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Abstract 

Continuous and complete meteorological observations are essential for reliable climate 

analysis and environmental assessment. However, missing values caused by sensor mal-

functions and transmission failures can introduce systematic biases and increase uncer-

tainty in downstream applications. Meteorological variables can be modeled as functional 

data and typically exhibit nonlinear inter-variable dependencies alongside temporal 

smoothness; these properties provide valuable prior information for missing data recov-

ery. To address this issue, we propose HSIC-DIMFMC, a multi-view functional matrix 

completion method for meteorological data imputation that integrates the Hilbert–

Schmidt Independence Criterion (HSIC) and dual-information graph regularization. 

Within a unified framework of functional data analysis and multi-view learning, HSIC is 

utilized to capture nonlinear dependencies across multiple views, while dual-information 

graph regularization preserves local structural relationships and temporal smoothness. 

This joint modeling strategy significantly improves latent representation learning and en-

hances imputation performance. Experiments on real meteorological datasets demon-

strate that the proposed method consistently outperforms several state-of-the-art base-

lines, especially for strongly correlated variable pairs such as temperature–dew point and 

wind speed–maximum wind speed. Compared with seven representative approaches—

ranging from traditional spatial interpolation to advanced functional matrix completion 

models—HSIC-DIMFMC achieves average reductions of 43.97–73.59% in RMSE. The re-

sults indicate that HSIC-DIMFMC effectively exploits nonlinear cross-view dependencies 

and structural information, providing a robust solution for collaborative meteorological 

data imputation. 

Keywords: functional data analysis; multi-view learning; HSIC; dual-information graph 

regularization; matrix completion; meteorological data imputation 

 

1. Introduction 

Meteorological data serve as the foundation for monitoring climate change, forecast-

ing weather, and supporting meteorological research, playing a critical role in environ-

mental protection and sustainable development. However, data incompleteness or inac-

curacies may arise due to sensor malfunctions, data transmission disruption, severe 
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weather conditions impairing device functionality, or challenging geographical locations 

and topographical factors [1]. These issues compromise data quality and reliability, 

thereby adversely affecting climate analysis and assessment. Consequently, it is essential 

to develop efficient data imputation techniques to fill the missing portions in meteorolog-

ical records. 

The application objectives of data, missing patterns, and the availability of multi-

source observational data all influence the selection of imputation methods. Missing data 

imputation can be performed using simple techniques such as mean or median values, or 

by leveraging correlational information among data points to enhance imputation accu-

racy. For instance, employing the Grouped Method of Data Handling (GMDH) [2] for im-

puting missing meteorological data reduced imputation errors [3], but it may become 

trapped in local optima and suffer from overfitting issues. Meanwhile, the level of infor-

mation utilization affects imputation precision; relying solely on data from a single station 

cannot fully represent regional climate patterns [4]. Although some studies have consid-

ered inter-station information through multi-station joint modeling of the same variables, 

their frameworks fail to extend to multiple meteorological indicators, thereby neglecting 

the inherent correlations among different elements [5]. Spatial imputation methods based 

on spatial correlation [6], which assume similarity between missing data and surrounding 

known data, perform well for short-term missing data but are unsuitable for scenarios 

with missing data spanning several consecutive months. Recent studies indicate that ho-

mogenization methods [7] perform well in imputing air temperature series. For missing 

daily temperature data at regional stations, a comparative study of Inverse Distance 

Weighting (IDW), Ordinary Kriging (OK), and Multiple Linear Regression (MLR) demon-

strated that MLR yielded the best imputation results [8]. Furthermore, the latest research 

has explored integrating high-resolution numerical simulations with traditional Kriging 

to enhance temperature interpolation accuracy in complex terrains [9]. Least squares re-

gression [10] is commonly applied to reconstruct missing daily meteorological records, 

but while it enhances predictive capability for normal meteorological data, it may com-

promise estimation accuracy for extreme meteorological data. Furthermore, factors such 

as monitoring station density [11] and weather classification [12] can influence the accu-

racy of missing value estimates, and the manner in which information is mined and pro-

cessed also affects data imputation outcomes. For instance, regression imputation meth-

ods utilizing inter-station information yield smaller errors compared to those utilizing in-

trastation information [13]. 

Meteorological data, by nature, constitutes time-varying sequences, with sampled 

data at adjacent time points typically exhibiting significant correlations. These temporal 

and autocorrelational characteristics provide a foundation for the application of time se-

ries analysis methods. For instance, in wind speed forecasting for wind farms, commonly 

employed methods include neural network methods [14] and time series techniques [15]. 

Neural networks, owing to their strengths in non-linear modeling and feature extraction, 

have found extensive application in time series analysis. For example, the Residual Infer-

ence by Short Paths-Long Short-Term Memory (RIMP-LSTM) method [16] achieves effec-

tive imputation of time series data by simulating latent correlations between missing 

items and historical observations. However, RIMP-LSTM may experience a notable de-

cline in performance when handling complex or extreme missing scenarios, such as large-

scale consecutive missing data or random block missing data. Furthermore, although re-

current neural networks (RNNs) [17] offer a nonparametric approach for time series miss-

ing value imputation, their ability to model long-term dependencies remains limited. To 

address this limitation, the Gated Recurrent Unit with Decay (GRU-D) [18], the recurrent 

neural network model for sparse multivariate time series, incorporates information on 

temporal dependencies and missing patterns, enabling it to capture long-term temporal 
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relationships and achieve favorable results in prediction and imputation tasks. Neverthe-

less, the performance of the GRU-D may also be constrained when dealing with lengthy 

missing segments in time series data. 

Due to the inherent difficulties in time series data imputation, deep learning methods 

have become widely adopted for handling missing data tasks. For instance, a Sequence-

to-Sequence Imputation Model (SSIM) [19] demonstrates smaller error compared to meth-

ods such as ARIMA [20] and Seasonal ARIMA, and is capable of handling various missing 

patterns. However, the model’s efficacy relies heavily on both the volume and the quality 

of the available training data, and its imputation effectiveness may decline for longer con-

secutive missing segments due to insufficient contextual information. Although LSTM-

based deep learning methods generally outperform traditional ARIMA models in temper-

ature data imputation, their imputation performance remains highly dependent on spe-

cific model architectures [21]. Most of these imputation methods for meteorological data 

are limited to processing single meteorological indicators or data from single meteorolog-

ical stations, resulting in low information utilizations. They primarily focus on exploiting 

shared information among data while neglecting the differential information between 

them. Concurrently, deep learning methods require substantial data for model training 

and are prone to risks of local optima and overfitting. Furthermore, when dealing with 

large-scale or continuous blocks of missing data, their imputation effectiveness dimin-

ishes. 

Recently, deep learning has made significant progress in time-series imputation. For 

instance, BRITS and its variants capture long-range dependencies via bidirectional recur-

rent structures [17]; SAITS achieves efficient imputation using self-attention mechanisms 

and diagonal masking strategies; and GAIN introduces a generative adversarial frame-

work to enhance imputation realism. The performance differences among these methods 

have been systematically evaluated in air quality prediction tasks [22]. Regarding Trans-

former architectures, ImputeFormer [23] improves the generalization of spatiotemporal 

imputation through a low-rank-induced mechanism, while SERT [24] provides a dedi-

cated missing-value-handling scheme for environmental monitoring sensors. Addition-

ally, Graph Neural Networks (GNNs) have shown immense potential in meteorological 

sensor imputation due to their advantage in explicitly modeling spatial correlations [25]. 

Although these methods offer novel perspectives for reconstructing complex meteorolog-

ical data, they generally face challenges such as inadequate adaptability to extreme con-

tinuous missing scenarios and insufficient exploitation of nonlinear synergies among mul-

tiple variables. 

Meteorological data exhibits temporal characteristics, continuously evolving over 

time. These discrete observations can be represented as continuous functions through 

curve fitting, enabling the exploration of meteorological data via functional data analysis 

(FDA) methods. Given the real-time collection of meteorological data, substantial volumes 

are generated. However, data transmission interruptions, data entry errors, and other fac-

tors result in contiguous blocks of missing data. To effectively reconstruct such missing 

data, matrix completion has been widely adopted as an imputation technique for large-

scale data gaps in practical applications [26]. Moreover, studies have shown that func-

tional data imputation problems are equivalent to rank-constrained matrix completion 

[27]. Moreover, meteorological data can be measured through indicators from multiple 

views, such as temperature, dew point temperature, and wind speed, and other indica-

tors, with each view typically providing complementary information [28]. Since multi-

view learning generally achieves superior performance compared to single-view ap-

proaches, integrating information from multiple perspectives allows for more precise ex-

traction of data features than depending on a single view [29]. Consequently, effectively 

harnessing the complementary effects of multi-view data can substantially improve the 
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accuracy and reliability of meteorological feature extraction. Xue et al. [30] also attempted 

to apply the Multi-View Functional Matrix Completion model (MVNFMC) to meteoro-

logical data processing, demonstrating its favorable data imputation effects. Considering 

the complementary information among samples and their high-order neighborhood in-

formation, Gao and Ma [31] proposed another multi-view functional matrix completion 

method (GRMFMC) and applied it to air quality data imputation. Compared to typical 

imputation methods, this model exhibits a marked advantage in data imputation accu-

racy. 

1.1. Motivation and Method Construction 

Although existing multi-view functional matrix completion methods have shown ef-

fectiveness in missing data recovery, they still face important limitations in meteorological 

data imputation. Traditional graph regularization methods are usually based on the local 

manifold assumption and preserve local geometric structure by constructing k-nearest-

neighbor graphs. Such methods are useful for characterizing spatial relationships among 

meteorological stations and temporal similarity in observational sequences. However, 

they mainly focus on local similarity and short-range correlations, while often overlook-

ing globally discriminative information across different climatic regions [32,33]. This lim-

itation may lead to unstable imputation results for anomalous samples, such as extreme 

weather observations, and reduces the ability of the model to exploit inter-sample heter-

ogeneity [34]. 

Moreover, conventional graph regularization typically relies on a single neighbor-

hood construction strategy, which makes it difficult to capture the complex nonlinear 

structure of meteorological data. To address this issue, this study adopts a dual-infor-

mation graph regularization strategy that combines local manifold information and dis-

criminative manifold information. This design preserves local consistency among adja-

cent stations or neighboring time periods while enhancing the discriminability of learned 

representations, thereby enabling a more comprehensive description of multi-scale non-

linear characteristics in meteorological data [35]. In addition, to enhance the plausibility 

and generalization capability of the imputation results, we introduce the Hilbert–Schmidt 

Independence Criterion (HSIC). Compared with traditional linear dependence measures, 

such as the Pearson correlation coefficient, HSIC can effectively characterize complex non-

linear dependencies among meteorological variables and extract complementary infor-

mation across different views [36]. 

The imputation of meteorological data faces a threefold complexity, rendering tradi-

tional baseline methods—such as mean imputation, linear regression, and single spatial 

interpolation—inadequate: (1) Complex nonlinear coupling relationships exist among 

meteorological variables like temperature, dew point, and wind speed, which linear mod-

els (e.g., MLR) or distance-weighting methods (e.g., IDW) fail to capture effectively; (2) 

Meteorological data inherently couple temporal dynamics (e.g., diurnal and seasonal var-

iations) with spatial heterogeneity (e.g., topographical and elevational impacts). Tradi-

tional time-series methods often ignore spatial topologies, while spatial interpolation 

methods struggle to capture temporal evolution; (3) Real-world meteorological observa-

tions frequently suffer from continuous block missingness across time or multi-station 

missingness. Under such a severe lack of local contextual information, the performance of 

simple methods degrades drastically. Consequently, these challenges necessitate an im-

putation model equipped with capabilities for nonlinear modeling, spatiotemporal syn-

ergy, and multi-source joint inference—requirements that no single conventional method 

can simultaneously fulfill. 

