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ABSTRACT 
Rapid and accurate assessment of power network loss in the power system has become a key research 
topic for the vast and diverse dataset of power grid operation. This study integrates data mining 
techniques with typical scenario modeling concepts and innovatively designs a distribution area 
power network loss rate multi population parallel spectral clustering evaluation strategy that 
incorporates distribution characteristics. Firstly, clustering attributes are determined for power 
network loss evaluation, and a power network loss evaluation framework based on clustering 
algorithms is proposed. Based on power flow calculation, the distribution characteristics and indicator 
system of each node's output are analyzed; Secondly, in order to improve the clustering accuracy of 
power network loss evaluation, spectral clustering algorithm is introduced, and automatic algorithm 
design is carried out to address the issue of manually setting the initial number of clusters and cluster 
centers. Then, multi cluster partitioning and parallel computing methods are used to significantly 
improve the computational efficiency of spectral clustering algorithm; Finally, to verify the practicality 
of this method, a provincial power grid was selected as a case study. The results showed that this 
method not only has high accuracy in evaluating power network loss, but also has excellent 
computational efficiency, demonstrating good feasibility in practical engineering applications. 

Keywords: multi cluster partitioning; Parallel computing; Spectral clustering; Assessment of power 
network loss rate; Data mining; Trend Calculation 
 

1. Introduction 

With the continuous advancement of the intelligentization process of the power system, the scale and 
diversity of power data have become increasingly prominent, leading to new manifestations of some 
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traditional power problems. Exploring the deep integration path of data mining technology and 
traditional research paradigms in the power system has profound signiϐicance for accurately 
evaluating the state of the power system, formulating scientiϐic decision-making plans, and efϐiciently 
allocating power resources [1-2]. 

The evaluation of power network loss, as a classic issue in the power system, traditionally relies on 
the power grid operation dataset during the evaluation period, and accurately depicts the distribution 
of power network loss through comprehensive power ϐlow calculation [3]. However, when faced with 
massive power grid data, this method signiϐicantly affects evaluation efϐiciency due to the dramatic 
increase in computational complexity. In practical engineering operations, China often uses the power 
network loss conversion of typical days in four seasons to roughly estimate the annual power network 
loss. This method is simple but has limited accuracy. At the theoretical research level, probability 
evaluation methods are highly favored: Reference [4] uses linear ϐitting to correlate power network 
loss with node injection power, and approximately derives the probability distribution of power 
network loss during the evaluation period; Reference [5] uses Monte Carlo sampling to construct 
power grid operation scenarios, and then calculates the probability distribution of power network loss 
through power ϐlow calculation. Although these methods have high accuracy, their computational 
efϐiciency is limited by the scale of the power grid and the amount of data. Additionally, linear ϐitting 
methods are not suitable for long-term evaluation as their linear error increases with the extension of 
evaluation time. In addition, reference [6] explored the power network loss method based on load 
measurement and theoretical calculation, and reference [7] proposed the theoretical power network 
loss calculation of low-voltage distribution area based on load electricity quantity and Newton 
Raphson method. Both are based on user energy meter data, highly dependent on network structure, 
line speciϐications, and other information. Regression analysis is also applied to the calculation of 
distribution area power network loss, but the establishment of regression equations is difϐicult and 
the calculation accuracy is insufϐicient. In recent years, the development of neural network theory has 
opened up a new path for calculating power network loss rate, which does not require the construction 
of mathematical models. With strong learning ability, generalization ability, and nonlinear processing 
ability, it can effectively ϐit the relationship between power network loss rate and feature parameters. 
However, current research mainly focuses on the calculation of power network loss in 10kV 
distribution networks, and there are still few applications for calculating power network loss rates in 
distribution areas [8-9]. 

