
Sensor Based Monitoring for Real-Time Quality Control
in Manufacturing

Soundar R. T. Kumara

Sagar V. Kamarthi
Satlshmohan Bukkapatnam

Jinwhan Lee

Department of IndustriM and Management Systems Engineering

The Pennsylvania State University
University Park, PA 16802

Abstract

This paper describes sensor-based methodologies
for novel real-time quality control strategy in
manufacturing. Feasibility of the methodology
is demonstrated in two manufacturing processes:
turning and powder injection molding. In case of
turning, the process is monitored using force and
vibration sensors. The level of tool wear on the cut-
ting tool is estimated using the information from
these sensors. The quality of workpiece is main-
tained by adjusting the operating conditions and
cutting tool position to compensate for the undesir-
able effects of the progressive tool wear. In case of
powder injection molding, the product quality fac-
tors are obtained by visual inspection and process
states are abstracted from the sensor data. The
diagnostic knowledge is represented by a causality
network and solved by network conversion method
and abductive reasoning. The diagnostic solution
provides a set of alternative hypothesis of disorders
which explains the manifested quality factors and
process states.

1. Introduction

In traditional quality control, finished products are in-
spected to eliminate the defective products. Where
as in real-time quality control, corrective measures are
taken at the manufacturing stage to eliminate the de-
fects in the products. Figure 1 shows the steps in-
volved in the traditional and real-time quality control
approaches. As can be seen from the figure, real-time
quality control strategy minimizes product wastage and
improves product quality by adjusting the manufac-
turing process parameters on-line. However, to imple-
ment a real-time quality control strategy, on-line pro-
cess monitoring and diagnosis are necessary. The real-
time quality control strategy being developed in this
research involves the following steps:

1. Identify the set of process input, output and state
variables that have an influence on the product qual-
ity.

2. Employ suitable sensors or inspection methods to
monitor the measurable process output and state
variables.

3. Collect the sensor signals using suitable data acqui-
sition systems.

4. Select an appropriate sensor data representation and
feature extraction scheme.

5. Estimate the unmeasurable process states from sen-
sor information.

6. Employ suitable diagnostic reasoning procedures to
determine the causes for the deterioration of the
product quMity.

7. Employ suitable control schemes or corrective mea-
sures to maintain the required product quality.

In the above methodology, step 1 depends mostly on
the nature of the process and step 2 depend mostly on
the availability of robust and reliable sensors to monitor
the desired process output and states variables. Step 3
is fairly an easy task because data acquisition is a well
developed technology. This paper mainly concentrates
on steps 4, 5 and 6 and assumes that step 7 can readily
be implementable.

This paper describes process monitoring and diagno-
sis methods for real-time quality control in turning and
powder injection molding. In turning process, on-line
monitoring plays a dominant role whereas in powder
injection molding, on-line diagnosis plays a dominant
role in implementing a real-time quality control strat-
egy. In turning, on-line monitoring refers to sensing
process states that affect the quality of workpiece while
material removal process is in progress. In powder in-
jection molding, on-line diagnosis refers to the identifi-
cation of the possible process disorders that are respon-
sible for manifested process quality factors and process
states.
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Figure 1: Traditional and real-time quality control ap-
proaches

2. Real-Time Quality Control in
Turning

In turning, tool wear and tool condition are the main
factors that determine the quality of a workpiece. Tool
wear occurs as a gradual process or as a sudden chipping
or fracture. Gradual tool wear results in dimensional in-
accuracy and reduction in surface-finish quality of the
finished products. Sudden tool breakage may cause un-
desirable damage to the workpiece or even may scrap
the product. In turning, flank, nose and crater wear are
the common types of wear that affect the quality of a
workpiece.

2.1 Monitoring and Diagnosis in Turning

In turning, the quality of a workpiece is determined by
two factors: dimensional tolerances and surface finish
requirements. Both of these factors are affected by the
progressive tool wear. In order to take a corrective con-
trol action, on-line tool wear estimation is necessary.
The control scheme required to maintain workpiece di-
mensional tolerances and surface finish requirements is
referred to by Geometric Adaptive Control (GAC).

If tool wear is sensed on-line, a GAC strategy can

be implemented to maintain the required dimensional
accuracy and a consistent surface finish on a machined
part. To achieve good surface finish, turning is to be
accomplished at as high a cutting speed as possible.
Therefore, in most GAC systems cutting speed is set
constant and machining feed is adjusted to achieve the
desired surface quality.