Motivated by the fact that meteorological states are jointly characterized by multiple 

interacting indicators, we propose HSIC-DIMFMC, a novel multi-view functional matrix 
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completion method for meteorological data imputation under the unified framework of 

functional data analysis and multi-view learning. The proposed method integrates HSIC 

and dual-information graph regularization to jointly model nonlinear dependence, struc-

tural information, and temporal smoothness. The overall architecture of HSIC-DIMFMC 

is shown in Figure 1. 

 

Figure 1. The overall architecture of the proposed HSIC-DIMFMC model. 

Unlike traditional approaches that treat HSIC or graph regularization merely as in-

dependent optimization tools, the core contribution of this paper lies in revealing and 

deeply exploiting the synergistic complementarity among the HSIC criterion, the local 

manifold graph, and the discriminative manifold graph. Specifically, while functional ma-

trix completion and multi-view learning establish the foundational inference framework, 

they cannot effectively characterize nonlinear coupling and global discriminative struc-

tures. To overcome this, our method employs the local manifold graph to preserve spati-

otemporal continuity, utilizes the discriminative manifold graph to enhance categorical 

distinctiveness, and embeds the HSIC criterion to specifically capture deep nonlinear de-

pendencies among variables. The integration of these three components is not a mere 

stacking of techniques; rather, it is a targeted theoretical design tailored to address the 

threefold dilemma of meteorological data: nonlinear coupling, spatiotemporal heteroge-

neity, and a lack of categorical discriminative information. 

The main contributions of this work are summarized as follows: 

(1) We propose a novel multi-view functional matrix completion method for meteor-

ological data imputation by integrating HSIC and dual-information graph regularization 

into a unified framework of functional data analysis and multi-view learning. 
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(2) The proposed method captures complex nonlinear dependencies among meteor-

ological indicators, preserves local manifold structure and temporal consistency, and en-

hances the discriminability of latent representations for collaborative imputation. 

(3) Extensive experiments under simulated missing data settings and on real meteor-

ological datasets demonstrate that HSIC-DIMFMC consistently outperforms several rep-

resentative baseline methods in terms of RMSE, MAE, and NRMSE, while maintaining 

robust performance across different missing ratios and meteorological variables. 

1.2. Structure of This Paper 

The remainder of this paper is organized as follows. Section 2 introduces the charac-

teristics of the meteorological data used in this study. Section 3 reviews the relevant back-

ground on curve fitting and functional matrix completion and then presents the construc-

tion of the proposed HSIC-DIMFMC method, including the iterative optimization proce-

dure, convergence analysis, and computational complexity analysis. Section 4 evaluates 

the effectiveness of the proposed method through experiments under simulated missing 

data settings and real-world meteorological applications. Finally, Section 5 concludes the 

paper and discusses future research directions. 

2. Meteorological Data Description 

With continuous advancements in detection technology and ever-increasing compu-

tational processing capabilities, the scope of meteorological data observation and forecast-

ing has expanded significantly, achieving markedly higher levels of refinement. This not 

only broadens the geographical coverage and enhances the spatiotemporal density of data 

but also introduces richer observation types and more diverse data presentation formats. 

Common meteorological indicators include temperature, visibility, humidity, air pressure, 

and wind speed. This paper includes temperature, dew point temperature, wind speed, 

and maximum wind speed for analysis as the indicators for study. The rationale for this 

selection is based on the following considerations: Firstly, temperature and dew point 

temperature share a physical correlation in meteorology, jointly characterizing the ther-

mal and humidity state of the atmosphere, exhibiting strong synergistic variation patterns 

and non-linear correlations. Secondly, wind speed and maximum wind speed both de-

scribe atmospheric motion characteristics, demonstrating high temporal consistency and 

complementarity. Secondly, significant physical and statistical correlations exist between 

TEMP and DEWP, as well as between WDSP and MXSPD. These correlations facilitate the 

construction of an effective shared latent representation. The Higher-Order Statistical Cor-

relation (HSIC) metric can be employed to measure the higher-order statistical dependen-

cies between indicators, while Dual-information Graph Regularization enables more ef-

fective fusion of inter-sample information. Finally, the selection of these four meteorolog-

ical indicators sufficiently validates the efficacy of the HSIC-DIMFMC method in meteor-

ological data imputation. 

The meteorological data presented in this study are openly available in the National 

Climatic Data Center (NCDC) at https://www.ncei.noaa.gov/data/global-summary-of-

the-day/archive (accessed on 1 June 2026). We selected three independent batches of me-

teorological station datasets covering regions in China, which are specifically dedicated 

to the visual analysis of missing patterns, the quantitative evaluation of imputation accu-

racy, and the validation of the model’s generalization capability. These datasets comprise 

surface daily observation records, primarily encompassing core meteorological variables 

such as temperature (TEMP), dew point temperature (DEWP), wind speed (WDSP), and 

maximum wind speed (MXSPD). Data pertaining to four meteorological variables-TEMP, 

DEWP, WDSP, and MXSPD-were collected from 30 stations in western China, covering 

the period from 1 January 2024 to 13 September 2024. A visualization of the data distribu-

https://doi.org/10.3390/bdcc10070230
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tion is presented in Figure 2. Upon examining Figure 2, it is clear that these four meteor-

ological indicators exhibit varying degrees of missing values, including both randomly 

distributed missing data and contiguous striped or block-like missing patterns. Therefore, 

the issue of missing data in meteorological datasets represents a prevalent quality concern. 

  
(a) TEMP (b) DEWP 

  
(c) WDSP (d) MXSPD 

Figure 2. Visualization of the data absence situation of meteorological indicators. 

2.1. Datasets I 

Complete meteorological data for summer Temperature (TEMP), Dew Point Tem-

perature (DEWP), Wind Speed (WDSP), and Maximum Wind Speed (MXSPD) were cho-

sen from 20 stations in Northeast China. The precise locations of these stations are indi-

cated as A to T in Figure 3. This map was generated using the standard map with approval 

number GS(2024)0650 from the National Geographic Information Public Service Platform 

(Tianditu), with the base map content unchanged. 

This paper employs four key indicators—TEMP, DEWP, WDSP, and MXSPD—to 

represent different ways of characterizing meteorological conditions. Figure 4 displays 

the continuous trajectories of these indicators over time, with their smooth curve patterns 

providing intuitive confirmation of the inherent functional characteristics within the me-

teorological data. 

https://doi.org/10.3390/bdcc10070230
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Figure 3. Distribution map of the 20 meteorological stations included in Dataset I, with annotated 

letters (A, B, C, …) marking the corresponding stations on the plot. 

  

  

Figure 4. Trend of numerical changes of meteorological indicators. The blue lines show the observed 

values, and the black line indicates their mean. 

To verify the underlying correlations among different meteorological variables, Fig-

ure 5 presents the Pearson correlation coefficient heatmaps between TEMP and DEWP, 

and between WDSP and MXSPD. The results reveal a correlation coefficient of 0.8 between 

TEMP and DEWP, while WDSP exhibits a remarkably high correlation coefficient of 0.95 

with MXSPD. This indicates that both sets of indicators demonstrate strong positive cor-

relations internally. Such robust correlations provide a theoretical foundation for multi-

view learning, ensuring that information from different views possesses sufficient com-

plementarity. Consequently, this supports the rationality and effectiveness of missing 

data imputation based on inter-view dependencies. 

https://doi.org/10.3390/bdcc10070230
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Figure 5. Heatmap of Pearson correlation coefficients of meteorological indicators. The left figure 

shows the heat map of the correlation coefficient between TEMP and DEWP, while the right figure 

shows the heat map of the correlation coefficient between WDSP and MXSPD. 

As shown in Figure 6, plotting paired meteorological indicator relationship diagrams 

further illustrates the correlation between indicator pairs. The diagonal lines represent 

histograms of indicator distributions. Observation reveals that TEMP and DEWP exhibit 

left-skewed distributions, while WDSP and MXSPD show right-skewed distributions. In 

skewed distributions, the mean may be elevated or depressed by extreme values, failing 

to represent typical conditions. As shown in Figure 6, The lower-left and upper-right cor-

ners display scatter plots of paired indicators. The scatter plots for TEMP versus DEWP 

and WDSP versus MXSPD both display a clear positive linear correlation, indicating a 

linear positive correlation between TEMP and DEWP, and between WDSP and MXSPD. 

The statistical correlation among meteorological indicators provides the theoretical basis 

for designing a missing data imputation method based on complementarity in this study. 

  

Figure 6. Pairwise relationship diagram of meteorological indicators in Dataset I. 

2.2. Datasets II 

Complete data for four meteorological indicators from 1 June to 31 August 2024, were 

collected from 20 meteorological stations in Sichuan Province, Guizhou Province, Chong-

qing Municipality, Hunan Province, Hubei Province, and Jiangxi Province. Table 1 pre-

sents the basic information for 20 stations. The statistical description of the data is shown 

in Table 2. 

Table 1. Basic information for 20 stations. 

Station  

Number 
Station Name 

Latitude and Longitude Co-

ordinates 

Station  

Number 
Station Name 

Latitude and Longitude Co-

ordinates 

57776099999 NANYUE (27.3 N, 112.7 E) 57655099999 YUANLING (28.4666666 N, 110.4 E) 

57476099999 JIANGLING (30.3333333 N, 112.1833333 E) 57662099999 CHANGDE (29.05 N, 111.6833333 E) 

57494099999 TIANHE (30.783758 N, 114.2081 E) 57687099999 CHANGSHA (28.1166666 N, 112.7833333 E) 

https://doi.org/10.3390/bdcc10070230
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57503099999 NEIJIANG (29.6166666 N, 105.1166666 E) 57707099999 BIJIE (27.3 N, 105.2333333 E) 

57516099999 JIANGBEI (29.719217 N, 106.641678 E) 57712099999 HUICHUAN (27.7333333 N, 106.95 E) 

57554099999 SANGZHI (29.4 N, 110.1666666 E) 57731099999 SINAN (27.95 N, 108.25 E) 

57584099999 YUEYANG (29.3833333 N, 113.0833333 E) 57745099999 ZHIJIANG (27.45 N, 109.6833333 E) 

57598099999 XIUSHUI (29.0333333 N, 114.5833333 E) 57766099999 SHAOYANG (27.1833333 N, 111.45 E) 

57604099999 NAXI (28.7833333 N, 105.3833333 E) 57793099999 YICHUN (27.8 N, 114.3833333 E) 

57633099999 YOUYANG (28.8333333 N, 108.7666666 E) 57799099999 JIAN (27.1166666 N, 114.9666666 E) 

The spatial distribution of stations in Dataset II differs from that in Dataset I, thereby 

validating the applicability of the proposed HSIC-DIMFMC method to meteorological 

data from diverse regions. Secondly, employing the complete dataset as a benchmark fa-

cilitates the construction of a controlled experimental environment for missing data. By 

artificially setting varying proportions, locations, and types of missing data, the perfor-

mance differences among imputation methods can be systematically evaluated under a 

unified comparative standard. Furthermore, since the observations are known, imputa-

tion errors can be precisely quantified, thereby providing a reliable basis for objective 

comparisons between methods. 

Table 2. Statistical description of meteorological data. 

