distribution network fault handling, relevant tests were conducted. 
The specific experimental plan is as follows: 
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3.1.1 Experimental data 
The collection of experimental data relies on multiple systems, including distribution 
automation system, data acquisition and monitoring control system, fault recording 
device, protection information management subsystem, and meteorological monitoring 
system. Among them, the data types that the distribution automation system can provide 
include: state variables of switches, action signals of protection devices, working status of 
fault indicators, online status of terminals, and telemetry data. The data acquisition and 
monitoring control system mainly outputs the following types of data: bus voltage value, 
line current value, active power, reactive power, and power factor; the data types 
provided by the fault recording device include voltage waveform at the fault moment, 
current waveform at the fault moment, harmonic components, and transient process 
records. The data types provided by the protection information management subsystem 
include protection settings, protection action events, fault distance measurement results, 
and reclosing action records. The data types provided by the meteorological monitoring 
system include wind speed, rainfall, lightning strike location, and temperature and 
humidity. 

Preprocess the collected data: outlier detection and correction are based on the 3-fold 
standard deviation principle to identify values that deviate too much from the mean. Data 
with electrical quantity mutations exceeding 30% of the rated value are considered 
abnormal and replaced with sliding window averages. Time alignment resamples data 
with different sampling frequencies uniformly to the same time section, using nearest 
neighbour interpolation to maintain the original event order. Data filtering uses a  
second-order low-pass Butterworth filter to remove high-frequency noise interference, 
with a cutoff frequency set to ten times the power frequency. Data normalisation uses the 
maximum minimum value method to map electrical quantities to the range of [0, 1], 
while protection settings and meteorological data are normalised using standard scores. 
Data label annotation categorises samples based on the results of fault handling, 
including fault type, fault location, action correctness, and disposal timeliness evaluation. 

The experimental data used in this paper are all from the historical operation data and 
fault cases recorded by actual operating systems such as distribution automation system, 
data acquisition and monitoring control system, fault recording device, protection 
information management subsystem and meteorological monitoring system, which 
belong to offline measurement data, that is, offline training and testing are carried out 
based on the records of real fault events that have occurred, so as to verify the historical 
retrospective decision-making effect of the method. In order to improve the network 
generalisation performance to cope with the diversity of distribution network operation 
modes and the randomness of fault scenarios, this paper introduces canopy clustering and 
UMAP manifold learning to preprocess high-dimensional operation data at the data level, 
preserves the global topological structure and reduces the redundancy of features, and at 
the same time uses the offline learning mechanism of random sampling in the experience 
playback pool to break the time series correlation of samples. In addition, the parameter 
separation structure of the target network and the estimation network itself also enhances 
the generalisation ability by reducing the variance of parameter update, so that the 
decision-making accuracy can still be maintained at a high level in the absence of fault 
scenarios. 
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3.1.2 Experimental indicators 
Select the accuracy of automatic decision-making for distribution network fault handling, 
the time for automatic decision-making for distribution network fault handling, and the 
recovery rate of distribution network faults as experimental indicators to test the practical 
application effects of the method of Zhang et al. (2024) and method of Song et al. (2025). 

The definition of the accuracy of automatic decision-making for distribution network 
fault handling refers to the percentage of times that the fault recovery power supply plan 
output by the automatic decision-making method after a fault occurs in the distribution 
network is consistent with the actual fault situation on site or the correct handling plan 
recognised by the dispatcher, which is a key criterion for measuring the core performance 
and reliability of the automatic decision-making method. It directly determines whether 
the method can replace or assist manual dispatchers in on-site operations. High accuracy 
automatic decision-making can significantly shorten the time of power outages caused by 
faults and reduce long-term power outages caused by human misjudgement or operation 
delays. 

