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Abstract It is especially significant for a manufacturing company to select a proper maintenance
policy because maintenance impacts not only on economy, reliability and availability but also on
personnel safety. This article reports on research in the backlash error data interpretation and
compensation for intelligent predictive maintenance in machine centers based on Artificial Neural
Networks. The backlash error, measurement system and prediction methods are analyzed in detail
in this paper. The result indicates that it is possible to predict and compensate for the backlash error
in both forward and backward directions in machine centers.
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1 Introduction

Monitoring, modelling and controlling backlash error of mechanical systems is a topic that has been
well studied by many researchers [1-4]. The motivation of this topic is due to the fact that the
nonlinearities of backlash errors limit the performance of speed and position loop in industrial
motion system [5]. With the fast development of modern manufacturing technology, not only the
compensation but also the prediction of backlash error is a high priority for industries.

Many compensation methods have been proposed to mitigate the adverse effects caused by
backlash that occurs when the direction is changed. These methods can be classified into
mechanical-based compensation and control-based compensation. Although mechanical-based
methods can eliminate the nonlinear effects of backlash, the energy consumption, cost and the
overall weight of the system are generally increased [6].

The control-based methods compensate the backlash nonlinearity through designing an
appropriate control algorithm. For the backlash model with unknown parameters, the inverse model
is widely used to handle backlash, since an inverse model can eliminate the nonlinearity of backlash
by estimating the parameters online. However, the effectiveness of an inverse model largely depends
on the accuracy of the backlash model. Without accurate prediction, it may not be possible to get
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satisfactory compensation [7].

In order to solve the compensation problem, this paper predicts backlash error using Artificial
Neural Networks (ANN) for implementing a predictive maintenance (PdM) strategy in machine
centers. The aim of predictive maintenance is to predict when an equipment failure might occur, and
to prevent occurrence of the failures by performing required maintenance. The task of monitoring
for future failure allows maintenance to be planned before the failure occurs. Ideally, predictive
maintenance reduces the maintenance frequency to a lowest possible state, in order to eliminate
unplanned reactive maintenance, such as corrective or preventive maintenance, without incurring
costs associated with doing too much preventative maintenance.

Predicting failure can be done with many techniques. The chosen technique must be effective at
predicting failure and also provide sufficient warning time. The techniques may include vibration
analysis, oil analysis, thermal imaging, and equipment observation (visualized or audible). Choosing
the correct technique for performing condition monitoring is an important consideration that is done
in consultation with equipment manufacturers and/or condition monitoring experts.

When predictive maintenance is working effectively, maintenance is only performed on
machines just before failure is likely to occur. This minimizes the operational and resource cost
such as the time the equipment is being maintained, the production hours lost to maintenance, and
the cost of spare parts and supplies.

The remaining part of the paper is organized as the following: Section 2 briefly presents the
classification of maintenance strategy and explains why predictive maintenance strategy strategy is
so important for industries. Section 3 discusses the role and definition of backlash error in machine
centers. Section 4 and Section 5 present a measurement system for backlash error detection and a
method to calculate the backlash error, respectively. Section 6 describes the process of predicting
backlash error based on Artificial Neural Networks. Conclusions and future work are summarized
in the last section of this paper.

2 Predictive Maintenance Strategy

Progress in maintenance strategy benefits from a long historical development. According tot he
European Standard, Maintenance is defined as the combination of all technical, administrative and
managerial actions during the life cycle of an item intended to retain it in, or restore it to, a state in
which it can perform the required function [8].

2.1 Classification
Fig. 1 shows the classification of Maintenance strategy divided into three classes as follows:

*  Corrective Maintenance (CM),
*  Preventive Maintenance (PM), and
*  Predictive Maintenance (PdM).

Corrective maintenance is similar to repair work, which is undertaken after occurrence of an obvious
failure or a breakdown. Preventive maintenance is carried out at predetermined intervals or
according to pre-described criteria with the intention to reduce the probability of failure or the
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degradation of the function of a component. These two strategies are very well known in most
industries. Recently, the concept of predictive maintenance strategy has attracted more attention as

discussed in the next section [9].
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Fig. 1 Classification of maintenance strategies

2.2 Predictive Maintenance (PdM)

One of the most popular and modern maintenance policies is Predictive Maintenance (PdM), which
is also known as condition-based maintenance [10]. PAM measures parameters in the condition of
equipment in order to carry out the appropriate tasks to optimize the service life of machines and
processes without increasing the risk of failure [11]. Based on the approaches of measuring the
symptom of failures, there are two groups of predictive maintenance; Statistical-based predictive
maintenance and Condition-based predictive maintenance.

Comparing with other maintenance strategies, PAM has some advantages:

*  Equipment that requires maintenance is shut down only before imminent failure.
*  Reducing the total time spent maintaining equipment.

*  Reducing maintenance costs by avoiding catastrophic damage.

*  Increasing availability and reliability of machines.

+  Extending life of equipment and processes.

Some disadvantages of PdM are as follows:

*  The cost of the equipment needed for condition monitoring is often high.

