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ABSTRACT

This paper discusses the preliminary development of a neural ndiasell process monitor and
off-line controller for abrasivélow machining ofautomotive enginentake manifolds. The
process is only observable indirectgt the time at which machiningchieveghe specified air

flow rate must be estimated accurately. nédural networkmodel is used to estimate when the
process has achieved air flow specification so that machining can be terminated. This model uses
surrogate process parametersrgmitsbecause ofhe inaccessibility othe product parameter of
interest, air flow rate through the manifold.

Keywords:  Abrasive flow machining, neural networks, processmonitoring, process
optimization, engine intake manifold.

INTRODUCTION pressure, media viscosity, media rheology, abrasive size

and type, grit size and grit type, part geometry, and

The manufacture of precision parts emphasizes finathers (such as the highly non-Newtonian nature of the

finish machining operations, whichay account for as AFM “fluid”) must be taken into consideration when

much as 15% of the total manufacturicwsts[12, 13]. developing an application.

Abrasive flow machining (AFM) has the potential to

provide high precision and economical means of An air intakemanifold is part of automotive engines

finishing parts. (see Figurel). It consists of 12 cylindricéfunners,”
through whichair flows (shaded in Figure 1). These

AFM is anontraditional finishingorocessthat isused runners are otomplex geometries.The manifold is

to deburr, polish or radius surfaces of criticahttached to the throttlbody in the engine through a

components. Ithas been applied inthe aerospace, large hole (middle front of Figure 1). Engine

automotive, electronicand die-making industries. manifoldsthat control thevolume ofair ingested are

AFM can process many selected passages on a singd® complex to be economicallymachined by

workpiece or multiple parts simultaneously. conventional machining agrinding, and areypically

Inaccessible areasnd complexinternal passages can sand cast. In modern engines, manifolds m@uest

be finished economicallyand productively [12, 13]. likely to be made ofluminum. The sand casavities

However, AFM has not been widely used because of thave roughand irregularsurfacesthat retard aiiflow,

lack of theoretic support for the behavior of grecess. particularly at the passage wallhis imperfect finish

A large range oprocess parameters such as extrusiomas a significant impact on the performandeel



efficiency, and emissions of automotive engines [14]. BACKGROUND

MY

The Abrasive Flow Machining Process

AFM is the removal of material by @scous, abrasive
laden semi-solid grinding media flowing, under
pressure, through or across a workpiece. Generally, the
media is extruded through ower the workpiece with
motion usually in both directionsThe velocity of the
extruded media is dependent upon the principal
parameters of viscosity, pressure, passage size,
geometryand length [3]. Four types of abrasives are
commonly used in AFM. Thesare aluminumoxide,
silicon carbide, boron carbidand diamonds. The
AFM process acts in emanner similar to grinding or
lapping where the extruded abrasive mediently
hones edges and surfaces. It is particularly useful when
applied to workpiecesontainingpassagewaythat are
considered to be inaccessible with conventional
deburring and polishing tools [2, 8, 11, 13].