The automatic decision-making time for distribution network fault handling refers to 
the total time elapsed from the actual occurrence of faults in the distribution network to 
the completion of all disposal decisions by the automatic decision-making method and 
the output of the final operational instruction sequence that can be executed. This 
indicator directly determines the timeliness of fault handling and thus affects the 
reliability of power supply. Shortening the decision-making time can effectively reduce 
the duration of power outages for users and reduce the thermal shock damage of fault 
currents to equipment and lines. At the same time, rapid decision-making can avoid 
secondary accidents caused by the expansion of fault range due to delay. In addition, the 
stability of automatic decision-making time is also a key basis for judging whether the 
method meets real-time control requirements. A shorter decision-making time leaves 
sufficient time margin for subsequent remote control execution and switch actions, 
thereby improving the overall success rate of handling. 

The recovery rate of distribution network faults refers to the percentage of non-fault 
power outage sections or loads successfully restored by the disposal plan generated by 
the automatic decision-making method after a fault occurs in the distribution network, 
compared to the total number of recoverable non-fault power outage sections or total 
loads. This indicator is a direct measure of the effectiveness of automatic  
decision-making methods in the non-fault section power supply recovery process, 
directly reflecting the self-healing ability and power supply reliability level of the 
distribution network. A high recovery rate means that the power outage range is 
minimised as much as possible during the fault handling process, and the power loss and 
social impact caused by the fault are minimised. At the same time, this indicator is also a 
key basis for evaluating the optimisation degree of the transfer strategy and the rationality 
of the network connection structure. Improving the recovery rate helps to reduce the 
average power outage time and frequency of users, thereby enhancing the continuous 
power supply guarantee ability of the distribution network for important loads. 
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3.2 Experimental results 

3.2.1 Accuracy of automatic decision-making for distribution network fault 
handling 

The comparison of the accuracy of automatic decision-making for distribution network 
fault handling using three methods is shown in Figure 5. 

Figure 5 Comparison of automatic decision accuracy for distribution network fault handling  
(see online version for colours) 

 

According to the analysis of Figure 5, the accuracy of the proposed method for automatic 
decision-making of distribution network fault handling is higher than the other two 
comparison methods in all experimental times, with a stable accuracy curve between 
97.8% and 98.9%. The accuracy of the automatic decision-making of distribution 
network fault handling by method of Zhang et al. (2024) is between 81.8% and 91.7%, 
while the accuracy of the automatic decision-making of distribution network fault 
handling by method of Song et al. (2025) is in the range of 81.1% to 92.1%. These data 
indicate that the proposed automatic decision-making method is significantly superior to 
the two comparative methods in terms of fault location, isolation, and power restoration 
accuracy. It has better robustness and scene adaptability, and can maintain a high level of 
decision-making accuracy in large-scale repeated experiments or long-term operation. It 
has engineering practical value and promotion prospects. 

3.2.2 Automatic decision-making time for distribution network fault handling 
The comparison of automatic decision-making time for distribution network fault 
handling using three methods is shown in Table 2. 
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Table 2 Comparison of automatic decision time for distribution network fault handling 

Number of 
experiments 

Proposed method  
(s) 

Method of Zhang et al. 
(2024) (s) 

Method of Song et al. 
(2025) (s) 

10 0.57 1.48 1.35 
20 0.62 1.55 1.42 
30 0.54 1.67 1.89 
40 0.68 1.93 2.31 
50 0.59 1.72 1.56 
60 0.65 2.01 2.48 
70 0.52 1.84 2.05 
80 0.71 2.13 2.62 
90 0.56 1.79 1.94 
100 0.64 2.05 2.56 

