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ABSTRACT 
 Distributed photovoltaic (DPV) power generation has 
increasingly emerged as one of the most promising 
renewable energy sources due to its extensive 
distribution and flexible installation. However, its output 
is highly influenced by solar irradiation conditions, 
exhibiting diurnal and seasonal variations, with weather 
conditions being the most significant influencing factor. 
To ensure the secure and stable operation of the power 
system and maintain an appropriate balance between 
supply and demand, predicting DPV power output 
presents a viable solution. This paper proposes an 
improved KMC-Vine Copula model for probabilistic 
prediction of DPV power by integrating spatio-temporal 
influencing factors and the prediction results of 
centralized PV power. Using copula correlation theory, 
the spatio-temporal dependencies between centralized 
and distributed PV systems are figured out. Conventional 
single copula functions are inadequate in capturing 
complex correlations. Thus, an optimized copula model 
is introduced to address the above limitation. However, 
due to its inability to represent high-dimensional 
dependencies, a flexible Vine Copula model is 
constructed as the final prediction framework. Through 
the case study, compared with the optimized copula 
model, the proposed model improved by 26.87% 
(interval width), 41.6% (reliability), and 39.23% 
(sharpness), respectively, under three evaluation 
indexes. 
 
Keywords: terms—distributed photovoltaic, k-means 
clustering, optimized copula, quantile regression, vine 
copula 

1. INTRODUCTION 
In recent years, with the advancement of the “ dual 

carbon ” strategy and the continuous expansion of new 
energy installations, distributed photovoltaic (DPV) 

generation has become a key pillar of China’s clean 
energy system [1]. By the end of 2024, new installations 
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had increased the country’s cumulative photovoltaic 
(PV) capacity to 886.66 million kilowatts, including 118 
million kilowatts of newly installed distributed PV 
capacity [2]. However, DPV generation exhibits 
significant randomness, volatility, and intermittency, as 
its output is strongly influenced by solar radiation and 
meteorological conditions [3]. As the penetration of DPV 
continues to grow within distribution networks, large-
scale integration has led to issues such as voltage 
fluctuations, reverse power flows, and protection 
coordination challenges, thereby affecting the safety and 
economic operation of the system [4]. Consequently, 
high-precision DPV power forecasting is considered 
essential to ensure the secure operation of active 
distribution networks. 

The accuracy and robustness of prediction models 
have been substantially enhanced with the advancement 
of deep learning and hybrid modeling techniques. Spatio-
temporal modeling of multi-site DPV output has been 
achieved using a spatio-temporal graph attention 
network [5]. A comprehensive review of distributed solar 
forecasting methods that integrate remote sensing and 
deep learning was presented in Ref. [6]. In Ref. [7], a 
personalized federated generative adversarial network 
was proposed, which improves model generalization 
while preserving data privacy. 

Simultaneously, a shift in DPV forecasting from 
deterministic approaches to interval and probabilistic 
predictions has been observed. In Ref. [8], Bayesian 
bootstrap and quantile regression techniques were 
applied for real-time probabilistic forecasting, enabling 
the quantification of uncertainty for dispatch and risk 
management. In [9], prediction errors were incorporated 
into voltage regulation through distributed Model 
Predictive Control (MPC), highlighting the critical impact 
of prediction accuracy on the economic efficiency and 
safety of high-penetration DPV operations. 
Consequently, DPV forecasting research is progressing 
from single-point deterministic approaches toward 
multi-source data fusion and probabilistic modeling, 
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thereby enhancing the flexibility and security of active 
distribution networks. 

Compared with centralized photovoltaic systems [10], 
DPV generation is characterized by numerous 
geographically dispersed generation points. Its output 
exhibits strong spatial correlation and non-stationarity, 
influenced by variations in terrain and meteorological 
conditions [11]. The coordinated variations across 
multiple nodes are difficult to capture using traditional 
single-point prediction models, thereby affecting overall 
forecasting accuracy and system stability. To address this 
issue, a method for output curve correction based on the 
reconstruction of daily cumulative generation was 
proposed by Ref. [12], through which the power 
consistency of distributed plants was significantly 
improved. An improved self-feedback iterative strategy 
was utilized by Ref. [13], through which integrated 

prediction–control optimization was achieved. At the 
system level, a two-stage stochastic robust model 
combined with model predictive control (MPC) was 
employed by Ref. [14], with the critical influence of 
prediction accuracy on economic and safety 
performance under high-penetration DPV conditions 
being validated. A flexible modeling framework for 
describing dependencies among random variables is 
provided by copula theory, enabling variable correlations 
to be characterized without relying on specific 
distributional assumptions [15]. In Ref. [16], higher-order 
moment analysis was conducted on the joint distribution 
of wind and solar power outputs using multivariate 
copulas, followed by an assessment of system flexibility. 
However, traditional single-copula models face 
limitations in high-dimensional scenarios, struggling to 
accurately capture complex dependency structures 
among multiple nodes. 

