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Abstract: The disorderly integration of small hydropower plants into distribution networks can 

easily lead to problems such as curtailed power generation, voltage overshooting, and difficulty in 

regulation. Therefore, it is crucial to study small hydropower clustering methods for regional 

coordinated control and optimal scheduling. Traditional methods often rely on geographic location or 

administrative divisions for clustering, but they struggle to simultaneously account for 

multidimensional characteristics such as electrical characteristics, operational characteristics, and 

spatial distribution of power plants, thus failing to meet the optimized regulation requirements of 

distribution networks. To this end, this paper introduces complex network analysis methods and 

proposes a small hydropower cluster partitioning method based on the multidimensional feature 

network model and the community detection algorithm. Hydropower stations are modeled as 

network nodes, different coupling dimensions are mapped into weighted edges, and the similarity 

network fusion (SNF) method is employed to achieve multidimensional feature fusion. Furthermore, 

a hydropower coordination index is defined to quantify cluster quality in multiple spatiotemporal 

scenarios. Clustering is then performed using the Louvain community detection algorithm. Small 

hydropower stations in the Meijiang River Basin, Zunyi, China, were selected as the case study. The 

results show that the proposed method can improve the physical interpretability of the partitioning 

results and provide an effective solution for the coordinated control and optimized regional 

scheduling of small hydropower stations. 
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hydropower clusters; distributed energy 

 

1. Introduction 

Driven by the global transition toward low-carbon energy systems, small hydropower has 

become an important component of regional power systems due to its renewable nature and low 

emissions [1]. However, due to factors such as inadequate communication infrastructure, 

geographically dispersed locations, and complex river basin structures, the majority of small 

hydropower stations are still connected to the grid in a standalone mode, lacking effective 

coordinated dispatch mechanisms. This has led to frequent occurrences of issues such as wasted 

hydropower, local voltage fluctuations, and inefficient operational control [2]. To address these 

issues, there is an urgent need to establish a coordinated operation mechanism for small hydropower 

plants at the system level [3]. The accurate characterization of external bidding functions of virtual 

power plants can support efficient non-iterative market participation of aggregated distributed 

resources [4]. By considering the operational characteristics, spatial distribution, and grid connection 

characteristics of small hydropower plants, research should be conducted on the planning of 

coordinated clusters of small hydropower plants to enhance their controllability on the generation 

side and their ability to participate in the electricity market [5]. 

Existing studies have employed clustering algorithms to group distributed energy resources 

based on dimensions such as geographic location, spatial correlation, and source distribution 

characteristics [6,7]. The objective is to address the uncertainty associated with distributed energy 

resources. Such methods typically rely on the similarity of power plant attributes and use distance 

metrics to form groups, making them suitable for the initial aggregation of large-scale clusters. 

However, traditional clustering algorithms struggle to handle cross-dimensional features among 

multi-source data. In particular, they face challenges in uniformly modeling heterogeneous data such 

as geographic information, power output sequences, and electrical topologies, which limits their 

ability to identify collaborative clusters of power plants [8,9]. In addition, forecasting-oriented 

studies have been conducted for geographically distributed renewable stations to improve the 

perception of temporal output uncertainty under heterogeneous data conditions [10]. 

Complex network theory and community detection algorithms offer new approaches to address 

the aforementioned issues. By modeling distributed energy resources and load clusters as network 

structures and applying community partitioning methods, researchers have identified topological 

correlations and functional modules at the network level, thereby enabling the functional partitioning 

of power grid systems [11,12]. Existing research on complex networks has primarily focused on 

internal structural analysis of distribution grids, such as fault detection and identification [13], 

reactive power partitioning [14,15], and identification of critical nodes/edges and transmission 

sections [16]. In [17], a method that combines the k-means algorithm with evolutionary algorithms 

was proposed for power grid partitioning that integrates electrical distance with multi-attribute 

objectives. In [18], a reactive power transmission-weighted graph was constructed to evaluate 

inter-node relationships by comprehensively considering both electrical distance and reactive power 

flow weights. On the other hand, a functional clustering method based on electrical coupling strength 

by extending the weighted adjacency matrix and redefining the modularity function was proposed 

in [19]. In [20], metrics such as PV reactive power regulation capacity, internal coupling degree, and 

cross-subnetwork coupling degree were introduced, while taking electrical topology into account to 

achieve clustering that meets grid control requirements. Furthermore, security-region-based methods 
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have been explored to enhance the resilient operation of distributed energy systems under extreme 

events [21,22]. However, complex network analysis methods still have significant shortcomings in 

the context of small hydropower: 

1) Due to their large numbers and dispersed distribution, small hydropower stations exhibit 

significant heterogeneity and dynamism, with their generation capacity and operational status 

influenced by multiple factors such as geographical location, hydrometeorological conditions, 

seasonal variations, grid topology, and power flow patterns [23]. Traditional single-feature 

modeling methods struggle to effectively capture the potential synergistic relationships between 

these stations. 

