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The development of a tool man-
agement system for reliable tool 
delivery predic�on in a supply net-
work for op�mum tool inventory 
sizing based on reliable delivery 
forecas�ng of Cubic Boron Nitride 
(CBN) grinding wheels for nickel 
base alloy turbine blade fabrica-
�on is illustrated in this work. The 
basis for the development of the 
system is represented by the his-
torical data on tool management 
including the chronological series 
of CBN grinding wheel shipment 
and delivery dates between one 
manufacturing company (client) 
and several tool manufacturers 
(suppliers) in a supply network. If 
historical data are highly variable, 
stochas�c management methods, 
such as �me series analysis, are 
either inapplicable or responsi-
ble for excessive inventory sizing. 
Alterna�ve approaches are given 
by special analysis and model-
ling methodologies, such as those 
based on fuzzy logic, which deal 
with determinis�c events but are 
also capable to take into account 
unpredictable factors for be�er 
results in predic�on and forecast. 
In this paper, supplier-dependent 
dressing cycle �me predic�ons 
for each external tool manufac-
turer in the supply network are 
obtained through a neuro-fuzzy 
approach whose structure is a 1st 
order Sugeno fuzzy model known 
as Adap�ve Neuro-Fuzzy Infer-
ence System (ANFIS). The ANFIS 
predic�ons can be u�lized by the 
customer to evaluate the supplier 
reliability in the delivery of CBN 
grinding wheels, which represents 
a cri�cal decision parameter in 
the dressing order alloca�on pro-
cedure and a key reference factor 
for the implementa�on of flexible 
tool management strategies.

Keywords: Tool management, 
Grinding wheels, Neuro-fuzzy sys-
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1 INTRODUCTION
In highly complex manufactur-
ing systems, it is very difficult 

to precisely define not only the 
performance of opera�on and 
the quality of service but also 
the lead-�mes characterizing the 
customer-supplier rela�onship 
in a supply network [1]. The lat-
ter aspect marks the main focus 
of this work, where the develop-
ment of a mul�ple supplier tool 
management system for op�-
mum tool inventory sizing based 
on reliable delivery forecas�ng of 
CBN grinding wheels for Ni base 
alloy turbine blade fabrica�on is 
confronted. 

The basis for the development of 
the system is given by the histori-
cal data on tool management con-
sis�ng of the chronological series 
of CBN grinding wheel shipment 
and delivery dates between one 
manufacturing company (custom-
er) and four external tool manu-
facturers (suppliers) in a supply 
network for CBN grinding wheel 
dressing and fabrica�on [2]. If 
historical data are highly variable, 
as in the present case, stochas�c 
management methods, such as 
�me series analysis [3], are either 
inapplicable or responsible for ex-
cessive inventory sizing. Classical 
�mes series analysis only deals 
with the randomness of the his-
torical data but does not consider 
the fuzziness (uncertainty) in the 
underlying model of a prac�cal 
system and cannot measure the 
imprecision that derives from 
human interven�on which is nei-
ther stochas�c nor casual (e.g. 
changes in business policy, unpre-
dicted compe��on, etc.) [4]. Be-
ing stochas�c by nature, classical 
�me series theory only deals with 
the randomness of the historical 
data but does not consider the 
fuzziness (uncertainty) in the un-
derlying system model and can-
not measure the imprecision that 
derives from human interven�on 
which is neither stochas�c nor 
casual. This calls for special analy-
sis and modelling methodologies, 
such as those based on fuzzy logic 
[5], which deal with determinis-
�c events but are also capable to 
take into account unpredictable 
factors for be�er results in pre-
dic�on and forecast [6].

In this paper, the supplier-de-
pendent predic�on of CBN grind-
ing wheel dressing cycle �me 
is carried out for each external 
tool manufacturer in the supply 
network through a set of mul�-
ple-input-single-output (MISO) 
adap�ve neuro-fuzzy inference 
systems (ANFIS). 