According to Table 2 analysis, the decision time of the proposed method is stable 
between 0.52 s and 0.71 s. The decision time range of method of Zhang et al. (2024) is 
1.48 s to 2.13 s, while the decision time range of method of Song et al. (2025) is 1.35 s to 
2.62 s. The time consumption of the proposed method is significantly lower than that of 
the two comparative methods. From the analysis of data volatility, the maximum and 
minimum values of the proposed method differ by 0.19 s, 0.65 s for method of Zhang  
et al. (2024), and 1.27 s for method of Song et al. (2025), indicating that the proposed 
method has better time stability under different experimental times. These data show that 
the proposed method has significant advantages in automatic decision-making speed for 
distribution network fault handling, mainly reflected in three aspects: firstly, it can 
complete decision calculations for fault location, isolation, and power restoration faster; 
secondly, it is insensitive to changes in experimental conditions or fault scenarios and has 
high robustness; the third is superior performance consistency, with no significant 
degradation or abnormal delay observed in up to 100 repeated experiments. In summary, 
the proposed methods effectively compress the calculation process by optimising the 
decision algorithm structure or data processing flow, achieving fast and stable automatic 
decision response capabilities, and are more suitable for application in distribution 
network fault handling scenarios with strict timeliness requirements. 

3.2.3 Distribution network fault recovery rate 
The comparison of the fault recovery rates of the three methods for distribution network 
is shown in Table 3. 

Table 3 shows that the proposed method has a distribution network fault recovery rate 
between 96.78% and 99.12%, method of Zhang et al. (2024) between 87.56% and 
92.13%, and method of Song et al. (2025) between 84.76% and 89.47%. The recovery 
rate of the proposed method was higher than the two comparison methods at all 
experimental times, with the lowest value of 96.78% still higher than the highest values 
of 92.13% in method of Zhang et al. (2024) and 89.47% in method of Song et al. (2025). 
From the fluctuation range, the range of the proposed method is 2.34%, the range of the 
method of Zhang et al. (2024) is 4.57%, and the range of the method of Song et al. (2025) 
is 4.71%. The stability of the proposed method is better. In 40 experiments, the proposed 
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method reached the highest value of 99.12%, with method of Zhang et al. (2024) at 
92.13% and method of Song et al. (2025) at 89.47%, showing the most significant lead. 
These data indicate that the proposed method can restore power supply to more  
non-faulty power outage sections after a fault occurs. Its advantages are reflected in the 
high absolute recovery rate, significantly better performance lower limit than the upper 
limit of the comparative method, and more stable and reliable performance under 
different experimental times. 
Table 3 Comparison of distribution network fault recovery rates 

Number of 
experiments 

Proposed method 
(%) 

Method of Zhang et al. 
(2024) (%) 

Method of Song et al. 
(2025) (%) 

10 97.83 91.45 88.62 
20 98.21 90.37 87.94 
30 96.95 89.68 86.33 
40 99.12 92.13 89.47 
50 97.46 88.79 85.21 
60 98.54 91.08 87.65 
70 96.78 87.56 84.89 
80 99.03 90.64 86.57 
90 97.29 89.32 85.43 
100 98.67 88.95 84.76 