2) In complex network modeling, traditional adjacency matrices take the form of binary 0–1 values, 

indicating only the presence or absence of connections; they are unable to capture physical 

properties such as the strength of electrical coupling. Furthermore, modeling methods for networks 

involving different types of nodes and edges remain underdeveloped, and there is a lack of 

research on the integration of multidimensional heterogeneous networks, making it difficult to 

fully reflect the complex coupling characteristics between hydropower stations. 

3) Most current network partitioning algorithms evaluate the quality of partitioning results based on 

the modularity Q-function; however, as this method relies primarily on network structure to assess 

quality, it struggles to reflect the interdependencies between power stations in small-scale 

hydropower scenarios across electrical, operational, and geographical dimensions, thereby limiting 

its applicability. 

Therefore, to enhance the practicality of small hydropower clustering, there is an urgent need to 

explore methods for constructing network models that integrate multidimensional features and to 

achieve high-quality identification and classification of distributed small hydropower plants. To this 

end, this paper proposes a method for small hydropower clustering based on a multidimensional 

feature network model and a community detection algorithm. Specifically, a network model for small 

hydropower stations that integrates multidimensional features and possesses dynamic evolution 

capabilities is first constructed. Building upon this, the hydropower coordination index Q
hydro

(t) is 

proposed, and clustering of small hydropower stations is achieved by combining this with an 

improved Louvain algorithm. Finally, simulation verification is conducted using nine typical small 

hydropower stations in the Meijiang River basin in Zunyi, China, as a case study. 

2. Construction of the multidimensional feature network model for small hydropower 

2.1. Fundamental principles and modeling process 

As a typical complex network, the power system is characterized by a complex topological 

structure, heterogeneous node attributes, and dynamic operational states [24]. Constructing a 

complex network model can effectively reveal its internal structural patterns and coupling 

characteristics [25]. Therefore, in response to the challenges posed by the dispersed layout and 

complex coupling relationships of small hydropower stations, this paper proposes a method for 

constructing a network model of small hydropower stations that integrates multidimensional features 

and possesses dynamic evolution capabilities. The basic procedure is as follows: 

1) Each hydropower station is modeled as a node in the network model, with different types of 

coupling relationships mapped as weighted edges between nodes, where the edge weight Wij 

represents the coupling strength across various dimensions. 



568 

AIMS Electronics and Electrical Engineering  Volume 10, Issue 4, 565–584. 

2) Based on the principles of electrical coupling, similar operational characteristics, and geographical 

proximity, three types of network edge weights are constructed: the electrical coupling edge 

weight Wij
(elec)

, the coordinated operation edge weight Wij
(corr)

, and the geographical distribution 

edge weight Wij
(geo)

. These weights are used to characterize the coupling relationships among 

hydropower stations from the electrical, operational, and spatial perspectives, respectively. The 

process for constructing a multidimensional feature network model for small hydropower stations 

is shown in Figure 1. 

3) The similarity network fusion (SNF) method is employed to adaptively fuse the aforementioned 

multidimensional edge weights, forming a fused similarity matrix Wfused and thereby deriving a 

multidimensional feature network model for small hydropower stations. 

Building on this, a hydropower coordination index Q
hydro

(t) is proposed to quantify the synergy 

between any two hydropower stations under different spatio-temporal scenarios. Combined with an 

improved Louvain algorithm, this enables the identification and classification of small hydropower 

clusters. 

2.2. Electrical coupling network 

To overcome the limitations of traditional topology-based modeling methods, which are unable 

to capture electrical coupling relationships within power systems, this paper introduces an electrical 

distance metric based on voltage-reactive power sensitivity during the construction of electrical 

coupling network models. This method is based on Newton-Raphson power flow analysis. By 

extracting the submatrix from the Jacobian matrix that describes the relationship between voltage 

and reactive power, it quantifies the voltage response sensitivity between small hydropower nodes, 

thereby quantifying the strength of electrical coupling between nodes. 

 

Figure 1. Construction process of the multidimensional feature network model for small 

hydropower stations. 
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The Jacobian matrix J in power flow analysis describes the partial derivative relationships 

between power and voltage magnitudes and phase angles, being expressed as follows: 

 11 12
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/ /
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where P and Q denote the active and reactive power injection vectors, respectively; θ and V denote 

the bus voltage phase angle vector and voltage magnitude vector, respectively; ∂P, ∂Q, ∂θ, and ∂V 

denote their corresponding incremental variations; and J11, J12, J21, and J22 denote the submatrices of 

the Jacobian matrix. 