In turning, the external diameter of a part increases
with the progressive flank and nose wear due to reduc-
tion in the effective tool length. In this case the di-
mensional precision is usually achieved by adding an
off-set distance to the cross-axis position on a lathe.
While cutting is in progress, it is desirable to avoid tool
fracture. Usually tool failure is caused by an excessive
amount of crater wear and by sensing the crater wear
level on-line, tool failure can be predicted.

The earlier approaches to on-line tool wear estimation
are based on analytical and empirical models or adap-
tive observers. However few of them are reliable and
suitable for practical machining conditions. The tool
wear monitoring methods based on analytical models
have not been effective because of the insufficient un-
derstanding of the physics of metal removal processes
underlying the analytical models. Adaptive observers
for on-line tool wear estimation are less effective be-
cause metal cutting is a complex process.

In this research, a method which uses multisensor
data fusion and neural networks for on-line tool wear
estimation is investigated. Multisensor data fusion pro-
vides the advantages of redundancy, complementari-
ness, and timeliness of information. On the other hand,
neural networks provide the correct tool wear estimates
by relating sensor data information with the tool wear
states. The proposed approach, unlike the earlier meth-
ods, eliminates the need for an analytical model relating
tool wear with sensor measurements. The main steps
in the current method are given below:

1. Use force and vibration signMs to monitor tool wear.
These process variables are selected because these are
effective in observing tool wear states and at the same
time are easy, practical, and cost effective to measure.

2. Represent the individual sensor signals by wavelet
transforms and use the resulting coefficients as the
signal features. Alternatively represent all sensor sig-
nals by multivariate Autoregression and Moving Av-
erage (ARMA) models and use the their coefficients
as the signal features. The later technique provides
both sensor data fusion and sensor data reduction of
the sample data.

3. Model the relationship between sensor data features
and flank wear by a neural network. Although flank,
nose and crater affect the quality of work piece, for
the sake demonstrating the method, only flank wear
estimation is considered in this paper.

The following sections describe the sensor data repre-
sentation schemes and neural networks used in the tool
wear estimation methods.
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Figure 2: Results of flank wear estimation

topology. In addition, these neural networks are de-
signed to learn more from the unsupervised training
data and depend less on supervised training data.

A RBF network implements a mapping f~o : Rn ---* R
according to the following equation.

N

S~(x) = ~o + ~ A,¢(llx - c~ll) (6)
i--1

where x E l=t n is the input vector, ¢(.) is a given func-
tion from R+ ---* R, [1" [[ denotes the Euclidean norm,
/~1,..., /~N are the RBF weights, c],..., cg E Rn, are
the RBF centers, and N is the number of RBF cen-
ters. In the present situation, x is a vector of feature
of sensor signals, fw is the mapping functions for flank
wear.

The performance of a I~BF network depends on
choosing the correct RBF centers ci that sample the

input space closely and uniformly. In this work a. Ko-
honen’s feature map is used to determine the natural
centers in the input space. A Kohonen’s feature map
is a neural network in which the nodes are specifically
tuned to various input patterns or classes of patterns
through self-organization. In this network, the inter-
nal representation of information is organized spatially
and the maps are formed adaptively through unsuper-
vised learning [Kohonen, 1990]. Once the RBF centers
c~: are fixed, the RBF weights Ai a.re determined by
Least Square estimation algorithm using a set of super-
vised training patterns. The supervised training time
required by a RBF network is much shorter compared
to that of a two-layer neural network trained by ba.ck-
propagation algorithm. In a RBF network, convergence
of weights is guaranteed unlike in a multilayer neural
network trained by backpropagation algorithm.
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2.2 Sensor Data Representation
Sensor data representation is a critical step for the ac-
curate and reliable process state estimation and diag-
nosis. A good data representation scheme filters the
noise associated with a signal, reduces the data size,
and precisely captures the contents of the signal. In
the present research two data representation schemes
are investigated: wavelet transforms and multivariate
ARMA models.