The ANFIS predic�ons can be u�-
lized by the customer to evalu-
ate the supplier reliability in the 
delivery of CBN grinding wheels. 
The reliability of delivery repre-
sents, together with price and 
delivery �me, a cri�cal decision 
parameter in the dressing order 
alloca�on procedure carried out 
by the turbine blade producer [7] 
and a key reference factor for the 
implementa�on of a flexible tool 
management strategy [6].

2 TURBINE BLADE MANUFAC-
TURING
Turbine blade manufacturing is 
carried out along several produc-
�on lines. One produc�on line 
corresponds to a specific aircra� 
engine model and requires a set 
of CBN grinding wheel types. Each 
CBN grinding wheel type, iden�-
fied by a part-number, is planned 
by the technology func�on of the 
turbine blade producer to work 
a maximum number of pieces. 
Once a CBN grinding wheel wears 
out, it is sent out for dressing to 
an external tool manufacturer be-
longing to a supply network and 
remains unavailable for a �me 
defined as dressing cycle �me. 
For each part-number, a sufficient 
number of CBN grinding wheels 
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(serial-numbers) must be available 
at all �mes (part-number on-hand 
inventory) to prevent produc�on 
interrup�ons due to tool run out. 
The part-number on-hand inven-
tory size, I, depends on: (a) # of 
pieces to be produced per month, 
P; (b) # of pieces machinable by 
one CBN grinding wheel, G; (c) # 
of months required without new 
or dressed CBN grinding wheel 
supply (coverage period), C. The 
grinding wheel demand, D, for 
each part-number is D = (P/G) * C 
– I, where P/G is the demand rate 
and the coverage period C is heu-
ris�cally selected by the logis�cs 
func�on of the turbine blade pro-
ducer based on past experience.

3 TRADITIONAL TOOL MANAGE-
MENT PROCEDURES
The approach currently u�lized 
by the logis�cs func�on of the 
turbine blade producer for the 
strategic planning of CBN grind-
ing wheel inventory size is based 
on the selec�on of an appropri-
ate coverage on-hand inventory 
for each CBN grinding wheel 
part-number depending on the 
specific produc�on line. The cov-
erage on-hand inventory is given 
by the number of CBN grinding 
wheels (serial-numbers) for each 
part-number sufficient to cover 
produc�on needs for a �me pe-
riod (coverage period, C) variable 
between 3 and 6 months accord-
ing to the characteris�cs of the 
produc�on line (higher values 

for new produc�on lines, lower 
values for consolidated produc-
�on lines). The coverage period 
is heuris�cally selected by the 
logis�cs func�on purely on the 
basis of past experience. This 
degree of decisional freedom of 
the logis�cs func�on is applied 
at the beginning of the planning 
stage. However, it does not al-
ways prove sa�sfactorily reliable 
in assuring a correct CBN grind-
ing wheel management. Besides 
cases where the actual trend of 
CBN grinding wheel availability 
corresponds somewhat faithfully 
to the expected one, there are 
cases where the expected trend is 
highly underes�mated or largely 
overes�mated, with risk of stock 
breakage or excessive capital in-
vestment [2, 6, 7].

4 TOOL MANAGEMENT BASED 
ON NEURO-FUZZY DELIVERY 
FORECASTING

4.1 Neuro-fuzzy system
Fuzzy systems are considered to 
be a natural link between symbol-
ic and subsymbolic approaches in 
ar�ficial intelligence. On the one 
hand they can work in real �me 
circumstances and handle uncer-
tain�es as NN, on the other hand 
they can manage both symbolic 
and numerical informa�on. How-
ever, fuzzy systems usually do not 
incorporate automa�c learning 
abili�es and adap�ve features. It 
seems that a very high perform-
ance can prospec�vely be ob-

