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Abstract

The missing values in electricity load are a critical issue in grid applications. The electricity
demand time series data are usually large-scaled with complicated patterns and cause
difficulties for imputation. This paper presents a Bayesian matrix factorization (BMF)-based
imputation method for large-scale electricity load missing value imputation. Through fac-
torizing the original electricity load matrix into two latent matrices, the intrinsic information
of the electricity load matrix can be discovered. Two Bayesian inference algorithms, Gibbs
sampling and iterated conditional models are applied to solve the BMF model. The affect of
the matrix rank to the electricity load imputation task is empirically studied. Experimental
results on three real-world electricity load datasets are presented to show the superiority of
the proposed method against five benchmark algorithms.

Keywords: electricity load imputation; Bayesian matrix factorization; Bayesian inference

1. Introduction
With the prosperous development of smart grid technologies, a large volume of

electricity load data are collected from heterogeneous grid equipment, such as phasor
measurement units, infrastructures, and baseload plants. These electricity load data are
usually represented as multivariate time series for more than one input source. They
have been widely used in a variety of applications including, but not limited to, grid
simulations [1], fault-detection [2], load forecasting [3–7], and load management [8]. The
performance of electricity load applications is determined by the data quality of input time
series, which largely depend on various factors such as the accuracy of the data acquisition
and the reliability of the data transmission. For example, noise and outliers encountered
at the data acquisition process are usually recorded as missing values during the data
pre-processing [9]. Moreover, unanticipated accidents such as power outages at the data
transmission process can lead to the loss of data [10].

In statistics, imputation is the process of replacing missing data with substituted
values [11]. As a classic imputation technique, interpolation aims to fill the missing values
based on the range of observed data points, such as using the previous or next observation
in a given range of statistical indicators (i.e., mean and median) [12]. It is often used to
impute time series with frequent high patterns. As one of the most interpolation methods,
K-nearest neighbor (KNN) has been successfully used to impute missing data in power time
series [11] by mean predictions. Although KNN is simple and fast, it cannot provide reliable
predictions when facing a large percentage of missing data and there exist complex patterns
in the time series [13]. Expectation maximization (EM) is another imputation approach that
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takes both the empirical mean and variance into account by maximizing the likelihood
in an iterative procedure [14]. However, some empirical studies demonstrated that both
the EM and the KNN imputation methods can be biased when the percentage of the
missing data is more than 10% [15]. To mitigate this issue, copy-paste imputation (CPI) is a
recently proposed method for univariate energy time series with a fixed interval of missing
values [16]. Note that these aforementioned approaches are restricted to the univariate time
series while the correlation between different time series, in view of the strong dependency
among the electricity load multivariate time series in a range of geographical and time-scale
ranges, is largely ignored. Multi-task Gaussian process (MTGP) [17] is an ideal choice for
multivariate time series, and it has been applied to the financial signal processing in [17].
However, since the conventional MTGP is notorious for its cubic time complexity for the
model training and inference, it is hardly useful for large-scale applications.

Nonnegative matrix factorization (NMF) seeks to reveal the hidden structure of non-
negative data by decomposing a nonnegative matrix V ∈ Rm×n into a product of two
low-rank nonnegative latent matrices W ∈ Rm×r and H ∈ Rr×n [18], where r ≪ m and
r ≪ n. As a probabilistic variant of the NMF approach, Bayesian matrix factorization (BMF)
has shown to be more effective to capture the correlation between data [19]. It has been
applied to a wide range of applications, such movie recommendation system [19,20], gene
expression [21], and geographical modeling [22].

Bearing the above mentioned concerns in mind, this paper develops a BMF-based
framework to address the multivariate correlation issue and computational bottleneck of
the imputation for electricity load data. By factorizing the electricity load data into a time
latent and a location latent matrix, respectively, in a probabilistic manner, we can capture
the corresponding spatiotemporal relationship. Furthermore, by tweaking the rank of
the matrix factorization, the computational complexity and the accuracy of imputation
can therefore be controlled in a principled manner. By comparing the performance with
five selected peer imputation approaches in the literature on three benchmark datasets,
we confirm the outstanding performance of our proposed BMF-based framework for the
imputation of electricity load data.

The rest of this paper is organized as follows. Section 2 starts with a problem statement
and followed by a pragmatic overview of existing works on imputation for electricity load
data. Our proposed methods are delineated in Section 3. The experimental settings are
given in Section 4 and the results are discussed in Section 5. Finally, Section 6 concludes
this paper and sheds some lights on future directions.

2. Preliminary
This section starts with a formal problem statement from a matrix factorization per-

spective. Then, we give a pragmatic overview of the existing works on imputation for
electricity load data.

