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Abstract—Missing values are common in cyber-physical systems
(CPS) for a variety of reasons, such as sensor faults, communication malfunctions, environmental interferences, and human errors.
An accurate missing value imputation is crucial to promote the
data quality for data mining and statistical analysis tasks. Unfortunately, most of the existing methods take use of the whole
data set to impute a missing value, which could have unfavorable influences and impacts (low accuracy or high complexity) on
the imputed results caused by irrelevant records. Aiming at this
problem, this paper develops a novel local similarity imputation
method that estimates missing data based on fast clustering and
top k-nearest neighbors. To improve the imputation accuracy, a
two-layer stacked autoencoder combined with distinctive imputation is applied to locate the principal features of a dataset for clustering. Then, the top k-nearest neighbor hybrid distance weighted
imputation is approached to fill in missing values in clusters. The
proposed method is evaluated on five popular University of California Irvine datasets as well as one air quality monitoring dataset
collected from CPS through comparison with four high-quality
existing imputation methods. Empirical results present that the
proposed scheme can impute the missing data values effectively
and efficiently, especially for the incomplete data with local characteristic in CPS.
Index Terms—Cyber-physical system (CPS), data imputation,
fast clustering, hybrid distance, local similarity, stacked autoencoder (SAE).

I. INTRODUCTION
URRENTLY, with the widespread applications of the
cyber-physical systems (CPS), many CPS problems have
attracted extensive attention, among which is the incomplete
data. Owing to the sensor faults, communication malfunctions,
environmental interferences, or human errors, the collected data
from CPS usually contains missing values [1], [2], [23], [28]. For
example, in precision agriculture the data acquisition sensors
and data transmission networks are disposed within farmland
production environment. Affecting by weather or surroundings,
the sensors or networks may generate errors (i.e., data missing).
However, most data mining and machine learning methods are
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not robust to incomplete data. For example, when approaching K-means [6] that utilizes Euclidean distance for similarity
measurement, to classify a record with missing values, the distances between it and other records cannot be calculated. One
solution is to delete all the records with missing values, but the
clustering accuracy and reliability would be severely affected.
While the retransmission or data redundancies could be used
to compensate for the missing values, the data temporal and
spatial characteristics would not be reconstructed. Therefore,
an accurate missing value imputation is crucial to improve the
usability of incomplete datasets for data mining and statistical
analysis tasks.
Missing data imputation aims to evaluate missing values by
reasoning from given datasets. A variety of methods have been
developed to deal with missing value problems. For example, an
early approach defines the mean or median of all available values
of an attribute, having missing values, as the estimated value. A
more progressive method named expectation maximization imputation (EMI) [4] approaches the mean values of attributes and
correlations between attributes to impute the missing ones. Another imputation technique, FIMUS [5], fills in missing values
combined with correlation, coappearance, and similarity analysis. However, all these methods use the whole dataset to impute
a missing value, in which some irrelevant records could have
unfavorable influences on the accuracy or complexity of imputation. Though another group of imputation algorithms approaching classifiers such as decision tree [7], support vector machine
[18] and neural network [17], obtain promising imputed results,
their supervised training and complexity structure lead to huge
data processing overhead. Considering the local similarity of
data, many methods approach clustering, for example k-means
or fuzzy c-means (FCM) [6], [8], [13], for imputation. Simplicity is an advantage of them, yet the accuracy of imputation
is significantly affected by clustering results. Meanwhile, the
selection of a suitable k is challenging.
Data usually has temporal and spatial characteristics in CPS,
which can be defined as local similarity. This paper focuses on
the local similarity of data, and proposes a novel imputation
method, which partitions the incomplete dataset into clusters at
first. Then the missing values are estimated by the most similar records in each cluster. In this way, the imputation results
will be not affected by irrelevant records. However, there are
also some challenging issues for the proposed method, including how to partition the incomplete datasets, and how to impute
the missing values in each cluster. To address the issues, a distinctive value is assigned to replace the missing ones initially,
which can reduce the influences of incomplete data yet promote the data usability for clustering. Moreover, to promote the
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accuracy of clustering incomplete data, a two-layer deep learning network is applied to locate the important features. Hence,
the fast clustering, that reads records only one time, could
partition the incomplete dataset efficiently. After that, the top
k-nearest neighbors and the hybrid distances are used to reevaluate the missing values in each cluster.
The performance of the proposed local similarity imputation
(LSI) method is evaluated on five datasets that are available in
University of California Irvine (UCI) machine learning repository and one air quality monitoring dataset [3] collected from
CPS through comparison with four high-quality existing imputation techniques-FIMUS, FCM [6], DMI [18], and EMI,
based on two evaluation criteria called root- mean-squared error
(RMSE) and index of agreement (d2 ). Experimental results indicate that the LSI method outperforms the comparison methods
in terms of imputation accuracy and time complexity, making
it effective and efficient enough to be used for incomplete data
with local characteristic in CPS.
The main contributions of this paper are summarized as follows.
1) We consider the local similarity of data, and propose
a clustering-based local imputation method to estimate
missing values. In other words, when dealing with incomplete data, we perform clustering first and then imputation.
2) To improve the clustering efficiency and accuracy, we develop a stacked autoencoder (SAE)-based fast clustering
method combined with distinctive imputation to partition
incomplete datasets.
3) We propose a top k-nearest neighbor hybrid distance
weighted imputation to evaluate the missing values in
clusters, which could enhance the imputation accuracy.
The rest of the paper is organized in following aspects.
Section II reviews some related works on incomplete data imputation. Section III develops a new fast clustering method combined with SAE and presents the imputation algorithm LSI in
detail. The empirical evaluation and analysis are discussed in
Section IV, and Section V gives concluding remarks.
II. RELATED WORK
Many efforts have been devoted to addressing the missing data
imputation problem [4], [5], [13]–[16], [24], [25]. We review
some related works and note the literature gap that our research
addresses in this section.
Considering that the deviation of a missing value from its corresponding attribute mean value is proportionally depending on
the deviation of an available value from another attribute mean
value, the EMI technique [4] utilizes the correlations between attributes and mean values of corresponding attributes to impute
the missing values. Obviously, when filling in a record with
missing values, all the other records and attributes in the dataset
are used to analyze the correlations. However, some records are
usually not relevant to the incomplete record, and sometimes
they even have unfavorable influences on the imputed results.
Another technique FIMUS [5], which uses correlations among
the attributes, coappearances of attribute values, and similarity of values belonging to an attribute for imputation, also has