Variable Number Max Min Mean SD Q1 Median Q3 

TEMP (°C) 1840 36.11 13.11 27.61 4.15 24.78 28.00 31.00 

DEWP (°C) 1840 29.06 2.61 22.61 2.73 20.97 23.22 24.61 

WDSP (m/s) 1840 15.18 0.31 2.15 1.55 1.34 1.75 2.42 

MXSPD (m/s) 1840 18.98 0.98 3.64 2.20 2.01 2.98 4.01 

3. The Proposed Method 

3.1. Curve Fitting of Meteorological Data 

This study utilizes functional data analysis methods to investigate the stochastic char-

acteristics of meteorological data. Monitoring data for meteorological indicators may be 

regarded as realizations of a random function, thereby enabling the imputation of missing 

values within the meteorological dataset. One dataset comprises four views: TEMP, 

DEWP, WDSP, and MXSPD. For a dataset ( )tX  comprising n  monitoring stations, let 

1 2{ ( ), ( ), , ( ), , ( )}
vv nt t t tX X X X  denote vn  viewpoints, where the data for the v -th 

view is 
1 2( ) { ( ), ( ), , ( )}
v v v

v nt t t t=X x x x  with a sample observation dimension of vm , 

comprising n  curves in total. The j -th observation 
v

ijy  of curve i -th in view v -th is 

produced by the following general regression model (1): 

( )
v v v

ij i ij ijy x t = +
 

(1) 

where 
v

ij  represents the random error term, while 1, 2, , vj m=   corresponds to the 

observation time point at interval T . Furthermore, in finite-dimensional space, ( )
v

ix t  

can be approximated as 

1

( ) ( ) ( )

r
v v v v T v

i il il i i

l

x t t t 
=

 = α

 

(2) 

Here, 
1 2( ) ( ( ), ( ), , ( ))

v v v v T

i i i irt t t t  =   denotes a set of basis vectors in a given space, 

while 
1 2( , , , )

v v v v T

i i i ir  =α   denotes the vector of coefficients requiring estimation. Ex-

pressing Equations (1) and (2), respectively, in matrix form gives 

v v v

+
X Φ A

 
(3) 
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v v v v

+
= +Y Φ A E

 
(4) 

where 1 2( ( ), ( ), , ( ))
v

v v v T

v mt t t= Φ    , 1 2( , , , )
v v v T

v n= A α α α , 1 2( , , , )
v v v

v n= E ε ε ε , 

1 2( , , , )
v v v v

i i i imv
  = ε . 

The core objective function for multi-view functional matrix completion [30] may be 

expressed as follows, where 
1{ , , }nv
+ +

=Y Y Y   denotes the given multi-view data matrix: 

2

, 0
1

min ( )
vn

T

v v v v Fv v v


+


=

−
 
 
 
 

U V
O Y ΦU V

 

(5) 

Here, v  denotes the weighting parameter for different viewpoints,   represents the 

Hadamard matrix product, ×m r
Φ   and 

m n
O   are projection matrices of the same 

type as v

+
Y . That is, if the entry in v

+
Y  is observable, then 1ijO = ; otherwise 0ijO = . 

×dr

v U   and 
×n d

v V  denote the basis matrix and coefficient matrix, respectively, for 

the v -th viewpoint. 

3.2. HSIC-DIMFMC Method 

A key advantage of the HSIC criterion lies in its ability to effectively capture both 

linear and nonlinear statistical dependencies among variables. From a computational per-

spective, HSIC can be formulated as a matrix trace operation, which enables its seamless 

incorporation as a regularization term into optimization frameworks and thereby facili-

tates the solution process [31]. 

Given two separable regenerative Hilbert spaces   and  , for random variables 

x   and y  , there exist mapping functions : x →   and :φ y→  . For point 

,i jx x  , the inner product is defined as 1( , ) ( ), ( )i j F i jk x x x x =  ; for point ,i jy y  , 

the inner product is 2 ( , ) ( ), ( ) = i j F i jk y y y y  . Where 1k   and 2k   are the kernels of 

random variables x  and y , respectively, the covariance between the two random vari-

ables can be expressed as 

[( ( ) ) ( ( ) )]xy xy x yC E x u y u = −  −
 

(6) 

Here, ( ( ))xu E x=  and ( ( ))yu E y=  represent the expectations of x  and y , respec-

tively, while   denotes the tensor product. HSIC is defined as 

2HSIC( , , ) || ||xy xy HSp C  =
 

(7) 

Given that xyp  denotes the joint measure of x  and y , and HSIC represents the square 

of the Hilbert norm on the mutual covariance matrix xyC , then 

2 2HSIC( , , ) || || || (( ( ) ) ( ( ) )) ||xy xy HS x y HSp C E x y     = = −  −
 

(8) 

In multi-view data, the empirical HSIC between vV  and sV  is defined as 

2HSIC( , ) ( 1) tr( )
v sv s N −= −
V V

V V K HK H
 

(9) 

Here, 
vV

K  and sV
K  represent the nuclear matrices of vV  and sV , respectively, while 

(1/ )N= −H I N  and I  denote the identity matrix, with all elements of N NN   be-

ing 1. 

Traditional single-graph regularization considers only the local manifold infor-

mation of samples, preserving similarity among neighbors. It lacks discriminative power 

and tends to incorporate outliers into the graph regularization. To integrate local and dis-

criminative manifold information, a novel regularization term was proposed by leverag-
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ing multiple scales of the KNN graph [35]. Each sample’s edge is defined as 

knn( , )i i ie k x x=  . Unlike conventional approaches, the weight distribution within this 

regularization term is based on the order of the sample’s nearest neighbors. 

Define the local manifold edge weight function as 

1

1 1
1 1

1, 0 (2 / 5)

( ) (5/ )( )
(1 / 7)(2 1), (2 / 5)

 

= − +
−  





ij

i ij ij

ij

Y k

Hf Y k Y k
k Y k

 

(10) 

The design objective of the edge weight function for the local manifold graph is to assign 

higher weights to closer neighbors while ensuring a smooth transition of these weights. 

Specifically, for a given sample i, the K-Nearest Neighbors (KNN) algorithm is first em-

ployed to identify its 1k  nearest neighbors. These neighbors are then sorted in ascending 

order based on their distances, yielding a proximity rank index 1[0, )ijY k . Here, 0ijY = , 

represents the nearest neighbor, and a larger value of ijY  indicates a greater distance be-

tween sample j and sample i. A piecewise local weighting function ( )iHf   is then applied, 

with the purpose of assigning a weight of 1 to the nearest neighbor 1(2 / 5)ijY k  and 

exponentially decaying weights to more distant samples 1(2 / 5)ijY k , thus constraining 

significant correlations to within the local neighborhood. 

Define the edge weight function of the discriminant manifold as follows: 

2 2
2 2

2

( /3)( )
(1 / 3)(2 1), (1 / 3)

( )
1, (1 / 3)

− +
− −   −

=
−  





ij
ij

i ij

ij

k Y N k
N k Y N k

Hg Y
N k Y N

 

(11) 

The design objective of the edge weight function for the discriminative manifold graph is 

complementary to that of the local manifold: it aims to assign larger discriminative 

weights to distant samples, thereby maximizing the distinction between samples with dis-

similar features. For a given sample i, all N samples are sorted in ascending order based 

on their distances to i, resulting in a rank index [0, )ijY N . A larger ijY  implies that sam-

ple j is further away from sample i. Let 2k  be the hyperparameter controlling the range 

of distant neighbors considered in the discriminative manifold. The function ( )iHg   is 

designed to allocate an exponentially increasing penalty weight to further points, encour-

aging the effective separation of inliers and outliers. Specifically, when 

2(1/ 3)−  ijN k Y N , the weight becomes a constant 1, ensuring adequate discrimina-

tion among distant samples. It should be noted that the aforementioned distances are com-

puted based on the differences in the meteorological indicator values between samples. 

After defining these edge weight functions, two different manifold regularization 

terms are established: 

2

, 1

2

, 1

1
tr( )

2

1
tr( )

2

N
T

H ij i j

i j

N
T

H ij i j

i j

L w v v

L w v v

+ +

=

− −

=

= −

= −





V V

V V

 

(12) 

Here, ( ) ( )ij i ij i jiw Hf Hf+ = +Y Y  , 
2 ( ) ( )ij i ij i jiw Hg Hg− = − −Y Y  , and H +L   denote the La-

placian matrices of the local manifold graphs, while H −L  represents the Laplacian matrix 

of the discriminative manifold graph. tr( )
T

H+V L V  promotes clustering of neighboring 

samples, whilst tr( )
T

H−V L V  enhances discriminative power between different catego-

ries or manifolds. This is achieved by distancing representations in the feature space that 

were originally dissimilar in the original space, thereby better preserving the global dis-
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criminative structure of the data. By combining local and discriminative structures, this 

framework captures relationships more comprehensively compared to single-scale KNN-

based approaches. Integrating both regularization terms yields the final manifold regu-

larization expression 

tr( ) tr( ) (1 )tr( )
T T T

H H H + −= + −V L V V L V V L V
 

(13) 

By integrating the HSIC criterion with dual-information graph regularization, a 

novel method termed HSIC-DIMFMC is proposed for multi-view functional matrix com-

pletion: 

2

1

1 1

min{ ( ) HSIC( , )

tr( ) (1 )tr( )

s.t. 0, 0

}

v

v v

n
T

v v v v v v sF
v v s

n n
T T

v H v v H v

v v

v v

  

 

+

= 

+ −

= =

− +

+ + −

 

 

 

O Y ΦU V V V

V L V V L V

U V
 

(14) 

Here, 1, 2, , vv n=   ,   , and    are parameters that modulate the weighting relation-

ships among the components. The first term formulates the core optimization objective 

for completing multi-view functional matrices; the second term utilizes HSIC to extract 

complementary information embedded across different meteorological indicators; the 

third and fourth terms constitute dual-information graph regularization. The third term 

implements local manifold regularization, promoting clustering of neighboring samples, 

while the fourth term employs discriminative manifold regularization, enhancing the dis-

criminative power between different categories or manifolds. 

This paper selects T
v vv

=VK VV  as the kernel function for HSIC. To simplify compu-

tations, the constant term is omitted without altering the essence of the constraint, thereby 

deriving an equivalent form of the diversity constraint: 

1 ,

1 ,

1 ,

HSIC( , ) tr( )

tr( )

tr( )

v s v s
s n v sv

T
v vs

s n v sv

T
v v

s n v sv

  

  

  

=

=

=







V V

V

V V K HK H

V HK HV

V KV

 

(15) 

where 
1 ,vs n v s s  

= VK HK H , the objective function represented by Equation (14), can be 

expressed as 

2

1 1

1 1

min{ ( ) tr( )

tr( ) (1 )tr( )}

s.t. 0, 0

v v

v v

n n
T T

v v v v v v vF
v v

n n
T T

v H v v H v

v v

v v

  

 

+

= =

+ −

= =

− +

+ + −

 

 

 

O Y ΦU V V KV

V L V V L V

U V
 

(16) 

3.3. Optimization Solution 

The objective function in Equation (16) exhibits non-convexity with respect to both 

U  and V , which poses challenges in finding the globally optimal solution. Therefore, 

the alternating iterative update technique is employed to optimize and solve the objective 

function in Equation (16), updating one variable at a time while fixing the others. The 

augmented Lagrangian function for Equation (16) is formulated as follows: 
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2

1 1

1 1

( ) tr( )

tr( ) (1 )tr( )

tr( ) tr( )

v v

v v

n n
T T

v v v v v v vF
v v

n n
T T

v H v v H v

v v

T T

v v v v

  

 

+

= =

+ −

= =

= − +

+ + −

− −

 

 

O Y ΦU V V KV

V L V V L V

Ψ U Γ V



 

(17) 

(1) Fix vV  and update vU . The part of Equation (17) with respect to vU  is simpli-

fied as follows: 

