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such as kNNI[5] that finds k(a user-specified variable) nearest
neighbour records. Then, if the missing value is a numerical
attribute, kNNI will use the average of the k corresponding
attribute values which are most similar to missing records. And,
if the missing value is classified attributes, kNNI utilizes the
attribute that appears to have highest frequency of k most
similar records. Although, the process of kNNI algorithm is
simple, computing and storage are costly when the dataset is
large because of searching k most similar records from all data.

Abstract—Accurately filling missing values is an important
step to enhance the usability of Big Data. However current
incomplete data imputation algorithms are of high time
complexity and low accuracy. To address this problem, we
propose a novel algorithm to impute incomplete data. Firstly, a
deep belief network model with denoising is designed to remove
the noise brought by incomplete data and extract high quality
features. Then, we utilize softmax for data classification. Finally,
according to the classification results, partial distance and
sequence imputation strategies are proposed to measure the
correlation between records and improve filling accuracy,
respectively. Compared with different algorithms, the
experimental results confirm the effectiveness and efficiency of
the proposed method in data imputation.

Literature[6] proposes an algorithm called expectation
maximization imputation(EMI) method. Firstly, an initial
parameters of the model is estimated. Then, E step: each record
is divided into the appropriate class by calculating the
corresponding membership probabilities; M step: model
parameters is re-estimated by dividing results and membership
probabilities. Repeat two steps until model parameters are
unchangeable, so that they can be sued for filling. This method
does not consider the similarity of partial data. To use the
entire data set to fill the incomplete data has a negative
influence on the time complexity of the algorithm when the
amount of data is large. And the improper initial parameters
selection will effect the convergence speed and stability of the
algorithm.

Keywords— Data imputation; deep belief network; denoising;
classification;

I. INTRODUCTION
Due to human errors, equipments malfunction and the
introduction of noise during transformation[1], data collected
from Internet of things and sensors contains large amount of
incomplete data. Missing values will reduce the quality of data
and bring huge challenges to statistical analysis and data
mining[2].

DMI[7] algorithm uses a set of similar records to fill the
missing data values which finds a group of similar records that
belong to the same leaf node by the same decision-tree. DMI
algorithm considers the relationship among records attributes
in the same leaf node is higher than that of the whole data set.
So, DMI applies EMI algorithm to each leaf node records to
fill incomplete data. The results prove that it can get better data
filling results than EMI. However, the decision-tree will
produce some heterogeneous leaves containing data with less
correlation, which has a negative impact on imputation
accuracy.

Missing data processing methods can be divided into
deleting, ignoring and imputation three main categories. And
multi-imputation is more accurate than single-imputation.
From all aspects of research, deleting and ignoring are not
recommended. Imputation methods are the most commonly
used[3]. They can be roughly divided into two types: one is
based on statistical methods; the other is the model-based
algorithm.
Many algorithms have proposed for data imputation in
recent year. Some of them ignore the correlation between
records and use all available data to fill the missing values[4].
Some directly impute through the classification results not
considering the noise brought by incomplete data, which lead
to much deviation. Other techniques perform well on filling
accuracy, however slow convergence and high time
complexity are inevitable. Then, we do a brief analysis of the
existing imputation algorithms.

Another technique utilizes support vector machine for
filling. As SVR[8], data set is divided into complete and
incomplete parts. Then, for each attribute, SVM models are
established by complete records, so that missing values can be
imputed by multi-models. Although the filling accuracy is high,
for high dimension data sets, the efficiency of the algorithm is
low.

Early filling methods utilize the mean value of all available
attributes to fill the missing values. The output error of this
method is very large. But, compared with deleting records,
availability of the data is enhanced in a certain extent.

To improve the data imputation performance, a novel
algorithm is designed. Based on denoising deep belief network
and softmax, data is classified and decreased the noise brought
by incomplete data. For high efficiency, we utilize one-step
contrastive divergence(CD-1) to reduce the training time of
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where v is the visible unit, h is the hidden unit, W is weights
and a and b are biases. Then, instead of using Gibbs Sampling,
one-step contrastive divergence algorithm is utilized to obtain
the pre-training parameters, which can greatly reduce the
complexity at the same time ensuring the accuracy. Original
data for starting input is the key for one-step CD. The
parameters updating process is shown as follow.

DBN[9]. Specially, correlation among records within the class
is considered according to partial distance, and sequence
filling strategy is utilized for multi-imputation to get better
results.
Section 2 presents an incomplete data imputation algorithm
based on denoising deep belief network. The experiments are
described in Section 3. Section 4 concludes the paper.

