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Abstract—this paper aims to provide an approach to prediet t
performance of the product produced after multista of
manufacturing processes, as well as the assembbh Spproach
aims to control and subsequently identify the refethip between
the process inputs and outputs so that a procegeeam can more
accurately predict how the process output shafoperbased on the
system inputs. The approach is guided by a six-sigrathodology to
obtain improved performance.

In this paper a case study of the manufacture béemetic
reciprocating compressor is presented. The apicaif artificial
neural networks (ANNSs) technique is introduced tmpliove
performance prediction within this manufacturingrieonment. The
results demonstrate that the approach predicts ratety and
effectively.

El-Baz and T. T. EI-Midany

The ANNs have the ability to “learn” arbitrary nbnear
mappings between noisy sets of input and output. Btveral
researchers are utilizing ANNs as a prediction rhdde
several manufacturing fields. It predicts importaribrmation
about the manufacturing processes, such as, extrpsocess
parameters, welding characteristics, machine taiiire and
surface roughness. It is deployed in several agidins within
manufacturing environments [3]-[8].

Chen and al [9] presented an innovative self-omjagimap
plus a back-propagation neural network model ferating a
dynamic quality predictor for a plastic injectionoluing
process too.

A practical method is presented to estimate IC pcod

Keywor ds—Avtificial neural networks, Reciprocating compresso performance and parametric yield by Cho, Kim efrain a

manufacturing, Performance prediction, Quality ioygment

|. INTRODUCTION

well-chosen set of existing electrical measureméntended
for technology monitoring at an early stage of nfaoturing
[10]. An example of how ANNs have been deployedhimit

RFORMANCE prediction of manufacturing process osemiconductor specific problem domains. The apfitina

product is one of the important for quality imprawent.
Product performance measurements are difficult cost, as
these measurements are often done via selectinglesafrom
the production volume of product. It consumes more and
cost.Rapidly evolving technology, which employs adsed
techniques, such as lasers, machine vision, anterpat
recognition, are incentives to develop general andurate
prediction methodologies for
Prediction systems are implemented as a proaciVerr than
a reactive manufacturing process improvement tSeleral
researchers investigate usage of statistical pso@emtrol
(SPC), such as regression model and design of iexgmts
(DOE) and ANN as prediction systems.Tsai et alspnéed a
study to determine the effects of process paraseteioptical
quality of lenses during injection molding. Theyedsthe
Taguchi method to perform screening experimentisleatify
the significant process parameters affecting qualitlenses.
From their results that the highest accuracy ptedicof
surface waviness as a quality characteristic wasn fra
nonlinear regression model [2].
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developed was to replace necessary experimentation
semiconductor chips in an effort to determine caitiprocess
parameters (i.e. melting point and band gap). Theaing
capabilities within manufacturing is the ability toredict
processing yield [11].

A neural network model was developed by Chang &mtJ
to probe the dependence between the quality ofhiad

product performance]. [1product and sensor measurements which were callette

monitor the failure (sudden fracture) of a tool the
manufacturing process. The quality information wofished
product can be further obtained from the on lir@itg sensor
measurements utilizing the trained neural netwod. [
Johnston et al. developed a model for downstreadigtion
based on the writing parameters of the R/W headaod disc
drive (HDD), to predict how each individual head ulb
perform in a finished HDD based on parametric messants
during manufacturing stages of HDD head [12].

Many authors discussed the off-design simulatiorafter
operating at customer of the behavior of one egem
(compressor, pump, turbine, etc.) utilizing statedt
forecasting methods and/or ANNs mentioned in tiereaces
[13]-[16]. There are no results about predictiondelofor
part/product performance within manufacturing eowiment
of finished product such as hermetic compressaregixsome
researches in semiconductors industry [3], [1@],[117].

226



International Journal of Mechanical, Industrial and Aerospace Sciences

ISSN:

2517-9950

Vol:6, No:1, 2012

Several business improvement methodology and tquksi
were developed recently. One such technique iSith&igma.
Harry (1998) defines Six Sigma to be “a strategitative to
boost profitability, increase market share and wwpr
customer satisfaction through statistical tools tten lead to
breakthrough quantum gains in quality.” As a metiogy it
uses existing problem solving tools to eradicatestesy
variations. The methodology of Six Sigma is to tifgnthe
key input variables of a process and subsequentijralling
them will ensure that the key output variables pfacess will
also remain in control. This
manufacturing policy and many process engineerscejun
where they tend to monitor process outputs (engl foroduct)
and then react to out of control situations as thesur [12],
[18]-[20].