1 tr[ ( )][ ( )] tr( )
T T T T

v v v v v v v v v
+ +

= − − −O Y ΦU V O Y ΦU V Ψ U
 

(18) 

Differentiating Equation (18) with respect to vU  and setting the derivative equal to zero 

gives 

2 ( ) 2 ( )
T T T

v v v v v v v v 
+

− + =Φ O Y V Φ O ΦU V V Ψ
 

(19) 

According to the KKT conditions, the solution must satisfy 0v v =Ψ U , leading to 

[ 2 ( ) 2 ( ) ] 0
T T T

v v v v v v v ij vij 
+

− + =Φ O Y V Φ O ΦU V V U
 

(20) 

Consequently, the updating rule for vU  can be derived as 

( ( ) )

( ( ) )

T

v v ij

vij vij T T

v v v ij

+






Φ O Y V
U U

Φ O ΦU V V
 

(21) 

(2) With vU  fixed, we update vV . The portion of Equation (17) pertaining to vV  can 

be simplified to 

2 tr[ ( )][ ( )]

tr( ) tr( )

(1 )tr( ) tr( )

T T T

v v v v v v v

T T

v v v v H v

T T

v H v v v



 



+ +

+

−

= − −

+ +

+ − −

O Y ΦU V O Y ΦU V

V KV V L V

V L V Γ V



 

(22) 

By differentiating Equation (22) with respect to vV , setting the derivative to zero, and in-

corporating the KKT conditions for 0v v =Γ V , we obtain 

[ 2 ( ) 2 ( )

[2 2 ( )

2(1 )( ) ]

0

T T T T T

v v v v v v v

v v H H v

H H v ij vij

 

 



+

+ +

− −

− +

+ + −

+ − −

=

O Y ΦU O V U Φ ΦU

KV D W V

D W V V





 

(23) 

The parameter vV  is updated using the following expression: 

( ( ) (1 ) )

( ( ) (1 ) )

T T

v v v H v H v ij

vij vij T T T

v v v v v v H v H v ij

  

   

+

+ −

+ −

+ + −


+ + + −





Ο Y ΦU W V W V
V V

O V U Φ ΦU KV D V D V
 

(24) 

In summary, the detailed implementation procedure of the HSIC-DIMFMC method 

is outlined as follows: The pseudo-code of the proposed algorithm is presented in Algo-

rithm 1. 

Algorithm 1 HSIC-DIMFMC 

Input: Given multi-view data matrix Y , parameter 7

0, , , 10v

−
=    , and iteration 

count t  

Output: 1 1 1
1 2{ , , , }t t t

nv

+ + +
U U U  and 

2

+1 +1 +1
1{ , , , }t t t

nv
V V V . 

1. Randomly generate 0
vU  and 0

vV ; 
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2. Keep vV  fixed and update 1t
v
+

U  according to Equation (21); 

3. Keep vU  fixed and update +1t
vV  according to Equation (24); 

4. Repeat steps 2 and 3 until the convergence condition 1 +1 2 2
0|| || / || ||

T T Tt t t t t t
v v v v v v + − U V U V U V  

is met. 

3.4. Convergence and Time Complexity Analysis 

A convergence analysis of the update rules for 1 vU  and vV  (Equations (21) and (24)) 

is presented below. 

Theorem 1. According to the update rules in Equations (21) and (24), Equation (16) defines an 

objective function characterized by a monotonic decrease. 

Proof. By constructing auxiliary functions, the convergence of update Equations (21) and 

(24) can be verified separately. At this point, the terms in Equation (16) unrelated to vU  

are eliminated, retaining only the portions associated with vU . 

( ) tr( ( ) 2 ( ) )
T T T T T

v v v v v v v v

+
= − U U Φ O ΦU V V U Φ O Y V

 
(25) 

The auxiliary function, denoted as ( , )
t

v vG U U , is defined for with ( )vU as follows: 
2

,

,

( ( ) )
( , )

2 ( ( ) ) (1 log( / ))+

=

− +









T t T

v v v ij vijt

v v t
i j vij

T t t

v v ij vij vij vij

i j

G
Φ O ΦU V V U

U U
U

Φ O Y V U U U

 
(26) 

If with ( , ) ( ), ( , ) ( )
t

v v v v v vG G= U U U U U U  holds, then by selecting 
1t

v

+
U , we can en-

sure that 
1
argmin ( , )

t t

v v v
t

G
+
=U U U

 
(27) 

Establishing that ( )vU  is clearly monotonically decreasing, we can thus obtain 

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

t t t t t t

v v v v v vG G G
+ + +

 U U U U U U
 

(28) 

To minimize the auxiliary function (26) under the condition (27), solve for 1t

v

+
U . The up-

date rule for 
vijU  is derived by first taking the partial derivative of Equation (26) with 

respect to 
vijU  and setting it to zero. Subsequently, substituting 

vijU  with 
1t

vij

+
U  yields 

1

1

( ( ) )
( ( ) )

T t T t t

v v v ij vij vijT

v v ijt t

vij vij

+

+

+
=




Φ O ΦU V V U U
Φ O Y V

U U
 

(29) 

Thus, the following is obtained: 

1
( ( ) )

( ( ) )

T

v v ijt t

vij vij T t T

v v v ij

+

+
=





Φ O Y V
U U

Φ O ΦU V V
 

(30) 

Equation (30) is the update rule Equation (21) corresponding to vU . 

Next, to prove the convergence of the update rule for vV  in Equation (24), we sim-

plify Equation (17) by retaining only the terms involving vV . 

( ) tr(2 ( ) 2 ( ) )

tr( ) tr( ) (1 )tr( )

T T T T T T

v v v v v v v v v

T T T

v v v v H v v H v

 

  

+

+ −

= −

+ + + −

V V O Y ΦU O V U Φ ΦU

V KV V L V V L V



 

(31) 

Construct auxiliary function ( , )
t

v vG V V  of ( )vV , defined as 
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2

,

,

( ( ) (1 ) )
( , )

2 (( ) (1 ) ) (1 log( ))/

T T T

v v v v v H v H v ij vijt

v v t
i j vij

T T t t

v v v H v H v ij vij vij vij

i j

v
G

   

  

+ −

+

+ −

+ + + −
=

+ − +− +









O V U Φ ΦU KV D V D V V
V V

V

O Y ΦU W V W V V V V

 

(32) 

If condition AA ( , ) ( )v v vG =V V V  and ( , ) ( )
t

v v vG V V V  holds, then 1t

v

+
V  can be cho-

sen such that 

1
argmin ( , )

t t

v v vG
+
=V V V

 
(33) 

Therefore, ( )vV  exhibits a monotonic decrease, with 

1 1 1
( , ) ( , ) ( , )
t t t t t t

v v v v v vG G G
+ + +

 V V V V V V
 

(34) 

The solution for 1t

v

+
V  is obtained by minimizing the auxiliary function (32) under the 

constraint of Equation (33). This is followed by setting the partial derivative of (32) with 

respect to 
vijV  to zero, resulting in 

1

1

( ( ) (1 ) )

( ( ) (1 ) )

t

vijT T

v v v H v H v ij t

vij

T T T

v v v v v v H v H v ij t

vijt

vij

  

   

+

+ − +

+ − +

+ −

+ + + −
=

+



V
O Y ΦU W V W V

V

O V U Φ ΦU KV D V D V
V

V
 

(35) 

Thus, there is 

1
( ( ) (1 ) )

( ( ) (1 ) )

T T

v v v H v H v ijt t

vij vij T T T

v v v v v v H v H v ij

  

   

+

+ −+

+ −

+ −


+ + + −

+



O Y ΦU W V W V
V V

O V U Φ ΦU KV D V D V
 

(36) 

The above Equation is the update rule for vV  in Equation (24). □ 

3.5. Time Complexity Analysis 

The optimization model of the HSIC-DIMFMC algorithm comprises four compo-

nents. Here, m  denotes the number of observation time points; n  denotes the number 

of meteorological stations; and d  represents the rank, i.e., the dimension of latent vari-

ables used for low-dimensional representation and imputation. The algorithm has a time 

complexity of ( )O mnd mn+  for matrix multiplication and Frobenius norm calculation 

and a time complexity of 
2 2

( )O nd m+  for trace operation and kernel matrix K  com-

putation. Similarly, it has a time complexity of 
2 2

( )O nd n+  for local manifold regulari-

zation and a time complexity of 
2 2

( )O nd n+  for discriminative manifold regularization. 

The primary computational overhead stems from the calculation of the kernel matrix K  

and the graph Laplacian matrices HL +   and HL −  . Therefore, when iterating t   times 

across vn  viewpoints, the time complexity is 
2 2 2

( ( ))2 vO t mnd mn m n n nd+ + + + . 

4. Experiments and Analysis 

4.1. Experiments Settings 

To verify the effectiveness of the HSIC-DIMFMC imputation method, its perfor-

mance was first tested on Dataset I, followed by a practical application on Dataset II. 

4.1.1. Evaluation Metrics 

We evaluated the imputation performance using three metrics: Root Mean Square 

Error (RMSE), Mean Absolute Error (MAE), and Normalized Root Mean Square Error 

(NRMSE). 
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4.1.2. Implementation 

Experiments were conducted in an R 4.3.0 environment on hardware configured with 

an Intel(R) Core (TM) i5-8250U CPU @ 1.60 GHz (boost up to 1.80 GHz), 8 GB of memory, 

and a Windows 10 64-bit operating system. 

4.1.3. Compared Methods 

To evaluate the performance of the proposed HSIC-DIMFMC method, seven repre-

sentative missing data imputation methods were selected for comparison. These methods 

cover different technical paradigms, including deterministic interpolation, classical statis-

tical methods, traditional machine learning, functional matrix completion, and multi-view 

functional matrix completion. 

• IDW [37] was adopted as a deterministic baseline method, which estimates missing 

values through a weighted average of neighboring observations. 

• OKFD [38] represents a classical statistical interpolation method for functional data, 

which performs imputation by learning the optimal kernel function from the ob-

served functional curves. 

• KNN [39] is a traditional machine learning method that imputes missing values 

based on the similarity among observed samples, typically measured by distance-

based metrics. Specifically, it selects the K nearest neighbors based on Euclidean dis-

tance and utilizes their weighted average to fill in the missing values. 

• SFI [40] is a functional matrix completion method for recovering missing functional 

observations. 

• HFI [40] is its variant with a modified regularization strategy, specifically adopting a 

hard-thresholding regularization approach. 

• MVNFMC [30] extends functional matrix completion to a multi-view learning frame-

work to jointly exploit information from different sources. 

• GRMFMC [31] further incorporates the HSIC criterion and graph regularization to 

better capture higher-order statistical dependencies and local geometric structures 

across multiple views. 

4.1.4. Datasets and Experimental Settings 

This study employs the Missing Completely at Random (MCAR) mechanism to sim-

ulate missing datasets [41]. Specifically, under a given fixed missing ratio, observations 

are independently, uniformly, and randomly masked as missing (i.e., Point Missing, PM 

mode). The occurrence of each missing position is mutually independent and equiproba-

ble, aiming to simulate random transmission errors or transient communication noise in 

real-world meteorological monitoring. The MCAR mechanism effectively isolates the 

evaluation of imputation performance from the confounding effects of the missingness 

mechanism itself. By providing a controlled and interpretable environment to assess the 

intrinsic capabilities of imputation algorithms, it has been widely adopted in benchmark-

ing studies. While we acknowledge that real-world meteorological data may exhibit more 

complex missing patterns, this paper serves as a proof-of-concept study focusing on meth-

odology development and baseline comparison. Therefore, our experimental evaluation 

is first conducted under the standard MCAR baseline setting, and extending the proposed 

framework to more complex scenarios will be an important direction for future work. 

