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Abstract. Fuzzy ARTMAP is a newly introduced artificial neural network architecture that incorporates fuzzy logic into its dynamics. In this paper, fuzzy ARTMAP is used to: i) decide whether a production process is under statistical control or out of control and ii) determine the kind of shift that occurred in mean, variance or both. The results obtained form fuzzy ARTMAP were compared to those obtained from a combined 
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 chart. By using a combined control chart to control the production process, the type of error is determined explicitly for both mean and variance. Findings demonstrated that the proposed approach outperforms control charts in identifying the kind of change that occurred in the production process. 

Introduction

A timely and accurate knowledge of the production process is vital for quality control. Control charts are used to check whether a production process in under or out of statistical control. A process is said to be out of statistical control when some parameters like the process mean or variability have changed [1]. In order to control the parameters of the production process, a sample is taken and a measurement of a quality characteristic is measured. An 
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-chart that uses the sample mean is used to control the process mean and an R-chart that uses the sample range is taken to control the process variability. To control the mean and variability at the same time, often 
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-chart and R-chart are combined. 
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         Application of a control chart involves a repeated statistical test, where the null hypothesis is H0: The process is under statistical control, and the alternative hypothesis is H1: The process is out of statistical control. As with every test, errors of type 1 and type 2 can be committed [2]. The possible errors are error of type 1: Some action is taken 

although the process is under control and error of type 2: No action is taken although the process is out of control. Errors of type 1 are also called false alarms, which should be avoided because an unnecessary interruption of the production process results in avoidable costs. Errors of type 2 reflect out-of-control situations.

         Recently there have been some efforts to use neural computing in statistical process control. Fuzzy ARTMAP [3] is a relatively new artificial neural network capable of handling binary and analog inputs. In addition, it utilizes fuzzy logic concepts to handle fuzzy inputs. Integrating the adaptiveness of artificial neural networks with the concepts of fuzzy logic into a hybrid system has proven effective in recent years [4]. Among the many neuro-fuzzy systems that have been proposed and applied successfully are fuzzy ART and fuzzy ARTMAP neural networks.

         This paper discusses the application of Fuzzy ARTMAP to statistical process control. It focuses on the architecture of fuzzy ARTMAP and the training algorithm used to train the network. Fuzzy ARTMAP was trained using data samples generated from different normal probability distributions that include within control samples and those which have shifted in mean, variance or both. The goal is to enable Fuzzy ARTMAP to discriminate between errors of type 1 and type 2. A second issue considered in the paper is the ability of the Fuzzy ARTMAP to classify the kind of shift that occurred in the production process. The data samples used to test Fuzzy ARTMAP were presented to a combined 
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-R chart and the results were used as a benchmark to evaluate the performance of Fuzzy ARTMAP.

Automated Control Chart Interpretation

         Control charts are major tools for quality improvement used to maintain statistical control of a production process. Based on the data shown on control charts, we can decide whether the process is in control or not [1]. If the process is out of control, it is very useful to determine the kind of shift that occurred in the process. Application of control charts can be improved by applying an approach for identifying different patterns on the chart. The approach provides the advantage of using the information on the chart more effectively by uncovering the behavior of the process, which reveals potential quality problems at early stages of the process [5].

         Earlier work in the area of control charts and intelligent computing focused on using expert systems to provide advices on the quality of the production process. Examples of such studies can be found in Dybeck [6] and Evans and Lindsay [7]. The proposed expert system processes qualitative data stored in the knowledge base of the system. The goal is to reuse available knowledge to select the proper control chart and provide advice on corrective actions that should be taken in case the process is out of control.

         There have been some attempts to use neural computing in quality control. One approach is to use neural networks to detect unnatural patterns on control charts. Such patterns include increasing and decreasing trends, upward and downward shifts and cyclic patterns [8]. Hwarang and Hubele [9] used a backpropagation neural network to classify six different control chart patterns. They suggested that neural networks should be used as a supplement to quality charts in pattern identification. Pham and Oztemel [10] used a special class of neural networks called Learning Vector Quantization (LVQ) to identify patterns on quality charts. A similar study was carried out by Ruey-Shy and Yi-Chih [11].