Case study in this research is the manufacturirfgeahetic
reciprocating compressors from parts casting toralve
assembly processes of the compressor with its abtng
mechanisms through machining operations. For deusjo
and manufacturing of higher compressor performartbe,
challenge of non-contaminant refrigerants, the rfeedhigher
efficiency, optimal design and noise reduction ateong
incentives to develop general and accurate predicti
methodologies.

In this research, the ANNs is developed to preda
manufacturing performance via the quality contreltad of
machined parts which impact on performance of lieds
product through the proposed approach. Sections2ritbes
the manufacturing environment of reciprocating coespor.
Experiments implementation is described in sect®nA
proposed ANN model is presented within an industéase
study in section 4. Section 5 presents the Signadityuevel
improvement. The conclusions of research are tggtéd in
section 6.

Il. MANUFACTURING ENVIRONMENT OF HERMETIC
RECIPROCATING COMPRESSORS

Since the end of the 19th century, compressor dessigl
improvement have been subordinated to

In this case study, the outputs of calorimeter waktbe
considered to study with respect to influencingvalve unit
on compressor performance. The valves used arensiow
Fig. 2. The compressor may be divided to threesumnitotor
and starting equipment, piston/cylinder unit antv@ainit. In
this research, the valve unit is concerned for rddteng and
verifying the proposed prediction model.

It is extremely difficult to develop a defect free
manufacturing process in a high-volume reciprocatin
compressor environment. There are so many opesatidn

is contrary to commommanufacturing processes for each part. A more &iaption is

to attain the ability to predict how a part mayfpen after
assembly operations. This will aid production piagn fault
finding and improve time to market/volume.

6'&@: lin

discharge tube

crankcase

X, suetion|
shell 'lmufﬂu

N

Fig. 1 General hermetic reciprocating compressoeise

Predictive systems are utilized as proactive rathan
reactive procedures in manufacturing environmettcl&stic
optimization is adopted rather than determinisptroization
in many situations within manufacturing environmggt].
Therefore ANNs are deployed in several applicatitimsugh
manufacturing environment. ANNSs are utilized asedjztion
model that is demonstrated in many aspects of relses [2],
[3], [15].The manufacturing of hermetic reciprocati
compressor parts has complex relationship withire th

continuo@perations of multi-stages. This work is done imimg six-

experimentation and learning. The challenge of norfigma project development, its objective is detamg and

contaminant refrigerants, the need for higher igfficy,
optimal designs and noise reduction are strongninees to
develop general and accurate prediction methodedogi

using prediction approach for compressor perforradvesed
on quality parameters of parts. It aims to pretiotv each
part of unit (valve unit) will perform in a finisdecompressor

The reciprocating compressor is the workhorse & trPased on quality parameters of assembled partsiibfThe

refrigeration and air conditioning industry. Figureshows the
detailed scheme of a hermetic reciprocating conspres
Reciprocating compressors consist of a piston ngowiack

and forth in a cylinder, with suction and dischakgdves to

achieve suction and compression of the refrigevapbr. The
suction side is connected to the exit of the evafoor while

the discharge side is connected to the condensetr ifhe

suction and discharge valves open and close dyeesgsure
differences between the cylinder and inlet or duttanifolds

respectively.

test of one compressor takes about two hours, splsay
technique is used. Therefore, the prediction ofguerance of
product before arriving to final testing stage wbshve time
and improve both quality and production yield.

Ill.  EXPERIMENTAL PROCEDURES

A. Experimental Facilities

The experimental facilities can be divided into; the
manufacturing and assembly equipment used is staialein
control statistically and 2) The measurement eqeiptrused is
the calorimeter tester Microline SRL. The experitaén
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compressor used in this study is GL 70AA made byM@C
Egypt. The samples are produced from the same ptioduot
with same geometrical parameters to minimize defszein
part qualities. All cases herewith presented cpored to a
domestic hermetic reciprocating compressor of andglr
capacity 6.64 cfy working with R134a and a nominal
frequency of 50 Hz.