This paper focuses on the response of voltage to reactive power disturbances. The submatrix J22 

is selected as the modeling basis, and its inverse is used to obtain the voltage-reactive power 

sensitivity SVQ: 

 1

22/VQS V Q J      (2) 

where J22⁻¹ denotes the inverse of the Jacobian submatrix J22, representing the sensitivity 

relationship between voltage and reactive power. 

In distributed energy cluster partitioning, the electrical distance between nodes is a key indicator 

for measuring their voltage control and power flow regulation capabilities. To characterize the 

electrical coupling relationship between nodes, the electrical distance factor Kij is introduced, which 

is defined as the ratio of the voltage response at node j to its own response when a unit reactive 

power disturbance occurs at node i: 

 
,

,

lg , , 1, ,
VQ jj

ij

VQ ij

S
K i j N

S
   (3) 

where SVQ,ij denotes the sensitivity of the voltage change at node j caused by a unit reactive power 

disturbance at node i; SVQ,jj denotes the sensitivity of the voltage change at node j caused by its own 

disturbance; N denotes the total number of system nodes. 

In the electrical coupling matrix constructed from Kij, each node i corresponds to a row vector, 

which is used to describe its electrical coupling characteristics with other nodes: 

  1 2, , ,i i i iNK K KK  (4) 

Based on this, the electrical distance Xij between node i and node j is defined as the Euclidean 

distance between the corresponding row vectors, which is used to measure the electrical connection 

tightness between small hydropower stations and other nodes in the power grid, that is: 

 
2ij i jX K K   (5) 

Finally, to reflect this relationship in the network model, the electrical distance Xij is mapped to 

the edge weight Wij
(elec)

 of the electrical coupling network, which is used for constructing the network 

model from the perspective of electrical coupling, and the mathematical relationship is given as: 
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2.3. Coordinated operation network 

To quantify the historical output behavior and coordinated operation capability among small 

hydropower units, this paper conducts correlation analysis based on historical operation data and 

constructs a coordinated operation network [26]. The Pearson correlation coefficient with a time 

sliding window is introduced to measure the dynamic correlation between power stations. For 

stations i and j, within a sliding window starting at time t with length T, the output correlation 

coefficient is defined as follows: 
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 (7) 

where pi(t+k) denotes the output of station i at time t+k, and p̄i
(t)

 denotes its average output within 

the time window: 

 
1

( )

0

1
( )

T
t

i i

k

p p t k
T





   (8) 

Based on this correlation metric, the edge weight Wij
(corr)

 of the coordinated operation network 

can be constructed at each time t, and the mathematical relationship is given as: 

 
     corr

, ,ij ijW t T r t T  (9) 

2.4. Geographic distribution network 

To achieve small hydropower cluster partitioning with strong spatial aggregation and high 

operational consistency, a geographic distribution network is constructed based on geographical 

distance to model the spatial distribution of small hydropower stations. 

Let λi and φi denote the longitude and latitude of node i, respectively. The spherical law of 

cosines is adopted to calculate the geographical distance between any two nodes i and j, given as 

follows: 

 arccos[sin sin cos cos cos( )]
ij i j i jd R             (10) 

where dij denotes the spherical distance between nodes i and j; R denotes the Earth’s radius, taken as 

6371 km; and Δλ=λi-λj denotes the longitude difference between the two nodes. 

Furthermore, the geographical distance is mapped to the edge weight in the geographic 

distribution network model. The mapping relationship between the edge weight Wij
(geo)

 and the 

distance dij is defined as: 

 
 geo

1
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ij

ij

ij

d
W

d
   (11) 

where max(dij) represents the maximum geographical distance between any two nodes in the studied 

network. 
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2.5. Multidimensional network fusion 

Traditional feature fusion methods often struggle to effectively integrate multidimensional 

heterogeneous information while preserving the structural characteristics of each feature dimension. 

To address this issue, this paper introduces the SNF method to integrate the coupling relationships of 

small hydropower stations from different feature dimensions at the network level. The inputs of SNF 

are not the raw heterogeneous data themselves, but the three edge-weight matrices constructed. For 

each dimension, SNF first preserves the local neighborhood structure by constructing a local 

similarity matrix, and then iteratively updates the propagation matrix by incorporating information 

from the other dimensions. Through this cross-dimensional iterative propagation process, 

complementary similarity information can be gradually fused while the local structural 

characteristics of each dimension are retained [27]. The multidimensional network fusion process is 

as follows:  

1) Each feature dimension is represented as an independent weighted network. The network models 

of small hydropower stations under different dimensions can be expressed as follows: 

 
    , , , 1, ,
v v

G V E W v M   (12) 

where V = {V1, V2, …, Vn} denotes the set of small hydropower station nodes; E denotes the set of 

edges with coupling relationships; W
(v)

 denotes the network edge weight matrix under dimension v; 

and M denotes the number of dimensions. 

