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Abstract 

In recent years, the quality risks in supply chain are frequently encountered by Chinese's 
manufacturing enterprises, the aim of the paper is to present a manufacturer perspective methodology 
of forecasting quality risks in supply chain. To do it, firstly, we innovatively propose achieving factors 
of quality risks by the house of quality of quality function deployment. Secondly, an optimal selection 
approach regarding support vector machine parameters is suggested based on chaos particle swarm 
optimization, and then the forecasting model based on support vector machine is advanced. Finally, 
the experimental simulation of the model should be carried on some sample data. The results show 
that the forecasting accuracy and generalization ability of the proposed model is higher than particle 
swarm optimization-support vector machine on the same data sets. Therefore, the proposed method 
can be considered as a promising alternative method for forecasting quality risks in a supply chain 
from the perspective of manufacturers in China. 
(Received, processed and accepted by the Chinese Representative Office.) 
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1. INTRODUCTION 

Under the dynamic environment, supply chain is subject to affected by all kinds of risks [1], 
including of strategic, tactical, organizational and business environment factors [2], which are 
finally shown in the form of quality risks. Enterprise, who only focuses on the internal quality 
risks management and ignores the quality risks from upstream and downstream, tends to 
encounter many quality problems of products or services [3]. To improve their global 
competitiveness by the means of risk management, the risk forecasting research is necessary. 
As we all know that it is all but is impossible to predict accurately. Even so, it is feasible to 
predict the risk patterns or trends for the short term from the perspective of macro 
management. So is our study goal. Our research will focus on three issues. 
      On one hand, for the risk factors of quality in supply chain are more complicated and 
more subtle, we are confronted with the challenge of finding quality risk factors clearly and 
objectively. According to the official definition of quality (namely ISO 8402,) given by 
international standard organism, which explains that quality is an inherent feature of products 
or services, namely quality is a kind of ability of meeting customer's requirements or 
expectations. Naturally, we think that the key of designing and managing quality is to 
transform the quality requirements into functional or measurable characteristics of quality [4, 
5]. Moreover, the analysis and design tasks can be supported well by quality function 
deployment. So, we innovatively propose the method of analysing quality risk factors by 
house of quality of quality function deployment. 
      On the other hand, as for the method of risks forecasting, we usually classify it from these 
aspects. According to the study paradigm of prediction, forecast methods can be divided into 
qualitative and quantitative [6]. Quantitative forecasting is to estimates the future state of 
things (establish quantitative relations between models) by the quantitative techniques, such 
as predictive function. From the range of prediction, forecasts can be divided into macro 
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forecast and micro forecast [7]. Macro forecast focus on the overall trend of a system risk. 
Micro forecast is aimed at the certain behaviours or local aspect. With regard to predicting 
technology, there is statistical method and artificial intelligent method [8]. At present, the 
artificial intelligence technology is more popular. Commonly neural networks, genetic 
algorithms, agents, ant algorithms and support vector machines, and so on are seen as valid 
artificial intelligence algorithms in forecasting. Some of these algorithms, such as neural 
network and genetic algorithms are often prone to "over fitting" [9, 10]. In contrast, support 
vector machines is not only a machine learning method of severing small sample, but also has 
structural risk minimization and strong generalization [11-13]. In recent years, support vector 
machines have been successfully applied in nonlinear system identification and prediction 
[14]. However, the forecasting accuracy based on small sample is relatively poor. In order to 
make up the defect of insufficient samples, we should adopt the global forecasting methods to 
extend the unknown information points. So, we put forward the combining method of chaos 
particle swarm optimization and support vector machine. Because the contribution of chaos to 
the diversity of particle and the iteration of particles [15], to some extent, the efficiency of 
algorithm and accuracy of support vector machines classifier can be improved. 
      Finally, in light of the complex of quality risks in supply chain, the forecast modelling on 
quality risks in supply chain will be carried on by this the combining method. The chaos 
particle swarm optimization algorithms are used in optimizing the parameters of radial basis 
functions for support vector machines. The presented forecasting models will apply in the 
typical quality risk prediction of supply chain, and the related simulation experiments are 
conducted to test the performance of the proposed model. 

