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Abstract. An improved grey model (GM) for predicting free-form surface machining errors was established to
address the low measuring efficiencies of coordinate measuring machines (CMMs) and the low prediction
accuracy of the GM(1,1) model. A number of points on a free-form surface are measured with a CMM, and
machining errors are obtained. Ideas from metabolic methods and the GM(1,N) prediction model were
combined. To reduce the impact of random fluctuations of the machining errors, a Markov prediction model was
then used to correct the fitted results for the residuals and obtain the predicted results of the machining errors for
free-form surfaces, thus improving the prediction accuracy of the model. The predicted results of the metabolic
GM(1,1) and metabolic GM(1,N) models were then compared. The experimental results showed that the
combination ofmetabolic theory, a greymodel, andMarkov theory effectively improved the prediction accuracy.
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1 Introduction

Coordinate measuring technology is widely applied in
industrial production [1]. A coordinate measuring machine
(CMM) can accurately obtain information about the
machining errors at various points on a work piece surface.
Free-form parts are generally measured using high-
precision CMMs. Measurement accuracy is usually im-
proved by increasing the number of measuring points,
which is both time consuming and laborious [2].
A machining error prediction model can predict machining
errors at any location on the surface of a free-form work
piece from machining error information at a limited
number of measurement points to obtain richer machining
error information. When the prediction errors are suffi-
ciently small, the prediction model can replace the CMM to
obtain information about the machining errors at unmea-
sured points, thus improving the inspection efficiency.

Tomake an effective prediction of machining errors in a
free-form part [3], a machining error prediction model must
first be developed. Thus, it is crucial to seek an efficient,
simple, and highly accurate modeling method for machin-
ing error prediction. Scholars around the world have
conducted considerable research on error prediction,
mainly based on grey system theory, artificial neural
network theory, and other methods. Accurate prediction of
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machining errors helps shorten the production cycle time,
reduce product scrap rates, and improve the effectiveness
of error compensation [4–6].

Some scholars have chosen single prediction models for
the prediction of machining errors and optimized the
models using other mathematical methods. Qi et al. [7]
established a mathematical model for the dynamic
distribution of dimensional errors in the bearing grinding
process based on the characteristics of mechanical
machining errors using grey system theory. Analysis and
prediction of the dynamic distribution of current and
future machining errors were conducted based on the
model. The experimental results showed that the accuracy
of the model was high and the predicted values matched
well with the measured values. Sun et al. [8] proposed a
machining error prediction model for thin-walled parts and
obtained data through simulations and experiments.
Compared with the mechanism model or data-driven
model, the experimental results showed that the proposed
model has higher efficiency and accuracy. Wang [9] used a
neural network model for the prediction of machining
errors. Huang et al. [10] used a simulated annealing
algorithm to optimize a back propagation neural network
to effectively predict machining errors on free-form
surfaces. Wu et al. [11] proposed a gear machining error
prediction method based on a parameter significance
estimation and probability regression, which was experi-
mentally verified to be superior to other algorithms in
predicting gear inspection accuracy. Manikandan et al. [12]
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developed a geometric error prediction model using process
geometry variables, such as the actual feed per revolution,
as reference factors. The model enabled more effective
prediction and control of geometric errors in unmachined
conditions. Yang et al. [13] studied the background values
of the grey model (GM) and proposed an optimization
method based on three-parameter background values,
which could effectively improve the smoothing effect of the
background values and weaken the influence of extreme
data on the performances of grey models.