Suction process, compression process and dischasgess
are the main processes to compressor performritgiéun. All
these processes are done through valve plateewifach as
suction and discharge orifices. This work aims épedmine
the influencing of valve unit metrology on finishedmpressor
performance. Consequently, this study would be idensd a
guide for implementing the same procedures withréisé units
and parts to determine importance each part forpcessor
performance.

B. Experimental Design

The experiments are focused on valve unit (inclgdialve
plat, valve gaskets, cylinder head and muffler)e Belected
control factors for valve unit are valve thickne§g,), Discharge |
discharge orifice diameter of valve plate,2and discharge nrfeE,
orifice diameter of crank case {{pas illustrated in Fig. 2 and Ve
3. The factor levels are two, at lower toleranadgtland upper
tolerance limit as listed in Table 1 selected frggometrical
parameters. The experiments are executed accotdirigll
factorial method in 2trails (3 factors in 2 levels). During

experiments, full factorial designs were used todgtthe Discharge
effects of all the factors on the final responses. orifice
. o L crankcase

C. Quality characteristics (performance indicators)

Number Several quality characteristics of hermetic
reciprocating compressor are considered by the faatuer
at quality tests stage such as cooling capacity),(@0wer Fig. 3 Discharge orifice of valve plate and crarseca
consumption (PC), coefficient of performance (CO#&g,. In
this study, CC, PC, and COP are chosen as the essgr TABLE |
performance indicators, and are measured from aicater CONTROL FACTORSAND L EVELS OF EXPERIMENTS
test. CC and COP as a quality characteristicshardarger-the Control factors 1(|Ower)'-e"e'; e
better. Convergely, manufaqturer strives for IovaSt (A) valve thickness (W)[mm] 575 > 85

The qual!ty characteristics value for this casedgtu (B) discharge orifice diameter df 2.88 3.12
transfer to ratio of the best value could be predudrom crank case () [mm]
historical data of our compressor model. The Cagptiapacity (C) discharge orifice diameter ¢f 2.275 2.525
ratio (CCR) and COP ratio (COPR) are computed aliegrto valve (B) [mm]

the relationship;
) D. Experimental Results and Analysis
Ratio = . o 1) To handle the experiment, the data of 24 compresam
actual value of Quality Characteristic collected based on eight samples of data of a éwetDOE
max. expectedvalue of Quality Characteristic full factorial analysis with 3 replicate. All theamples are
manufactured and tested in real manufacturing enwient

For power consumption ratio (PCR), 1/Ratio is usebere maintaining of rest parameters of other parts.
the target is lowest value.

E. Cooling capacity

The interactions factors shown in Fig.4 have tlilaémcing
in the response (cooling capacity) as shown in ANCEst
demonstrated in Table 2 and Pareto chart shownigrb.F
Contour plot in Fig. 6 shows the relationship ofisth
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manufacturing process where just two input pararsgte

discharge valve diameter (D and discharge crankcase

diameter () were altered holding input parameter)(V
versus one of compressor performance charactsrig@iC) as
a response. This contour is produced with two paits
compressor. It may be more complex for more parts.

Cube plots shown in Fig. 7 can be used to show the aog

relationships among three-factor (D, & D) with response
variable CC. This cube plot shows the cooling cépaneans
at each point on the cube where observations wesesuned.
Regression analysis is used to identify the ratatiip between
independent variables and the associated depewndeables,
and to predict the trend of dependent variables fasiction of
independent variables.

TABLE Il
ANOVA FOR COOLING CAPACITY OF EXPERIMENTS

Source DF F P
Main Effects 3 3.07 0.060
2-Way Interactions 3 5.59 0.009
3-Way Interactions 1 0.00 0.996
Residual Errc 15

Pure Erro 15

Total 22

The regression analysis is applied based on thdtsesf
experiments and the correlation coefficierit (R-squared) is
used to justify the validity of regression modeheTregression
analyses in this work are performed in a softwal®&lIWMAB.
The regression model obtained of DOE analysisfermed to
“(2),"

CC = 718.76-207.6 (Vt) -378.4(Dcc)
-212.47(Dv) +141.2(Vt)(Dcc) + 78(Vt)(Dv)
+166.67(Dcc)( Dv) - 62(Vt)(Dcc )(Dv) .

@)

The R value of this model is 0.72.