tained by combining NN and FL 
approaches and integra�ng their 
benefits. Neural network learning 
provides a good way to adjust the 
expert’s knowledge and automat-
ically generate addi�onal fuzzy 
rules and membership func�ons, 
to meet certain specifica�ons and 
reduce design �me and costs. On 
the other hand, fuzzy logic en-
hances the generaliza�on capa-
bility of a neural network system 
by providing more reliable output 
when extrapola�on is needed 
beyond the limits of the training 
data. The resul�ng neuro-system 
is a hybrid system where the ar-
chitecture remains fuzzy but, us-
ing neural learning techniques, 
it can be trained automa�cally. 
Thus, the Neuro-Fuzzy System 
(NFS) hybrid approach can com-
ply with requirements such as 
real-�me nature, uncertainty 
handling and learning ability, 
but moreover expert knowledge 
can be easily incorporated in the 
system and the transparency of 
rule-based expert systems is pre-
served [8, 9]. NFS are trained by 
a learning algorithm derived from 
NN theory and their architecture 
can be viewed as a 3-layer FF NN 
(Figure 1): the first layer contains 
the membership func�ons of the 
input variables, the middle (hid-
den) layer the fuzzy rules, and the 
third layer the membership func-
�ons of the output variables.

Figure 2 shows a 1st order Sugeno 
fuzzy inference system [10, 11] 
with n inputs, n*r input member-
ship func�ons, r rules, r output 
membership func�ons, and p = 1 
outputs. Each node on layer 1 in-
cludes a membership func�on for 
one of the inputs. The member-
ship func�ons are defined using 
a set of parameters referred to as 
premise parameters. The outputs 
of layer 1 are the membership 
grades of the inputs in a fuzzy set. 
On layer 2, each node represents 
one fuzzy inference rule perform-
ing a fuzzy AND opera�on on the 
membership grades defined in 
the rule premises. The outputs 
are the rule firing strengths. Layer 
3 includes the output member-
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ship func�ons that in the Sugeno 
case are linear [9]:

( )∑ = += n
1k   jk     btawO jkjj       (1)

where Oj is the output from layer 
3, wj the firing strength of rule j 
(input from layer 2), ajk and bj are 
consequent parameters, and tk 
is the kth input value. Layer 4 in-
cludes just summa�ons of rule 
outputs and firing strengths (nor-
malisa�on node), the former sum 
being divided by the la�er on 
layer 5 to yield the overall system 
output(s).

4.2 Adap�ve Neuro-Fuzzy Infer-
ence System
A set of NFS was u�lized to pro-
vide for supplier-dependent CBN 
grinding wheel dressing �me 
forecas�ng for order alloca�on 
and op�mum tool inventory siz-
ing. The structure of each NFS was 
a 1st order Sugeno fuzzy model, 
known as Adap�ve Neuro- Fuzzy 
Inference System (ANFIS) [12, 13], 
similar to the Mul�ple-Input-Sin-
gle-Output (MISO) ANFIS devel-
oped in a previous work [6]. 

Every MISO ANFIS was formulated 
as a feed-forward NN and u�lized 
as a basis for construc�ng a set of 
fuzzy IF-THEN rules with appro-
priate membership func�ons to 
generate the input-output vector 
pairs (Fig. 3). For further details 
on ANFIS genera�on, op�misa-
�on and learning, reference can 
be made to the ANFIS model 
described in [6], the differences 
being in the possibility to select 
a variable number of inputs, n, 
a variable number of outputs, p, 
and two different methods for 
mul�ple dressing cycle �me pre-
dic�on (single iterated predic�on 
and mul�ple direct predic�on).

4.3 MISO ANFIS for dressing cycle 
�me predic�on
The set of MISO ANFIS for suppli-
er-dependent dressing cycle �me 
predic�on was developed on the 
basis of the historical data on CBN 
grinding wheel dressing compris-

ing a total of 5433 dressing cases, 
chronologically recorded in a 5 
years �me span by the logis�cs 
func�on of the turbine blade pro-
ducer with reference to a supply 
network of 4 external tool manu-
facturers. 