Previous research dhe AFM process include Fletcher
et al. [4], Williamsand Rajurkar [16, 17Milliams et
al. [18], and Petri et al. [10]Fletcher et alstudied the
thermal andfluid flow properties of polymers used in
Figure 1. Drawing of Air Intake Manifold. AFM. They showedhat therheology ofthe media
contributes significantly to theuccess ofthe AFM
AFM has the potential to finish the sand cast manifolddfocesg4]. Williams and Rajurkashowedthat media
so that the interiorpassagesare smoother,more Viscosityandextrusion pressure significantly determine
uniform and canachieve more precise specifications?0th surface roughnessid the materiatemoval rate.
regarding aifflow. However,the AFM process is not The authors indicatethat themajor improvement in
currently suited to mass production of manifoldsSurface finish takes placeithin the firstfew cycles.
Currently, in order to AFMnachine engine manifolds, Their later work proposed methods to estimate the
technicians have to Stome processand test the number of dynamic aCtngrainSinVOlved in CUtting
intermediateair flow and repeat theprocessuntil the and the amount aibrasivegrain wear per stroke [16,
manifold achieves the desired air flow requirements. 17]. Williams et al.presented an experimental and
qualitative analysis of the distribution of metainoval
This paperdescribeghe preliminarydevelopment of a in multiple hole finishing applications. They also
neural networkbased process monitaand off-ine ~ Studied metal removaland surface roughness
controller for abrasiveflow machining of engine Characteristics pecycle for a single holepart and
manifolds. For a given set of cast manifoldound that themost pronounced change in there
characteristics such as incoming averaaje flow, diameter andsurface roughness occurred the first
incoming weightand surface finish, and an initial cycle [18].
setting of machining parameters such as extrusion
pressureand displacement, thisnodel will accurately However,each of these studies considered a subset of
predict when theAFM process has achieved the the process parameterand ignored other critical
specified air flow requirements for engine intake Parameters. Petri et aleveloped a predictive process
passages. It will be able to adapt to changes in tReodeling system fothe AFM processhatrelates all of
process variables (i.e., abrasive flow material the critical parameters using strictly empirical
properties, fluid temperature, degradation of thied ~ techniques, namely neunaétworks [10]. Their system
through repeated us@nd ambient temperature and addresses process settings for AFM for a variety of
humidity). Thisproject is currently underwagnd this products and material types. The research in this paper
paper reports preliminary results. focuses onone particular productype (i.e., engine



manifolds) but with the demand of more precise contrahcluded as procesgput parameters to the neural
to meet stringent specifications. network. Table 1 summarizes these process variables.
Some of these variables may not be independent of each
other. Thedevelopment ofthe process model is an
attempt to capture the behavior of both the independent
Analytical modelsthat explain a highly non-linear and interactioneffects ofthese variables in order to
relationship with interactions amomgocess variables accurately predidhe flow of the orifice fluid (viz., air)

are difficult to obtain. Moreover,there are no through the manifold. Theain categories of process
analytical modelsthat capture the dynamics of the variables are

entire abrasiveflow machining process. Artificial ¢ Incoming part -weight, surfacefinish, air flow,
intelligence techniques, such as neumatworks and throttle body diameter

expert systems, have been increasingly used ¢o AFM machine setting - pressure, number of passes
successfully model process behavior areas where « Media condition - grit, freshness, temperature
analytical models are unavailable. «  Ambient conditions - temperature, humidity

Neural Networks for Process Modeling

The use of neural networks is motivated because of
their accommodation of non-linearities, interactions|,
and multiple variables. Neural networkare also

Table 1. Anticipated Process Variables.
Process Variables Definition

tolerant ofnoisy data and camperatevery quickly in
software, and in real time in hardware. Unlike
statistical models which generally require assumption
aboutthe parametric nature of tHactors (which may
or maynot be true), neuratetworks do not requira
priori assumption of the functional form of theodel.
Recent work inusing neuralnetworks for modeling
manufacturing processes include [1, 3, 9, 10, 15, 19].

MODEL DEVELOPMENT

A prototypeneural networkbased process monitor and

INCOMING WEIGHT

The shipped weight of the
manifold

THROTTLE BODY
SIAMETER

The diameter of the throttle
body orifice

SURFACE FINISH

The surface roughness insig
the throttle body orifice

RUNNER AIRFLOW

The airflow rate through
each individual runner

VARIABILITY OF
RUNNER AIRFLOW

The variability of airflow rate
among the runners

controller for abrasiveflow machining of engine
manifolds was developed for a consortiimaluding an
AFM  manufacturer and a U.S. automotive
manufacturer. The firgibjective ofthis research is to
improvethe functional performance of U.8utomotive
engines, hence generate tleonomic benefits of
reduction in fuel consumptionThe secondbijective is
to enable predictive process control tife AFM
process, with anunderstanding of the relationship
between the AFM media to the specifiedflw rate of
the engine manifolds. This understandin@y be
useful in controllingand optimizing theAFM process
for parts similar to the manifold.

Four major tasks weraindertaken todevelop the
model: (1) identification of théey process variables,
(2) data collection, (3) preliminaryeural network

development and (4) model validation.

