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ABSTRACT

To treat the Taguchi’s design of experiment (DOE) that has a binary-type performance, the operating window (OW) which is the range between two performance limit thresholds is regarded as an efficient metric. This work proposes an integrated approach based on artificial neural network (ANN) and simulated annealing (SA) algorithm to build the performance measurement model (PMM) of the OW system for obtaining the optimum settings of control factors. An example from the literature is reanalyzed to verify the effectiveness of the proposed approach.
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INTRODUCTION
The Taguchi’s design of experiment (DOE) has been regarded as an effective method for improving the production quality. This method uses signal-to-noise (SN) ratios to evaluate the variation of the system’s performance. The higher SN ratio signifies that the system has better performance, that is, less response variation.  Taguchi introduced three different types of SN ratios according to the quality characteristics of the responses: larger-the-better (LTB), nominal-the-best (NTB), and smaller-the-better (STB). This method involves selecting the levels of the design parameters to minimize the effects of the noise factors. (Maghsoodloo et al., 2004).

Engineers often encounter the situation that a system has a binary-type performance (i.e. good or bad, 0 or 1). A common way to quantify the system’s performance is to compute the ratio of bad results to total results (i.e., a percentage of defective results) then transfer the percentage into Taguchi’s SN ratio of STB (Taguchi, 1993). This method may need a large number of experiments when the rate of failure is low; besides, the information of experiments data cannot be exploited to the analysis. A more efficient metric is to employ the operating window (OW) which is the range between two performance limit thresholds. The wider OW, the higher performance of the system is (Fowlkes and Creveling, 1995).

The concept of the OW was developed by Clausing (2004). He used an OW response for the design of a friction-retard paper feeder in a copier machine. Figure 1 depicts the OW for a paper feeder example. The function of the feeder is to transport a single sheet of paper from the paper stack to a desired position. Two failure modes are usually encountered. The feeder may fail to feed the sheet (misfeed) when the stack force is too low; or other case, the feeder may pick more than one sheet (multifeed) when the stack force is too high. The objective is to design the feeder to minimize the rate of both failure modes (Clausing, 2004). Herein, stack force is a critical parameter of the paper feeder and is easy to measure. We can find two threshold values of the force at which the misfeed stops (L) and at which the multifeed starts (U). Then, (L, U) forms the OW.
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Figure 1 - The operating window for a paper feeder example
Figure 2 shows the effect of noise factors on an OW. Because the noise factors are uncontrollable during the production conditions, the available OW for reliable operation reduce to maximize Li and minimize Ui. Intuitively, the rates of the two failure modes can be minimized by keeping the OW factor at the center of the OW. A large OW then corresponds to a robust system. Thus, the objective of achieving a robust design is translated as maximizing the size of the OW (Joseph and Wu, 2002).

The two failure modes can be eliminated if L is reduces to zero and U is increase to infinity. Therefore, L is a STB characteristic and U is a LTB characteristic. Using the Taguchi’s ratios for STB and LTB problems, 
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where 
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 is the number of repetition.
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Figure 2 - Noise factors reduce the operating window
The SN ratio for the OW is then defined as the sum of the SN ratios corresponding to L and U, i.e.,
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The optimization of the OW can be treated as to optimize simultaneously the SN ratios of both STB and LTB in a system, and is done in two steps (Taguchi, 1993):

· Find a controllable factor settings to maximize the SN ratios.
· Adjust the OW factor to the middle of the OW. 

The objective of the OW method is to make the OW as widen as possible to avoid the failure happen owing to the too high or too low value of OW factor; however, there are some limitations while applying DOE to widen the OW. This work uses an integrated approach based on artificial neural network (ANN) and simulated annealing (SA) algorithm to build the performance measurement model (PMM) of the OW system to obtain the settings of control factors.

ANN and SA
ANN has been successfully applied to determine the optimal parameter design of a process (Pricipe, 2000). Applying the method, the ANN is trained by the results of a fractional factorial design, and is then used to estimate the response values for the full factorial design. Among the successful implementations of an ANN, the backpropagation (BP) training method is most reliable. The most used non-linearity for the BP algorithm is a sigmoid logistic function. 

