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Abstract 

Under the concept of "Industry 4.0", production processes will be pushed to be increasingly interconnected, 
information based on a real time basis and, necessarily, much more efficient. In this context, capacity optimization 
goes beyond the traditional aim of capacity maximization, contributing also for organization’s profitability and value. 
Indeed, lean management and continuous improvement approaches suggest capacity optimization instead of 
maximization. The study of capacity optimization and costing models is an important research topic that deserves 
contributions from both the practical and theoretical perspectives. This paper presents and discusses a mathematical 
model for capacity management based on different costing models (ABC and TDABC). A generic model has been 
developed and it was used to analyze idle capacity and to design strategies towards the maximization of organization’s 
value. The trade-off capacity maximization vs operational efficiency is highlighted and it is shown that capacity 
optimization might hide operational inefficiency.  
© 2017 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the scientific committee of the Manufacturing Engineering Society International Conference 
2017. 

Keywords: Cost Models; ABC; TDABC; Capacity Management; Idle Capacity; Operational Efficiency 

1. Introduction 

The cost of idle capacity is a fundamental information for companies and their management of extreme importance 
in modern production systems. In general, it is defined as unused capacity or production potential and can be measured 
in several ways: tons of production, available hours of manufacturing, etc. The management of the idle capacity 
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Abstract

This paper presents a real-time predictive approach to improve solder paste stencil printing cycle decision making process in
surface mount assembly lines. Stencil cleaning is a critical process that influences the quality and efficiency of printing circuit board.
Stencil cleaning operation depends on various process variables, such as printing speed, printing pressure, and aperture shape. The
objective of this research is to help efficiently decide stencil printing cleaning cycle by applying data-driven predictive methods. To
predict the printed circuit board quality level, a recurrent neural network (RNN) is applied to obtain the printing performance for
the different cleaning aging. In the prediction model, not only the previous printing performance statuses are included, but also the
printing settings are used to enhance the RNN learning. The model is tested using data collected from an actual solder paste stencil
printing line. Based on the predicted printing performance level, the model can help automatically identify the possible cleaning
cycle in practice. The results indicate that the proposed model architecture can predictively provide accurate solder paste printing
process information to decision makers and increase the quality of the stencil printing process.
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1. Introduction

Solder paste printing (SPP) is one of the critical procedures in applying surface mount technology (SMT) for
printed circuit board (PCB) assembly. SPP is the process to selectively deposit solder paste over a PCB surface
through a stencil which has etched apertures matching the land patterns on the PCB. For each printing pass, solder
is pressed onto the PCB through these apertures using a plastic or metallic squeegee. In practical process, around
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52-71% of SMT defects is related to SPP [5]. Appropriate amount of paste deposition at the right location on PCB
is extremely important to reduce defects in PCB assembly line [6]. However, the SPP process is sensitive to many
process parameters, such as solder paste type, printing speed, stencil cleaning, etc. In general, these important factors
that can affect the SPP quality are classified into three categories: solder paste related, such as solder material, stencil
related, such as stencil coating type and preparation, and the printing process parameters, such as printing speed and
pressure [6].

Cleaning cycle, which indicates the number of printing intervals/stokes performed before a stencil cleaning, is
one of the critical factors that can affect SPP quality [3, 6]. Many studies have analyzed the significance and effects
of different cleaning cycle values. However, the method to choose an appropriate cleaning cycle in practical SPP
process is rarely studied. The challenge of deciding a correct cleaning cycle derives from two perspectives. Firstly,
due to the complexity of the SPP process, many process parameters, such as printing pressure and printing speed, can
influence the cleaning cycle. The quantity relation between the cleaning cycle and SPP process characteristics is lack
of study, since most of the current studies are to identify significant factors [5]. In addition, the printing parameters
are adjusted frequently in many actual processes, which bring the difficulty to choose a generalized optimal cleaning
cycle beforehand. To overcome the challenges and improve the SPP process quality, recurrent neural network (RNN)
approaches are used to perform stencil cleaning cycle predictive analysis in this research.