Wavelet Transforms: A wavelet transform of a
function f(x) is obtained through a combination of di-
lations and translations of a set of orthogonal wavelet
bases. A wavelet basis may be obtained from a self-
similar scaling function ¢(x) and a wavelet generator
¢(x). Wavelet transform performs a time-frequency do-
main analysis of a signal. The standard wavelet repre-
sentation of the original function f(x) L2(R) is
follows.

f(x) = a0,.¢,0(x - 2°-) - 2-in)
neZ J=0neZ

(1)
This transform may be thought of as a filtering op-

eration, in which the band width, center frequency,
and the sampling rate of ¢~j are twice those of ¢2J-’.
The discrete wavelet transform possesses low compu-
tational complexity, and simple computational struc-
ture. Algorithmically, the coefficients are calculated
from a quadratic mirror filter (QMF) implementation
[Mallat, 1989, Nason and Silverman, 1993].

The nonlinear nature of the functions ¢(x) and ¢(x)
lends wavelets to capture signals of arbitrary shapes.
Wavelets have the ability to zoom-in on discontinuities,
edges and singularities. The superior spatial localiza-
tion and scaling properties allow wavelets represent the
sensor signals precisely. Because of these reasons, in
this work, representation of sensor data using wavelet
transforms is investigated.

In this work, the time series data of cutting force,
feed force and vibration signals are the individually
represented by wavelet transforms. The coefficients
computed from individual signals are used as the com-
pressed representation or features of the respective sig-
nals. These signal features are presented to a neural
network to obtain the tool wear estimates.

Multivariate ARMA Models: In this approach, a
sensor signal is treated as an ordered sequence of obser-
vations. An univariate ARMA model relates a stochas-
tic input sequence to the output observations by linear
difference equations of past values of the signal and the
input.

Cp(B)zt = Oq (B)a, (2)
where Cp(B) = 1 - ¢1B ..... CpBV and 9q(B) 
1-81(B) ..... 8qBq. The at’s are independently identi-
cally and normally distributed random shocks (or white

noise) with zero mean and variance Or2; B is the back-
shift operator such that BZt = Z(t-1); and z, = Zt-T/
is the deviation of the observation Zt from some conve-
nient location ~/. Usually 7/is taken as the mean of the
series if the series is stationary [Tiao and Box, 1981]. In
this application, the output observations are the time
series data of the sensor signals.

The rational transfer function of the time series filters
can be obtained by taking z-transform of the appropri-
ate model. The power spectral density (PSD) can then
be calculated by evaluating the magnitude of the dis-
crete transfer function along the unit circle and assum-
ing that the driving process is a zero-mean white noise
process of known variance. Thus, specifying the model
parameters is equivalent to specifying the spectrum of
the process under study [Key and Marple, 1981]. When
the spectrum of a sensor signal changes, the coefficients
of the ARMA model of the signal which parameterize
the spectrum also change. Therefore model parameters
themselves can be used as features to classify signals.
The signals from the tools of different wear levels should
fall at different regions in the parameter space.

The Multivariate ARMA model (or MARMA model)
is an useful extension of the univariate ARMA model
and has the following general form:

~,p(B)zt Oq(B)at (a)

where
~p(B)zt = I - ~olB ..... ~ppBp (4)

Oq(B)at = 1 - O~B ..... OqBq (5)
are matrix polynomials in B, the ~o’s and O’s are k x k
matrices (k is the number of series), zt = Zt - ~/is the
vector of deviations from some origin y. If the series
is stationary, y is taken to be the mean of the series.
{at} with at = (air,..., akt)T is a sequence of random
shock vectors identically independently and normally
distributed with zero mean and covariance matrix k~
[Tiao and Box, 1981].

In this approach, time series data from cutting force,
feed force and vibration sensors are together repre-
sented by MARMA models. The model coefficients are
used as the sensor signal features. This technique pro-
vides both sensor data fusion and sensor data reduction
of the sensor data.

2.3 Radial Basis Function Networks

In this work, Radial Basis Function (RBF) networks
are used to model the relationship between the sensor
signal features and the tool wear.