Ref. [17] proposes a KMC-optimized Copula model to 
overcome the limitations of the single copula model and 
enhance the accuracy of distributed photovoltaic power 
prediction. Ref. [18] introduces a photovoltaic power 
interval prediction method based on an optimized 
backpropagation (BP) neural network by Simulated 
Annealing Modified Particle Swarm Optimization 
(SAPSO-BP) and quantile regression. Ref. [19] proposes a 
short-term interval probability prediction of photovoltaic 
power based on similar daily clustering and the clustering 
QR-CNN-BiLSTM model.  

Existing quantile regression methods are typically 
combined with machine learning models that support 
only single quantile regressions. The Vine Copula model 
can flexibly and accurately describe the joint probability 
distribution of high-dimensional random variables and 

has an analytical form and strict monotonicity [20]. These 
advantageous properties help adress the challenges of 
complex modeling and the issue of “quantile crossing” 
present in the current methods. 

Considering the advantages of the Vine Copula model 
and weather classification, an improved probability 
prediction of distributed photovoltaic power based on a 
novel KMC-Vine Copula method is proposed in this paper. 

2. METHOD  

2.1 Improved Dynamic Time warping(IDTW) 

In time series tasks such as power prediction, model 
accuracy and stability are directly impacted by data 
quality. The model's learning capability is compromised, 
systematic bias is introduced, and prediction reliability is 
reduced by missing or anomalous data. It was indicated 
by Ref. [21] that the completeness and predictive 
performance of multivariate time series can be 
significantly enhanced by deep imputation. It was 
demonstrated by Ref. [22] that the modeling and 
prediction outcomes of univariate time series are 
substantially influenced by different imputation 
methods. Therefore, prediction reliability is ensured by 
scientific data imputation, which is considered a critical 
prerequisite. 

The Improved Dynamic Time Warping (IDTW) is 
designed through the integration of Dynamic Time 
Warping (DTW) and K- Nearest Neighbor (KNN) concepts, 
allowing the spatiotemporal characteristics of power 
data from multiple PV units within a PV system to be 
comprehensively utilized. The Euclidean distance in 
traditional KNN is replaced by the DTW distance to 
measure the similarity between the time series of the 
unit to be interpolated and its neighboring units. On this 
basis, the most similar PV stations are selected for 
weighted imputation, by which missing intervals are 
robustly estimated. Through this process, temporal 
alignment is maintained and spatial collaborative 
information is incorporated, resulting in high accuracy 
and strong robustness. Consequently, a more complete 
and reliable data foundation is provided for subsequent 
prediction models. 

In this study, complete power sequences from five 
adjacent monitoring stations are selected as candidate 
reference sequences. Sequence similarity is evaluated by 
computing the sum of DTW distances between the 
selected sequences and the valid data segments before 

and after the target missing segment. The parameter k  
is assigned the value L. The selected PV stations are 
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denoted as p={1,2,…,L}. Where B is the missing segment 
sequence.The calculation formula is given as follows: 

1

1 L
p

p

B B
L =

=  (1) 

The reconstructed data are then used as inputs for 
weather clustering and copula modeling. 

2.2 Copula and Vine Copula  

Copula theory was proposed by Sklar in 1959 that the 
copula function could describe the correlation between 
edge distribution functions [23]. 

Unlike traditional joint distribution modeling, the 
copula approach separates the marginal distributions 
from the dependence structure, allowing the 
construction of a joint distribution regardless of the 
specific forms of the marginal variables. 

Typical types of copula include the elliptical family 
and several Archimedean variants [16]. Owing to its 
flexibility and strong compositional property, the 
Archimedean Copula has become a popular tool for 
analyzing the dependence between random variables 
[17]. Among them, the Frank Copula exhibits symmetric 
tail dependence, responding equally to extreme values 
at both ends of the distribution. 

To better capture the tail dependence 
characteristics, an improved copula model based on the 
Archimedean family was developed [24], as shown in : 

1 2 3 1 2 3( , ; , , ) * ( , ; ) * ( , ; ) * ( , ; )H F C GC uv AC uv BC uv CC uv    = + + (2) 

According to the formula, the optimized copula 
coefficient is shown in the Ref. [17]. 