The structure of this paper is organized as follows: Section 2 introduces and reviews the characteristics of typical
SPP processes. The proposed stencil cleaning cycle predictive control model architecture is illustrated in Section 3.
Specifically, the effect of cleaning cycle to SPP quality is also discussed in Section 3. The design of experiments
(DOE) dataset and model experimental test results are analyzed and discussed in Section 4. Conclusions and some
possible potential extensions of this research are provided in Section 5.

2. Characteristics of solder paste printing process
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Fig. 1. Solder paste printing process.

The exact procedure and process factors of SPP may vary from printing machine to printing machine. Typically,
three phases are included in most of the practical SPP process, as shown in Fig. 1. In Phase I, solder paste is applied
on a stencil by squeegee with certain printing pressure. The stencil is designed with etched apertures, which can match
the pad location and size pattern on the PCB. Given the printing pressure and direction, solder paste is pressed onto
the PCB through apertures by the squeegee with an assigned printing speed in Phase II. Then, Phase III is to lift
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up the stencil and convey the PCB out of printer machine. After Phase III, due to some solder paste left over in the
stencil aperture, the printing quality of the next printing operation can be influenced. Thus, stencil cleaning becomes a
necessary operation. However, frequent stencil cleaning can cost a great amount of production time, while no cleaning
may increase the chance of getting defects. Thus, to decide an appropriate cleaning cycle is a critical problem in the
SPP process.

Compared to related studies in the literature, there are mainly three contributions from this research: 1) Cleaning
cycle was just considered as a factor in DOE studies [3, 6]. The tend of the PCB quality after stencil cleaning is rarely
studied in the literature. This research shows the cleaning cycle behavior based on different performance measures in
SMT. 2) To achieve the cleaning cycle predictive control, a data sequence analysis has been conducted by using recent
advanced sequence analysis models. 3) Typical time series approaches face a big challenge to predict the printing
performance because of the frequent change of printing settings, such as printing pressure, printing speed, etc. By
developing a RNN model, not only historical process performance information is considered, but also both current
and historical printing settings are involved in the prediction process, which can overcome the weakness of time series
methods for this problem. Instead of building different models for individual process performance prediction, the
proposed RNN model can predict several process performance measures simultaneously.

3. Methodology

SPP process quality is generally presented based on printed solder paste volume. To effectively decide the cleaning
cycle, the process quality measures are required to be clearly defined. Also, the influence of the stencil cleaning to the
following boards’ quality is tested statistically in this section. The details of the RNN model is illustrated at the end
of this section.

3.1. SPP process quality trend after cleaning

Solder paste transfer efficiency (SPTE) is a common measure to quantify the quality of transferring paste through
stencil aperture to pad. Ideally, the SPTE value should be as close to 100% as possible. Based on SPTE, several SPP
quality measures can be defined, such as the average SPTE, denoted as v̄ j, average SPTE standard deviation, denoted
as σ̄ j, for the j-th PCB. Based on the SPTE information of each PCB at different cleaning aging i, percentage of
pads obtaining SPTE no more than a threshold θ, denoted as Dθi , can be calculated to indicate the defect level. Fig. 2
shows the influence of the stencil cleaning to the three printing performance measures, i.e., v̄ j, σ̄ j, and Dθi . A stencil
cleaning operation is performed just before the PCB marked with circles in Fig. 2. The PCBs marked with star are the
outliers detected based on a median absolute deviation (MAD) approach [1]. The details about the data can be found
in Section 4.

In terms of the average SPTE v̄ j, it is obvious that there is an increase trend, and several printed boards are detected
as outliers after stencil cleaning based on MAD detection approach. For average SPTE standard deviation σ̄ j, PCBs
after stencil cleaning tends to reduce the whole board SPTE variation, which indicates the necessary of performing
stencil cleaning. For D60

i , where SPTE threshold is selected as 60%, the MAD results show that SPP results after a
few boards after stencil cleaning will generate more defects, as shown in Fig. 2(c). The behavior of D60

i indicates that
an appropriate cleaning cycle can potentially reduce the whole process defects.