2. QUALITY FUNCTION DEPLOYMENT 

2.1  Analysis of quality risks in supply chain 
 
Because of the complexity of quality risks in supply chain and the limitations of disclosure, its 
definitions are diverse from the different perspective of researchers. But one thing is sure: the 
quality risks in supply chain are the sum of quality risks of all aspects in a supply chain [16]. 
And the quality risks refer to the probability of negative events caused by the conflict of 
quality requirements and quality reality. As a result, it maybe leads to a certain quality loss or 
other adverse consequences. According to the operation stages and management factors of 
supply chain, the risk of supply chain relates to the risks of production, sales, supply, 
management, overall quality, culture, and other aspects, in which quality risks in supply chain 
are the most critical. Most experts think that it is more difficult to prevent and manage the 
quality risks in supply chain. Compared with other risks in supply chain, these quality risks 
have some unique characteristics: transitivity, time lag, complexity, interaction and easily 
happening [17]. 
      In fact, the quality risks are mainly reflected in the form of product quality risks and the 
service quality risks. Besides, the level of product and service is ultimately to be judged by 
customers, namely, the customer satisfaction to requirements is a measure of quality 
standards. Therefore, we take it into account that these quality risks, in fact, are caused by the 
conflicts between quality requirements and quality reality. 
      So, the requirements for supply chain quality (namely, voices of customers) should to be 
analysed, and gradually to be turned into the quality characteristics of supply chain. 
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2.2  Quality factors analysis based on quality function deployment 
 
The concept of quality function deployment 
Quality function deployment tools emerged from Japanese design practice as means to 
integrate customer requirements and other lifecycle concerns into product design for 
improving its quality [18, 19]. Its theoretical core is house of quality, which can be applied to 
decompose the customer requirements into the various stages of the whole process. The house 
structure of quality is shown as Fig. 1. 
 

 
Figure 1: House structure of quality. 
 
      As shown in Fig. 1, the house of quality contains valuable information about the customer 
requirements and their relative importance, the relationships between the customer 
requirements and technical features of product quality, the correlation and the relative 
importance of features. We focuses on the matrix of house of quality, which can make us get 
the quality factors. 

The house of quality of supply chain and the weights of quality risks factors 
From above we can know that there is an organic link between the quality requirements and 
quality factors. Thankfully, quality function deployment can help us to do it. Its house of 
quality technology is a kind of means to correlate the customer requirements with the product 
quality or service performance. 
      On the basis of quality function deployment, we are to deploy the "voices of customers" 
into the quality assurance measures properties of supply chain, and the "quality properties of 
supply chain" separately by the house of quality of "customer demand to supply chain quality 
assurance measures characteristics" and the house of quality of "supply chain quality 
assurance measures characteristics to supply chain quality factors", which are shown in Fig. 2. 
 

 
Figure 2: The deployment model of supply chain quality function. 
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      In tradition, the correlation between characteristics is given by experts. To avoid of the 
subjective solving of correlation and weights, we give relation value according to the survey 
questionnaire of the customers' requirements. For example, the strategic relationship as 
quality characteristic is just the embodiment of open cooperation needs, and then there is a 
correlation between both. The degree of association can be set to the level of feature meet to 
demand. The relevance between the demand of opening up and strategic cooperation 
relationship can be set according to the strategic cooperation relationship of the frequency 
within a certain time. In addition, to research easily, all relevance between requirements' 
properties and characteristics of quality will be set strong relevant, general relevant, weak 
correlation of three grades, which are respectively set as three values of 7, 5, and 3. 
      Then, according to Fig. 2, the weights of parameters in house of quality can be calculated 
by the eqs. (1) and (2). 
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      The weights of output parameters are set by the eq. (2). 
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where, R is input vector of house of quality, such as customer requirements' parameters, B is 
the output vector of house of quality, such as quality features' parameters, W is the weights 
vector of parameters, Y is the target values vector of parameters. 
      Logically, supply chain is actually a relational network to meet the supply and demand 
needs of all parties. The product quality and service quality are the main manifestation of 
supply chain quality, which result from all quality factors. So are the quality risks of supply 
chain. Based on this, the quality risk factors and their weights are studied as following. 

The hierarchical model of quality risks in supply chain 
Different from the traditional factor analysis by SPSS [20], the paper focuses on the 
customer's quality requirements to change these requirements into quality and technical 
characteristics by house of quality, and further converted into the characteristics of risk 
factors. So, according to the Fig. 2, the hierarchical model of quality risk factors in supply 
chain is shown as Fig. 3. 
      On account of these quality risks factors in Fig. 3 play force in the order of supply chain 
system, we propose the information entropy to express this force. Thus, the eqs. (3) and (4) 
are designed to calculate the information entropy of risk factors in Fig. 3. 
      Some steps should be taken to calculate the information entropy of indexes in fourth layer 
by eq. (4), then the information entropy of indexes in third layer and in second layer are 
solved by eq. (3), which can be used as control parameters for risk. 
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where Uij is the j index in layer i, and then WUij1 presents the weight of Uij, EUij is regarded as 
the entropy of Uij, k is the total numbers of indexes in second layer, EUijk  

presents the entropy 
of Uijk, and n' is the total numbers of attributers for k index. Pk is seen as the information 
probability of Uijk. 
      Based on the above analysis, according to the complexity and evolution of quality risks, 
the forecasting model of quality risks in supply chain will be constructed as following. 
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Figure 3: The hierarchical model of quality risks in supply chain. 