A RBF network has two stages. The first stage con-
sists of network similar to a Kohonen’s feature map
and the second stage consists of a nonlinear association
similar to a radial basis function. This neural network
architecture is designed to guarantee the network con-
vergence, reduce the network training time, and elimi-
nate the empiricism in determining the neural network
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2.4 Results

Preliminary studies indicate that the present method-
ology has a good potential for tool wear estimation in
turning. Figure 2 shows the flank wear estimation re-
sults of for 120 input patterns. Figure 2a, 2b, 2c present
the results when cutting force, feed force, and vibration
signal are represented by wavelet transforms. Figure
2d gives the results when these three signals are rep-
resented by MARMA models. The results presented
in the figure are those obtained for the input patterns
used in training. However the flank wear estimation
results for the input patterns not used in training are
not good. This indicates that the RBF network is able
to learn the relationship between sensor data and flank
wear but the network is not able to generalize the re-
lationship to the input patterns not used in training.
One possible reason for this is that the training data is
scattered too sparsely in the input space. Good gener-
alization may be obtained by training a RBF network
with the data from a close grid in the input space.

With the possibility of on-line tool wear estimation, a
GAC system can be implemented to achieve the desired
workpiece dimensional tolerances and surface finish.

3. Real-Time Quality Control in Powder

Injection Molding

Powder Injection Molding (PIM) is a net shape man-
ufacturing process that adopts the advantages of plas-
tic injection molding in shape complexity and cost of
forming while retaining high structural performance of
metallic or ceramic materials. The PIM process typi-
cally involves several stages such as mixing, pelletizing,
injection molding, debinding, and sintering.

This process has great potential in future industry,
however its application is limited by quality assurance
problems. Although defects in products are sometimes
caused during debinding and sintering, they are found
to be affected by molding process conditions. This sec-
tion addresses the quality control problems mainly in
injection molding process.

There are three major functional modules in the su-
pervisory quality control system for a PIM process:
monitoring and data abstraction module, diagnostic
system, and process modeling and control module. Fig-
ure 3 shows the architecture and information flow of the
quality control system for a PIM process. The monitor-
ing and data abstraction module extracts the informa-
tion related to process manifestations: product qual-
ity factors and process states. The diagnostic system
determines the causes for deterioration of the product
quality factors manifested. The process modeling and
control module adjusts the process input variables ac-
cording to the corrective instructions provided by the
diagnostic system.

In the process monitoring stage, product quality fac-
tors can be detected visually or by an intelligent vision
system. In this work it is assumed that the quality fac-
tors are detected visually. The process states can be
extracted from the cavity and injection pressure pro-
files. Using these product-specific manifestations from
the process monitoring stage, the diagnostic system ex-
plains the causes of the product defects and suggests
corrective instructions to eliminate the defects in the
subsequent production. The control system takes into
account these corrective recommendation and accord-
ingly determines the process inputs. Since diagnostic
system plays an important role in implementing the
real-time quality control strategy in PIM, this research
focuses primarily on the development of a real-time di-
agnostic system.

3.1 Diagnostic Problem in PIM

A diagnostic problem consists of the domain specific di-
agnostic knowledge and the case specific manifestations.
The domain specific diagnostic knowledge, especially in
manufacturing domain, consists of the diagnostic enti-
ties describing quality factors (defects in a product),
process states, sources of disorder, and causal associa-
tions relating these entities. The case specific manifes-
tations are the diagnostic entities that are exhibited in
a product and a process as result of correct or disorderly
process inputs. In PIM process, 14 important quality

85



D1 D2 D3 D4 D5 D6 D7 D8 D9

Q1 Q2

DI0 Dll

Quality Factors
Q 1: Flash
Q2: Surface sink marks

Process States
* Injection Pressure Profile (Pi)
PI: High peak in transition region
P2: Initial packing pressure much higher than

final filling stage pressure
P3: High in filling region
P4: Normal
* Cavity Pressure Profile (Pc)
P5: Peak at pressure onset
P6: Pressure exists in filling region
P7: Pressure drop in final filling region
P8: Normal

* Pi vs. Pc
Pg: Pc follows Pi exactly
Pl0: Large difference between Pc and Pi after initial packing

Disorders
D 1: Misadjusted transition point
D2: Wrong transition dependence
D3: Low packing pressure after initial packing
D4: High initial packing pressure
DS: Short cavity packing times after initial packing
D6: Poor venting of die set
D7: Misseting of clamping pressure
D8: Wear or damage of die set
D9: High final injection speed
D10: Long initial packing time
D 11: High nozzle/barrel temperature profile

Figure 4: Simplified causality network for PIM process

factors have been identified. These quality factors are
found to be caused by 34 different types of disorders
and 22 characteristic patterns of cavity and injection
pressure profiles during a molding cycle [Hens, 1990].