Δ wi, j = Δ wi, j + [ p(hi | v0 )v0j + p(hi | v1 )v1j ]

II. A DATA IMPUTATION METHOD BASED ON DBN

Δ ai = Δ ai + [vi0 − vi1 ]

Deep belief network(DBN) is a typical deep architecture.
It can extract high quality features from labeled data or
unlabeled data[10], so it can be used for pattern recognition,
prediction or classification. In the paper, DBN is utilized to
extract features[11]. Specially, denoising is added to the
model to resist the noise brought by incomplete data. The
model structure is described as Fig. 1. And, softmax is on the
top to classify incomplete data. Then, partial distance and
sequence imputation strategies are designed for filling missing
values.

(3)

Δ bi = Δ bi + [ p(hi | v ) + p(hi | v )]
0

1

After the completion of RBMs training by greedy layerwise, they are stacked together to form a DBN model.
For the incomplete data, the missing parts can be seen as
the noise. If data directly inputs to the model without
processing, it is bound to have a negative impact on calculation
results. Therefore, in order to extract more robust features, we
add denoising in DBN[14]. The theory of denoising is that
characteristics of high-dimensional data are often located on a
low-dimensional manifold surface. Although the sparse
constraint is joined, features obtained through stacked
autoencoder(SAE) or DBN do not usually on that lowdimensional surface. On the contrary, denoising model are
often able to perform well. Also, it is not necessary that
missing valves distribution is Gaussian. So, we randomly set
the missing values of training data to zero before training to
simulate noise. That also means we do not need complete data
to train the model.

Fig. 1. Deep architecture for features extraction

A. Denoising Deep Belief Network
DBN is stacked by a series restricted Boltzmann
machines(RBMs) for learning the joint distribution of training
data. It can provide a better initial weights(W) and biases(b)
than random initialization parameters for model[12], and it
reduces the possibility to trap into a bad locally optimal
solution. A typical RBM is an undirected graph consisting of
a visible layer and a hidden layer containing some biases units.
Also, instead of full connections between two layers, there is
no connection in the same layer. Traditional RBM is a binary
input model. For imputation problem, real-value RBM[13]
model is utilized, which p(h j | v, W ) is assumed as a

Gaussian-Bernoulli distribution and p(vi | h, W ) is Gaussian
distribution. They are described as

Then, in order to effectively classify feature vectors, we
join softmax regression model at the top of denoising DBN for
multi-classification[15]. At the same time, it also allows us to
apply supervised learning to fine-tuning the whole model, so
that it can perform better and effectively avoid the local optima
solutions. Since softmax regression contains redundant
parameters, we use the following equation as its objective
function:
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where (x(i), y(i)) represents the input, m is the number of records,
k is the amount of classes, 1{·} is the indicator function, and θ
is model parameters(k(n+1) dimension).
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I

The second item of equation (5) is the weight decay
aiming to punish high parameters value. In this case, the cost
function becomes a strictly convex function, so we can
guarantee to get the unique solution. Meanwhile, the Hessian
matrix becomes irreversible. Because equation (5) is a convex
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For example, the record to be filled is (1,2,3,4), another
record is (null, null, null, 4). At this point, it is clear that we
can not determine these two records are “really” very similar.
So, partial distance in this situation is not “really” very close.
It is just an illusion.

function, gradient descent and L-BFGS algorithms can be
guaranteed to converge to the global optimal solution[16].
Finally, after completion of the above processes, the model
can be fine-tuned by labeled data to get a more accurate
solution.

Then, we present a method to handle this problem. When
the partial distance between a record within one class and
filled one is zero, we count how many missing values are.
Then, according to the number of missing values, we assign it
a weight. So, the number of missing attribute is different
leading to various weight. The more missing attributes, the
smaller the weight is. But when the number of missing values
more than half of all, we discards the records that are not
valuable and even influence right answer. Further, we also set
a threshold of the dropping number based on the number of
records. Because, if we do not limit discarded threshold, it
may eventually appears an extreme situation that abandoning
too much records leads to less sufficient samples to be
provided for forecasting. So when the number of dropping
records exceeds this threshold, average value of one attribute
of all records is directly to be the missing value. It may lead to
deviation, but approve the usability.