The fitting accuracy of bivariate dependency 
structures is effectively improved by the optimized 
copula model, and better flexibility is provided compared 
with single copula functions. However, its weight 
coefficients are fixed during the modeling process, which 
limits the ability of the model to dynamically represent 
the relative importance and interaction among different 
copula components. Consequently, the global optimal 
solution may not be obtained by the optimized copula 
model when complex and high-dimensional dependence 
relationships are dealt with. To overcome the above 
limitations, the Vine Copula model is introduced in this 
paper, which allows for a hierarchical decomposition of 
multivariate dependencies into multiple pairwise 
copulas. Thereby, greater flexibility and accuracy are 
provided in capturing nonlinear and asymmetric 
relationships among variables. 

The Vine Copula decomposes a multivariate joint 
probability density function into a cascade of multiple 
binary copula density functions [25-26]. It is based on the 

combination of the joint probability distribution function 
and copula theory. The commonly used vine structures 
are C-vine and D-vine. 

The C-vine model has a star structure, which has high 
precision when one variable is strongly correlated with 
other variables, while the other variables are weakly 
correlated with each other. The figure below shows a C-

vine model by taking a temperature ( 1U ), PV power at 

site 1 ( 2U ), and PV power at site 2 ( 3U ) as an example. 

 

Fig. 1 Vine Copula 
When the C-vine structure is used to analyze the 

correlation of multidimensional correlation variables, its 
joint probability distribution is expressed as follows: 

1

1 , 1|1, , 1 1 1 1 1 1

1 1 1

( , , ) ( ) ( | , , ), ( | , , )
n jn n

n k j j j j j j j

k j i

f x x f x c F x x x F x x x
−−

+ − − + −

= = =

 =    

(3) 

Where ( )i if x  and ( )i iF x  respectively represent the 

probability density function and cumulative distribution 
function of iX . In the formula, the conditional 
distribution has the following properties: 

[ ( | ), ( , )]
( | )

( | )

j j j

j j

C F x v F v v
F x v

F v v

− −

−


=


 (4) 

Where : jv  represents the j  variable in vector v ; 

and jv−  represents the remaining vector v  after 

removing jv . 

2.3 Conditional Quantile Regression of Photovoltaic 
Power 

The Vine Copula model provides a flexible and 
precise description of the dependency between 
photovoltaic power and its influencing factors, such as 
irradiance and temperature, through an analytical 
framework. From this relationship, the conditional 
quantile function of photovoltaic power is derived, 
forming the basis for the corresponding quantile 
regression model. Accordingly, the conditional 
probability distribution of PV power is represented 
analytically based on the dependence structure captured 
by the Vine Copula. 

Taking the C-vine structure shown in Fig. 1 as an 
example, the 2+1 dimensional conditional probability 
distribution function 3 2 1( | , )F x x x  of PV power 2U  of 
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site 1 with respect to conditional variables (PV power 3U  

and temperature 1U  of site 2) can be expressed as: 

3 1 12 1 3

2 1 13 1 3

3 1 2 23|1 2 1 3 1

( | ) [ ( ), ( )]

( | ) [ ( ), ( )]

( | , ) [ ( | ), ( | )]

F x x h F x F x

F x x h F x F x

F x x x h F x x F x x

 =


=
 =

 (5) 

The relation between function ( , )h u v  and copula 

function is ( , ) ( , ) /h u v C u v v=   . 
Based on the variable relationship expressed in (5), 

the regression equation of the conditional quantile of 
photovoltaic power can be derived. Given the values of 

each conditional variable : 1 1x R= , 2 2x R= , the regression 

equation is used to calculate the sub-point   of 
photovoltaic power [27]. 

2 1 12 1 2

^
1

1 23|1 2 1

^ ^
1

13 1 1

^ ^
1

( | ) [ ( ), ( )]

( | ) [ , ( | )]

( ) [ ( | ), ( )]

( ( ))

F R R h F R F R

F q R h F R R

F q h F q R F R

q F F q



 

 

−

−

−

=

 =



=

 =

 (6) 

Where: 1( )h−   represents the inverse function of 

( )h  ; q̂  represents the   quantile estimate of 

photovoltaic power. 

2.4 Evaluation Indicators 

Ensuring the reliability of prediction results is the 
primary objective of probabilistic prediction. According 
to the definition of the reliability evaluation index, this 
index describes the deviation between the nominal 
coverage and the empirical coverage of the predict 
interval [28]. 