The best structure of an ANN is identified through comparing the root of mean-square-error (RMSE) of each structure. This error-calculation method is used to determine the amount of variance between the expected and actual outputs of an ANN. The lower the RMSE, the better the ANN predicts. Several structures of neural networks with different numbers of hidden layers and neurons in each hidden layer are tested to find the best structure with the lowest RMSE. The processes of training a well network are as follows:

Step 1. Determine the artificial neural networks structure, initial connection weights, and offsets.

Step 2. Present inputs and desired outputs.

Step 3. Calculate the actual output.

Step 4. Calculate the RMSE.

Step 5. Adjust the weights of the networks.

Step 6. Repeat steps 2—5 for each training pair until the RMSE of the entire set is acceptably low.

A SA algorithm is similar to local search with the added advantage of not being trapped in local optima.  Starting from an initial solution, SA generates a new solution 
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 in the neighborhood of the current solution x.  Then, calculate the change in the energy (objective) function, i.e., 
[image: image8.wmf])

(

)

(

x

f

x

f

E

-

¢

=

D

.  In maximization problems, if 
[image: image9.wmf]0

E

D>

, transition to the new solution is accepted.  If 
[image: image10.wmf]0

E

D£

, then transition to the new solution (i.e., an inferior solution) is accepted with a specified probability obtained by the function 
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, where T is a control parameter called the temperature.  The initial value of the temperature parameter can be determined by using the function 
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, where α is a cooling factor between 0 and 1.  The probability of the acceptance of uphill moves decreases as T decreases.  The SA algorithm needs to start from a high enough value of T so that all transitions are accepted.   However, if this initial value of T is too high, it causes a waste of processing time.  Applying the SA algorithm to a specific problem allows us to define the configuration of the possible solutions, the neighborhood of a solution, an energy function, and the annealing schedule (Henderson & Jacobson, 2003.).  In addition, in this study the definition of the neighborhood refers to the j-neighborhood which is presented by Cheh et al. (1991).  The j-neighborhood of a solution vector x means selecting any j parameters and then randomly assigning another setting for each of them.  Alternatively, the annealing schedule includes the parameter settings of T, L and 
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, and the stopping condition that terminates the algorithm.  An effective cooling schedule is essential for reducing the amount of time required by the algorithm to find an optimal solution.
PROPOSED APPROACH
In this work, we present an integrated approach for resolving binary-type problems. The ANN is used to build the performance measurement model (PMM) which is the relationship function between the SN ratios of the OW and controllable factors. Figure 3 depicts the flowchart of the proposed approach. The steps of the proposed approach are as follows:

Step 1. Identify the failure modes and the OW factors.

Step 2. Conduct the experiments and collect the related data.

Step 3. Calculate the SN ratios of the lower and upper limits; i.e., 
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Step 4. Identify the training and testing patterns.

Step 5. Select several structures of neural networks. Set the parameters for executing the training.

Step 6. Select the best structure as the PMM.
Step 7. Define the feasible solution space.

Step 8. Set the operating conditions of the SA.

Step 9. Randomly create an initial solution.

Step 10. Call the 
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 the objective value.

Step 11. Calculate the 
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 of the solution.

Step 12. Perform the SA algorithm.
Step 13. Obtain the best solution with the largest 
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Figure 3 - The flowchart of the proposed approach
IMPLEMENTATION
The example of wavesolder is adopted from Peace (1993). In wavesolder operations, energy in the form of heat is required to form a molten tin-lead bond between the lead of a component and the pad on the printed circuit board. To provide this medium, the circuit board itself must have a certain amount of heat or energy, measured as top side board temperature. If this temperature is too low insufficient energy results in solder voids. On the other hand, a too high temperature can cause too much energy and result in solder bridges, which is another undesired result. The objective within the context of an OW is to widen the range within which the top side board temperature produces good solder joints without creating solder voids or solder bridges. Fifteen control factors, A, B, C, D, E, F, G, H, I, J, K, L, M, N, and O, are selected. Each control factor has two levels. The quality characteristics are:

· y1: top side board temperature at which solder voids start (STB). 

· y2: top side board temperature at which solder bridges begin (LTB). 

