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Abstract. In recent years, deep neural networks (DNNs) have emerged as a powerful technique in many areas
of machine learning. Although DNNs have achieved great breakthrough in processing images, video, audio,
and text, it also has some limitations such as needing a large number of labeled data for training and having
a large number of parameters. Ensemble learning, meanwhile, provides a learning model by combining many
different classifiers such that ensemble of classifier is better than using single classifier. In this study, we propose
a deep ensemble framework called Deep Heterogeneous Ensemble (DHE) for the supervised learning tasks. In
each layer of our algorithm, the input data is passed through a feature selection method to remove irrelevant
features and prevent overfitting. The cross-validation with K learning algorithms is applied to the selected data
to obtain the meta-data and the K base classifiers for the next layer. By this way, one layer will output the
meta-data as the input data for the next layer, the base classifiers, and the indices of the selected meta-data.
A combining algorithm is then applied on the meta-data of the last layer to obtain the final class prediction.
Experiments on 30 datasets confirm that the proposed DHE is better than a number of well-known benchmark
algorithms.

Keywords: Ensemble method · Deep learning · Multiple classifiers · Ensemble of classifiers · Ensemble system.

1 Introduction

It is well known that there is no one learning algorithm that perform well on all datasets. Ensemble learning,
where multiple classifiers are trained and combined to get better performance than using a single classifier, offers
an effective solution [10]. Nowadays, ensemble learning have been applied in many diverse fields such as computer
vision, bioinformatics, and software engineering. The success of ensemble learning was summarized in [3] in its ability
to reduce the risk of choosing a wrong learner and the ability to obtain a better approximation for the unknown
feature-class relationship. Among the many ensemble systems introduced, Random Forest [1] and XgBoost [2] have
been reported as the superior methods for supervised learning [4, 19].

In recent years, deep neural networks (DNNs) have emerged as a powerful supervised learning technique applied
to images, video, audio and text processing tasks [6]. Despite its successes, there are some limitations of DNNs.
First, these deep models have a large amount of parameters, for example, 144 million parameters in the DNN model
in [14]. Such complex models can only be trained on specially-designed hardware. Second, DNNs require a huge
amount of labeled data. When the cost of labeled data is too prohibitive, deep models might not bring about the
expected gains in performance. Finally, there is still little insight into the behaviors of DNNs, or how they were able
to achieve such a good performance. Even though there have been some works on understanding and visualizing
deep convolutional neural networks, such as in [18], the design of deep learning models remains without a coherent
theoretical basis.

In this study, we aim to design a novel deep ensemble learning model for the classification problem based on
multiple layers of ensemble of different learning algorithms (called DHE) which can get the advantages of both
ensemble system and DNNs as well as overcome the limitations of DNNs. We propose a cascade ensemble model
of many layers in which one layer produces new data in the form of the predictions of base classifiers for the next
layer. On each layer, the input training data will pass through a feature selection process to select a subset of
features as input. We then train the set of learning algorithms on the selected data to obtain the base classifiers
for the layer and the predictions. These predictions will form new training data for the next layer. The DHE starts
from the original training data and then goes deeply layer-by-layer until a performance score does not improve with
the addition of further layers. We then train a combining algorithm on the output of the final layer for the final
class prediction. The classification process works in a straightforward manner where an instance passes through the
layers and the prediction from the base classifiers in last layer is combined to obtain final predicted label.
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In section 2, we briefly review ensemble learning for classification and recent developments in ensemble learning-
based deep model. In section 3, we give a detailed description of the general architecture for DHE. Experimental
studies on a number of datasets are provided in Section 4, followed by conclusion in Section 5.

2 Background and Related Work

2.1 Ensemble Learning

In ensemble learning, classifiers can be generated: either heterogeneously or homogeneously [9, 10]. In homogeneous
ensemble, many classifiers are generated by training one learning algorithm on many different training sets obtained
from the original one. These classifiers are then combined for the collaborated decision. There are many homogeneous
ensemble frameworks and among them Bagging, Boosting, Random Subspace, and Random Forest are the most well-
known methods. These methods generate the diversity in the ensemble by using different approaches for new training
data generation. Bagging, for example, uses the bootstrap method, i.e. sampling without replacement to generate
the training datasets. Random Subspace method, meanwhile, puts attention on the feature space by randomly
selecting many subsets of feature set to get the new training data associated with these subsets. Despite many
successes, homogeneous ensemble methods have some limitations such as they only work with unstable learning
algorithms like in Bagging or they are only applicable to high-dimension data for the method of Random Subspace.

On the other hand, heterogeneous ensemble uses different learning algorithms to generate system diversity. A
popular framework in heterogeneous ensemble learning is stacking [15] in which the predictions of the set of base
classifiers on the training data is used to train a combining algorithm for the final prediction. The research on
heterogeneous ensemble focuses on designing combining algorithms that effectively combine the predictions of the
base classifiers.

The combiners for heterogeneous ensemble system are mainly categorized into two groups: fixed combiner and
trainable combiner. Fixed combiner does not require training using the meta-data of the training set. Although the
training cost is reduced in the fixed combiner, ignoring the label information in the meta-data of the training set
can degrade the performance of this approach. The trainable combiner on the other hand is trained on meta-data of
training set for better classification accuracy. Some examples of trainable combining algorithms are Bayesian-based
method with Gaussian [11] and Gaussian Mixture Model [7], MRL [15], and Information granularity-based method
[10, 12].

2.2 Ensemble learning-based deep models

Recently, some deep learning models using homogeneous ensemble methods have been introduced using the repre-
sentation learning through layer-by-layer processing. The first ensemble learning-based deep model was proposed by
Zhou and Feng [19] where a deep learning system called gcForest was constructed with two random forests and two
completely-random trees working in each layer. In detail, the class distribution vector from each tree in a forest for
an instance is obtained by counting the percentage of different classes of training instances at the leaf node where
that instance falls into. The prediction vector of a forest is computed as the mean of averaging class distribution
vectors of all the trees inside. This vector is then concatenated with the original data as the input data for the next
layer. Utkin et al. [16] extended gcForest by considering the weights of the trees in the same forest when averaging
their predictions. These weights are found by minimizing a loss function on the training data based on the Euclidean
distance between the weighted average vector and the crisp distribution vector based on class labels of the training
instances. Utkin et al. [17] also introduced a Siamese Deep Forest (SDF) which concatenates the pairs of weighted
averaged prediction vectors with original data as the input data for the next layer. Although these deep learning
models achieve superior performance on diverse datasets, the homogeneous ensemble requires a large number of
base classifiers, resulting in expensive computation. For heterogeneous ensemble, Nguyen et al. [8] introduced a
two-stage model including K base classifiers in the first layer and one classifier in the second layer. The meta-data
from the output of the first layer is separated into K data pieces associated with the K base classifiers. The learning
algorithm on the second layer trains on these data pieces to obtain the meta-data which is then combined by a
combining algorithm for the final classification. Our idea here is to design a deep heterogeneous ensemble system
where a multi-layer architecture with a small number of diverse classifiers in each layer offers superior performance
than existing homogeneous ensemble based deep models.
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3 Deep Heterogeneous Ensemble System

3.1 General description

Let D = {(xn, ŷn)}, |D| = N be the training data, where xn ∈ Rd is the feature vector of the nth training
observation and ŷn ∈ Y, |Y| = M is its corresponding label. We denote K = {Kk} as the set of learning algorithms
in which |K| = K. Our task is to approximate the relationship f : xn → ŷn by a hypothesis and then use it to
assign a label for each test instance. In the context of ensemble system, an ensemble of classifiers is trained on the
given training set to obtain different approximations for the relationship f . These classifiers are then combined for
the final approximation.

In DHE, the data is passed through several layers. The combining algorithm then trains the combiner on the
output of the last layer. Each layer receives the meta-data of training data obtained from the previous layer and
outputs the triple {Fi,Li,Hi}:

– Fi: The indices of features selected by a feature selection method.
– Li: The meta-data generated at layer i which is used as input for layer i.
– Hi: The set of base classifiers which predicts on an instance at layer i.

In the design of each layer, before generating the meta-data and the set of base classifiers, we use a feature selection
method to select a subset of features to prevent overfitting as well as to improve ensemble performance. Here we are
inspired by the idea of drop out in DNNs in which units (both hidden and visible) in a neural network are dropped
to reduce overfitting. Feature selection is an important research topic in pattern recognition, data analysis, and
data mining. In fact, real-world data usually contain redundant attributes which increases storage and computation
costs. Besides, some of the attributes may be irrelevant to the class that the data belongs to. Hence, eliminating
redundant or irrelevant attributes will improve classification performance and efficiency. Feature selection is not
only beneficial in avoiding overfitting but it also provide a deep insight into the data generation process [13].

As commented in [19], the stacking model uses a layer framework in the ensemble since re-training on multiple
layers of meta-data can lead to overfitting. In this work, we apply the filter feature selection strategy [13] on the
input data of a layer to prevent overfitting. As the filter approach focuses only on the intrinsic properties of the data
while ignoring the classification process, it can reduce overfitting when multiple layers of meta-data are generated.
Each layer outputs the indices of the selected features in a set Fi which will be used for feature selection during
classification.

To generate the meta-data Li from the labeled data at the ith layer, we use Ti-fold cross validation on the
selected meta-data L̂i−1 obtained the meta-data Li−1 of the (i− 1)th layer. In detail, L̂i−1 is divided into Ti disjoin
parts in which the cardinality of each part is nearly similar. One part will be used as the test set and the other will
be used as the training set. By doing this, an observation in L̂i−1 will be used as the training data for Ti − 1 times
and as test data for 1 time. At the end, we obtain pik,m(xn), which is the prediction of the kth classifier at the ith

layer that xn belongs to the class label ym. We assume that the classifiers output the prediction in the form of soft
label [10, 12]:

M∑
m=1

pik,m(xn) = 1; ∀k = 1, ...,K;n = 1, ..., N (1)

From these predictions, we can now create the meta-data Li as the input for the next layer. This is done by
concatenating the prediction vector of each classifier for each observation. The meta-data of the training set at the
ith layer is as an N ×MK matrix. The row of this matrix is the predictions of all classifiers for a specific instance
and the column is the predictions of all instances arranged in the order:

Li = [Li(x1)...Li(xN )]T (2)

Li(xn) =
[
pi1,1(xn), pi1,2(xn), ..., piK,M−1(xn), piK,M (xn)

]
(3)

The set of base classifiers of the ith layer Hi is also learned by training K given learning algorithms on the
selected meta-data L̂i−1 i.e. Hi = {hi,k} hi,k : L̂i−1(xn) → ŷi. At the end of the last layer, a combining algorithm
is used to train the combiner on the meta-data for the collaborated decision.

Given a test instance x, it will pass through the layers to finally obtain the meta-data when reaching the last
layer. Referring to the set of selected features, we select associated features L̂i−1(x) in the meta-data of x from the
(i− 1)th layer. The base classifiers Hi then work on this selected meta-data to obtain the meta-data of x at the ith

layer. Once again, the meta-data of x i.e. Li(x) is given in a shape of a MK-vector. The meta-data output of the
last layer is fed into the combiner to generate the predicted label.
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Fig. 1. The deep heterogeneous ensemble system

3.2 Combining algorithms

To examine the influence of the combining algorithm on the proposed framework, we experimented on two popular
combining algorithms. The first method is the Sum Rule, a fixed combiner for heterogeneous ensemble systems [5].
Sum Rule simply sums the meta-data of each test instance for each class and assigns label to the class with the
maximum value. In the proposed framework, the Sum Rule for a test instance x at the ith layer is given by:

x ∈ yt if t = argmaxm=1,...,M

K∑
k=1

pik,m(x) (4)

We also used MLR [15], a trainable combiner, to obtain the final collaborated decision. MLR is a weight-based
technique in which the weigh that each classifier contributes to the combination is found by solving:

min


N∑
i=1

(
I[ym = ŷi]−

K∑
k=1

ωkmpik,m(xi)

)2
 (5)

where xi is a training observation and I[·] is the indicator function which returns 1 if the condition is true and 0
otherwise. Once the weights are obtained, prediction is given by:

x ∈ yt if t = argmaxm=1,...,M

{
K∑

k=1

ωkmpik,m(x)

}
(6)

4 Experimental Studies

4.1 Configurations

We used the same configuration for DHE in all experiments: in each layer, we used three learning algorithms namely
K Nearest Neighbor (K was set to 5), Logistic Regression, and Näıve Bayes to generate the meta-data and the base
classifiers. We used the 10-fold Cross Validation in all layers to generate the meta-data. To automatically determine
the number of layers, we split the training data into the training part and the validation part. We then used the
training part to grow the model and trained the combiner on the meta-data of each layer. The performance of

4 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 16, No. 1



Deep Heterogeneous Ensemble 5

Table 1. The information of experimental datasets

Data
# of

training
# of

validation
# of
test

# of
class labels

# of
dimensions

Appendicitis 59 15 32 2 7
Artificial 392 98 210 2 10
Australian 386 97 207 2 14
Balance 349 88 188 3 4
Banana 2968 742 1590 2 2
Biodeg 590 148 317 2 41
Blood 418 105 225 2 4
Breast-Cancer 382 96 205 2 9
Breast-Tissue 59 15 32 6 9
Cleveland 165 42 90 5 13
Contraceptive 824 207 442 3 9
GM4 560 140 300 3 1000
Haberman 171 43 92 2 3
Heart 151 38 81 2 13
Hill Valley 1356 340 728 2 100
Isolet 4365 1092 2340 26 617
Led7digit 280 70 150 10 7
Madelon 1120 280 600 2 500
Mammographic 464 117 249 2 5
Musk1 266 67 143 2 166
Newthyroid 120 30 65 3 5
Penbased 6155 1539 3298 10 16
Ring 4144 1036 2220 2 20
Sonar 116 29 63 2 60
Titanic 1232 308 661 2 3
Twonorm 4144 1036 2220 2 20
Vehicle 473 119 254 4 18
Waveform w noise 2800 700 1500 3 40
Waveform wo noise 2800 700 1500 3 21
Wine 99 25 54 3 13

DHE at each layer was evaluated by the combiner on the validation part. We followed the experiments in [19] in
which 80% of training data is used for the training part and the remainder is used for the validation part. The layer
growing process is stopped if the classification error rate on the validation part does not improve after 5 layers.

We evaluated DHE using 3 different feature selection methods. On the input meta-data of each layer, we
computed (i) chi-squared statistic between each meta-data feature and class (ii) the ANOVA F-value, and (iii) the
mutual information. These methods were implemented from the scikit-learn library. We then ranked the meta-data
features based on the results and selected the top 50% of the meta-data as the final input features for the layer.

We compared DHE to some well-known benchmark algorithms in deep ensemble learning and standard ensemble
learning: A standard Random Forest with 2000 trees, gcForest (with 500 trees in each of 8 forests), XgBoost with
2000 trees, and Multi-Layer Perceptron (MLP). As the performance of MLP significantly depends on the network
structure, we examined a range of parameters including input-30-20-output, input-50-30-output, and input-70-50-
output; and then reported the best performance.

To assess the statistical significance in the comparisons, we used the Friedman test to test the null hypothesis
that all methods perform equally on all datasets. If the p-value of this test is smaller than a significant threshold e.g.
0.05, we reject the null hypothesis and conduct the Nemenyi post-hoc test for pairwise comparison on all datasets.
The experiments were conducted on 30 datasets selected from various sources such as the UCI Machine Learning
Repository and [9] (for the GM4 dataset). The detailed information of these datasets are presented in Table 1.

4.2 Experimental Results

Different feature selection methods: Fig 2 and 3 present the classification error rates of DHE with MLR and
Sum Rule using the three different feature selection methods (denoted by DHE MLR and DHE Sum). Clearly,
different feature selection methods have a significant effect on a number of datasets such as Cleveland, Blood,
Artificial with DHE MLR and Breast-Tissue, Cleveland, Balance, and Penbased with DHE Sum. In the next section,
we use the results with mutual information-based feature selection method to compare with those of the benchmark
algorithms.
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Fig. 2. The classification error rate of DHE MLR using three feature selection methods
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Fig. 3. The classification error rate of DHE Sum using three feature selection methods

Comparison to baselines: Table 2 presents the classification error rates of DHE MLR and DHE Sum using
mutual information and 4 well-known benchmark algorithms. Based on the experimental results and the statistical
test results, some observations can be made:

– The P-value of the Friedman test is 1.261E-08 thus we rejected the null hypothesis. The Nemenyi test result in
Fig 4 shows that DHE MLR is better than all four benchmark algorithms and DHE Sum is better than MLP
and XgBoost. Meanwhile, there are no differences between DHE MLR and DHE Sum and between DHE Sum
and gcForest/Random Forest.

– DHE MLR achieves the lowest average rank among all methods (rank value 2.03). On the 30 datasets, DHE MLR
ranks first in 12 cases (40%), ranks second in 12 cases (40%), and does not rank below third on any datasets.
DHE Sum ranks second with a rank value 2.6. DHE Sum only performs poorly on 3 datasets: Penbased, Con-
traceptive, and Breast-Tissue. XgBoost and MLP meanwhile are the two poorest methods where MLP ranks
fifth (rank value 4.40) and XgBoost ranks sixth (rank value 4.68).

– The proposed DHE is significantly superior than the benchmark algorithms on some datasets such as Breast
Tissue (0.2188 of DHE MLR vs. 0.25 of gcForest), Cleveland (0.3333 of DHE MLR vs. 0.4 of gcForest), Haber-
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Fig. 5. The classification error rate of DHE Sum on the validation set and test set after each layer on two datasets

man (0.2065 of DHE Sum vs. 0.25 of MLP), Heart (0.1358 of DHE MLR and DHE Sum vs. 0.1728 of gcForest),
and Hill valley (0.0137 of DHE Sum vs. 0.3214 of XgBoost).

– DHE MLR is better than DHE Sum on some datasets such as Penbased, Breast-Tissue, Contraceptive, and
Mammographic, and Led7digit. It is because MLR trains the combiner on the meta-data for class label predic-
tion. However, there are some exceptions in which DHE Sum outperforms DHE MLR, for example, on Balance
and Haberman dataset.

– In comparison to gcForest, DHE is simpler and faster with only three different learning algorithms in each layer.
In contrast, gcForest uses a large number of trees in each forest (500 trees in each of 8 forests in the original
paper and in our experiment), resulting in very expensive training.

Benefit of layer-by-layer processing: Fig 5 shows the classification error rate of DHE Sum with mutual in-
formation feature selection on the validation set and test set for the Madelon and Waveform wo noise dataset. It
can be seen that the classification error rate of DHE Sum on the validation set and test set both reduces through
each layer. This is evidence of overfitting avoidance. This also indicates that the layer-by-layer processing works
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Table 2. The classification error rate of DHE MLR, DHE Sum, and the benchmark algorithms

MLP
Random
Forest

gcForest XgBoost DHE MLR DHE Sum

Appendicitis 0.1875 (3) 0.2188 (6) 0.1875 (3) 0.1875 (3) 0.1875 (3) 0.1875 (3)
Artificial 0.3238 (6) 0.2381 (4) 0.2048 (3) 0.2429 (5) 0.1905 (1) 0.2000 (2)
Australian 0.2802 (6) 0.1159 (1) 0.1353 (3) 0.1401 (5) 0.1353 (3) 0.1353 (3)
Balance 0.0266 (1) 0.1862 (6) 0.1543 (5) 0.1117 (4) 0.1064 (3) 0.0745 (2)
Banana 0.1019 (1) 0.1044 (2) 0.1075 (5) 0.1107 (6) 0.1050 (3.5) 0.1050 (3.5)
Biodeg 0.1199 (2) 0.1104 (1) 0.1388 (5) 0.1546 (6) 0.1262 (3) 0.1325 (4)
Blood 0.2667 (3) 0.2711 (4) 0.2800 (5.5) 0.2800 (5.5) 0.2400 (1) 0.2444 (2)
Breast-Cancer 0.0390 (3.5) 0.0439 (5) 0.0293 (1) 0.0488 (6) 0.0390 (3.5) 0.0341 (2)
Breast-Tissue 0.8438 (6) 0.2813 (3) 0.2500 (2) 0.3125 (4) 0.2188 (1) 0.4688 (5)
Cleveland 0.6222 (6) 0.4222 (4) 0.4000 (3) 0.4444 (5) 0.3333 (1) 0.3556 (2)
Contraceptive 0.4299 (1) 0.4570 (3) 0.4615 (4.5) 0.4615 (4.5) 0.4389 (2) 0.4661 (6)
GM4 0.0200 (5) 0.0000 (2.5) 0.0000 (2.5) 0.1033 (6) 0.0000 (2.5) 0.0000 (2.5)
Haberman 0.2500 (3) 0.2717 (4) 0.2826 (5) 0.3587 (6) 0.2283 (2) 0.2065 (1)
Heart 0.3086 (6) 0.1852 (4) 0.1728 (3) 0.2222 (5) 0.1358 (1.5) 0.1358 (1.5)
Hill valley 0.4382 (6) 0.3365 (4) 0.3832 (5) 0.3214 (3) 0.0151 (2) 0.0137 (1)
Isolet 0.0500 (1) 0.0611 (5) 0.0615 (6) 0.0543 (3) 0.0526 (2) 0.0556 (4)
Led7digit 0.2800 (1.5) 0.3133 (5) 0.3000 (3.5) 0.3400(6) 0.2800 (1.5) 0.3000 (3.5)
Madelon 0.4867 (6) 0.3217 (2) 0.3933 (5) 0.3117 (1) 0.3283 (3) 0.3333 (4)
Mammographic 0.2570 (6) 0.2169 (5) 0.1526 (2) 0.2048 (4) 0.1365 (1) 0.1606 (3)
Musk1 0.1818 (6) 0.1538 (4) 0.1259 (1) 0.1678 (5) 0.1329 (2) 0.1399 (3)
Newthyroid 0.0154 (3.5) 0.0154 (3.5) 0.0308 (5) 0.0462 (6) 0.0000 (1.5) 0.0000 (1.5)
Penbased 0.0121 (5) 0.0088 (4) 0.0076 (1.5) 0.0082 (3) 0.0076 (1.5) 0.0391 (6)
Ring 0.1482 (6) 0.0428 (5) 0.0221 (1.5) 0.0284 (4) 0.0225 (3) 0.0221 (1.5)
Sonar 0.1587 (5) 0.1587 (5) 0.1270 (2.5) 0.1587 (5) 0.1111 (1) 0.1270 (2.5)
Titanic 0.2496 (4.5) 0.2496 (4.5) 0.2496 (4.5) 0.2496 (4.5) 0.2405 (2) 0.2375 (1)
Twonorm 0.0293 (6) 0.0248 (5) 0.0221 (3) 0.0239 (4) 0.0212 (1.5) 0.0212 (1.5)
Vehicle 0.4882 (6) 0.2165 (3) 0.2205 (4) 0.2283 (5) 0.1811 (1.5) 0.1811 (1.5)
Waveform w noise 0.1633 (6) 0.1367 (4) 0.1273 (3) 0.1380 (5) 0.1260 (2) 0.1240 (1)
Waveform wo noise 0.1447 (5) 0.1440 (4) 0.1373 (3) 0.1713 (6) 0.1320 (2) 0.1307 (1)
Wine 0.6111 (6) 0.0000 (2.5) 0.0000 (2.5) 0.0556 (5) 0.0000 (2.5) 0.0000 (2.5)

Average rank 4.4 3.83 3.45 4.68 2.03 2.6

effectively with heterogeneous ensemble system in which using the meta-data as the input data for the next layer
in a multi-layer deep framework reduces the overall classification error rate.

5 Conclusions

In summary, we introduced a novel DHE algorithm inspired by the layer-by-layer processing of DNNs. In each layer
of our DHE, we first applied a feature selection method to the input data (i.e. the meta-data from the previous
layer) which remove the irrelevant features and prevent overfitting for the model. A cross-validation procedure and
K different learning algorithms is then applied to the selected data to obtain the meta-data and the base classifiers.
The meta-data then is then used as the input data for the next layer. We used a combining algorithm on the
meta-data of the last layer to train a combiner for the class prediction. The layer growing process is controlled
by using a validation set where we stop creating new layer if the classification error rate does not improve after a
specific number of layers. Experiments on 30 datasets confirm that DHE is better than four well-known benchmark
algorithms.

The proposed DHE resolves some limitations of DNNs mentioned before. First, like the gcForest, DHE only has
two parameters: the number of layers for early stopping control and the number of folds in cross-validation which
can simply set with default values. Second, DHE only uses a small number of learning algorithms on each layer (3 in
our experiments), resulting in a very fast training process. Finally, by using only traditional learning algorithms in
each layer, this model thus does not require a large amount of labeled data or any specialized hardware for training
like in many DNNs.
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Quasi-random Image Transition and Animation
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Abstract. Evolutionary algorithms have been widely used in the area of creativity. Recently, evolutionary processes have
been used to create artistic image transition processes using random walks. In this paper, we explore the use of quasi-random
walks for evolutionary image transition and animation. Quasi-random walks show similar features as standard random walks,
but with much less randomness. We utilize this established model from discrete mathematics and show how agents carrying
out quasi-random walks can be used for evolutionary image transition and animation. The key idea is to generalize the
notion of quasi-random walks and let a set of autonomous agents perform quasi-random walks painting an image. Each
agent has one particular target image that they paint when following a sequence of directions for their quasi-random walk.
The sequence can easily be chosen by a user and allows them to produce a wide range of different transition patterns and
animations.

Keywords: Quasi-random · computational intelligence · random walks · animation.

Introduction

Evolutionary algorithms have been used in various ways to create art and music. In the context of art, various evolutionary
computing methods have been used to create artistic images [2, 13, 15, 21, 25, 29, 33, 34]. Recently, the notion of evolutionary
image transition [23] has been introduced and the goal of this line of research is to use the evolutionary process itself to create
evolutionary processes that are interesting from an artistic perspective and potentially inspired to artists using evolutionary
computation. Furthermore, the underlying process of evolutionary image transition has been used for evolutionary image
composition taking into account features of the given images [24, 26].