2) For the network edge weight matrix W
(v)

 of each dimension, the local similarity matrix S
(v)

 is 

constructed by retaining, so as to preserve the local neighborhood structure of each 

single-dimensional network and reduce the influence of weak connections. 

3) The normalized propagation matrix P
(v)

 of each dimension describes the similarity propagation 

process within the 𝑣-th network, which is calculated as: 

  
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  (13) 

where D
(v)

 = diag (∑j Sij
(v)

) denotes the degree matrix, and Sij
(v)

 denotes the element value in the 

local similarity matrix S
(v)

. 

4) In each iteration, the propagation matrix of each dimension is updated to fuse information from 

other dimensions while retaining its own local structural characteristics, denoted as Pnew
(v)

: 
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where P
(v)

 denotes the current propagation matrix of the v-th dimension, and ∑u≠v P
(u)

 denotes the 

information sources from all dimensions except the v-th dimension. 

5) After multiple rounds of iteration, the results of all dimensions are fused to obtain the fused 

similarity matrix: 

 
( )

fused 1

1 M v

v
W P

M 
   (15) 

The fused similarity matrix Wfused preserves local structural features while integrating 

complementary similarity information from different dimensions and can be used as the input model 

for the cluster partitioning algorithm. 
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2.6. Dynamic network model of small hydropower 

In the preceding sections, network models of small hydropower stations were constructed 

separately from the electrical, operational, and geographical dimensions, and multidimensional 

feature fusion was achieved through SNF, thereby completing the static modeling of the 

multidimensional network of small hydropower. However, in actual operation, the output level, 

voltage response, and coupling relationships of small hydropower systems are affected by factors 

such as seasonal variation, water resource dispatch, and load changes, exhibiting dynamic 

time-varying characteristics. Traditional static network models are therefore difficult to reflect their 

dynamic processes. 

As a possible extension of the above static multidimensional network method, a dynamic 

modeling strategy is further introduced to describe the time-varying operating characteristics of small 

hydropower systems. In this method, the continuous temporal evolution process is discretized into a 

series of time snapshots {G
(v)

(t1), G
(v)

(t2), …, G
(v)

(tz)}. On each snapshot graph, the multidimensional 

feature network model is independently constructed, and the community structure is identified, so as 

to characterize the operating characteristics and dynamic cluster variation of small hydropower at z 

time instants over the full-time horizon. The implementation steps are as follows: 

1) The dataset is divided into a series of time slices according to the variation cycle of the operation 

data, with each time slice corresponding to a static snapshot graph. 

2) On each time slice, a dynamic multidimensional feature network model of small hydropower is 

constructed as: 

     ( )

fused, ,
tvG t V E W  (16) 

where Wfused
(t)

 denotes the fused similarity matrix at different time instants t. 

The dynamic network model of small hydropower can provide a modeling foundation for 

full-time-horizon characteristic analysis and dynamic cluster partitioning of small hydropower 

systems. Based on the constructed snapshot graph sequence and combined with dynamic community 

detection algorithms, the variation trend of community structures over time can be further explored, 

thereby realizing time-varying partitioning of small hydropower clusters. 

3. Cluster partitioning method 

3.1. Hydropower coordination index 

The modularity Q can measure the difference in connection density within and between 

communities and effectively evaluate the significance of community structure [28]. To measure the 

quality of small hydropower cluster partitioning, this paper defines the hydropower coordination 

index Q
hydro

(t) on each time snapshot graph based on the fused similarity matrix Wfused, which is used 

to quantify the deviation of the coordination capability among hydropower stations within a cluster 

relative to a random network. 
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where Wfused,ij
(t)

 denotes the comprehensive similarity relationship between nodes i and j at time t; si
(t)

 

denotes the degree of node i; μ
(t)

 denotes the total network edge weight; and δ(ci, cj) denotes the 
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community indicator function, which equals 1 when nodes i and j are assigned to the same cluster, 

and 0 otherwise. 

3.2. Cluster partitioning algorithm 

The Louvain algorithm is a community detection method based on modularity optimization. Its 

core idea is as follows: after traversing all neighboring communities, each network node chooses to 

join the community that yields the maximum modularity gain; when the overall modularity reaches a 

local optimum, each community is regarded as a new node to reconstruct the network, and this 

process is repeated until the gain converges. 

Accordingly, this paper takes the hydropower coordination index Q
hydro

(t) as a new objective 

function and transforms the small hydropower cluster partitioning problem into a community 

detection problem with the objective of maximizing the hydropower coordination index. The 

procedure of the improved Louvain algorithm based on Q
hydro

(t) is as follows: 

1) Initialization stage: Each small hydropower station is regarded as an independent community to 

construct the initial partition, and the hydropower coordination index Q
hydro

(t) under the current 

partition is taken as the initial coordination index. 