B. Imputation
The algorithm fills missing values based on the output of
the model(Fig. 1). Then, we measure the correlation among
records within some class through partial distance. And,
according to the data integrity, sequence imputation strategy is
utilized. We will demonstrate partial distance and sequence
imputation strategies in the following part.
For k-th class owing lk records, the incomplete data can be
described as X k = {xk | xk1 , xk 2 ,..., xklk } . And, each record has
m attributes, where c attributes are complete. Then, we define
partial distance pd as

pd( xi , v j ) =

m
ci

m

¦(x

ik

− v jk ) 2

(6)

k =1
xik ≠ null

To obtain better results, sequence strategy is used during
the filling process. The specific process is that records within
the class are sorted descending according to data integrity, and
then imputing with partial distance strategy. The reason is if
we use records with high missing ratio those contain less
information to impute one with low missing ratio, reference
information we get is inaccurate, which leads to a bad results.
Then, inaccurate results will be used for others’ imputation. It
can create a vicious cycle. Instead, utilizing records with high
integrity to impute that with low integrity makes the result
more accurate, and the accurate results will be reused. It dose
not cause too much deviation.

where v is the record waiting for imputing. According to (6),
we can get partial distance between v and all other records
within the class. Then, pds are converted to weights r. So, r
and ~x can be obtain by

 pdki (lk −1) ⋅ rli −1 = pdki lk ⋅ rlk
°m
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° rj = 1
°° j =1
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ri ⋅ xkia
°
=
i
1
°
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°
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The time complexity of the algorithm is composed by three
main parts: DBN, Softmax and Imputation. They can be
described as O((n + N ) k ) + O( n) + O( n 2 ) , where N is
the number of DBN parameters, n is the amount of records and
k represents the number of iterations. Usually, there 3 to 7
layers in DBN model, so N is much less than n. The algorithm
time complexity is O( n 2 ) .

(7)

where ~x is the filled record.
Through the above processes, there has been a lot of
"null"(not a number) in filled records if do like that. According
to inspection, we finds that incomplete data classification part
is no problem, while it lies in the imputation. Because, the
algorithm assigns weights according to the partial distance. So,
the results of calculating partial distance between a record and
incomplete one waiting for filling is zero, which will lead to
the denominator zero when calculate the weight. Naturally,
there will be "null" in the final results.

III. EXPERIMENTS AND ANALYSIS
Algorithm experimental environment: Windows 32bit OS,
Intel (R) Core(TM) i5-2450M CPU @ 3.1GHz processor, 4G
Memory. To better demonstrate the effectiveness of the
algorithm, we use multiple data sets belong to different types
from UCI(Table 1). And, each part contribution of the
algorithm will be demonstrated by comparison experiments.
Then, the proposed algorithm is compared with kNNI, DMI
and SVR.

But further analysis demonstrates that when two records
partial distance is zero, there are two situations. One case is
each value of the two records are identical, which is what we
think they are “really” very similar to each other. Obviously,
it should be assigned to the record the largest weight; Anther
case is the integrity of two records is too low, resulting in
generating too much zeros when calculating partial distance.

TABLE I.
Name
Iris
Vote
Heart
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Records
150
435
303

DATA SETS DESCRIPTION
Attributes
4
16
13

Classes
3
2
2

Values
Continuous
Discrete
Continuous

ratio of training data is increasing. So, the best ratio between
train noise and data missing ratio is nearly 2:1. Also, the model
has a “noise margin” that the performance of the classification
is terrible when the ratio exceed 2:1.

A. Experiments on Classification
For UCI data sets, to illustrate classification performance
of the model(Fig. 1), we measure the classification accuracy in
different missing ratio without adding denoising on the three
data sets. The result is shown as Fig. 2.

For getting more better results of classification, we utilize
the best proportion between training noise and data missing
ratio. Comparing with non-denoising model, we get the results
as Fig. 4 describes.
From the results, the model with denoising performs well
on all three data sets. It reduces the noise brought by missing
values. What is more, the method performance on Iris data set
turns out much better. For low-dimensional data sets, records
are more sensitive on missing values. Because, with the same
missing ratio, there is more possible to have a high missing
rate one record than high-dimension one. Denoising DBN
improves the defect that classification perform poorly on
incomplete data sets with few number of attributes like Iris. It
improves the accuracy of classification.