the same shortcomings. Besides, in the methods, each imputed
value is related to all the other records and attributes, making the
imputation complexity high. When dealing with massive data,
the time cost is huge.
Another group of algorithms [7], [17], [18] uses classifiers
such as decision tree, support vector machine, and neural network for imputation. For example, a method called DMI [7]
uses an existing decision tree algorithm to find a similar data
subset, which belongs to a leaf that represents a given attribute.
Then, it estimates a missing value of the attribute according to
the subset of similar records. The method also identifies that
the similarities of attributes within the records belonging to a
leaf are usually higher than that of attributes within the records
of the whole dataset. Hence, DMI applies the EMI algorithm
within the records of each leaf separately for evaluating missing
values. While the DMI method achieves better imputation accuracy than EMI, the supervised decision tree algorithm would
produce some heterogeneous leaves. The data subsets belonging
to heterogeneous leaves contain the records that are not similar
to each other. Therefore, the application of DMI on such ”not
so similar” set of records results in low-imputation accuracy for
incomplete datasets.
For imputing missing values, many methods approach clustering schemes using k-means and FCM [6], [8], [13] for imputation. A FCM imputation method performs FCM clustering to
partition the dataset into k clusters. This, in turn, will result in
membership values of each record with a particular cluster and
the clusters centroids. Then, all the incomplete data objects are
evaluated by using the membership degree of that object and
the values of cluster centroids. It is evident that simplicity is
an advantage of FCM, yet the accuracy of imputation is significantly affected by clustering results. Besides, the selection of a
suitable k may be challenging for data miners.
In order to further improve the imputation accuracy, many
hybrid methods based on clustering are proposed [9], [10], [19]–
[21], [26]. Azim presents a hybrid model that uses multi-layer
perceptron and FCM clustering working in sequence for data
imputation [9]. Aydilek proposes a clustering-based hybrid approach, which integrates FCM clustering with support vector
regression and a genetic algorithm, to evaluate missing values
[10]. Wu et al., [19]–[21] present hybrid imputation methods
based on clustering approach as well. Though the imputation
quality by these methods is very high, the supervised training
and huge time cost cannot keep pace with the dramatically increase of data volume.
III. HYBRID LSI FOR INCOMPLETE DATA
The overall structure of the algorithm is presented in two main
stages, including incomplete data clustering and hybrid distance
imputation within clusters, which is shown in Fig. 1.
As for incomplete data clustering, we impute all missing values with a distinctive value initially. Then, a new fast clustering
method combined with SAE [11] is proposed to effectively partition the dataset. Afterwards, in each cluster the missing values
are reevaluated locally by the top k nearest records based on
the weighted hybrid distances. The clustering and imputation
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Fig. 2. Two-layer SAE-based fast clustering algorithm. The fast clustering is
integrated with SAE, which can identify the principal features of a dataset to
promote the clustering accuracy.