2.1. Problem Statement

Let X ∈ RN×T be a multivariate time series of the electricity load data collected from N
different locations for T time steps. Each column vector xi = (xi,1, · · · , xi,t−1, xi,t, · · · , xi,T)

⊤

where 1 ≤ t ≤ T denote t-th time step and i is the i-th location. Figure 1 shows a graphical
representation of the electricity load multivariate time series. The missing values are
marked in red.

Let X factorize into a product two latent matrices U and V. The factorization rank k
is usually smaller than both row rank and column rank. The goal of matrix factorization
is finding a product of two low-rank matrices that minimizes the difference between the
original matrix and the factorization results. Different from the traditional matrix factor-
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ization applications, the rows (number of time stamps) of the electricity load prediction
tasks are much higher than the column numbers (number of locations/infrastructures).
The selection of the rank is crucial to the missing electricity load data imputation task as
the rank affects both performance and computation cost of the matrix factorization.

x1,1 x1,2 x1,3 · · · x1,T−1 y1,T · · ·

... Missing values

xN ,1 xN ,2 xN ,3 · · · xN ,T−1 yN ,T

Time interval

Locations

Figure 1. Example of electricity load multivariate time series.

2.2. Related Works

In this subsection, four representative imputation methods with three variants of
MTGP are selected to cover the techniques broadly applied in the literature and representa-
tive of various imputation strategies.

(i) K-nearest neighbors:
K-nearest neighbors (KNN) is a widely applied linear interpolation method because
of its low complexity [11,23]. It computes the interpolating weights wi and provides a
smoother approximation G(x) based on the k nearest neighbors of x, such that:

G(x) =
k

∑
i=1

wi(x) f (xi), (1)

where f (xi) is the observed value of xi. From Equation (1), it can be seen that KNN
interpolation gives inaccurate approximation if there is a wide range of neighbor
points missed.

(ii) Expected Maximization (EM):
EM is an iterative algorithm to find a maximum likelihood estimation [24,25]. In each
iteration, EM imputes the missing values with the most possible values given by the
observed data’s empirical mean and variance-covariance matrix [14]. The algorithm
terminates when the imputed values do not change in new iterations.

(iii) Copy-paste imputation (CPI):
Copy-paste imputation is a recently proposed imputation method for univariate energy
time series with an interval of missing values [16]. CPI imputes the missing data with
using a Prophet-based method to find weekly patterns, therefore it cannot be applied
to the electricity load data having missing values within days. In addition, CPI is
designed for univariate time series, the correlations between multivariate electricity
load time series can hardly be captured.

(iv) Multi-task Gaussian process (MTGP):
Gaussian process is a non-parametric approach for nonlinear interpolation with plac-
ing a prior distribution over latent functions defined for any number of data points.
MTGP is an extension of Gaussian process to multiple outputs [26].
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Let X = {xi}N
i=1 denotes a set of N input data, Y = {y1,, · · · , y1N , · · · , yT1, · · · , yTN}

denotes a set of outputs of each input on T tasks. Let Y ′ be a subset of Y denotes
the observed data points, the unseen values Y c can be predicted by the latent function
f (x) = ( f1(x), · · · , fT(x))⊤. For an arbitrary x, a GP prior on the latent function is de-
fined as f (x) ∼ GP(m(x), K(x, x′)), where mean function m(x) is assumed to be 0, kernel
function K(x, x′) is a positive semi-definite matrix.

With more expressive kernels are developed, MTGP can describe spatial-temporal
relations among infinitely many random variables while maintaining statistical dependence
between tasks. The linear model of coregionalization (LMC) is the most general positive
definite form of a multi-output covariance kernel. The covariance matrices obtained under
the LMC assumption can be represented in the form of a sum of separable kernels [27]. A
spectral mixture kernel is a positive-definite stationary kernel first introduced in [26] by
modeling the spectral density as a weighted mixture of Q square-exponential functions
with weights wq, centers µq, and diagonal covariance matrix Σq:

k(τ) =
Q

∑
q=1

wq exp(−1
2

τ⊤Σqτ) cos(µ⊤
q τ), (2)

where µq ∈ Rn, Σ = diag(σq
1 , · · · , σ

q
n), and wq, σq ∈ R+.

The MTGP with spectral mixture-linear coregionalization (SM-LMC) model is the first
introduces the spectral mixture kernel in the LMC framework [26] to represent complex
spectral relationships between tasks. To further capture the cross-phase spectrum between
tasks, MTGP with cross-spectral mixture (CSM) kernel is introduced in [28]. An extension
work on CSM built on Cramér’s Theorem named multi-output spectral mixture (MOSM)
kernel is proposed in [29].