We aim at creating creative work in the context of evolutionary image transition and animation. The key idea in this area
is to use randomness to create interesting processes of visual effects. Evolutionary dynamics and random walks can be closely
linked and random walks are often used to explain evolutionary behavior [3]. Previously, random walks have been used for
evolutionary image transition context [23]. Especially random walks biased on the given images can create very interesting
effects when it comes to evolutionary image transition. However, the drawback of this is that the behavior is hard to control
by the user/designer of the application.

This paper presents a new approach for evolutionary image transition using quasi-randomness and extends the framework
to evolutionary animations. Quasi-randomness has already been used in evolutionary computation and it has been shown that
using this may lead to better performing and better understandable evolutionary algorithms [30–32]. We replace the classical
random walk with a so-called quasi-random walk. In this model, the decisions of the walker are not chosen uniformly at
random, but deterministically. Instead of moving to a random neighbor, the walker visits all neighbors in a fixed order. This
model is well-studied in discrete mathematics for investigating how much randomness is required to achieve similar properties
of regular random walks, but with less randomness. The quasi-random walk was rediscovered independently several times in
the literature. In order of appearance, it has been called “Eulerian walker” [27], “edge ant walk” [35], “whirling tour” [10],
“Propp machine” [7, 19], “deterministic random walk” [6, 8], and “rotor-router model” [11, 12]. To show the relationship to
standard random walks, we mostly use the term “quasi-random walk” in the rest of the paper. We will synonymously use
“rotor-router model” to sometimes emphasize the inner workings.

Related artistic work

At the begin of the 20th century the well-known artist Paul Klee was part of the famous Bauhaus movement [9]. Klee was
a unique university teacher in Weimar and Dessau and an iconic promoter of a theoretical approach to making art. In the
Pedagogical Sketchbook [20] the artist shows his innovative approach to artistic expression. One of his important messages
about art and design is ”an active line on the walk, moving freely, without goal.” He describes the line as the most human
mark and characterizes the various types of a line. Figure 1 (a) shows “the linear line they are subdivided in some modus in
contrast to the primitiveness as a free line, a free line with accompanies of lines”. In (b), we see the drawing of “construction
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(a) (b) (c)

Fig. 1: Illustrations of Paul Klee methodology on simple strokes. Figures from Zentrum Paul Klee [36]

with middle curve from two centers radiated and in associated region shaft-wide halved”. Finally, in (c), we see the drawing
with the title Honigschrift as “a flowing line”. Paul Klee’s notes include 3900 pages and demonstrate in multiple ways how a
point can become a line and the line the plane can result in “free irregularity”. Quasi-random walks essentially create lines in
the space where they perform the walk and we take this as an inspiration for designing our transition and animation methods.

We use quasi-random walks to design algorithms for image transition and animation 3. In our algorithms, a set of agents
perform quasi-random walks where the characteristic of the random walk can easily be determined by a user. The process
starts with a given starting image (which may be white or blank). Each agent has an image that it paints. It does so by carrying
out its quasi-random walk as determined by the router sequence chosen by the user. The r agents perform their quasi-random
walks in parallel painting different images (in the case of animation) or the same target image in the case of transition.

The user can easily determine the behavior of each agent by setting the sequence of directions that is followed at every
pixel. An example sequence could be (left, down, right, up, left). Each pixel has its current active direction in the sequence. If
the agent visits a pixel p, it paints it with the corresponding pixel of its target image. Afterwards, the agent moves to the next
pixel as directed by the current active direction at p in its sequence and updates the active direction at p to the next one in the
sequence. The use of different sequences for the agents allows to create various types of interesting transition and animation
processes. Analyzing the images created during the animation process with respect to different artistic features, we show that
quasi-random animation using different rotor sequences allows to create animation processes with a wide range of different
artistic behaviors.

We evaluate the results obtained by the different processes in two ways. Firstly, we carry out a human-based investigation
and ask for preferences regarding image created at similar stages of the (quasi-)random processes. Furthermore, we evaluate
the quasi-random animation processes in terms of different important features judging the aesthetic of the images [1, 22].

The remainder of this paper is organized as follows. In the next section, we give a brief introduction into quasi-random
walks and present our approach for quasi-random image transition and animation. Afterwards, we examine the wide range of
image transitions and animations that can be created using various types of agents. We carry out a human user validation and
a feature-based analysis of the agents behavior. Finally, we finish with some concluding remarks.

Quasi-random transition and animation

We now describe the concept of quasi-random walks in greater detail and present our method for carrying out quasi-random
image transition and animation. A quasi-random walk is best described on the two-dimensional infinite grid Z2. Imagine a
single walker on some arbitrary vertex (x, y) ∈ Z2. The walker is allowed to move to one of the four neighbors right, down,
left, or up, that is, to (x+1, y), (x, y+1), (x−1, y), or (x, y−1). A random walk would choose independently and uniformly
at random one of these four neighbors and move there. In order to use less randomness, the quasi-random walk assigns a
permutation of the four directions right, down, left, up to each vertex of the grid. These permutations are fixed initially and
deterministically determine the behavior the quasi-random walkers. To store the current status of the permutation, each vertex
has a rotor to manage which neighbor to visit next. Each time a walker is leaving a vertex, it moves in the direction of the rotor
and updates the rotor according to the fixed permutation of the vertex. When the rotor reaches the last position of permutation,
it wraps around and starts again at the beginning of the permutation. The advantage of the rotor-router model is that it doesn’t
require randomness and the process is completely determined by the sequence used and the starting position of the rotor.

The simplest rotor sequences are (right, down, left, up) or (right, left, down, up). In both cases the quasi-random walker
visits the four neighbors as uniformly as the standard random walk in expectation. Note that the first, clockwise rotor se-
quence is circular while the second rotor sequence is non-circular. It has been proven that such quasi-random walkers behave
very similar to the expected behavior of a standard random walk [8]. In fact, there is even a slight difference between both

3 Videos are available at https://vimeo.com/anetaneumann
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Quasi-random Image Transition and Animation 3

Algorithm 1 QUASI-RANDOM ANIMATION

Require: Start image Y of size m × n. For each agent k, 1 ≤ k ≤ r, an image Ik of size m × n, sequence Sk and position counters
ck(i, j) ∈ {0, . . . , |Sk|}, 1 ≤ i ≤ m, 1 ≤ j ≤ n.

1: X ← Y
2: for each agent k, 1 ≤ k ≤ r do
3: choose P k ∈ m× n and set X(P k) := Ik(P k).
4: end for
5: t← 1
6: while (t ≤ tmax) do
7: for each agent k, 1 ≤ k ≤ r do
8: Choose P̂ k ∈ N(P k) according to Sk(c(P

k)).
9: X(P̂ k)← Ik(P̂ k)

10: ck(P k)← (ck(P k) + 1) mod |Sk|.
11: P k ← P̂ k.
12: end for
13: t← t+ 1
14: end while

aforementioned rotor sequences: The second, non-circular rotor sequence is proven to behave even a bit closer to the expected
random walk than the first, circular rotor sequence.

Following the idea of a “stack walk” [18], we generalize the concept of the quasi-random walk and allow not only per-
mutations and rotor sequences of length four, but arbitrary sequences of the four cardinal directions. If some directions occur
more frequently than others, this results in a bias of the walker in a particular direction. For example, the rotor sequence
(right, left, up, down, right, left) will much more explore horizontally than vertically. This bias implies a deviation from the
expected behavior of the standard random walk but allows for more interesting effects. We take the technical behavior of
quasi-random walks and combine it with Kandinsky’s art to create artistic work. Quasi-random animation follows the idea
of the rotor-router model in order to produce artistic ideas by agents carrying out quasi-random walks. The pseudo-code for
quasi-random animation is given in Algorithm 1.

We consider a set of r agents where each of them has the goal to paint one particular image Ik. Each agent k, 1 ≤
k ≤ r, works with a sequence Sk which consists of entries from {right, down, left, up}. For example, we could have Sk =
(right, left, down, up) as in the standard rotor-router model, but also sequences such as Sk = (right, left, up, down, right)
which are not symmetric with respect to the different directions. Using such asymmetric sequences creates a bias in the walk
performed by the agent and leads to various interesting effects dependent on the choice of Sk. At each time step each agent k
moves from its current position P k to one of its pixel neighbors P̂ k ∈ N(P k) where the direction Sk(c(P k)) is determined
by the current active pointer at position P k (wrapping around at the border of the image). Afterwards the current image X gets
updated by setting the pixel value at position P̂ k to the value of image Ik at position P̂ k. The move of agent k is completed
by increasing the sequence counter ck(P k) in a modulo fashion and updating the current position P k to P̂ k. Quasi-random
image transition is a special case of quasi-random animation where all Ik are set to one particular target image I . The key
aspects when using this algorithm to create interesting transitions and animations is the number of agents, the images that they
are using for painting and the router sequence for each agent. The choice of the router sequence Sk determines the random
walk behavior of the agent k. A sequence can be an arbitrary sequence of directions. We mainly study sequences that are rather
short in this paper. The reason is that this already gives a large variety of different effects. Furthermore, short sequences are
user friendly as they can be easily adapted and understood by the user. The potential of longer sequences (partially explored
in our feature-based analysis) allows to design more fine grained animations. In addition, the approach may be extended to
have for each pixel its own sequence of directions which would allow to resemble the behavior of biased random walks used
for example in image segmentation [14].

A sequence of length 4 containing each direction exactly once such as (right, down, left, up) corresponds to the classical
rotor-router model leading to a cover time that is close to the one of a classical random walk which moves at each to a
neighboring pixel selected uniformly at random. However, the setting leads to a much smoother transition and animation
being generated as it avoids the unbalance in terms of the different directions that occurs in the classical random walk. An
unbalanced sequence such as (right, down, left, up, right) where each direction does not appear the same number of times,
introduces a bias into the direction that appears more often. Let r be the total sequence length and ri the number of times
direction i appears in this sequence. Assume that the agent has done M steps, where M is large. Then the number of steps
it has taken into direction i is roughly M · rir . This means that the sequence length r and the number of appearances ri of
direction i can be used to create arbitrary fractions of moves into the different directions. Given that each agent is working
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(a) (b) (c) (d)

Fig. 2: Starting and target images

with its own sequence and therefore its own fractions of the different directions, complex behavior can be created by using
agents with different types of sequences.

Results for quasi-random image transition

We now show our results for quasi-random image transition where an agent paints the a given image I . We use the pairs of
images shown in Figure 2 for our experiments.

To illustrate the effect of the diverse methods presented in this paper, we consider the Yellow-Red-Blue, 1925 (a) and the
Cool, 1927 by Wassily Kandinsky (c) as a starting image. We consider the Soft Hard, 1927 (b) and the With and Against, 1929
by Wassily Kandinsky (d) as a target image for image transition. In the experiments, each agent performs 5 000K steps and
the images are of size 400 x 400 pixels. This setting holds for all experiments reported on in this paper. We should mention
that the use of other starting and target images would show the same algorithmic behavior as the performance of the agents
in Algorithm 1 is independent of the choice of the images. However, using different images allows to create different artistic
effects and we will use different sets of images to illustrate a wide range of effects we observed.

We consider 1 agent carrying out the image transition. For the experiments with 1 agent, we set the starting point of the
agent to the middle of a given image (a) and observe how it transitions into image (b). The results in Figure 3. To exhibit the
differences of the symmetric quasi-random walk in comparison to a classical random walk, we show the results of the classical
random walk [23] in Figure 3 (top row).

For the first experiment for quasi-random image transition, we consider the symmetric sequence S1=(right, down, left, up)
which resemble a standard roter-router model. Figure 3 (middle row) shows the quasi-random image transition process in a
circle-patch style transforming image (a) into image (b). We observe the movement of the agent circulated in right direction
over the image. It can be observed that the quasi-random walk (middle row) produces much smoother images than the classical
random walk (top row). The quasi-random image transition produces visual pleasing results with bridging the parts of both
images in a new abstract composition. In the second experiment, we expand our approach to non standard roter-router settings
and use an asymmetric sequence for the transition. We add only one additionally position to the sequence which introduces
a bias into the added direction. For the experiment, we consider the asymmetric sequence S1= (right, down, left, up, right).
Figure 3 (bottom row) shows the results. In contrast to the symmetric quasi-random walk, the behavior of the quasi-random
image transition with the asymmetric sequences leads to horizontal stripes over the whole image. These stripes gather over
time leading to interesting cumulative effects with the target image finally appearing. It also results in a much faster transition
process. This is due to the additional direction ”right” in the chosen sequence.

Results for quasi-random animation

We now present results obtained for quasi-random animation. We showcase the results using interesting and characteristic
images of the considered animation process. The different animation videos are available online 3. Furthermore, the feature-
based analysis in the next section provides an analysis over the whole animation process with respect to artistic features.

2 Agents We use 2 agents starting at positions [m/4, n/4] and [3m/4, 3n/4] and images from Figure 2. Image (c) is used as the
starting image and as image I1 for the first agent, and image (d) is used image as I2 for the second agent. Firstly, we consider
the behavior when using the symmetric sequences S1 = (right, down, left, up) and S2 = (up, left, down, right). Figure 4
(top row) shows the results. The second agent starts to paint the image in circle appearances according to the symmetric
agent movement. The animation obtains a more dynamic character when the regions painted by the agents meet and the agent
operate at a ”larger radius”. This leads to the effect that the agents operate from all direction on the image. It looks as if the
agents naturally pervade the image and effortlessly collaborate together.

ICONIP2019 Proceedings 13
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(a) (b) (c) (d)

Fig. 3: Image transition for 1 agent. Top row: standard random walk [23]. Middle row: symmetric sequences (images af-
ter 100K, 500K, 2 000K and 3 500K steps). Bottom row: asymmetric sequences (images after 100K, 200K, 300K and
500K steps)

Fig. 4: Quasi-random animation with 2 Agents. Top row: symmetric sequences (images after 3 600K, 3 900K, 4 000K and
4 900K steps). Bottom row: asymmetric sequences (images after 300K, 500K, 1 600K and 3 700K steps)

We now consider 2 agents using the asymmetric sequences S1 = (right, down, left, up, right) and S2 = (up, left, down,
right, up). Figure 4 (bottom row) shows the results. In contrast to the previous animation, the images obtained are a mixture
of the two images of the agents in all parts of the image. This is due to the first agent painting its image in form of horizontal
stripes and the second agent painting its image using vertical strips. As the agents move over the image, their current horizontal
(for the first agent) and vertical (for the second agent) position determines which image of the agents shines through in which
part at any given point in time of the animation.

4 Agents We now consider results that are achieved when using 4 agents. We obtain 3 additional images by changing the
color spectrum of the image shown in Figure 2 (c) to blue, green, yellow. We use (c) and these 3 additional images as the
images Ik painted by the agents. This means that we can identify the image of an agent by its color. The setting allows us to
design animations where the underlying images have the same structure and only differ in terms of their color spectrum. The
image in Figure 2 (d) is chosen as the starting image. The 4 agents start at positions [m/4,m/4], [m/4, 3n/4], [3m/4, n/4]
and [3m/4, 3n/4], respectively.
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Fig. 5: Quasi-random animation with 4 Agents. Top row: symmetric sequences (images after 500K, 2 100K, 2 400K and
4 200K steps). Bottom row: asymmetric sequences (images after 100K, 1 200K, 4 000K and 4 300K steps)

Table 1: Preference for 1 agent

Image set CRW SQRW AQRW

Column (a) 6 11 3

Column (b) 2 14 4

Column (c) 4 12 4

Column (d) 2 16 2

Total (%) 17.5 66.25 16.25

Table 2: Preferences: 2 and 4 agents

Image set SQRW AQRW

Image animation, 2 agents 91.25% 8.75%

Image animation, 4 agents 81.25% 18.75%

For the symmetric experiment, we use the sequences S1 = S3 = (right, down, left, up), and S2 = S4 = (up, left, down,
right). The results in Figure 5 (top row) show that the images of the agents appear in circle-patch styles. It can be observed
that parts of the different images painted by the agents appear at different time steps at different parts of the image. Thus, the
algorithm allows the agents to paint part of their own image. The quasi-random image animation produces a visual pleasing
result and combines the different parts of all images in a new abstract composition.

We now consider 4 agents using the asymmetric sequences S1 = S3 = (right, down, left, up, right), and S2 = S4 = (up,
left, down, right, up). Figure 5 (bottom row) shows the results. In contrast to the symmetric sequences, the different images
obtained provide an interesting mixture of the images of the different agents which is due to 2 agents moving horizontally
and 2 agents moving vertically. There are no parts that can be clearly attribute to one of the agent’s image. Instead of this, the
animation produces interesting overlapping effects where the dominance of the colors (corresponding the agent’s images) in
the different parts of the image change over time.

Human validation

We conduct human subject experiments to evaluate the image results presented in the previous sections. The goal of the
experiment is to determine user preferences for images obtained with the same number of agents. We carry out all human-
based experiments using Amazon Mechanical Turk [4] with 20 participating users.

For our first investigation, we use four image sets according to the different columns shown in Figure 3. We present each
human three images at a time corresponding to the different columns. Each column corresponds to roughly the same number
of pixels transferred to the target image, and we want to know whether to prefer the results obtained by the classical random
walk (CRW), the symmetric quasi-random walk (SQRW), or the asymmetric quasi-random walk (AQRW). The results given
in Table 1 show that 66.25% of the time the human subjects selected image created with quasi-random walk agent with
symmetric sequences. In contrast, the human subjects preferred 17.5% of the time images created with standard random walk
methods. A similar percentage (16.25%) preferred the images created by the asymmetric quasi-random walk. Interestingly,
the result show that the images obtained by the symmetric quasi-random walk are significantly preferred over images created
by a standard random walk. We do the same investigations for the images shown in Figure 4 and 5 and compared the results
obtained by symmetric quasi-random walk (SQRW) and asymmetric quasi-random walk (AQRW). The results are shown in
Table 2. The results of the investigation where the users can choose between images created during quasi-random animation
with symmetric and asymmetric sequences, reveal that the users prefer 91.25% of the time the images obtained with symmetric
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(a) Benford’s law

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

Number of Steps 10
6

2

3

4

5

6

7

8

G
lo

b
a
l 
C

o
n
tr

a
s
t 
F

a
c
to

r 
V

a
lu

e

(b) Global Contrast Factor
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(c) Colorfulness
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(d) Mean Hue

Fig. 6: Features during quasi-random animation

sequences. The result of the experiment for 4 agents shows that 81.25% of the time users select images generated with 4 agents
and symmetric sequences. The experiments indicate of strong preference of the effect of the symmetric sequences in terms of
aesthetic appearance of the images. In general, there were small differences in the user preferences, as in all four experiment
the users prefer images created with agent/agents with symmetric sequences. The strongest positive response for asymmetric
quasi-random walks of 18.75% can be observed for 4 agents.

Feature-based analysis

We now analyze the different animation processes obtained by our quasi-random animation algorithm. As the process creates
different images over time, we measure the images created with respect to different artistic features. We consider features from
the literature that have been used to measure artistic images [1, 16, 17, 22–24, 28] in order to enable an objective evaluation.

For our analysis, we examine all animation settings with 2 and 4 agents studied in the previous section. Furthermore we
investigate the following additional settings for 2 agents: In the long sequences experiment, we consider S1 = (right, down,
left, up), S2 = (right, down, left, up, right, down, left, up, right, down, left, up, right, down, left, up, right, up) and in the
repetitive sequences experiment we use S1 = (up, right, right, right), S2 = (down, right, right, right). For 4 agents we consider
the following two additional settings: In the long sequences experiment, we use S1 = S3 = (right, down, left, up), S2 = S4 =
(right, down, left, up, right, down, left, up, right, down, left, up, right, down, left, up, right, up). For the repetitive sequences
experiment, we use S1 = S3 = (up, right, right, right), and S2 = S4 = (down, right, right, right). The results for all animations
according to the features Benford’s law, Global Contrast Factor, Colorfulness, Mean Hue are shown in Figure 6. Here the top
row shows the results for animations with 2 agents whereas the bottom row shows the results for 4 agents.

Subfigure (a) shows the results of the different animations for the feature Benford’s law [5, 16]. It can be observed that
the curve for 2 agents with symmetric sequences between 1 500K and 2 000K steps achieve the highest value. High values
mean that results are less natural. Furthermore, the 2 agents with long sequences show the most natural results, as the values in
comparison to the other agents are the smallest. During the animation, the values increase slowly. The values for 2 agents with
repetitive and asymmetric sequences show a more stable behavior during the animation. The feature values for the animations
that involves the use of 4 agents with long and asymmetric sequences show regularly appearing differences in values during
the animation. They also have the overall the highest feature values among all animations. This means that those animations
are less natural and explains the chaotic appearance of the animation. Finally, it can be observed that the curve for 4 agents
with asymmetric sequences is clearly lower than those obtained for 4 agents with symmetric sequences.

In Subfigure (b), the results for the feature Global Contrast Factor (GCF) show a great difference between symmetric
sequences and all other choices. GCF measures the richness of contrast and corresponds to the human perception of contrast
in terms of visual attention. Matkovic et al. [22] show that humans prefer higher scores for GCF if they are looking at images.
High values during the animation can be observed for the animations with 2 and 4 agents using repetitive sequences. For the
animation with 2 and 4 agents with symmetric sequences, a characteristic zig-zag curve is obtained where the value slowly
increases over time. In contrast to this, the animations with 2 and 4 agents using asymmetric, long and repetitive sequences
have less variation in term of the feature values.
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Subfigure (c) shows the results of the different animations for the feature Colorfulness. [16] computed perceived colorful-
ness to evaluate the effect that processing of the natural images has on their colour. [28] have used measurements of perceived
colorfulness of website screenshots to developed computational models. It can be observed that all curves of the Colorfulness
feature obtain values of around 140-145 after the animation has run for 1 000K steps. Additionally, all curves have a very
steady behavior except for the 4 agents with symmetric sequences where we can observe regular changes over time. Such
changes make the process more interesting as it shows a larger variety within the animation.

In Subfigure (d), the results for the feature Mean Hue are shown. The animation with 4 agents using symmetric sequences
reveal the largest variety in terms of this feature value. It can be observe that the curve is alternating between high and low
values after approx. 2 500K steps. This expresses the chaotic character of those agents movement during the animation. In
contrast to this, the curve obtained during the animation for 2 agents with long sequences has a zig-zag pattern with tendency
to increasing those values during the animation. On the other hand, all agents with repetitive and asymmetric sequences tend
to have a continuous and regular behavior during the quasi-random animation.

Conclusions

Quasi-random methods allow to create interesting random behaviors and can easily be determined by a user who only has
to set a few parameters within a quasi-random algorithm. We have presented a new approach to carry out image transition
and animations. Our approach builds on theoretical insights of quasi-random walks and generalizes these concepts to multiple
agents performing quasi-random walks for image transition and animation. The approach allows to create different forms
of transition and animation by determining a sequence for each agent to be used in the quasi-random walk. Choosing these
sequences is very easy and allows an artist to experiment with different complex behaviors resulting in interesting ways of
carrying out transition and animation. Our human validation shows a clear preference of quasi-random walks over classical
random walks. Furthermore, our feature-based analysis shows that the resulting animations exhibit quite different behavior in
terms of important artistic features.
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Abstract. In this paper, we propose a robust tracking framework based on hybrid network model (HNM)
and similarity grouping algorithm. The proposed HNM adopts recurrent neural networks (RNNs) to model
the self-structure of object, and utilizes adversarial learning to enhance the representation ability of the
most robust features in temporal domain. In addition, in order to track the target according to its category-
specific information, we propose a category-specific similarity grouping algorithm so as to activate the
corresponding single branch from offline training as a binary classifier for online tracking. The experiment
results on the benchmark dataset show that our tracker has better tracking performance than other state-
of-the-art trackers.

Keywords: Hybrid network · Category-specific information · Similarity grouping

1 Introduction

Single target visual tracking has been a hot research field in recent years, which can be applied to many practical
applications such as video surveillance [1], vehicle navigation [2], human-computer interaction [3] and so on.
The primary task of tracking is to generate bounding boxes to continuously locate the position of the target
in the subsequent frame of a video based on the ground-truth information from the first frame. Most popular
tracking frameworks [4–6] adopt discriminative methods that treat tracking task as a classification problem. For
discriminative methods, a large number of positive and negative samples are extracted from around the target
to train the network, and then classified into the target or the background through binary classifiers. However,
visual tracking is an extremely challenging task because in most cases there are a series of interferences such as
illumination, occlusion, target deformation and so on.

Convolutional networks (CNNs) have powerful feature representation capabilities, so it is involved in nu-
merous tracking methods [7–9] for feature extraction. The training of CNNs requires a lot of data, otherwise it
is prone to overfitting problems. To solve the problem of lack of sufficient training data specialized for visual
tracking, H.Nam [10] proposed a Multi-Domain Network (MDNet) based on CNNs to learn a unified representa-
tion of objects from multiple videos with annotations for tracking. There have been many improved approaches
based on the MDNet in recent years. For instance, an additional RNN-based structure proposed by Fan et
al. [11] has alleviated the problem that the MDNet cannot well separate object from similar distractors of
intra-class because CNNs in MDNet mainly pay attention to classifying objects belonging to different classes.
Therefore, they incorporate the RNNs into the MDNet to take full advantage of the local feature representation
of convolutional layer. To alleviate the interference of some features with excessive discriminability, song et al.
[12] introduced adversarial learning to identify the mask that maintains the most robust features of the target
over a long temporal span. Jung et al. [8] proposed real-time MDNet that an improved RoIAlign technique and
a multi-task loss are employed to speed up tracking. Therefore, it is of great importance to research how to
design robust networks to develop tracking framework in deep learning era.

In addition, the above tracking methods [8, 10–12] are divided into two stages: offline training and online
tracking. Since individual training sequences involve different types of targets, they replaced classification layers
obtained by offline training with a new binary classification layer for retraining, which does not fully utilize the
results from offline training. Note that some of video sequences have great similarities in some ways, such as
target appearance, color texture and background scene. How to make full use of the category-specific features
of training videos is also a research focus in the tracking field.