The ANFIS input is given by a se-
ries of n consecu�ve dressing 
cycle �mes (see Figures 2 and 3, 
where n = 4) and the output con-
sists of one or more predicted 
�mes, as close as possible to ac-
tual dressing cycle �mes follow-
ing the input series. Index (i) in 
Figures 2 and 3 indicates the last 
dressed CBN grinding wheel and 
t(i) is the corresponding input 
dressing cycle �me.

Each dressing case record reports 
the CBN grinding wheel shipment 
and delivery dates for the tool 
manufacturer that carried out the 
dressing opera�on. This popula-
�on includes historical data on 
all exis�ng CBN grinding wheels 
and all 4 tool manufacturers in 
the supply network. In a previ-
ous work [6], ANFIS dressing cycle 
�me predic�on was carried out 
on a supplier-independent basis. 
In that case, all tool manufactur-
ers were considered equivalent in 

terms of dressing cycle �mes that 
they could provide. This supplier-
independent predic�on turns out 
useful when the turbine blade 
producer has to decide at what 
date a worn out CBN grinding 
wheel with a specific part-number 
should be sent out for dressing: 
whether right away or at a later 
date (e.g. when the part-number 
inventory size decreases below a 
threshold level). This decision is 
taken before supplier selec�on 
for dressing performance, in fact 
even before knowing whether the 
dressing opera�on needs to be 
carried out at all. Thus, this type 
of resolu�on can only be taken on 
the basis of a “generic” dressing 
cycle �me predic�on, i.e. inde-
pendently of which supplier will 
carry out the dressing opera�on. 
The generic or supplier-inde-
pendent predic�on, however, is 
not helpful in a procedure for the 
selec�on of the supplier that will 
perform the dressing [7]. Such 
procedure envisages that the cus-
tomer contacts the suppliers in 
the network with the aim to place 
a dressing order. This customer/
supplier interac�on is called ne-
go�a�on and its contents are 
the prices and the delivery dates 
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Figure 2. 
Neuro-fuzzy system 
with n inputs, n * r 
input membership 
func�ons
and p = 1 outputs

Figure 3. 
Mul�ple-Input-Sin-
gle-Outputs (MISO) 
Adap�ve Neuro-
Fuzzy Inference 
System (ANFIS): 
n inputs, r fuzzy 
rules, p = 1 outputs
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(quota�ons). Once the supplier 
quota�ons are received, the cus-
tomer selects the most conven-
ient one. A supplier selec�on is 
generally carried out according to 
the following criteria [14]: deliv-
ery �me, price, quality, reliability 
of delivery. Quality as a selec�on 
factor can be neglected if all sup-
pliers in the network are cer�fied; 
under these circumstances, the 
fulfilment of the required supply 
quality is presumed. In the case 
of dressing order alloca�on, qual-
ity is not considered (all suppliers 
are cer�fied), dressing �me and 
price are those declared by the 
suppliers during nego�a�on, but 
the reliability of delivery must be 
evaluated. Dressing �me reliabili-
ty can be es�mated by comparing 
the dressing �me declared by the 
supplier and the dressing �me 
predicted for that supplier. To this 
purpose, a supplier-dependent 
dressing cycle �me predic�on is 
required for each of the external 
tool manufacturers in the supply 
network. To obtain a supplier-
dependent dressing cycle �me 
predic�on through the developed 
set of MISO ANFIS, it is necessary 
to build a dis�nct ANFIS training 
data set for each external sup-
plier in the network. Thus, the to-
tal historical data set was divided 
into 4 historical data sub-sets, 
one for each of the 4 external 
tool manufacturers, containing 
informa�on on dressing opera-
�ons carried out only by a single 
supplier. Each historical data sub-
set was par��oned into a learn-
ing set, comprising the first 60% 
dressing cases in the supplier’s 
series, and a tes�ng set, compris-

ing the remaining 40% dressing 
cases. In Tab. 1, informa�on on 
the number of dressing cases for 
each supplier are reported to-
gether with the sta�s�cal analysis 
of the tes�ng data set.