To statistically confirm the existing of trends in the average SPTE (v̄ j) and average SPTE standard deviation (σ̄ j),
a Cox-Stuart test, which is a robust trend analysis approach, is used in this research [8]. In the Cox-Stuart test, H0
assumes no monotonic trend exists in the series, and Ha indicates the existing of monotonic trend in the series. Given
a series of data x1, x2, . . . , xn, the Cox-Stuart test includes three steps: 1) Divide the series into two parts: x1, . . . , x n

2

and x n
2
, . . . , xn; 2) Pair the data with a format of (xk, xk+ n

2
) for k = 1, 2, . . . , n

2 ; 3) Calculate statistic value T

T =
∑
∀k

1(xk < xk+ n
2
), (1)

where 1(xk < xk+ n
2
) is an indicator function, which equals 1 if xk < xk+ n

2
is true, and 0 if xk < xk+ n

2
is false.

Then, if the H0 is true, T should follow binomial distribution T ∼ B( n
2 ,

1
2 ). Based on the Cox-Stuart test results, up

to 3 PCBs are detected with significant trend for average SPTE (v̄ j), and up to 5 PCBs are detected with significant
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(a) SPTE changing after stencil cleaning.

(b) SPTE standard deviation changing after stencil cleaning.

(c) Number of pads obtained low SPTE after stencil cleaning (with θ = 60).

Fig. 2. The influence of stencil cleaning to SPP process quality measures.

trend after stencil cleaning for average SPTE standard deviation (σ̄ j). Given the existing of the trends in the PCB
quality after stencil cleaning, recent advanced sequential analysis models, such as RNN, are used to perform the
cleaning cycle predictive control.

3.2. Recurrent neural network-based cleaning cycle prediction

RNNs are typically used for sequence analysis, such as time series data, natural language processing (NLP), etc.
Compared to time series models, such as autoregressive integrated moving average (ARIMA), studies have shown that
RNNs can obtain satisfactory performances [2]. Long short term memory (LSTM) network is a type of RNN, which
has shown a great generalization ability in solving practical problems [7, 4]. LSTM includes memory blocks that can
achieve the memory of recent sequence information. Each memory block mainly includes three components: 1) forget
gate, which decides what memory information should be removed, 2) input gate, which decides when to update the
memory, 3) output gate, which conditionally gives the output based on input and memory. A typical structure of RNN
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Compared to time series models, such as autoregressive integrated moving average (ARIMA), studies have shown that
RNNs can obtain satisfactory performances [2]. Long short term memory (LSTM) network is a type of RNN, which
has shown a great generalization ability in solving practical problems [7, 4]. LSTM includes memory blocks that can
achieve the memory of recent sequence information. Each memory block mainly includes three components: 1) forget
gate, which decides what memory information should be removed, 2) input gate, which decides when to update the
memory, 3) output gate, which conditionally gives the output based on input and memory. A typical structure of RNN
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is illustrated as Equations (2) and (3), where ht is the state vector, xt is the input vector, f (·)(·) is the activation function,
W(·) and G(·) are weights related to current inputs and previous states, respectively. In this process, history information
is used to predict the future process status (yt).

ht = f h(Whxt + Ghht−1) (2)
yt = f y(Gyht) (3)

In this research, printing performance (qi), i.e., v̄·, σ̄·, Dθ· , is predicted based on the states of last m PCBs. The
history status also includes printer setting information, i.e., printing speed (si), printing pressure (pi), and separation
speed (ri) for the i-th cleaning aging. Fig. 3 shows the process of predicting printing performance, i.e., qi, at the
i-th cleaning aging based on historical and current printing settings and historical printing performance. Each input
is transfered to an activation function ( f ) through a set of weights. And the final prediction is made based on the
aggregated information. In particular, the one hidden layer LSTM model can be illustrated in Equations (4)-(9).
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Fig. 3. The SPP performance prediction based on historical process information in the RNN model.
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where Hc
i = diag(ci), Hd

i = diag(di), He
i = diag(ei), W·, P·l, and E·l are weight vectors related to current printing

setting, the l-th cleaning aging printing setting, and the l-th cleaning aging printing performance, respectively. b· are
biased variable, and m is backup period.