In this paper, firstly, we propose a new hybrid network architecture (HNM) for visual tracking. A multi-
layer CNN and RNN skip concatenation strategy is implemented to provide more information for the network
architecture, where RNN is utilized to learn the self-structure information of object to obtain motion information
of the target. Some weight masks generated by adversarial networks are applied to the extracted features to
capture various variations in the appearance of target. Through adversarial learning, our HNM can identify
which features are robust and which are not sensitive to appearance variations of the target in a long temporal
domain. Secondarily, we propose a category-specific similarity grouping algorithm to regroup training videos
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during offline training. Videos sequences with high similarities are grouped into a same group. Each group
represents a specific category of training sequences and is responsible for iteratively training a branch of multi-
branch layers at the end of HNM network. When online tracking, the branch with the highest similarity to
test sequence is activated for classifier learning. In this way, our model not only makes full use of the offline
training results but also introduces the category-specific information, which greatly enhances the robustness
and discrimination of our model.

In summary, the main contributions of this paper are as follows:

• In this paper, we design a new deep learning method called hybrid network model (HNM) for single target
tracking, and it shows powerful ability in feature representation.
• A category-specific similarity grouping algorithm is proposed to regroup training data in the offline training.

When tracking a new video sequence, branch selection strategy is implemented to capture category-specific
information.
• Extensive experiment results on OTB100 [13] show that the proposed tracking method outperforms other

state-of-the-art trackers.

2 Related Work

Multi-Domain Learning. In traditional visual tracking field, it is difficult to maximize feature representation
ability of CNNs due to the limitation of the amount of tracking dataset. In order to address this problem, the
MDNet proposed by H.Nam [10] adopts a multi-domain learning structure composed of shared layers and specific
multi-branch layers. The network is trained iteratively and separately using multiple annotated video sequences
to obtain a generic feature representation during offline training. Although the MDNet can fully pretrain the
large-scale data of visual tracking and obtain the effective representation, its multi-branch layers that constitute
binary classifiers obtained by training offline are abandoned, and then the multi-branch layers are replaced by
a new classification layer when tracking a new video. To address this problem, in this paper a category-specific
similarity grouping and branch selection algorithm is introduced to use category-specific information pretrained
offline.

RNN on Visual tracking. In field of visual tracking, the RNNs model has successfully simulated long-term
contextual dependencies among frames. Ning et al. [14] used the regression capability of long short-term memory
(LSTM) to concatenate robust features generated by convolutional layers. Daniel et al. [15] used a two-path
network consisting of two LSTM blocks, one of which learns the motion feature of object and the other is
responsible for regression. Cui et al. [16] trained RNNs model in four different directions to traverse candidate
regions from multiple directions to capture context information, and the appearance model was robust to partial
occlusion. Fan et al. [11] used multiple RNNs to model self-structure of object, and the features generated by
RNNs were added to CNNs to obtain a robust feature representation. Inspired by the above, our HNM network
adopts the first three layers of convolutional layer of VGG-M model [17], and each convolutional layer followed
by a RNNs. The RNNs in HNM doesn’t model video sequences but model the self-structure of object in order
to obtain the motion information of the target to deal with the drift problem.

Adversarial Learning. The generative adversarial networks (GANs) has been a popular deep learning model
in recent years and is mainly used to generate data, such as images, sequences, videos, etc. GANs [18] regards
the generation problem as a continuous confrontation between two sub-networks which are generator and dis-
criminator. A generative model G captures the data distribution of real samples in the training set and converts
random input noise into fake samples as realistic as possible. A discriminator D estimates the probability that
a sample is from training data to distinguish the difference between real data and false data. However, GANs
cannot be directly used for visual tracking [12]. One of the main reasons is that the input data of GANs is
random noise, but not is the object proposals in the tracking task. Besides, we need to train the classifier with
labeled samples instead of unlabeled ones. For the above reasons, we add weight masks which operate on the
last RNNs features. Through adversarial learning, this masks gradually reduce the weights of excessive discrim-
inative features that only appear in few frames, and enhance the representation power of robust features in long
temporal domain.

3 Proposed Algorithm

3.1 HNM Architecture

The proposed HNM model consists of shared layers and multi-branch layers as shown in Fig. 1. The shared layers
consist of three convolutional layers (Conv1-3) and two fully connected layers (FC4-5) for learning general feature
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representations. The initialization weights of these three convolutional layers are derived from the corresponding
parts of VGG-M [17] network pretrained ImageNet [19]. Each convolutional layer is followed by a pooling layer
and a proposed RNNs layer that models the self-structure of object. The GANs module is added behind the
last RNNs layer, and the weight masks are applied to the extracted feature maps thought dropout operation.

The multi-branch layers contain m branches corresponding to m groups at the end of network. Each branch
represents a binary classifier with softmax cross-entropy loss, which is designed to distinguish target and back-
ground in each group. During offline training, each group divided by category-specific similarity grouping al-
gorithm is regarded as a category-specific data to train corresponding one branch iteratively, and the shared
layers are updated in each iteration. When tracking a new video, we calculate the similarity score of its initial
frame with all groups and activate the branch with the highest score as ultima binary classifier, which captures
the category-specific information.

Fig. 1. The proposed HNM network architecture. The input of the network is a 107*107 RGB candidate. Each convo-
lutional layer is followed by a pooling layer and a proposed RNNs layer. We add weight masks generated by GANs in
front of the first Fully-Connected layer and apply them to dropout features extracted from the last RNNs layer. The last
multiple binary classification layers are trained by multiple video groups that are divided by a proposed category-specific
similarity grouping algorithm.

RNNs modeling. We encode the self-structure of object into an undirected cyclic graph as shown in Fig. 1(a),
but its each node will be the previous or next elements of adjacent node, which makes the network difficult to
train. Therefore, we integrate four directed acyclic graphs shown in Fig. 1(b, c, d, e) to approximate the undi-
rected cyclic graph, where each directed acyclic graph is utilized for learning self-structure information of object
from an independent direction. The forward pass and backward propagation processes of the directed acyclic
graph refer to [11]. In addition, since the representation and semantic information of different convolutional
layers are different, we add the RNNs at the behind of every convolutional layer to further improve robustness
of the network.

Adversarial Learning. Some features with excessive discriminability, such as partial occlusion, short-time
rotation distortion, etc., may not last in whole video sequences. These short-term interferences easily weaken
the ability of our network to identify the target and background. In order to solve this problem, we adopt
weight masks generated by adversarial networks to select more time-stabilized robust features and decrease the
weights of time-varying discriminative features. These masks can effectively solve the drifting problem caused
by appearance variation in target tracking. The adversarial learning network is also composed of a generator G

ICONIP2019 Proceedings 21

Volume 16, No.1 Australian Journal of Intelligent Information Processing Systems



4 Yu Liu, Xiaoqiang Li et al.

and a discriminator D as shown in Fig. 1. We define the objective loss function [12] for the network as:

Lloss = min
G

max
D

E(R,M)→P(R,M)
[logD(M ·R)]

+ER→P(R)[log(1−D(G(R) ·R))]

+αE(R,M)→P(R,M)
||G(R)−M ||2.

(1)

Where R represents the multi-channel input features obtained through the last RNNs layer, M represents
the theoretically optimal mask, which can identify time-varying discriminative features of the object. G(R)
represents the mask generated by the generation network G. The dot represents the dropout operation on the
input feature R. Each iteration is first to train D network and then G network. When training D, the extracted
feature R is dealt with the mask generated by G and sent to the D for classifier training. For multiple input
features, there are different masks generated by G. After training D once, we choose the mask with the highest
loss as M and update G. By adversarial learning, as many as possible, multiple masks can cover variations of
the target and the discriminative features can be identified, which allows our tracker to utilize the most robust
features in a long temporal domain.

3.2 Offline Training via Category-Specific Similarity Grouping

In order to improve the tracking performance, a category-specific similarity grouping algorithm is used to obtain
category-specific groups as new training data for offline training. First, the key-frames sequence of each training
video is extracted to replace the video. Second, the category-specific similarity grouping algorithm is performed
to divide all key-frame sequences into new category-specific groups, where the members in each group have
high similarity. At last, each category-specific group is used to train shared layers and a separate branch of the
multi-branch layers in the HNM network. The procedure of key-frame extraction and category-specific grouping
is shown in Fig. 2.

Fig. 2. Key-frame extraction and category-specific similarity grouping

Key-frame extraction. The purpose of video key-frames extraction is to reduce a large amount of redun-
dant information existing among video sequences. We suppose that a training video sequence denotes Q={f1,
f2,. . . fh}. Each frame needs a normalization process and is divided into W sub-blocks, and its feature vectors
is calculated as:

Pf i =

[
p̄1 p̄2 ... p̄w
σ2
1 σ

2
2 ... σ

2
w

]
(2)

Where p̄w is the gray mean value of the wth sub-block and σ2
w is variance of the wth sub-block. Each frame is

represented with its feature vectors and assigned to different cluster groups according to unsupervised cluster
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algorithm. The cluster similarity calculation is:

Tc = minDist (fi, cj) (3)

Where Dist represents the Euclidean distance and cj represents the center frame of the j th cluster. In order
to prevent a lot of redundancy, we finally only select several cluster groups whose members exceed 10% of the
total number of frames and eliminate the remaining cluster groups which could not meet our requirements due
to too few members. In the effective cluster groups, we chose the frames near the cluster center as our candidate
key-frames sequence. Finally, the key-frames sequence of each video is q = {f1, f2. . . fH}, where H<h.

Category-Specific Similarity Grouping Algorithm. We propose a category-specific similarity grouping
algorithm to regroup all key-frames sequences as new training data, where each group represents a category-
specific class. The similarity between two key-frame sequences q1 and q2 is expressed as:

Simi(q1, q2) =
1

dm

|q1|∑
t=1

|q2|∑
r=1

Dist(qt1, q
r
2) (4)

Where qt1 and qr2 represent the key-frame sequences of the q1 and q2 respectively. |q1| and |q2| represent the
number of key-frames in each sequence. Then the similarity Dgc between an input key-frames sequence qw and
the divided cluster group gc is as follows:

Dgc =
1

|gc|

|gc|∑
m=1

Simi(qw, gc) (5)

ĉ = arg min
c
Dgc (6)

Where |gc| indicates the number of sequences in group gc, and ĉ represents the index of the selected cluster
group. According to Eq.5, we can calculate the similarity distance between the key-frames sequence qw and
all cluster groups. A threshold µ is set, and if Dgc < µ, the sequence qw is divided into the group with the
greatest similarity. If Dgc > µ, indicating that no cluster group is sufficiently similar to the input video key-
frames sequence, then a new cluster group will be created. In addition, if the number of frames in some groups
increases indefinitely, it is easy to cause blurring boundaries of videos, which weakens the discriminating ability
of branch learning. Therefore, we stipulate that the number of members in each group cannot exceed a certain
limit.

3.3 Online Tracking via HNM

Branch Selection. We design a branch selection strategy to select one branch carrying the category-specific
information as the binary classifier at the end of HNM network. When tracking a new video sequence, the initial
frame of the sequence is extracted. Then the similarity distances between the initial frame and key-frames in
all groups are calculated and the branch with the closest similarity is activated as the last classification layer
of the HNM network. The branch selection strategy can effectively improve the ability of network to classify
specific targets.

Tracking and Model Update. A linear regression model is trained to accurately predict the position of the
target according to the ground-truth of the first frame in a tracking sequence. Starting from the second frame,
each frame is collected to prepare for online updates of subsequent frames. We adopt a long-term and short-term
update strategy as in [10]. When the tracking score is less than the given threshold θ, we perform a short-term
update to correct the potential tracking failures. We perform a long-term update every 10 frames to jointly
update the G network and the D network online.

4 Experiments

4.1 Implementation Details

Our HNM network is implemented in Matlab using MatConvNet on a ThinkStation P51 PC with Intel(R)
Xeon(R) E5-2623 2.6 GHz CPU and Quadro M5000 GPU and 8 GB memory. The offline training datasets of
the network adopt VOT2013 [20], VOT2014 [21] and VOT2015 [22], which contain 85 videos sequences. We
use similarity grouping algorithms in section 3.2 to divide these videos sequences into different category-specific
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groups to train the HNM network. In the ith iteration, the network only handles the ith branch based on the
corresponding group for offline training.

Three convolutional layers of HNM are trained by a stochastic gradient descent (SGD) method, and the
learning rate of the convolutional layer is set to be 0.0001. The channels of the three independent RNNs layers
and the corresponding pooling layer are set to be the same. The learning rate of RNNs is to be 0.0001, and the
decay rate is 0.9. The resolution of the mask generated by GANs is the same size as the input feature obtained
through the last RNNs layer. The learning rates of G and D are set to be 0.001 and 0.0001 as VITAL [12],
respectively.

4.2 Evaluation on OTB100

Evaluation Metrics. OTB100 [13] dataset is a popular object tracking benchmark that contains 100 fully
annotated videos. The two major evaluation metrics on OTB100: bounding box overlap ratio and center location
error, both of which evaluate the performance of the tracker for tracking successful frames and are visualized
by success and precision plots of the one-pass evaluation (OPE). For the success plots of OPE, the rank of the
tracker is determined based on the area-under-curve (AUC) scores. For the precision plots of OPE, we set the
threshold distance to 20 pixels.

Experimental Results. In our hardware environment, we have reproduced the tracking results of several state-
of-the-art trackers, including SANET [11], VITAL [12], MDNet [10], C-COT [23], DeepSRDCF [24], DCFNet
[25], KCF [26], and compared them with our HNM. Fig. 3 presents the results in precision and success plots of
OPE on OTB100. It can be seen that our method achieves a 92.1% ranking score in precision plots and 69.4%
ranking score in success plots. Although our HNM tracker is second only to SANET in precision plots, it is better
than the existing popular tracker in overlap success plots. This can be attributed to the fact that our HNM
network model not only utilizes the structural information of the object itself but also enables the network to
utilize the most robust features over a long period through the mask generated by adversarial learning. Besides,
the introduction of category-specific information also improves the tracking performance.

Fig. 3. Precision and success plots of OPE on OTB100. The numbers in the legend indicate the representative precisions
of OPE at 20 pixels for precision plots, and the AUC scores for success plots.

To better analyze the performance of our tracker, Fig. 4 lists the average scores of the tracking algorithm
for various challenging situations on OTB100, including Low Resolution (LR), Occlusion (OCC), Illumination
Variation (IV), Scale Variation (SV), Motion Blur (MB), In-Plane Rotation (IPR), Fast Motion (FM), Defor-
mation (DEF), Out-of-Plane Rotation (OPR), Out-of-View (OV), Background Clutters (BC). As what can be
seen from Fig. 4, our HNM tracker is superior to other mainstream trackers under challenging situations of LR,
OCC, IV, SV, MB and IPR, among which the improvement of LR and OCC is the most significant. In detail,
our HNM tracker achieves of 89.1% and 62% average scores of precision and success plots respectively in the LR
challenging situation, which indicates that our tracker has low video resolution requirement. In addition, our
tracker is nearly 2% higher than the mainstream tracker in dealing with occlusion problems because our model
can reduce the weight of excessive discriminative features that only appear in few frames. In the aspect of the
results of FM, DEF and OPR, our tracker is similar to the other trackers’. Only in the OV and BC challenges,
the performance of our tracker is not perfect and requires us to improve further.

Fig. 5 shows the results of our HNM and multiple advanced trackers on three test sequences of the OTB100.
Both the soccer and the skating video sequences contain tracking challenges of OCC and IV. The results show
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Fig. 4. Qualitative evaluation of MDNet, SANET, VITAL and our HNM methods on eleven tracking challenging situa-
tions

that our tracker is better than others in locating the target position through a rectangular box with a scale
variation.

Fig. 5. Tracking results of three video sequences (soccer, skating1 and diving) on OTB100

5 Conclusions

The paper proposed a new framework for tracking task based on well-designed HNM network and category-specic
similarity grouping algorithm. The RNNs of HNM decomposes the features into four directions to model the
self-structure information, and the proposed GANs generates weight masks to further identify the most robust
features of the target in a long period of time. In addition, in order to improve the precision of tracking, the
proposed category-specific similarity grouping algorithm and branch selection strategy are introduced effectively
to produce category-specific information of training sequences. The experimental results on OTB100 datasets
show that our tracking method has achieved superior performance.
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Abstract. Label distribution learning has important applications in dealing with label ambiguity. Especially,
it is able to retain important information about the labels. In the label distribution classification task, the data
often have a high dimension. Excessive data dimension will seriously affect the learner’s learning efficiency and
increase the complexity of the model. However, there is little research on the reduction of label distribution
data. Multi-label feature reduction cannot be directly applied to label distribution learning. Aiming at the
label distribution data, we propose a label distribution data reduction model based on fuzzy rough set, which
is applied to reduce the features of the label distribution data. We use the positive domain and boundary
domain to reduce the label distribution data. The experimental results show that the the model was effective.

Keywords: label distribution learning, fuzzy rough set, positive region, boundary region.

1 Introduction

At present, single-label learning and multi-label learning [16] are two kinds of machine learning paradigms to deal
with the problem of label ambiguity. In single-label learning, each sample corresponds to a label, but single-label
learning does not solve the case where a sample corresponds to multiple labels, so multi-label learning is presented.
In multi-label learning, each sample corresponds to a set of labels, which solves the problem that a sample has
multiple labels. In some application contexts, what people want to know is not just what elements are included in
an image, but more importantly, the significance of these elements. Thus, the set of labels for a sample does not
indicate whether the sample has the labels but the significance of the labels for the sample, which is called label
distribution classification problem. To solve this problem, Geng proposed label distribution learning [13].

In label distribution learning, each sample corresponds to a label distribution, where each label represents the
degree of description of the the sample. The scope of the description is from 0 to 1, and the greater the degree of
description, the higher the importance of the label. The sum of all description is 1, indicating that all the labels
describe the sample together. Label distribution learning is a more generalized learning model. Single-label learning
and multi-label learning can be seen as a special case of label distribution learning. As shown in Fig 1, single-label
learning and multi-label learning, we can convert them into a label distribution in an appropriate way.

(a) single-label. (b) multi-label. (c) label distribution.

Fig. 1: Three learning algorithm

After label distribution learning was proposed, many researchers applied label distribution learning to deal
with the problem of label ambiguity and they achieved good results, such as age estimation problem [4], emotion
recognition problem [18], head gesture recognition problem [3], movie scoring problem [14] and text mining problem
[17].
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The research of label distribution learning has a good effect on solving the problem of label ambiguity, but there
are still some problems which are not solved, such as the high dimension of training data. On the one hand, too
high data dimension increases the learning burden of the learner. On the other hand, it also makes the learner
over-fit, and reduces the generalization ability of the learner. Currently, most feature reduction algorithms are for
multi-label learning. In the process of label distribution learning, because the definition of labels is changed from
label set to label distribution, the existing multi-label feature reduction algorithms can not directly solve the feature
reduction problem of label distribution learning. Aiming at the problem of label distribution classification, fuzzy
rough set model is constructed by using the knowledge of fuzzy rough set to realize the feature reduction of label
distribution data. Experiments show the algorithm is effective.

The main contributions of this paper are as follows,

1. We use the label relationship to process the labels and determine the decision domain of the samples to make
them suitable for feature reduction.

2. We use fuzzy rough sets to process the non-discrete label distribution data, and propose two methods to reduce
the label distribution learning data by using the positive domain and the boundary domain.

3. Our proposed model can effectively reduce the label distribution data, which can greatly improve the learning
efficiency of label distribution learning.

2 Related work

At present, label distribution learning mainly has the following three design categories [13]. The first one is the
problem conversion category, which converts the label distribution learning problem into a single-label learning
problem or a multi-label learning problem, then utilizes the existing single-label learning algorithm or multi-label
learning algorithm calculates the label distribution, such as PT-SVM and PT-Bayes. The second is the algorithm
adjustment category, which adapts the existing single-label learning algorithm or multi-label algorithm to the label
distribution learning problem. The main representative algorithms are AA-BP and AA-kNN. In addition, there are
some special algorithm categories directly applicable to label distribution learning. The representative algorithms
are IIS-LLD and BFGS-LLD.

Currently, most feature reduction algorithms are for single-label learning and multi-label learning [2, 6, 8, 15].
Among them, in most feature reduction algorithms, researchers use information entropy or mutual information as
the basis for feature reduction. For example, Battiti [1] proposed a feature selection algorithm based on mutual
information. Doquire [2], Li [7] and others proposed multi-label feature selection algorithm. Peng [9] et al. proposed
feature reduction algorithm for single-label learning. All of the above are feature reduction algorithms for single-
label learning and multi-label learning, but there is little research on feature reduction of label distribution data.
In order to solve this problem, we propose an algorithm for reducing the label distribution learning data.

3 Feature reduction of label distribution data based on fuzzy rough set

3.1 Label distribution data feature reduction model

Feature reduction based on positive region We define the following reduction strategies by using the positive
domain.

Definition 1. U = {x1, ..., xn} is a non-empty sample set. A = {a1, ..., am} is a set of features that describe the
sample. L = {l1, ..., lk} indicates the label distribution of the sample, and SL indicates the similarity of the label
distributions. For any conditional features B ⊆ A which determines the binary fuzzy relation R on U and for
∀x, y ∈ U , if the condition R(x, y) = R(y, x) and R(x, x) = 1 we call that R is a fuzzy similarity relation [12] and
LDS = 〈U,A, SL〉 is label distribution decision system.

Definition 2. if LDS = 〈U,A, SL〉 is label distribution decision system on universe U , and there is the condition
that B ⊆ A. RB is the binary fuzzy relation determined by features B, SL indicates the similarity of the label
distributions. The upper and lower approximations of feature B are defined as follows.

RBSL(x) = inf
y∈U

max(1−RB(x, y), SL(y)) (1)

RBSL(x) = max
y∈U

min(RB(x, y), SL(y)) (2)
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RBSL(x) and RBSL(x) represents the lower approximation and upper approximation of the sample x with respect
to the label similarity SL(x) under the feature B condition. The similarity of label distribution are defined as follows.

SL(x) =

∑n
i=1 Li(x)Li√∑n

i=1 L
2
i (x)

√∑n
i=1 Li

2
(3)

n is the number of the labels. Li(x) represents the i-th label component of sample x. Li is the standard of the label

distribution similarity. It satisfies the following conditions. Usually, we let Li = 1
n or Li =

∑m
j=1 Li(xj)∑n

i=1

∑m
j=1 Li(xj)

n∑
i=1

Li = 1 (4)

Theorem 1. RBSL(x) ⊆ RBSL(x)

Proof. It can be seen from the formula 1, if y = x and ∀x ∈ U that infy∈U max(1− RB(x, y), SL(y)) ≤ SL(x) and
maxy∈U min(RB(x, y), SL(y)) ≥ SL(x) so RBSL(x) ⊆ RBSL(x).

Definition 3. Ra(x, y) represents the degree of similarity between sample x and sample y in the binary fuzzy relation
determined by feature a, and it can be calculated using the following calculation methods [5, 11].

Ra(x, y) = 1− |a(x)− a(y)|
|amax − amin|

(5)

Ra(x, y) = max(min(
a(y)− (a(x)− σa)

a(x)− (a(x)− σa)
,

(a(x) + σa)− a(y)

(a(x) + σa)− a(x)
), 0)

(6)

RB(x, y) =
⋂
a∈B
{Ra(x, y)} (7)

The closer the x, y is, the closer the Ra(x, y) is to 1, otherwise it approaches 0. σa represents the variance of feature
a.

Theorem 2. LDS = 〈U,A, SL〉 is label distribution decision system on universe U , the features set is B, if there
is a condition that B ⊆ C ⊆ A, then RC ⊆ RB.

Proof. By the formula 7, it can be seen that if there is a condition that B ⊆ C ⊆ A, then there will be RC(x, y) ≤
RB(x, y), form that, thus RC ⊆ RB .

Theorem 3. LDS = 〈U,A, SL〉 is label distribution decision system on universe U , The features set is B, if there
is a condition that B ⊆ C ⊆ A, then RBSL(x) ⊆ RCSL(x)

Proof. Because of the condition B ⊆ C ⊆ A, from Theorem 2 it can be seen that RC(x, y) ≤ RB(x, y), then
1−RC(x, y) ≥ 1−RB(x, y), and max(1−RB(x, y), SL(x)) ≤ max(1−RC(x, y), SL(x)). Thus RBSL(x) ⊆ RCSL(x).

Theorem 4. LDS = 〈U,A,L〉 is label distribution decision system on universe U , the features set is B, if there is
a condition that B ⊆ C ⊆ A, then RCSL(x) ⊆ RBSL(x)

Proof. Because of the condition B ⊆ C ⊆ A, from Theorem 2 it can be seen that RC(x, y) ≤ RB(x, y), then
RC(x, y) ≤ RB(x, y), and inf(RB(x, y), SL(x)) ≥ inf(RC(x, y), SL(x)). Thus RCSL(x) ⊆ RBSL(x).

Definition 4. LDS = 〈U,A, SL〉 is label distribution decision system on universe U , the features set is B, the
condition is B ⊆ A, the fuzzy positive region of the label distribution about feature set B for the similarity SL is
defined as:

POSRB
SL(x) = ∀x∈URBSL(x) (8)

The larger the fuzzy positive region indicates that the classification ability of feature B is stronger, and the classi-
fication ability of B is better.
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Definition 5. LDS = 〈U,A, SL〉 is label distribution decision system on universe U , there is a feature set B, the
condition is B ⊆ A, the dependency of feature B on label distribution similarity SL is defined as:

γB(SL) =

∑
x∈U POSRB

SL(x)

|U |
(9)

Definition 6. LDS = 〈U,A, SL〉 is label distribution decision system on universe U , the features set is B, the
condition is B ⊆ A, if ∀a ∈ A − B, we call that under the condition of feature set B, the significance of feature a
is that

sigγ(a,B, SL) = γB∪{a}(SL)− γB(SL) (10)

Theorem 5. The monotonicity of γB(SL). LDS = 〈U,A, SL〉 is label distribution decision system on universe U ,
the features set is B, if there is a condition that B ⊆ A and ∀a ∈ A−B then γB∪{a}(SL) ≥ γB(SL)

Proof. It can be seen from the Theorem 3 that RBSL(x) ⊆ RB∪{a}SL(x). According to formula 8,9, it can draw a

conclusion that
∑

x∈U POSRB
SL(x)

|U | ≤
∑

x∈U POSRB∪{a}SL(x)

|U | which is γB∪{a}(SL) ≥ γB(SL)

Definition 7. LDS = 〈U,A, SL〉 is label distribution decision system on universe U , the features set is B, if there
is a condition that B ⊆ A and γB(SL) = γA(SL) and for ∀a ∈ B, it is γB−{a}(SL) < γB(SL). We call that B is a
reduction of A.