Fig. 1. Overview of the proposed method. The incomplete dataset is imputed
by a distinctive value initially. Then the SAE-based fast clustering is approached
to partition the dataset. Finally, the missing values are reevaluated locally in
clusters.

processes iterate and update continuously until the algorithm
converges.

A. SAE-Based Fast Clustering
By approaching clustering on an incomplete data set, similar samples are grouped into the same cluster. Then, using the
similar samples to evaluate a missing value can achieve favorable imputation results [22]. However, the existing clustering
methods are not applicable for data containing missing values
because the data incompleteness and uncertainty seriously affect their usability and accuracy. To solve this problem, we use
a distinctive value to initially impute all missing ones and propose a SAE-based fast clustering algorithm, namely SAE-FC,
to partition incomplete datasets.
The SAE-FC method consists of multilayer autoencoderbased FC algorithm (AE-FC), as shown in Fig. 2. In each AEFC, the data input layer of an autoencoder is first mapped to the
hidden layer, in which the input data is transformed for reconstruction. The objective is to minimize the reconstruction error,
and the distances between data points and their corresponding
cluster centers selected by FC in hidden layer. Thus, a nonlinear
mapping is obtained to hold the data representation and clusters
in data input layer. The AE-FC processes features mapped and
extracted by autoencoder, which can learn an effective representation of input data in a low-dimensional space [12]. When
approaching these features, the initial imputation by a distinctive value will have little effect on final clustering results. In this
paper, we approach a two-layer SAE network to achieve a more
promising data feature representation in deep.

Assume that there are n samples with m attributes in a given
incomplete dataset ID ∈ Rn ×m . When the missing values are
imputed by a distinctive value initially, each layer of SAE-FC
can be trained as follows.
First, the AE-FC model, which is presented in Fig. 2, maps
each sample xi in ID to a hidden layer feature hi by encoding
function f .
hi = fθ (xi ) = f (w(1) xi + b(1) ).

(1)

Then hi will be mapped to an actual output zi through decoding function
zi = fθ  (hi ) = f (w(2) hi + b(2) ).

(2)
 (1) (1) 
,
Herein, f is a nonlinear activation function. θ = w , b



and θ = w(2) , b(2) are network parameters. w(1) , w(2) are the
weight matrixes, and b(1) , b(2) are bias vectors.
After all samples are transformed and reconstructed, the prin
cipal features of the input dataset, Df ∈ Rn ×m , are held in the
hidden layer. When approaching fast clustering, the extracted
features are further partitioned into groups according to the
similarities among them. The FC algorithm can be outlined as
follows:
Step 1: The FC method reads the first t records from Df , and sets
them as the initial cluster centers. Thus, the distances between
centers, which form the Center Matrix, can be acquired by
the following:

 m

(cpk  − cq k  )2 .
(3)
Dis(cp , cq ) = 
k  =1

Step 2: The FC calculates the distances between each record
hi and all the cluster centers to get the minimum value
minDis(hi , ct ), which means hi is nearest to center ct .
Step 3: According to minDis(hi , ct ), hi will be treated in three
ways.
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Algorithm 1 SAE-Based Fast Clustering Algorithm.
Input: Incomplete dataset ID ∈ Rn ×m .
Output: Clustering result Clusters and its number kc .
Data features F eatures.
1: ID ← P reIm (dv, ID); //A distinctive value is used
to impute all missing values initially.
2: vi =m; V =ID; //V is the input dataset of SAE. vi and
l are the number of input neurons and SAE layers.
3: for i = 1 to l do
4:
AE ← SetupAE (vi , hi ); //Initialize AE, including
weights W and bias b.
5:
[AE, H] ← GetHiddenRepresentation (AE, V );
6:
Set first t samples of H as the cluster Centers;
7:
for j = t + 1 to n do
8:
minDis ← GetM inDis (Hj , Centers); //Mini
mum distance between Hj and cluster centers.
9:
[minDisC, maxDisC] ← GetDisC
(Centers); //Minimum and maximum distance
between centers.
10:
[Centers] ← U pdateC (minDis, minDisC,
maxDisC); //Add, merge and update clusters.
11:
end for
12:
[AE, Clusters, kc ] ← T rainAE (AE, V , H,
Centers, opts); //Train the network by
minimizing (4).
13:
vi+1 =size(H, 2);V =H;
14: end for
15: Return Clusters and its number kc . Also data features
F eatures = H;