The objective is to minimize the squared error loss function, as shown in Equation (10).
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l(q, q̂) =
n∑
i

(qi − q̂i)2 (10)

where qi is the true printing performance for the i-th cleaning aging, and q̂i is the predicted printing performance for
the i-th cleaning aging, and n is the time period where printing performance is predicted. To enhance the training per-
formance, an adaptive moment estimation (Adam) optimizer, which is an modification version of classical stochastic
gradient descent method, is used.

4. Experiment results

4.1. Design of experiment

To collect the practical cleaning cycle related dataset, central composite design (CCD) is used to generate the levels
for printing speed, printing pressure, and stencil separation speed. The printing speed levels are 30, 45, and 60 mm/s,
the printing pressure levels are 40, 60, and 80 N, the separation speed levels are 1, 3, and 5 mm/s. , as shown in Table
1. For each printing setting combination, stencil cleaning was performed before the first board, and 17 boards were
collected.

Table 1. Printing parameter levels from DOE.
No. Speed (mm/s) Pressure (N) Separation speed (mm/s)
1 30 60 3
2 60 60 3
3 45 40 3
4 45 80 3
5 45 60 1
6 45 60 5
7 60 80 5
8 60 80 1
9 60 40 5

10 60 40 1
11 30 80 5
12 30 80 1
13 30 40 5
14 30 40 1
15 45 60 3
16 30 40 3
17 45 60 3

In terms of the LSTM model, all experiments are implemented by TensorFlow r1.5 under the computational specifi-
cation of 64-bit Windows 10, with Intel i7 processor (4.00 GHz), 16 GB random-access memory (RAM), and NVIDIA
GeForce GTX 1080. Three LSTM models are designed for the test, which are denoted as LSTM H, LSTM M, and
LSTM S. The related parameter information used in the experimental tested is listed in Table 2.

Table 2. LSTM model parameter information.
Model Number of layers Trainable parameters Training epochs Batch size Validation split rate

LSTM H 3 22,181
2,000 10 0.2LSTM M 2 13,861

LSTM S 1 5,541

4.2. Printing performance prediction results

In this experiment, the number of future time period n, whose printing performance will be predicted, is varied
from 3 to 5. Two types of prediction performances are measured, which includes mean absolute error (MAE) and
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is illustrated as Equations (2) and (3), where ht is the state vector, xt is the input vector, f (·)(·) is the activation function,
W(·) and G(·) are weights related to current inputs and previous states, respectively. In this process, history information
is used to predict the future process status (yt).

ht = f h(Whxt + Ghht−1) (2)
yt = f y(Gyht) (3)

In this research, printing performance (qi), i.e., v̄·, σ̄·, Dθ· , is predicted based on the states of last m PCBs. The
history status also includes printer setting information, i.e., printing speed (si), printing pressure (pi), and separation
speed (ri) for the i-th cleaning aging. Fig. 3 shows the process of predicting printing performance, i.e., qi, at the
i-th cleaning aging based on historical and current printing settings and historical printing performance. Each input
is transfered to an activation function ( f ) through a set of weights. And the final prediction is made based on the
aggregated information. In particular, the one hidden layer LSTM model can be illustrated in Equations (4)-(9).
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Fig. 3. The SPP performance prediction based on historical process information in the RNN model.
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where Hc
i = diag(ci), Hd

i = diag(di), He
i = diag(ei), W·, P·l, and E·l are weight vectors related to current printing

setting, the l-th cleaning aging printing setting, and the l-th cleaning aging printing performance, respectively. b· are
biased variable, and m is backup period.

The objective is to minimize the squared error loss function, as shown in Equation (10).
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l(q, q̂) =
n∑
i

(qi − q̂i)2 (10)

where qi is the true printing performance for the i-th cleaning aging, and q̂i is the predicted printing performance for
the i-th cleaning aging, and n is the time period where printing performance is predicted. To enhance the training per-
formance, an adaptive moment estimation (Adam) optimizer, which is an modification version of classical stochastic
gradient descent method, is used.