This article focuses on the challenge of evaluating power network loss in large-scale datasets and 
proposes an innovative evaluation strategy that integrates hybrid clustering techniques. Cluster 
analysis, as a key branch of data mining, has shown extensive potential in the ϐields of new energy 
forecasting, load estimation, and electricity consumption pattern identiϐication in the electricity 
industry. The core of this strategy is to ϐirst decompose the original clustering problem into multiple 
sub problems based on the differences in numerical types of clustering attributes; Subsequently, for 
each sub problem, carefully select suitable clustering algorithms for in-depth analysis; Finally, using 
clustering ensemble techniques, mixed clustering results are integrated. This strategy is particularly 
suitable for processing power grid datasets with large volumes and diverse data types. Its mixed 
clustering results can be extracted through random sampling techniques to obtain a small number of 
representative operating scenario sets, which can be used for power network loss assessment, 
signiϐicantly improving the efϐiciency of assessment in massive data environments. To verify the 
effectiveness and practicality of the strategy, this article conducted an in-depth analysis using an actual 
power grid case as the test object. 
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2. Principles of power network loss clustering evaluation 

2.1. Algorithm framework 

In response to the challenge of evaluating power network loss in large-scale datasets, this article 
focuses on data closely related to the distribution of power network loss from a data mining 
perspective. An innovative hybrid clustering strategy is used to quickly identify and partition typical 
power network loss feature patterns hidden in massive data. This strategy ensures that running data 
within the same cluster group exhibit similar power network loss distribution characteristics, while 
signiϐicant differences are observed between different cluster groups [10]. Subsequently, samples 
were extracted from each clustering group to construct a set of typical operating scenarios, and 
efϐicient approximation evaluation of power network loss was achieved using power ϐlow calculation 
technology. The core of this strategy lies in accurately identifying clustering features that can map the 
relationship between power grid operation data and power network loss values, while selecting 
appropriate clustering algorithms to balance clustering accuracy and computational efϐiciency. 

Figure 1 visually illustrates the implementation steps of this power network loss assessment 
method. Subsequent chapters will elaborate on the speciϐic characteristics of power network loss 
assessment, including cluster feature analysis, deconstruction and solution strategies for clustering 
problems, as well as power network loss assessment methods based on clustering results. 

 

Fig. 1. Power network loss evaluation process based on hybrid clustering technology 

2.2. Attribute Analysis 

Based on the fundamental theory of power ϐlow calculation [11-12], the core inϐluencing factor of 
power network loss distribution is the power injection situation of each node. In the power grid 
operation dataset, the clustering elements closely related to power network loss include total load, 
transmission power of interconnection lines, and output power of generator nodes. However, if these 
power values are directly adopted as clustering elements, the increase in the number of grid nodes 
will lead to a signiϐicant leap in clustering dimensions, forming complex high-dimensional clustering 
challenges. This not only increases the computational burden, but may also dilute the core role of total 
load and tie line power in power network loss assessment, leading to a deviation in clustering 
effectiveness from the original intention. 

To address the above challenges, this article proposes an innovative solution strategy. Considering 
that the sum of total load and connecting line power is approximately equivalent to the total power 
generation output, and the output power of generator nodes can be regarded as a comprehensive 
reϐlection of the distribution pattern of total power generation output and the output of each node, 
this paper decides to use the distribution pattern of output of each node as the clustering element, 
rather than directly using node output data. This distribution pattern is approximately characterized 
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by the unit start stop status information of nodes. The speciϐic implementation method is to convert 
the node output data into binary encoding form. The speciϐic criteria for the conversion will be 
explained in detail later. 
1) If max

i iP Pa…  is satisϐied, it can be inferred that node i is in a high output situation. Processing its 
power data yields 100 transcoded data. 
2) If miniP P…  and m ax

i iP Pa<  are satisϐied, it can be inferred that node i is in a medium to low output 
state. Processing its power data yields transcoded data 010. 
3) If miniP P<  is satisϐied, it can be inferred that node i does not have any output situation and can be 
set to 0 to process its power data and obtain transcoding data 001. 