In this paper, the multi-task GP with these three spectral-based kernels are used
in comparison with the proposed Bayesian matrix factorization approach. Due to the
cubic time complexity of inference, the GP models cannot perform on large-scale dataset.
Therefore, a month-long interval is extracted from the full dataset for MTGP comparison.

Remark 1. Most, if not all, existing energy load imputation methods in the smart grid literature
lack of the ability to capture spatialtemporal relationship for large-scale multivariate time series.
However, the real-world applications have the need of handling missing values for large dataset in
daily uses.

3. Proposed Method
This section starts with the theoretical foundation of BMF, followed by the architecture

of our proposed BMF-based framework for imputation of the electricity load data. At the
end, we come up with two probabilistic inference methods of the BMF model.

3.1. The BMF Model

Let U ∈ RN×r be a latent time feature matrix and V ∈ Rr×T be a latent location
feature matrix, where r denotes the rank. The BMF approach decomposes the input matrix
X ∈ RN×T into a product of U and V together with a residual matrix E ∈ RN×T as:

X = UV + E, (3)

where xij denotes element on the i-th row and j-th column of matrix X.
In the probabilistic approach, the latent matrices U and V are treated as random variables.
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The observed data xij in matrix X is expressed as a likelihood function comes from the
product of U and V with additional Gaussian noise σ. The conditional distribution over
the observed electricity load X is:

p(X|U, V, σ) =
N

∏
i=1

T

∏
j=1

N (xij|ui × vj, σ−1), (4)

where ui is the i-th row vector of U, vj is the j-th column vector of V, N (x|µ, σ) is the
density of Gaussian distribution with mean µ and precision σ.

The prior distributions over the U and V can either be assumed to be Gaussian [19]:

p(U|µU , λU) =
N

∏
i=1

N (ui|µU , λ−1
U )

p(V|µV , λV) =
T

∏
j=1

N (vj|µV , λ−1
V ),

(5)

or can be assumed to be independently exponentially distributed with scales ΓU > 0 and
ΓV > 0 [20]:

p(U|ΓU) =
N

∏
i=1

E(ui|ΓU), p(V|ΓV) =
T

∏
j=1

E(vj|ΓV), (6)

and an inverse Gamma density prior for the noise variance p(σ) = G−1(σ|SG, ΓG) with
shape SG and scale ΓG.

For the Gaussian prior distributions in (5), in order to reduce Bayesian updating
to modifying the hyperparameter, multivariate Gaussian distribution’s conjugate prior,
Gaussian-Wishart prior, is placed on the location hyperparameters {µU , λU} and time
hyperparameters {µV , λV} [19]:

p({µU , λU}|{µ0, λ0})
= N (µU |µ0, (β0λU)

−1)W(λU |S0, d0)

p({µV , λV}|{µ0, λ0})
= N (µV |µ0, (β0λV)

−1)W(λV |S0, d0),

(7)

where W is the Wishart distribution with d0 degrees of freedom and a scale matrix S0

with dimension r × r and a normalizing constant c. Follow the non-informative setting
in [19], the degree of freedom d0 = r, S0 is set as the identity matrix for both location and
time hyperparameters, µ0 = 0. The graphical model representation of BMF is shown in
Figure 2.

The predictive distribution of the missing electricity load data x∗ij for the location
i at time j can be obtained by a marginal probability over its model parameters and
hyperparameters.

Let H denote the set of the model parameters and hyperparameters, the predictive
distribution is [19]:

p(x∗ij|X,H0) =
x

p(x∗ij|ui, vj)p(U, V|X,HU ,HV)

p(HU ,HV)|H0)d{U, V}d{HU ,HV}.
(8)
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xijuik vkj

µU µVσ

λU λVS0, d0

α

∀i = 1, · · · ,N ; j = 1, · · · ,T ; k = 1, · · · , r.
Figure 2. The graphical model representation of the BMF approach for electricity load imputation.

3.2. Probabilistic Inference

As Equation (8) is analytically intractable, Bayesian inference is required to approxi-
mate the predictive distribution. Gibbs sampling is a Markov chain Monte Carlo-based
algorithm that was first used in BMF and has been applied to collaborative filtering [30] and
user/movie ratings [19]. However, since the electricity load data is dense and may have a
high percentage of missing values up to 50% of total amounts of data, Gibbs sampling is
computational expensive in this case. As an alternative, a more efficient block coordinate
ascent type algorithm named iterated conditional models (ICM) [20] is used.

3.2.1. Gibbs Sampling

Gibbs sampling is a Markov chain Monte Carlo algorithm by alternatively drawing
new samples from the conditional posterior densities of the model parameters to estimate
the joint posterior [31].