The missing ratios were set to 10%, 20%, 30%, and 40%. The proposed HSIC-DIM-

FMC method was implemented in a two-view learning framework, and experiments were 

conducted separately on two strongly correlated meteorological variable pairs: TEMP–

DEWP and WDSP–MXSPD. 
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4.2. Ablation Study 

We analyzed the independent contributions of the HSIC criterion and the dual-infor-

mation graph regularization module to the overall performance of the HSIC-DIMFMC 

method through ablation experiments. 

(1) HSIC-DIMFMC1: The dual-information graph regularization term was removed 

from the full model (16) to assess its role in preserving the geometric structure of the data. 

(2) HSIC-DIMFMC2: The HSIC criterion term was removed from the complete model 

(16) to assess its contribution to the statistical dependence between mining perspectives. 

Table 3 presents the RMSE and MAE performance of each method at 10% to 40% 

missingness rates (bold indicates optimal results). Analysis reveals that the complete 

HSIC-DIMFMC method consistently achieves significantly lower RMSE and MAE values 

than both HSIC-DIMFMC1 and HSIC-DIMFMC2 across all settings. Specifically, its RMSE 

was reduced by an average of 53.09% to 74.88% and 52.23% to 74.84% compared to the 

latter two methods, respectively. This result confirms that both the HSIC criterion and 

dual-information graph regularization play crucial and irreplaceable roles in improving 

imputation accuracy. 

Table 3. RMSE and MAE results of four meteorological indicators under different missing rates 

(mean of 50 results). 

Missing Rate (%) Imputation Method 
Evaluation 

Metric 
TEMP DEWP WDSP MXSPD 

10 

HSIC-DIMFMC 
RMSE 1.0996 ± 0.0020 0.6930 ± 0.0030 0.4293 ± 0.0002 0.7452 ± 0.0005 

MAE 0.5962 ± 0.0010 0.3504 ± 0.0035 0.2100 ± 0.0002 0.3946 ± 0.0003 

HSIC-DIMFMC1 
RMSE 3.0931 ± 0.0701 2.3657 ± 0.0454 0.7133 ± 0.0178 1.1848 ± 0.0166 

MAE 2.5369 ± 0.0536 1.9430 ± 0.0321 0.5018 ± 0.0116 0.8965 ± 0.0118 

HSIC-DIMFMC2 
RMSE 3.0767 ± 0.0613 2.3636 ± 0.0568 0.7121 ± 0.0117 1.1899 ± 0.0235 

MAE 2.5187 ± 0.0446 1.9420 ± 0.0395 0.5057 ± 0.0085 0.8971 ± 0.0135 

20 

HSIC-DIMFMC 
RMSE 0.7896 ± 0.0033 0.4913 ± 0.0007 0.3138 ± 0.0027 0.5400 ± 0.0009 

MAE 0.3024 ± 0.0023 0.1758 ± 0.0004 0.1059 ± 0.0003 0.1996 ± 0.0002 

HSIC-DIMFMC1 
RMSE 3.0769 ± 0.0636 2.3559 ± 0.0658 0.7198 ± 0.0164 1.2052 ± 0.0220 

MAE 2.5199 ± 0.0506 1.9277 ± 0.0459 0.5057 ± 0.0107 0.9094 ± 0.0127 

HSIC-DIMFMC2 
RMSE 3.0840 ± 0.0655 2.3759 ± 0.0520 0.7251 ± 0.0202 1.1972 ± 0.0198 

MAE 2.5258 ± 0.0481 1.9446 ± 0.0373 0.5116 ± 0.0110 0.9006 ± 0.0103 

30 

HSIC-DIMFMC 
RMSE 0.6492 ± 0.0037 0.4123 ± 0.0099 0.2580 ± 0.0005 0.5115 ± 0.0082 

MAE 0.2036 ± 0.0009 0.1208 ± 0.0024 0.0719 ± 0.0001 0.1382 ± 0.0002 

HSIC-DIMFMC1 
RMSE 3.1042 ± 0.0767 2.4021 ± 0.0584 0.7269 ± 0.0181 1.2009 ± 0.0283 

MAE 2.5474 ± 0.0596 1.9563 ± 0.0430 0.5102 ± 0.0099 0.8982 ± 0.0156 

HSIC-DIMFMC2 
RMSE 3.0850 ± 0.0601 2.3640 ± 0.0542 0.7425 ± 0.0218 1.2087 ± 0.0196 

MAE 2.5223 ± 0.0446 1.9295 ± 0.0374 0.5128 ± 0.0099 0.9071 ± 0.0121 

40 

HSIC-DIMFMC 
RMSE 0.5739 ± 0.0019 0.3592 ± 0.0018 0.2374 ± 0.0014 0.4325 ± 0.0038 

MAE 0.1557 ± 0.0007 0.0909 ± 0.0006 0.0554 ± 0.0003 0.1044 ± 0.0004 

HSIC-DIMFMC1 
RMSE 3.0814 ± 0.0652 2.4321 ± 0.0643 0.7328 ± 0.0185 1.2469 ± 0.0265 

MAE 2.5253 ± 0.0490 1.9893 ± 0.0447 0.5120 ± 0.0104 0.9320 ± 0.0138 

HSIC-DIMFMC2 
RMSE 3.1059 ± 0.0622 2.3689 ± 0.0664 0.7389 ± 0.0193 1.2403 ± 0.0324 

MAE 2.5351 ± 0.0501 1.9356 ± 0.0452 0.5073 ± 0.0094 0.9252 ± 0.0129 

4.3. Parameter Analysis 

To validate the efficacy of the HSIC-DIMFMC method under varying levels of data 

missingness and analyze its sensitivity to hyperparameters   and  , Figures 7–10 pre-

sent the variations in RMSE across different parameter settings. 

(1) The HSIC criterion and dual-information graph regularization collectively form the 

HSIC-DIMFMC method proposed in this paper. Parameters   and   respectively reveal 
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the effects of the HSIC criterion and dual-information graph regularization. Set the value 

range for   to {10−4, 10−3, 10−2, 10−1}; set the value range for   to {0.2, 0.4, 0.6, 0.8, 1.0}. 

(2) As shown in Figures 8–11, lighter bar colors indicate higher RMSE values, while 

darker colors correspond to lower RMSE values. It is observed that the HSIC-DIMFMC 

method exhibits low sensitivity to variations in parameters   and  . suggesting a high 

degree of robustness and excellent generalization capability. Based on Figures 7–10, the 

HSIC-DIMFMC method in this work adopts the parameter values 0.1= , 0.6= . 

  
(a) 10% (b) 20% 

  
(c) 30% (d) 40% 

Figure 7. RMSE of   and   in the TEMP view of the HSIC-DIMFMC method under different 

missing rates. 

  
(a) 10% (b) 20% 

  

(c) 30% (d) 40% 

https://doi.org/10.3390/bdcc10070230


 2026, 10, 230 20 of 36 
 

https://doi.org/10.3390/bdcc10070230 

Figure 8. RMSE of   and   in the DEWP view of the HSIC-DIMFMC method under different 

missing rates. 

  
(a) 10% (b) 20% 

  
(c) 30% (d) 40% 

Figure 9. RMSE of   and   in the WDSP view of the HSIC-DIMFMC method under different 

missing rates. 

  
(a) 10% (b) 20% 

  
(c) 30% (d) 40% 

Figure 10. RMSE of   and   in the MXSPD view of the HSIC-DIMFMC method under different 

missing rates. 
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4.4. Completion Results 

Based on the aforementioned experimental design, the IDW, OKFD, KNN, HFI, SFI, 

MVNFMC, GRMFMC, and HSIC-DIMFMC methods were selected to perform imputation 

and repair on the four meteorological indicators in Dataset I. Their imputation perfor-

mance was systematically compared. Tables 4–6 present the RMSE, MAE, and NRMSE 

results for each method under 10% to 40% missing data rates, with the optimal values 

highlighted in bold. 

Table 4. RMSE results of 8 imputation methods under different missing rates (mean of 50 results). 

Missing Rate (%) Baseline Method TEMP DEWP WDSP MXSPD 

10 

IDW 1.9601 ± 0.0484 2.0821 ± 0.1107 0.7664 ± 0.0532 1.4356 ± 0.0685 

OKFD 1.7507 ± 0.1010 1.6264 ± 0.3684 1.4941 ± 0.3491 2.2944 ± 0.3969 

KNN 1.7654 ± 0.1319 1.1820 ± 0.2802 1.0806 ± 0.2530 1.5985 ± 0.2275 

HFI 2.1250 ± 0.0000 1.2549 ± 0.0000 0.7614 ± 0.0000 1.2286 ± 0.0000 

SFI 2.1154 ± 0.0005 1.2421 ± 0.0012 0.7656 ± 0.0035 1.2419 ± 0.0014 

MVNFMC 5.1528 ± 0.0227 4.1577 ± 0.0180 0.6441 ± 0.0097 1.0731 ± 0.0148 

GRMFMC 7.3083 ± 0.6989 6.6767 ± 0.4804 1.2336 ± 0.0914 1.7464 ± 0.0892 

HSIC-DIMFMC 1.0996 ± 0.0020 0.6930 ± 0.0030 0.4293 ± 0.0002 0.7452 ± 0.0005 

20 

IDW 1.9837 ± 0.0566 2.0921 ± 0.1027 0.8137 ± 0.0194 1.5037 ± 0.0487 

OKFD 1.8311 ± 0.1011 1.5917 ± 0.1956 1.6179 ± 0.1697 2.2419 ± 0.2126 

KNN 2.0479 ± 0.1070 1.3772 ± 0.1670 1.1185 ± 0.1243 1.7121 ± 0.1380 

HFI 2.1353 ± 0.0000 1.2578 ± 0.0000 0.7685 ± 0.0000 1.2401 ± 0.0000 

SFI 2.1313 ± 0.0021 1.2531 ± 0.0010 0.7673 ± 0.0040 1.2379 ± 0.0023 

MVNFMC 3.6565 ± 0.0182 2.9466 ± 0.0141 0.4669 ± 0.0081 0.7768 ± 0.0071 

GRMFMC 5.4348 ± 0.6415 4.3718 ± 0.3688 0.8595 ± 0.0214 1.2050 ± 0.0342 

HSIC-DIMFMC 0.7896 ± 0.0033 0.4913 ± 0.0007 0.3138 ± 0.0027 0.5400 ± 0.0009 

30 

IDW 2.0687 ± 0.0548 2.1742 ± 0.0554 0.8323 ± 0.0265 1.5220 ± 0.0309 

OKFD 1.8923 ± 0.0709 1.6047 ± 0.1061 1.6409 ± 0.1272 2.3111 ± 0.1551 

KNN 2.3491 ± 0.1403 1.5835 ± 0.1464 1.1576 ± 0.1117 1.7448 ± 0.1091 

HFI 2.1699 ± 0.0000 1.2972 ± 0.0000 0.7678 ± 0.0000 1.2438 ± 0.0000 

SFI 2.1579 ± 0.0079 1.2546 ± 0.0017 0.7758 ± 0.0023 1.2476 ± 0.0031 

MVNFMC 2.9863 ± 0.0140 2.3942 ± 0.0106 0.3936 ± 0.0048 0.6256 ± 0.0087 

GRMFMC 4.7282 ± 0.5382 3.5093 ± 0.1470 0.7447 ± 0.0490 1.0590 ± 0.1219 

HSIC-DIMFMC 0.6492 ± 0.0037 0.4123 ± 0.0099 0.2580 ± 0.0005 0.5115 ± 0.0082 

40 

IDW 2.1532 ± 0.0604 2.2619 ± 0.0772 0.8518 ± 0.0196 1.5303 ± 0.0235 

OKFD 2.0113 ± 0.0848 1.6489 ± 0.0743 1.6217 ± 0.0695 2.3202 ± 0.1578 

KNN 2.6899 ± 0.1330 1.7859 ± 0.1143 1.1939 ± 0.0881 1.7807 ± 0.1049 

HFI 2.2166 ± 0.0000 1.2826 ± 0.0000 0.7751 ± 0.0000 1.2513 ± 0.0000 

SFI 2.1755 ± 0.0109 1.2805 ± 0.0045 0.7770 ± 0.0047 1.2636 ± 0.0034 

MVNFMC 2.5772 ± 0.0164 2.0807 ± 0.0124 0.3216 ± 0.0041 0.5400 ± 0.0073 

GRMFMC 4.0230 ± 0.3754 3.2953 ± 0.3107 0.6556 ± 0.0393 0.9231 ± 0.0468 

HSIC-DIMFMC 0.5739 ± 0.0019 0.3592 ± 0.0018 0.2374 ± 0.0014 0.4325 ± 0.0038 

Table 5. MAE results of 8 imputation methods under different missing rates (mean of 50 results). 