1) If minDis(hi , ct ) is not smaller than the maximum distance between cluster centers, then hi is set as a new
cluster center.
2) If minDis(hi , ct ) is bigger than the minimum distance
and smaller than the maximum distance between cluster
centers, then the centers that have the smallest distance
between them are merged. Moreover, hi is set as a new
cluster center.
3) If minDis(hi , ct ) is not bigger than the minimum distance between cluster centers, then hi is partitioned to the
cluster that is nearest to it.
Afterward, the cluster centers and Center Matrix are updated.
We can see that the proposed FC method only reads datasets
one time, and maintains a Center Matrix. Therefore, it is advantageous in both space and time consumption. Moreover, the
cluster centers update dynamically in the clustering process,
which makes the algorithm having a good scalability.
Finally, AE-FC trains the model parameters by minimizing
the errors between the actual output value of network zi and
the input value xi , and the distance between data point hi and
its corresponding cluster center ci . The cost function is defined
as follows:



JA E +F C (θ, θ ) =
L(xi , zi ) + η
Wij2
ij

x i ∈I D

+



h i ∈D f

hi − ci 2

(4)

where L isa loss function, usually the squared difference
function. η ij Wij2 represents a weight decay term, which
prevents overfitting. η is an attenuation coefficient.
After one layer AE-FC is trained, its hidden layer features
are fed as the input of the next AE-FC. When the SAE-FC
network constructed by multiple one-layer AE-FC is obtained,
we can locate the favorable data representation and clusters in
high layer space. The detailed SAE-FC method is summarized
in Algorithm 1. In Step 1, the missing values are imputed by a
distinctive value, which makes the incomplete dataset suitable
for clustering. In Steps 3–14, the fast clustering integrated with
multilayer autoencoder is designed to achieve an effective feature representation and clusters of the incomplete data in deep,
including AE based data feature extraction (see Steps 4 and 5)
and one time clustering on the extracted features (see Steps 6
to 11) for each layer. In Step 12, the AE and fast clustering are
trained together by minimizing the errors in (4).
B. LSI Based on SAE-FC
In this paper, a SAE based fast clustering method is developed to partition the incomplete dataset at first, then the missing values are estimated by the similar records in each cluster.
However, due to the effect of initial imputation and similarity
measurement methods, some unfavorable records will be classified into clusters. When they are selected to fill in a missing
value, the imputation accuracy will be greatly affected. Aiming
at this problem, we propose a top k-nearest neighbor imputation based on weighted hybrid distance to evaluate the missing
values in each cluster. In this way, the most similar records with
the incomplete ones are selected for missing values imputation,
which can reduce the influence of unfavorable ones.
However, it is noteworthy that if the discriminative attribute
values of two records belonging to different clusters are missing,
they may be partitioned into the same cluster. Unfortunately,
some groups may contain a large percentage of records, and
even all records with missing values from different clusters.
When approaching hybrid weighted imputation for the missing
values in such groups, the accuracy will be seriously affected.
Hence, for each group we estimate the proportion of records
containing missing values. If it is bigger than a given threshold
ξ, all records in this cluster will be partition to other clusters
represented by cluster centers based on

 m

(sik  − sj k  )2
Dis(si , sj ) = (1 − λ)
k  =1


 m
λm  
+  
ω(sik  − sj k  )2
m


(5)

k =1

where ω=1 if both sik  and sj k  are not missing, otherwise
ω=0. λ ∈ [0, 1] is introduced to balance the weights of different
domains. Dis(si , sj ) represents the hybrid distance between data
object si and sj . m represents the number of attributes, m is
the number of extracted features by SAE-FC, and m stands for
the number of attributes, whose values exist in both object si
and sj .
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If the proportion is no bigger than ξ, the k smallest distances,
calculated by (5), between each incomplete record rj and other
records in the cluster are selected for weighted imputation. The
detailed imputation process is as follows:
Assuming {dis1 , dis2 , . . . , disk } are the k smallest distances
between rj and {x1 , x2 , . . . , xk }, whose corresponding attribute
values are not missing. The missing values are evaluated in
following steps.
Step 1: The k nearest distances are applied to generate weights
for imputation
pi =

k
1  1
/
.
disi i=1 disi

(6)