In (5) and (7), since the Gaussian-Wishart prior is used as the prior, the conditional
distribution can be expressed analytically. The conditional distributions of U and V have
same form, so do their associated hyperparameters {µU , λU} and {µV , λV}. In this case,
only the conditional distributions of U and its hyperparameters are addressed herein.

For the hyperparameters {µU , λU}, the conditional distribution over U and its hyper-
parameters is:

p(µU , λU |U,H0)

=N (µU |µ∗
U , (β∗

UλU)
−1)W(λU |S0U∗, d∗U),

(9)

where
µ∗

U =
β0µ0

β0 + N
, β∗

U = β0 + N, d∗U = d0 + N,

(S∗
U)

−1 = S−1
0 + NSU +

β0N
β0 + N

(Ū − µ0)(Ū − µ0)
⊺

Ū =
N

∑
i=1

ui, S̄ =
1
N

N

∑
i=1

UiU
⊺
i .

(10)
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The conditional distribution of the location latent matrix U is a factorization of the
products of the conditional distributions of its column vectors ui, for i ∈ {1, · · · , N}, i.e.,

p(U|X, V,HU) =
N

∏
i=1

p(ui, X, V,HU). (11)

Therefore, the parallelization is enabled for each ui. For each ui, the conditional distribution
p(ui|X, V,HU , σ) is a Gaussian distribution N (ui|µ∗

i , (λ∗
i )

−1), where

µ∗
i = (λ∗

i )
−1(µUλU + σ

M

∑
j=1

(vjxij))

λ∗
i = λU + σ

T

∑
j=1

vjv⊤j .

(12)

The full algorithm procedure is detailed in Algorithm 1.

Algorithm 1: Gibbs Sampling

Input: U0 ∈ RN×r, V0 ∈ Rr×T ,
maximum iteration Imax.

Output: X.
1 for iterations i = 1 to Imax do
2 Draw U’s hyperparameters by eqn. (9): Hi

U ∼ p(µU , λU |Ui,H0);
3 for j = 1 to N do
4 Draw ui+1

j ∼ p(uj|X, Vi,Hi
U)

5 Draw V’s hyperparameters: Hi
V ∼ p(µV , λV |Vi,H0);

6 for j = 1 to T do
7 Draw vi+1

j ∼ p(vj|X, Ui+1,Hi
V)

8 return X = UImax+1 × VImax+1.

3.2.2. Iterated Conditional Models (ICM)

ICM is an iterative inference algorithm first introduced in [20]. It works similar to
Gibbs sampling but it sets the latent matrices U and V and their hyperparameters as
the modes of their corresponding distributions, instead of sampling from the conditional
posterior distributions. The modes can be obtained through their closed-form expressions
and reduces the computational cost.

Consider the exponential distributed case in (6), the conditional distribution of U
is propotional to the product of a normal distribution and an exponential distribution,
such that:

p(ui|X, U\(i), V, σ) ∝ N (ui|µui , σ)× E(ui|ΓU)

p(vj|X, V\(i), U, σ) ∝ N (vj|µvj , σ)× E(vj|ΓV),
(13)

where U\(i) and V\(j) denote all elements in U and V, except the i-th row in U and the j-th
column in V. µui and µvj are the mean vectors for U and V, respectively. σ is the precision.

When the algorithm converges, ICM gives a maximum a posterior estimation. Due to
computer’s precision issue, ICM may converge to solutions with multiple zero columns. To
avoid poor approximation, all the zero entries are added by a small positive value during
the iterations as in [32].

https://doi.org/10.3390/app16147347

https://doi.org/10.3390/app16147347


Appl. Sci. 2026, 16, 7347 8 of 16

4. Experimental Setup
This section introduces the setup of our empirical study including the dataset, peer

algorithms and their parameter settings, evaluation metrics, and the statistical tests.

4.1. Datasets

Three real-world annual electricity load datasets are used in the experiments.. Each
dataset contains hourly average power values in kilowatt-hour, resulting in 8760 values
(24 h × 365 days) of six to eight locations a year. The reference and industrial dataset are
provided by [33]. It consists of a set of 6 and a set of 8 electricity load data collected from
reference and industrial end-use sectors respectively in 2020. Island dataset contains the
electricity load over year collected from 7 islands.

The information of each dataset is detailed in Table 1. The first month’s data of there
benchmark dataset are plotted in Figure 3. Two separate experiments are conducted on a
short-term (one month) and a long-term (one year) for comparison. The short-term dataset
randomly selects an interval of 720 timestamps from the full dataset. For each dataset, a
binary mask matrix with the same dimensions as the original data matrix is first generated,
where all entries are initialized to one. Then, 10% to 50% of the entries are randomly
selected and assigned to zero. The entries corresponding to the zeros in the mask matrix
are treated as missing, resulting in the incomplete datasets used for evaluation.