         The other approach is to use neural networks to determine whether out-of-control signals occurred in the process and whether they are owed to a shift of the process mean or the process variability. In this case, neural networks are used to imitate control charts. Guo and Dooley [12] used backpropagation networks to learn positive shifts in both mean and variance and compared the performance of neural networks to cumulative sum and moving sum control charts. Smith [13] applied a neural network with different architectures to determine whether the process is in control or not and found that neural networks can imitate quality charts. Stützle [2] compared the performance of backpropagation neural networks with a combined mean and standard deviation (
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-s) chart, in identifying different shifts on control charts.

         This study falls into the second category where fuzzy ARTMAP is used to perform the task of a combined 
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-R chart. In addition, it considers three different shifts which are: mean shift, variance shift and a simultaneous shift in mean and variance. Considering a simultaneous shift makes the proposed approach more realistic in representing changes to a production process.  

Fuzzy ARTMAP

         ARTMAP (Adaptive Resonance Theory – mapping) is a class of neural networks that can perform incremental supervised learning in response to input vectors presented arbitrary [3][14][15]. The fuzzy ARTMAP extends the binary ARTMAP [16][17] by replacing the ART modules of the binary ARTMAP network with fuzzy ART modules. Fuzzy ARTMAP consists of two fuzzy ART modules (ARTa and ARTb ) which are linked together via a map-field module as shown in Figure 1. 

Fuzzy ART

         Each Fuzzy ART [18][19] consists of a field F0 of nodes that represents input vectors; a field F1 that receives both bottom-up input from F0 and top-down input from field F2; vector I denotes F0 activity; vector x denotes F1 activity and vector y denotes F2 activity which represents the active category. Associated with each F2 category node j is a vector wj of weights. Fuzzy ART training is determined by a choice parameter 
[image: image7.wmf]0

>

a

, a learning rate parameter 
[image: image8.wmf]]

1

,

0

[

Î

b

 and a vigilance parameter 
[image: image9.wmf]]

1

,

0

[

Î

r

. During the training process, input a=(a1, . . ., aM), 
[image: image10.wmf]]

1

,

0

[

a

i

Î

 is presented to Fuzzy ART in a complement code 
[image: image11.wmf])

a

,

a

(

I

c

=

, where 
[image: image12.wmf]i

c

i

a

1

a

-

=

. This is necessary to prevent category proliferation [18 ].

[image: image70.wmf]a

1

F

[image: image71.wmf]a

x

[image: image72.wmf]a

0

F

[image: image73.wmf]a

j

w


[image: image74.wmf]a

r


[image: image75.wmf]ab

F


[image: image76.wmf]ab

F


         When an input vector I is presented to F1 field, each cell receives a component of I. Then, each F2 field cell receives an input Tj which measures the similarity between the input pattern I and the weight wj stored in cell j. Tj is defined by
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where 
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 is the fuzzy AND operator [20], defined by 
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The value of Tj in F2 undergoes a competitive process where at most one F2 node can become active at a given time. The category choice TJ of the winning cell is indexed by J where:
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         The winning cell TJ is the best match for the input pattern I. Next, Fuzzy ART performs a top-down matching by comparing the similarity between the weight vector of the winning cell wJ and input I against a user defined vigilance parameter 
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through the following test:
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         If the vigilance test is passed, then the cell J becomes selected as a representative for the input I. The weight vector of the winning category wJ is updated according to the following equation:
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Otherwise, cell J is deactivated for the current input I by setting TJ equal to 0. A new index J is then chosen and the search process continues until the chosen cell J satisfies the vigilance test in Eq. (3). In case current cells in F2 do not satisfy the vigilance test, a new cell is added to the field F2. 