Step 2: For each numerical missing value rj u in rj , the imputed value is evaluated by:
I=

k


pi xiu

(7)

i=1

where xiu is the corresponding value of xi .
Step 3: For each categorical missing value rj u in rj , we
calculate the expectation of each attribute value as follows:


Eu v =

k


pi

(8)

i=1

in which k  is the number of value uv in attribute u, and the
value that has the maximum expectation is used for imputing
rj u .
When all missing values are imputed, the error between current imputation Icur and previous imputation Ipre is estimated
based on the following:

 t
1 
(Ipre,i − Icur,i )2
(9)
err = 
t i=1
where t is the number of missing values. If err is no bigger than a
given threshold γ, current results are the final imputation values,
otherwise, the whole LSI process is executed again based on the
current imputation results.
Algorithm 2 presents the proposed LSI in detail. In Step 2,
the incomplete dataset is classified into groups by SAE-FC
method at first. Unfortunately, some groups may contain a
large proportion of incomplete records, which will affect the
accuracy of local imputation. Thus, the method partitions the
records in such clusters to the others (see Steps 3–8). After
that, the incomplete records in each cluster are estimated by
their top k-nearest neighbors based on the hybrid weighted distances (see Steps 9–17). The above steps are repeated until
the algorithm converges. The convergence analysis is presented
in Steps 18–25.
C. Complexity Analysis
As can be seen, the LSI method mainly includes four stages,
namely initial imputation, feature extraction, fast clustering, and
weighted imputation. In the first stage, LSI reads the whole data
one time, and imputes all missing values with a distinctive value.

5

Algorithm 2 Local Similarity Imputation Algorithm.
Input: Incomplete dataset ID ∈ Rn ×m . Parameter γ, ξ.
Output: Imputed dataset D.
1: while 1 do
2:
[Clusters, kc , F eatures] ← SAE F C (ID);
//Clustering the incomplete data via Algorithm 1.
3:
for i = 1 to kc do
4:
P er ← P ercentageOf M issing (Clusters.i);
5:
if P er>ξ then
6:
Partition all the items to other clusters;
7:
end if
8:
end for
9:
for i = 1 to kc do
10:
[InData, p] ← GetInData (Clusters.i); //Get
the incomplete data subset with p records;
11:
for j = 1 to p do
12:
DisT K ← GetT opK (InData[j],
Clusters.i); //Get the k nearest distances of
InData[j].
13:
Using DisT K to impute InData[j] via (6),
(7) and (8).
14:
end for
15:
Getting the imputation set Icu r  of Clusters.i;
16:
Icu r ← AddSet (Icu r  ); //Current imputation
results.
17:
end for
18:
Calculate the err between current and last
imputation by (9);
19:
if err<γ or loop> 100 then
20:
D ← OutputDataset (ID, Icu r ); //Current
imputation result is the final result.
21:
break;
22:
else
23:
ID ← U pdateDataset (Icu r ); //Use current
imputation result to perform imputation
process again.
24:
Ipr e ← Icu r ;
25: end if
26: end while
27: Return the complete data set D;

If there are n records and m attributes in a dataset, the time complexity approximates to O(nm). In the stage of feature extraction, the SAE with two-layer autoencoder is assigned. Assuming
there are m input neurons and p hidden neurons for each layer of
SAE, the number of weight values would be 2 mp. Thus the time
complexity for training this layer is close to O(n ∗ 2 mp ∗ t),
where t stands for iterations. Since fast clustering computes each
record one time, its time complexity is approximately O(nm ),
in which m represents the number of extracted features. In the
fourth stage, the missing values are imputed by the records in
their own clusters. The calculation of hybrid distance is the major step, thus the time complexity approximates to O(2nm ∗ p ).
p is the average number of incomplete records in each cluster. In
summary, the time complexity of LSI is close to T = O(nm) +
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TABLE I
DESCRIPTION OF FIVE UCI DATASETS. “RECORD,” “ATTRIBUTES,” AND
“CLASSES” DENOTES THE NUMBER OF EXAMPLES, FEATURES
AND CLUSTERS OF EACH DATASET