Where, iP  is the power output of node i during normal operation; max
iP   is the maximum output 

power of node i during normal operation; a  is a boundary coefϐicient used to distinguish the high and 
low output power of nodes. According to relevant standards, the value of the boundary coefϐicient is 
generally between 65% and 75% of the rated power. Here, a compromise is taken to set the value of a  
as 70%; minP  is the minimum output power of a node during normal operation, and minP  is set to 35% 
of the rated power according to relevant standards. 

Based on speciϐic conversion principles, this article converts the output power dataset of N nodes 
into a binary sequence consisting of 3N bits, which comprehensively reϐlects the start stop status of 
the entire power grid's units. It successfully achieves the transformation from N-dimensional 
clustering features to single dimensional clustering features, signiϐicantly simplifying the complexity 
of the clustering process. Based on the above considerations, the clustering features selected in the 
power network loss assessment in this article speciϐically include: total load, transmission power of 
interconnection lines, and the start stop status information of the entire power grid units (represented 
in 3N bit binary form). 

2.3. Index system 

To optimize the effectiveness of clustering evaluation, it is necessary to reduce the dimensions of input 
variables. Based on the convenience of obtaining indicators, this article selects core electrical 
characteristic parameters closely related to the distribution area power grid architecture and load [13]. 
Speciϐically, the characteristics of the power grid architecture include the power supply radius and the 
total length of low-voltage lines, while the load characteristics cover the load rate and the proportion 
of residential electricity consumption (hereinafter referred to as residential electricity consumption 
ratio, to replace the expression of electricity nature and proportion). 
1) Power supply radius ( )1 mX  . 1X   is the total length of the load node located in the most remote 
location of the distribution area and the transformer to be studied and analyzed, which represents the 
rationality of the grid structure. 
2) The total length of the low-voltage line is ( )2 mX . 2X  refers to the total length of low-voltage lines 
installed within the distribution area. 
3) Load rate ( )3 %X . 3X  is the ratio of the total amount of electricity supplied in the power system to 
the capacity of the distribution transformer, which represents the average load within the distribution 
area. 
4) Electricity usage ratio ( )4 %X . 4X  is the ratio of the total electricity usage to the total electricity 
supply in the power system, which characterizes the nature of electricity consumption within the 
distribution area. 

The above four electrical characteristic indicators constitute the input variable system for 
distribution area analysis. Given the differences in the dimensions and ranges of values of each 
indicator, in order to ensure that the calculation process is not affected by this, it is necessary to 
standardize and preprocess the original data. 

The speciϐic process of standardizing the raw data given the number of feature parameters m and 
the total number of samples N is as follows [14]: 
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Where, ijs   is the variance of the original data i jx  ; ijZ   is the data obtained by standardizing the 
original data ijx ; jx  is the mean of the original data ijx . 

3. Multi cluster parallel spectral clustering algorithm 

This section elaborates on the implementation details of the Multi cluster parallel spectral clustering 
algorithm, which mainly includes three components: preprocessing noise, sub cluster segmentation, 
and inter cluster similarity evaluation. The preprocessing noise stage aims to eliminate abnormal 
sample points that may mislead the results in advance. In the sub cluster segmentation process, the 
algorithm incorporates the MKN mechanism to optimize sub cluster generation, effectively avoiding 
the interference of neighboring density differences on segmentation performance. The evaluation of 
sub cluster similarity is the core of Multi cluster parallel spectral clustering algorithm, which directly 
affects the quality of the ϐinal clustering results. At the end of this section, we provided pseudocode for 
the Multi cluster parallel spectral clustering algorithm and conducted an in-depth analysis of its 
computational complexity. 

3.1. Noise preprocessing 

In multi cluster parallel spectral clustering, the local density of the original data samples is obtained 
based on k-nearest neighbors [15]: 

 
( )

( , )i

j knn i

k

d i j
r

Î
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å  (4) 

Where, ( )knn i  is the k-nearest neighbor of the i-th original data sample. 
Given that noise in the dataset may interfere with clustering performance, this article pre eliminates 

low-density data points based on equation (3) at the beginning of the clustering process. These points 
are identiϐied and removed based on speciϐic density thresholds. 