(c) Industrial

(b) Island

(a) Commercial

Figure 3. The first month’s plots of three benchmark datasets with 720 timestamps.

Table 1. Dataset description.

Statistic Reference Island Industrial

No. of locations 6 7 8
No. of timestamps 8760 8760 8760

Min 0 0 17.4
Max 1000 1975 2387.7
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Table 1. Cont.

Statistic Reference Island Industrial

Median 233.18 188.50 300.00
Mean 291.7232 381.5900 490.9752

Variance 5.62 × 104 1.32 × 105 2.76 × 105

4.2. Peer Algorithms and Parameter Settings

The performance of the two proposed BMF-based imputation methods, Gibbs sam-
plingand ICM, are compared with five commonly used imputation methods: KNN, EM,
and three MTGPs with different kernels introduced in Section 2. The parameter settings of
each algorithms are listed as follows.

• Gibbs sampling and ICM: The maximum iteration number is set as 200, which is
sufficient to achieve stable convergence according to our empirical study.

• KNN: The nearest neighbours number k is set as the number of locations in each
experiment to incorporate information from all available spatial locations.

• EM: The maximum iteration number is set as 1000 for sufficient convergence and the
error tolerance is set as 10−6 to ensure that the parameter estimation process terminates
only when the improvement between consecutive iterations becomes negligible.

• MTGPs: The rank Q of three MTGP methods are set as the number of locations, which
follows the original MTGP formulation, where the latent rank is related to the number
of output tasks. The optimizers use the most common stochastic gradient descent
named Adam. The learning rates are set as 0.1. The maximum iteration numbers are
set as 200 to ensure a fair comparison with Gibbs sampling and ICM.

4.3. Performance Metric and Statistical Tests

The performance of the algorithms are evaluated by the root mean squared er-
ror (RMSE):

RMSE =

√
1
n

n

∑
i=1

(xi − x̂i)2 (14)

where xi is the observed value, x̂i is the predicted value.
Besides, the CPU runtime are recorded to compare the computational cost of the

algorithms. All the experiments are conducted on MacBook with M1 chip with 8-core CPU
and 16 GB ram.

Wilcoxon signed-rank test [34] is applied for statistical interpretation of the signif-
icance of the comparison results. It is a non-parametric statistical test without making
assumptions about the data’s underlying distribution. The significance level is set to 0.05 in
the experiments.

To ensure that the observed performance differences are not caused by trivial varia-
tions, we employ the A12 statistic [35] as an effect size measure to quantify the probability
that one algorithm outperforms another. Specifically, for a given pair of peer algorithms,
A12 = 0.5 indicates that the two algorithms have equivalent performance. When A12 > 0.5,
the first algorithm is considered to perform better than the second one in more than 50% of
cases. Following the commonly adopted interpretation of effect sizes, 0.56 ≤ A12 < 0.64
represents a small effect, 0.64 ≤ A12 < 0.71 represents a medium effect, and A12 ≥ 0.71
indicates a large effect.

5. Results and Discussion
The empirical study is driven by addressing the following four research ques-

tions (RQs).

https://doi.org/10.3390/app16147347

https://doi.org/10.3390/app16147347


Appl. Sci. 2026, 16, 7347 10 of 16

• RQ1: What is the impact of matrix factorization rank to BMF-based imputation?
• RQ2: Does the BMF framework work for different patterns of electricity load dataset?
• RQ3: Does the percentage of missing values affect the BMF-based imputation, and

how is the performance comparing to the benchmark algorithms’ performances?
• RQ4: Does the BMF-based method scale to long-term electricity load dataset?

5.1. Impact of Factorization Rank

Figure 4 shows the performance of Gibbs sampling and ICM with ranks ranging
from the minimum number of locations 6 to 20 on three datasets. Subfigures (a) and (b)
have similar RMSE performance when increase the percentage of missing values from 10%
to 50%.

10 20 30 40 50
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Figure 4. Performance of Gibbs sampling and ICM with different ranks on three datasets.

Table 2 records the runtime of Gibbs sampling and ICM on three benchmark datasets
with 50% missing values with different rank values. As the BMF computes the factorization
of the original matrix, the number of missing values does not affect the runtime. The table
shows that the runtime increases while the rank increases. Since more elements of U and V
are required to be inferred during the algorithm process, more computational resources
are required.

Table 2. Runtime (seconds) of Gibbs Sampling (first row in each sub-block) and ICM (second row in
each sub-block) on three benchmark datasets with 50% missing values.