Missing Rate (%) Baseline Method  TEMP DEWP WDSP MXSPD 

10 

IDW 1.5486 ± 0.0624 1.5743 ± 0.0687 0.5935 ± 0.0356 1.1271 ± 0.0385 

OKFD 1.3499 ± 0.0781 1.1001 ± 0.1228 0.6922 ± 0.0947 1.2275 ± 0.1434 

KNN 1.3097 ± 0.0906 0.8283 ± 0.0644 0.5931 ± 0.0742 1.0210 ± 0.0940 

HFI 1.6984 ± 0.0000 0.9085 ± 0.0000 0.4859 ± 0.0000 0.8739 ± 0.0000 

SFI 1.6964 ± 0.0019 0.9061 ± 0.0029 0.4882 ± 0.0038 0.8743 ± 0.0018 

MVNFMC 3.4173 ± 0.0081 2.7921 ± 0.0071 0.3340 ± 0.0040 0.5870 ± 0.0054 
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GRMFMC 4.3027 ± 0.4886 4.0027 ± 0.3029 0.6538 ± 0.0463 0.9373 ± 0.0430 

HSIC-DIMFMC 0.5962 ± 0.0010 0.3504 ± 0.0035 0.2100 ± 0.0002 0.3946 ± 0.0003 

20 

IDW 1.5675 ± 0.0487 1.5783 ± 0.0821 0.6231 ± 0.0169 1.1628 ± 0.0362 

OKFD 1.4159 ± 0.0789 1.1234 ± 0.0630 0.7340 ± 0.0629 1.2071 ± 0.0750 

KNN 1.5228 ± 0.0811 0.9756 ± 0.0529 0.6246 ± 0.0401 1.0901 ± 0.0648 

HFI 1.7104 ± 0.0000 0.9062 ± 0.0000 0.4868 ± 0.0000 0.8826 ± 0.0000 

SFI 1.7138 ± 0.0012 0.9109 ± 0.0022 0.4946 ± 0.0043 0.8850 ± 0.0022 

MVNFMC 1.7135 ± 0.0059 1.3984 ± 0.0046 0.1675 ± 0.0024 0.2995 ± 0.0019 

GRMFMC 2.2686 ± 0.2733 1.8309 ± 0.1792 0.3170 ± 0.0071 0.4501 ± 0.0207 

HSIC-DIMFMC 0.3024 ± 0.0023 0.1758 ± 0.0004 0.1059 ± 0.0003 0.1996 ± 0.0002 

30 

IDW 1.6290 ± 0.0401 1.6427 ± 0.0576 0.6404 ± 0.0167 1.1715 ± 0.0290 

OKFD 1.4607 ± 0.0628 1.1536 ± 0.0438 0.7519 ± 0.0428 1.2523 ± 0.0531 

KNN 1.7436 ± 0.0940 1.1047 ± 0.0533 0.6585 ± 0.0398 1.1162 ± 0.0503 

HFI 1.7243 ± 0.0000 0.9258 ± 0.0000 0.4904 ± 0.0000 0.8817 ± 0.0000 

SFI 1.7133 ± 0.0020 0.9159 ± 0.0029 0.4934 ± 0.0038 0.8916 ± 0.0046 

MVNFMC 1.1417 ± 0.0048 0.9274 ± 0.0032 0.1140 ± 0.0014 0.1957 ± 0.0020 

GRMFMC 1.6270 ± 0.1984 1.1875 ± 0.0471 0.2286 ± 0.0188 0.3249 ± 0.0408 

HSIC-DIMFMC 0.2036 ± 0.0009 0.1208 ± 0.0024 0.0719 ± 0.0001 0.1382 ± 0.0002 

40 

IDW 1.6891 ± 0.0458 1.7101 ± 0.0618 0.6521 ± 0.0085 1.1801 ± 0.0181 

OKFD 1.5450 ± 0.0595 1.1897 ± 0.0294 0.7527 ± 0.0161 1.2720 ± 0.0515 

KNN 1.9916 ± 0.091 1.2444 ± 0.0548 0.6814 ± 0.031 1.1471 ± 0.05 

HFI 1.7519 ± 0.0000 0.9311 ± 0.0000 0.5013 ± 0.0000 0.8923 ± 0.0000 

SFI 1.7404 ± 0.0040 0.9269 ± 0.0023 0.5005 ± 0.0061 0.9020 ± 0.0026 

MVNFMC 0.8509 ± 0.0049 0.6970 ± 0.0039 0.0818 ± 0.0009 0.1464 ± 0.0014 

GRMFMC 1.2000 ± 0.1186 0.9875 ± 0.0929 0.1726 ± 0.0080 0.2464 ± 0.0122 

HSIC-DIMFMC 0.1557 ± 0.0007 0.0909 ± 0.0006 0.0554 ± 0.0003 0.1044 ± 0.0004 

Table 6. NRMSE results of 8 imputation methods under different missing rates (mean of 50 results). 

Missing Rate (%) Baseline Method  TEMP DEWP WDSP MXSPD 

10 

IDW 0.1087 ± 0.0086 0.0903 ± 0.0115 0.1359 ± 0.0162 0.1554 ± 0.0234 

OKFD 0.0927 ± 0.0061 0.1014 ± 0.0135 0.1289 ± 0.0192 0.1574 ± 0.0175 

KNN 0.4258 ± 0.0318 0.4327 ± 0.1026 0.6989 ± 0.1637 0.7261 ± 0.1034 

HFI 0.0924 ± 0.0000 0.0475 ± 0.0000 0.0512 ± 0.0000 0.0682 ± 0.0000 

SFI 0.0920 ± 0.0000 0.0470 ± 0.0000 0.0515 ± 0.0002 0.0690 ± 0.0001 

MVNFMC 0.2240 ± 0.0010 0.1572 ± 0.0007 0.0433 ± 0.0007 0.0596 ± 0.0008 

GRMFMC 0.3178 ± 0.0304 0.2525 ± 0.0182 0.0830 ± 0.0061 0.0970 ± 0.0050 

HSIC-DIMFMC 0.0478 ± 0.0001 0.0262 ± 0.0001 0.0289 ± 0.0000 0.0414 ± 0.0000 

20 

IDW 0.1046 ± 0.0079 0.0806 ± 0.0072 0.1217 ± 0.0128 0.1482 ± 0.0085 

OKFD 0.0884 ± 0.0046 0.0945 ± 0.0132 0.1269 ± 0.0149 0.1466 ± 0.0174 

KNN 0.4939 ± 0.0258 0.5042 ± 0.0612 0.7234 ± 0.0804 0.7778 ± 0.0627 

HFI 0.0928 ± 0.0000 0.0476 ± 0.0000 0.0517 ± 0.0000 0.0689 ± 0.0000 

SFI 0.0927 ± 0.0001 0.0474 ± 0.0000 0.0516 ± 0.0003 0.0687 ± 0.0001 

MVNFMC 0.1590 ± 0.0008 0.1114 ± 0.0005 0.0314 ± 0.0005 0.0431 ± 0.0004 

GRMFMC 0.2363 ± 0.0279 0.1653 ± 0.0139 0.0578 ± 0.0014 0.0669 ± 0.0019 

HSIC-DIMFMC 0.0343 ± 0.0001 0.0186 ± 0.0000 0.0211 ± 0.0002 0.0300 ± 0.0001 

30 

IDW 0.1057 ± 0.0068 0.0822 ± 0.0036 0.1227 ± 0.0129 0.1429 ± 0.0052 

OKFD 0.0867 ± 0.0069 0.0950 ± 0.0160 0.1204 ± 0.0115 0.1433 ± 0.0124 

KNN 0.5665 ± 0.0338 0.5798 ± 0.0536 0.7488 ± 0.0722 0.7926 ± 0.0495 

HFI 0.0943 ± 0.0000 0.0491 ± 0.0000 0.0516 ± 0.0000 0.0691 ± 0.0000 

SFI 0.0938 ± 0.0003 0.0474 ± 0.0001 0.0522 ± 0.0002 0.0693 ± 0.0002 

MVNFMC 0.1298 ± 0.0006 0.0905 ± 0.0004 0.0265 ± 0.0003 0.0347 ± 0.0005 

GRMFMC 0.2056 ± 0.0234 0.1327 ± 0.0056 0.0501 ± 0.0033 0.0588 ± 0.0068 
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HSIC-DIMFMC 0.0282 ± 0.0002 0.0156 ± 0.0004 0.0174 ± 0.0000 0.0284 ± 0.0005 

40 

IDW 0.1082 ± 0.0074 0.0840 ± 0.0036 0.1236 ± 0.0110 0.1405 ± 0.0024 

OKFD 0.0915 ± 0.0075 0.0930 ± 0.0193 0.1157 ± 0.0051 0.1394 ± 0.0099 

KNN 0.6487 ± 0.0321 0.6539 ± 0.0418 0.7722 ± 0.057 0.8089 ± 0.0477 

HFI 0.0964 ± 0.0000 0.0485 ± 0.0000 0.0521 ± 0.0000 0.0695 ± 0.0000 

SFI 0.0946 ± 0.0005 0.0484 ± 0.0002 0.0523 ± 0.0003 0.0702 ± 0.0002 

MVNFMC 0.1121 ± 0.0007 0.0787 ± 0.0005 0.0216 ± 0.0003 0.0300 ± 0.0004 

GRMFMC 0.1749 ± 0.0163 0.1246 ± 0.0117 0.0441 ± 0.0026 0.0513 ± 0.0026 

HSIC-DIMFMC 0.0250 ± 0.0001 0.0136 ± 0.0001 0.0160 ± 0.0001 0.0240 ± 0.0002 

As can be seen from Tables 4–6: 

(1) As the missing rate increases, the interpolation RMSE, MAE, and NRMSE values 

of the HSIC-DIMFMC method are all lower than those of IDW, OKFD, KNN, HFI, SFI, 

MVNFMC, and GRMFMC. Notably, the imputation error of the proposed method exhib-

its a decreasing trend as the missing rate increases, which sharply contrasts with tradi-

tional methods (e.g., IDW and KNN), whose errors typically escalate with higher missing 

rates. 