Fuzzy ARTMAP dynamics

         Inputs to ARTa and ARTb are presented in a complement coding form. For ARTa, I=A=(a,ac) and for ARTb, I=B=(b,bc). After receiving inputs, ARTa and ARTb select the nodes representing these inputs in the fields 
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, respectively. The node selected by ARTa is indexed J whereas the node selected by ARTb is indexed by K. The map field Fab receives inputs from one or both of the ARTa and ARTb. An active 
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 node J sends inputs to the map field Fab via the weights 
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 node K sends input to Fab via one-to-one pathways between 
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 and Fab [3][14]. When the node J of 
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 activate Fab. When the node K in 
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 is active, the node K in Fab is activated. If both are ARTa and ARTb active, then Fab becomes active only if ARTa  predicts the same category as ARTb. The Fab output vector xab is obtained using the following [3]:
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         At the start of each input presentation, ARTa vigilance 
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 is set to a baseline 
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. If a prediction made by ARTa is disconfirmed by 
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 output yb, then the matches tracking mechanism is triggered to force ARTa to search for a new category that matches yb. The match tracking is triggered if:
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where 
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 is the map field vigilance parameter. Match tracking will increase ρa slightly and the new ρa will be:
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where 
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is a small value. Then, ARTa will search for a new 
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 node, that matches yb and correctly classifies the input I. After the current input is correctly classified, 
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 is then set back to the baseline value 
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 to continue the training process with another input vector. Details of Fuzzy ARTMAP algorithm is described in [3], [14] and [15].

Results

         The proposed fuzzy ARTMAP was trained using the FAMPACK software package [21] for MATLAB®. Samples, representing control charts, consist of 10 data points each to recognize whether a production process had shifted and whether the shift occurred in mean, variance or both. The samples were generated so that one quarter of the samples is under control with mean μ=0 and standard deviation σ=1, one quarter has a mean shift with μ=3 and σ=1, one quarter has a variance shift with μ=0 and σ=3 and for the last quarter mean and variance shifts were considered with μ=3 and σ=3. Each group consists of 2000 samples randomly generated from a normal distribution with the specified parameter values. All data were normalized between 0 and 1. Normalization was required since inputs to the fuzzy ARTMAP are limited to the range of 0 and 1. 

         The proposed Fuzzy ARTMAP was trained using fast learning defined by 
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 was set to relatively large value 
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, to enable the network to detect differences between input patterns. With fast learning, the vigilance parameters 
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 can be set to any value between 0 and 1 without affecting the training results [3]. Training took place on selected sets of 75% of the 8000 data samples and testing took place on the remaining 25% of the data. Characteristics of each data sample were added to enable the fuzzy ARTMAP to discriminate between similar shapes. Therefore, together with the 10 data points of each sample, the sample mean, standard deviation and range were calculated. The fuzzy ARTMAP was trained using the raw data and the calculated statistics (a total of 13 inputs). 

         Table 1 shows the performance results of fuzzy ARTMAP on the test samples. It can be seen that the network found classification easier for samples without shift or with shift of μ only. The results obtained from fuzzy ARTMAP were compared to those obtained from a combined 
[image: image48.wmf]x

-R control chart. The 3σ control limits were calculated for both 
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-chart and R-chart using the in-control samples where μ=0 and σ=1. The limits were ±0.949 around the mean for the 
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-chart and 3.08±0.797 for the R-chart, which are the same limits used by Smith [12]. Test samples were applied to these control limits and a decision of out-of-control was reached if any point exceeded the 3σ limits. Table 2 gives classification results for the combined 
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-R chart.

         The 
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-R chart made 4 errors of type 1 and 19 errors of type 2 whereas fuzzy ARTMAP made 10 errors of type 1 and 18 errors of type 2. Fuzzy ARTMAP made higher total errors. Another kind of error occurs when the kind of shift is misclassified. For example, out of the 500 samples with shift in σ, fuzzy ARTMAP classified 18 samples as in-control, 0 as shift in μ and 41 as both of μ and σ. For the same sample set, 19 were considered in-control, 5 were indicated on 
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-chart and 157 were indicated on both charts. This kind of error is critical to the decision making in quality control since accurate determination of the shift is necessary to correct its cause. Table 3 shows misclassification results of Fuzzy ARTMAP and the combined control chart. Fuzzy ARTMAP misclassified 142 samples or 7.1% of the total size of the test set whereas control charts misclassified 227 samples or 11.35% of the total test set.