Dataset Algorithm Rank = (6, 7, 8) 10 15 20

Commercial Gibbs 72.28 (6.26) 126.14 (5.37) 195.73 (7.37) 261.69 (6.53)
ICM 1.6 (0.01) 2.49 (0.01) 3.65(0.01) 4.91 (0.01)

Island Gibbs 69.23 (5.76) 100.064 (6.11) 155.07 (6.44) 210.19 (8.02)
ICM 1.99 (0.01) 2.73 (0.02) 4.01 (0.01) 5.34 (0.01)

Industrial Gibbs 76.98 (6.20) 99.92 (5.85) 153.672 (7.61) 226.20 (7.92)
ICM 2.33 (0.01) 2.90 (0.01) 4.14 (0.01) 5.35 (0.01)
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Since the RMSE is not improved obviously from rank 15 to rank 20 and more runtime is
required, the final ranks for Gibbs sampling and ICM are set as 15 on these three benchmark
datasets in the later experiments.

Response to RQ1: From the experiment in this subsection, we find that the increment of the rank
(from r = 6 to r = 15) leads to decrement RMSE result till r = 15 with 200 fixed iterations. In
addition, a high-rank value leads to high computational time.

5.2. Performance Evaluation of the Effectiveness of the BMF Imputation

Table 3 records the RMSE performance of seven imputation algorithms on three
short-term (one month) electricity load datasets with missing values ranging from ten
percent to fifty percent. It can be observed that ICM performs the best among all. It
competes the second-best results by improving the RMSE up to 45.75% on ‘commercial’,
71.53% percent on ‘island’, and 68.74% percent on ‘industrial’. The MTGP with CSM
and MOSM achieves better performance than Gibbs sampling when the percentage of
missing values is lower than 30% on ‘commercial’ and ‘industrial’ datasets, but are all
competed by the two BMF inference methods on ’island’. When the number of missing
values increases, Gibbs Sampling and ICM are less affected while the RMSEs of the other
comparison algorithms increase dramatically, especially for KNN and EM. ICM obtains
A12 values larger than 0.71 in all comparisons with other peer algorithms, indicating a large
performance advantage. These results confirm that the superiority of ICM is not due to
trivial effects, but reflects a substantial and statistically meaningful improvement over the
compared methods.

Table 3. RMSE on three short-term (T = 720) datasets with missing values from 10% to 50%. Best
results are boldfaced, second best are underlined, and † indicates statistical significance (Wilcoxon’s
rank-sum test, 5% level), L indicates large effect size.

Datasets Algorithms 10% 20% 30% 40% 50%

KNN 67.18(1.19)
†,L 76.21(1.25)

†,L 90.78(2.96)
†,L 89.65(3.42)

†,L 92.78(3.08)
†,L

EM 79.23(1.50)
†,L 87.81(2.88)

†,L 98.67(4.01)
†,L 103.84(3.52)

†,L 110.84(3.25)
†,L

MTGP+SM-LMC 8.14(0.32)
†,L 8.58(0.57)

†,L 9.43(0.48)
†,L 10.86(0.65)

†,L 12.22(0.34)
†,L

MTGP+CSM 7.22(0.40)
†,L 7.60(0.42)

†,L 8.25(0.70)
†,L 9.50(0.29)

†,L 10.87(0.62)
†,L

MTGP+MOSM 7.31(0.45)
†,L 7.74(0.47)

†,L 8.37(0.52)
†,L 9.63(0.51)

†,L 11.28(0.52)
†,L

Gibbs 8.81(0.37)
†,L 9.12(0.37)

†,L 9.25(0.33)
†,L 9.26(0.30)

†,L 9.37(0.33)
†,L

Commercial

ICM 3.68(0.36) 3.99(0.36) 4.44(0.35) 4.36(0.38) 4.42(0.28)

KNN 86.92(2.89)
†,L 94.51(2.46)

†,L 105.92(4.51)
†,L 107.41(3.77)

†,L 108.90(3.11)
†,L

EM 50.49(3.35)
†,L 52.45(2.67)

†,L 66.28(3.50)
†,L 63.37(5.02)

†,L 69.45(4.59)
†,L

MTGP+SM-LMC 7.51(0.22)
†,L 8.27(0.48)

†,L 8.68(0.57)
†,L 10.25(0.63)

†,L 11.15(0.55)
†,L

MTGP+CSM 6.93(0.33)
†,L 7.37(0.45)

†,L 8.04(0.42)
†,L 9.12(0.23)

†,L 10.80(0.44)
†,L

MTGP+MOSM 7.09(0.30)
†,L 7.66(0.29)

†,L 7.82(0.47)
†,L 8.80(0.39)

†,L 10.43(0.37)
†,L

Gibbs 7.23(0.38)
†,L 7.12(0.30)

†,L 7.46(0.31)
†,L 7.97(0.33)

†,L 8.11(0.24)
†,L

Island

ICM 2.33(0.30) 2.33(0.29) 2.42(0.23) 2.49(0.30) 2.46(0.22)
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Table 3. Cont.