3.2. Representation of Diagnostic Problem

In this research, the domain knowledge is represented
by a network called causality network. This network
has three layers. The nodes in the network represent
diagnostic entities and the arcs connecting the nodes
represent causal relations among the diagnostic entities.
The diagnostic entities for disorders, process states, and
quality factors are represented by nodes in the top, in-
termediate, and bottom layers respectively.

Figure 4 shows a simplified causality network for a
PIM process. This example network has only two qual-
ity factors: flash (Q1) and surface sink marks (Q2).
This network consists of 10 process states and 11 dis-
orders. The manifested process states are denoted by
filled in dark circles in the intermediate layer of the
network. As mentioned earlier, the quality factors are
obtained by visual inspection and the process states are
abstracted from injection and cavity pressure profiles.

The causality network in Figure 4 shows different
types of causal relations represented by the arcs con-
necting the nodes. A solid line with an arrow represents
a simple causation. For example, the line connecting
the nodes D1 and D2 indicates "D1 causes PI." The
solid lines (without arrows) joining into an AND junc-
tion represent a conjunctive relation. This conjunctive
relation can be used as a cause to some effects or as a
precondition to the other causal relations. If a causal
relation has some preconditions to be satisfied, the diag-
nostic entities for causes and the effects are connected
to a dummy node by directed dashed lines. Such a
dummy node is denoted by a filled circle in the causal-
ity network. The dashed line directed into a dummy
node gives the precondition to the causal relation. As
an example Figure 4 shows the conditional causation
"D3 causes Q2 if the process manifests P4 and P8."

3.3 Diagnostic Strategy

When a PIM process manifests some undesirable qual-
ity factors and process states during a molding cycle,
the following diagnosis strategy is used to determine the
possible process disorder responsible for the undesirable
process manifestations.

1. Start the diagnosis procedure with the causality net-
work which represents the domain specific diagnostic
knowledge.

2. Simplify the causality network into a bipartite net-
work using the process manifestations.

3. Apply abductive reasoning algebra to the bipartite
network and generate hypothetical explanations to
the manifestations.
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4. Apply deductive verification procedure to the hypo-
thetical explanations and screen out the valid hy-
potheses from the invalid ones.

To simplify the causality network into a bipartite net-
work, a network conversion technique is developed. The
bipartite network is a two layered network in which all
nodes are related by simple causations. The network
conversion technique involves four steps: elimination
of the irrelevant and non-existing entities, conditional
activation, resolution of conjunctive nodes, and appli-
cation of the transitivity property. After converting the
original causality network into a bipartite network, the
nodes in intermediate layer and the dummy nodes are
ignored and various types of causal relations explained
in the previous section are replaced by simple causa-
tions. Figure 5 shows the bipartite network obtained
from the causality network given in Figure 4.

Abductive reasoning algebra with irredundancy
parsimonious criterion is applied to the bipar-
tite network to obtain hypothetical explanations to
the quality factors and process states manifested
[Peng and Reggia, 1990]. The abductive reasoning is
a bottom-up approach in the causality network, and is
not a legal inference. Therefore, some invalid hypothe-
ses may be derived from the abductive reasoning. These
invalid hypotheses are filtered out from the valid ones
by top-down verification using the deductive reasoning
which is a legal inference.

The final solution to a diagnostic problem consists of
alternative hypotheses which explain the process man-
ifestations that triggered the diagnosis procedure. A
hypothesis typically consists of the diagnostic entities
representing disorders. The solution to the diagnostic
problem shown in Figure 4 resulted in two hypotheses.
These hypotheses are listed in Table 1.

4. Conclusions

This paper investigates a sensor based method for real-
time quality control in manufacturing processes. The
feasibility of the methodology is studied in turning and
powder injection molding. This investigation reveals
that on-line monitoring and diagnosis are indispensible

Hypothesis I Dll: High nozzle~barrel temperature profile

Hypothesis II D4: High initial packing pressure

AND
D10: Long initial packing time

Table 1: Solution to the diagnostic problem

for implementing real-time quality control strategies.
This investigation also indicates that it is necessary to
apply artificial intelligent methods, vision systems, and
neural networks to implement on-line monitoring and
diagnosis in manufacturing processes.
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