3. MODELLING PROCESSES 

3.1  Review of chaos particle swarm optimization-support vector machines 
 
The basic idea of support vector machines is that for the non-linear separable samples, its 
input vector is mapped to a high-dimensional space to find an optimal interface (hyper plane) 
for promoting the performance of its search, and then obtaining classification [21]. 
      Actually in the high-dimensional space, only inner product operation is required, which 
can be implemented through the function of original space, as long as the kernel function is fit 
to the Mercer condition. As a result, operations based on high-dimension can be realized 
through a lower-dimensional operation nonlinearly. 
      Generally, support vector machines and neural networks can be used to make non-linear 
regression fit, but they are not the same principle. Support vector machines based on 
structural risk minimization theory, can be obsessed stronger generalization than neural 
network. However, it is very difficult to choose a kernel function and its parameter values for 
the modelling of support vector machines, whose performance depends on the appropriate 
values of parameters [22]. 
      As for kernel functions, there are commonly linear kernel function, a polynomial kernel 
function, sigmoid kernel and radial basis kernel function which, compared to other kernels 
functions, has fewer parameters and good performance[23, 24]. So, the radial basis kernel 
function will be used in this study. 
      As we know that under the insufficient historical data, the global forecasting method 
should to be required. Because it is difficult to obtain the data of quality risks in supply chain 
from statistical tables, we present to extract these sample data from the risk cases occurred in 
some enterprise. Taking into account the small size of sample data, the global prediction 
method based on support vector machines built on chaos particle swarm optimization should 
be used to improve the convergence speed and accuracy of support vector machines. Chaos 
based particle swarm optimization can be help in improving the iteration and diversity of 
particle swarm, so that the chaos particle swarm optimization is avoid of the local maximum 
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point [25]. Therefore, this Particle Swarm based on chaos evolution is used to determine the 
optimum parameters for radial basis function of support vector machines. 
      Here, through the above description of chaos particle swarm optimization based support 
vector machines, we aim to create the model of forecasting quality risks in supply chain of 
manufacturing enterprise. 
 
3.2  Modeling thoughts of forecasting quality risks in supply chain for manufacturers 
 
In order to convenient modelling, we put forward the assumption: do not consider the natural 
factors of risks and political factors of risks, according to the customers' orientated analysis 
the quality risk factors in this paper are related to product quality and service quality. 
      In this research, the radial basis function is taken as the classifiers of support vector 
machines, so the kernel parameter σ and the penalty parameter C are two indispensable 
parameters. To find the optimal values of parameters, the global search operation is run 
through the chaos particle swarm. And then, the chaos particle swarm optimization based 
support vector machines model will be set by the following steps. 

(1) The regression equation of support vector machines 
Support vector machine as a machine learning algorithm is commonly used to provide the 
best generalization by seeking the best compromise between model complexities and learning 
ability [26]. Assuming there is only a pair of input and output (x(n), y(n)), the regression 
function of SVR can be expressed as: 

( ) ( )f x w x b            (5) 
      In eq. (5), φ(x) stands for the nonlinear mapping function from the input space to the high-
dimensional space of features. In addition, w with independence represents the weight vector 
of the input vector which can be gained by eqs. (6) and (7), b says the bias vector. 
      Because of its main idea is to build a hyper plane for classify, so, it is equivalent to 
solving the following optimization problem: 

1

1min ( . )
2

l

i
i

w w C 


            (6) 

with constraints: 
(( . ) ) 1 , 1,...,

0, 1,...,
i i i

i

y w x b i l
i l





   

 

     (7) 

where, the symbol of ξi is a slack variable giving a soft classifying boundary. The symbol of 
C is a punishment constant. 
      The Lagrange multipliers ai and ai

* are introduced into constructing a Lagrange function. 
Then, the support vector machines decision function can be carried out as follows: 

*
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        (8) 

with constraints: 
0 , 1,...,ia C i l    

where, kernel function K(xi, xj) is used to transform the original input space to a higher 
dimensional feature space. 
      Based on the radial basis function, the regression function of support vector machines is 
taken on as following: 

     
in which, σ is the width of kernel basis function. 