Single forecasting models are often inadequate, and
many scholars have sought to improve the forecasting
accuracy by combining forecasting models. Shen et al. [14]
combined a grey model and a neural network model,
invoking a particle swarm algorithm to optimize a grey
neural network prediction model. Li et al. [15] established a
dynamic analysis model by optimizing a grey model
through a Taylor approximation and a Markov prediction
model and verified the validity of the prediction model
through experiments. Zhou et al. [16] proposed a model for
predicting machining errors by combining a metabolic grey
model and a non-linear autoregressive neural network for
the dynamic and non-linear characteristics of machine tool
spindle machining errors. The results showed that the
combined model had high accuracy, speed, and robustness,
it outperformed the individual models, and it could be
applied for the prediction of other complex machining
errors. Zhao et al. [17] implemented a GM(1,1) model for
the replacement of old and new information in the
prediction process and combined it with Markov chains
to correct the prediction results. The method is more
suitable for long-term forecasting with a large volume of
data and a wide range of fluctuations, which can effectively
compensate for the shortcomings of the grey model and
improve the feasibility of the forecast values. Yang et al.
[18] analyzed the characteristics and shortcomings of the
traditional grey model, combined with the advantages of
Markov chain theory, which is suitable for dealing with
processes with large random fluctuations, and proposed a
weighted Markov combined prediction model based on the
dimensional prediction of the external turning process. Zou
et al. [19] used a GM(1,1) model in grey system theory to
model the predicted relative errors of 12 holes drilled and
reamed consecutively and used Markov theory to classify
the predictions into states and correct the results. The
results of this study demonstrated that it is feasible to use a
combination of grey models and Markov chain theory for
the prediction of processing errors.

Lu et al. [20] analyzed the relevant factors affecting the
passenger volume of urban rail transport and proposed a
combined forecasting model by integrating the ideas of a
GM(1,N) forecasting model, Markov theory, and three
metabolic methods. Fung et al. [21] optimized two different
prediction models using recursive extended least squares
(RELS) and neural network methods, and the results
showed that the combined prediction model was more
effective. Teng et al. [22] combinedmetabolic theory, a grey
model, and Markov theory to construct a dynamic online
public opinion crisis prediction model with a metabolic GM
(1,N) Markov model. Wang et al. [23] constructed a grey
incremental model and a grey combined prediction model
based on the GM(1,1) model principle and used the least
squares method to solve for the optimal weight coefficients
of the grey combined prediction model.

In summary, although many research results have
improved and applied grey models more prominently, the
cross-fusion application research using metabolic theory,
grey models, and Markov theory at the same time has not
yet been completed. In particular, the application of these
fusion methods for free-form surface machining error
prediction needs to be studied in depth. Therefore, this
article proposes a method for predicting free-form
machining errors based on a metabolic grey Markov model.

2 Development of metabolic GM(1,N)
Markov model

2.1 Modeling ideas

Based on the prediction results of the GM(1,N) model, this
study combines the ideas of three approaches: grey theory,
Markov theory, and metabolic methods. A new free-form
surfaces machining error prediction model is proposed
called the metabolic GM(1,N) Markov model. The
modeling steps are as follows.

Step 1. Obtain the original data series
X

ð0Þ
i ¼ ½xð0Þ

i ð1Þ;xð0Þ
i ð2Þ; : : : ;xð0Þ

i ðnÞ�; i ¼ 1; 2; . . . , N. Ini-
tialize the raw data and process it non-negatively.

Step 2. Determine the best predictive dimension N for
the selected series.

Step 3. Establish the GM(1,N) model for prediction.
Step 4. Calculate the residuals. Calculate the degree of

deviation from the actual values.
Step 5. Perform state partitioning and build a state

transfer probability matrix, use aMarkov prediction model
for residual correction, and then refit the data.

Step 6. Use the new fitted data to optimize the model to
obtain new predicted values.

Step 7. Use metabolic ideas for the replacement of old
and new values to obtain the final prediction.

The overall modeling process is shown in Figure 1.
2.2 GM(1,N) model

Grey theory was proposed by Professor Deng Julong in
1982, and grey prediction models are core elements of grey
theory. The grey model GM(1,N) transforms the original
data into a series with regular variation, weakening the
randomness of the original data, and the constructed first-
order linear differential equation is solved by cumulative
reduction to find the predicted value of the original data
series. The modelling process of the GM(1,N) model is
shown in Figure 2, and the steps are as follows.

The system has N sequences of data containing n
elements:

X
ð0Þ
i ¼ x

ð0Þ
i ð1Þ;xð0Þ

i ð2Þ; : : : ;xð0Þ
i ðnÞ

h i
; i

¼ 1; 2; : : : ;N: ð1Þ



Fig. 1. Modeling process for the metabolic GM(1,N) Markov model.