2) Local coordination index gain search: For each node i, an attempt is made to move it to the 

community Cj to which a neighboring node belongs, and the corresponding coordination degree 

increment is calculated as: 

 hydro hydro hydro

new oldQ Q Q    (18) 

If ΔQ
hydro

 > 0, node i is moved into community Cj so as to improve the overall hydropower 

coordination degree. 

3) Community aggregation and new network construction: According to the current community 

partitioning result, each community is treated as a meta-node to generate a new network. In the 

new network, the edge weight between meta-nodes is the accumulated value of all corresponding 

edge weights between communities in the original network. Then, Step 2 is repeated on the new 

graph to continuously optimize the partition structure. 

4) Convergence determination: The algorithm terminates when no node movement can further 

increase the modularity between two consecutive iterations. The current community partition is 

then regarded as the final clustering result. 

3.3. Dynamic cluster partitioning extension 

The above Louvain-based cluster partitioning method is mainly applied to a single snapshot 

network. The sequence of snapshot networks can be further formulated as a temporal multilayer 

network for dynamic community detection. To describe the temporal continuity of the same 

hydropower station across adjacent time snapshots, an interlayer coupling parameter  is introduced. 

The temporal multilayer modularity matrix Bmulti can be constructed as: 
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where I is the identity matrix, and  represents the interlayer coupling strength between the same 

station in adjacent time layers. The diagonal submatrix B
(t)

 denotes the intralayer modularity matrix 

of the snapshot network at time t. When  is set to 0, the community detection results of different 

snapshots are independent; when  increases, the community affiliation of the same station tends to 

remain more continuous over time. 

For each time snapshot t, the fused similarity matrix Wfused
(t)

 is first obtained using the 

SNF-based multidimensional feature fusion method, and the element Bij
(t)

 of B
(t)

 is calculated as 

follows: 

 

( ) ( )

( ) ( )

fused, ( )2

t t

i jt t

ij ij t

s s
B W


   (20) 

The temporal multilayer modularity matrix Bmulti can be optimized using the generalized 

Louvain framework described in [29,30] to obtain dynamic cluster partitioning results. The 

generalized Louvain algorithm follows the same basic optimization idea as the Louvain algorithm 

used in this paper. Therefore, as this subsection mainly serves as an extension discussion, the detailed 

algorithmic procedure is not repeated. In this way, the proposed static method can be extended to 

dynamic cluster evolution analysis under time-varying operating conditions. 

3.4. Evaluation indices 

Community detection algorithms belong to unsupervised learning algorithms, and the quality of 

their partitioning results cannot be judged by a single standard. To objectively evaluate the 

effectiveness of the partitioning results, three-dimensional evaluation indices are proposed, namely 

the cluster electrical coupling index ρe, the cluster coordination index ρc, and the cluster geographical 

aggregation index ρg, which are used to verify the quality of the partitioning results. All three are 

based on the same mathematical framework, that is, the average value of the attribute over all pairs 

of station nodes within each cluster is calculated. The general calculation formula is as follows: 
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 (21) 

where NC denotes the number of clusters; Ek denotes the set of all node pairs within the k-th cluster; 

|Ek| denotes the number of node pairs in the k-th cluster; θij denotes the attribute value corresponding 

to nodes i and j; xij denotes the electrical coupling strength between stations i and j; rij denotes the 

historical output correlation coefficient between stations i and j; and dij denotes the geographical 

distance between stations i and j. 

1) When θij = xij, the index is the cluster electrical coupling index ρe, which reflects the electrical 

coupling strength among stations within the cluster. The stronger the voltage and reactive power 

coupling between stations, the better the regulation capability and coordination potential. 

2) When θij = rij, the index is the cluster coordination index ρc, which measures the coordination 

among stations within each cluster during historical operation. Clusters with high coordination 

have stronger synchronous response capability and dispatch feasibility in coordinated operation. 

3) When θij = dij, the index is the cluster geographical aggregation index ρg, which measures the 

geographical distribution distance among stations within the cluster. When the spatial locations of 

stations are concentrated, they tend to have similar resource distribution conditions and higher 
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regulation feasibility. 

However, measuring only the average distance within a cluster through ρg is insufficient to 

comprehensively reflect the boundary clarity and spatial separation effect of cluster partitioning. 

Therefore, the silhouette coefficient (SC) is introduced as an evaluation index to measure the 

clustering quality of the clusters in the geographical spatial dimension. The calculation formula is as 

follows: 

 
1

1 ( ) ( )

max{ ( ), ( )}

N

i

b i a i
S

N a i b i


   (22) 

where a(i) denotes the average distance between station i and other stations within its own cluster; 

b(i) denotes the average distance between station i and stations in the nearest neighboring cluster; 

and N denotes the total number of stations. 