Mean

2275 2525
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Fig. 4 Interaction plot for cooling capacity Vs, &®D .
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Fig. 5 Pareto chart of the effects on CC
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Fig. 6 Contour plot of CC Vs. Dv & Dcc
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Fig. 7 Cube plot for cooling capacity Vs, D, & D..

In general the prediction of compressor performance

parameter is very difficult using the regressiondeloin
manufacturing environment. Therefore, the propaggaroach
will be implemented in next section.

IV. ARTIFICIAL NEURAL NETWORK

The effectiveness of the ANN model developed idyful
dependent on the trial-and-error process in som®rfg this
study considers the factors which could be inflirgche
effectiveness of the ANN model developed basedheritem
required by the MATLAB ANN toolbox in order to ddue
the ANN model.

A. Network Structures

An ANN network structure principally consists oféas and
nodes. ANN structure consists of three layers wisich the
input layer, hidden layer and output layer. Itlsogpossible to
have an ANN structure with no hidden layers. Iis gtudy, the
network structure shown in Fig. 8 is selected afteny trails
are illustrated in Table 3. It is as the following;
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« Input layer: Five nodes for the input layer stand for the fivaVhere,x is the input value for ain is the minimum value in
predictors of the case study which are B, D,, gasket a given set for each quality characteristic, aidx is the
thickness (@ and air gap (4 between the piston and maximum value in a given set for each quality cbinastic.
cylinder hole.

¢ Hidden layers: Contain two hidden layers. First layer
contains 15 neurons. Second layer contains 12 nsuro
The hyperbolic tangent sigmoid transfer functicaanéig)
is used for these hidden layers, according to the

C. Network Application

- Training Results; the accepted performance with5Heb-

12-1 structure was achieved with training perforogan
MSE of 0.001. The regression analysis was perforamed
training data set to determine highly accuracy oetw

relationship; . . 2
P performance with correlation coefficient (R) betwee
> target and output of simulation of trained ANN 0999.
Output = - -1 ®) It has best validation performance MSE of 0.02&paich
1+ exp (-2 x input)

3 and correlation coefficient (R) between targetl an
output for validation data was 0.974.

TABLE Il
NETWORKSRESULTSSUMMARY » Test Results; the results of testing for ANN usedthis
Network | Trans. Fun. MSE R Riest work using unseen data are shown in Fig.9. The
structure convergence condition is considered achieved when t
5-7-1 tansig 0.13 1.00f 0.89 R between actual values and predicted output iatgre
5-8-1 tansic 0.2C 0.97 | 0.8Z than 0.80 referred to the limitation of the tragnidata
5-8-1 logsic 0.2C 0.87 | 0.6 set.
5-20-5-1 tansig, tansig 0.02 0.99 0.89
5-6-10-1 tansig tansig 0.09 1.00 0.90 0 Training:R =0.999 Validation:R = 0.9744
5-15-12-1 | tansig, tansi | 0.0Z 0.9¢ | 0.81 2 O Data 5 041[ 0 Data Ve
2 05 Fit 202 Fit 2
é ------- Y=T » é a2 Y=T 2 o
E 0 3—0.2
« Output layer: it has one neuron, where the output i3 . 104 &
estimated value of cooling capacity, so the usei ] I
transfer function for this layer was linear functio 1 05 0 0s 03 0 0.5
. Target Target
(purelin). Test: R = 0.8071 g All:R = 0.946
H © Data < - © Data OO
Input Hidden layers £ 05 3 us Fit
Ln}'ﬂ' . g ------- S ....... Y=T
Wy . ‘. ". Output % . E ¢ d;)
0, . ) . ‘ . . Layer %70.5 % 05 ) Z
- 2 A Cooling - = -1 'OO
b @ @ @ @ Capacity -0.5 0 0.5 -1 05 0 0.5 1
v R . Target Target
G, @ i ; Fig. 9 Training result of proposed network
A, @ 9 9 _ .
Fig. 10 illustrates the actual value vs. outputt gt the
Fig. 8: ANN structure trained ANN smglated by qll tra_ln_lng data _set_.f@enance of
network can be improved if training data is incexhswhere
authors suffered for collecting the data, wheiig dollected in
- . manufacturing environment, not laboratory environtne
B. Training and Testing Data
e Data collection, the training set contains 29 examples 156

collected for experiments, divided into 70% foririiag,
15% for validation and 15% for testing. This dataised
as inputs to proposed ANN prediction model for otitp
of cooling capacity as valve unit performance.