 X Xqr r m s= - ´  (5) 

Where, the density mean and standard deviation of all points in the dataset are represented as Xr  
and Xs  , respectively. According to the "3σ principle" of Gaussian distribution, we have set the 
boundary range { }1, 2, 3   of noise coefϐicient to effectively distinguish low-density data points at 
different density levels. It should be emphasized that since noise points often have low density 
characteristics, high-density outliers were not taken into account when setting the density threshold 
in equation (5). Points below this density threshold will be considered noise and will not participate 
in the subsequent sub cluster partitioning process. 

In response to the issue of the need to preset the initial number of clusters, this paper adopts the 
method of calculating the overall contour coefϐicient tS   of the clustering results to automatically 
determine the optimal k value. The contour coefϐicient, as an indicator for evaluating the effectiveness 
of clustering, the larger its value, the better the clustering effect. For sample point i, the speciϐic 
calculation method for its contour coefϐicient is as follows [16]: 

 
( ) ( )

( )
max{ ( ), ( )}

p i q i
S i

q i p i

-
=  (6) 



8304 LIU ET AL. 

 

Where, ( )q i  is the average distance between sample point i and the other sample points within its 
category; ( )p i  is the average distance from sample point i to other sample points outside its category. 
The mean silhouette coefϐicient can be calculated as: 

 
1

1
( )

N

t
i

S S i
N =

= å  (7) 

This article innovatively proposes a selection strategy to address the challenge of selecting initial 
cluster centers. Firstly, a distribution area evaluation metric named EP   was constructed, with the 
speciϐic deϐinition as follows: 

 ( )
2

min
1

, 1,2, ,
m

E j ij j
j

P Z Z i Nw
=

= - =å L  (8) 

Where, min [1, ]minj i N ijZ ZÎ= , 1,2, ,j m= L ; jw  has a value of 1, indicating the weight conϐiguration of 
the jth indicator. 

Construct the minimum electrical characteristic parameter vector for distribution area samples, 
which is composed of the minimum values of power supply radius parameters, total length of low-
voltage lines, electrical load conditions, and residential electricity consumption ratio. In addition, EP  
is deϐined as the Euclidean distance between the electrical characteristic parameter vector of a certain 
sample and the minimum electrical characteristic parameter vector mentioned above. 

3.2. Subcluster division 

After removing low-density data points, the sub cluster is composed of all data points that share the 
same identiϐication point, which is initialized according to the following deϐinition: 

Deϐinition 1: Representing point indicators. Its initial state is set to an empty set, ( ) 0Rep i =  . If 
( ) ( )j knn i i knn jÎ Ù Î  and j ir r> , then ( ) argmin ( , )jRep i d i j=  can be obtained. 

According to the local density characteristics determined by formula (3) and the representative 
point principle described in Deϐinition 1, each sample belongs to the subgroup to which its 
representative point belongs. If condition ( ) 0Rep i =  is met, select that point as the core and construct 
a new subpopulation. It is worth noting that the uniqueness of Deϐinition 1 lies in the fact that its 
representative point must be located within the k-nearest neighbor range of that point, which satisϐies 
the condition ( ) ( )j knn i i knn jÎ Ù Î  . This feature enables the Multi cluster parallel spectral clustering 
algorithm to demonstrate superiority in handling adjacent subpopulations with uneven density 
distribution. If Deϐinition 1 involves the condition ( )i knn jÎ , then the sample and its representative 
point form a k-nearest neighbor relationship, otherwise, only the k-nearest neighbor relationship is 
maintained between the two. Based on this, we label the presence or absence of the ( )i knn jÎ  
attribute in Deϐinition 1 with mutual k-nearest neighbor relationships and k-nearest neighbor 
relationships, respectively. 