Feature Reduction based on Boundary Region The upper approximation contains information regarding the
degree of uncertainty of objects, and this information can be used to discriminate between subsets. For example, two
subsets may result in the same lower approximation, but one subset may produce a smaller upper approximation.
So this subset will be useful for the reduce project. The Boundary Region can be defined as follows.

Definition 8. LDS = 〈U,A, SL〉 is label distribution decision system on universe U , the features set is B, the
condition is B ⊆ A, RB is the binary fuzzy relation determined by feature B. The boundary region is defined as
follows:

BNDRB
SL(x) = RBSL(x)−RBSL(x) (11)

BNDRB
SL =

∑
x∈U BNDRB

SL(x)

|U |
(12)

Definition 9. IDS = 〈U,A, SL〉 is label distribution decision system on universe U , the features set is B, the
condition is B ⊆ A, under the determined fuzzy relation of features set B, BNDRB

SL is the boundary region. We
let λB = BNDRB

SL. There is a conclusion that the smaller the λB, the higher the accuracy of the classification. If
λB = 0, it indicates that the upper approximation coincides with the lower approximation, the classification accuracy
will be the best.

Theorem 6. The monotonicity of λa. LDS = 〈U,A, SL〉 is label distribution decision system on universe U , there
is a features set B, if there is a condition that B ⊆ A and ∀a ∈ A−B then λB∪{a}(SL) ≤ λB(SL).

Proof. It can be seen from the Theorem 3, 4 that RBSL(x) ⊆ RB∪{a}SL(x) and RB∪{a}SL(x) ⊆ RBL(x). Thus

RB∪{a}SL(x)−RB∪{a}SL(x) ≤ RBSL(x)−RBSL(x) which is that λB∪{a} ≤ λB .

Definition 10. LDS = 〈U,A, SL〉 is label distribution decision system on universe U , the features set B, and
B ⊆ A, λB = 0, if ∀a ∈ B, then λB−{a} 6= 0. We call that B is a reduction of A.

30 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 16, No. 1



Label Distribution Data Feature Reduction Based on Fuzzy Rough Set Model 5

Algorithm 1: Feature reduction of label distribution data based on positive region

Data: 〈U,A ∪ L〉
Result: the result of reduction reduct

1 ∀a ∈ A calculate the Ra;
2 φ→ reduct;

3 calculate SL(x) =
∑n

i=1 Li(x)Li√∑n
i=1 L

2
i (x)

√∑n
i=1 Li

2
;

4 while true do
5 for each ai ∈ A− reduct, reduct ∪ ai = B do
6 calculate RB ;
7 for each xi ∈ U do
8 RBSL(xi) = infy∈U max(1−RB(xi, y), SL(xi));
9 end

10 calculate γreduct∪{a}(SL) =

∑
x∈U POSRreduct∪{a}SL(x)

|U| ;

11 end
12 find the feature a which let the γreduct∪{a}(SL) is the highest;
13 calculate sigγ(a, reduct, SL) = γreduct∪{a}(SL)− γreduct(SL);
14 if sigγ(a, reduct, SL) > 0 then
15 reduct ∪ {a} → reduct;
16 end
17 else
18 break;
19 end

20 end
21 return reduct;

4 Algorithm design

4.1 An algorithm for feature reduction of label distribution data based on positive region

The algorithm uses the positive region of the label distribution data, traverses the feature a with the greatest
dependency, and adds it to the reduction set, then re-traverses the remaining features. Followed by the cycle until
the dependency is no longer increased, indicating that the set of features to achieve the maximum. This method
is suitable for training samples with relatively few data. For large-scale data, in order to improve the efficiency
of reduction, only traverse once feature. The value of the positive region are sorted from large to small, and add
feature one by one. If the dependency increases, add the feature, otherwise discard the feature until the traversal
feature ends. This method can greatly improve the efficiency of reduction, suitable for large amounts of data, but
weak the reduction effect.

The boundary domain reduction is similar to positive domain reduction, which uses the boundary domain value
to reduce the features. It also uses greedy rules until the added feature makes λ no longer decrease.

5 Experiment Analysis

5.1 The dataset of label distribution

Experiments of label distribution learning were performed on seven open data sets3. The details are shown in the
Table 1.

5.2 Experiment Setting

In this paper, six evaluation indexes such as Kullback − Leibler, Eculidean, Sφrensen, Squaredχ2 (the smaller
the better), Fidelity, Intersection (the higher the better) [10] are used to evaluate the reduction effect. Since the
predicted performance is computed by the ten-fold cross-validation method, the experimental results are given in
the format of (average± standard deviation). PT-LDSVR algorithm is used to test the label distribution learning
data.

3 (http://cse.seu.edu.cn/personalpage/xgeng/ldl/)
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Table 1: Data sets of label distribution learning

Data set SJAFFE SBU 3DFE Natural Movie yeast scene emotion

sample 213 500 500 500 1000 500 593
feature 243 243 294 1869 103 294 72
labels 6 6 9 5 14 6 6

Table 2: Evaluation measures for LDL algorithms

Name Formula

Kullback − Leibler ↓ KL(P,Q) =
∑c
j=1 Pj ln

Pj

Qj

Educlidean ↓ Educlidean(P,Q) =
√∑c

j=1(Pj −Qj)2

Sφrensen ↓ Sφrensen(P,Q) =
∑c

j=1 |Pj−Qj |∑c
j=1 |Pj+Qj |

Squaredχ2 ↓ Squaredχ2(P,Q) =
∑c
j=1

(Pj−Qj)
2

Pj+Qj

Fidelity ↑ Fidelity(P,Q) =
∑c
j=1

√
PjQj

Intersection ↑ Intersection(P,Q) =
∑c
j=1 min(Pj −Qj)

5.3 The result of experiment

Kullback-Leibler Distance comparative analysis
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Fig. 2: the comparative analysis of two method

1. As can be seen from Table 3 and Fig. 2, the algorithm has a high degree of reduction in SJAFFE data. The
reduction of the positive region and boundary region all improve the prediction performance of the training
data and have good reduction effect. The reduction degree is about 41%. Among them, both the precision of
positive region reduction and boundary region reduction are increased. The standard deviation is smaller than
before. Both algorithms have better performance.
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Table 3: The experiment results

DataSets measures Raw Data Positive Boundary

Kullback − Leibler ↓ 0.0687± 0.0128 0.0610± 0.0097 0.0629± 0.0110
Eculidean ↓ 0.1484± 0.0161 0.1410± 0.0135 0.1427± 0.0144
Sφrensen ↓ 0.1462± 0.0169 0.1391± 0.0145 0.1410± 0.0153

SJAFFE Squaredχ2 ↓ 0.0648± 0.0114 0.0580± 0.0087 0.0597± 0.0098
Fidelity ↑ 0.9834± 0.0030 0.9852± 0.0022 0.9847± 0.0025

InterSection ↑ 0.8538± 0.0169 0.8609± 0.0145 0.8590± 0.0153
Feature Num 243 144 143

Reduction rate − 40.7% 41.1%

Kullback − Leibler ↓ 1.2136± 0.0982 1.2078± 0.0923 1.2375± 0.1001
Eculidean ↓ 0.5444± 0.0375 0.5406± 0.0324 0.5532± 0.0300
Sφrensen ↓ 0.5157± 0.0300 0.5129± 0.0258 0.5228± 0.0306

Nature Squaredχ2 ↓ 0.7550± 0.0627 0.7481± 0.0553 0.7698± 0.0651
Fidelity ↑ 0.7185± 0.0627 0.7217± 0.0248 0.7128± 0.0283

InterSection ↑ 0.4843± 0.0300 0.4871± 0.0258 0.4772± 0.0300
Feature Num 294 203 156

Reduction rate − 30.9% 46.9%

Kullback − Leibler ↓ 0.0750± 0.0109 0.0720± 0.0082 0.0720± 0.0083
Eculidean ↓ 0.1584± 0.0127 0.1564± 0.0105 0.1567± 0.0106
Sφrensen ↓ 0.1518± 0.0116 0.1498± 0.0095 0.1501± 0.0095

SBU 3DFE Squaredχ2 ↓ 0.0696± 0.0097 0.0672± 0.0073 0.0672± 0.0074
Fidelity ↑ 0.9822± 0.0025 0.9828± 0.0019 0.9828± 0.0019

InterSection ↑ 0.8482± 0.0116 0.8502± 0.0095 0.8499± 0.0095
Feature Num 243 29 33

Reduction rate − 88.1% 86.4%

Kullback − Leibler ↓ 0.1248± 0.0264 0.1247± 0.0254 0.1249± 0.0246
Eculidean ↓ 0.1860± 0.0223 0.1856± 0.0219 0.1859± 0.0214
Sφrensen ↓ 0.1849± 0.0223 0.1843± 0.0217 0.1845± 0.0212

Movie Squaredχ2 ↓ 0.1202± 0.0242 0.1199± 0.0232 0.1201± 0.0226
Fidelity ↑ 0.9679± 0.0067 0.9679± 0.0065 0.9679± 0.0063

InterSection ↑ 0.8151± 0.0223 0.8157± 0.0217 0.8155± 0.0212
Feature Num 1896 61 43

Reduction rate − 96.8% 97.7%

Kullback − Leibler ↓ 0.9268± 0.0485 0.9276± 0.0465 0.9276± 0.0465
Eculidean ↓ 0.3583± 0.0115 0.3584± 0.0110 0.3584± 0.0110
Sφrensen ↓ 0.4898± 0.0151 0.4897± 0.0143 0.4897± 0.0143

yeast Squaredχ2 ↓ 0.7464± 0.0294 0.7469± 0.0280 0.7469± 0.0280
Fidelity ↑ 0.6878± 0.0117 0.6875± 0.0112 0.6875± 0.0112

InterSection ↑ 0.5102± 0.0151 0.5103± 0.0143 0.5103± 0.0143
Feature Num 103 75 73

Reduction rate − 27.2% 29.1%

Kullback − Leibler ↓ 1.0483± 0.0743 0.1053± 0.0751 0.1052± 0.0747
Eculidean ↓ 0.5924± 0.0406 0.5938± 0.0408 0.5935± 0.0407
Sφrensen ↓ 0.5975± 0.0293 0.5989± 0.0297 0.5986± 0.0295

Emotions Squaredχ2 ↓ 0.9092± 0.0566 0.9124± 0.0572 0.9116± 0.0570
Fidelity ↑ 0.6158± 0.0233 0.6146± 0.0235 0.6149± 0.0234

InterSection ↑ 0.4025± 0.0293 0.4011± 0.0297 0.4014± 0.0295
Feature Num 72 57 58

Reduction rate − 20.8% 19.4%

Kullback − Leibler ↓ 1.2293± 0.2633 1.2641± 0.2537 1.2565± 0.2272
Eculidean ↓ 0.7465± 0.0897 0.7490± 0.0825 0.7503± 0.0697
Sφrensen ↓ 0.6580± 0.0783 0.6598± 0.0699 0.6643± 0.0602

scene Squaredχ2 ↓ 1.0344± 0.1734 1.0446± 0.1588 1.0489± 0.1390
Fidelity ↑ 0.5637± 0.0692 0.5589± 0.0638 0.5575± 0.0560

InterSection ↑ 0.3420± 0.0783 0.3402± 0.0699 0.3357± 0.0602
Feature Num 294 27 41

Reduction rate − 90.8% 86.1%
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Fig. 3: Algorithm performance comparison

2. Both positive region reduction and boundary reduction algorithm have a high degree of reduction in Nature. The
positive reduction algorithm make the prediction accuracy higher than raw data, and the boundary reduction
algorithm has a loss in the prediction accuracy. The reduction degree is 30.9% and 46.9%. Both algorithms have
better performance, and the positive region reduction is better than the boundary region reduction.

3. The positive and boundary reduction have a good effect in SBU 3DFE. They improve the prediction accuracy of
the training data and have a good reduction. The reduction degree is 88.1% and 86.4%. The standard deviation
is also smaller than before.

4. The positive region reduction algorithm and the boundary reduction algorithm have a high degree of reduction
for Movie data. The reduction degree is 96.8% and 97.7%, and the features are reduced greatly.

5. The algorithm is effective for the data set transformed from multi-label data set. It can maintain the original
accuracy, partial accuracy has increased. Comparing with the real data set, the ability to maintain the accuracy
is not enough. Because the data set transformed from multi-label can not reflect the real label.

6. The performance comparison of the algorithm is shown in Fig. 3, such as PCA, LLE, Laplacian. On the most
datasets, positive domain reduction and boundary domain reduction are superior to other feature reduction
algorithms. Because unsupervised dimensionality reduction method such as PCA, LLE and Laplacian do not
consider the unique properties of label distribution. Positive domain reduction and boundary domain reduction
utilize the label distribution, so that it can predict better than others. In some datasets, positive domain reduc-
tion and boundary domain reduction do not achieve good predictions, such as datasets Nature, Emotion. Since
they are modified by multi-label datasets, the multi-label data lose the label distribution information. It may
also introduce information that is unfavorable to the prediction, so the prediction performance is worse. Posi-
tive domain reduction and boundary domain reduction are more suitable for real label distribution datasets. In
addition, another advantage of positive domain reduction and boundary domain reduction is that the prediction
results are interpretable, and they do not change the original input data.

6 Conclusion

This paper introduces the knowledge of label distribution learning and uses the knowledge of fuzzy sets and rough
set to provide the feature reduction algorithm of label distribution based on fuzzy rough set. Experiments show
that the algorithm has good ability of reducing the data of label distribution, and can improve the classification
performance of learners. In the course of the experiment, we also find that if the data has the higher degree of
correlation between features and less feature dimension, the degree of the reduction is not high. At the same time,
the label relevance can affect the accuracy of the data, that is the area for improve.
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Multi-objective Genetic Algorithm for Continuous Network Design Problems  
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Abstract. With the rapid development of urbanization, the existing road network has become insufficient to carry the 
increasing traffic flow. To solve this problem, researchers have introduced the road network design problem (NDP). 
NDP is a combinatorial optimization problem which aims to find an optimal road network design schema. In general, 
NDP can be formulated as a bi-level optimization problem, including the user equilibrium problem in the lower level 
and the system optimal (SO) problem in the upper level. But the existing studies about NDP usually focused on only 
one objective, i.e., maximizing the capacity of the road network. In this paper, we intend to propose a multiobjective 
NDP which takes both the capacity of road network and the cost of construction into account. In order to solve this 
problem, a nondominated-sorting genetic algorithm (NSGA-II) for multiobjective NDP is proposed. In the experi-
ment, benchmark networks with different scales from the literature and some randomly-generated networks are used 
as the test set. Experimental results show that the results obtained by the proposed approach are promising. 

Keywords: Genetic algorithm, multi-objective optimization, road network design. 

1 Introduction 

With the rapid development of urbanization, traffic congestion has become a serious social problem in almost all big 
cities in the world. The number of cars in cities still keeps rising, and the existing road network fails to carry the in-
creasing traffic flow. To solve this problem, one practical way is to redesign and reconstruct the existing road network 
such that the capacity of road networks can be improved. In the literature, researchers have formulated this problem as 
the road network design (NDP) problem [1]. 

NDP remains a new field in transportation research. In most studies, NDP is defined as a bi-level optimization prob-
lem, where the upper level is the optimal design of the road network such that network capacity is maximized, and the 
lower level is the assignment of user-level traffic flows such that equilibrium among users can be achieved. According 
to the characteristic of the decision variables in NDP, NDP models are divided into two families, continuous NDP 
(CNDP) and discrete NDP (DNDP) [2, 3]. In CNDP, how to expand the existing road sections is considered. Since road 
reconstruction will make the capacity of roads change continuously, the decision variables are defined in continuous 
domain in this case. On the other hand, in DNDP, how to add new road sections on the existing road network is consid-
ered. A new road section can be represented by a new edge on the road network. Thus the decision variables are discrete 
in this case. To be more precise, most work regarded CNDP and DNDP as a bi-level optimization problem [4], which 
includes both user equilibrium (UE) as lower level object function and system optimization (SO) as upper level object 
function. 

In order to solve NDP, researchers have proposed several deterministic or approximate approaches in the literature. 
For example, LeBlanc [2] considered a problem of choosing new road connections in a traffic network to minimize the 
overall congestion of urban roads, and a mixed integer programming approach was introduced. Poorzahedy and 
Turnquist [5] proposed two approximate methods to solve the integer NDP, which could reduce the computational cost 
as well as stay at a low-level error. Gao et al. [6] proposed a new algorithm by using the support function concept to 
express the relationship between the improvement flows and the new additional links in a traffic network. 

Since NDP is usually modelled as a non-convex optimization problem, several studies made attempts to introduce 
metaheuristic algorithms to solve NDP [7]. Metaheuristic algorithms including genetic algorithm (GA), particle swarm 
optimization (PSO), etc., have been regarded as one of the most popular techniques for solving complex optimization 
problems [7-10]. Due to this advantage, metaheuristic algorithms have been widely utilized to solve many complicated 
NP-hard problems [11-17]. As for NDP, Chiou [18] applied four gradient descent methods to solve the transport CNDP. 
Zhang et al. [19] combined GA with the characteristics of CNDP to solve the non-convex optimization problem of 
CNDP. Xu et al. [20] implemented both GA and simulated annealing (SA) algorithm for DNP and further compared 
their performance. Xu [21] tried to use PSO to optimize CNDP and use one-at-a-time designs to analyze the effects of 
parameters in PSO. Li et al. [22] proposed a co-evolution algorithm which takes into account the impact of the land 
usage of traffic in CNDP. These results show that, metaheuristic algorithms have a wide range of applicability and 
could be one of the most promising methods for solving NDP/CNDP. 

However, most previous works regarded NDP as a single objective optimization problem. So far, few researchers 
have addressed this problem from a multi-objective point of view. However, road network design naturally has multiple 
objectives in practice. To cope with this need, this paper focuses on the study of the multi-target characteristics of road 
network design and proposes a multiobjective optimization model for NDP. This model includes two objectives, mini-
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mization of the construction cost and maximization of the road network capacity. To solve this problem, we proposes a 
road network design method based on the nondominated-sorting GA (NSGA-II) [23]. In the experiment, the proposed 
algorithm is compared with the existing minimum cost method. The experimental results show that the solutions set 
obtained by proposed method is promising.  

The remainder of this paper is organized as follows. The multiobjective NDP model is introduced in section 2. Here-
after, section 3 elucidates the NSGA-II algorithm and shows how the algorithm solves the multiobjective NDP in de-
tails. In section 4, experimental results are presented to investigate the performance of the proposed NSGA-II. Finally 
we draw the conclusions in section 5. 

2 The Multiobjective Traffic Network Design Problem 

In this section, the multiobjective NDP considered in this paper will be formulated in details. In particular, this paper 
considers a problem about how to expand an existing road network, with the objective to maximize the capacity of the 
road network and minimize the cost of reconstruction as well. The following assumptions are taken into account in the 
model. 1) The traffic flow in the network is controllable. That is, a vehicle will not keep driving on a circuit on the road 
network. 2) Traffic congestion will only occur on the roads, and will not occur on the nodes. 3) The relationship be-
tween the cost of road expansion and the capacity increase through road expansion is given by a linear function. 

 
Fig. 1. A simple network flow example with six nodes and nine roads. 

2.1 Notation 

In this part we introduce the basic definition of the proposed road network model in detail. 

1. The whole road network is denoted by a directed graph G = (V, E), where V is a set of road nodes (vertices) and E is 
a set of road sections (edges). Nodes 𝑠 𝑎𝑛𝑑 𝑡 in set V are the starting point and the termination point, respectively. 
The index of set E is given by n (n=1,2,…,|E|). For a specific road section n, the direction of this road is from node i  
to node j. 

2. For the 𝑛𝑡ℎ road section, we use three parameters [𝐶𝑖𝑗
𝑛 , 𝑀𝐶𝑖𝑗

𝑛 , 𝑏𝑖𝑗
𝑛 ] to denote the road. 𝐶𝑖𝑗

𝑛 denotes the original edge ca-
pacity. 𝑀𝐶𝑖𝑗

𝑛 is the maximum edge capacity and 𝑏𝑖𝑗
𝑛  is the cost of expanding the road section n by one single unit. 

2.2 Objective Functions 

The traffic network design problem considered in this paper is a bi-objective optimization problem. One objective is to 
minimize the cost in expanding road capacity and the other is to maximize the road capacity. The formal definitions of 
these two objectives are given as follows. 

Objective 1. Cost Minimization. This objective is to minimize the cost of road expansion and reconstruction. Given a 
road network, it is possible to expand some road sections of the network to increase the capacity of the road network. 
Under certain circumstance, expanding a few road sections can significantly improve the capacity of the whole network. 
Thus the essence of cost minimization is actually to direct the algorithm to search for the expansion and reconstruction 
scheme that has a strong impact on the whole network’s capacity with a low cost. 
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Formally, given the road section n from node i to node j, the cost of road expansion could be calculated using Eq. (1), 
where Δ𝐶𝑖𝑗

𝑛 is the expanding size of the road section n, 𝑏𝑖𝑗
𝑛  is the cost per unit of the road section n, and Budgetn is the 

cost for expansion. 

 𝐵𝑢𝑑𝑔𝑒𝑡𝑛 = Δ𝐶𝑖𝑗
𝑛 × 𝑏𝑖𝑗

𝑛  (1) 

Therefore, the objective function for cost minimization is given by: 

 Min Cost = min ∑ 𝐵𝑢𝑑𝑔𝑒𝑡𝑛
|𝐸|
𝑛=1  (2) 

Objective 2. Road Capacity Maximization. The second objective is to maximize the capacity of the network. In this 
objective we aim to measure the capacity in a road network quantitatively by adopting the concept of maximum flow. In 
this paper, the value of maximum flow from the starting point 𝑠 to the destination point 𝑡 in a network will be calculated 
by using the Edmonds-Karp algorithm [24], which could reduce the time complexity to 𝑂(𝑉2𝐸). The mathematical 
expression of the maximum flow problem is shown in Eq. (3). Here 𝑥𝑖𝑗  and 𝑥𝑗𝑖  are the current flow from node i to node 
j. 𝜔𝑖𝑗  is the maximum capacity from node i to node j. 

Capacity = max 𝑓 

 s. t. {
∑ 𝑥𝑗𝑖𝑗 − ∑ 𝑥𝑖𝑗𝑗 = {

−𝑓    𝑖 = 𝑡    
0       𝑖 ≠ 𝑠, 𝑡
𝑓       𝑖 = 𝑠   

0 ≤ 𝑥𝑖𝑗 ≤ 𝜔𝑖𝑗

 (3) 

3 NSGA-II for continuous network design problems 

In the existing approaches to NDP, only a single objective is considered. Thus they can only get one single solution in a 
single run, which is not suitable for the considered bi-objective NDP. On the other hand, benefiting from the popula-
tion-based metaheuristic algorithms, a set of Pareto solutions can be found by iteratively evolving a population of indi-
viduals in the search space. Thus evolutionary algorithms (EAs) have become the most popular technique for multi-
objective optimization. A number of multi-objective optimization evolutionary algorithms (MOEAs) have been pro-
posed in the past decade [25, 26]. The goal of these algorithms is to approximate the Pareto front (PF) of the problem as 
much as possible, and retain the diversity among all solutions as well. In this paper, the NSGA-II [23] is adapted to 
solve the multiobjective NDP considered in this paper. The basic procedure of the NSGA-II is depicted in Algorithm 1. 

 

 

Algorithm 1 NSGA-II 
Input: population size N, maximum generation number MaxGen, crossover possi-

bility Pc, mutation possibility Pm 
1: Set Gen = 1; 
2: Initialize Population PGen-1 of size 2N and calculate objective functions; 
3: Apply non-dominated sorting based upon ranking and crowding distance and 

select top N individuals to form population PGen-1; 
4: While Gen < MaxGen  
5:    Perform binary tournament selection, crossover, mutation operations on popu-

lation PGen-1 to generate offspring QGen-1; 
6:    Combine the parents PGen-1 and the offspring QGen-1 to a temporary population 

of size 2N; 
7:    Select population of size N to form population PGen based upon ranking and 

crowding distance; 
8:    Gen = Gen + 1; 
9: End While 

Output: Final population PGen 
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Chromosomes encoding. A solution to NDP is a scheme about how to expand the road sections in a network. Thus one 
solution in the proposed GA can be denoted by ∆𝐶𝑖𝑗

𝑛 = (∆𝐶𝑖𝑗
1 , ∆𝐶𝑖𝑗

2 , ⋯ , ∆𝐶𝑖𝑗
𝑁𝑅), ∆𝐶𝑖𝑗

𝑛 ∈ (Z ∩ {𝑥|𝑥 ∈ [0, 𝑀𝐶𝑖𝑗
𝑛 − 𝐶𝑖𝑗

𝑛]}). 
Decision variables in multiobjective NDP are the expand capacity in every edges. Since the data type of the decision 
variable is integer, the data type of coding on the chromosome should also be integer. The chromosomes size is the size 
of edges in road network. Each individual’s chromosome is encoded with a string of integers to denote the  Δ𝐶𝑖𝑗. After 
the whole iteration, each solution is corresponding to a network design solution. 

Fitness function. On one hand, the reconstruction budget of individuals could be derived from equations (1) (2). On the 
other hand, for the goal of measuring the maximum flow capacity of individuals, the maximum flow value will be cal-
culated according to the equation (3) of the network flow for each individual. 

Population generation. For the first generation, the parent population  𝑃0 is randomly generated. And the number of 
individuals in 𝑃0 is set to N. At each iteration, we will apply binary tournament selection, crossover and mutation opera-
tors on parent population 𝑃0 to produce offspring population 𝑄0 of size N. Then the parent population 𝑃0 and child pop-
ulation 𝑄0 will be combined into a temporary population 𝑅0. The size of 𝑅0 should be 2N. Several operations will be 
performed over 𝑅0. 

 
Fig. 2. Non-dominated ranking, crowding distance and population selection process. 

Non-dominated ranking. NSGA-II use non-dominated ranking to select offspring. One solution A is said to dominate 
solution B (denoted as A ≺ B) only if the following two conditions are met: 1) A is better than the B in at least one 
objective and 2) A is no worse than B in all objectives. Individuals are not dominated by any other individuals are as-
signed rank number 1. Individuals dominated only by the individuals in rank number 1 are assigned front rank 2, and so 
on. 