4. Experiment results

4.1. Design of experiment

To collect the practical cleaning cycle related dataset, central composite design (CCD) is used to generate the levels
for printing speed, printing pressure, and stencil separation speed. The printing speed levels are 30, 45, and 60 mm/s,
the printing pressure levels are 40, 60, and 80 N, the separation speed levels are 1, 3, and 5 mm/s. , as shown in Table
1. For each printing setting combination, stencil cleaning was performed before the first board, and 17 boards were
collected.

Table 1. Printing parameter levels from DOE.
No. Speed (mm/s) Pressure (N) Separation speed (mm/s)
1 30 60 3
2 60 60 3
3 45 40 3
4 45 80 3
5 45 60 1
6 45 60 5
7 60 80 5
8 60 80 1
9 60 40 5
10 60 40 1
11 30 80 5
12 30 80 1
13 30 40 5
14 30 40 1
15 45 60 3
16 30 40 3
17 45 60 3

In terms of the LSTM model, all experiments are implemented by TensorFlow r1.5 under the computational specifi-
cation of 64-bit Windows 10, with Intel i7 processor (4.00 GHz), 16 GB random-access memory (RAM), and NVIDIA
GeForce GTX 1080. Three LSTM models are designed for the test, which are denoted as LSTM H, LSTM M, and
LSTM S. The related parameter information used in the experimental tested is listed in Table 2.

Table 2. LSTM model parameter information.
Model Number of layers Trainable parameters Training epochs Batch size Validation split rate

LSTM H 3 22,181
2,000 10 0.2LSTM M 2 13,861

LSTM S 1 5,541

4.2. Printing performance prediction results

In this experiment, the number of future time period n, whose printing performance will be predicted, is varied
from 3 to 5. Two types of prediction performances are measured, which includes mean absolute error (MAE) and
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root mean squared error (RMSE) for training (Tr) and testing (Te) processes. In terms of the printing performance
variables, i.e., response variables in the prediction process, average SPTE v̄· and average SPTE standard deviation σ̄·
are considered. For the percentage of pads obtaining SPTE no more than a threshold θ, three thresholds are applied,
i.e., 40, 50, and 60. The three LSTM models are tested based on the DOE data collected from the CCD, and results
are collected in Tables 3 and 4. All the lowest training and test errors are bold for each row.

In terms of the MAE results based on Table 3, it is obvious that the LSTM S model outperforms others in predicting
most of the printing performances. But, LSTM H obtains better testing performance in predicting D40

· , D50
· , and D60

· .
However, the training error for LSTM H is not lower than LSTM S, the cause might due to the lack of enough
complexity in estimating the relationships among the historical printing information and current printing performance
for LSTM S. The similar behavior can be found from the RMSE results in Table 4, where LSTM H outperforms
others in terms of testing error when n is 4 and 5. The RMSE results generally validate the finding of MAE results.
Considered the prediction period n, all three models tend to get better performance for predicting a shorter future time
period. Based on the trend statistical test results shown in Section 2, around 3 to 5 boards are influenced significantly
after stencil cleaning, which indicates the prediction of next five boards is pretty enough for the cleaning cycle decision
making. The MAE and RMSE results indicates that LSTM S model should be used to predict v̄· and σ̄·. Depending
on the number of future periods (n) required to predict, different models should be used for D40

· , D50
· , and D60

· . If n is
4 and 5, LSTM H model should be used, otherwise LSTM S model should be used.

Table 3. MAE performance results for the three LSTM models on predicting SPP process performance.

n Printing performance
LSTM S LSTM M LSTM H

TrMAE TeMAE TrMAE TeMAE TrMAE TeMAE

3

v̄· 1.32 1.43 7.53 7.44 7.35 7.50
σ̄· 0.65 0.58 1.24 1.17 1.19 1.19

D40
· 0.07 0.06 0.07 0.07 0.07 0.08

D50
· 0.55 0.53 0.54 0.53 0.56 0.54

D60
· 0.57 0.56 0.70 0.61 0.65 0.72

4

v̄· 1.43 1.43 6.58 6.80 6.69 6.75
σ̄· 0.84 0.79 1.21 1.28 1.23 1.24

D40
· 0.06 0.08 0.07 0.08 0.06 0.07

D50
· 0.52 0.59 0.54 0.58 0.55 0.54

D60
· 0.60 0.66 0.63 0.70 0.67 0.58

5

v̄· 4.67 4.80 6.02 6.00 6.08 6.30
σ̄· 1.00 1.04 1.15 1.44 1.29 1.09

D40
· 0.07 0.07 0.07 0.08 0.07 0.07

D50
· 0.57 0.60 0.55 0.55 0.56 0.55

D60
· 0.61 0.66 0.64 0.62 0.66 0.54

Table 4. RMSE performance results for the three LSTM models on predicting SPP process performance.