3.3. Subcluster similarity 

After completing the subpopulation partitioning, the Multi cluster parallel spectral clustering 
algorithm needs to evaluate the similarity between any two subpopulations in order to guide the 
subsequent merging steps. The newly introduced similarity evaluation index focuses on the relative 
ratio of density between subgroups rather than absolute values. Figure 2 shows examples of 
subpopulation partitioning with varying densities on the Pathbased dataset [17], where marker 01 is 
located in the intersection area of low-density subpopulations, while marker 02 is located at the edge 
of subpopulations with different densities. According to equation (2), under the premise of controlling 
for other variables being consistent, the higher the density at the intersection of subgroups, the shorter 
the distance between two subgroups, and the higher the similarity. Therefore, adjacent subgroups in 
region 02 are more likely to be merged. Based on this, this article compared the density of the 
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intersection area of subpopulations with adjacent areas to determine the relative ratio of density 
similarity rather than absolute values. The subsequent deϐinition elaborates on the speciϐic calculation 
method of similarity between subgroups. 

 

Fig. 2. Similarity of Intersection between Subclusters of Different Density 

Deϐinition 2: Intersection factor indicator. Let iCE   be the extended set of spectral clustering 
algorithm sub cluster iC , which is the union of sample points in spectral clustering sub cluster iC . 
The intersection factor of spectral clustering sub clusters iC  and jC  can be calculated as follows [18]: 

 
ij

ij ij ji

i j

CE
perc sign sign

C C
= ´ ´

+
 (9) 

Where, ijCE  is the intersection of the spectral clustering sub cluster extension set iCE  and jCE . 
( )ij i jsign sign CE C= Ç   and ()sign ×   are sign functions. If 0x >   is satisϐied, then ( ) 1sign x =   can be 

obtained; When 0x = , () 0sign × = . 
Deϐinition 3: Connectivity metric. Based on the mutual distance between sample points iC  and jC  

in spectral clustering, their connectivity can be deϐined as: 

 ({ ( , )})ijcon mean d p q=  (10) 

Where, i jp CE CÎ Ç , j iq CE CÎ Ç ｡ 
Deϐinition 4: Density distance similarity index. 
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Where, sr  is the mean of all density values between data points in the sample dataset s. 
Deϐinition 5: Similarity index of density standard deviation. 
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Where, ss  is the standard deviation of all density values between data points in the sample dataset 
s, and set ijC  is the union of spectral clustering sub clusters iC  and jC . 

Then, the formula for calculating the spacing between spectral clustering sub clusters can be 
obtained as follows: 

 ( ) ( )21 1ij ij ij ij ijnewd perc con pavg std= ´ ´ - ´ -  (13) 

When calculating the distance between sub clusters in equation (13), only scenes where adjacent 
sub clusters overlap are marked as scene 0ijperc > . For sub clusters that are not directly connected, 
their distances are not calculated directly, but are derived using the Floyd algorithm based on the 
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distance information of adjacent clusters. Set the geodesic distance between sub clusters obtained 
through equation (14) as metric ijnewd , and then use Gaussian kernel function to derive the similarity 
SIMij  between clusters. The detailed mathematical expression can be found in equation (15). 

 
2

SIM exp j
ij

newgd

s

æ öæ ö ÷ç ÷ç ÷ç ÷= - ÷çç ÷ ÷çç ÷ç ÷è ø ÷çè ø
 (14) 

 { }( )mean  newd perc 0ij ijs = >∣  (15) 

3.4. Algorithmic program 

Algorithm1:Multi cluster parallel spectral clustering algorithm｡ 
Input: Sample set n mX ´Î ¡  , number of sub clusters nclust  , nearest neighbor parameter k of 

clustering algorithm, noise factor m; 
Output: Cluster output { }, 1, ,  iS i nclust= L ; 
Step 1: Normalize sample X by performing the following operations on the v-dimensional features 

of the data sample: ( )( ) ( ) ( )( ). . . . .min / max minv v v v vx x x x x= - - ; 
Step 2: Determine the initial number of clusters and initial cluster centers using equations (6-8); 
Step 3: Using equation (4), the local density index of the data sample can be obtained; 
Step 4: Using equation (5) combined with the set coefϐicient m, the density threshold qr  for data 

sample sub cluster partitioning can be obtained, and the sample points { }, 1, ,ii i nqr r< = L  located in 
low-density areas can be removed; 