The underlying mechanism for this counterintuitive phenomenon is that, under the 

stringent constraints of high missing rates, the low-rank representation of functional ma-

trix completion is forced to filter out redundant noise and learn the most essential latent 

manifold structures, thereby achieving more robust reconstruction in severely incomplete 

scenarios [42,43]. Specifically, when observations become highly sparse, the low-rank con-

straints, the HSIC criterion, and the dual-information graph regularization take on domi-

nant roles. These global regularizations function equivalently to applying a strong 

smoothing filter to the imputation process, effectively eliminating local random perturba-

tions present in the original data. Traditional methods (such as IDW and KNN) rely heav-

ily on local neighborhood observations; as the missing rate rises and local information 

diminishes, their performance inevitably degrades. In contrast, HSIC-DIMFMC depends 

on global low-rank topological structures and robust cross-view dependencies. Even un-

der severe data loss, as long as the global structural integrity is preserved, it can still 

achieve robust trajectory reconstruction. Therefore, this behavior is not an experimental 

anomaly, but rather an inherent denoising property of the proposed model under extreme 

missing conditions. 

(2) Under experimental conditions with data-missing rates ranging from 10% to 40%, 

the HSIC-DIMFMC method demonstrated significant performance advantages in inter-

polation tasks for multiple meteorological variables. Specifically, for TEMP and DEWP 

data, the method achieved maximum RMSE reductions of 86.27% and 89.62%, respec-

tively, compared to seven mainstream benchmark methods (IDW, OKFD, KNN, HFI, SFI, 

MVNFMC, and GRMFMC), despite slight fluctuations in certain low missing data scenar-

ios. When processing WDSP and MXSPD data, the method demonstrated more robust 

superiority, achieving comprehensive RMSE reductions. The maximum reduction 

reached 85.36% for WDSP and 81.36% for MXSPD, significantly outperforming compari-

son models such as MVNFMC and GRMFMC. Although GRMFMC also incorporates the 

HSIC criterion, its graph regularization relies solely on the local manifold assumption, 

making it difficult to capture global discriminative feature information. Consequently, it 

exhibits unstable performance on variables such as TEMP and DEWP. In contrast, the pro-

posed HSIC-DIMFMC deeply integrates local spatiotemporal consistency with global dis-

criminative manifold information via dual-information graph regularization, effectively 

overcoming the limitations of a single manifold assumption. 

(3) The imputation errors of the three multi-view methods (MVNFMC, GRMFMC, 

and HSIC-DIMFMC) are significantly lower than those of the single-view methods (IDW, 
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OKFD, and KNN), compellingly demonstrating that multi-view information fusion is a 

critical pathway for enhancing meteorological imputation accuracy. Among the multi-

view models, HSIC-DIMFMC consistently outperforms MVNFMC and GRMFMC. This 

fully validates the necessity of jointly introducing the HSIC criterion and dual-infor-

mation graph regularization: the former extracts nonlinear complementary features across 

the view dimension, while the latter preserves multi-scale topological structures across 

the sample dimension. The deep synergy between these two components yields perfor-

mance gains that far exceed those of individual modular improvements. 

To evaluate the stability of the imputation results, we calculated the 95% confidence 

intervals (CIs) for the RMSE of each method at 10% and 40% missing rates across 50 inde-

pendent runs. The results are summarized in Table 7. (Bold values indicate the best re-

sults.) 

Table 7. The 95% confidence intervals of RMSE for the eight imputation methods at 10% and 40% 

missing rates (over 50 independent runs). 

Missing Rate (%) Baseline Method TEMP DEWP WDSP MXSPD 

10 

IDW [1.8985, 1.9648] [1.9784, 2.0479] [0.7709, 0.7987] [1.4246, 1.4677] 

OKFD [1.7210, 1.7926] [1.8222, 1.9000] [0.8581, 0.8946] [1.5953, 1.6631] 

KNN [1.7279, 1.8029] [1.1024, 1.2616] [1.0087, 1.1525] [1.5338, 1.6631] 

HFI [2.1244, 2.1244] [1.2453, 1.2453] [0.7604, 0.7604] [1.2299, 1.2299] 

SFI [2.1220, 2.1223] [1.2416, 1.2427] [0.7631, 0.7651] [1.2303, 1.2313] 

MVNFMC [5.1391, 5.1501] [4.1468, 4.1549] [0.6515, 0.6562] [1.0746, 1.0810] 

GRMFMC [7.7598, 8.1646] [6.0194, 6.3226] [1.2460, 1.2852] [1.7567, 1.8148] 

HSIC-DIMFMC [1.0950, 1.0965] [0.6896, 0.6905] [0.4266, 0.4268] [0.7497, 0.7502] 

40 

IDW [2.1174, 2.1608] [2.2058, 2.2464] [0.8439, 0.8581] [1.5168, 1.5423] 

OKFD [2.0027, 2.0495] [2.1089, 2.1594] [0.9353, 0.9625] [1.6628, 1.7007] 

KNN [2.6521, 2.7277] [1.7534, 1.8184] [1.1689, 1.2190] [1.7509, 1.8105] 

HFI [2.1924, 2.1924] [1.2879, 1.2879] [0.8011, 0.8011] [1.2557, 1.2557] 

SFI [2.1807, 2.1903] [1.2647, 1.2660] [0.7708, 0.7730] [1.2676, 1.2688] 

MVNFMC [2.5699, 2.5787] [2.0661, 2.0744] [0.3266, 0.3288] [0.5446, 0.5483] 

GRMFMC [3.9194, 4.0881] [3.0439, 3.1859] [0.6271, 0.6458] [0.8839, 0.9103] 

HSIC-DIMFMC [0.5729, 0.5748] [0.3571, 0.3584] [0.2290, 0.2291] [0.5017, 0.5145] 

A narrower CI indicates the superior repeatability and robustness of a method. As 

clearly observed from the table, HSIC-DIMFMC achieves the narrowest CIs across all 

views and at both missing rates. This demonstrates that our proposed method not only 

yields the highest imputation accuracy (i.e., the lowest mean RMSE) but also exhibits re-

markable stability under varying random initializations. In contrast, baseline methods 

such as GRMFMC and MVNFMC exhibit much wider CI ranges, indicating that their per-

formance is more sensitive to initial conditions or data missing patterns. 

To verify whether the performance improvements of HSIC-DIMFMC over the other 

methods are statistically significant, paired sample t-tests were conducted to compare the 

RMSE of HSIC-DIMFMC against the seven baseline methods at 10% and 40% missing 

rates. Table 8 summarizes the mean differences in RMSE, their corresponding 95% CIs, t-

values, and p-values. 
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Table 8. Results of paired sample t-tests between HSIC-DIMFMC and baseline methods at 10% and 

40% missing rates. 

Missing Rate (%) View Baseline Method Mean Difference 95% CI t-Value p-Value 

10 

TEMP 

IDW 0.8359 [0.8028, 0.8690] 50.757 <0.001 

OKFD 0.6610 [0.6253, 0.6967] 37.245 <0.001 

KNN 0.6696 [0.6321, 0.7072] 35.846 <0.001 

HFI 1.0286 [1.0279, 1.0294] 2825.572 <0.001 

SFI 1.0263 [1.0256, 1.0270] 2904.346 <0.001 

MVNFMC 4.0488 [4.0433, 4.0544] 1473.804 <0.001 

GRMFMC 6.8664 [6.6640, 7.0689] 68.158 <0.001 

DEWP 

IDW 1.3231 [1.2883, 1.3579] 76.413 <0.001 

OKFD 1.1711 [1.1322, 1.2099] 60.537 <0.001 

KNN 0.4919 [0.4124, 0.5715] 12.428 <0.001 

HFI 0.5553 [0.5548, 0.5558] 2274.391 <0.001 

SFI 0.5521 [0.5514, 0.5528] 1496.924 <0.001 

MVNFMC 3.4608 [3.4567, 3.4649] 1692.150 <0.001 

GRMFMC 5.4810 [5.3293, 5.6326] 72.617 <0.001 

WDSP 

IDW 0.3580 [0.3441, 0.3720] 51.681 <0.001 

OKFD 0.4496 [0.4313, 0.4679] 49.293 <0.001 

KNN 0.6538 [0.5820, 0.7257] 18.277 <0.001 

HFI 0.3336 [0.3335, 0.3337] 6066.952 <0.001 

SFI 0.3374 [0.3363, 0.3384] 661.629 <0.001 

MVNFMC 0.2272 [0.2248, 0.2295] 193.960 <0.001 

GRMFMC 0.8389 [0.8193, 0.8584] 86.207 <0.001 

MXSPD 

IDW 0.6962 [0.6746, 0.7177] 64.963 <0.001 

OKFD 0.8793 [0.8454, 0.9131] 52.173 <0.001 

KNN 0.8485 [0.7838, 0.9133] 26.343 <0.001 

HFI 0.4800 [0.4798, 0.4802] 4339.037 <0.001 

SFI 0.4808 [0.4803, 0.4814] 1802.942 <0.001 

MVNFMC 0.3279 [0.3247, 0.3310] 207.313 <0.001 

GRMFMC 1.0358 [1.0068, 1.0649] 71.696 <0.001 

40 

TEMP 

IDW 1.5653 [1.5436, 1.5869] 145.336 <0.001 

OKFD 1.4523 [1.4289, 1.4756] 124.835 <0.001 

KNN 2.1160 [2.0783, 2.1538] 112.589 <0.001 

HFI 1.6185 [1.6176, 1.6195] 3418.193 <0.001 

SFI 1.6116 [1.6067, 1.6165] 664.411 <0.001 

MVNFMC 2.0005 [1.9962, 2.0047] 948.332 <0.001 

GRMFMC 3.4299 [3.3457, 3.5141] 81.861 <0.001 

DEWP 

IDW 1.8684 [1.8479, 1.8888] 183.823 <0.001 

OKFD 1.7765 [1.7512, 1.8017] 141.445 <0.001 

KNN 1.4282 [1.3957, 1.4606] 88.380 <0.001 

HFI 0.9302 [0.9295, 0.9308] 2928.102 <0.001 

SFI 0.9076 [0.9068, 0.9085] 2140.213 <0.001 

MVNFMC 1.7125 [1.7082, 1.7168] 800.185 <0.001 

GRMFMC 2.7571 [2.6862, 2.8281] 78.132 <0.001 

WDSP 

IDW 0.6220 [0.6149, 0.6290] 177.167 <0.001 

OKFD 0.7198 [0.7062, 0.7334] 106.534 <0.001 

KNN 0.9649 [0.9398, 0.9899] 77.447 <0.001 

HFI 0.5721 [0.5720, 0.5721] 18,767.206 <0.001 

SFI 0.5429 [0.5418, 0.5439] 1024.814 <0.001 

MVNFMC 0.0987 [0.0976, 0.0998] 181.500 <0.001 

GRMFMC 0.4074 [0.3980, 0.4168] 87.429 <0.001 
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MXSPD 

IDW 1.0214 [1.0074, 1.0355] 146.070 <0.001 

OKFD 1.1736 [1.1544, 1.1928] 122.840 <0.001 

KNN 1.2726 [1.2425, 1.3027] 84.972 <0.001 

HFI 0.7476 [0.7412, 0.7540] 234.555 <0.001 

SFI 0.7601 [0.7536, 0.7666] 235.588 <0.001 

MVNFMC 0.0383 [0.0318, 0.0448] 11.839 <0.001 

GRMFMC 0.3890 [0.3741, 0.4039] 52.470 <0.001 

The results indicate that across all four views, the mean differences between the base-

line methods and HSIC-DIMFMC are consistently positive, and the lower bounds of the 

95% CIs are strictly greater than zero. This confirms that HSIC-DIMFMC achieves lower 

RMSE values in all scenarios. Furthermore, all p-values are less than 0.001, indicating that 

this performance advantage is strongly statistically significant. 