Key Process Variables

AMBIENT The temperature in the plan
TEMPERATURE

AMBIENT HUMIDITY | The humidity in the plant
PRODUCTION The sequence of the
SEQUENCE production during the day

je

—

MEDIA CONDITION

The condition of the media
(cutting ability,
contamination level)

HYDRAULIC The extrusion pressure of th
PRESSURE media

MEDIA The temperature of the
TEMPERATURE media

NUMBER OF PASSES

The number of cycles of the

AFM machine piston

There is considerable variability amotige incoming
parts due to the limitations of the sand caspngcess.

The number ofpasses of AFM processing is done
interactively by the operator depending on his judgment
of when the manifold reachesr flow specifications.
The ambient conditions impact the condition of the
media. The primary variables of media condition are
extremely important. The media startsew with a
amount of grit and no impurities. Over time,

The first stepvas to determine which process variablegmpurities enter into the media from the mebaing

were critical to the AFM process and should be

AFM’ed and the gribbecomes lesabrasive. This has a



profound impact on theAFM process, however
measurement of media condition duripgpcessing is
impossible. Another change in media condittmeurs

RESULTS AND DISCUSSION

A five-fold cross-validationapproach which used the

daily. The behavior of the media depends partially oantire data set for model evaluation was U28d. The
its temperature. At the beginning of a day, the media @vailable datavas dividedinto five mutually exclusive

cold, however after repeated processingpecomes
heated. Theequence of production (Table 1) isey
crude approximation to this heatirgffect. Time of
production was dividednto six periods beginning in
the morning (period 1and ending with thevork day
(period 6).
periods depending on its time of production.

The outcome variables ofterest are alspecific to the
manifold:

e Total air flow

e Air flow per runner

*  Surface finish

¢ Weight

e Throttle body diameter

While all ofthese outcome variables defitiee state of
the finished manifold, the primargpecification is the
first one - totakir flow through the manifold. It is this
specification that the model described here targets.

Data Set

Production databased on a subset ¢fie variables
described in Table 1 was collected tye company’s

groups after randomizing the entire data sefive
networks with parameters identical to those of the final
network describedbove werebuilt, with each using
four groups ofthe data as a traininget, and the
remaining one as a test set.

Eachpart was assigned to one of these

Figure 2 verifiesthat the finalnetwork has unbiased
generalization to altombinations of the independent
variables used ihis study. Figure 3 showthe five-
fold cross-validation networkand theirpredictions on
each 20% test set against the actiderved outgoing
average air flow.

The final networkwas able to predicthe outgoing
averageair flow with a meanabsoluteerror of 0.4873
(0.28%) and aroot mean square error of 0.6386
(0.37%). The R-squarg@doefficient ofdetermination)
value ofthe final network is 0.6527 which meattst
the network can explairabout 65 percent of the
variations in the outgoing average flow. This figure

is not high enough for use during production.

The model will be improved with additional
information from Table 1that is expected to be
monitored. Themain area noaddressed well byhis

technicians. Ninety eightbservations were collected Preliminary neural network is the condition of the

on thefollowing seveninput variables: incomingart
total air flow, incoming partair flow variability over
the runners, incoming partweight, total AFM
processing time, totabolume of media usediuring
processing, average hydraulic pressurduring
processingand production sequence.The outcome
variable studied was outgoing part total air flow.

Preliminary Neural Network Development

The neural network architecturor predicting the
outgoing averagair flow of engine manifoldstraining
parameters, anstopping criteriavere selectethrough
experimentation and examination of preliminary
networks trained. The transfer functiomvas the
unipolar sigmoid. A traditional

universal approximator when used withnanlinear

continuous transfer function with at least one hidden

layer [5, 6]. The final network architecturbad 7
inputs, one hiddeilayer with 7 neuronsand asingle
output.

backpropagation
learning algorithmwas used because it is known as an

media. Theonly input concerned with the media
condition is the categorical measure of production
sequence. This is avery crude surrogate for media
condition. Also, asthe data set expands tmore
observationsthe neural networknodel should improve

in precision.
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Figure 2. Histogram of Residuals of Five-Fold Cross-
Validation.
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Figure 3. Performance on Five-fold Cross-validation: Predicted Against Target Outgoing Average Air Flow.
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