TABLE II
AVERAGE EXECUTION TIME OF FIVE IMPUTATION METHODS ON THE FIVE UCI
DATASETS WITH DIFFERENT MISSING RATIOS (IN SECONDS)
/s

Dataset

Records

Attributes

Classes

Iris
Wine
Pima
Yeast
Housing

150
178
768
1484
506

4
13
8
9
14

3
3
2
10
Null

Iris
Wine
Pima
Yeast
Housing

LSI

FIMUS

FCM

DMI

EMI

0.448
0.392
3.469
16.257
1.654

1.184
1.793
317.248
1512.95
8.277

0.237
0.262
0.894
14.994
0.401

3.683
13.368
414.786
83.146
86.542

0.173
0.649
2.674
5.417
2.885

t ((O(2n ∗ mp) + O(nm )) ∗ t ∗ l + O(2nm ∗ p )). t is the iterations of the algorithm, and l is the number of SAE’s layers.
When n is far larger than m, the time complexity is approximately O(n). Moreover, all the major steps of the method are
suitable for the parallel framework of MapReduce, which can
be extended to fill in incomplete big data.

of d2 can vary from 0 to 1. A higher value indicates a better
resemblance. The value of RMSE can range from 0 to ∞. A
lower value means a better imputing. In addition, the parameters
γ, ξ, and k are set as 0.0001, 75%, and 30%, respectively, in the
experiments.

IV. EXPERIMENTS AND ANALYSIS

Each of the UCI datasets is artificially regenerated by five
different incomplete datasets, containing 3%, 6%, 9%, 12%,
and 15% missing values, respectively. The comparative results
of different imputation techniques on them are described as
follows.
Figs. 3 and 4 present the imputation accuracy of EMI, DMI,
FCM, FIMUS, and LSI on Iris, Wine, Pima, Yeast, and Housing
in terms of d2 and RMSE for 25 missing data combinations, and
Table II shows the average execution time of the five imputation
methods on the UCI datasets.
It can be seen from the experimental results (see Figs. 3 and 4
and Table II ) that the proposed algorithm LSI is advantageous
in both imputation accuracy and execution time comparing to
the other performed algorithms. Although, the traditional EMI
method using the whole dataset for imputation has promising
time performance, its accuracy is the lowest in all five tested
methods. On the contrary, the proposed method achieves the
best imputation accuracy. Another hybrid technique FIMUS,
also using all the records in a dataset for imputation, can fill in
the missing values effectively. Its accuracy is closest to LSI for
all the five datasets, and sometimes higher than LSI. But FIMUS
is time consuming comparing to the other methods. On account
of the fact that FCM and DMI partition a dataset into small
clusters based on records similarity, the missing values can be
imputed accurately by the most similar records with them, as
shown in Figs. 3(a), (d) and 4(a), (d). However, the two methods
are easily affected by the accuracy of clustering or classification
[see Figs. 3(b) and (e), 4(b) and (e)].
In the LSI method, we approach the FC to partition given
datasets, apply SAE to enhance clustering accuracy, and exploit
top k weighted imputation to evaluate the missing values. Obviously, the imputation results outperform existing methods. The
following experiments will verify the importance of SAE, FC,
and top k weighted imputation in LSI, respectively.
Fig. 5 presents the results of our fast clustering with SAE
and without SAE on Iris, Wine, and Pima. For all datasets the
SAE-based clustering performs clearly better than the clustering
without SAE. In this experiment, we set all the missing values to

A. Experimental Design
In order to test the performance of the proposed LSI algorithm, we compare it with four existing techniques, namely
FIMUS, FCM, DMI, and EMI, on five well-known UCI datasets
(see Table I), and an air quality monitoring dataset (AQ). AQ
contains the air quality data collected from 437 stations in 43
Chinese cities every hour from May 2014 to April 2015. Each
air quality instance consists of station number, time and the
concentration of six air pollutants: NO2, SO2, O3, CO, PM2.5,
and PM10. For there are already some incomplete records in
the AQ, we remove the records having missing values at first
and thereby get the complete subset (AQC) of AQ in our experiments. Then, the missing values are created artificially in
the six complete datasets in order to be imputed by the five
imputation techniques. Since we know the correct values of the
missing ones, the accuracy of the imputation techniques can be
evaluated.
Different attributes have different domains in a dataset, but
we want to test the algorithms on them under equal condition.
Hence, all the values in different datasets are normalized before
imputing in this paper.
We carry out the experiments using the same machine. The
configuration of it is AMD PhenomTM II X4 945 processor
with 3.00 GHz speed and 6 GB RAM. And two well-known
evaluation criteria RMSE [5] and d2 [27] are used to assess the
imputation accuracy. They are calculated as follows:


