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Abstract: The article presents an unsupervised learning algorithm that groups technological features in a setup for machining 

process. Setup generation is one of the most important tasks in automated process planning and in fixture configuration. A 

setup is created based on approach direction of the features.  The algorithm proposed in this work generates a neural network 

that determines the setup each feature belongs to, and the number of setups generated is minimal. This algorithm, unlike 

others, is not influenced by the order of the input sequence. Parallel implementation of the algorithm is straightforward and 

can significantly increase the computational performance.  
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Introduction 

The last 20 years have seen many works on automated process planning. Particular attention has been 

paid to fixture design and the setup and ordering of features (Joneja et al., 1999). Setup planning deals 

with the grouping of features into setups in proper sequences, sequencing the setups, and choosing 

machines, tools, and fixtures. Setups are used to group similar features that are processed at each step 

of the process. Setup generation done during the fixture design phase is aimed at determining the axial 

orientation and position of the grouped features as well as the cutting tools required to manufacture 

them (Rong, 2007). The setup generation phase takes into account both the requirements of the process 

planning and fixture design (Stampfer,2009). Setup generation in Sakurai (1992) uses the location 

tolerance of the workpieces. Other CAPP systems (Delbressine et al., 1993) employ tolerances of the 

workpieces as criteria for setup generation and sequencing.  

Neural network generation 

In recent years many researchers have employed the neural network approach to solve setup 

generation problems (Pao et al., 1993, Westhoven et al., 1992). The standard approach is to either use 

different relationships between the approach directions in the given features, or based on approach 

direction and another factor such as tool commonality. Such algorithms do not always give optimal 

results for real technological processes. The number of generated setups strongly depends on the input 

features sequence.   

The algorithm proposed in this work generates a neural network that determines the setup each feature 

belongs to, and the number of setups generated is minimal. The proposed unsupervised neural net can 

be viewed as modification of the one in Chen (1993) and solves the problem of the input feature 

sequence. An approach direction is a straight path that gives a tool an unobstructed access to the 

feature in the workpiece. Some features may have more than one approach direction.  A neural 

network consists of clusters and every cluster represents a set of features that have at least one 

approach direction in common (Chen, 1993). We say that two clusters have a common approach 

direction if all features of the two clusters combined have a common approach direction. The net under 

consideration has a leveled structure. Each level of the net consists of a number of clusters and the 

clusters of this level may or may not share a common approach direction. One can merge clusters with 

common approach directions to form new cluster on the next level of the net. The idea behind the 

algorithm is to create the next level by merging clusters and thus producing fewer clusters with fewer 

common approach directions. Eventually the net reaches a level where any two given clusters do not 

share a common direction. This last level will determine the number of setups and their layout. 

Self-Organized net generation algorithm 

Let k be the number of different approach directions. For each feature iF  we associate the vector 

k

iiii BBBB ...21  in the following way: 1j

iB  if j is a valid approach direction, otherwise 0j

iB . In 
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other words, iB  represents the bit mask of the allowed approach directions. It can also be treated as a 

binary number or as a k-dimensional vector of zeros and ones. 

The neural network consists of k levels numbered 1,,1,0 k . Clusters are denoted as 
j

iA  - the jth 

cluster on the ith level of the net. Each cluster in the net possesses internal memory in the form of a 

single integer value which we denote 
j

ia . Let this cluster represent the features 
sii FF ,...,

1
. Then we 

have 
siii

j

i BBBa &...&
21

 , where & is the binary AND operator. In this way the 1s in the binary 

representation of 
j

ia  indicate the approach directions that are common to all the features in this 

cluster, and the 0s represent approach direction that are not allowed for at least one feature in the 

cluster. Clearly two clusters, say 1j

iA  and 2j

iA , share a common approach direction if and only if 

0& 21 
j

i

j

i aa . 

Only clusters from neighboring levels are interconnected. For any level kp   we introduce an integer 

weight function ),( 1

j

p

j

p AAe   associated with the connection from 
i

pA  to 
j

pA 1 . The clusters can send 

the value of their memory 
j

ia  across each connection (Chen C.L. P., 1993). The weight functions are 

determined as each cluster sends its internal memory across the newly formed connection. Each 

weight function assumes a nonzero value equal to the value sent from 
i

pA  to 
j

pA 1  if the cluster 
i

pA  is 

grouped to 
j

pA 1  (i.e. we also say that 
i

pA  is being merged with some other clusters from that level to 

produce 
j

pA 1 ) and is equal to zero otherwise. After the construction of the net is complete the internal 

memory of the clusters on the last level will tell the number of setups and the features that belong to 

each one of them. 