Through comprehensive comparison with the method of Zhang et al. (2024) and Song  
et al. (2025) in the above experiments and the method based on mixed integer 
programming mentioned in the introduction, the technical characteristics and core 
advantages of the proposed method can be summarised as follows: at the level of data 
preprocessing, in the proposed method, the strategy of combining canopy clustering with 
UMAP manifold learning is adopted. Canopy algorithm realises the rapid primary 
screening of data at the acquisition front end and has good tolerance for outliers. UMAP 
uses Riemannian geometry and algebraic topology to preserve the global topological 
structure in the process of dimensionality reduction of high-dimensional running data. 
This is different from the method of Zhang et al. (2024) which directly inputs the original 
features in the form of graphic data without targeted dimensionality reduction, and the 
BERT-BiGRU-CRF model in the method of Song et al. (2025) which only focuses on 
text knowledge extraction and ignores the preprocessing of numerical time series data. 
The dual preprocessing mechanism makes the proposed method more scalable and 
structural fidelity in the face of massive multi-source heterogeneous data. On the 
knowledge modelling level, the proposed method constructs a top-down two-level 
knowledge map, in which the mode layer encapsulates the scheduling rules and 
topological relation rules, and the data layer continuously enriches the account, defect 
and fault case entities, and sets up a separation mechanism that the regulation revision 
triggers the mode layer update and periodically triggers the data layer update. Compared 
with the method of Song et al. (2025), which uses secondary to realise the map 
visualisation but does not specify the two-level update strategy, this method can respond 
to the change of distribution network operation mode and regulation adjustment in time, 
and avoid the decision deviation caused by outdated knowledge. However, the method 
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based on mixed integer programming does not introduce the knowledge map mechanism 
at all, and can not effectively use unstructured fault text and scheduling regulation 
information. On the decision-making level, the proposed method designs a deep  
Q-network framework with knowledge map, embeds topological semantics into the state 
space and discipline constraints into the reward function, and automatically generates the 
optimal action sequence by using the offline learning strategy of separating the 
parameters of the target network and the estimated network, which is different from the 
method of Zhang et al. (2024) which only relies on the graph neural network to process 
the graph data input and the reward function is biased towards speed. The proposed 
method makes up for the deficiency of network generalisation in small sample scenarios 
through the global topological information and historical fault modes provided by the 
knowledge map. Compared with the problem of additional serial delay caused by 
knowledge map retrieval and reasoning in method of Song et al. (2025), the proposed 
method fuses knowledge map features and measurement data and inputs them into neural 
network for forward calculation at one time, thus avoiding the time overhead caused by 
multi-stage serial processing. Compared with the method based on mixed integer 
programming, the proposed method does not need to simplify the topology and does not 
adopt the conservative strategy of giving up the edge load, so it can maintain a high 
recovery rate and have stronger real-time response ability. The above technical 
characteristics jointly support the core advantages of the proposed method in the 
experiment: the decision-making accuracy is stable between 97.8% and 98.9%, which is 
significantly higher than that of the comparison method between 81.1% and 92.1%; the 
decision-making time is controlled between 0.52 s and 0.71 s, which is only about  
one-third of the time spent by the comparison method and the fluctuation range is the 
smallest; the failure recovery rate reaches 96.78% to 99.12%, and its lower limit is still 
higher than the upper limit of the comparison method, which comprehensively verifies 
the overall superiority of the proposed method in three dimensions: accuracy, timeliness 
and power supply recovery ability. 

4 Conclusions 

A new automatic decision-making method for distribution network fault handling based 
on knowledge graph and reinforcement learning is proposed to address the practical 
challenges of large information processing volume, strong decision-making timeliness, 
and variable operation modes in automatic decision-making for distribution network fault 
handling. Around the data collection and preprocessing stage of distribution network 
operation, canopy clustering algorithm is introduced to achieve rapid initial screening of 
data and UMAP manifold learning is used to preserve high-dimensional global topology 
structure. At the level of knowledge modelling, the BERT BiLSTM CRF model was used 
to extract entities and relationships from unstructured and semi-structured scheduling 
rules, fault handling records, and defect libraries. A top-down knowledge graph for 
distribution network fault handling was constructed, and a two-level update mechanism 
was designed for the pattern layer and data layer to ensure the timeliness and 
completeness of knowledge. At the level of decision generation, a deep Q-network 
framework that integrates knowledge graphs was designed. By separating the parameters 
of the target network and the valuation network and implementing a phased replication 
strategy, combined with temporal differential learning methods, the dynamic optimisation 
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generation of fault handling decision sequences was achieved. The experimental results 
confirm that the proposed method has significant advantages in decision accuracy with 
minimal fluctuation range, significantly faster decision time than the two comparison 
methods, and the lower limit of fault recovery rate is still higher than the upper limit of 
the comparison method, reflecting the comprehensive superiority of the proposed method 
in accuracy, timeliness, and power supply recovery capability. Subsequent research will 
focus on addressing multiple fault chain scenarios under extreme weather conditions and 
multi time scale collaborative optimisation decision-making problems, further enhancing 
the robustness and adaptability of the algorithm. 
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