Crowding distance. After applying the fast non-dominated sort procedure, we get several non-dominated fronts. In 
each non-dominated front, we assigned each individual with a crowding distance by calculating the perimeter of the 
cuboid formed by using the nearest neighbors as the vertices as the Fig.3 shows. The crowding distance values of solu-
tions in both ends are set to positive infinity.  
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Fig. 3. The rectangles in calculating crowding distance, F1 and F2 are two objective. 

Population selection, crossover and mutation. The population selection procedure is determined by crowded-
comparison operator (≺𝑛). More specifically, selection is made using tournament between two individuals. If the rank 
numbers of these two individuals are different, the individual assigned with lower rank number is selected. If two indi-
viduals are assigned with the same front rank number, the individual with the largest crowding distance value is select-
ed. The crossover and mutation operators on chromosome follow the probability 𝑃𝑐 and 𝑃𝑚. In this paper, the crossover 
operator we apply is multiple-point crossover. More specifically, all the loci on chromosome have the same probability 
𝑃𝑐 to become a crossover point. Every two crossover points will lead a crossover operation between them. As for the 
mutation operator, all the loci on chromosome have the same probability 𝑃𝑚 to mutate into any feasible genotypes. 

4 Experiments and Analysis 

4.1 Experimental Design  

In this section, we perform experiments to verify the effectiveness of the proposed algorithm. The proposed NSGA-II is 
tested on eight different road networks with different sizes. The information for these networks is given in Table 1. 
Since NSGA-II is a stochastic algorithm, 30 independent runs are conducted on each instance. 
The parameters in NSGA-II are given as follows. The population size and the maximum number of generations are set 
to 150 and 500, respectively. According to some preliminary experiments and references [27], the best combination for 
the crossover probability 𝑃𝑐 and the mutation probability 𝑃𝑚 are to 0.70 and 0.07, respectively. 
In the experiment, the proposed NSGA-II is compared with the minimum cost method proposed in [28]. The main idea 
of the minimum cost method is as follows. First, it uses the unit cost of road section as the weight for each road section. 
Second, it adopts the shortest path labeling method to determine a path for traffic flow expansion. Third, it expands the 
road sections in this selected path so as to expand the possible traffic flow in this path. 

4.2 Performance Measurement 

The final goal of the considered multi-objective optimization problem is to find a set of solutions that converge to the 
true Pareto front of the problem as close as possible and maintain a good spread of solutions along the whole front. To 
compare the set of solutions obtained by NSGA-II with the single solution returned by the minimum cost method, we 
apply the hypervolume metrics. We choose the single solution obtained by the minimum cost method as the reference 
point and calculate the hypervolume value using the set of solutions obtained by NSGA-II. This quality indicator is 
often used to measure the performance of MOEAs. It represents the volume of the sum of hypercubes in a solution set 
that dominate the reference point in the objective space. 

First, we need to eliminate some unqualified individuals from the Pareto solution set and ensure that the remaining 
individuals can completely dominate the reference solution. Second, the remaining individuals are then ranked in as-
cending order according to the fitness value of one objective. Then the reference point is added to the remaining set of 
individuals and all solutions are normalized. The value of hypervolume could be derived from Eq. (4). According to the 
definition, the optimal value of a perfect hypervolume value is 1. The closer the hypervolume value is to 1, the better 
the set of solutions would be. 
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HV = ∑ |𝑜𝑏𝑗2(𝑃𝑖) − 𝑜𝑏𝑗2(𝑅𝑒𝑓)| × |𝑜𝑏𝑗1(𝑃𝑖+1) − 𝑜𝑏𝑗1(𝑃𝑖)|𝑛
𝑖=1 , 𝑃𝑛+1 = 𝑜𝑏𝑗1(𝑅𝑒𝑓)  (4) 

Table 1. Eight test networks. 

Test Network Node Number Edge Number Budget Capacity increment 

N1 8 11 37 3 

N2 9 17 68 3 

N3 10 19 88 8 

N4 11 20 132 14 

N5 13 26 106 9 

N6 16 34 143 11 

N7 18 39 180 12 

N8 25 50 101 3 

Table 2. The  results obtained by minimum cost method. 

Test Network Budget Capacity increment 

N1 37 3 

N2 68 3 

N3 88 8 

N4 132 14 

N5 106 9 

N6 143 11 

N7 180 12 

N8 101 3 

 

4.3 Results and Analysis 

Both the proposed NSGA-II and the minimum cost method are tested on the eight networks. Since the minimum cost 
method only gets a single solution, solution is shown in Table 2. The experimental results in terms of hypervolume are 
shown in Table 3. Each row belongs to a test instance. The mean value, standard deviation, variance, min, median, max 
values are displayed in each column. 

Table 3. Hypervolume value on 8 test networks. 

 Mean σ σ2 MIN Median MAX 
N1 0.78413 0.00604 3.65E-05 0.76191 0.78571 0.78571 
N2 0.725 0 0 0.725 0.725 0.725 
N3 0.63077 0 0 0.63077 0.63077 0.63077 
N4 0.60708 0.00541 2.93E-05 0.59286 0.60714 0.63019 
N5 0.67908 0.00645 4.16E-05 0.64894 0.68085 0.68085 
N6 0.76427 0.07147 0.00511 0.55782 0.77087 0.86364 
N7 0.63559 0.01764 0.00031 0.59612 0.63527 0.66535 
N8 0.57923 0.042 0.00176 0.53175 0.57143 0.73016 
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Fig. 4. NSGA-II pareto front results on 8 test networks. 

Interestingly, according to Table 3 we can see that the hypervolume values yielded by the proposed NSGA-II are be-
tween 0.6 and 0.7. Such results indicate that the proposed method can achieve a relatively good performance in approx-
imating the true Pareto front of the bi-objective optimization problem. On the other hand, though the values are aver-
aged on 30 independent runs on each instance, the variance values are generally very small, which verifies the stability 
of the proposed method.  

In Fig 4, the solid points denote the solution of NSGA-II and the cross points denote the solution of the minimum 
cost method. From this figure we can clearly notice that the performance of the proposed NSGA-II is better than that of 
the minimum cost method. Comparing to the minimum cost method, the solutions yielded by NSGA-II are closer to the 
true Pareto optimal front and most of the solutions dominate the solution of the minimum cost solution.  

5 Conclusion 

In this paper, a bi-objective optimization model for the NDP has been proposed. The model is developed to reflect the 
bi-objective nature in road network design practice. In addition, a NSGA-II algorithm has been introduced to solve this 
problem. Experiential results have shown that the proposed approach is promising. 
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This paper focuses on a small section of the whole urban network system and does not take into account the effect of 
uncontrollable flow. Thus in our future work, it would be interesting and important to consider the NDP in large-scale 
networks with complicated traffic properties. 
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Abstract. We propose a novel outlier detection approach, namely high dimensional fuzzy outlier detection (HDFOD), to address the 
pertinence of outlier results, i.e., to find outliers in high dimensions that lack pertinence and understandability. Our key idea is to use 
fuzzy constraint technology to prune irrelevant objects for outlier detection, during which the nearness measure theory in fuzzy 
mathematics is used for detecting similarities between objects and constraint information. HDFOD finds outlier by searching sparse 
subspace, where genetic algorithms can be extended and incorporated into HDFOD such that an optimum solution of an outlier is 
discovered. While constructing a sparse subspace, we present the sparse threshold concept to describe the sparse levels of data objects 
in a subspace, where data objects are regarded as outliers. Then, we demonstrate the effectiveness and scalability of our method on 
synthetic and UCI datasets. The experiment evaluations reveal that our fuzzy constraint-based outlier detection is superior to two 
existing high dimensional algorithms. 
 
Keywords: Outlier Detection, Nearness Measure, Fuzzy Constraint, Sparse Subspace, Genetic Algorithm. 
 
1 Introduction 
 
Outlier detection, also called anomaly detection, has become an important data mining task for the detection of 
inconsistent or suspicious objects from large databases. Outlier mining has attracted increasing attention in many 
application fields, such as fraud detection for credit cards, intrusion detection in cyber-security, medical diagnosis, data 
cleaning, and financial analysis. Many prominent outlier mining approaches have been proposed for outlier detection 
from a global point of view, where each data object is extracted as outlier from the whole attribute dimension space of a 
dataset. However, these outlier results may be hard to understand and fail to attract experts or users. Some outlier 
detection results from partial dimensions are more interesting and helpful for the research of experts than those from the 
full dimensions. 

For example, in physical indicators, outlier monitoring based on ”blood pressure” and ”blood sugar” may be 
important for outlier search ”heart disease”. Some attributes, such as ”body temperature”, have no relation with outlier 
detection, but they may be related to other outlier detections. Outlier detection often occurs in the subsets.Therefore, we 
can improve the efficiency of mining on the basis of constrained subset outlier mining. 

We propose an outlier detection method that integrates the knowledge of domain experts (i.e., background 
knowledge) into the process of outlier mining on the basis of fuzzy constrains. We demonstrate that background 
knowledge is useful in pruning some irrelevant objects and in substantially improving outlier detection efficiency. 

 
1.1 Motivation 

 
Fuzzy constraint outlier mining addressed in this study is motivated by the following three observations: 

• For high-dimensional data, finding meaningful outliers becomes substantially complex and non-obvious. In 
addition, the traditional outlier detection methods have very low efficiency. 

• The mining results, which contain some meaningless outliers, are difficult to understand. 
• Outlier detection based constraint in high-dimensional datasets is critical because obtaining constraint 

conditions is difficult. Moreover, fuzzy constraint representation techniques for outlier detection are lacking. 
 

1.2 Contributions 
 

Motivated by the above mentioned three observations, we propose HDFOD - a local outlier detection method based on 
fuzzy constraint. HDFOD seamlessly integrates three modules: namely, fuzzy-constraint representation, fuzzy-
constraint- subspace searching, and constraint outlier detection. In fuzzy-constraint representation module, the nearness 
measure theory in fuzzy mathematics is used for the description of background knowledge, where priori information 
provided by a user can be quantified and expressed effectively through a reasonable nearness measure threshold. The 
fuzzy- constraint-subspace searching module extends the genetic algorithm (GA) for the search of subspaces that satisfy 
the constraint requirement. In the constraint outlier detection module, we introduce the concept of fuzzy constraint in 
the outlier mining method, and then use fuzzy constraint to improve the pertinence and understandability of outlier 
detection results. The module increases the efficiency and accuracy of HDFOD by pruning dissatisfied condition objects. 
Importantly, HDFOD achieves good interpretability, because constraint information in HDFOD facilitates insightful 
explanations on detected outliers. 

Using synthetic and real world high dimensional datasets, we conduct extensive experiments to investigate the 
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effectiveness of HDFOD. Our experimental results show that HDFOD significantly improves the overall performance of 
local outlier detection. Moreover, HDFOD significantly improves the efficiency of the existing outlier detection schemes 
by up to 34% and average of 23%. 
 
1.3 Roadmap 

 
The remainder of this paper is organized as follows: Section II discusses the related work of outlier mining techniques. 
Section III reviews the preliminaries of this study. Section IV describes the background knowledge representation 
method on the basis of nearness measure. Section V presents outlier detection algorithm and implementation details of 
HDFOD. Section VI discusses the performance evaluation of HDFOD. Finally, Section VII concludes the paper with 
future research directions 
 
2 Related Work 

 
    This section, reviews existing techniques related to our study. 
    Outlier detection is the process of finding abnormal data objects that deviate significantly from the normal data and 
do not satisfy the general pattern or behavior  of the data. As an important technology of data mining, outlier mining has 
been widely used in some fields, such as detection of credit card fraud, network security analysis, and intrusion detection. 
In the past, many outlier detection methods have been proposed. These existing approaches can be divided into four 
categories, namely, statistical-based, clustering- based, density-based, and subspace-based approaches. 
In statistics-based techniques[1] [2] [3] [4], knowledge of the underlying distribution is assumed, and some objects that 
deviate from the distribution are searched for outlier detection. Eskin[1] proposed a method in which machine learning 
techniques are used for the elucidation of anomalies and performed statistical tests to detect the anomalies. Chen et 
al.[2] presented robust estimation and outlier detection approaches based on their proposed generalized local statistical 
framework. Additionally, Hido et al.[3] used a statistical method to address the problem of inlier-based outlier detection, 
where their key idea is to use the ratio of training and test data densities as an outlier score. The disadvantage of these 
methods is that we do not always know the underlying distribution of the given datasets. 
Clustering-based methods[5] [6] [7] [8] [9] [10] mainly rely on clustering techniques for the characterization of underlying 
data behavior. Some clusters contain far less points than other clusters, and are more likely to be outliers. The main point 
of Jiang et al. [5] is that the concept of object outlier is extended to the cluster, and they propose an outlier detection 
method on the basis of clustering (i.e., CBOD). Shi and Zhang[6] presented an iterative detection method for the detection 
clusters and outliers in another perspective for noisy datasets, where the adjustment of the relationship between clusters 
and outliers is executed repeatedly until a particular condition is met. We introduce the concept of cluster histograms, 
which provides an efficient way to estimate and summarize the most important data distribution profiles over different 
stream segments. In [7], the concept of cluster histograms was provided and applied to outlier detection for modelling 
and mining data streams. However, clustering-based approaches must build a clustering model, which limits the outlier 
detection performance. 
In density-based methods, models are adjusted such that outliers occur far from the closest neighbors. Breunig et al. 
assigned an anomaly score to each object, namely, the local outlier factor (LOF [11]). In approach, similarities are 
computed according to the distance of an object from the sur- rounding, and the density estimate for each object with 
its k nearest neighbor are obtained. Several extensions of the LOF model have been proposed (e.g., uncertain local outlier 
factor (ULOF [12])), the flexible kernel density estimates (KDEOS [13]), and natural outlier factor (NOF [14]). Liu et 
al.[12] address outlier detection with imperfect data labels and incorporate LSH and support vector data description 
(SVDD). Their method introduces the likelihood values of each input datum into the SVDD training phase, where the 
local uncertainty is captured. Then, global classifiers are constructed by the incorporation of negative examples into 
likelihood values. After analyzing the interplay be- tween density estimation and outlier detection, Schubert et al.[13] 
proposed an outlier detection method and performed kernel density estimation, which can be modified for the detection 
of unusual local concentrations or trends in a dataset. Salehi et al.[15] presented the memory-efficient- incremental-local 
outlier algorithm, which has nearly the same accuracy as LOF but within a fixed memory bound. These approaches achieve 
good mining accuracy without relying on assumptions of the generative distribution of data. Unfortunately, these 
solutions have a high processing time and are complex in the testing phase. 
Subspace-based methods[16] [17] [18] [19] [20] [21] are introduced for outlier detection in subspaces. Traditional 
outlier detection techniques are based on the full dimension space, which can be more complex and subtle than subspace-
based methods. To solve this problem, Aggarwal et al.[16] proposed an outlier method based subspace, which can mine 
outliers in any possible subspace. Kriegel et al.[17] propose a local outlier model to distinguish exceptional outliers by 
considering combinations of different subsets of attributes. Muller ¨ et al.[18] propose an outlier ranking, which 
computes local density deviation by searching relevant subspaces for objects deviating in subspace projections. The 
work proposed by Zhang et al. [19] is a concept lattice based outlier mining algorithm for low dimensions. It improves 
the efficiency and accuracy of outlier mining. 
 
3 PRELIMINARIES 
 

This section introduces the fuzzy set and fuzzy similarity scale, followed by an introduction of the GA. 
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3.1 Fuzzy Set and Fuzzy Similarity Scale 
Fuzzy techniques that are a generalized interval analysis method can address the issues about the analysis of un- 

certain and/or vague information. Fuzzy set theory was initially introduced by Zadeh[22] in 1965 as a generalization of 
classic logic. Nowadays, fuzzy set theory is widely used in many fields, for example, in artificial intelligence[23], pattern 
recognition[24], decision theory[25], and computer science[26]. In mathematics, fuzzy sets are sets whose elements have 
degrees of membership. A fuzzy number describes the relationship between an uncertain quantity and a membership 
function A(x), which ranges between 0 and 1. A fuzzy set is an extension of the classical set theory in which an x can be 
a member of a set with a certain membership function A(x). Fuzzy sets are regarded as fuzzy numbers if they are normal, 
convex and bounded. We give two definitions [27] [28] [29] as follows: 

Definition 1: If X is a collection of objects where x is an element included X , then a fuzzy set F (X ) on X which is a 
set of ordered pairs can be represented as the following mathematical symbol: F (X ) = {(x, A(x)|x ∈ X )}. 

A(x) is called the membership function, which ranges between 0 and 1. The membership function denotes the 
possible membership degrees of the element x ∈ X . A(x) = 1 means full membership, A(x) = 0 means non- 
membership and intermediate values between 0 and 1 mean partial membership. 

Given A ∈ F (X ), we need to know which class A should be identified with. To solve this problem, we need to measure 
how close two fuzzy sets are. 
Definition 2: If 𝑁: 𝐹(𝑋) × 𝐹(𝑋) → [0,1] satisfies that 
1. N(∅, X) = 0 and N(𝐴, 𝐴) = 1 whenever 𝐴 ∈ 𝐹(𝑋), 
2. N(A, B) = N(B, A) whenever 𝐴, 𝐵 ∈ 𝐹(𝑋), 
3. 𝑁(𝐴, 𝐶) ≤ min (𝑁(𝐴, 𝐵), 𝑁(𝐵, 𝐶)) whenever A⊆ 𝐵 ⊆ 𝐶 
then 𝑁 is called a nearness measure. 

 
3.2 GA 
GA [30] can be described as a heuristic search and optimization technique inspired by the way nature evolves species 
using natural selection of the fittest individuals. This method transposes the notions of natural evolution to the world of 
computers and imitates natural evolution. The GA operation is based on the Darwinian principle of ”survival of the 
fittest” and the possible solutions to the problem being solved are represented by a population of chromosomes. A 
chromosome is a string of binary digits, and each digit that makes up a chromosome is called a gene. The fit 
chromosomes (i.e., individuals) are likely to survive and have a significant chance of passing their good genetic features 
to the next generation. Moreover, a mutation scheme is also applied to ensure a sufficient amount in the population. GA 
uses three operators, which are described below, on its population. 
• Selection: The selection strategy addresses which of the chromosomes in the current generation will be used to 

reproduce offspring, which will have even high fitness. Fitness can be defined as a capability of an individual to 
survive and reproduce in an environment. In this method, the selection probability of each individual is 
proportional to its fitness value. The greater the individual fitness, the higher the probability of being chosen, and 
vice versa. After the individual has been selected, the transaction can be paired randomly for later crossover 
operation. 

• Crossover or recombination: After selection, the crossover operation is applied to the selected positions. This 
operation will generate some new individuals by swapping genes or sequence of bits in the string between two 
individuals. This process is repeated with different parent individuals until the next generation has enough individuals. 
After crossover, the mutation operator is applied to a randomly selected subset of the population. 

• Mutation: Mutation alters the genes of an individual to introduce diversification into the population. In general, the 
basic steps of the mutation operator are as follows: first, to determine whether the individuals in the population are 
in accordance with the pre-set mutation probability, and second, to select randomly) the location of mutation and to 
change the value of gene. 

 
4 Fuzzy Constraint Based on Nearness 
 
In most outlier detection algorithms, mining results contain some valueless outliers for users. We only get a range or 
some fuzzy descriptions about the priori information; therefore, the range should be converted to a constraint 
information, which can help to detect outliers. In fuzzy set theory, the nearness measure can frequently recognize some 
fuzzy pattern or objects. For example, one often describes a woman by using words such as young, tall, thin, and long 
hair. From these fuzzy information, the right woman can be recognized by using the nearness measure. Therefore, the 
nearness measure is an improved scheme, which describes fuzzy knowledge in constraint-outlier detection. 

 
4.1 Equations 

The nearness measures can be defined by many methods, for example, Hamming distance-related, Euclidean 
distance-related, Minkowski distance-related, and lattice- based methods. The lattice-based method (i.e., lattice near- 
ness measure) is defined by means of the inner and outer product of two fuzzy sets, and is an important index in the 
evaluation of the nearness of two fuzzy sets. We use lattice nearness measure to describe fuzzy constraints. 
For matching the fuzzy constraints, we redefine the lattice nearness measure in accordance with the idea in [31] [32]. 
Definition 3: Given a dataset DS, A = {𝐴1, 𝐴2, . . . , 𝐴d } is an attribute set, and O = {𝑂1   , 𝑂2, . . . , 𝑂n } is an object 
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set in DS, where 𝑂  = {𝑂1 , 𝑂2 , . . . , 𝑂n  }. 𝑂ij (i = 1, 2, . . . , n; j = 1, 2, . . . , d) is the value of object 𝑂j on attribute 𝐴i . 
Suppose U = {𝑈1, . . . , 𝑈i, . . . 𝑈d} is a priori knowledge provided by users, where 𝑈i is the value on attribute 𝐴i . 
Let F (X) be a fuzzy set, X be a subset of attributes and 𝑂i, U ∈ F (X), is  called the inner product of 𝑂C and U . 

𝑂C ⨁ 𝑈 = ⋁x ∈ X(𝑂𝑖(𝑥) ⋁ 𝑈(𝑥))    (1) 
is called the inner product of 𝑂i and U 

                              𝑂i  ⨂ 𝑈 =    ∧ x ∈ X (𝑂i(𝑥) ⋁ 𝑈(𝑥))     (2) 

is called the outer product of 𝑂C and U. 

With the notion of inner and outer product, we define lattice nearness measure 𝑁L as follows, ∀ 𝑂i, U ∈ F (X), 
                                                              𝑁L(𝑂i, 𝑈) = (𝑂i ⨁ 𝑈) ∧ (1 – 𝑂i ⨂ 𝑈)  (3) 
The 𝑁L(𝑂C, 𝑈) has the following properties: 

  
These properties indicate that 𝑁L is not a nearness measure in strict sense because 𝑁L(𝐴, 𝐴) = 1 does not necessarily 
hold. However, 𝑁L is an important index in evaluating the nearness of two fuzzy sets and extensively used in the 
literature. Hence, from property 3 𝑁L (𝐴, 𝐴) = 1 if a = 1 and a = 0, which are true for fuzzy sets in practice. The above 
mentioned properties imply that the nearness measure value of two fuzzy sets is not greater than 1, and that the two 
fuzzy sets have similarly increasing nearness measure value. 
Definition 4:  Given an object 𝑂i, priori knowledge U, and threshold value σ,    if 𝑁L(𝑂i, 𝑈) ≥ 𝜎 , then object 𝑂i is called 
a positive object, which matches a constraint condition (i.e., an object that raises the interest of the user). If 𝑁L (𝑂i, 𝑈) < 
𝜎, then object 𝑂i is called a negative object, which does not match a constraint condition (i.e., an object that loses the 
interest of the user). In this study, threshold value σ is called nearness-threshold, which is provided by users. 
We can compute the nearness measure between each object in dataset DS and priori knowledge U, and then divide DS 
into two subsets in accordance with definition 4, where the first subset satisfies constraint conditions and the other subset 
does not satisfy these conditions. In other words, some objects are pruned because they do not satisfy the constraint 
conditions, and the efficiency of outlier detection is improved significantly on the reduced dataset. 

 
4.2 An Example 

We use an exampDle to prune disinterested objects in the dataset (Table I) by using fuzzy constraint information. We 
also show how to compute the lattice nearness measure between each object and constraint knowledge. 
 

TABLE I. A SAMPLE OF TEA DATASET 
 

Tid twist Color Neatness liquid color Aroma flavor 
O1 20.00 8.00 4.50 7.00 22.50 23.00 
O2 12.50 9.00 3.05 8.50 16.25 19.50 
O3 20.25 7.80 4.45 6.00 22.75 21.25 
O4 20.50 8.10 3.95 9.00 21.75 22.00 
O5 22.50 8.60 4.35 8.50 20.00 19.75 
O6 16.75 6.50 3.15 6.80 17.50 17.75 
O7 23.25 8.00 3.50 6.10 18.00 16.25 
O8 16.25 6.30 4.00 8.20 19.75 20.25 
O9 22.50 7.80 3.65 7.50 17.25 17.00 
O10 21.25 8.30 4.00 9.00 21.25 21.00 

 
Table I is a dataset composed of tea quality standard information, including 7 attributes and 10 data objects. eliminate the 
difference among the evaluation indicators of the tea dataset. , we use the Min-Max normalization method[33] to 
normalize the original data, and then a normalized matrix of the tea dataset is generated (Table II). Constraint condition 
is assumed as U={0.5, 0.4, 0.3, 0.8, 0.5, 0.4} and σ = 0.4, that is, priori information consists of Twist=0.5, Color=0.4, 
Neatness=0.3, Liquid Color=0.8, Aroma=0.5, Flavor=0.4, and threshold is set to 0.4. We can use lattice nearness measure 
to divide the normalized matrix (Table II) into two subsets. We also describe the calculation process of the first object, 
which consists of four steps. 
 
TABLE II. THE NORMALIZED MATRIX OF TEA DATASET 
 

Tid twist Color Neatness liquid color Aroma flavor 
O1 0.70 0.63 1.00 0.33 0.96 1.00 
O2 0.00 1.00 0.00 0.83 0.00 0.48 
O3 0.72 0.56 0.97 0.00 1.00 0.74 
O4 0.74 0.67 0.62 1.00 0.85 0.85 
O5 0.93 0.85 0.90 0.83 0.58 0.52 
O6 0.04 0.07 0.07 0.27 0.19 0.22 
O7 1.00 0.63 0.31 0.03 0.27 0.00 
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O8 0.35 0.00 0.66 0.73 0.54 0.59 
O9 0.93 0.56 0.41 0.50 0.15 0.11 
O10 0.81 0.74 0.66 1.00 0.85 0.70 

 
Step 1. The inner product of 𝑂> and U is calculated by using equation 1. 