The experimentation strategy is that conveyor speed and preheaters are regulated to achieve specific top side board temperatures. For each experimental run, circuit board assemblies are fed through the process as temperatures are raised and lowered. The points at which solder voids and bridges begin to be created are recorded as y1 and y2, respectively. Table 1 lists the experimental data include the values of y1 and y2. The SN ratio of y1 (denoted by 
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), the SN ratio of y2 (denoted by 
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) are then calculated and listed in Table 2. Te best factor combinations obtained by the Taguchi method is (2,1,1,2,2,1,2,2,1,2,1,1,2,1,2,2) with the 
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  value -4.1813.
The PMM can be built through training an ANN model. An ANN is trained by assigning the control factor values and SN ratios (i.e., 
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) as the inputs and outputs of the network. Several options of the network architecture are trained; in addition, the structure 15-17-2 with the lowest RMSE, 0.000042, is selected to obtain a better performance.
Table 1- Experimental data of the example
	No.
	y1  (STB)
	y2  (LTB)

	
	X1
	X2
	X3
	X4
	X5
	X1
	X2
	X3
	X4
	X5

	1
	247
	245
	242
	245
	240
	253
	260
	265
	265
	250

	2
	235
	232
	230
	232
	230
	231
	235
	238
	238
	240

	3
	229
	223
	220
	225
	220
	273
	280
	290
	280
	275

	4
	234
	230
	235
	233
	228
	222
	230
	235
	230
	228

	5
	242
	235
	234
	235
	230
	228
	235
	234
	235
	230

	6
	242
	230
	238
	234
	237
	252
	260
	258
	264
	257

	7
	237
	234
	235
	230
	232
	248
	255
	245
	260
	252

	8
	238
	235
	236
	235
	230
	234
	240
	246
	235
	240

	9
	241
	240
	235
	240
	235
	270
	275
	285
	270
	275

	10
	230
	225
	222
	215
	215
	215
	225
	222
	215
	225

	11
	224
	220
	215
	212
	212
	261
	268
	265
	262
	272

	12
	231
	230
	228
	228
	226
	225
	230
	238
	228
	236

	13
	239
	235
	235
	230
	235
	235
	235
	235
	240
	245

	14
	239
	235
	238
	235
	230
	235
	235
	238
	245
	250

	15
	223
	220
	215
	218
	218
	245
	255
	265
	238
	258

	16
	222
	220
	215
	224
	218
	255
	260
	265
	244
	268


Table 2 - The SN Ratios of the experiments
	No.
	SN ratios
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	1
	-47.7411
	42.0694
	-5.6717

	2
	-47.3025
	41.2131
	-6.0894

	3
	-46.9827
	42.7195
	-4.2632

	4
	-47.3103
	40.9662
	-63441

	5
	-47.4299
	41.1072
	-6.3227

	6
	-47.4669
	42.0108
	-5.4561

	7
	-47.3699
	41.7888
	-5.5811

	8
	-47.4145
	41.3236
	-6.0909

	9
	-47.5394
	42.5482
	-4.9912

	10
	-46.9065
	40.5918
	-6.3147

	11
	-46.7152
	42.2103
	-4.5049

	12
	-47.1818
	41.0161
	-6.1657

	13
	-47.4146
	41.2484
	-6.1662

	14
	-47.4369
	41.3236
	-6.1133

	15
	-46.8016
	41.7433
	-5.0583

	16
	-46.8414
	41.9387
	-4.9027


Through the PMM, the SN ratios (
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 and 
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) under any possible combinations of control factors can be accurately predicted. The SN ratios of the OW, 
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, can be calculated easily. For executing the SA, the lower and upper bounds of each control factor is set as the value of level 1 and level 2, respectively. 
Table 3 lists the operational conditions of the SA.  The SA program is executed over 20 runs to obtain the optimal combination (2,1,1,2,1,1.9,2,1.3,1,1,2,2,2,2,1) with the largest 
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, -3.7509. The implementation results are tabulated in Table 4.  Table 4 reveals that the proposed approach has gain 0.43 of 
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 value as comparing with the Taguchi method.
Table 3 - The operational conditions of the SA

	Items
	Operational conditions
	Values

	1
	Initial temperature 
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	5

	2
	Stopping temperature 
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	0.001

	3
	Epoch length L
	100

	4
	Cooling factor α
	0.96


Table  -4 The results and comparison
	Methods
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	Taguchi method
	-46.7347
	42.5534
	-4.1813

	Proposed approach
	-46.7123
	42.9614
	-3.7509


CONCLUSION
An integrated approach using ANN and SA has been proposed to tackle the Taguchi’s operating window experiments. The proposed approach was verified its effectiveness with an example. The results showed the approach outperforms the Taguchi method.  By using this approach, the obtained combination can be formed from any values within the upper and lower bounds of control factors.
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