At any time the value 
j

ia  - in binary form - gives the allowed approach directions for this cluster. A 

new cluster is created at level 1j  if 
j

iA  is determined to have approach directions incompatible with 

any existing cluster at level 1j . The internal memory of this newly created cluster is initially set to 

j

ia . Clusters are grouped based on the similarity of the approach directions they represent. This 

“similarity” is expressed by the function ),( ji BBg  that takes two k-digit binary numbers iB  and jB  

as arguments. It is defined as follows: 

𝑔(𝐵𝑖 , 𝐵𝑗) = {
𝜆(𝐵𝑖   𝑋𝑂𝑅 𝐵𝑗)                 𝑖𝑓 𝐵𝑖𝑎𝑛𝑑 𝐵𝑗 ≠ 0

∞                             𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

where 



k

i

iNN
1

)( , for the binary number 
k

NNNN ...21  and the binary operation XOR  

(exclusive or) is Figure 1. 

When we write ),( ji FFg  we imply ),( ji BBg  where iB  and jB  are the bitmasks of the two features 

iF  and jF . When we write ),( j

s

i

s aag  we simply treat 
i

sa  and 
j

sa  as binary numbers. 

When the two features (or clusters) iF  and jF  have at least one common direction then ),( g  returns 

the number of directions that are acceptable for iF  and are not acceptable for jF  and vice versa – 

acceptable for jF  and unacceptable for iF . It appears that the distance between iF  and jF  is simply 

the square of the usual Euclidean distance between the vectors iB   and jB  that is 



k

l

l

j

l

i BB
1

2)( . If, 

however, iF  and jF  do not share a common direction then g  and as will be shown below, this 

does not allow for the two clusters to be grouped (in practical implementations one simply sets ),( g  

to a sufficiently big integer). The distance between two features (or clusters) depends not only on the 
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shared approach directions, but also on the ones that are incompatible. The higher the value of g  the 

more incompatible approach directions the two clusters have. 

Figure 1: Binary operation XOR  (exclusive or) Figure 2: Structure of the neural net.  

  

Source: Authors Source: Authors 

The structure of the net is shown in Figure 2. The description of the algorithm is inductive with respect 

to the number of levels. The order in which new clusters are created on any given level is not 

important. We suppose that level p is created and show how to create the next level p+1. For the sake 

of simplicity we assume that the clusters from level p are read in the order of their creation. By reading 

an input cluster we mean that its internal memory is sent to the next level. 

1. The generation of the net begins with the creation of level 0: All input features iF , 

ni ,,2,1   are read from the input and the respective clusters 
iA0 , i

i Fa 0  are created. 

2. Suppose all levels of order up to p inclusively are already constructed. Let level p have m 

clusters. Level p+1 is constructed as follows: 

a. Step 1. [Create first cluster on level p+1] Read the first input 
1

pa . Create cluster 
1

1pA  

(on level p+1) with initial internal memory 
1

1pa = 
1

pa  (and a single link) 

11

1

1 ),( ppp aAAe  . 

b. Step 2. [Next input] Read next input - 
i

pa . 

c. Step 3. [Determine distance] Let level p+1 contain the clusters 
1

1

2

1

1

1 ,...,, 



q

ppp AAA . 

Evaluate ),( 1

j

p

i

p aag   for all 1,,1  qj  . If paag j

p

i

p  ),( 1  is true for at least 

one j, then go to step 4 (NOTE: if paag j

p

i

p  ),( 1  for several values of j simple 

choose on of them arbitrarily). Otherwise, if paag j

p

i

p  ),( 1 for all 1,,1  qj  , 

go to step 5. 

d. Step 4. [Grouping] Group 
i

pA  to 
j

pA 1 : 

i. Set the memory of 
j

pA 1  to 
j

pa 1 = 
i

p

j

p aa & 1 . 

ii.  Update the weights of all links from 
i

pa  to clusters on level p+1: set 

i

p

j

p

i

p aAAe  ),( 1  and set 0),( 1 

l

p

i

p AAe  for jl  . Go to step 6. 

e. Step 5. [Create new cluster]. Create new cluster 
q

pA 1 :  
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i. Set its memory to 
i

p

q

p aa 1 .Create a single link from 
i

pA  to 
q

pA 1  with 

weight 
i

p

q

p

i

p aAAe  ),( 1 . All other weights are equal to zero, i.e. 

0),( 1 

l

p

i

p AAe  for 1...2,1  ql  and 0),( 1 

q

p

l

p AAe  for 1...2,1  il . 

Go to step 6. 

f.  Step 6. If there is no further input from  level p, then level p+1 is constructed. STOP. 

Otherwise go to step 2. 

3. The generation of the net is completed when level 1k  is constructed. 

Suppose that when the last level 1k  (remember that k is the number of different approach direction 

and we have k levels – 1,,1,0 k ) we have the clusters 
l

kkk AAA 1

2

1

1

1 ,...,, 
. The definition of the 

function ),( g  guarantees that  0& 11 

j

k

i

k aa  is true for every two different clusters 
i

kA 1  and 
j

kA 1 . 