1

^ ^

/2, 1 /2,1

0

nn nq y q

other


 
−

−


  

= 


 (7)                    

1 1 ,

1

1 N

n

nN
  − −

=

=   (8)                          

1 1 (1 )R   − −= − −  (9) 

Where: 1 ,n −  is the indicator variable, 

corresponds to the n  the prediction point under 

confidence 1 − ;
n
y  represents the true value of the 

n  the prediction point; 
^

/2,n
q  and 

^

1 /2,n
q −

 represent 

the / 2  quantile and 1 / 2−  quantile predicted value 

of the n  predicted point, respectively; 1  −  

represents the experience coverage rate, 1 −  
represents the experience coverage rate; N represents 

the total number of prediction points; 1R −  indicates 

the reliability indicator. 
The sharpness index reflects the average width of 

the probability prediction interval, and the smaller the 
sharpness, the lower the uncertainty of the probability 
prediction result. In the case of confidence 1 − , the 

prediction results 
^

/2,n
q  and 

^

1 /2,n
q −

 of paired sub-

points express the probability interval, then the 
calculation process of the sharpness index is 

^ ^

1 , 1 /2, /2,n n nq q   − −= −  (10)                      

1 1 ,

1

1 N

n

n

S
N

 − −

=

=   (11) 

Where: 1 ,n −  represents the confidence interval 

width of the n  the prediction point under the 

confidence degree 1 − ; 1S −  represents the 

sharpness index, reflecting the interval width of 
confidence 1 − . 

2.5 Overall prediction Process 

 
Fig. 2 prediction Flow Chart 

3. CASE STUDY 
This study employs photovoltaic generation and 

meteorological datasets obtained from an Australian 
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photovoltaic plant, recorded at 10-minute intervals. The 
distance between individual PV units is about 2.6 km. 
Data from 2019 and 2020 are utilized to validate the 
proposed conditional probability estimation method for 
DPV output. 

By replacing the Euclidean distance in KNN with DTW 
distance, it is found that when 2k = , dynamic 
similarities between time series can be more effectively 
captured, while matching errors caused by temporal 
misalignment in traditional Euclidean distance are 
avoided. A comparison of the IDTW-based imputation 
method with other approaches is presented in the figure. 

In Figure (a), the IDTW-based imputation closely matches 
the original power sequence, smoothly bridging missing 
segments and accurately capturing power trends. In 
Figure (b), the KNN-based imputation aligns with the 
overall trend but deviates at local extrema, leading to 
reduced smoothness. In Figure (c), the MICE-based 
results recover steady regions well but exhibit delayed 
responses to sudden power changes, producing slightly 
smoother values. In Figure (d), the MF-based imputation 
yields a relatively smooth sequence; however, significant 
deviations occur in the missing segments, making the 
dynamic characteristics of power variations difficult to 
reflect. 

 
Fig. 3 Comparison of different imputation effects 

Table 1 presents the correlation coefficients 
between meteorological variables and power under 
Pearson, Spearman, and Kendall tests. Where v1 is 
temperature, v2 is wind speed, v3 is Relative Humidity, 
v4 is Pressure, v5 is Irradiation. Based on these results, 
relative humidity, pressure, and irradiation were 
selected as the meteorological inputs for weather 
classification. To classify the weather conditions, a three-
dimensional K-means clustering algorithm was applied, 
while the corresponding cluster centers are summarized 
in Table 2. 

 Table. 1 Three correlation coefficients for each 
meteorological 

Type The correlation coefficient 

V1 V2 V3 V4 V5 

Pearson 0.09 0.08 0.12 0.29 0.48 

Spearman 0.03 0.05 0.08 0.29 0.41 

Kendall 0.03 0.03 0.05 0.20 0.35 

Table. 2 Clustering Center Data 

The 
weather 

types 

The weather factor 

Relative 
Humidity 

Pressure 
Short-wave 
irradiation 

R 12.14 941.88 37.44 

G 21 936.99 32.54 

B 9.41 938.50 43.01 

Referring to Table 2, the analysis of the clustering 
centers for temperature, humidity, and wind speed 
shows that the R-type category can be characterized as 
cloudy, the G-type as overcast, and the B-type as sunny 
[17]. Once the weather categories were determined, a 
spatial correlation model was developed using the 
copula function. 