Fig. 2. Modeling process for the GM(1,N) model.
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An accumulation on X
ð0Þ
i is performed, and the one-

time accumulated generating series is

X
ð1Þ
i ¼ x

ð1Þ
i ð1Þ;xð1Þ

i ð2Þ; : : : ;xð1Þ
i ðnÞ

h i
; i

¼ 1; 2; : : : ;N; ð2Þ

where

xð1ÞðkÞ ¼
Xk
i¼1

xð0ÞðiÞ; k ¼ 1; 2; : : : ;N: ð3Þ

The background value Z(1)(k) is defined as follows:

Zð1ÞðkÞ ¼ 1

2
½xð1ÞðkÞ þ xð1Þðk� 1Þ�; k ¼ 2; 3; : : : ;N: ð4Þ

Finally, the GM(1,N) grey differential equation forXð1Þ
i

is constructed:

X
ð0Þ
1 ðkÞ þ aZ

ð0Þ
1 ðkÞ ¼

XN
i¼2

biX
ð0Þ
i ðkÞ: ð5Þ

The GM(1,N) whitening differential equation is

dX
ð1Þ
1

dt
þ aX

ð1Þ
1 ¼ b2X

ð1Þ
2 þ b3X

ð1Þ
3 þ : : : þ bNX

ð1Þ
N ; ð6Þ

where a,b1,b2,...,bN are parameters.



Fig. 3. Schematic diagram of the metabolic model.
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The series Y n ¼ x
ð0Þ
i ð1Þ;xð0Þ

i ð2Þ; : : : ;xð0Þ
i ðnÞ

h i
Tand the

parametric series â ¼ ða;b1;b2; : : : ;bNÞT are defined.
Then,

Y n ¼ Bba: ð7Þ

From this it can be determined that

ba ¼ ðBTBÞ�1BTY ; ð8Þ
�zð1Þð2Þ x

ð1Þ
2 ð2Þ ⋯ x

ð1Þ
N ð2Þ

�zð1Þð3Þ x
ð1Þð3Þ ⋯ x

ð1Þð3Þ

266
377
where B ¼ 2 N

..

. ..
. ..

. ..
.

�zð1ÞðnÞ x
ð1Þ
2 ðnÞ ⋯ x

ð1Þ
N ðnÞ

664 775.

Parameter â is substituted into equation (3), yielding

bx1ð1Þðkþ 1Þ ¼ x
ð0Þ
1 ð1Þ � 1

a

XN
i¼2

bix
ð1Þ
i ðkþ 1Þ

" #
e�ak

þ 1

a

XN
i¼2

bix
ð1Þ
i ðkþ 1Þ; ð9Þ

Where a and bi are parameters.
The solution obtained by equation (9) is the predicted

value of the original cumulative series, so the predicted
value of the original series under the GM(1,N) model needs
to be obtained by cumulative reduction:

bx1
ð0ÞðkÞ ¼ bx1

ð1ÞðkÞ � bx1
ð1Þðk� 1Þ: ð10Þ
bx1
ð0ÞðkÞ is the predicted value of the original series under

the GM(1,N) prediction model:

e0ðkÞ ¼ x
ð1Þ
1 ðkÞ � bx1

ð1ÞðkÞ: ð11Þ
Note that the original residuals generated are e0= (e1,

e2, . . . , en), where e
0 is the sequence of residuals fromX

ð0Þ
1 .

The residual series are used to build a GM(1,N) model and
find its parameters P= [ae, be]

T, The simulated value of
eb0ðkþ1) is calculated according to equation (11):

be0ðkþ 1Þ ¼ ð�aeÞ e0ðk0Þ � be

ae

� �
e�aeðk�k0Þ; ð12Þ

where ae and be are parameters. Then, equation (9) can be
corrected to

bx1
ð1Þðkþ 1Þ ¼

x
ð0Þ
1 ð1Þ � 1

a

XN
i¼2

bix
ð1Þ
i ðkþ 1Þ

" #
e�akþ

1

a

XN
i¼2

bix
ð1Þ
i ðkþ 1Þ; k < k0

x
ð0Þ
1 ð1Þ � 1

a

XN
i¼2

bix
ð1Þ
i ðkþ 1Þ

" #
e�akþ

1

a

XN
i¼2

bix
ð1Þ
i ðkþ 1Þ�þ be0ðkþ 1Þ; k > k0:

8>>>>>>>>>>>>>><>>>>>>>>>>>>>>:

ð13Þ



Fig. 4. Prediction process for Markov model.
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2.3 Metabolic GM(1,N) model