In summary, HSIC-DIMFMC not only outperforms all baseline methods in terms of 

the average RMSE but also exhibits the minimal performance fluctuation (the narrowest 

95% CIs) across the 50 independent runs. The paired t-tests further substantiate that these 

performance gains are statistically significant across all views, thereby thoroughly demon-

strating the effectiveness and superiority of the proposed HSIC-DIMFMC framework. 

4.5. Application Outcomes 

To further validate the interpolation performance of the HSIC-DIMFMC method on 

meteorological data, experiments were conducted on dataset II, which features complete 

meteorological indicators. To comprehensively evaluate the method’s performance, the 

mean error metrics were calculated for all 20 stations at a 40% missing rate (see Table 9). 

Additionally, due to space constraints and to visually illustrate interpolation details, sta-

tions JIANGLING and JIAN—selected for their median RMSE values—were chosen for 

visualization analysis based on overall statistical analysis of all 20 stations. This reflects 

the model’s average performance. Both stations exhibit meteorological characteristics and 

model performance close to the dataset average, making them highly representative. Fig-

ures 11 and 12 present the probability density distributions comparing the original mete-

orological observations at stations JIANGLING and JIAN with the imputed values from 

the HSIC-DIMFMC method under a 40% missing rate. It can be observed that the distri-

butions of observed and predicted values are similar, with consistent peak positions and 

distribution ranges. This indicates that the method accurately captures the distribution 

characteristics of the original data, and the interpolation results exhibit high fidelity. 

  

https://doi.org/10.3390/bdcc10070230


 2026, 10, 230 27 of 36 
 

https://doi.org/10.3390/bdcc10070230 

  

Figure 11. Density plot of observations and imputed values at station JIANGLING under a 40% 

missing rate. 

  

  

Figure 12. Density plot of observations and imputed values at station JIAN under a 40% missing 

rate. 

Table 9. RMSE of 20 stations with 40% missing rate. 

Station 
Meteorological Indicators 

TEMP DEWP WDSP MXSPD 

NANYUE 1.12 0.77 2.88 2.11 

JIANGLING 1.58 0.93 0.61 0.98 

TIANHE 1.40 0.96 0.65 1.20 

NEIJIANG 2.05 1.07 0.46 0.89 

JIANGBEI 2.00 0.95 0.49 1.37 

SANGZHI 1.53 0.92 0.39 1.24 

YUEYANG 1.47 1.30 0.69 1.16 

XIUSHUI 1.62 0.89 0.45 0.90 

NAXI 2.00 0.92 0.43 0.96 

YOUYANG 1.44 0.78 0.41 1.02 

YUANLING 1.65 0.78 0.32 0.78 

CHANGDE 1.65 2.25 0.61 1.15 
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CHANGSHA 1.55 0.84 0.78 1.09 

BIJIE 1.64 1.11 0.34 0.64 

HUICHUAN 1.36 0.68 0.43 0.90 

SINAN 1.73 0.84 0.53 1.11 

ZHIJIANG 1.41 0.78 0.40 1.09 

SHAOYANG 1.56 0.72 0.42 0.91 

YICHUN 1.63 0.85 0.47 0.89 

JIAN 1.79 0.88 0.55 0.89 

For stations JIANGLING and JIAN, Taylor plots were employed to systematically 

evaluate the overall performance of eight interpolation methods in preserving data statis-

tical characteristics. These plots presented three complementary statistical metrics: the ra-

tio of standard deviation, root mean square error (RMSE), and correlation coefficient be-

tween interpolated results and observations at a 40% missing rate. Taylor plots for obser-

vations versus predicted values at 40% missing data rates for stations JIANGLING and 

JIAN are shown in Figures 13 and 14. The radial dashed lines (radiating from the origin) 

represent the correlation coefficient; the closer to the right, the higher the correlation with 

the observed data. The solid concentric arcs represent the root mean square error (RMSE); 

the smaller the arc (closer to the origin), the smaller the error and the more accurate the 

model. The hollow circles (typically on the X-axis) represent the standard deviation of the 

observed data. 

  
(a) TEMP (b) DEWP 

  
(c) WDSP (d) MXSPD 

Figure 13. Taylor diagram of observations and imputed values at station JIANGLING with 40% 

missing rate. The numbers on the dashed radial lines and solid arcs denote correlation coefficients 

and normalized RMSE, respectively; the blank circle on the x-axis indicates the standard deviation 

of the observed data. 
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(a) TEMP (b) DEWP 

  
(c) WDSP (d) MXSPD 

Figure 14. Taylor diagram of observations and imputed values at station JIAN with 40% missing 

rate. The numbers on the dashed radial lines and solid arcs denote correlation coefficients and nor-

malized RMSE, respectively; the blank circle on the x-axis indicates the standard deviation of the 

observed data. 

As shown in Figures 13 and 14, in the Taylor plot evaluation of four key meteorolog-

ical indicators (TEMP, DEWP, WDSP, MXSPD) at stations JIANGLING and JIAN, the 

HSIC-DIMFMC method (red dots) demonstrates a significant and consistent overall ad-

vantage: it maintains correlation coefficients exceeding 0.85 in both Figure 13a,b and Fig-

ure 14a,b, substantially outperforming interpolation methods such as SFI, HFI, MVNFMC, 

GRMFMC, OKFD, and IDW. While its standard deviation is not the absolute minimum 

across all subplots, it consistently remains within a reasonable range. This effectively 

avoids the biases caused by methods like GRMFMC (which over-amplify variability) or 

IDW (which over-smooth data). The model demonstrates excellent stability and robust-

ness at both representative stations and across variable types. In summary, the HSIC-

DIMFMC method significantly enhances the accuracy of missing value imputation and 

the preservation of statistical properties, demonstrating clear performance advantages in 

meteorological data interpolation tasks. 

To further demonstrate the effectiveness of the HSIC-DIMFMC method, missing data 

were estimated using this approach. Scatter plots comparing imputed values with obser-

vations were plotted for four perspectives at 10% and 40% missing data rates, with results 

shown in Figures 15–18. 

Figures 15–18 jointly validate the high-precision interpolation capability and robust-

ness of the HSIC-DIMFMC method for meteorological indicators through both time series 

and scatter plot representations. As shown in time series plots (a) and (b), imputed values 

fit observed data well at both 10% and 40% missing rates while preserving the original 

data fluctuations. This finding is corroborated in scatter plots (c) and (d), where imputed 

values and observations cluster closely on either side of the 45-degree line. Crucially, nei-

ther the fit quality in the time series nor the clustering in the scatter plots shows significant 

deterioration when the missing rate increases from 10% to 40%. This demonstrates the 

https://doi.org/10.3390/bdcc10070230


 2026, 10, 230 30 of 36 
 

https://doi.org/10.3390/bdcc10070230 

method’s stable performance, unaffected by increased missingness, and its practical value 

for handling large-scale incomplete datasets. 

  
(a) 10% (b) 40% 

  
(c) 10% (d) 40% 

Figure 15. Scatter plot of the true values and imputed values of TEMP under 10% and 40% missing 

rates. The red line indicates perfect agreement (y = x), and the black squares represent individual 

samples. 

  
(a) 10% (b) 40% 
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(c) 10% (d) 40% 

Figure 16. Scatter plot of the true values and imputed values of DEWP under 10% and 40% missing 

rates. The red line indicates perfect agreement (y = x), and the black squares represent individual 

samples. 

  
(a) 10% (b) 40% 

  
(c) 10% (d) 40% 

Figure 17. Scatter plot of the true values and imputed values of WDSP under 10% and 40% missing 

rates. The red line indicates perfect agreement (y = x), and the black squares represent individual 

samples. 
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(a) 10% (b) 40% 

  
(c) 10% (d) 40% 

Figure 18. Scatter plot of the true values and imputed values of MXSPD under 10% and 40% missing 

rates. The red line indicates perfect agreement (y = x), and the black squares represent individual 

samples. 

5. Conclusions 

This paper proposed HSIC-DIMFMC, a multi-view functional matrix completion 

method with the HSIC criterion and dual-information graph regularization, to address 

the problem of missing meteorological data. Within the framework of functional data 

analysis, the proposed model integrates the complex interdependencies among meteoro-

logical indicators and effectively captures both local structural information and nonlinear 

cross-view dependencies. The dual-information graph regularization preserves local 

manifold and discriminative structures, while the HSIC criterion enhances statistical de-

pendence between highly correlated views, thereby improving collaborative imputation 

accuracy. 

Experimental results on meteorological datasets demonstrated that HSIC-DIMFMC 

consistently outperformed seven representative baseline methods (IDW, OKFD, KNN, 

HFI, SFI, MVNFMC, and GRMFMC) across various missing ratios. Quantitatively, the 

proposed method achieved significant improvements in RMSE, MAE, and NRMSE, with 

maximum RMSE reductions reaching 85.31%, effectively proving its capability in recov-

ering incomplete observations. Furthermore, the method maintained highly stable impu-

tation performance across different meteorological indicators. Most notably, it exhibited 

highly precise collaborative reconstruction capabilities when processing strongly corre-

lated physical pairs, such as temperature (TEMP) and dew point (DEWP), as well as wind 

speed (WDSP) and maximum wind speed (MXSPD). Consequently, under the evaluated 

data conditions, the proposed approach demonstrates excellent adaptability and signifi-

cant practical value, offering a robust technical pathway for meteorological data quality 

control. 
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From the perspective of practical operational deployment, real-world meteorological 

observation networks often face harsher challenges than ideal experimental setups, such 

as sudden sensor data jumps, prolonged equipment disconnections, drastic fluctuations 

driven by extreme weather, and concurrent multi-station failures caused by regional 

heavy precipitation. Although this study did not design isolated experiments for all ex-

treme scenarios, the theoretical architecture of HSIC-DIMFMC inherently provides tech-

nical advantages to address these complex conditions: First, by utilizing temporal conti-

nuity, the model acts as a buffer to smooth out reconstruction deviations caused by sud-

den single-point anomalies. Second, for prolonged data gaps, rather than relying solely 

on scarce adjacent observations, the model extracts inherent diurnal or seasonal periodic 

patterns to assist reconstruction. Third, its nonlinear mapping architecture is far more 

adaptable to massive data swings during extreme weather events than traditional linear 

extrapolation. Fourth, in scenarios of concurrent multi-station failures where spatial in-

formation is severely depleted, the spatiotemporal joint modeling mechanism can still lev-

erage temporal evolution trends to maintain physically reasonable results. Objectively, 

these advantages are currently grounded in theoretical structural deduction; their empir-

ical validity in complex real-world meteorological operations requires dedicated verifica-

tion through extensive authentic fault cases in future work. 

Despite its superior imputation performance, HSIC-DIMFMC possesses certain lim-

itations: (1) Sensitivity to outliers: The dual-information graph regularization heavily re-

lies on KNN to construct neighborhood topologies. Significant outliers hidden in the raw 

data can distort the manifold structure, thereby compromising imputation accuracy; (2) 

High computational complexity: The joint optimization of matrix completion and graph 

regularization incurs a considerable computational overhead when applied to large-scale 

spatial station datasets. 

Future work will focus on incorporating physical constraints and deep learning com-

ponents to further improve the physical consistency and predictive utility of the recon-

struction results. Furthermore, the evaluation framework will be expanded to encompass 

MAR and MNAR missing mechanisms. By designing tailored simulation experiments, we 

aim to verify the applicability and robustness of the proposed method under complex 

missing-data scenarios. Ultimately, the framework will be extended to related domains, 

including air quality monitoring, hydrological time series, and ocean observation data, in 

order to assess its broader applicability and cross-domain transferability. 
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