n Printing performance
LSTM S LSTM M LSTM H

TrRMSE TeRMSE TrRMSE TeRMSE TrRMSE TeRMSE

3

v̄· 1.61 1.76 8.75 8.61 8.61 8.80
σ̄· 0.84 0.75 1.62 1.42 1.53 1.65

D40
· 0.11 0.09 0.11 0.11 0.11 0.11

D50
· 0.67 0.64 0.68 0.67 0.68 0.67

D60
· 0.75 0.71 0.90 0.76 0.84 1.01

4

v̄· 1.79 1.86 8.35 8.68 8.42 8.47
σ̄· 1.07 1.03 1.54 1.64 1.57 1.56

D40
· 0.10 0.11 0.10 0.13 0.10 0.13

D50
· 0.66 0.72 0.68 0.71 0.68 0.71

D60
· 0.76 0.78 0.81 0.87 0.85 0.73

5

v̄· 6.27 6.01 8.11 8.30 8.19 8.04
σ̄· 1.33 1.28 1.47 1.83 1.64 1.26

D40
· 0.11 0.10 0.10 0.12 0.11 0.10

D50
· 0.69 0.70 0.69 0.72 0.69 0.69

D60
· 0.78 0.79 0.79 0.76 0.82 0.63
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The actual defect level and predicted defect level are illustrated in Fig. 4. The prediction configuration is based on
LSTM H and n = 4. It is obvious that the LSTM model can correctly capture the process defect variation and achieve
a high prediction consistency with the actual process.

Fig. 4. Comparison between the actual and predicted defect level using LSTM H with n = 4 and θ = 60.

5. Conclusion

SPP is a sensitive process, where many process parameters can influence the quality of the SPP results. In this
research, stencil cleaning is considered as a critical factor that can be controlled by applying the RNNs. Based on the
history SPP process information, such as printing speed and printing performance, the future process performance can
be predicted, which is applied to decide the cleaning cycle. The different configurations of the predictive setting are
studied in this research. Results show that different models have different performance on predicting different printing
results. Generally, LSTM S and LSTM H can be used to enhance the stencil cleaning cycle prediction process.

The next step of this research can be considered from several perspectives. For instance, cleaning cycle test can be
conducted based on practical experiment. The LSTM model can be extended to include more layers and more printing
process input information.
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root mean squared error (RMSE) for training (Tr) and testing (Te) processes. In terms of the printing performance
variables, i.e., response variables in the prediction process, average SPTE v̄· and average SPTE standard deviation σ̄·
are considered. For the percentage of pads obtaining SPTE no more than a threshold θ, three thresholds are applied,
i.e., 40, 50, and 60. The three LSTM models are tested based on the DOE data collected from the CCD, and results
are collected in Tables 3 and 4. All the lowest training and test errors are bold for each row.

In terms of the MAE results based on Table 3, it is obvious that the LSTM S model outperforms others in predicting
most of the printing performances. But, LSTM H obtains better testing performance in predicting D40

· , D50
· , and D60

· .
However, the training error for LSTM H is not lower than LSTM S, the cause might due to the lack of enough
complexity in estimating the relationships among the historical printing information and current printing performance
for LSTM S. The similar behavior can be found from the RMSE results in Table 4, where LSTM H outperforms
others in terms of testing error when n is 4 and 5. The RMSE results generally validate the finding of MAE results.
Considered the prediction period n, all three models tend to get better performance for predicting a shorter future time
period. Based on the trend statistical test results shown in Section 2, around 3 to 5 boards are influenced significantly
after stencil cleaning, which indicates the prediction of next five boards is pretty enough for the cleaning cycle decision
making. The MAE and RMSE results indicates that LSTM S model should be used to predict v̄· and σ̄·. Depending
on the number of future periods (n) required to predict, different models should be used for D40

· , D50
· , and D60

· . If n is
4 and 5, LSTM H model should be used, otherwise LSTM S model should be used.