𝑂> ⨁ 𝑈 = ⋁J∈K(𝑂1(𝑥) ⋁ 𝑈(𝑥)) 
                = ∨ {0.70 ∧ 0.50, 0.63 ∧ 0.40, 1.00 ∧ 0.30, 0.33 ∧ 0.80, 0.96 
                     ∧ 0.50, 1.00 ∧ 0.40, } 
                = ∨ {0.5, 0.4, 0.3, 0.33, 0.5, 0.4 } 
                 = 0.5 

Step 2. The outer product of 𝑂> and U is calculated by using equation 2. 
                                                𝑂> ⨂ 𝑈 = ∧J∈K (𝑂C(𝑥) ⋁ 𝑈(𝑥)) 

                             = ∧ {0.70 ∨ 0.50, 0.63 ∨ 0.40, 1.00 ∨ 0.30, 0.33 ∨ 0.80, 0.96 
                                                                             ∨ 0.50, 1.00  ∨ 0.40, } 

= ∨ {0.7, 0.63, 1.00, 0.8, 0.96, 1.00 } = 0.63 
Step 3. The lattice nearness measure of 𝑂> and U is calculated by using equation 3 and the computing results of step 1 
and 2. 

𝑁N(𝑂>, 𝑈) = (𝑂> ⨁ 𝑈) ∧ (1 − 𝑂> ⨂ 𝑈) 
                  = 0.5 ∧ (1−0.63) 
               = 0.37 

 
Step 4. We compare the lattice nearness measure to the threshold value. When the lattice nearness measure of object 
less than the threshold (i.e., 𝑁N < σ), the object is pruned; otherwise, the object is kept. Because of the lattice nearness 
measure of 𝑂> is less than 0.4, 𝑂> is pruned. 
Similarly, the nearness measure of the other objects in Table II can be computed by using above calculation process In 
computing results, three objects are pruned because their nearness measures are less than the threshold, so the reduced 
dataset consists of seven objects. 

	
5 Subspace and Outlier Detection 
 

After applying the fuzzy constraint approach to prune disinterested objects in a dataset, we detect outliers (Section 
5.1) by searching subspace (Sections 5.2) in the reduced dataset. 

 
5.1 Outlier detection based on subspace 

Outlier mining of high-dimensional data has been a major challenge owning to the curse of dimensionality. Most 
existing approaches become substantially inefficient when the required outlier detection is measured among data objects 
in a full-dimensional  space. Moreover, the mining results may become more significant in some applications when 
outliers are detected in partial dimensions. Subspace-based methods can effectively detect local outliers from partial 
dimensions.  

Definition 5: Given that dataset DS includes d attributes and n objects, let A = {𝐴1, 𝐴2, . . . , 𝐴d }be its attribute set 
and O = {𝑂1, 𝑂2, . . . , 𝑂n } be its object set.  A subspace is described as S = (O’ , A ), where A’ is the attribute set and A’ 
⊂ A, O’ denotes the object set and O’ ⊂ O. If the subspace consists of t attribute, we call the subspace a t-dimensional 
subspace. 

Dataset DS can be divided into many subspaces, where the whole objects in each subspace should have similar 
features in their own t-dimensional attributes. To find such similar attribute values, we first perform a grid discretization 
of the data. Each attribute of the data is divided into φ ranges. These ranges are created on an equidepth basis; thus, each 
range contains a fraction f = 1/φ of the objects. These ranges form the units of locality that we will use to define low-
dimensional subspaces. An outlier detection of subspaces is one in which the density of the data is exceptionally lower 
than average. Let us consider a t-dimensional subspace that is created by picking grid ranges from t different 
dimensions. The expected fraction of the objects in that region if the attributes were statistically independent would be 
equal to 𝑓t . Given a dataset DS, n is its number of objects and d is its number of attributes. Let S is a t-dimensional 
subspace of DS, if the data are uniformly distributed, and then the presence or absence of any object in S are Bernoulli 
random variables with probability 𝑓t . The expected fraction and standard 
deviation of the objects in S are given by 𝑛 ∗ 𝑓t and  (𝑛 ∗ 𝑓t ∗ (1 − 𝑓t))1/2 in accordance with the description in [16]. 
We measure the sparsity degree F(S) of the subspace S as follows: 

                                                                                     (4) 

Where |S| is the number of objects in subspace S. Given a sparsity degree threshold ∆ (note that ∆ is a 
negative number), if F (S) ≤ ∆, then S is called a sparse subspace (i.e., the density of the data in subspace S is 
exceptionally lower than average). Therefore, objects including subspace S are outliers in our paper. 
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5.2 Searching subspace with GA 
The number of subspaces increases exponentially when the number of dimensions increases, and subspaces in high-

dimensional data cannot be completely exhausted. Therefore, searching sparse subspaces becomes an urgent problem. 
This section, introduces a novel searching sub- space method, named GA, which is a method of searching for the 
optimal solution through the simulation of natural evolution process. Subspace matching conditions of sparsity degree 
threshold can be efficiently searched (i.e., ∆). 
Given a reduced dataset DS ,  let  A = {𝐴1, 𝐴2, . . . , 𝐴d }be its attribute set,  and O = {𝑂1, 𝑂2, . . . , 𝑂n } be its objects set. 
We randomly select m object from O, which generate a new object set O’ = {𝑂′1, 𝑂′2, . . . , 𝑂′m }, where m < n. 
Significantly, O’ ⊂ O. For each object in O’, we randomly select (d−t) attributes which will be replaced by the value * 
denoting that the attribute is a ”don’t care attribute” or ”invalid attribute”. Conversely, other attributes are” valid 
attributes”. Therefore, each object in O’ consists of t ”valid attributes” and (d−t) ”invalid attributes” after replacement, 
and the original object set O’ will be transformed into a new dataset that is denoted O” . In this paper, O” is regarded as 
a population of the GA in HDFOD, and an object in O” is considered to be an individual. In our HDFOD, we make use of 
equation 4 to denote the fitness function of GA. The pseudocode of HDFOD is detailed in Algorithm 1, which performs 
fuzzy-constraint operation (Line 1 or Algorithm 2) and subspace-search operation by using GA (Line 3-14). 
HDFOD consists of the following five steps: 

Step 1. Some objects can be pruned in accordance with fuzzy constraint, and then the reduced dataset DS is 
generated (Line 1 in Algorithm 1). The procedure of fuzzy constraint takes the following five phases to create DS’ . 
First, the inner product is calculated in accordance with equation 1 presented in Section 4.1 (also Line 4 in Algorithm 
2). Second, the outer product is calculated in accordance with equation 2 presented in Section 4.1 (also Line 5 in 
Algorithm 2). Third, the lattice nearness measure is computed in accordance with equation 3 in Section 4.1 (also Line 6 
in Algorithm 2). Fourth, a positive object that matches the constraint condition, can be obtained by comparing the lattice 
nearness measure to the threshold value (Lines 7-9 in Algorithm 2). Finally, the previous four phases are repeated until 
all objects in dataset DS are scanned; as a result, the reduced dataset DS’ is generated. 

Step 2. A new population is generated by the selection operator of GA, whose purpose is to transfer the optimized 
individuals to the next generation. Many methods are used for the selection operator of GA, for example, roulette wheel 
selection, stochastic universal sampling, local selection, and truncation selection. Before selection operator, the 
population of GA needs to be initialized, where M individuals are randomly 
 
selected from DS’ (the detailed description is presented in the second paragraph in Section 5.2). Moreover, the results 
are stored to array Indi[M ] (Line 2 in Algorithm 1). 
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At present, several common selection operators exist, such as fitness ratio, random traversal sampling, and local 

selection methods, in which roulette selection method is the most simple and most common scheme. In this method, the 
selection probability of each individual is proportional to its fitness value. 
In our HDFOD, the tournament selection strategy is used in selection operator (Line 4 in Algorithm 1). The reasons are as 
follows. The tournament selection strategy is also one of the selection methods, whose main procedure is to select r 
individuals from population at a time, and then select the best one from r individuals and add it to the offspring 
population. This selection operation is repeated until the size of the offspring population is equal to that of the parent 
population. The tournament selection strategy can be used to validly solve the problem of maximization or minimization. 
Conversely, some strategies need to shift fitness values when the minimization problem is solved, for example, roulette 
wheel selection strategy. In this paper, GAs are used to solve the minimization problem. Therefore, we use the 
tournament selection strategy to select the optimized individuals. 

Step 3. This step performs crossover operator of GA described in Line 5 in Algorithm 1. The crossover operator is 
an exchange of some gene positions that are randomly selected between two individuals, and then produce two new 
individuals as an input of the mutation operator. Traditional methods include single-point, two-point, multi- point, and 
uniform crossover. We used optimized crossover mechanism in GA for finding the optimum outlier. Aggarwal et al.[34] 
introduces a detail of the crossover operator. 

Step 4. In this step, a mutation operator (Line 6 in Algorithm 1), which modifies the values in some positions of the 
gene, is executed to maintain various populations. In our HDFOD, if a picked position in an individual (i.e., an object) 
is an ”invalid attribute” (second paragraph in Section 5.2), then we change its value to a number between 1 and φ. At 
the same time, we need to select a randomly ”valid attribute” and change its value to ”*”. If a picked position is a ”valid 
attribute”, then we change its value to a random number between 1 and φ. 

Step 5. We detect outliers by searching sparse subspace, where a subspace is regarded as a sparse subspace in 
accordance with the definition of sparse subspace (the last paragraph in Section 5.1). The sparsity degree of each 
individual (i.e., object) in the population is calculated by using equation 4 (the second paragraph in Section 5.2), and 
then we compare the sparsity degree to threshold ∆ (Lines 9-12 in Algorithm 1). If the sparsity degree is less than or 
equal to the threshold (i.e., F(Indi[j]) ≤ ∆), then subspace, which contains the individual or the object, is a sparsity 
subspace. 
Therefore, the objects in the subspace are regarded as outliers. Subsequently, a new object is randomly selected as 
individual and added to the population. 
 
6 Experimental Evaluation 
 

This section, experimentally evaluates HDFOD and compares with Gen and NOF, where Gen is presented in [16] 
and NOF is presented in [14]. For all reported results, the test platform is a Dual 2.4GHz Intel Core2 T9600 laptop with 
4GB RAM. Gen, NOF and HDFOD algorithms are all coded in Java (jdk 1.6). We test the outlier detection on both 
synthetic and UCI datasets. 
 
Synthetic Datasets. For scalability experiments, we use the data generator model described in [35] (available from 
http://dx.doi.org/10.1137/1.9781611972740.23) to create two groups of synthetic datasets. The first group has five 
datasets (i.e., Syn1-1, Syn1-2, Syn1-3, Syn1-4, and Syn1-5), which include 50,000 objects and various dimension 
numbers. The dimension numbers of the five datasets are 25, 50, 100, 150, and 200, respectively. Table III summarizes 
the characteristics of these datasets in the first group. The second group is composed of five datasets (i.e., Syn2-1, Syn2-
2, Syn2- 3, Syn2-4, and Syn2-5), which include various object numbers and 200 dimensions. The object numbers of the 
five datasets are 500,000, 1000,000, 1500,000, 2000,000, and 2500,000, respectively. Table IV summarizes the 
characteristics of these datasets in the second group. In addition, we add a little outlier in each dataset. 
TABLE III. THE FIRST GROUP SYNTHETIC DATASETS 
 

Datasets objects number attribute number outlier number 
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Syn1-1 50,000 25 50 
Syn1-2 50,000 50 50 
Syn1-3 50,000 100 50 
Syn1-4 50,000 150 50 
Syn1-5 50,000 200 50 

 
 
TABLE IV. THE SECOND GROUP SYNTHETIC DATASETS 
 

Datasets objects number attribute number outlier number 
Syn2-1 50,000 200 50 
Syn2-2 100,000 200 100 
Syn2-3 150,000 200 150 
Syn2-4 200,000 200 200 
Syn2-5 250,000 200 250 

 
• UCI Datasets. To evaluate HDFOD in a real life situation, we select five real world benchmark datasets from the 

UCI machine learning repository[36] (available from http://archive.ics.uci.edu/ml): Census Income (i.e., UCI1), 
Letter Recognition (i.e., UCI2), HTRU2 (i.e., UCI3), Nursery (i.e., UCI4), and Thyroid Disease (i.e., UCI5). Since 
outlier mining is conceptually similar to detecting objects that belong to a rare class, we focus on datasets where the 
class definitions feature a clear minority class. We assume this class to contain the outliers in these datasets. In 
addition, the datasets are cleaned to deal with the categorical and missing attributes. Table V summarizes the 
characteristics of these four datasets. 

TABLE V. UCI DATASETS 
 

Datasets objects number attribute number 
Census Income(UCI1) 48842 14 

Letter 
Recognition(UCI2) 

20000 16 

HTRU2(UCI3) 17898 9 
Nursery(UCI4) 12960 8 

Thyroid Disease(UCI5) 7200 21 

 
6.1 Performance Measure 
 

In this group of experiments, we evaluate the performance of HDFOD when the sizes of nearness and sparsity 
thresholds grow dramatically. 
Fig. 1(a) illustrates that the running times of HDFOD reduce when the nearness threshold is increased. High nearness 
threshold improves HDFOD’s performance, and the reason is as follows: when the nearness threshold increases, a 
decreasing number of objects will satisfy the constrained condition. This phenomenon leads to the small reduction 
dataset, that is, the searching space for outlier detection becomes smaller than the original space. Therefore, the execution 
times of HDFOD is also decreasing, and its efficiency is improved Fig. 1(b) reveals that the executing times of HDFOD 
increase with an increasing sparsity threshold. When the sparsity threshold varies from -2 to -1, HDFOD’s running time 
is slowly increasing. We conclude that a small sparsity threshold shortens running time by quickly detecting the outlier. 
From equation 4, if the sparsity threshold is a small value, then the number of sparsity subspace is decreased and the time 
of searching sparsity subspace is also decreased. 

 
 
Fig. 1. Impacts of parameters σ and Δ on the efficiency of HDFOD. The synthetic dataset Syn2-2 is used to test used for 
massive data. 
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Fig. 2. Impacts of parameters σ and ∆ on the accuracy of HDFOD. The synthetic dataset Syn2-2 is used to test used for 
massive data.	

Fig. 2 depicts HDFOD’s accuracy in outlier detection. More specifically, we draw two intriguing observations from 
Fig. 2(a). First, when the nearness threshold is increasing from0.25 to 0.35, the mining accuracy is improved. If the 
near- ness threshold σ is configured to a small value(e.g., 0.25,0.3 and 0.35), then a small number of objects are pruned. 
These reduced objects are meaningless for outlier detection and have adverse impacts on mining accuracy. The second 
observation is that the mining accuracy is worsened when σ is set to a big value (e.g., 0.4 and 0.45). The reason is that a 
high σ can prune a large number of objects that include some important information for maintaining high mining 
accuracy. Fig. 2(b) reveals that a large sparsity threshold ∆ improves HDFOD’s mining accuracy. When sparsity 
threshold∆ is a large value, then more sparsity subspaces can be found. Therefore, that an increasing number of outliers 
can be searched from the sparsity subspace enhances the HDFOD’s accuracy. On the contrary, if ∆ is configured to a 
small value, the number of sparsity subspaces is decreased. Hence, some sparsity subspaces including outliers may not 
be detected, and the accuracy of HDFOD may be worsened. 

 
6.2 Scalability 

 
We evaluate the scalability performance of HDFOD by increasing the numbers of objects and attributes. Two groups 

of synthetic datasets are tested to drive the scalability analysis of HDFOD. 
Fig. 3 exhibits the efficiency of HDFOD with an increasing number of data attributes and objects. The experimental 
results plotted in Fig. 4(a) indicate that the execution time of HDFOD increases when the number of attributes is 
sharply enlarged. The outlier detection process is slowed down because the number of subspaces is quickly increased by 
the excessive attribute number. Interestingly, the increasing speed of HDFOD’s time is slower than that of the attribute 
number. This 
 
phenomenon implies that our HDFOD can be applied to high-dimensional data. Fig. 3(b) shows that when the size of 
the dataset increases from 5×104 to 2.5×105, the time of HDFOD is quickly increasing. The range of searching 
subspace sharply increases with the increasing size of datasets, which leads to the worsening of the efficiency of outlier 
detection. The running time increases approximately in a line with the increase of dataset size. Thus, our HDFOD can 
be used for massive data. 
Fig.	 4	 reveals	 that	 the	 accuracy	 of	HDFOD	remains	 almost	 unchanged	when	 data	 dimensionality	 and	 size	 are	
varied.	The	experimental	results	illustrated	in	Fig.	4(a)	show	that	HDFOD’s	accuracy	is	declined	from	90%	to	87%	
when	the	number	of	attributes	increases	from	25	to	200.	This	range	of	decline	is	small,	the	reason	is	that	we	use	
GA	 in	 HDFOD	 to	 search	 sparsity	 subspace,	 where	 the	 fitness	 function	 (e.g.,	 sparsity	 degree,	 Formula	 4)	 has	
nothing	to	do	with	the	number	of	attributes.	Fig.	4(b)	presents	a	similar	experimental	result	when	the	number	of	
objects	 increases	 from	 5×104	 to	 2.5×105.	 Such	 a	 high	 accuracy	 is	 attributed	 to	 GA	 that	 can	 find	 the	 optimal	
solution	from	a	large	number	of	data.	Hence,	from	the	perspective	of	accuracy,	our	HDFOD	is	suitable	for	not	only	
high-dimensional	data,	but	also	massive	data.	
Fig. 5(a) reveals that HDFOD is able to achieve highly efficient results and its performance is generally consistent. Fig. 
5(a) shows that HDFOD takes less time than the other two algorithms. The reason is that HDFOD uses fuzzy constraint 
to prune some unrelated objects for outlier detection. Hence, in HDFOD method, outliers are detected from a reduction 
dataset; otherwise, the other two algorithms detect outlier from an original dataset. Thus, our HDFOD has a little 
searching space, which leads to a high efficiency, compared with the other two algorithms. 
Fig. 5(b) significantly depicts the accuracies of three algorithms. From the experimental results, HDFOD has a higher 
accuracy compared with Gen and NOF. In our HDFOD, a fuzzy constraint technology is used to prune negative objects 
for outlier detection. These negative objects do not help to detect outliers; conversely, they have a negative influence on 
the algorithm’s accuracy. Therefore, HDFOD has more chances for finding the correct outliers, that is, HDFOD has a 
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high accuracy 
 

 
 
                                (a).  Accuracy with various dimension numbers  (b). Accuracy with various object numbers 
 

Fig. 3. HDFOD’s efficiency with increasing numbers of data attributes and objects. The nearness threshold is set 
to 0.35, and the sparsity threshold is set to -2  
 

 
 

Fig. 4. HDFOD’s accuracy with increasing numbers of data attributes and objects. The nearness the sparsity threshold is set to 
0.35, and threshold is set to -2   

 
Fig. 5. Comparisons of accuracy and efficiency among HDFOD, Gen and NOF. Five UCI datasets are tested. 

 
7 Conclusion and Future Work 
 
We have developed a fuzzy constraint-based outlier detection method called HDFOD, which improves not only the 
effectiveness and accuracy of outlier detection, but also the pertinence and understandability of mining results. To 
improve the pertinence, we used the nearness measure theory in fuzzy mathematics to describe a priori information and 
prune some objects that do not satisfy the constraint conditions. Such a constraint technique substantially reduces the 
sizes of datasets. HDFOD detects outlier by searching sparsity subspaces in reduction datasets. For searching 
optimized sparse subspaces, we extended and incorporated the GA into HDFOD. By using synthetic and UCI datasets, 
we were able to validate the efficiency of HDFOD in detecting constraint outlier. In addition, HDFOD’s fuzzy constraint 
improves the pertinence of mining results. Performance tuning will be our future research direction. In particular, we 
will extend our approach to parallel and distributed computing environments, which enable HDFOD in processing large-
scale high- dimensional datasets. 
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Abstract. Pedestrian moving direction recognition (PMDR) is a challenging task due to intra-class variation of pedes-
trian in clothing, backgrounds and walking pose. Deep convolutional neural networks (CNN) have demonstrated im-
pressive performance in image recognition. However, it is well known that no general algorithm can be fit for every 
application problem. For a new application task, it is very time-consuming for non-experts to design adequately network 
structure, hyper parameters and an ensemble of base models effectively. In this paper, we present the genetic algorithm 
(GA) based approach in order to automatically construct network structure, tune hyper parameters and generate base 
models. Then these base models with different network structure are performed to constitute an ensemble. Our original 
pedestrian moving direction dataset is considered as the numerical example to illustrate the performance of the proposed 
method. Convergence property, experiment results, as well as performance analysis in different directions are dis-
cussed. The results indicate that several single base models provided by genetic algorithm have strong classification 
ability for PMDR problem. An ensemble model which is constituted from these strong classifiers achieve better clas-
sification performance for PMDR problem than any single base model and VGG-Net. Furthermore, our results show 
that in some case of recognition task, networks are not “the deeper the better”. For ensemble constitution, base models 
are not “the more the better”. 

Keywords: Genetic algorithm (GA), Convolutional neural networks (CNN), Neural network ensemble (NNE), Pe-
destrian moving direction recognition (PMDR). 

1 Introduction 

Nowadays, smart life appliances are highly demanded, researches of computer vision and the implements have made 
remarkable evolution in the past few years. Pedestrian is the key element of some techniques such as accident avoidance 
and different surveillance task, which act as an essential factor of some future life appliances like self-diving car and 
intelligent transportation system. The study of pedestrian consists of many aspects, like pedestrian detection [1], fine-
grained classification, pose estimation [2] as well as moving direction recognition. In this work, we focus on the moving  
direction recognition of pedestrian, which contributes to the recognition of pedestrian moving intention in different envi-
ronments, so as to enhance the risk detection and automatic processing ability of Autonomous Driver Assistance System 
(ADAS) [3]. 

Since 2012, inspired by the ImageNet Large Scale Visual Recognition Challenge (ILSVRC), where software programs 
compete to correctly classify and detect objects and scenes, Alex Krizhevsky made dramatic breakthrough in solving the 
challenge by proposed the AlexNet [4]. The real capabilities of CNNs are brought to light and become dominant in various 
computer vision tasks. Research of pedestrian recognition also benefited from the progress of study in CNNs such as the 
proposal of DeepParts [5] which focus on complex occlusion problem. Recently, some state-of-the-art CNNs architectures 
such as AlexNet, GoogleNet [6], VGG [7] and ResNet [8] show significant power which achieve lower error rate than 
human for ILSVRC. For pedestrian recognition and related problems, most researches treat pedestrian detection as a 
single binary classification task, which may cause confusion because of the complex environments or hard negative sam-
ples. After reviewing the related works of pedestrian recognition problem, we can conclude that although significant 
progress has made in pedestrian detection area, the pedestrian moving direction recognition problem still has much room 
for improvement.  

In this work, the key contributions of our work are as follows: 
(1) Provide an original pedestrian dataset without complicated background.  
(2) Propose an approach which can automatically generate complex networks structure and tune hyper parameters of 
CNN by GA [9].  
(3) Propose an ensemble model of CNN which provides high recognition rates in the proposed dataset.   
(4) Evaluate the proposed model and state-of-the-art CNNs using original pedestrian dataset. 

The rest of this paper is organized as follows: In section 2, theoretical background is introduced. Proposal algorithms 
are described in Sect. 3. Numerical examples and results, as well as performance analysis and discussion are described in  
Sect. 4. In Sect. 5 the conclusion and future works are presented. 
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2 Theoretical background 

2.1 Convolutional neural network 

Convolutional neural network (CNN) [10] is a special type of feedforward artificial neural network (ANN) [11]. CNN 
performs feature extraction by applying two types of processing layers, which are convolution layers and subsampling  
layers.  

The input to a convolution layer is an h * w * c image where h and w are the height and the width of the image, respec-
tively, and c is the number of channels, e.g. an RGB image has c = 3. The convolution layer has k  filters of size n * n 
where n is smaller than the dimension of the image. The n * n matrix is also called a kernel and the matrix formed by 
sliding the filter over the image and computing the dot product is called the feature map. The  number of filters determines  
how many image features are extracted. An additional operation called non-linear activation function has been used after 
every convolution operation to help prevent overfitting. Each map is then subsampled typically with mean or max pooling 
over p * p contiguous regions where p ranges 2 for small images and is usually not more th an 5 for larger inputs. Either 
before or after the subsampling layer an additive bias and nonlinearity are applied to each feature map  [12]. The fully  
connected layer is a traditional multi-layer perceptron that uses a softmax activation function in the ou tput layer. Each  
fully connected layer has n neurons (i.e. nodes). Every neuron in the previous layer is connected to every neuron on the 
next layer. Recently, dropout methods  [13] was proposed to help CNN prevent overfitting. The total error at the output 
layer is calculated by an error function. Backpropagation is used to calculate the gradients of the error with respect to all 
weights in the network. Gradient descent optimization algorithms (i.e. Optimizer) are used to minimize the output error,  
such as adagrad, adadelta, rmsprop, adam and so on [14]. 

2.2 Neural network ensemble 

Neural network ensemble (NNE) uses a finite number of neural networks for the same learning task, and the final output 
is decided by a combination of the different networks outputs [15].  

We take regression as an example to explain how NNE works. Suppose the input 𝑥 ∈ 𝑅𝑚 meets the distribution 𝑝(𝑥) . 
The expected output of  𝑥 is 𝑑(𝑥) . The actual output of individual neural network 𝑓𝑖   (i = 1,2, ⋯ , N) is 𝑓𝑖 (𝑥), the weighs  
corresponding to  𝑓𝑖 (𝑥)  is ω𝑖, then the output  𝑓𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒

(𝑥)  of NNE is: 

𝑓𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒
(𝑥) = ∑ ω𝑖𝑓𝑖 (𝑥)

𝑁

𝑖=1
  (1) 

The generalization error 𝐸𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒
(𝑥) of NNE on the input 𝑥  is: 

𝐸𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒 = ∫ 𝑝(𝑥) (𝑓𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒
(𝑥) − 𝑑(𝑥))2𝑑𝑥 (2) 

The generalization error  𝐸𝑖
(𝑥)  of  𝑓𝑖  on the input 𝑥  is: 

𝐸𝑖 = ∫ 𝑝(𝑥) (𝑓𝑖 (𝑥) − 𝑑(𝑥))2𝑑𝑥  (3) 

The average generalization error of 𝑓𝑖  on the input 𝑥  is: 

�̅� = ∑ ω𝑖𝐸𝑖(𝑥)
𝑁

𝑖=1
  (4) 

The diversity 𝐴𝑖
(𝑥) of  𝑓𝑖   on the input 𝑥  is: 

𝐴𝑖 = ∫ 𝑝(𝑥) (𝑓𝑖 (𝑥) − 𝑑(𝑥))2𝑑𝑥  (5) 

The diversity 𝐴𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒  of NNE is: 

𝐴𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒 = ∑ ω𝑖𝐴𝑖
𝑁
𝑖=1   (6) 

Sollich et al. summarize the error computational formula of NNE: 

𝐸𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒 = �̅� − 𝐴𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒    (7) 

Since the diversity of each network is nonnegative, the generalization  error 𝐸𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒  is not greater than the individual 
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neural networks weighted average of generalization error �̅�. Increasing of the diversity  𝐴𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒  (i. e. increasing the 
diversity 𝐴𝑖  ) can effectively reduce the generalization error of NNE. 