N
1 
RMSE = 
(Pi − Oi )2
(10)
N i=1
N
d2 = 1 − N
i=1

i=1

(Pi − Oi )2

(|Pi − O| + |Oi − O|)

2

. (11)

Herein, N is the number of missing values. Oi and Pi are
the actual value and imputed value of the ith missing value,
respectively, and O is the average of actual values. The value

B. Experimental Result Analysis on the UCI Datasets
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Fig. 3. RMSE (the lower, the better) results for the five datasets with different
missing ratios. (a) Iris data set. (b) Wine data set. (c) Pima data set. (d) Yeast
data set. (e) Housing data set.

7

Fig. 4. d2 (the higher, the better) results for the five datasets with different
missing ratios. (a) Iris data set. (b) Wine data set. (c) Pima data set. (d) Yeast
data set. (e) Housing data set.
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Fig. 5. Clustering accuracies for the three UCI datasets with different missing
ratios. (a) Iris data set. (b) Wine data set. (c) Pima data set.

Fig. 6. RMSE (the lower, the better) results for the three datasets with different
missing ratios. (a) Iris data set. (b) Wine data set. (c) Pima data set.

be “−1”. The NoSAE clustering directly partitions the datasets
with some inaccurate records (e.g., “−1”), while the SAE-based
FC uses SAE to extract principal features for clustering. Hence,
the clustering accuracy of SAE-based is almost double than that
of without SAE.
We now analyze the results by using three different clustering,
namely fast clustering, K-means and FCM, to impute missing
values. For assuring the comparability and fairness, all the other
requirements are set to be the same. As we can see from Figs. 6
and 7, the imputation accuracy of the methods is practically
indistinguishable on Wine and Pima. However, the results on
Iris show a clear difference. The FCM performs the worst with
6%, 9%, 12%, and 15% missing ratio, yet the K-means performs
the worst with 3% missing ratio. This is because the choice of
clustering number ’k’ has a great effect on K-means and FCM.

Table III presents the average execution time of the clusteringbased imputation methods on three datasets with different missing ratios. We can see that the method in our paper takes less
time than the others. Since the unfavorable cluster centers are
initialized, the K-means-based imputation takes significantly
more time to pay the cost of iteration on Pima.
After clustering datasets, the top k nearest records are selected
to impute missing values in clusters, so that the imputation accuracy can be improved significantly. Table IV presents the
aggregated performance based on RMSE and d2 for top k and
all records imputation on five UCI datasets with five different
missing ratios. It can be seen that the top k imputation performs
the best in 21 out of 25 combinations, whereas all records imputation performs the best in 4 out of 25 combinations. Moreover,
the top k(k = 20%, 30%, and 40%) imputations obviously out-
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TABLE III
AVERAGE EXECUTION TIME OF THREE CLUSTERING BASED IMPUTATION
METHODS ON THE THREE UCI DATASETS WITH DIFFERENT
MISSING RATIOS (IN SECONDS)
/s
Iris
Wine
Pima

FC

KMEANS

FCM

0.448
0.368
3.469

0.819
0.439
170.840

0.565
0.398
3.844

TABLE IV
COMPARISON OF ALL RECORDS AND TOP k(k = 20%, 30%, AND 40%)
IMPUTATION ON THE FIVE UCI DATASETS (DS), IRIS (I), WINE (W), PIMA (P),
YEAST (Y), AND HOUSING (H), WITH DIFFERENT MISSING RATIOS (MR)
RM SE