4. Case study analysis 

4.1. Scenario setting 

This paper selected nine small hydropower stations in the Meijiang River Basin, Zunyi, China, 

as the research objects. In this region, small hydropower stations have long operated independently, 

resulting in low dispatch coordination efficiency and frequent occurrences of water spillage and 

energy curtailment. To verify the effectiveness of the proposed method, a multidimensional feature 

network model was constructed and a simulation analysis was carried out. The case study scenario is 

shown in Figure 2. 

 

Figure 2. Case study scenario of small hydropower stations. 

The simulation was carried out on the MATLAB R2019b platform, and the distribution network 

case adopted the modified IEEE 33-bus system shown in Figure 3. The system voltage level was 

12.66 kV, and the base capacity was 10 MVA. The system included 33 buses and 32 branches, 

consisting of 1 slack bus, 23 conventional load buses, and 9 hydropower buses, with a total active 

load of approximately 3.715 MW and a total reactive load of approximately 2.3 MVar. 

On this basis, simulation analysis was conducted for multidimensional feature network 
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modeling, reactive power partitioning of the distribution network, and small hydropower cluster 

partitioning. 

 

Figure 3. Modified IEEE 33-bus system. 

4.2. Reactive power partitioning of the distribution network 

The Louvain algorithm was adopted for community partitioning, and a comparative experiment 

was conducted with the partitioning results based on the traditional topological adjacency matrix to 

verify the effectiveness of the proposed electrical coupling network model. The experimental 

procedure is as follows: as shown in Figure 1, power flow analysis is performed on the distribution 

network with integrated small hydropower, the voltage-reactive power sensitivity is obtained, the 

electrical distance is calculated, and the electrical coupling edge weights are generated to construct 

the electrical coupling network model. Then, the improved Louvain algorithm is applied to complete 

the reactive power partitioning of the distribution network. 

The partitioning result based on the electrical coupling network model is shown in Figure 4. 

There are no isolated nodes in the result, and the cluster structure is consistent with the electrical 

connections, with a modularity Q of 0.1597. Two small hydropower clusters with distinct electrical 

coupling characteristics are formed, where Cluster 1 includes nodes 0–7 and nodes 18–32, and 

Cluster 2 includes nodes 8–17. 

 

Figure 4. Reactive power partitioning of the distribution network considering electrical coupling. 

For comparison, the partitioning procedure based on the traditional topological adjacency 

matrix model was carried out on the modified IEEE 33-bus system. In this method, the distribution 

network is directly represented by a binary adjacency matrix according to the physical connection 

relationships among nodes, and the Louvain algorithm is then applied to obtain the partitioning result. 

The partitioning result based on the traditional topological adjacency matrix model is shown in 

Figure 5, where the network is divided into seven clusters. Although this result is consistent with the 
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topological structure characteristics, the partitioning process does not consider the electrical coupling 

characteristics between nodes and therefore cannot reflect the interaction requirements of voltage and 

reactive power response.  

 

Figure 5. Distribution network partitioning considering topological adjacency. 

Furthermore, the electrical distances among the nine small hydropower stations were extracted 

to model the electrical coupling relationships among the stations, as shown in Figure 6. In the figure, 

the horizontal and vertical coordinates represent the station indices, and the height and color of the 

bars jointly reflect the magnitude of the electrical distance. A larger value indicates weaker electrical 

coupling between the two stations. It is evident that the electrical distance between Station 1 and 

Stations 2–3 is relatively small, indicating a close coupling relationship; the distance between Station 

1 and Stations 4–6 increases slightly; and the electrical distance between Station 1 and Stations 7–9 

is the largest, indicating the weakest electrical coupling. If Stations 2–3, 4–6, and 7–9 are partitioned 

into three clusters, the electrical distances within each cluster are generally small, showing strong 

electrical functional modularity. 

 

Figure 6. Electrical distances between the nodes of nine hydropower stations. 

4.3. Small hydropower cluster partitioning results 

To verify the effectiveness of the multidimensional feature network modeling method and the 

cluster partitioning algorithm for small hydropower, four comparative experimental scenarios were 

designed based on the geographical coordinates, output data of nine typical small hydropower 

stations in the Meijiang River Basin, Zunyi, China, and the electrical parameters of the modified 

IEEE 33-bus system. The characteristics of cluster partitioning under different feature dimensions 
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and multidimensional feature fusion were analyzed. Among them, Scenario 1, Scenario 2, and 

Scenario 3 compare and illustrate the characteristics and significance of cluster partitioning results 

from different feature perspectives, while Scenario 4 is used to demonstrate the effectiveness of the 

SNF-based multidimensional feature network model. The comparative experimental scenarios are set 

as follows: 

1) Scenario 1: The geographic distribution network is constructed based on geographical coordinates, 

and cluster partitioning is performed according to spatial distribution. 