It is worth no�ng that the 4 sup-
pliers belong to two levels of 
technological capability. Suppli-
er_1 and Supplier_2 (high level) 
can perform dressing opera�ons 
on both simple and complex ge-
ometry CBN grinding wheels, 
whereas Supplier_3 and Sup-
plier_4 (low level) can do dress-
ing opera�ons only on simple ge-
ometry CBN grinding wheels. As 
a consequence, Supplier_1 and 
Supplier_2 carried out a larger 
number of dressing opera�ons 
(> 2000) whereas Supplier_3 and 
Supplier_4 performed a smaller 
number of dressing opera�ons (< 
500) (Tab. 1). The trained ANFIS 
for supplier-dependent dressing 
cycle �me predic�on were iden�-
fied as ANFIS_S, with S = 1, …, 4 
according to the supplier ID: Sup-
plier_1, …, Supplier_4.

ANFIS_S inputs are given by a se-
ries of n consecu�ve dressing cy-
cle �mes from the relevant histor-
ical data sub-set (see Figs. 1 and 
2) and the outputs are p predicted 
�mes, as close as possible to ac-
tual dressing cycle �mes follow-
ing the input series (Figs. 1 and 2, 
where index (i) indicates the last 
CBN grinding wheel dressed by a 
given supplier and t(i) is the cor-
responding input dressing cycle 
�me).

Single CBN grinding wheels are 
rarely sent out for dressing but 
are generally assembled into 

groups of up to p = 10 before ship-
ping. The developed ANFIS_S can 
perform p-step-ahead forecast-
ing for any CBN grinding wheel 
group size, p, in 2 ways: by single 
iterated predic�ons (method A) 
or by mul�ple direct predic�ons 
(method B).

Single iterated predic�ons are 
carried out by itera�ng p �mes 
the one-step-ahead ANFIS predic-
�on. One input vector with the 
last n dressing �mes for a given 
supplier [t(i-n+1), …, t(i)] is input-
ted into the ANFIS and the pre-
dicted dressing �me  (i+1) is ob-
tained. The predicted  (i+1) value 
is subs�tuted for the most recent 
dressing �me t(i), t(i) is subs�tut-
ed for t(i-1) and so on, un�l the 
whole n-component input vector 
is modified by shi�ing the input 
values one step backward. Then, 
a subsequent predicted dressing 
cycle �me  (i+2) is obtained. This 
procedure is repeated un�l the 
p required predic�ons [ (i+1), …,  
(i+p)] are achieved, as illustrated 
in rela�onships (2):

(2)
where p is taken to be > n, imply-
ing that in the last input pa�ern 
all features are predicted val-
ues. Rela�onships (2) show that, 
when p > n, the ini�al predic�on 
is obtained from historical data 
alone, the following predic�ons 
are obtained from a combina�on 
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Supplier ID Technol-
ogy level

Total Learning Tes�ng

# of cases # of cases # of cases
Mean

(weeks)

St. dev.

(weeks)

Disper-
sion 
param-
eter

Supplier_1 High 2428 1457 971 6.82 1.78 0.26

Supplier_2 High 2123 1274 849 6.08 2.11 0.35

Supplier_3 Low 485 291 194 2.72 2.68 0.98

Supplier_4 Low 397 238 159 4.68 1.01 0.22

Table 1. 
Dressing cycle 

cases in the train-
ing set for each 

supplier.
Dispersion param-

eter = St. dev./
Mean.
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of historical data and predicted 
values, and the final (p – n) pre-
dic�ons are obtained solely from 
predicted values. Thus, higher 
p values are expected to reduce 
the predic�on accuracy because 
of accumula�on of error due to 
itera�ons [15].

Mul�ple direct predic�ons (meth-
od B) are carried out by develop-
ing p parallel one-step ahead 
ANFIS_S, each performing a sin-
gle forecast as indicated by rela-
�onships (3):

(3) 
From rela�onships (3), it can be 
observed that the same input 
vector, containing the n most 
recent historical dressing cycle 
�mes, is fed into each of p parallel 
ANFIS_S to perform a direct pre-
dic�on of the p-th forecast. In this 
case, each single predic�on is al-
ways achieved uniquely by means 
of historical data. The procedure 
accuracy, however, decreases as 
p grows as this requires increas-
ingly distant forecasts.