*  The skill level and experience required to accurately interpret condition monitoring data is
also high.

*  Combined, these can mean that condition monitoring has a high upfront cost. Some
companies engage condition monitoring contractors to minimize the upfront costs of a condition
monitoring program.
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Not all equipment have failures that may be more cost-effectively maintained using preventative
maintenance or a run-to-failure maintenance strategy. Judgment should be exercised when deciding
if PdM is best for a particular machine. Techniques such as Reliability Centered Maintenance (RCM)
provide a systematic method for determining if PAM is a good choice as a maintenance strategy for
the particular machine of interest.

When implementing PdM strategy, several key techniques including, sensors and signal
processing techniques, feature extraction techniques, fault diagnosis and prognosis techniques and
maintenance optimization techniques should be taken into account.

In the backlash error compensation system, predictive maintenance is used primarily to predict
the backlash error and make compensation according to the estimation. The objectives of the
research and backlash error in machine centers is discussed in detail in the following section.

3 Backlash error in machine centers

3.1 Machine center

Vertical machine centers are high-precision machines often used for tight-tolerance milling and
meeting the most exacting production needs, such as fine die and mould work. Generally, a vertical
machine center includes multiple sub-systems that need to be monitored, as shown in Figure 2,
including Server motor system, Ball screw system, Guide system, Spindle system, Tool magazine,
Hydraulic system, Cooling system and Lubrication system, respectively [12]. Typical monitoring
tasks include machine measurement system monitoring, vibration analysis, oil analysis, cutting fluid
analysis and energy consumption analysis.
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Fig. 2 Components of a machine center
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This paper focuses on machine measurement system which monitors, detects and predicts
machine failures. The machine condition can be acquired through monitoring the difference between
normal and abnormal of the measurement systems, e.g. compensations can be made according to the
monitoring to achieve higher precise. A systematic error correction and compensation in machine
centers is important to enhance the manufacturing accuracy [13]. And backlash compensation is one
of the most important part of the system.

3.2 Backlash error

In mechanical engineering, backlash, sometimes called lash or play, is clearance or lost motion in a
mechanism caused by gaps between the parts. It can be defined as "the maximum distance or angle
through which any part of a mechanical system may be moved in one direction without applying
appreciable force or motion to the next part in mechanical sequence" [14].

Backlash error can be computed by different methods, which are either time-costly (laser
interferometer) or only yield the maximum value computed. The effects of backlash error on
machine accuracy are not discussed in detail in the literature [15]. This paper focuses on the effects
of the backlash on the position accuracy of the machine centers and the backlash error in the
production process.

As shown in Figure. 3, in the ball bearing there is a small gap between the ballscrew and the
table (ball nut). When the direction is reversed, the ball nut does not move until the gap is taken up
in the opposite direction [16]. The distance the screw has to travel until the table moves is called the
backlash error. The error is not only occurring in the ball nut, since the gearbox and motor have the
same mechanical clearance when the direction of motion is reversed. In general, all loosely
connected elements in the driving mechanism can influence the backlash error of the system.

Table

g ; s
\ |,

Backlash

Ball Screw

Fig. 3 Backlash error between the table and ballscrew

The backlash error varies at different axis positions and depends on the moving direction of the
ballscrew. The error affects the contouring accuracy and increases over time due to wear in the
machine center. It is therefore important to monitor, model, predict and compensate the backlash
error for maintaining the desired level of accuracy of the machine center [17]. The backlash
calculation formulation can be described as
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BE[t] = S[s*] = S[t"], 1)

t=T[s"], ()

where t is the axis position, BE[t] means the backlash in t axis position, s* is the spot that
screw start to move, t* is the spot that table begin to move, S[s*] and S[t*] means the
displacement of screw in spot s* and t* respectvely, and T[s*] means the displacement of table
in spot s*.

4 Measurement system for backlash error

In order to measure the backlash error in a machine, the system requires two displacement
measurements, the linear displacement of the ballscrew and the linear displacement of the ball nut.
The linear displacement of the ballscrew is measured by the rotation angle of the ballscrew with a
rotary encoder in the motor and by converting the angle signal to linear displacement. To measure
the displacement of the ball nut, a calibrated laser interferometer or linear scale encoder is normally
used. These two measuring devices use laser-wavelength and optical grating along the axis to
measure the displacement of the ball nut with a high accuracy.