(9) 



Liu, Xiong: Modelling and Simulation of Quality Risk Forecasting in a Supply Chain 

365 

(2) The algorithm ideas of chaos particle swarm optimization 
Although support vector machines can effectively solve the problem of small sample, 
nonlinear, high dimension and local minima problems, for the performance of support vector 
machines depends closely on its parameters, the support vector machines parameter selecting 
(including the selection of the kernel function parameters) is an important issue in continuous 
improvement [27]. Therefore, the chaos particle swarm optimization algorithm is used to 
optimize parameters of support vector machines. 
      Step 1: Particle swarm optimization is initialized with a swarm including N random 
particles. Each particle is treated as a point in a D-dimensional space. The ith particle is 
represented as xi = (xi1, …, xiD), xij is limited in the range [aj, bj]. The best previous position of 
the ith particle is represented as Pi = (pi1, …, piD). The best particle among all the particles in 
the population is represented by Pg = (pg1, …, pgD). The velocity of particle i is represented as 
Vi = (vi1, …, viD). After finding the aforementioned two best values, the particle updates its 
velocity and position according to the following equations [28, 29]: 

( ) ( )id id id id gd idv wv CR p x cr p x            (10) 

id id idx x v              (11) 
where, d is the dth dimension of a particle, w is the inertia weight, C and c are two positive 
constants called learning factors, R 

 
and r are random numbers in the range of [0, 1]. 

      Step 2: Because chaos queues can experience all the states in a specific area without 
repeat, chaotic search becomes a novel tool used as an optimizer. Here, Logistic equation is 
employed to obtain chaos queues, which is represented as follows: 

1 11 12 1* (1 ) ( , ,... )n n n n nx u x x x x x x            (12) 
where, u is the control parameter, suppose that 0 ≤ nx  ≤ 1, n represents the number of 
dimensions of the vector xn. 

(3) The algorithm ideas of chaos particle swarm optimization 
The basic idea of chaos particle swarm optimization is described as follows: 
      Step 1: Sample collection and data normalization. 
      Step 2: Construction of the training sample set. 
      Step 3: Training normalized samples to obtain the optimal parameters of support vector 
machines. 
      Step 4: According to the optimal parameter values to establish the chaos particle swarm 
optimization-support vector machines based model, and then by the anti-normalization of test 
results we was obtained the forecast resulting. 

4. SIMULATION PROCESSES AND RESULTS 

4.1  Simulation environment 
 
To test the performance of the quality risk prediction model for supply chain. The proposed 
algorithm has been developed using the MATLAB platform version 7.10.0 (MATLAB 
version 7.10.0 (R2010a)). The sample data for simulation are grasped from some risks' events 
occurred in manufacturing industries of China. The classification error for simulation is set as: 

1
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  (13) 

where, T is the correct classification, F presents the misclassification. 
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4.2  Formation of the sample dataset 
 
A dataset collected from cases of four industries is established to train chaos particle swarm 
optimization-support vector machines and predict quality risks in supply chain. 
      The industries are classified into four kinds, such as the food and milk manufacturers 
(which indicates as S character), drug manufacturers (Y), electronics manufacturers (D), and 
Chemical manufacturers (H). The cases from these companies in recent years are selected as 
the analysis objects. In this study, we have acquired the information and data from a number 
of industry website (such as, http://www.chemchem.com.cn/, http://news.cecb2b.com/, 
http://news.iresearch.cn/, http://www.auto-china.cn/, http://www.jhyjj.cn/), the State Quality 
Supervision Bureau website (http://www.aqsiq.gov.cn/), other trusted websites and news 
reports in previous years. Moreover, according to the quality risk factors shown in Fig. 3, the 
source of sample data is collected and the entropies of risk indexes are computed by eqs. (3) 
and (4). Particularly, the entropies of indexes in the 3rd level of Fig. 3 are turned into the 
initial values of x particle in model of support vector machines. That is, the sample data 
processed is shown in Table I. 
 

Table I: Training and testing dataset. 

 

      Nearly two-thirds of the sample data is set as a training sample set, and the rest is as a test 
sample. 

4.3  Chaos particle swarm optimization-support vector machines based forecast  

modelling and experimental simulation 

The parameters of chaos particle swarm optimization are set as follows: the size of the 
population M = 30, the inertia weight w decreases linearly from 1 to 0.4, the optimal 
parameters of support vector machines searched by chaos particle swarm optimization are  
C = 4.6428, σ = 3.7863 e-004. For the sake of comparison, the optimal parameters of support 
vector machines searched by particle swarm optimization are C = 4.1555, σ = 0.81709. At the 

http://www.chemchem.com.cn/
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same time, using the parameters determined by chaos particle swarm optimization to establish 
risk prediction models, the results of classification prediction are shown as Fig. 4. 