WhenusingtheGM(1,N) forecastingmodel, thedatasource is
fixed and the model is unable to provide up-to-date data for
the data used in the forecasts. Using such a fixed data source
for forecasting more distant data is bound to produce large
errors in the forecasts, whereas the metabolic idea can
incorporate the latest forecasts already produced into the
model. Therefore, the idea of metabolism is incorporated in
this studybyaddingthepredicteddataascurrent information
when predicting the value of the n+2 location points
and then removing the information from the earliest data.
The process is as follows. The original data series
X

ð0Þ
i ¼ ½xð0Þ

i ð1Þ;xð0Þ
i ð2Þ; : : : ;xð0Þ

i ðnÞ�; i ¼ 1; 2; : : : ;N is
added to the predicted data Y(n+1) as a new data
source, and then the earliest data x

ð0Þ
i ð1Þ is removed. As

a result, a new data series Xð0Þ
i ¼ ½xð0Þ

i ð2Þ;xð0Þ
i ð3Þ; : : : ;xð0Þ

iðnÞ;Y ðnþ 1Þ�; i ¼ 1; 2; : : : ;N can be obtained, which,
using this data series, enables the data to be kept up to date.
The schematic diagram of the metabolic model is shown in
Figure 3.

2.4 Metabolic GM(1,N) Markov model

The GM(1,N) model is generally used for forms where the
variation in the original series has an exponential pattern
and where the dynamic fluctuations in the surface
machining errors can produce large errors in the prediction
results. Therefore, based on the prediction situation of the
GM(1,N) model and the characteristics of the fluctuations
in the free-form surface processing errors, Markov theory
was used to classify the prediction results into states, and a
Markov model was used to make a quadratic correction to
the GM(1,N) prediction results in order to make up for the
limitations of the GM(1,N) model and improve the
prediction accuracy. The modelling process of the model
is shown in Figure 4 and the specific modelling steps are as
follows.

(1) Division of state intervals
The Markov model state partitioning method based on

the GM(1,N) model is based on the relative error
distribution of the prediction results of the GM(1,N)
model, resulting in a corresponding scatter plot and a
number of lines parallel to the x-axis. The area between
each pair of adjacent parallel lines can be regarded as a
state, denoted as state Ei.

The number of state intervals depends in general on the
size of the original data set. As the total number of state
transfers is smaller when the volume of raw data is smaller,
the number of states should be smaller in order to reflect
the transfer of raw data between states more objectively. In
contrast, when the volume of the original data is larger, the
number of states should be divided into a larger number to
extract more information from the state transfer probabil-
ity matrix to improve the prediction accuracy.

(2) State transfer probability matrix
The number of transfers from state Ei to state Ej is ni!j

and the number of transfers from stateEj to another state is
Ni. The state transfer probability of transferring from state
Ei to state Ej is

Pi!j ¼
ni ! j

Ni
;Ni > 0:

0; ⋅Ni ¼ 0

(
ð14Þ

According to equation (14), the state transfer proba-
bility matrix can be calculated as

P ¼
P 11 P 12 : : : P 1n

P 21 P 22 : : : P 21

..

. ..
.

: : : ..
.

Pn1 Pn1 : : : Pnn

26664
37775; ð15Þ

where Pn1+Pn2+Pn3+ . . . +Pnn=1, 0�Pnn� 1, i,
j=0, 1,2, . . . , n.

(3) Calculation of predicted values
After establishing the state transfer probability matrix

P, let the object be in stateEi at moment n. If the kth row in
P satisfies max Pij=Pkl, then it is considered that moment
n+1 is most likely to be transferred from state Ei to state
Ej. Thus, the interval of change [E1i, E2i] of the predicted
value is also determined, and the median of this interval



Fig. 5. Variation of prediction accuracy of metabolic GM(1,N)
model with different values of dimension N.
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can be taken as the predicted value at moment n+1:

byðnþ 1Þ ¼ 1

2
ðE1i;E2iÞ: ð16Þ

(4) Error checking
The relative error is calculated as follows:

De ¼ jeðnÞj
xð0ÞðnÞ : ð17Þ

After completing the modeling of the Markov model,
the metabolic model, the GM(1,N) model, and the Markov
model were combined to construct the metabolic GM(1,N)
Markov dynamic model.
3 Determination of the optimal dimensions
of the model