Step 5: For the remaining sample points with high-density indicators after removing the low-density 
sample points mentioned above, the updated local density of the samples can be obtained using 
equation (3); 

Step 6: According to Deϐinition 1, the representative point ( )Rep i  of the input sample data can be 
obtained, and based on this, the sub clusters of the sample can be calculated; 

Step 7: Using equation (14), the similarity index SIMij  between the updated sample sub clusters 
can be obtained; 

Step 8: Use the similarity matrix obtained above to update the cluster labels and obtain ( )ilabel C ; 
Step 9: Subclusters with the same label can be merged due to their high similarity, i.e. p ix CÎ , q jx CÎ . 

If ( ) ( )i jlabel C label C=  is satisϐied, ( ) ( )p qlabel x label x=  can be obtained; 
Step 10: Return the clustering output { }iS . 

3.5. Computational complexity 

Under the framework of Algorithm 1, spectral clustering technology relies on the k-means method to 
partition the reduced dimensional data and obtain clustering results. Due to the randomness of this 
process, multiple executions may result in inconsistent clustering results. To address this issue, we 
adopted a ϐixed random seed strategy in the experimental design to ensure that the k-means algorithm 
produces the same output results every time it is executed, while keeping other variables constant. 

In the framework of Algorithm 1, the ϐirst three steps constitute the preprocessing stage, which aims 
to standardize data and eliminate low-density noise. Its computational complexity is mainly affected 
by nearest neighbor search and is marked as complexity ( log( ))O n n . Although the operation of step 4 
is the same as that of step 2, it applies to the denoised dataset, so the complexity is slightly reduced, 
approximately to complexity ( log( ))O n n  (due to the small proportion of noise). Steps 5 and 6 focus on 
calculating the similarity between sub clusters: the complexity of step 6 depends on the number of sub 
clusters ( )nsc n< <  , denoted as complexity ( ) ( )3 2O nsc O nsc+  ; Step 5 is responsible for ϐinding 
representative points, with a complexity of ( )O nk . The core of steps 7 and 8 is to perform spectral 
clustering, with an overall complexity of ( )3O nsc  . In summary, the overall time complexity of 
Algorithm 1 is ( ) ( ) ( )3 2 3(2 log( )) ( ) ~ (2 log( ))O n n O nsc O nsc O nk O nsc O n n+ + + +  , ,nsc k n< <  . This indicates 
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that the Multi cluster parallel spectral clustering algorithm ensures efϐicient computational 
performance with its low complexity. 

In the execution process of multi cluster parallel spectral clustering, the main consumption 
requirements are focused on preserving k-nearest neighbor information and sub cluster similarity 
matrices, which determines the spatial complexity of multi cluster parallel spectral clustering to be 

( )2( )O nk O nsc+ . 

4. Experimental analysis 

4.1. Experimental setup 

To verify the effectiveness of the aforementioned method, we selected a low-voltage distribution area 
of a provincial power grid as an example and collected a total of 8748 hours of operational data 
throughout the year to evaluate network losses. The power grid structure includes 421 nodes, 568 
network branches, 42 power generation nodes, 93 load nodes, and 6 connection channels. We 
comprehensively evaluated the computational performance by analyzing key indicators such as the 
accuracy, convergence speed, and stability of the power network loss rate calculation. 

Firstly, 590 samples were selected, each containing 5 independent variables ( ( )1x m : power supply 
radius; ( )2x m  : total length of low-voltage lines; ( )3 %x  : load rate; ( )4 %x  : proportion of residential 
electricity consumption; ( )%d : power network loss rate) and 1 dependent variable. Use optimized 
clustering algorithm to process these 590 standardized samples. Calculate the performance indicator 

EP  for standardized data and arrange the samples in ascending order of EP  values. The results are 
shown in Table 1, with EP  values ranging from 0.608 to 11.479. 