The averaging is the most popular and fundamental ensemble method for NNE. It takes simple average of the output 
probability for all the base neural networks, and reports it  as the predicted probability. Suppose score vector  𝑆𝑖

⃗⃗⃗   is the 
output from the last layer of the neural network for 𝑖-th unit, 𝑆𝑖

⃗⃗⃗  [𝑘] is the score corresponding to 𝑘-th class, and  𝑝𝑖𝑗  is the 
predicted probability for unit 𝑖 in class 𝑗. The softmax function is presented in below:  

𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (𝑆𝑖
⃗⃗⃗  ) = 𝑝𝑖 =

𝑒𝑥𝑝(𝑠𝑖)

∑ 𝑒𝑥𝑝(𝑠𝑗)𝑗
  (8) 

The predicted probability after softmax transformation: 

𝑝𝑖𝑗 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (𝑆𝑖
⃗⃗⃗  )[𝑗] =

(𝑆𝑖⃗⃗  ⃗) [𝑗]

∑ (𝑒𝑥𝑝 (𝑆𝑖[𝑘]))𝑘
𝑘=1

    (9) 

2.3 Genetic algorithm 

Genetic algorithm (GA) is an evolutionary computation firstly presented by J.H. Holland [9] and inspired from the process 
of natural selection. GA defines candidates for solutions (design variables) for a given problem as individuals. The char-
acter of each individual is determined as a binary string called chromosome (Chromosome) which is a collection of genes 
(Gene). At this time, the pattern of gene arrangement is called genotype, and the trait and characteristic of individual 
determined by genotype is called phenotype. Then, a population by a plurality of individuals is generated, and a process 
called generation alternation is performed. The algorithm of GA is illustrated as blow: (1) Construct an initial population 
by individuals with randomly defined chromosomes. (2) Estimate individuals’ fitness. (3) Select parents from the popu-
lation according to the selection of the fitness value. (4) Generate two offspring from the parents by crossover operator. 
(5) Apply mutation operator to all offspring. (6) Go to step 2 unless convergence criterion is satisfied. 

3 Proposed method 

The proposed method is divided into 2 steps. Firstly, the generation of base models. 5-fold cross validation is used for 
training base models. In one fold, one base model is generated and its network structure and hyper-parameters are auto-
matically constructed by GA. Totally, five base models (GABM) with different structure of networks can be generated 
in this step. Secondly, the ensemble of base models. We manually examine the various (26) combinations of these 5 
base models on test data. Process flowchart of how proposed method works is showed in Fig. 1. 
 

 
Fig. 1. Process flowchart. 

3.1 Genetic operations 

The GA progress performs three operations: selection, crossover and mutation. The fitness function of each individual is 
evaluated on the test dataset. 
Representation and initialization: The first phase of genetic algorithm is to create the initial population of individuals. 
We describe a way of representing the network structure and hyper parameters by a fixed-length string as the individual.  
The genotype of the individual is defined as a set of the structure and hyper parameters, such as number of filters, activa-
tion function, max-pooling, the number of nodes, dropout rate and optimizer. The individual example is shown in Fig.2.  
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Fig. 2. Individual example. The upper and lower figures denote the genotype and phenotype of an individual, respectively. 

Here, we will explain the meaning of layer symbol in genotype. If the length of individual with different structure is 
non-fixed, it is difficult to do genetic operations. To solve this problem, we first set a maximum number of convolutional 
layers and fully connected layers based on the application. The fixed-length of individual is determined by the maximu m 
number of convolutional layers and fully connected layers. Then, we set a layer symbol in every convolutional layer and 
fully connected layer. When layer symbol is 1, hyper parameters in this layer make sense. When layer symbol is 0, 
although this layer will not be calculated, these hyper parameters are still meaningful for subsequent operations. Figure 2 
shows the network structure has two convolutional layers and one fully connected layer. 

The definition of the genes and their values are listed in Table 1. The genes are defined in integer numbers. For examples , 
considering the size and complexity of the image, also referring to the parameters of VGG-Net [7], we set the maximu m 
number of convolutional layers to 16, set the maximum number of fully connected layers to 3. The maximum number of 
filters and nodes is 512. Since the dropout method is used, too few filters or nodes may have a negative impact on feature 
extraction. We set the lower limit to 8. The genes on the numbers of filters and nodes take the number 8, 16, 32 to 512, 
respectively. The gene on the dropout rate takes the number 0, 1 to 20, which are related to the real dropout rate of 0.00 
to 1.0, respectively.  

Table 1. Definition and range of genes. 

Variables Values (Integer)  Definition 
Layer-Symbol 0,1  0:No, 1:Yes 

Number of filters [8,512]  - 
Activation function 0,1,2  0:ReLU, 1:sigmoid, 2:tanh 

Max-Pooling 0,1  0:No, 1:Yes 
Number of nodes [8,512]  - 

Dropout rate [0,20]  0:0.00,…, 10:0.5,…, 20:1.0 
Optimizer 0,1,2  0:rmsprop, 1:adagrad, 2:adadelta 

 
Evaluation: In evaluation process, the fitness function of each individual is  evaluated. This function value denotes  the 
performance of individuals. The fitness function is given as follows. 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠 (𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 ) =
𝑇𝑃

𝑇𝑃+𝐹𝑃
  (10) 

TP and FP denote the true positive and the false positive cases, respectively, which are labeled correctly and incorrectly 
by the classifier. 
Selection: The selection process is performed at every generation. Parents are selected from the individuals in the whole 
population by the roulette selection process of their fitness .  

In this study, elitism [16] is used in order to survive better individuals at the next population. First, the individuals are 
sorted in descending order of the fitness of individuals. Then, some better individuals are selected as elitists from the top 
of fitness ranking. The elitists from current population are copied into the next population without crossover process. 
Crossover: Crossover process means that two individuals (parents) exchange their partial genes in a certain way  accord-
ing to the crossover probability. Crossover, which is one of key roles in GA, generates new individuals (offspring) from 
the parents. The genotype and the phenotype of the individuals before/after the crossover operation are illustrated in Fig. 
3. 
Mutation: Mutation process performs some replacement of certain gene values in individual with other gene values based 
on the probability of mutation. The mutation process  is an auxiliary method to generate new individuals, which determines  
the local search ability while maintaining the diversity of the population. The genotype and the phenotype of the individ-
uals before after the mutation operation are illustrated in Fig.4. 
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Fig. 3. Crossover example. The left and right figures denote the genotype and phenotype of crossover operation, respectively. 

 
Fig. 4. Mutation example. The left and right figures denote the genotype and phenotype of mutation operation, respectively. 

3.2 Ensemble 

In this research, averaging method is used. Ensemble model uses the same input layer that is shared between base mod-
els and computes the average of outputs. Every combination of base models is examined on test data manually. 

4 Numerical example 

4.1 Dataset 

We present our pedestrian moving direction recognition (PMDR) dataset. This dataset is used for the training and the 
evaluation of the proposed method. In order to recognize more generic motion types, 8 different moving directions are 
considered in data collecting process. More specifically, the 360-degree possible moving direction of a person is divided 
into 8 different parts. As a consequence, images are classified according to 8 different categories, including 0, 45, 90, 
135, 180, 225, 270 and 315 degree. 

In most cases, complex environments with cluttered background undoubtedly deprive the performance of pedestrian 
recognition. In order to reduce the influence, the background removal process of pedestrian moving direction images is 
proposed. Since depth camera of the Kinect sensor [17] is able to determine a pedestrian’s body by depth value and the 
RGB camera provides with the color value, by using CoordinateMapper, a Kinect property, can help us determine which  
color values correspond to each depth distances and extract the pixels that constitute the part of pedestrian. The sample 
of pedestrian moving direction images is shown in Fig. 5. 

4.2 Experimental details 

The research program, in this study, is developed in Anaconda [20], TensorFlow  [21] and Keras [22]. A parallel test is 
used to examine the parameters of GA. Firstly, we set generation and population size as 50, and confirm the results with  
crossover rate and mutation rate by 0.1 increments. The best fitness is observed when crossover rate is 0.9 and mutation  
rate is 0.3. Secondly, we fix the crossover rate by 0.9 and mutation rate by 0.3, and confirm the convergence property 
when population size is 10, 30, 50,100 and generation is 10, 50, and 100. According to the result of parallel test, we set 
parameters of GA as follows: generation = 100, population size = 100, crossover rate = 0.9 mutation rate = 0.3, each CNN 
is trained by 20 epochs. 
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Fig. 5. Pedestrian moving direction images. 

4.3 Convergence property of genetic algorithm 

Since 5-fold cross validation is performed, 5 base models are determined by GA. Figure 6 shows the convergence property 
of the best individual fitness values in GA progress. The label “Fold-1” to “Fold-5” denote the number of the cross -
validation. In all cases, the best individual fitness values increase gradually according to the increase of the generation. 
Figure 7 shows the distribution of the generational best individual fitness values. The best base models in each fold and 
their fitness values are listed in Table 2.  

The best base model is observed in GABM3. The best base model of GA is shown in Fig.7. This model has 10 convo-
lutional layers, 1 fully connected layer and 1 softmax layer. In the convolutional layers, the maximum and min imum 
number of filters are 128 and 16, respectively. The max pooling layers are behind 3rd convolutional layer, 4th convolu-
tional layer, 5th convolutional layer and 9th convolutional layer, respectively. The dense layer has 256 nodes with dropout 
rate of 0.35. For the activation function, Tanh function and ReLU function make better performance than sigmoid fu nction 
in convolutional layers, but sigmoid function works well in dense layer. Rmsprop is the highest performing optimizer. 

Table 2. The base models determined by GA. 

Base models Number of  
convolutional layers 

Number of  
dense layers 

Best fit-
ness 

GABM1 8 1 0.9919 
GABM2 6 2 0.9956 
GABM3 10 1 0.9981 
GABM4 8 1 0.9944 
GABM5 8 1 0.9944 

 

ICONIP2019 Proceedings 61

Volume 16, No.1 Australian Journal of Intelligent Information Processing Systems



Fig. 6. The convergence of the best individual fitness with respect to the generation number. 

 
Fig. 7. The distribution of the generational best individual fitness. 

 
Fig. 8. The best base model determined by GA 

4.4 Results of ensemble models 

When the ensemble model is employed, the better results are summarized in Table 3. There are 26 different combinations 
with 5 different base models. 2 models denote 2 out of 5 base models are selected and performed various combinations. 
5 models denote all of 5 base models are performed an ensemble. In Table 3, the result of the best ensemble is 0.9994, 4 
models combination of the base model [1, 2, 4, 5], which represents for an ensemble of 1 base model in 10 convolutional 
layers and 3 base models in 8 convolutional layers. As expected, the ensemble has a higher fitness than any single base 
model. 

4.5 Discussion 

The comparison results with state-of-the-art CNNs are summarized in Table 4. Compares to Network in Network [18], All-
CNN [19], VGG-11, VGG-13, VGG-16 and ResNet-18, any single base model can achieve better fitness than state-of-the-
art CNN. By using an ensemble (Ensemble of GABM1, GABM2, GABM4, GABM5), a lower error rate is achieved than 
any model. This proves the effectiveness of our base models which determined by GA. 

Table 3. The ensemble results 

Number of  
models 

Base models Fitness Number of  
models 

Base models Fitness 

2 models 

[1,2] 0.9969 

3 models 

[1,2,3] 0.9981 
[1,3] 0.9981 [1,2,4] 0.9944 
[1,4] 0.9944 [1,2,5] 0.9969 
[1,5] 0.9969 [1,3,4] 0.9981 
[2,3] 0.9981 [1,3,5] 0.9981 
[2,4] 0.9944 [1,4,5] 0.9944 
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[2,5] 0.9944 [2,3,4] 0.9981 
[3,4] 0.9956 [2,3,5] 0.9981 
[3,5] 0.9981 [2,4,5] 0.9956 
[4,5] 0.9956 [3,4,5] 0.9969 

4 models 

[1,2,3,4] 0.9981 

5 models [1,2,3,4,5] 0.9981 
[1,2,3,5] 0.9994 
[1,2,4,5] 0.9956 
[1,3,4,5] 0.9981 
[2,3,4,5] 0.9981 

Table 4. Comparison with the state-of-the-art CNNs. 

Model Manually tune parameters on CNN Fitness 
Network in Network Needed 0.9638 

All-CNN Needed 0.9675 
VGG-11 Needed 0.9753 
VGG-13 Needed 0.9756 
VGG-16 Needed 0.9753 

ResNet-18 Needed 0.9856 
GABM1 Not needed 0.9919 
GABM2 Not needed 0.9956 
GABM3 Not needed 0.9981 
GABM4 Not needed 0.9944 
GABM5 Not needed 0.9944 
Ensemble Not needed 0.9994 

5 Conclusion 

This paper presents a pedestrian moving direction dataset in consideration of background removal. In order to find an 
advanced knowledge of pedestrian moving intention, several single strong classifiers are firstly provided in this paper 
based on the network structure design and hyper parameters tuning by GA, and an ensemble model is constituted from 
these strong classifiers to classify the moving direction of pedestrians .  

Through the numerical examples, we learn that our results particularly disagree with thos e of “the deeper the better”. 
The base model with fewer convolutional layers is better than the model with deeper network structure. As we perform 
experiments with 5-fold cross validation, 50000 network models in total are tested. Even if 50000 network models are 
not enough, this research confirms more possibilities of tuning parameters for a single model. 

Besides, we observe the features of all the individuals. In fact, although many models have similar structures, their 
results are quite different. The results strongly suggest that even a tiny difference of structures or parameters can play  a 
crucial role for prediction. A little change in a certain parameter, the fitness values of models may drop greatly. Such a 
set of individuals would have far-reaching consequences for our understanding of the mechanisms of building network.  
For the neural network ensemble, we find out that component models are no t “the more the better”. Some excellent base 
models constitute an ensemble which achieved a lower error rate than themselves and all the models. On the result of the 
numerical examples, the proposal ensemble model reaches a better accuracy than all evaluated methods including GA 
single base models and the other state-of-the-art CNNs such as Network in Network, All-CNN, VGG-11, VGG-13, VGG-
16 and ResNet-18. 

In the near future, there are some works left to do. More experiments and more complete analysis are needed. Firstly, it 
is still much room for improvement of our GA base models for testing very deep network model. Secondly, for the 
proposal ensemble model, it would also be needed to explore deeper with more different  and complex ensemble strategy. 
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Abstract. We design an evolutionary computation based solution for SaaS providers to optimize the cost
of reserved IaaS instance subscription. The services provisioned by SaaS providers have multiple options of
Quality of Service (QoS) levels. A Bayesian network model is designed to map between the QoS levels of
SaaS instances and their actual resource consumption on IaaS instances. A genetic algorithm with heuristics
is designed to optimize the reserved IaaS instance subscription. The proposed solution is evaluated via a set
of simulated experiments.

Keywords: Evolutionary computation · IaaS instance subscription · Multi-QoS level based SaaS provisioning.

1 Introduction

Software as a Service (SaaS) is becoming a popular software delivery model for increasing business applications [1].
In the SaaS model, software applications are installed in IaaS instances for customers to access. Considering the
factor of cost, increasing SaaS providers prefer to subscribe IaaS instances instead of building own clouds1. IaaS
instances can be offered in flexible ways. For example, Amazon EC2 provides three purchasing options to customers
– on-demand, reserved, and spot2. Among these three options, the reserved option has unique advantages: compared
to the on-demand option, the reserved option has up to 75% discount on pricing; compared to the spot option, the
reserved option is interruption-free in relative long terms. Those advantages make the reserved instance a better
option for SaaS provision that needs a relatively long-term and stable cloud infrastructure support.

Most SaaS providers price their products using a monthly or annually subscription fee. An emerging trend is
SaaS provisioning is that a SaaS can be provisioned in different QoS levels to fulfil the diverse needs of customers on
QoS [2]. The QoS is usually guaranteed in Service Level Agreements (SLAs), by which breaching the promised QoS
may occur a penalty and damage the providers’ reputation [15]. As certain QoS parameters (e.g., response time) of
SaaS provisioning have strong correlations with the capacity of its underneath IaaS instances [3], SaaS provisioning
with different QoS levels simultaneously implies different capacities of IaaS instances. Therefore, to guarantee the
QoS of a SaaS provisioning, the appropriate amount of IaaS resources, namely the right types and number of IaaS
instances, need to be allocated to the SaaS demands. For SaaS providers, if they can learn about the demands of
customers in the next period, a better strategy to minimize their cost is that they only need to subscribe the right
type and number of IaaS instances at a proper time before the demands arriving, considering the time delay for
virtual machine initialization and application installation.

Existing research studying customer-centric cloud resource provisioning focuses on subscription cost minimiza-
tion based on customers’ functional (resource) requirements and ignore their non-functional (QoS) requirements.
The difficulty lies on mapping between customers’ QoS requirements and provisioned cloud resources. In this pa-
per, our goal is to design an optimization strategy enabling SaaS providers to subscribe the appropriate types and
number of IaaS instances to meet SaaS customers’ requirements with multiple QoS levels, by exploring the map-
ping between the QoS parameters (e.g., response time) of SaaS provisioning and the capacity of subscribed IaaS
instances, with the goals of cost minimization and SLA compliance.

Evolutionary algorithms, in contrast to traditional optimization algorithms, are more efficient in nonlinear
constraint based optimization and more tolerant to noisy observations [4]. Some typical evolutionary algorithms,
such as genetic algorithms (GA), particle swarm optimization, art colony optimization, etc., have been widely
applied in multiple areas of cloud computing, such as cloud service composition, cloud resource allocation, cloud
workload distribution, etc. In this paper, we design a GA based solution to achieve our goal. The major contributions
of this research are summarized as follows:

1 http://www.gartner.com/newsroom/id/2923217
2 http://aws.amazon.com/ec2/
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1. This research is the pioneer work to study the optimization problem of IaaS reserved instance subscription for
SaaS provisioning with multiple QoS levels, with the goals of minimizing the cost of SaaS provisioning.

2. This research explores how to mathematically model the mapping between certain QoS parameters and cloud
resources.

3. A set of simulated experiments is performed to validate the feasibility of the proposed optimization model.

The rest of the paper is organized as follows: in Section 2 we briefly review the related works in IaaS subscription
and QoS and cloud resource mapping; in Section 3 we formulate the problem and make several assumptions; in
Section 4 we present the proposed solution; in Section 5 we perform a set of experiments to evaluate the proposed
optimization model; the conclusion is drawn and the future work is planned in Section 6.

2 Related Works

Cloud resource provisioning refers to the activity that a cloud resource provider provisions cloud resources to
meet a cloud customer’s resource request. Existing research in this area studies this activity respectively from the
perspectives of cloud provider and cloud customer. The customer-centric research focuses on how to design optimal
cloud resource subscription plans to minimize cloud customers’ cost while meeting their requirements. Hwang
et al. introduced a resource planning approach in [5] by predicting the future resource demand using a Kalman
filter model and by computing the optimal long-term resource configuration to minimize the operational cost using
integer programming. Wu et al. [6] proposed two customer driven algorithms for both customers and SaaS providers’
perspectives using respectively on-demand resource subscription and request scheduling strategies. Van den Bossche
et al. [7] and Mistry et al. [18-20] proposed several reserved IaaS instance optimization algorithms with the load
or usage behaviour prediction functions. The limitation of the existing research is that none of the research studies
IaaS reserved instance subscription from the perspective of SaaS provisioning, taking into account the features of
relatively long-term and stable as well as multiple QoS levels of SaaS provisioning. Therefore, in this project, we
study IaaS reserved instance subscription from the perspective of multi-QoS-level based SaaS provisioning.

A key challenge in QoS-based cloud resource provisioning is how to map between QoS and cloud resources
parameters. Collazo-Mojica et al. described a QoS and cloud resource mapping method in [8]. Nathuji et al. [9]
developed a Q-Clouds framework for QoS-aware cloud resource management. The limitations of these studies are
that 1) they did not explore the correlations between SaaS QoS and cloud resources from the theoretical perspective,
and 2) they cannot predict cloud resource consumption for multiple QoS levels of SaaS applications before utilizing
the resources and running the applications. In this paper, we theoretically research the feasibility of mapping
between certain SaaS QoS and cloud resources, and use a statistical approach to predict the mapping between SaaS
QoS demands and required IaaS capacity based on historical data.

3 Problem Formulation and Assumptions

In this section, we formulate the problem of IaaS reserved instance subscription and make assumptions for multi-QoS
level based SaaS provisioning as follows:

A SaaS provider provides a SaaS instance S with different options {s1, ..., sk} under a set of QoS parameters
{QoS1, ..., QoSm} (e.g., response time) and a set of service resource parameters {SR1, ..., SRn} (e.g., storage). Thus,
the SaaS instance S has the following QoS and resource options.

S =

[
s1
...
sk

]
=

[
qos11 ... qos1m sr11 ... sr1n

... ... ... ... ... ...
qosk1 ... qoskm srk1 ... srkn

]
(1)

where the QoS values are assumed as categorical (e.g., low, medium, and high) and the resource values are numeric.
Here we assume the contract time of all service instances is one year based on the fact of most SaaS product
subscription in the current market.

The SaaS provider predicts the arrival of future service demands SD in time slots {t1, ..., tl} for each service
option s, in which each service demand sdαβ refers to the number of service options sα to be subscribed in time tβ .
It needs to be noted that the prediction model is excluded in this research.

SD =

[
sd11 ... sd1l
... ... ...
sdk1 ... sdkl

]
(2)
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Fig. 1. Graphical representation of the formulated problem

An IaaS provider provisions a number of IaaS instances {i1, ..., ih} with options on a series of cloud resource
parameters {IR1, ..., IRp} (e.g., CPU, memory, bandwidth, and storage), contract time TC (e.g., 1 year or 3 years),
and price IP . The number of cloud resource parameters is usually greater than the number of service resource
parameters (Equation 1), thus p > n. For the purpose of simplicity, the IaaS instances with different contract time
are treated as different IaaS instances.

I =

[ i1
...
ih

]
=

[
ir11 ... ir1p tc1 ip1
... ... ... ... ...
irh1 ... irhp tch iph

]
(3)

Usually the price IP comprises an upfront fee and an hourly usage rate. For the purpose of the simplification,
we assume that the price IP is the total annual cost, which combines the annual upfront fee (the total upfront fee
divided by the contract time) and the hourly rate multiplying the normalized working hours per SaaS instance per
year.

According to the multi-tenancy nature of SaaS, an IaaS instance can be assigned to multiple SaaS instances; in
contrast, a SaaS instance can only be assigned to an IaaS instance.

Based on the above assumptions, the problem of IaaS reserved instance subscription based on multi-QoS based
SaaS provisioning is defined as follows:

Given the SaaS demands SD and the IaaS instances I, how will the SaaS provider subscribe the proper types
and numbers of IaaS instances to minimize the subscription cost? The objectcive function can be modelled as:

arg min
h∑

α=1

(tnα ∗ tcα ∗ ipα) (4)

where tnα represents the number of subscribed IaaS instance iα. Fig.1 shows a graphical representation of the
formulated problem.

In addition, we do not consider task migration for the simplicity of the problem formulation. It means that a
SaaS demand placed in an instance will keep unchanged until the completion of its contract time.

4 Proposed Solution

Our solution to this optimization problem consists of two steps: 1) statistically mapping between SaaS QoS and
cloud resources; 2) planning reserved IaaS instance subscription optimization using an evolutionary algorithm with
the objective function of minimizing the subscription cost (Equation 4).

4.1 SaaS QoS and Cloud Resource Mapping

In this section, we propose a Bayesian network model to convert QoS values in SaaS demands to corresponding
cloud resources.
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It is known that certain SaaS QoS parameters and IaaS resource parameters closely correlate to each other. For
example, the previous research [3] shows that the execution time of tasks run on an IaaS instance relies on the
CPU capacity of the instance. According to the law of computer [12], the response time of a computing task is the
sum of execution time, waiting time, and transmission time, where execution time, waiting time, and transmission
time respectively rely on the capacities of CPU, memory, and bandwidth of an IaaS instance in a cloud (network)
environment [13, 14]. Instance availability also highly correlates to the amount of cloud resources3. These evidences
make it feasible to map between certain SaaS QoS performances and cloud resource consumption.

The prerequisite for predicting the mapping between SaaS QoS and cloud resource consumption is that there
are historical data recording each single SaaS demand and their consumed cloud resources. We design a Bayesian
network model to realize the mapping process. A sample graphical representation of the Bayesian network model
is shown in Fig.2.

Fig. 2. Bayesian network for SaaS demand and cloud resource mapping

The estimated value of each cloud resource parameter for each SaaS QoS demand is the expected value of
the QoS demand on all possible values of the cloud resource parameter. According to the example in Fig. 2, it is
expressed as:

E[SDIR] =
m∑
α=1

(P (IRα|RP,AV ) ∗ IRα) (5)

where IR is a cloud resource parameter (e.g., CPU, memory, etc.), RP and AV are the categorical values of response
time and availability of the SaaS demand, IRα is the numeric values of IR and m is the number of numeric values.

The resource parameters (SR) of SaaS instances are usually consistent with the resource parameters (IR) of IaaS
instances (e.g. storage). Therefore, SaaS resource demands can be directly used for IaaS subscription optimization.

4.2 GA based Reserved Instance Subscription Optimization

In this section, we design a GA based solution to optimize the subscription of reserved IaaS instances. The opti-
mization goal is to minimize the subscription cost while fulfilling the (mapped) SaaS resource demands.