From the modeling process of the metabolic model, it was
found that the model dimension N was one of the main
factors affecting the prediction accuracy of the metabolic
model. The determination of the modeling data length
(model dimension N) is very important in the metabolic
modeling process, and different model dimensions N had
different effects on the prediction accuracy. When the
model dimension was small, the prediction accuracy of the
model was low. As the number of dimensions of the model
increased, the prediction accuracy of the model gradually
improved. However, further increasing the number of
dimensions did not improve the accuracy of the model, but
tended to decrease it. There is currently no better way of
determining the optimal model dimensionality. In this
study, experimental calculations were performed on sample
data with lengths between 5 and 15, and the mean absolute
errors of the residuals of the prediction model were
compared to determine the size of the selected dimension.
The variation in the prediction accuracy of the metabolic
model for different dimensions N is shown in Figure 5. For
this artefact model, when N was 9, the absolute mean error
was minimized, and the highest model accuracy prediction
precision was achieved.

The prediction accuracy of Metabolic GM(1,N)
Markov model was evaluated using three sets of data
when different dimensions are taken. In this paper, the
mean absolute percentage error was chosen to illustrate
the prediction level of the forecasting model. As can be
seen in Figure 6, the prediction level of the model is
changed with the choice of dimensions. The model has the
best accuracy when the optimal dimension is determined
to be N=9, so in the following tests, the model dimension
is 9. The variation in the prediction accuracy of Metabolic
GM(1,N) Markov model for different dimensions N is
shown in Figure 6.

4 Experimental study of machining error
prediction for free-form surfaces

CMMs have an unmatched advantage for dimensional
inspection and can provide accurate information on
machining errors at various points on a workpiece [24].
Compared with non-contact probes, touch probes have a
high level of measurement accuracy. However, when
measuring surface machining errors on workpieces, each
point along the path has to be measured one by one, which
is inefficient. A free-form surface machining error predic-
tion model uses machining information from a limited
number of known points to predict machining errors at
other locations on the free-form surface. In the event that
the predicted error meets the accuracy requirements, it can
replace the CMM for predicting the machining error of
unknown points, which achieves the purpose of improving
efficiency and lowering costs.

4.1 Collecting machining error data

The workpiece used in this study was a free-form surface
machined on a computer numerical control (CNC)
machine. Figure 7 shows the computer-aided design
(CAD) model of the free-form surface and the theoretical
measurement points. The information from 300 random
measurement points on the surface was selected as raw
data, and a further 100 points were selected in the same
way as a validation sample. The free-form surface was also
inspected using a CMM to obtain the machining error of
each point on the free-form surface and the corresponding
coordinate values. The inspection device was a German
Hexagon Leitz Reference HP CMM (PC-DMIS software,
MPEE=0.9+L/400mm), with a selected ball diameter
of 5mm, positioning and retraction distance of 3mm,
moving speed of 20mm/s, and touch and retraction speed
of 2mm/s. Figure 8 shows the use of a CMM for free-form
machining error detection. The sample data were processed
using the MATLAB R2016b platform. The selected X, Y,
and Z coordinate values of the theoretical points of the free-
form surface were used as influencing factors to obtain a
comprehensive prediction of the machining error at each
point of the workpiece.



Fig. 6. Variation of prediction accuracy of Metabolic GM(1,N) Markov model with different values of dimension N.

Fig. 7. Free-form surface digital model and theoretical measure-
ment points.

Fig. 8. Free-form surface part measurement using the coordinate
measuring machine.
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4.2 Modeling and prediction of surface machining
errors

Based on the machining errors obtained from the CMM
inspection, a GM(1,N) model was constructed consisting of
the free-form machining errors with coordinate values X,
Y, and Z. Since the GM(1,N) model requires the original
series to be non-negative, non-negative processing of the
original data was carried out before the prediction, and the
data reduction process was conducted after the prediction
results were obtained.

The model accuracy was the highest when the model
dimension N was taken as 9. Therefore, the model
dimension was taken as 9 for modelling in the modelling
process. A metabolic GM(1,N) model was used to fit the
experimental data, and the results of the fit are shown in
Figure 9. From the fitting results, it can be seen that a
better fit was obtained by using the metabolic GM(1,N)
prediction model. Thus, the metabolic GM(1,N) prediction
model can be used for prediction.