5 SUPPLIER-DEPENDENT DRESS-
ING CYCLE TIME FORECASTING

A set of ANFIS predictors were 
subjected to learning and tes�ng 
with the following data processing 
condi�ons: historical data training 
sub-set: S = 1, …, 4; # of inputs: n = 
5; # of outputs: p = 1, 5 or 10; pre-
dic�on method: A or B. The nota-
�on ANFIS_S/n/p/A (or B) is used 
to indicate the ANFIS predictor 
for supplier S, with n inputs and 
p outputs, u�lizing method A (or 
B) for p-step-ahead forecas�ng. 
When p = 1, the two predic�on 
methods coincide and the nota-
�on becomes: ANFIS_S/n/1/*. In 
Tab. 2, the supplier-dependent 
ANFIS predictor data processing 
condi�ons and the obtained pre-
dic�on errors (RMSE) are summa-
rised. From Tab. 2, it can be noted 
that for all suppliers the lowest 
predic�on error is obtained with 
the ANFIS_S/5/1/* predictor that 
is the simplest predictor in terms 
of computa�onal complexity.

By comparing ANFIS_S perform-
ance using the same predic�on 
method A or B, predic�on error 
increases with increasing p due 
to the lengthening of predic�on 
span. By comparing predic�on 
methods A and B using the same 
number of inputs and outputs, 
method A has a higher predic�on 
error for S = 1 and S =  2, whereas 
method B has a higher predic-
�on error for S = 3 and S = 4. This 
could be due to the much higher 
number of learning cases for high 
technology level suppliers, gener-
a�ng be�er learned ANFIS_S that 

can make good use of the higher 
computa�onal complexity of 
method B. The contrary happens 
for low technology level suppli-
ers.

Examining Tabs. 1 and 2 allows to 
assess supplier reliability in terms 
of dressing cycle �me predic�on 
carried out through the learned 
ANFIS_S. By comparing suppliers 
with the same technology level 
for all ANFIS_S predictors, from 
Tab. 2 it can be noted that, for high 
technology level suppliers, lower 
predic�on errors are observed for 
Supplier_1 than for Supplier_2. 
For low technology level suppli-
ers, lower predic�on errors are 
observed for Supplier_4 than for 
Supplier_3. This can be explained 
by the sta�s�cal proper�es of the 
tes�ng data sub-sets (Tab. 1): the 
dressing cases used for tes�ng the 
ANFIS predictors of Supplier_1 
and Supplier_4 have lower stand-
ard devia�ons and dispersion pa-
rameters than the dressing cases 
used for tes�ng the ANFIS predic-
tors of Supplier_2 and Supplier_3, 
respec�vely. By comparing sup-
pliers independently from their 
technology level, for all ANFIS 
predictors the best performance 
is obtained for Supplier_4 and the 
worst is verified for Supplier_3. 
Also this can be jus�fied by the 
fact that the tes�ng cases of Sup-
plier_4 have the lowest standard 
devia�on and dispersion param-
eter, whereas the tes�ng cases 
of Supplier 3 present the highest 
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ANFIS predictor

# of 

in-

puts

# of 

out-

puts

Predic�on 

method

Predic�on error (RMSE)

S = 1 S = 2 S = 3 S = 4

ANFIS_S/5/1/* 5 1 A ≡ B 1.23 1.30 1.71 1.14

ANFIS_S/5/5/A 5 5 A 1.28 1.42 1.73 1.15

ANFIS_S/5/5/B 5 5 B 1.27 1.39 1.78 1.25

ANFIS_S/5/10/A 5 10 A 1.30 1.50 1.74 1.20

ANFIS_S/5/10/B 5 10 B 1.29 1.46 2.23 1.28

Table 2. 
ANFIS predictors 
u�lized for sup-
plier-dependent 
p-step-ahead 
forecas�ng.
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standard devia�on and dispersion 
parameter (Tab. 1).