Datasets Algorithms 10% 20% 30% 40% 50%

KNN 33.00(0.82)
†,L 47.53(1.07)

†,L 77.49(2.82)
†,L 101.68(4.06)

†,L 106.34(4.96)
†,L

EM 38.63(1.01)
†,L 45.28(1.52)

†,L 60.85(2.09)
†,L 75.23(2.93)

†,L 100.34(3.56)
†,L

MTGP+SM-LMC 7.38(0.18)
†,L 7.70(0.21)

†,L 7.76(0.30)
†,L 9.91(0.28)

†,L 0.81(0.38)
†,L

MTGP+CSM 7.25(0.15)
†,L 7.27(0.19)

†,L 7.27(0.26)
†,L 8.25(0.35)

†,L 9.02(0.49)
†,L

MTGP+MOSM 7.17(0.22)
†,L 7.04(0.25)

†,L 7.64(0.17)
†,L 8.22(0.28)

†,L 8.30(0.41)
†,L

Gibbs 7.37(0.31)
†,L 7.23(0.30)

†,L 8.02(0.32)
†,L 8.44(0.27)

†,L 8.53(0.30)
†,L

Industrial

ICM 2.13(0.27) 2.21(0.29) 2.35(0.29) 2.38(0.29) 2.35(0.31)

Response to RQ2: The experimental results show that BMF-based imputation methods work
consistently well on three electricity load datasets with different patterns compared to the bench-
mark algorithms.

Response to RQ3: From the observations in this experiment, we see that the increment of missing
values still leads to a decrement of the BMF’s and Gibbs’ RMSE results. The decrement ratio of the
proposed methods is similar to MTGP methods but far lower than KNN and EM.

5.3. Performance Evaluation of the BMF Imputation on Long-Term Electricity Load Dataset

Table 4 records the RMSE performance on a long-term (one year) electricity load
dataset with missing values ranging from ten percent to fifty percent. Three GP-based
imputation methods are not recorded in this table since they cannot be computed on a large
scale. Although the RMSE values are slightly increased for ICM and Gibbs sampling on
these long-term datasets than on the short-term datasets, the results are similar to Table 3.
ICM defeats all the benchmark algorithms and Gibbs sampling. Gibbs sampling achieves
the second best on all the datasets with the absence of MTGP models. To further evaluate
whether the performance improvements on the long-term dataset are meaningful, we also
analyze the A12 effect size between ICM and the competing algorithms. The results show
that ICM achieves A12 values have large effect sizes in all comparisons with the available
peer algorithms, indicating that its improvements are not caused by trivial variations.

Table 4. RMSE on three long-term (T = 8760) datasets with missing values ranging from 10% to 50%.

Datasets Algorithms 10% 20% 30% 40% 50%

KNN 69.24(1.24)
†,L 119.97(3.05)

†,L 137.57(3.30)
†,L 144.39(3.67)

†,L 147.06(3.93)
†,L

EM 68.73(1.35)
†,L 92.56(2.79)

†,L 111.19(3.51)
†,L 127.94(3.11)

†,L 136.04(3.68)
†,L

MTGP+SM-LMC - - - - -

MTGP+CSM - - - - -

MTGP+MOSM - - - - -

Gibbs 9.17(0.44)
†,L 9.18(0.38)

†,L 9.39(0.35)
†,L 9.49(0.29)

†,L 9.44(0.42)
†,L

Commercial

ICM 4.87(0.35) 5.11(0.24) 5.40(0.13) 5.54(0.34) 5.61(0.20)
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Table 4. Cont.