 
Figure 4: The boundary determination of support vector machines and risk prediction. 
 
      This is a map of particles motion. As we can be seen, the classification ability of this 
model is strong. The model reaches on the curve classification which is superior to the general 
linear classification. At the same time, in the prediction process of classification, few 
heterogeneous particles fall into the boundary, so that the training error is relatively small. It 
indicates the chaos particle swarm optimization-support vector machines algorithm with high 
precision. 
      To further validate the feasibility of this proposed model, to be compared with the support 
vector machines and particle swarm optimization based support vector machines algorithm, 
their forecasting results are shown as Fig. 5. 

 
Figure 5: Comparison of prediction results. 
 
      The results can be seen in Fig. 5, compared to particle swarm optimization based support 
vector machines and support vector machines, when the sample data is very small, the chaos 
particle swarm optimization-support vector machines prediction accuracy is still high. In the 
whole process, chaos particle swarm optimization based support vector machines is not fall 
into local optimum. It displays that prediction accuracy of chaos particle swarm optimization 
based support vector machines model is better than particle swarm optimization-support 
vector machines and support vector machines. 
      Specifically, the miss rate of experimental results and prediction accuracy are given in 
Table II. 
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Table II: Comparison of prediction accuracy. 

Algorithms 
Number 

of points 
Miss rate Weight 1 Weight 2 b 

Prediction 

accuracy (%) 
 
Support vector machines 
 

227 19 -0.5589 1.5535 0.4087 91.63 

Support vector machines 
based on particle swarm 
optimization 

147 10 -0.5137 2.1593 0.4976 93.20 

Support vector machines 
based on chaos particle 
swarm optimization 

144 6 -0.6036 2.2823 0.5084 95.83 

 
      It is obvious that chaos particle swarm optimization-support vector machines algorithm 
has better prediction accuracy and stronger stability than that of support vector machines and 
particle swarm optimization-support vector machines. If more data were applied for particle 
swarm optimization based support vector machines training, particle swarm optimization-
support vector machines will also have a greater generalization ability and study ability, but 
this improvement will consume more energy and time, in that sense, chaos particle swarm 
optimization based support vector machines has certain advantages that it can enrich data 
information by the evolution of only a small set of training data. 
      Besides, the convergence of chaos particle swarm optimization algorithm is superior to 
the particle swarm optimization algorithm. The comparison of convergence under different 
evolution environment by chaos particle swarm optimization is shown as Table III. 
 

Table III: Comparison of convergence steps. 

Algorithms Chaos 

coefficient 

Population 

size 

Evolution 

times 

Particle 

dimension 

Convergence 

steps 

Chaos particle swarm optimization 2 20 1000 10 112 
Chaos particle swarm optimization 1.5 20 1000 10 98 
Chaos particle swarm optimization 3 20 1000 10 101 
Particle swarm optimization … 20 1000 10 950 
Particle swarm optimization … 16 1000 10 960 
Particle swarm optimization … 13 1000 10 980 

 
      It can be seen from Table III that particle swarm optimization with chaos coefficients has 
strong optimization, and can reach the target error only by 100 steps. On the contrary, it will 
consume 950 steps for particle swarm optimization. 
      Therefore, regardless of the predict precision and the algorithms convergence, the chaos 
particle swarm optimization is better than particle swarm optimization. 

5. CONCLUSIONS 

In this study, we applied support vector machines optimized by chaos particle swarm 
optimization into quality risks forecasting of supply chain. Chaos particle swarm optimization 
primarily achieved parameters of C and σ to build an effective forecasting model. Before this, 
we also should provide the risk index system by house of quality of quality function 
deployment, so as to calculate the weights and entropies on risk factors and risk indexes. We 
take each risk factor as a sub-particle swarm consisted of its indexes-particles. Thereby, the 
risk factors are regarded as chaotic variables, and make entropies of risks as the input w 
values to x vector. Results of simulation show that the model proposed overcomes the main 
shortage of easily trapping in the local optimum for a traditional support vector machines. 
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Compared with particle swarm optimization-support vector machines and support vector 
machines, a chaos particle swarm optimization-support vector machine has better 
performance. 
      The simulation on some risk cases presents the forecasting model has certain help in 
quality risk prediction of supply chain. In addition, this model has the possibility for 
application in other risk forecast fields, especially which possess nonlinear evolution with 
small sample data. 
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