Table 1. Initial Cluster Center Evaluation Index (PE) 

Distribution area number Value 

1 0.608 

2 0.673 

3 0.765 

… … 

589 10.037 

590 11.479 

We gradually increased the initial number of clusters k, trying from 3 to 8 one by one, and calculated 
the total silhouette coefϐicient tS  of the clustering results at each k value. The results are summarized 
in Table 2. Through comparative analysis, it was found that when k is set to 7, the total contour 
coefϐicient reaches its maximum value, indicating that the clustering effect is optimal at this time. 
Based on this, this article determines the initial number of clusters to be 7. 

Table 2. Clustering silhouette coefϐicient test 

k silhouette coefficient k silhouette coefficient 

3 0.3965 6 0.4087 

4 0.4192 7 0.5196 

5 0.3841 8 0.4468 

According to EP   sorting, divide the samples into six groups, and select the central sample as the 
initial clustering core for each group. Please refer to Table 3 for details. Next, perform k-means 
clustering analysis. The number of samples included in each clustering group is as follows: 151 in the 
ϐirst group, 302 in the second group, 7 in the third group, 37 in the fourth group, 85 in the ϐifth group, 
and 8 in the sixth group, totaling 590. 
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Table 3. Initial Cluster Centers 

No. 
Cluster center (initial) 

PE value 
x1/m x2/m x3/% x4/% 

1 125 861 87.15 6.38 2.25 

2 208 1449 82.46 8.56 1.96 

3 197 1873 91.64 7.47 3.11 

4 382 1736 91.83 14.61 3.76 

5 266 1058 96.85 6.29 3.81 

6 590 4219 79.34 10.45 4.69 

4.2. Error result analysis 

Based on the six cluster analyses mentioned above, this study decided to extract 10 data points from 
each cluster, totaling 60 samples, to form a representative set of operating scenarios for evaluating 
network loss. To verify the accuracy of the proposed power network loss assessment technique, we 
calculated the overall power network loss rate of the system and the loss of overloaded lines based on 
8748 hours of annual power ϐlow data, which served as benchmark reference values. Meanwhile, we 
adopt the following two methods for comparative analysis [19-20]: 
1) Seasonal representative day method: Following engineering practice conventions, this study selects 
January 15th, April 15th, July 15th, and October 15th as representative days of the four seasons each 
year. Through trend analysis of 96 time points on each of these four dates, the power network loss data 
of each is obtained to summarize the characteristics of power network loss throughout the year. 
2) Linear approximation method: Firstly, we calculate the average power ϐlow state of the power grid; 
Next, using sensitivity analysis techniques, determine the linear relationship coefϐicient between node 
injection power and network loss; Finally, based on these coefϐicients, approximate the linearized 
power network loss of the power grid under different operating states, and complete the analysis of 
the total power network loss consumption. 

Table 4 shows the comparison of the average power network loss rate of the power grid under 
different methods. The results show that the average power network loss rate obtained by clustering 
method is closest to the benchmark value, with an error rate of only 0.11%. 
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Table 4. Mean Power Network Loss Rate 

Method Relative error/% Mean power network loss rate/% 

Benchmark prediction model 0.00 1.163 

Proposed method 0.11 1.175 

Seasonal representative day method 4.86 1.107 

Linear approximation method 22.69 0.914 

In Figure 3, we present the cumulative probability distribution curves of the three different methods 
for evaluating power network loss rate, for a more in-depth comparative analysis. 

 

Fig. 3. Cumulative probability curve of power network loss rate 

Table 5 lists the accuracy metrics of three methods in evaluating the probability distribution of 
power network loss rate, including correlation factors with benchmark results and root mean square 
error (RMSE), to measure the performance of each method. 