The objective function (Equation 4) is naturally nonlinear. For example, if two demands sd1 and sd2 have the
subscription cost of x and y, the subscription cost of sd1+sd2 may not be x+y as they may share the same instance.
Brute force is a typical combinatorial optimization solution. It attempts all possible combinations of instances for
the demands to find the optimal combination. Nevertheless, its scalability is problematic (generating 2n candidates
for n demands in general sense). Evolutionary algorithms, in contrast to traditional optimization solutions, are
more efficient in nonlinear constraint based optimization [4]. GA is one of the most widely applied evolutionary
algorithms [15]. We propose a GA based optimization solution.

The proposed GA model simulates the evolutionary process by encoding each solution into a chromosome that
represents a combination of instances and their affiliated SaaS demands. An initial population of candidate solutions
in the start time slot are formed based on the designed heuristics. The fitness of a solution is evaluated based on the
objective function (Equation 4). Solutions with lower fitness values are selected to reproduce a new child solution by
exchanging components of their combinations via crossover. Mutation is applied after crossover with a probability
by altering some components in the chromosomes. A less fit solution in the population is replaced by the child
solution. This process is iterated to achieve an approximately optimal solution over the time. The detailed steps of
the GA model are depicted as follows:

3 https://blogs.msdn.microsoft.com/buckwoody/2012/11/06/high-availability-for-iaas-paas-and-saas-in-the-cloud/
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Fig. 3. Chromosome representation of a candidate solution

The first step is to design a chromosome representation for a solution. We estimate the upper bound of the
solution space by calculating the required maximum amounts of each instance type for SaaS demands in each time
slot by:

max(tn) =
p

max
α=1

(⌈∑k
β=1(sdβ ∗ E[SDIRα

β ])

irα

⌉
,

⌈∑k
β=1(sdβ ∗ SRIRα

β )

irα

⌉)
+ c (6)

where sdβ is the demanded number for a SaaS instance option, E[SDIRα

β ] and SRIRα

β are respectively the converted
and the direct resource requirement of a SaaS demand on a cloud resource parameter α, and c is an integer.

The solution at time t is then represented as a δ-dimensional vector where δ = sumh
α=1max(tnα) is the maximum

number of all types of IaaS instances for the demands. The chromosome of each dimension is a group of service
demand identification numbers, where 0 represents null service demands. The chromosome representation of a
candidate solution is illustrated in Fig. 3.

The second step is to form an initial population of the candidate solutions for the initial time slot t0. The
allocation of SaaS demands into an instance i strictly subjects to the following constraint - the sum of the SaaS
(converted) resource demands allocated to an instance i cannot be greater than the resources provisioned by the
instance, which is mathematically expressed as:∑

β∈i

E[SDIRα

β ] ≤ iriα and
∑
β∈i

SRIRα

β ≤ iriα (7)

We introduce the following heuristics (ranked by descending priority) to accelerate the optimization process:
Heuristic 1: We prefer to use the already subscribed instances with available resources as long as the remaining

contract time of the instances is no shorter than the contract time of the demands. This heuristic is to improve the
utilization rate and save the subscription cost.

Heuristic 2: We prefer to select a more cost-effective new instance, when 1) the total resources of the remaining
non-allocated SaaS demands are higher than the resources provisioned by the instance and 2) the end time of the
new instance is not longer than the last end time of the SaaS demands. The cost-effectiveness of an instance is
calculated by:

CE =
ip∑p

α=1(λα ∗ irα)
subject to 0 ≤ λα ≤ 1 and

p∑
α=1

λα = 1 (8)

Heuristic 3: We prefer to select a new instance, the resources of which are higher than and closest to the
total resources of the remaining non-allocated SaaS demands if condition 1) in Heuristic 2 is invalid. We prefer to
select the most cost-effective new 1-year instance if condition 2) in Heuristic 2 is invalid. We prefer to select a new
1-year instance, the resource of which is slightly higher than and closest to the total resources of the remaining
non-allocated SaaS demands if conditions 1) and 2) in Heuristic 2 are invalid.

The third step is to calculate the fitness values of the candidate solutions by Equation 4. The candidate
solutions are then ranked in an ascending order.

The fourth step is to select two candidate solutions from the population for reproduction. We first select the
top-k (k = 2,4,8...) candidate solutions. We then employ the binary tournament selection strategy [16] to organize
tournaments among the candidate solutions. The winner of each tournament is a solution with a lower fitness value.
The two solutions who meet in the final are selected for reproduction.

The fifth step is to execute a crossover operation over the pair of selected candidate solutions to generate
a child solution. The child solution generation subjects to the instance resource constraint (Equation 7) and is
driven by the three heuristics. We attempt several popular crossover operators, including single-point crossover,
double-point crossover and uniform crossover [17]. Their performance is evaluated in Section 5.

The sixth step is to implement a mutation operation with a probability value p over the child solution. We
employ a simple mutation strategy. Two genes in a child solution are randomly picked and swapped. The swapping
is constrained by Equation 7.
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Table 1. GA parameter values

Parameter Value

c - Integer for error controlling (Equation 6) 1
λCPU - Weight of CPU resource of IaaS instances (Equation 8) 0.5
λMem - Weight of memory resource of IaaS instances (Equation 8) 0.5
k - Number of selected candidate solutions for reproduction 8
p - Probability of mutation 0.2
g - Maximum rounds of solution generation without improvement 50
Population size 10
Crossover rate 1.0

Table 2. Mapping between QoS categorical values and numeric values

Response time Availability

Categorical Value Numeric Value Categorical Value Numeric Value

High 0-99 ms High ≥99.99%
Medium 100-199 ms Medium 99%-99.99%
Low ≥200 ms Low <99%

The seventh step is to add the child solution to the population if it does not exist in the population. We first
calculate the fitness value of the child solution. The solution with the highest fitness value in the population is then
replaced by the child solution.

The eighth step is to repeat Steps 4-7 until there is no further improvement on the lowest fitness value of the
candidate solutions after g rounds of solution generation. The solution with the lowest fitness value is then selected
as the formal solution for time slot t0.

The ninth step is to repeat the same process (Steps 1-8) to find the formal solution for the following time
slots. Eventually the formal solutions (i.e., subscribed instances and allocated SaaS demands) for all the time slots
are formed.

5 Evaluation

A simulated experiment is performed to evaluate the effectiveness of the proposed approach. We compare among
the proposed GA model with different settings and a greedy algorithm. All the experiments are performed on a
desktop with Intel Core i7 CPU (3.4 GHz and 8 GB RAM). All the algorithms are implemented using Python. The
GA models are implemented using the DEAP library4. We use the following parameter values to run the candidate
GA models (Table 1).

5.1 Dataset Description

We evaluate the proposed solution using a mixture of real world data and synthetic data. There is no publicly
available dataset that records the actual cloud resource consumption of SaaS instances with multi-QoS levels. We
mix a Google Cluster dataset5 and a simulated cloud QoS dataset6 to create the SaaS consumption dataset. Google
Cluster dataset traces CPU and memory consumption of jobs over 12.5k machines over a 1-month period. We
randomly pick 900 consumption records. The cloud QoS dataset includes the QoS performance (including response
time and availability) of 63 cloud services. We map the numeric values of the QoS performance of the services into
categorical values by observing the dataset and referencing AWS Service Level Agreement7. The mapping rules can
be found in Table 2. We create 9 IaaS instance options by finding all combinations of the QoS categorical values.
Each IaaS instance option is randomly mapped with 100 cloud consumption records to generate the IaaS instance
resource consumption dataset.

We randomly generate 1000 SaaS demands based on the instance options. We create 20 arrival time slots evenly
distributed in a 10-year period. These demands are randomly distributed over these arrival time slots.

4 https://github.com/DEAP/deap
5 https://github.com/google/cluster-data
6 https://data.mendeley.com/datasets/5vffs75j85/1
7 https://aws.amazon.com/compute/sla/
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Fig. 4. Accumulative IaaS instance subscription cost

We use the standard AWS EC2 reserved instances options (A1) and pricing8. We assume the usage time of all
the SaaS demands is 365*24=8760 hours per year to calculate the cost of each IaaS instance.

5.2 Candidate Models

We introduce a greedy algorithm as the baseline for evaluating the performance of the proposed optimization model.
The algorithm is based on the following principles: 1) The instance subscription optimization will be executed along
with the time, i.e., first come, first served (FIFO); 2) For each demand, it will find the smallest instance (including
the instances with available remaining resources), the resource of which is no lower than the mapped demand
resource. This bases on the fact that smaller instances are usually with lower cost. It is compared with the following
candidate algorithms:

1) GA without heuristics based on single-point crossover (abbr. as GAS).

2) GA without heuristics based on double-point crossover (abbr. as GAD).

3) GA without heuristics based on uniform crossover (abbr. as GAU).

4) GA with heuristics based on single-point crossover (abbr. as GAHS).

5) GA with heuristics based on double-point crossover (abbr. as GAHD).

6) GA with heuristics based on uniform crossover (abbr. as GAHU).

5.3 Evaluation Results and Discussion

We perform two experiments to evaluate the performance of the proposed model. The first experiment is to com-
pare the aforementioned seven candidate algorithms on the fitness value (Equation 4), namely the IaaS instance
subscription cost. The second experiment is to compare the average numbers of iterations of the GA models before
reaching their lowest fitness values. The experimental results are shown in Fig. 4 and 5. We discuss the results from
the following perspectives:

1) All the GA models have better performance (i.e. lower cost) than the greedy algorithm. This is because the
greedy algorithm tries to allocate each demand using single instance, which would generate higher cost. In contrast,
the GA models try to allocate combinations of demands into larger instances, which would be more cost-effective.
This result proves the feasibility of the GA models.

2) All the GA models with heuristics outperform (i.e. lower cost and iteration numbers) the models without
heuristics. The heuristics try to allocate demands into more cost-effective instances, in addition to being aware of
the contract time of the instances. This result validates the effectiveness of the designed heuristics on cost reduction
and convergence efficiency.

3) The performance among the GA models with different crossover operators is relatively close. Therefore, it
can be concluded that the impact of the crossover operator selection on the optimization performance is relatively
minor.

8 https://aws.amazon.com/ec2/pricing/reserved-instances/pricing/
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Fig. 5. Average numbers of iterations

6 Conclusion and Future Works

In this paper, we present an evolutionary computation based solution to minimize the cost of reserved IaaS instance
subscription for multi-QoS levels based SaaS provisioning. The solution includes a Bayesian Network model for
SaaS QoS level and IaaS resource consumption mapping and a genetic algorithm with heuristics for reserved IaaS
instance subscription optimization. The experiments preliminarily prove the feasibility of the solution.

For future works, we will gradually increase the complexity of the problem according to the reality and design
more effective and practical solutions.
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Abstract. The dramatically increasing energy consumption of data centres is an important issue. Server
consolidation is now regarded as one of the most effective ways to reduce the energy consumption in data
centres. Server consolidation can be formulated as a Virtual Machine (VM) placement problem, and Genetic
Algorithm (GAs) have been used to find an optimal solution to the VM placement problem. However, the
slow computation time is a main concern of the GAs. This paper aims to improve the efficiency of the GAs.
In this paper, we propose a new GA, namely Improved Genetic Algorithm (IGA), which is a GA enhanced
by a new Initial Population Generation Strategy (IPGS), a new Knowledge-based Crossover Strategy
(KCS), and a new Knowledge-based Mutation Strategy (KMS). Extensive experiments are conducted to
illustrate the efficiency of the IGA.

Keywords: server consolidation, virtual machine placement, genetic algorithm

1 Introduction

The dramatically increasing energy consumption of data centres is an important issue and one of the most
efficient ways to tackle the issue is through server consolidation. The basic idea of server consolidation is to
place those Virtual Machines (VMs) in a data centre to as few Physical Machines (PMs) as possible, and then
switch off those unused PMs. Server consolidation can be modelled as a VM placement problem which can be
considered as an optimisation problem. Genetic Algorithms (GAs) have been used to find an optimal solution
for the VM placement problem [5, 4, 3, 1, 2].

In order to further improve the efficiency of the GAs, we present a new GA, namely Improved Genetic
Algorithm for the VM placement problem (IGA), which is a GA enhanced with a new Initial Population
Generation Strategy (IPGS), a new Knowledge-based Crossover Strategy (KCS), and a new Knowledge-based
Mutation Strategy (KMS). With the combination of the three strategies, the efficiency of the GA is improved.

Compared with the existing GAs, the IGA results in the reduction in the computation time and an improve-
ment of a quality of the solution. The IGA is implemented and various sets of experiments are conducted to
evaluate the efficiency of the IGA. Experimental results show that the IGA can always find a solution better
than the GAs with a shorter computation time.

The rest of the paper is structured as follows. Section 2 formulates the VM placement problem. Section 3
describes the IGA. Section 4 discusses the design of the experiments and shows the experimental results. Finally,
conclusions are drawn in Section 5.

2 Problem Formulation

The VM placement problem is formulated as follows as in [4]:
Inputs:
• P = {pmi|1 ≤ i ≤ |P | } is the set of Physical Machines (PMs). Each PM is defined as pmi =

〈pmcpu
i , pmmem

i 〉 where pmcpu
i and pmmem

i are the CPU capacity and memory capacity of pmi, respectively.
The current CPU and memory utilisation on pmi are pmcu

i and pmmu
i , respectively.

• V = {vmj |1 ≤ j ≤ |V | } is the set of Virtual Machines (VMs). Each VM is defined as vmj =
〈vmcpu

j , vmmem
j 〉 where vmcpu

j is the CPU requirement of vmj , and vmmem
j is the memory requirement of

vmj .
Objectives: To find a VM placement plan such that the total energy consumption by all the PMs is minimised.
The total energy consumption by all the PMs can be defined as

|P |∑
i=1

E(pmi) (1)

ICONIP2019 Proceedings 73

Volume 16, No.1 Australian Journal of Intelligent Information Processing Systems



2 C. Sonklin, M. Tang and Y. Tian

where E(pmi) is the energy consumed by pmi as shown in Equation (2)

E(pmi) = ki ∗ emax
i + (1− ki) ∗ emax

i ∗ µi (2)

where emax
i is the maximum energy consumed by pmi when it is fully utilized; ki is the fraction of energy

consumed when pmi is idle; and µi is the CPU utilization rate of pmi, which is defined as

µi =
pmcu

i

pmcpu
i

(3)

Constraints: The placement of vmj on pmi is subject to the resource (CPU and memory) constraints as shown
in Equations (4) and (5).

pmcu
i =

∑
vmj∈Vpmi

vmcpu
j ≤ pmcpu

i , when 1 ≤ i ≤ |P | (4)

pmmu
i =

∑
vmj∈Vpmi

vmmem
j ≤ pmmem

i , when 1 ≤ i ≤ |P | (5)

Equations (6) and (7) ensures that each VM is placed on only one PM.

|P |⋃
i=1

Vpmi
= V (6)

Vpmi

⋂
Vpmj

= ∅, when i 6= j (7)

3 The Improved Genetic Algorithm

This section discusses the detailed design of the Improved Genetic Algorithm (IGA), including its encoding and
decoding schemes, fitness function, selection strategy, initial population generation, genetic operators. The focus
will be placed on the new Initial Population Generation Strategy (IPGS), the new Knowledge-based Crossover
Strategy (KCS), and the new Knowledge-based Mutation Strategy (KMS).

3.1 Encoding and Decoding Schemes

A VM placement solution is encoded in a sequence of genes and each gene stand for a VM, representing the
PM where the VM is placed. Figure 1 is an example of the encoding scheme for the VM placement solution
presented in Figure 2.

Fig. 1. An example of the encoding scheme.

Fig. 2. An example of the decoding scheme.
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3.2 Fitness Function

The quality of a solution is evaluated by a fitness function. A better solution quality corresponds to higher
fitness value. In the IGA, we adopted the fitness function from [1] which is shown in Equation 8.

F (x) =


0.5 +

Emax − E(x)

2× Emax
, if x is feasible

2m− V (x)

4m
, otherwise

(8)

where Emax is the maximum energy consumed by all servers; E(x) is the total energy consumption; m is a
number of PMs; V (x) is the number of violations in x. Feasible solutions have a value greater than 0.5, otherwise
they are infeasible solutions.

3.3 Initial Population Generation Strategy

The efficiency of a GA depends on the initial population of the GA. If the fitness value of the individuals in the
initial population is good and the individuals in the initial population are diverse, then the GA will converge
to an optimal or near-optimal solution quickly. Thus, we develop a new Initial Population Generation Strategy
(IPGS) using a combination of two techniques, a random search technique and a local search technique, to
generate an initial population in the IGA. The random search technique is used to maintain the diversity of the
initial population; and the local search techniques is used to generate fitter individuals.

3.4 Selection

The selection operator picks up individuals from the current generation for reproduction. The IGA applies the
roulette wheel selection to determine the parent chromosomes. The basic idea of the roulette wheel selection is
to select parent chromosomes based on their fitness value. The individuals having better fitness will have more
chances to be selected for reproduction.

3.5 Knowledge-based Crossover Strategy

The IGA uses a knowledge-based crossover to reproduce one offspring from two selected parents. The knowledge-
based crossover can identify some good VM placements and pass these good VM placements to their offspring.
It is noted that a good placement refers to the placement which is associated with the most saved energy. There
are two main steps in the KCS explained below.

The first step is selection. This step compares two parents and the parent with the better fitness (which
means the parent with the least energy consumption) is selected. Then the PM with the least CPU utilisation is
selected. The reason behind this is to minimise the number of the PMs by moving VMs and turn off the unused
PM.

The second step is reallocation. In order to assign the VMs which are placed in the selected PM from the
first step, the PM the most CPU utilisation that satisfied constraints of that VM is selected. Figure 3 presents
an example of the KCS. After comparing the fitness value between two parents, Parent 2 is the selected parent
and the selected PM is pm3. Then, vm9 are considered to be moved. Therefore, following the KMS, vm9 is
reallocated to pm2 in the offspring, and pm3 will be switched-off.

3.6 Knowledge-based Mutation Strategy

We have developed a novel Knowledge-based Mutation Strategy (KMS) by identifying some genes and changing
them in order to keep diversity in the generation and minimise the number of active PMs. Some genes refer to
those associated with the available resources of PMs, including memory and CPU capacity. Figure 4 shows a
simple example. pm4 is the top PM with the most available CPU capacity and pm1 is the top PM with the
least available CPU capacity. Therefore, following the KCS, vm5 is moved to pm1 in the offspring, and pm4
can be switched-off.

4 Evaluation

In this section, we evaluate the IGA through a comparative study. The benchmark algorithm that we use in this
study is the original GA. Comparisons are made with the GA in order to ascertain any benefits that result. We
evaluate the IGA in terms of its performance and scalability. The performance of the algorithms is characterised
by the quality of solution and computation time. Better quality solutions are those in which PMs have lower
energy consumption. The scalability of the IGA is examined by investigating how its computation time increases
when the number of VMs and the number of PMs increase.
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Fig. 3. An example of the KCS.

Fig. 4. An example of the KMS.

4.1 Experiment Design

The evaluation of our proposed algorithm was performed through four groups of experiments. The first, second
and third groups of experiments were designed to test the effectiveness of the IPGS, the KCS, and the KMC,
respectively; and the fourth set of experiments to test the overall performance of the IGA.

We developed a Java program that can randomly generate a test problem with a set of given characteristics.
The characteristics of the randomly generated test programs are shown in Table 1. We also implemented the
IGA in Java, and used the original GA and the IGA to solve the test problems.

Table 1. Characteristics of the test problems

Test Problem VM(#) PM(#)

1 20 100

2 40 200

3 60 300

4 80 400

5 100 500

6 120 600

7 140 700

8 160 800

9 180 900

10 200 1000
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The PMs and VMs had different configurations. In the randomly generated test problems, the VMs’ CPU
requirements were randomly selected from {300, 3000}, and the VMs’ memory requirements was the product
of the VMs’ CPU requirements and a random value in the range [0.7, 1.3]. The PMs’ CPU capacities were
randomly generated from {5000, 10000, ..., 25000}, while its memory capacities was the product of the PMs’
CPU capacities and a random value in the range [0.7, 1.3].

For both the GA and the IGA, the crossover probability and mutation probability were 0.99 and 0.01,
respectively. The termination condition is “no improvement in the best solution for 100 consecutive generations”.
In the experiments, each test problem was repeatedly tested for 30 times, and the average of the 30 runs of was
recorded.

4.2 Experimental Results

Experiment 1: Effectiveness of the IPGS Table 2 shows the difference between the IPGS-based GA and
the GA. The experimental results of the IPGS-based GA and the GA are shown in Table 3. It can be seen from
the table that the energy consumption of those solutions found by the IPGS-based GA is less than that of the
GA for all the test problems. In addition, the IPGS-based GA has shorter computation time than the GA.

Table 2. GA processes

Process GA IPGS-based GA

Create Initial Pop Random IPGS
Selection Roulette Roulette
Crossover Biased uniform Biased uniform
Mutation Random Random

Table 3. Energy consumption and computation time performance of the GA and the IPGS-based GA with different
number of PMs and VMs. For each of the test problems, the results are averaged over 30 runs.

Test Problem
GA IPGS-based GA

Energy (W) Total Time (sec) Energy (W) Total Time (sec)

1 3341.31 1.97 3377.50 0.24

2 6347.50 6.27 6420.93 0.72

3 9596.22 12.60 9611.92 1.39

4 14897.55 16.22 14473.06 2.11

5 19049.11 20.37 18383.04 2.42

6 22676.70 24.10 21120.68 2.46

7 26888.71 33.12 25552.55 2.93

8 30990.15 36.10 29192.85 3.86

9 32376.92 38.66 30785.18 4.56

10 36100.53 46.66 33853.95 5.71

Experiment 2: Effectiveness of the KCS This experiment aims to investigate how the solution is improved
after applying the KCS to the GA. Table 4 shows the difference between the KCS-based GA and the original
GA.

Table 4. GA processes

Process GA KCS-based GA

Create Initial Pop Random Random
Selection Roulette Roulette
Crossover Biased uniform KCS
Mutation Random Random
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The experimental results about the KCS-based GA and the GA are shown in Table 5. It is clearly seen that
the KCS-based GA always finds the solutions very close to those found by the original GA, but with much
shorter computation time (up to eight times less than that of the GA for all the test problems).

Table 5. Energy consumption and computation time performance of the GA and the KCS-based GA. For each of the
test problems, the results are averaged over 30 runs.

Test Problem
GA KCS-based GA

Energy (W) Total Time (sec) Energy (W) Total Time (sec)

1 3341.31 1.97 3291.26 0.38

2 6347.50 6.27 6312.81 0.85

3 9596.22 12.60 9218.57 1.68

4 14897.55 16.22 13847.12 2.41

5 19049.11 20.37 17636.19 3.38

6 22676.70 24.10 20393.78 5.69

7 26888.71 33.12 23964.48 6.70

8 30990.15 36.10 27998.60 8.59

9 32376.92 38.66 29323.42 10.87

10 36100.53 46.66 33901.67 13.14

Experiment 3: Effectiveness of the KMS This experiment aims to characterise the solution improvement
after applying the KMS to the GA. Table 4 shows the difference between the KMS-based GA and the original
GA.

Table 6. GA processes

Process GA KMS-based GA

Create Initial Pop Random Random
Selection Roulette Roulette
Crossover Biased uniform Biased uniform
Mutation Random KMS

The experimental results about the KMS-based GA and the GA are shown in Table 7. It can be seen from
the table that the energy consumption exhibited by the KMS-based GA is slightly better than that of the
GA.However, the computation time of the KMS-based GA is also slightly longer than that of the GA.

The experimental results show that the GA with the KMS can find the better solutions when the problem
size is larger but it takes a longer time to find an optimal solution compared to the GA.

Experiment 4: The performance and scalability of the IGA Table 8 shows the difference between the
IGA and the original GA.

The experimental results about the IGA and the GA are shown in Table 9. The experimental results demon-
strate that the IGA always takes a shorter computation time (up to 12 times) than the GA, but still generates
better solutions than the GA for all test problems. In addition, it can be seen from Figure 5 that the computa-
tion time of the IGA increases almost linearly with the product of the number of PMs and the number of VMs.

5 Conclusion

In this paper, we have proposed an Improved Genetic Algorithm (IGA) for the VM placement problem. The IGA
adopts a new initial population generation strategy, a knowledge-based crossover strategy, and a knowledge-
based mutation strategy.

To illustrate the efficiency of the IGA, the proposed algorithm has been implemented, and evaluated with
numerous experiments. The experimental results have shown that the IGA outperforms the original GA in terms
of the quality of solutions and computation time.
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Table 7. Energy consumption and computation time performance of the GA and the KMS-based GA. The results
pertain to averages over 30 runs for each test problem.

Test Problem
GA KMS-based GA

Energy (W) Total Time (sec) Energy (W) Total Time (sec)

1 3341.31 1.97 3364.42 2.19

2 6347.50 6.27 6859.61 6.80

3 9596.22 12.60 10107.88 13.54

4 14897.55 16.22 15585.45 14.52

5 19049.11 20.37 19162.49 17.48

6 22676.70 24.10 22628.07 27.66

7 26888.71 33.12 26870.78 36.59

8 30990.15 36.10 30913.80 52.48

9 32376.92 38.66 32231.29 71.40

10 36100.53 46.66 36063.41 83.97

Table 8. GA processes

Process GA IGA

Create Initial Pop Random IPGS
Selection Roulette Roulette
Crossover Biased uniform KCS
Mutation Random KMS

Table 9. Energy consumption and computation time performance of the GA and the GA with modified initial population,
crossover, and mutation. The results pertain to averages over 30 runs for each of the test problem.

Test Problem
GA IGA

Energy (W) Total Time (sec) Energy (W) Total Time (sec)

1 3341.31 1.97 3281.25 0.29

2 6347.50 6.27 6335.49 0.55

3 9596.22 12.60 9256.75 1.02

4 14897.55 16.22 13869.24 1.61

5 19049.11 20.37 17630.70 2.31

6 22676.70 24.10 20386.12 4.08

7 26888.71 33.12 23947.29 5.17

8 30990.15 36.10 27998.76 6.46

9 32376.92 38.66 29312.86 8.43

10 36100.53 46.66 33836.12 9.70
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Fig. 5. The scalability of the IGA.
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