    Table 1. Fuzzy ARTMAP classification results

	Classes
	Samples 

without shift
	Samples with 

shift of μ
	Samples with

 shift of σ
	Samples with 

Μ and σ shift 

	In-control
	490
	0
	18
	0

	Shift of  μ  shown 
	0
	478
	0
	21

	Shift of σ  shown
	10
	0
	441
	30

	Shift of  μ & σ shown
	0
	22
	41
	449

	Total
	500
	500
	500
	500


    Table 2. Control charts classification results    

	Classes
	Samples 

without shift
	Samples with 

shift of μ
	Samples with 

shift of σ
	Samples with

 μ and σ shift

	On both inside c.l.*
	496
	0
	19
	0

	Outside c.l. on 
[image: image54.wmf]x

-chart
	1
	497
	5
	28

	Outside c.l. on R-chart
	3
	0
	319
	11

	Outside c.l. on both charts
	0
	3
	157
	461

	Total
	500
	500
	500
	500


      *control limits 

    Table 3. Misclassification results 

	Classes
	Samples 

without shift
	Samples with 

shift of μ
	Samples with 

shift of σ
	Samples with 

μ and σ shift

	Fuzzy ARTMAP
	10
	22
	59
	51

	Control charts
	4
	3
	181
	39


         For the fuzzy ARTMAP, the number of type 1 and type 2 errors is higher than that of a combined control chart. Only the number of false classifications is smaller. Fuzzy ARTMAP could not reach the lower number of errors of type 1 and type 2 of the 
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-R chart although it offers an advantage with respect to a lower number of false classifications. But this should not be a reason to replace a combined control chart since a lower number of type 1 and type 2 errors is essential. Nevertheless, fuzzy ARTMAP could offer an advantage in a combination with control charts to classify the kind of shift that occurred in the process. 

Conclusion

         This paper investigated whether fuzzy ARTMAP can imitate the widely used 
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 and R control charts. The findings have demonstrated that fuzzy ARTMAP is comparable to standard control charts. In fact, fuzzy ARTMAP was capable of modeling the two charts simultaneously due to its ability to distinguish between different patterns with a high level of accuracy. Previous studies investigating shifts in control charts considered only mean and variance shifts. This study considered these two shifts in addition to a simultaneous shift in both mean and variance.  

         Generally, it can be said that fuzzy ARTMAP can be trained to consider the different kinds of error of type 1 and type 2. However, the results of fuzzy ARTMAP with respect to errors of type 1 and type 2 are higher than those of a combined 
[image: image57.wmf]x

-R chart. Only for the number of false classifications an improvement could be found. Therefore, it seems to be reasonable to use fuzzy ARTMAP in combination with control charts. In this case, control charts are used to determine type 1 and type 2 errors whereas Fuzzy ARTMAP is used to identify the kind of change that occurred. 
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استخدام شبكة ARTMAP العصبية الإصطناعية المشوشة  

لتفسير خرائط الجودة
هندي بن عبدالله الهندي
كلية الاقتصاد والإدارة، فرع جامعة الملك سعود بالقصيم ،
المليداء، المملكة العربية السعودية
(قدم للنشر في 01/03/2003م ؛ وقبل للنشر في 06/05/2003م) 
ملخص البحث. تعتبر شبكة ARTMAP العصبية الاصطناعية المشوشة أحد الشبكات العصبية الاصطناعية الحديثة نسبيا والتي تشتمل على إمكانيات الشبكات العصبية إضافةً إلى استخدام مفاهيم المنطق المشوش.  تم استخدام شبكة ARTMAP لتحديد ما إذا كانت عملية الإنتاج تحت التحكم أم خارج نطاق التحكم والتعرف على نمط التغير الذي حدث في عملية الإنتاج والتي قد يكون تغير في الوسط الحسابي أو التباين أو كلاهما. و تمت مقارنة النتائج التي تم الحصول عليها من شبكة ARTMAP مع النتائج التي تم الحصول عليها باستخدام خريطتي الوسط الحسابي والمدى. وأوضحت النتائج تفوق الأسلوب المقترح على خرائط الجودة التقليدية في التعرف على نمط التغير الذي حدث في عملية الإنتاج.
ARTb





Fig. 1. Fuzzy ARTMAP architecture [3].
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