These clusters determine the number of setups – l, as well as the approach directions for each setup – 

the bitmask of the internal memory 
i

ka 1  for li ,,1 . Note the following: it might happen that for 

some ks   it is true that 0 & j

s

i

s aa  for any two clusters on that level, and thus any subsequent 

level ks ,,1  will have the same clusters as level s. If this happens it is not necessary to build any 

subsequent levels. However each time we generate a new level we should make the comparisons 
j

s

i

s aa &  in addition to all other operations involved to check for this condition, while building all 

levels up to number k eliminates these additional computations. 

To determine the setup to which a feature iF  belongs to one proceeds in the following way: starting 

from cluster 
iA0  one follows the one link that has a non-zero length and reaches level. Then one 

follows the only non-zero weighted link that leads to level 2. The procedure is repeated until the last 

level 1k  is reached. The cluster that we reach on that last level is the required setup. 

Table 1: Features and approach directions of a 

sample part. 

Figure 3. First part. 

 

F1 0 1 0 0 1 0 

F2 0 0 1 0 1 1 

F3 0 0 1 1 1 1 

F4 0 0 1 1 0 1 
 

Source: Authors Source: Authors 

 

Testing of the neural network 

In order to test the neural network two benchmark parts were designed. The first part to be tested is 

shown in Figure 3. It has four different features, and the approach directions are shown in Table 1.  

The structure of the net with the appropriate weight functions is shown in Figure 4. It is constructed in 

the following way: 

1. Level 0 of the net consists of four clusters - 
4

0

3

0

2

0

1

0  and ,, aaaa - that represent the features iF , 

4321 ,,,i   with their respective approach directions. 
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2. Level 1 is built according to steps 2 through 5 of the algorithm. Here is an outline of the 

execution path (we have p=0): 

a. Cluster 1

0A  is read from the input (it corresponds to feature 1F , see the way 

level 0 is defined) and cluster 1

1A  is generated: 1

1a = 1

0a =[010010] 

b. Cluster 
2

0A
 (= 2F )  is read and we get 

2

0a
=[001011] 

),( 1

1

2

0 aag
, which is evaluated: 

),( 1

1

2

0 aag
=3>0(=p) 

c. A new cluster 
2

1A  is created, 
2

1a = 
2

0a
=[001011] and the respective weight is  

d. 
),( 2

1

2

0 AAe
= 

2

0a
=[001011] 

e. The input from the previous level – level 0 – is not empty. So, we repeat again steps 2 

through 5. 

f. Level 1 is completed when 4

0A  is created. 

3. Finally a network of five levels is generated. The last level consists of two clusters, namely 
1

5a

=[010010] representing features F1, F2 and F3, and cluster 
2

5a =[001001] that represents only 

F4. Although levels 3, 4 and 5 have the same number of clusters, we generate all levels up to 5 

(the number of different approach directions is 6). A simple inspection of Table 2 reveals that 

the minimal number of setups for this part is 2, and this was the result of the algorithm.  

The second part that was tested is shown in Figure 5 and has 12 features. The algorithm was tested for 

various ordering options of the input features. In all cases the number of clusters at the final level is  

two - 
1

12A  (representing features F1, F2, F3, F4 and F12) and 
2

12A  (representing features F5, F6, F7, 

F8, F9, F10 and F11). Again, two is the minimal number of setups possible for the part. 

Figure 4: The structure of the net. Figure 5. Second part. 

 

 

Source: Authors Source: Authors 

Parallel generation of the net. 

It is clear that each cluster generated on level 0 and level 1 is initialized once and then its internal 

memory is not changed. Indeed, level 0 does not involve any grouping. Clusters on level 1 are grouped 

only if the distance between the clusters from level 0 is 0, that is the bit masks of the clusters being 

grouped are the same. 

This means that these clusters on level 1 and 2 can be formed as soon as the clusters from the previous 

level become available. Another possibility for parallelism becomes available when a given 
j

ia  (from 

any level i) assumes a bit mask that has a single 1. If this is the case, any clusters that are grouped to 
j

iA  should have at least one common approach direction and since 
j

iA  has only one allowed direction  

(the bit mask contains a single 1) its internal memory will not change. Under such circumstances the 



CBU INTERNATIONAL CONFERENCE ON INNOVATIONS IN SCIENCE AND EDUCATION 
MARCH 22-24, 2017, PRAGUE, CZECH REPUBLIC  WWW.CBUNI.CZ, WWW.JOURNALS.CZ 

 

1174 

value of 
j

ia  can be used to begin construction of the next level – i+1 before level i is entirely 

generated. Other situations where parallelism is possible can also be identified but they require 

additional comparison operations between clusters and are not presented here. 

Conclusions 

Setup design is an important part of the automated process planning and fixture configuration. The 

proposed algorithm for setup generation is based on unsupervised neural network. It provides minimal 

number of setups when the approach directions are used as a criterion. The number of setups that the 

network generates, unlike (Chen C.L. P., 1993)is independent of the input ordering of the features. A 

parallel implementation of the algorithm is straightforward and can significantly increase the 

computational performance. This is important for details with a large number of features. 
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