Datasets Algorithms 10% 20% 30% 40% 50%

KNN 81.60(1.77)
†,L 106.85(2.10)

†,L 110.61(3.52)
†,L 120.30(2.84)

†,L 127.61(2.55)
†,L

EM 82.49(1.41)
†,L 92.44(3.54)

†,L 102.07(2.55)
†,L 108.63(2.90)

†,L 114.56(3.69)
†,L

MTGP+SM-LMC - - - - -

MTGP+CSM - - - - -

MTGP+MOSM - - - - -

Gibbs 7.23(0.25)
†,L 7.22(0.28)

†,L 7.63(0.53)
†,L 7.99(0.36)

†,L 8.22(0.29)
†,L

Island

ICM 2.50(0.30) 2.52(0.22) 2.52(0.49) 2.53(0.43) 2.55(0.39)

KNN 37.83(0.98)
†,L 71.13(2.32)

†,L 101.85(3.66)
†,L 117.61(3.00)

†,L 120.49(3.18)
†,L

EM 31.06(1.20)
†,L 55.07(1.89)

†,L 82.93(2.56)
†,L 104.48(2.54)

†,L 114.18(3.60)
†,L

MTGP+SM-LMC - - - - -

MTGP+CSM - - - - -

MTGP+MOSM - - - - -

Gibbs 7.48(0.19)
†,L 7.40(0.41)

†,L 7.93(0.32)
†,L 8.53(0.23)

†,L 8.57(0.25)
†,L

Industrial

ICM 2.29(0.29) 2.36(0.18) 2.41(0.20) 2.47(0.23) 2.47(0.35)

Table 5 records the runtime of each run in Table 4. ICM takes the least time to compute
when the percentage of missing values is greater than 30%, and KNN takes the least time
to compute when it is less or equal to 30%. Both Gibbs sampling and ICM have almost the
same runtime for all percentages of missing values, whereas the runtime of KNN and EM
increases when the percentage of missing values increase. As the MTGPs have a cubic time
complexity, they averagely take 2 h to compute on the short-term dataset and extremely
long time to compute on the long-term dataset. The experiments were not conducted for
the MTGPs on the long-term dataset, and thus the runtime are not recorded for them.

Table 5. Runtime (seconds) on three long-term datasets with missing values from 10% to 50%.

Datasets Algorithms 10% 20% 30% 40% 50%

Commercial

KNN 1.41(0.00) 2.45(0.00) 3.52(0.00) 4.37(0.00) 4.95(0.00)
EM 4.35(0.01) 12.52(0.08) 24.01(1.33) 45.29(3.53) 83.83(5.08)

MTGPs - - - - -
Gibbs 190.97(10.24) 188.02(7.28) 185.55(10.19) 179.33(11.43) 195.73(13.54)
ICM 3.64(0.00) 3.65(0.00) 3.65(0.00) 3.64(0.00) 3.65(0.00)

Island

KNN 1.64(0.00) 2.57(0.00) 4.00(0.00) 4.85(0.00) 5.18(0.00)
EM 4.83(0.01) 11.50(0.05) 23.24(1.72) 46.97(1.88) 91.19(3.35)

MTGPs - - - - -
Gibbs 157.24(8.68) 152.13(9.15) 160.90(11.21) 152.87(10.54) 155.07(11.95)
ICM 4.01(0.00) 4.00(0.00) 4.01(0.00) 4.01(0.00) 4.01(0.00)

Industrial

KNN 1.72(0.00) 2.84(0.00) 4.13(0.00) 5.25(0.00) 5.77(0.00)
EM 4.45(0.01) 11.48(0.06) 23.66(0.32) 45.77(1.79) 89.52(4.70)

MTGPs - - - - -
Gibbs 169.73(9.66) 155.02(10.03) 165.88(8.69) 158.52(11.71) 153.67(10.53)
ICM 4.14(0.00) 4.13(0.00) 4.13(0.00) 4.14(0.00) 4.14(0.00)
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Response to RQ4: From the experimental results recorded herein in comparison to the previous
subsections, we conclude that ICM is able to scale to long-term electricity load dataset with a small
increment of RMSE and runtime.

6. Conclusions
This paper presents a BMF model for imputing electricity load missing data for solving

general smart grid data missing problems. The spatiotemporal relationship can be well
captured by factorizing the electricity multivariate time series into two latent matrices.
Two Bayesian inference methods, Gibbs sampling and ICM, are applied to solve the BMF
model. Due to the large-scale of the electricity load dataset, Gibbs sampling cannot perform
enough samplings to infer a good distribution during the algorithm procedure, and the
performance is limited. Compared to Gibbs sampling, ICM is fast as it obtains the latent
matrices and their hyperparameters by taking the local maximum of the joint probability
with their closed form.

The experimental results show that BMF using the ICM inference method outperforms
all the benchmark algorithms and BMF using the Gibbs sampling method. The percentage
of missing values does not affect the runtime of Gibbs sampling of ICM as the algorithms
find the factorization of the full data matrix in all runs no matter with the percentage of
missing values. In addition, when the multivariate time series patterns are different (e.g.,
‘island’ dataset), BMF is able to capture the intrinsic information by the latent matrices,
unlike MTGP is better in filling time series with similar trends. Future investigations may
aim at developing online Bayesian approaches based on other models or inference methods
for online smart grid applications.
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