2) Scenario 2: The coordinated operation network is constructed based on historical output data, and 

cluster partitioning is performed according to operational behavior. 

3) Scenario 3: The electrical coupling network is constructed based on electrical distance, and cluster 

partitioning is performed according to voltage-reactive power response capability. 

4) Scenario 4: The multidimensional feature network model is constructed using the 

multidimensional feature fusion method, and cluster partitioning is performed based on 

comprehensive similarity. 

The partitioning results under different scenarios were quantitatively compared using evaluation 

metrics including Q
hydro

(t), SC, ρg, ρc, and ρe. 

Parameter settings: For scenarios 1–3, the geographical distribution matrix W
(geo)

, the 

coordinated operation matrix, W
(corr)

, and the electrical coupling matrix W
(elec)

 were used as the input 

matrices of the algorithm. In Scenario 4, multidimensional feature fusion was performed using the 

SNF method described in Eqs. (12)–(15). Specifically, the SNF inputs were W
(geo)

, W
(corr)

, and W
(elec)

. 

The local similarity matrix S
(v)

 was constructed by retaining the ε nearest neighbors of each node, 

where ε = 2, and the number of SNF iterations was set to 1. During each fusion iteration, the 

propagation matrix of each feature layer was updated using the average information from the other 

feature layers. The fused similarity matrix Wfused was then obtained by averaging the updated 

matrices, followed by symmetrization and normalization to [0,1]. Before community detection, the 

diagonal elements of Wfused were set to zero, and edges with weights lower than a predefined 

threshold were removed. The algorithm terminates when the community partition no longer changes 

between two successive iterations. 

Figure 7 presents the coupling characteristics among small hydropower stations under different 

feature perspectives and the cluster partitioning results based on the improved Louvain algorithm. In 

Figure 7(d)–(f), the relatively strong coupling relationships are highlighted. The cluster partitioning 

results under each feature perspective exhibit the following characteristics: 

As shown in Figure 7(a), the geographic distribution network characterizes the positional 

proximity among power stations. The coupling values between Station 1 and Stations 2 and 3 are 

relatively high, indicating that the three stations are geographically close. Among them, the coupling 

value between Stations 2 and 3 is close to 1, indicating that they are basically located at the same 

position. In contrast, the coupling values between Station 1 and Stations 4–9 are lower than 0.2, 

especially those with Stations 7–9, which are close to 0, indicating a long geographical distance. As 

shown in Figure 7(b), the coordinated operation network reflects the correlation of historical output 

states among power stations. The coupling values between Station 1 and the other stations are all 

lower than 0.5, indicating weak historical output correlation; the local coupling value between 

Stations 2 and 3 is higher than 0.72, indicating strong historical output correlation; and the average 

coupling values among Stations 4–9 are higher than 0.67, indicating that the historical operating 

states of these local stations have good consistency. As shown in Figure 7(c), the electrical coupling 

network model reflects the voltage-reactive power response relationships among power stations and, 
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overall, exhibits two highly coupled regions, namely Stations 1–3 and Stations 4–9, where the local 

electrical coupling values within both regions exceed 0.7. Among them, Stations 4–6 and Stations 

7–9 further form two locally coupled subregions, with coupling values close to 1, indicating good 

voltage-reactive power response capability. 

 
(a) 

 
(b)  (c) 

 
(d) 

 
(e) 

 
(f) 

Figure 7. Coupling relationship of hydropower stations from different perspectives. 

On this basis, the cluster partitioning performance of different single-dimensional feature 

methods was further analyzed to verify the identification capability of the network models. Figures 

7(d)–(f) show the hydropower station cluster partitioning results obtained by the improved Louvain 

algorithm based on the above three types of network models, which can reflect the characteristics 

and limitations of the partitioning results under different feature dimensions: 

When only the geographical spatial distribution is considered, the partitioning is mainly based 

on the geographical location relationships among the power stations, and the nine stations are 

divided into three clusters, as shown in Figure 7(d). The clusters exhibit obvious spatial aggregation. 

However, this method does not consider the operational behavior or electrical attributes of the 

stations and, therefore, cannot satisfy the requirements of coordinated dispatch and electrical control.  

When only the operational behavior characteristics are considered, partitioning is mainly based 

on the correlation among the historical outputs of the power stations, and the nine stations are 

divided into four clusters, as shown in Figure 7(e). Some stations that are far apart in space are still 

assigned to the same cluster due to their high dynamic correlation. This method has good modeling 

capability for the operational behavior of the stations.  

When only the voltage-reactive power response capability is considered, the partitioning is 

based on the electrical distance among hydropower stations, and the nine stations are divided into 

two clusters. The partitioning result is consistent with the reactive power control partitioning of the 

distribution network, indicating that the network model based on electrical distance has the ability to 

map the reactive power regulation capability of the distribution system. 
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Based on the above comparative analysis, Scenario 4 can reflect the overall relationships among 

hydropower stations from multiple dimensions, including electrical, operational, and geographical 

perspectives, as shown in Figure 8. 