Fig. 2. Classification accuracy without denoising

From the results, we can observe that the classification
accuracy is high. But, the result of Iris data set changes
violently as the missing ratio falling because the number of
attributes is few.
Then, to confirm the best proportion of the noise of
inputting data , we randomly add noise and change noise ratio
of training data while testing data is in stationary 10% missing
ratio. Fig. 3 shows the result.

Fig. 4. Classification accuracy with denoising

B. Experiments on Imputation
In the paper, RMSE(root-mean-square-error) is used to
measure the imputation performance. RMSE is defined as
following:

RMSE =

1
n

n

¦ x − ~x
i

i

2

(8)

i =1

where n represents the number of missing values[17]. Then,
we verify denoising classification and sequence imputation
strategies impact on filling accuracy.
Comparing the imputation method based on denoising
DBN with the filling method without classifying, we analyse
these two cases. So, it can illustrate the classification effects on
imputation accuracy. As the Fig. 5 describes.
According to the Fig. 5, imputation accuracy is more
higher after denoising classification. The reason is that data

Fig. 3. Anti-noise performance

From the Fig. 3, the results change obviously as the noise
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Finally, on the UCI data sets, three representative
algorithms named kNNI, DMI and SVR are selected. We name
the algorithm as DBNI. The paper will use the case of
complete random multi-mode missing way to compare with
different types methods on imputation accuracy. Multi-mode
missing represents each record has more than one missing
values. The results are shown in Table 3.

within some class has higher correlation and denoising reduces
the noise caused by incomplete data.
For utilizing the correlation among records, data within the
class to fill the missing values are more accurate than using all
records to impute, which also reduces the amount of
calculation.

TABLE II.

FILLING RESULTS
Denosing Classification

Raw Data

Filling Data

Deviation

0.3086
0.3093
5.8321
1.1055
5.6765
6.7423
5.9527
2.9021
3.0884
6.5822

0.0086
0.1039
0.1321
0.0055
0.5765
0.0577
0.3473
0.4021
0.0884
0.3822

0.3
0.2
5.7
1.1
5.1
6.8
6.3
2.5
3.0
6.2
RSME

0.1032

From the comparison experiments, the proposed algorithm
on each data set performs better than kNNI and DMI.
Although the algorithm performance on Iris and Heart data
sets is less accurate than SVR, the result on the discrete data
set Vote is better than it. As the Table 3 showing, regardless
of continuous and discrete input, the proposed algorithm are
superior. And, with the increasing missing ratio, imputation
accuracy ratio declines more stably. Although compared with
SVR, the algorithm is slightly lower on filling accuracy, time
complexity of SVR is also higher. Therefore, the proposed
method without increasing the time complexity improves
filling accuracy to a large extent.

Fig. 5. Imputation accuracy compared with non-classification

In the Table 2, we set Iris as an example to show the
deviation between original valves and filling values with 10%
missing ratio.
Then, we analyse imputation accuracy with the sequence
strategy(the full algorithm). The results of each data set are
showed as Fig. 6. To better using the data information,
sequence imputation strategy reduces RMSE value without
increasing the time complexity.

TABLE III.
Data Sets

Iris

Vote

Heart

Methods
DBNI
kNNI
DMI
SVR
DBNI
kNNI
DMI
SVR
DBNI
kNNI
DMI
SVR

IMPUTATION RESULTS CONTRAST
Missing Ratio
1%

3%

5%

10%

20%

0.018
0.124
0.034
0.013
0.093
0.201
0.152
0.086
0.121
0.198
0.157
0.109

0.042
0.221
0.098
0.037
0.163
0.246
0.193
0.172
0.239
0.287
0.189
0.187

0.062
0.263
0.142
0.051
0.171
0.293
0.231
0.188
0.241
0.316
0.264
0.213

0.074
0.286
0.164
0.067
0.195
0.347
0.259
0.209
0.273
0.346
0.317
0.242

0.108
0.311
0.189
0.093
0.226
0.410
0.307
0.242
0.301
0.387
0.353
0.271

IV. CONCLUSION
The paper presents a filling algorithm based on denoising
deep belief network and softmax. The main innovation of the
study is the imputation of missing values applying denoising
DBN. It not only resists the noise brought by incomplete data,
but also makes the classification result much better. Specially,
partial distance and sequence filling strategies are proposed to
improve the accuracy. According to comparison experiments
between different data sets, the algorithm can carry out well
on both continuous and discrete data values. Compared with
other algorithms, the method for incomplete data performs

Fig. 6. Imputation accuracy compared with order filling
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effectively and efficiently on accurate imputation and
classification.
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