Table 5. Evaluation Results of Power Network Loss Rate 

Method RMSE/% Correlation factor 

Proposed method 1.42 0.9994 

Seasonal representative day method 12.69 0.9852 

Linear approximation method 32.85 0.8967 

According to the results in Figure 3, the cumulative probability curve of power network loss rate 
obtained by clustering method is highly consistent with the benchmark curve; Table 4 shows that the 
correlation coefϐicient between the power network loss rate distribution of clustering method and the 
benchmark distribution is as high as 0.9994, and the root mean square error (RMSE) of cumulative 
probability is as low as 1.42%. Given that the typical operating mode set is constructed based on 
random sampling and may affect the accuracy of power network loss assessment, this study conducted 
55 repeated power network loss rate analysis experiments. The results showed that the average 
annual power network loss rate of the power grid in the 55 experiments reached 1.1473%, with a 
deviation of only 0.05% from the benchmark results. The RMSE of the probability distribution of 
power network loss rate was only 2.74%, which was better than the typical daily method and 
linearization method. These experimental results strongly demonstrate that the power network loss 
evaluation method proposed in this paper has high stability and accuracy, and is less affected by 
random sampling. 

4.3. Analysis of Power Network Loss Results 

For a heavy-duty transmission line in the power grid, this paper conducted a power network loss 
assessment and compared the annual average power network loss results of different methods, as 
shown in Table 6. Analysis shows that the average power network loss obtained by clustering method 
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is closest to the benchmark value, with a relative error evaluation index of only 1.05%, which is lower 
than other algorithms. 

Table 6. Results of Average Power Network Loss 

Method Relative error/% Mean power network loss/MW 

Benchmark prediction model 0.00 1.9527 

Proposed method 1.05 1.9537 

Seasonal representative day method 25.69 1.4698 

Linear approximation method 25.78 1.4852 

Figure 4 shows the cumulative probability curves of three power network loss evaluation methods, 
with power network loss ranging from 0 to 12MW. Table 7 provides a detailed list of various indicators 
used to evaluate the accuracy of the probability distribution of power network loss. These two sets of 
data together reveal the excellent accuracy of clustering methods in evaluating power network loss. In 
order to gain a deeper understanding of the potential impact of random sampling on the accuracy of 
power network loss assessment, this study carefully designed 55 independent power network loss 
analysis experiments. Experimental data shows that the average power network loss of the overloaded 
line accurately reaches 1.9537MW, with a slight deviation from the benchmark value of only 1.05%. 
The mean root mean square error (RMSE) of the power network loss probability distribution is also 
controlled at an extremely low 3.47%. This series of experimental results fully conϐirms that clustering 
methods also have excellent stability and evaluation accuracy in the ϐield of power network loss 
analysis. 

 

Fig. 4. Cumulative probability curve of power network loss 

Table 7. Evaluation Indicators for Power Network Loss 

Method Mean square error/% Correlation factor 

Proposed method 1.43 0.9997 

Seasonal representative day method 8.26 0.9876 

Linear approximation method 8.17 0.9893 

Previous studies have shown that the power network loss assessment method introduced in this 
article is easy to operate. By using cluster sampling techniques to obtain 60 representative operating 
mode datasets, it can efϐiciently replace 8748 hours of operating data throughout the year for power 
network loss assessment, demonstrating excellent computational speed and assessment accuracy. 

5. Conclusion 

This study focuses on the challenges of power network loss assessment in large-scale datasets and 
innovatively proposes a power network loss assessment strategy that integrates hybrid clustering 
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techniques. This strategy focuses on the dataset of power grid operation modes, taking into account 
the uniqueness of power data and using a unique hybrid clustering algorithm for in-depth analysis. 
Based on the clustering results, a typical set of operation modes is extracted to support power network 
loss assessment. To verify the practicality of this method, this study introduced an actual power grid 
case, and the results showed that compared with traditional methods, the hybrid clustering analysis 
driven power network loss evaluation not only signiϐicantly improved accuracy, but also had a simple 
implementation process and excellent computational efϐiciency. In addition, the hybrid clustering 
technique has shown great potential for expansion, and its application exploration in power data 
intensive ϐields such as new energy grid integration planning and grid economic operation evaluation 
will become one of the key directions of this study in the future. 
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