 

Figure 8. Coupling relationship under SNF multidimensional feature fusion. 

Multidimensional feature fusion was performed based on the SNF method to achieve 

complementarity of local similarity information. The local coupling relationships among Stations 

1–3 are enhanced, with the average local similarity exceeding 0.85, thereby forming a highly coupled 

local region. Stations 4–9 exhibit clear boundary characteristics, among which the average local 

similarity of Stations 7–9 exceeds 0.77. 

Figure 9 shows the small hydropower cluster partitioning result under the multidimensional 

feature network model, and the result is consistent with that in Figure 7(f), where only the electrical 

coupling characteristics are considered. 

 

Figure 9. Partition results of small hydropower clusters under multidimensional feature fusion. 

It should be noted that although the cluster partitioning results are the same, the 

multidimensional feature network model incorporates the coupling relationships of the stations in the 

electrical, operational, and spatial distribution dimensions during the partitioning process. The 

physical meaning of the weighted edges between station nodes is therefore changed, enabling a more 

comprehensive reflection of the multidimensional complex coupling relationships. 

To verify the applicability and differences of different feature perspectives and 
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multidimensional feature fusion in small hydropower cluster partitioning, a comprehensive 

quantitative evaluation of the partitioning performance was carried out from multiple dimensions. 

The partitioning results under each scenario are shown in Table 1. 

Table 1. Cluster partitioning result indicators in different scenarios. 

Scenario Cluster Q
hydro

 ρg ρc ρe SC 

Scenario 1 3 0.1218 3.9066 0.6675 0.0106 0.8326 

Scenario 2 4 0.2164 3.7226 0.6986 0.0103 0.3678 

Scenario 3 2 0.2762 5.6636 0.6467 0.0113 0.7068 

Scenario 4 2 0.2847 5.6636 0.6467 0.0113 0.7068 

The cluster partitioning results under different scenarios show significant differences in the 

evaluation indices, with the following characteristics: 

1) Scenario 1 divides the stations into three clusters and achieves the highest SC of 0.8326, indicating 

clear cluster boundaries and strong spatial aggregation. However, since operational and electrical 

characteristics are not considered, the internal coordination capability and electrical regulation 

capability of the partitioning result are relatively weak. 

2) Scenario 2 divides the stations into four clusters and achieves the highest ρc of 0.6986, indicating 

strong similarity in operational patterns within each cluster, which is favorable for coordinated 

dispatch. However, the spatial distribution is relatively dispersed, and the structural boundaries are 

unclear, with an SC of only 0.3678, indicating problems of spatial dispersion and structural 

ambiguity. 

3) Scenario 3 divides the stations into two clusters and achieves the best ρe of 0.0113, indicating good 

voltage-reactive power response capability within the clusters and a foundation for reactive power 

regulation. However, the geographical aggregation index ρg reaches 5.6636, indicating that there 

are stations with relatively long distances within the same cluster, and that the spatial distribution 

is not sufficiently compact. 

4) Scenario 4 divides the stations into two clusters, with the same partitioning result as Scenario 3. 

However, compared with Scenario 3, Q
hydro

 is further improved to 0.2847, which is the highest 

among the four scenarios. 

In summary, the multidimensional feature network model of small hydropower constructed 

based on the SNF method not only achieves the best performance in Q
hydro

 but also takes into 

account the complex coupling relationships among different dimensions, including geographical, 

electrical, and operational characteristics, during the partitioning process. 

5. Conclusions 

This paper proposes a multidimensional feature-fused small hydropower network modeling 

method with dynamic evolution capability and combines it with an improved Louvain algorithm to 

achieve refined cluster partitioning of small hydropower systems. The proposed method is validated 

and analyzed using small hydropower stations in the Meijiang River Basin, Zunyi, China, as a case 

study. The main conclusions are as follows: 

1) A multidimensional dynamic network model integrating electrical characteristics, operational 

characteristics, and geographical distribution information is constructed based on complex 
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network theory, which can effectively map the multidimensional coupling relationships of 

distributed small hydropower under different spatiotemporal scenarios. The model has strong 

physical interpretability and adaptability. 

2) The hydropower coordination index Q
hydro

(t) is proposed to evaluate the quality of small 

hydropower cluster partitioning, and refined partitioning is achieved in combination with the 

improved Louvain algorithm. The experimental results show that the method based on the 

multidimensional feature network model achieves the best performance in identifying coordination 

capability, with the Q
hydro

 value improved to 0.2847, outperforming traditional single-dimensional 

partitioning methods. The proposed method provides a solution for accurate cluster identification 

in small hydropower systems. 
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