The metabolic GM(1,1) and GM(1,N) prediction
models were used to predict the sample data, and the
prediction results are shown in Figure 10. It is clear that the
metabolic GM(1,N) model had a better prediction
accuracy.



Fig. 9. Fitting result of metabolic GM(1,N) model (N=9).

Fig. 10. Prediction results of different models.
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4.3 Correction of predicted values by Markov models

The residual values of the prediction results of the
metabolic GM(1,N) model were calculated, and then the
Markov prediction model was used to correct and optimize
the prediction results of the metabolic GM(1,N) model to
make up for the shortcomings of the GM(1,N) model and
improve the accuracy of the prediction. The absolute
values of the residuals before and after the correction are
shown in Figure 11.
The prediction results of the metabolic GM(1,1) and
the metabolic GM(1,N) prediction models were calculated
and analyzed. In this study, the mean absolute error
(sMAE), root mean square error (sRMSE) andmean absolute
percentage error (sMAPE) were used as evaluation
indicators for the analysis. These are defined as follows.

Mean absolute error, denoted by sMAE,

sMAE ¼ 1

n

Xn
i¼1

bei � eij j: ð18Þ



Fig. 11. Absolute values of residuals of predicted results before and after correction.

Table 1. Comparison of prediction accuracies of different models.

Types of models sMAE (mm) sRMSE (mm) sMAPE (%)

Metabolic GM(1,1) model 0.0028 0.0042 92.35
Metabolic GM(1,N) model 0.0020 0.0028 77.49
Metabolic GM(1,N) Markov model 0.0019 0.0026 25.88
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Root mean square error, denoted by sRMSE,

sRMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn
i¼1

ðbei � eiÞ2
s

: ð19Þ

Mean absolute percentage error, denoted by sMAPE,

sMAPE ¼ 100%

n

Xn
i¼1

∣
bei � ei

ei
৆∣: ð20Þ

Here n is the validation sample size, êi is the predicted
value of the validation sample machining error and ei is the
actual measured value of the validation sample machining
error. The more the above three indicators converge to 0,
the better the prediction is. The results of the analysis are
shown in Table 1.

Themetabolic GM(1,N)Markovmodel proposed in this
study was compared with the metabolic GM(1,1) model
and the metabolic GM(1,N) model for free-form surface
machining error prediction results, and the sMAE, sRMSE
and sMAPE values of eachmodel were calculated separately.
As shown in Table 1, when the predictions using
the metabolic GM(1,N) model were compared with the
predictions using the metabolic GM(1,1) model, the the
root mean square error of the metabolic GM(1,N) model
decreased by 0.0014mm, and themean absolute percentage
error decreased by 14.86%. When predictions using the
metabolic GM(1,N) Markov model were compared with
predictions using the metabolic GM(1,N) model, the mean
absolute percentage error decreased by 51.61%. The
prediction accuracy of the metabolic GM(1,1) model
could be further improved by the metabolic GM(1,N)
Markov model. For the prediction of the free-form surface
machining errors, the prediction of the metabolic GM(1,N)
model can be greatly improved by adapting the metabolic
GM(1,1) model, and the prediction accuracy of the model
can be improved by adding Markov theory to further
optimize the model.
5 Conclusion

In this study, the prediction of free-form machining errors
was studied. In response to the insufficient prediction
accuracy of the GM(1,1) model, a GM(1,N) prediction
model was established, incorporating the idea of metabo-
lism, which effectively improved the prediction accuracy.
On this basis, the prediction results of the metabolic GM(1,
N) model were revised using a Markov prediction model,
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and the experimental results showed that the combination
of metabolic theory, a grey model, and Markov theory
prediction could further improve the prediction accuracy.

UsingMarkov’s principle to correct the fitting results of
the metabolic GM(1,N) model could effectively reduce the
impact of random fluctuations of the free-form machining
errors on the grey model and enhance the adaptability of
the grey prediction model in machining error model
prediction. This method has practical implications for
extending the use of grey models in mechanical engineer-
ing. When measuring machining errors on free-form
surfaces, the model can be used to predict machining
errors at other locations on the workpiece more accurately
with only a small amount of measurement point informa-
tion, saving time and improving efficiency.
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