Table 3. MAE performance results for the three LSTM models on predicting SPP process performance.

n Printing performance
LSTM S LSTM M LSTM H

TrMAE TeMAE TrMAE TeMAE TrMAE TeMAE

3

v̄· 1.32 1.43 7.53 7.44 7.35 7.50
σ̄· 0.65 0.58 1.24 1.17 1.19 1.19

D40
· 0.07 0.06 0.07 0.07 0.07 0.08

D50
· 0.55 0.53 0.54 0.53 0.56 0.54

D60
· 0.57 0.56 0.70 0.61 0.65 0.72

4

v̄· 1.43 1.43 6.58 6.80 6.69 6.75
σ̄· 0.84 0.79 1.21 1.28 1.23 1.24

D40
· 0.06 0.08 0.07 0.08 0.06 0.07

D50
· 0.52 0.59 0.54 0.58 0.55 0.54

D60
· 0.60 0.66 0.63 0.70 0.67 0.58

5

v̄· 4.67 4.80 6.02 6.00 6.08 6.30
σ̄· 1.00 1.04 1.15 1.44 1.29 1.09

D40
· 0.07 0.07 0.07 0.08 0.07 0.07

D50
· 0.57 0.60 0.55 0.55 0.56 0.55

D60
· 0.61 0.66 0.64 0.62 0.66 0.54

Table 4. RMSE performance results for the three LSTM models on predicting SPP process performance.

n Printing performance
LSTM S LSTM M LSTM H

TrRMSE TeRMSE TrRMSE TeRMSE TrRMSE TeRMSE

3

v̄· 1.61 1.76 8.75 8.61 8.61 8.80
σ̄· 0.84 0.75 1.62 1.42 1.53 1.65

D40
· 0.11 0.09 0.11 0.11 0.11 0.11

D50
· 0.67 0.64 0.68 0.67 0.68 0.67

D60
· 0.75 0.71 0.90 0.76 0.84 1.01

4

v̄· 1.79 1.86 8.35 8.68 8.42 8.47
σ̄· 1.07 1.03 1.54 1.64 1.57 1.56

D40
· 0.10 0.11 0.10 0.13 0.10 0.13

D50
· 0.66 0.72 0.68 0.71 0.68 0.71

D60
· 0.76 0.78 0.81 0.87 0.85 0.73

5

v̄· 6.27 6.01 8.11 8.30 8.19 8.04
σ̄· 1.33 1.28 1.47 1.83 1.64 1.26

D40
· 0.11 0.10 0.10 0.12 0.11 0.10
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· 0.69 0.70 0.69 0.72 0.69 0.69

D60
· 0.78 0.79 0.79 0.76 0.82 0.63
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The actual defect level and predicted defect level are illustrated in Fig. 4. The prediction configuration is based on
LSTM H and n = 4. It is obvious that the LSTM model can correctly capture the process defect variation and achieve
a high prediction consistency with the actual process.

Fig. 4. Comparison between the actual and predicted defect level using LSTM H with n = 4 and θ = 60.

5. Conclusion

SPP is a sensitive process, where many process parameters can influence the quality of the SPP results. In this
research, stencil cleaning is considered as a critical factor that can be controlled by applying the RNNs. Based on the
history SPP process information, such as printing speed and printing performance, the future process performance can
be predicted, which is applied to decide the cleaning cycle. The different configurations of the predictive setting are
studied in this research. Results show that different models have different performance on predicting different printing
results. Generally, LSTM S and LSTM H can be used to enhance the stencil cleaning cycle prediction process.

The next step of this research can be considered from several perspectives. For instance, cleaning cycle test can be
conducted based on practical experiment. The LSTM model can be extended to include more layers and more printing
process input information.
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