The setup for measuring the backlash error is shown in Figure. 4. The rotary encoder measures
the indirect position of the table, while the direct position of the table is measured by the linear scale.
Backlash error is measured by calculating the difference between the rotary encoder x1 and the linear
scale x2, when the motion of the table is reversed.

| Rotary
i - ] 5 L cear Encoder
| [/ A Spindle | / Moto
& box
Guidews Coupler
:':] Ii

%y Axis position s2en from rotary encoder
%, Axis position from linear scale which measures the axis moving part directly

Fig. 4 Setup of backlash measurement
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A selection of 25 target positions in forward and backward direction respectively was measured in
the test cycle, as show in Figure. 5.
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Fig. 5 Linear scale and rotary encoder displacement results

A closer look at the displacement plot in Figure. 6 indicates the possible target positions where the
backlash error can be detected. Between 2820 and 2850 NC samples, the displacement moves
forward to a target position. And at around 2930 NC samples, the displacement begins to move in
the backward direction. Then a backlash error of backward direction in -1410 mm axis position
occurs. Similarly, the next target point is in forward direction in -1415 mm axis position, which
occurs approximately at 3050 NC samples. But at 3130 NC samples, since the displacement moves
in the same direction (forward), there is no backlash error in the area.
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Fig. 6 Displacement between 2800 and 3200 NC samples
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5 Backlash calculation

In order to acquire the accurate values in both forward and backward direction, the velocity required
to be analyzed, as shown in Figure 7.

Table Velovity
Screw Velocity

Displacement Velocity (mm/NC samples)

| | | | | | |
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
NC samples {1NC=6ms)

Fig. 7 Displacement velocity of screw and table

A closer look at the velocity plot in Figure 8 indicates that the screw starts moving at 2931 NC
samples while the table begins moving at 2933 NC samples. According to the definition of backlash,
the distance between 2931 NC samples and 2933 NC samples in the displacement of screw is the
backward backlash in -1410 mm axis position.
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Table Velovity
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Fig. 8 Displacement velocity between 2922 and 2934 NC samples

Then we can acquire the backlash error in both backward and forward direction, as shown in
Figure 9. In the figure, we can find the fluctuation of the backlash error in the same direction is
within 1 um.
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Fig. 9 Backlash error in backward and forward direction
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6 Backlash Predictionn

6.1 ANN model of backlash error

Artificial Neuron Networks (ANNs), inspired by biological neural networks (the central nervous
systems of animals, in particular the brain) and used to estimate or approximate functions that can
depend on a large number of inputs, are generally unknown [18].

In order to predict the nonlinear backlash error, the Back-propagation (BP) ANN was used.
Back-propagation (BP) is a learning method or a strategy for training the Artificial Neural Network.
The Standard Back-propagation (SBP) ANN is a standard supervised ANN. It is a kind of data-
driven model, which can train the ANN model by the use of history data. SBP ANNs are used to
generate models of systems, especially when the analytic approach is difficult to implemented.. As
shown in Figure 10, the model generally has the architecture of one input and output layer,
respectively, and at least one hidden layer, which are fully connected. The forward phase is the
process evaluating the outputs according to inputs while the backward phase compares the outputs
calculated in the forward phase with the target outputs and adjusts the weight of each link [19].

Backward phase

Hidden Layer

Target Values

X1 T1

X2 T2

Tk

\ 4

Forward phase

Fig. 10 Back-propagation neural network with a single hidden layer

As shown in Figure 11, the backlash error prediction process includes a training process and
prediction process. The neural network was trained in the training process, and the backlash can be
predicted in the prediction process.
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Fig. 11 Backlash error prediction process

6.2 Experiment results

As shown in Figure 12 and Figure 13, the backward and forward backlash error were trained in SBP.
The learning process can be divided into a training process and testing process. In the training
process, 70% of the experiment data was used to train and adjust the network according to the error
between the target and output values. In the testing process, the remaining 30% data was divided
into two groups: validation data and testing data. The validation data, which 1s 15% is used to
estimate the condition of the network’s generalization, which means the training will be halted if the
generalization stops improving. And the testing data has no effect on the training process, so an
independent assessment can be made according to the testing results.
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Fig. 12 Backward backlash error training results
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Forward backlash error training results

After the models have been developed, the backlash error then can be compensated. The whole
procedure can be divided into three stages: backlash error calibration, backlash error modeling and
training, and compensation. The error compensation is composed of the following steps:

(1) Collecting the backlash error on nominal position of the axis at given position.
(2) Training the prediction model.
(3) Calculating the errors between the commanded position and real position.

(4) Send the compensation value to the machine centers to shift the origins of the slide axis to
implement the error compensation.

The results of the position accuracy after backlash error compensation are as shown in Figure
14 and Figure 15. According to the results, we can find that displacement error caused by backlash
was in approximately 0.2 pm after compensation in both backward and forward directions.
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Fig. 14 Backward backlash error compensation results
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Fig. 15 Forward backlash error compensation results

7 Conclusions

The predictive maintenance strategy will play a very important role in future maintenance activities.
This paper reports on research in the extraction and prediction of backlash error to realize the
predictive maintenance in machine centers. We presented a method to analyze and measure the
backlash error according to its mechanical characteristics. Finally, by using ANN model as the
prediction model, the displacement error caused by backlash was in approximately 0.2 um after
compensation in both backward and forward directions. Further research can be done as the
following:

(1) The backlash error extracted in this paper still contains the mechanical error in the system, since
there remains a little retard between the motion of screw and table even though no backlash exists.
So future work may focus on the error separation.

(2) The backlash error researched in this paper is considered stable in the experiment, which means
the prediction of backlash error is assumed independent from the time. Further research will focus
on the effect of time factor.
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