As an example, in Fig. 3 the typical 
response of the different ANFIS_1 
predictors is presented for the 
first 100 tes�ng cases of Suppli-
er_1 historical data sub-set. From 
the figure, it can be noted that the 
predic�ons of the ANFIS_1/5/1/* 
(Fig. 5a) display the lowest pre-
dic�on error of all the ANFIS_1 
predictors. Moreover, predic�on 
method A shows a sensi�vity to 
CBN grinding wheel group size p = 
5 or 10 by genera�ng typical pat-
terns of 5 or 10 predicted values 
(Figs. 5b and d), whereas predic-

�on method B yields unrelated 
predicted values, independently 
of CBN grinding wheel group size.

6 CONCLUSIONS
Dressing cycle �me predic�on of 
CBN grinding wheels for Ni base 
alloy turbine blade fabrica�on 
was carried out for each external 
tool manufacturer (supplier) in 
a supply network through a set 
of mul�ple-input-single-output 
Adap�ve Neuro-Fuzzy Inference 
Systems (ANFIS). The ANFIS pre-
dic�ons can be u�lised by the tur-
bine blade producer (customer) 

to evaluate the supplier reliability 
in CBN grinding wheel delivery, 
which is a cri�cal parameter in the 
dressing order alloca�on proce-
dure. The lowest predic�on error 
was provided, for all suppliers, by 
the simplest supplier-dependent 
ANFIS predictor that, however, 
allows only for one-step-ahead 
dressing �me forecast for sin-
gle CBN grinding wheel delivery. 
This predic�on is hardly useful 
because CBN grinding wheels are 
typically assembled into groups of 
up to p = 10 before shipping.

ANFIS predictors for p-step-ahead 
dressing �me forecas�ng for any 
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Figure 4. 
Predicted and ac-

tual dressing cycle 
�mes for the first 
100 tes�ng cases 

of Supplier_1: 
(a) ANFIS_1/5/1/*;
(b) ANFIS_1/5/5/A; 
(c) ANFIS_1/5/5/B;
(d) ANFIS_1/5/10/A; 
(e) ANFIS_1/5/10/B
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CBN grinding wheel group size, p, 
were developed according to two 
methods: single iterated forecast-
ing (method A) or mul�ple direct 
forecas�ng (method B). By com-
paring ANFIS performance us-
ing the same predic�on method, 
predic�on error increases with 
increasing p due to the lengthen-
ing of predic�on span. By com-
paring ANFIS performance using 
the same number of inputs and 
outputs, method A is be�er for 
low technology level suppliers 
and method B is be�er for high 
technology level suppliers; this 
could be due to the much higher 
number of learning cases for high 
technology level suppliers, pro-
viding for be�er learned ANFIS_S 
that can make good use of the 
higher computa�onal complexity 
of method B. By comparing ANFIS 
performance for all tool manu-
facturers in the supply network, 
suppliers with tes�ng data sets 
displaying lower data dispersion 
are characterised by lower ANFIS 
predic�on error. The basis of the 
system development is given by 
the historical data on tool man-
agement. If these data are highly 
variable, classical stochas�c man-
agement methods are inapplica-
ble or responsible for excessive 
inventory sizing. As an alterna-
�ve, adap�ve neuro-fuzzy infer-
ence systems (ANFIS) were used 
for data analysis. ANFIS predic-
tors for dependable tool delivery 
forecas�ng were developed in a 
mul�ple supplier/single customer 
transac�on scheme. The per-
formance of the ANFIS predictors 
was higher than the one obtained 
through a purely stochas�c ap-
proach, even under the worst op-
era�ve condi�ons. Thus, a flexible 
tool management strategy based 
on dressing cycle �me ANFIS fore-
cas�ng was proposed.
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