 

Fig. 4 Comparison of point prediction errors under 
different models 



6 

As depicted in Fig. 4, the KMC-Optimized Copula 
model outperforms the KMC-Vine Copula model under 
cloudy and sunny conditions, while the latter performs 
better in overcast weather. On average across all 
weather types, the KMC-Vine Copula model shows 
superior overall accuracy. Based on these findings, the 
copula models corresponding to different weather 
conditions were applied, using the predicted centralized 
photovoltaic output as input to estimate the distributed 
photovoltaic power. 

Subsequently, a conditional probabilistic prediction 
model was established based on the point forecasts of 
distributed PV output. The probabilistic prediction 
results of the KMC-Optimized Copula and KMC-Vine 
Copula models are compared in the figure below. 

 
Fig. 5 Comparison of probabilistic prediction results of 

different models 
As shown in the figure, the KMC-Vine Copula model 

performs better than the KMC-Optimized Copula model 
under all three weather conditions. For the 50% and 90% 
prediction intervals, its accuracy improves by about 25% 
on average. In terms of reliability and sharpness, the 
performance increases by around 40%, except for a slight 
decline under sunny conditions. 
Accordingly, the copula models for different weather 
types use the predicted centralized photovoltaic output 
as input to estimate the distributed photovoltaic output. 
Representative results are shown in Fig. 6. 

      
(a)Cloudy           (b)Sunny                         

 
(c)Overcast 

Fig. 6 Confidence interval of PV output point 
prediction, actual value and probability prediction for 

three weather types 
To further explore the influence of selected 

meteorological factors on the KMC-Vine Copula model, 
meteorological variables of irradiation and temperature 
were considered here to analyze the probabilistic 
prediction results of the Vine Copula model. As shown in 
the figure below, the probability prediction effect 
diagram under a 90% confidence interval is drawn after 
temperature and radiation are respectively added to the 
model. The figure shows the average true value, the 
average predicted value and average predicted interval 
under the three kinds of weather. 

 
Fig. 7 Graph of prediction Results of Vine-Copula Model 

under Different Meteorological Variables 
As can be seen from the figure above, the average 

prediction interval of the KMC-Vine Copula model after 
the addition of the irradiation variable is better than that 
of the model after the addition of temperature. The 
prediction interval is smooth without big fluctuation, and 
the overall prediction effect is stable. The comparison of 
the evaluation indexes of the prediction results of 
different meteorological variables is shown in the 
following table. 

Table. 3 Comparison of Vine Copula Probability 
prediction Results Under Different Meteorological 

Variables 

Vine 
Copula 

Average 
width of 

50% 
predict 
range 

Average 
width of 

90% 
predict 
interval 

 
 

R 

 
 

S 

V1 0.069 0.201 0.123 0.089 

V2 0.063 0.171 0.073 0.079 

As can be seen from the above table, the prediction 
model with the addition of the irradiation variable is 
better than the model with the addition of the 
temperature variable in various evaluation indexes. 

In conclusion, compared with the KMC-Optimized 
Copula model, the KMC-Vine Copula model is optimized 
by 26.87%, 41.6%, and 39.23% in average predict interval 
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width, reliability, and sharpness, respectively. In 
addition, the prediction result of the KMC-Vine Copula 
model is better than that of the temperature variable 
when considering the addition of the irradiation variable. 

4. CONCLUSION 
A probabilistic prediction framework for DPV based 

on the KMC–Vine Copula model is proposed in this study. 
To enhance the reliability of input data, an IDTW based 
imputation method is introduced to reconstruct missing 
values in meteorological and power series. In this 
method, the Euclidean distance in the traditional KNN 
algorithm is replaced with DTW distance, enabling better 
temporal alignment and smoother data recovery, 
thereby providing cleaner inputs for model training. 

Using measured data from an Australian PV station, 
the proposed KMC–Vine Copula model is developed to 
characterize the nonlinear dependence between 
centralized and distributed PV power outputs under 
various weather conditions. Clustering is first conducted 
based on meteorological variables such as humidity, 
pressure, and irradiance, after which distinct 
dependence structures are constructed for each weather 
type. 

Experimental results demonstrate that the proposed 
model achieves superior performance in both point and 
probabilistic prediction. Compared with the KMC–
Optimized Copula model, the KMC–Vine Copula 
approach achieves improvements of 26.87%, 41.6%, and 
39.23% in interval width, reliability, and sharpness, 
respectively. By integrating IDTW and Copula-based 
dependence modeling, the accuracy, stability, and 
generalization capability of DPV power prediction are 
effectively enhanced. 
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