d2

DS

MR

All

20%

30%

40%

All

20%

30%

40%

I

3%
6%
9%
12%
15%

0.007
0.021
0.041
0.064
0.117

0.015
0.023
0.056
0.062
0.096

0.010
0.022
0.056
0.063
0.101

0.009
0.021
0.051
0.066
0.105

1.00
0.998
0.992
0.980
0.940

0.998
0.998
0.985
0.980
0.961

0.999
0.998
0.984
0.981
0.956

0.999
0.998
0.987
0.978
0.953

W

3%
6%
9%
12%
15%

0.034
0.075
0.098
0.105
0.133

0.031
0.060
0.078
0.094
0.097

0.027
0.059
0.083
0.098
0.112

0.036
0.067
0.090
0.104
0.107

0.992
0.941
0.920
0.888
0.820

0.994
0.963
0.953
0.914
0.909

0.995
0.966
0.945
0.904
0.884

0.991
0.957
0.934
0.893
0.885

P

3%
6%
9%
12%
15%

0.124
0.142
0.148
0.155
0.161

0.096
0.119
0.136
0.139
0.152

0.103
0.122
0.134
0.140
0.152

0.104
0.128
0.138
0.141
0.155

0.918
0.888
0.882
0.866
0.851

0.953
0.923
0.904
0.894
0.871

0.947
0.921
0.907
0.893
0.872

0.943
0.912
0.898
0.889
0.864

Y

3%
6%
9%
12%
15%

0.098
0.091
0.091
0.093
0.094

0.086
0.091
0.090
0.091
0.109

0.087
0.088
0.089
0.091
0.109

0.090
0.089
0.090
0.092
0.109

0.938
0.940
0.943
0.942
0.940

0.954
0.942
0.946
0.945
0.923

0.952
0.945
0.947
0.946
0.922

0.949
0.944
0.946
0.944
0.923

H

3%
6%
9%
12%
15%

0.060
0.098
0.094
0.112
0.163

0.056
0.071
0.067
0.080
0.113

0.056
0.076
0.073
0.087
0.121

0.061
0.083
0.079
0.095
0.128

0.991
0.979
0.977
0.970
0.929

0.992
0.989
0.989
0.985
0.968

0.992
0.988
0.987
0.982
0.963

0.991
0.985
0.984
0.979
0.958

Fig. 7. d2 (the higher, the better) results for the three datasets with different
missing ratios. (a) Iris data set. (b) Wine data set. (c) Pima data set.

perform all records imputation on Wine, Pima, and Housing,
and they enhance the similar imputation performance with all
records imputation on Iris and Yeast based on RMSE and d2 .
As clustering methods are not always 100% correct, the selection of the most useful records in clusters for imputation can
further improve the accuracy. In this paper, we select the value
of k = 30% for LSI.
C. Experimental Result Analysis on the Air Quality Dataset
We also analyze the performances of LSI, FIMUS, FCM,
DMI, and EMI on AQC dataset in terms of RMSE and d2 .
Twelve records are selected each day in March 2015 from six
stations in Beijing, Shenzhen, Qinhuangdao, Cangzhou, Dongying, and Foshan, respectively. In total, the subset (AQCS) with

2232 air quality instances are obtained. By deleting attribute values with different ratios (3%, 6%, 9%, 12%, and 15%) randomly
in AQCS, we can evaluate the different imputation methods on it.
Figs. 8 and 9 present the performances of the five methods
on AQCS. It can be seen that LSI performs better (i.e., lower
RMSE and higher d2 ) than other techniques overall (see Fig. 8),
though FCM performs best occasionally. Moreover, LSI takes
less time than the other methods, as shown in Fig. 9.
In AQCS, there is a spatial attribute representing the station of data acquisition equipment, and a temporal attribute describing the data acquisition time. Therefore, the data in AQCS
has a positive local similarity, which ensures the accuracy of
clustering-based methods (LSI and FCM) for filling in missing
values. However, the clustering accuracy has great effects on
imputation performance. As can be seen in Fig. 8, while FCM
performs similar to LSI in three out of five missing ratios, it has
extremely worse accuracy than LSI in the other two missing ra-
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imputation, the fast clustering method is proposed to partition
records that are similar to each other to the same clusters. To
improve the accuracy, a two-layer deep learning network is
combined to extract the principal features for clustering. Second,
based on the hybrid distances between incomplete records and
other available samples in clusters, missing values are evaluated
by top k-nearest neighbors that can capture the essence of pattern
similarities in data sets. Experiments on six natural data sets
demonstrate that our approach outperforms the competing stateof-the-art related algorithms.
Our future research includes a further improvement of LSI in
accuracy and extension of LSI to distributed framework.
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