* Normalization, as used here, simply scales down the range

CC K. cal./hr
5

'

of input data to a new range between -1 and +Quki; 149 \\
following equation, s ¢ ]
" 0 :L 1(‘) Saxfplenu. 20 2‘5 30
Normalized Value = 2 x X = er_1 _ (4) Fig. 10 Trained ANN output vs. target plot
Max - Min
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V.SIGMA QUALITY LEVEL IMPROVEMENT

Utilizing a measure of part-per-million (PPM) adefect rat
measure, in our case study, manufacturer deterntiree®PM
of 59,000 defective units per million for four écil to quality
characteristics (CTQs) named cooling capacity, CB&yer
and current. This corresponds to the 3.07 sigmel lend the
percentage of yield (Y) is 94.17 % according to agun 5
stated in [19], [22].

PPM (5)

Y 2(1—W)X100

Assuming every one of the four CTQs has equ

throughput yield, then the yield of production cedisby
cooling capacity test result is 0.985 which coroegts to PPM
of 15,000 defective unit per million. This corresps to the
3.67 sigma level.
calorimeter test show the assembly operations pedoce
with Cpk (process capability index) of 0.72.

After appling the proposed approach integratinghwit

tracing and quality control systems in order to riaye the
classification and assembly parts with appropriitaeension
and geometrical tolerances. This will improve theseambly
process capability at least 15% with respect tolicgo
capacity characteristic, so that Cpk becomes
coresponding to the 4 sigma level, and PPM of 6,a§ig
tables in [19].

VI. CONCLUSIONS

The cooling capacity readingsmfro

0.828
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[4] S. M. Bajimaya, S. Park, and G.-N. Wang, “Predgxtrusion process
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optimization for MIMO plastic injection molding viaoft computing,”
Expert Systems with Applications, vol. 36, pp. 114-1122, 2009.

[91 W.-C. Chen, P.-H. Tai, M.-W. Wang, W.-J. Deng andTCChen, “A
neural network-based approach for dynamic qualitydiction in a
plastic injection molding processExpert Systems with Applications,
vol. 35, pp. 843-849, 2008.

[10] C. Cho, D. D. Kim, J. Kim, D. Lim, and S. Cho, “Baprediction of
product performance and vyield via technology beratkfi IEEE
"Custom Intergrated Circuits Conference (CICC)", pp. 205-208, 2008.

[11] Z. Zhang, R. Peng, and N. Chen, “Atrtificial neungtwork prediction
of the band gap and melting point of binary andchaey compound
semiconductors,” Material Science Engineering, vol. B54, pp. 49-52,
1998.

[12] A. B. Johnston, L. B. Maguire, and T. M. McGinnitiownstream

performance prediction for a manufacturing systesingi neural

networks and six-sigma improvement techniqueRgbotics and

Computer-Integrated Manufacturing, Vol. 25, Iss. 3, pp. 513-521,

2009.

[13] J. Rigola, C. D. Pe’rez-Segarra, and A. Oliva, 8Rwatric studies on
hermetic reciprocating compressors,International Journal of
Refrigeration, Vol. 28, pp. 253-266, 2005.

This paper describes an approach for performanggy v. yu, L. Chen, F. Sun, and C. Wu, “Neural-netwbased analysis and

prediction of product within manufacturing enviroemt. The

ANN is utilized to predict the performance indicatuch as
CCR, COPR and etc. Then, Six Sigma techniques sad to
evaluate the manufacturing system integrating ANNSs.

DOE analysis and historical data of industrial case
utilized to determine most factors influencing CT@$
compressor such as the CC and COP. For the valvefithe
compressor, valve thickness, gasket thicknessewibcharge
orifice diameter, crank case discharge orifice digan and
piston/cylinder clearance were determined to infbee both
CC and COP of compressor performance indicators.

The proposed ANN model gives accurately predices th
the performan

cooling capacity ratio and identifies
parameter level(s) with real data. The performaofcgained
ANN would be improved further with increasing theaunt of
data collected from manufacturing environment.sltfurther
determined that the proposed approach increases
throughput yield, and improves sigma quality lefai the
process and organization.
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