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Abstract - The prize-collecting traveling salesman problem is a derivation of the traditional TSP, which is 
a well-known NP-hard problem. This problem assumes that there are multiple cities that each grant prize 
money and attempts to determine the path that maximizes prize money while satisfying a predetermined 
path cost constraint. However, it is difficult for a user to make diverse queries because comparison 
computations are performed using only a single attribute (i.e., prize money). To solve these problems, this 
paper proposes a technique that applies multidimensional attributes to each city to allow users to make 
various queries. Additionally, we adopt Euclidean distance, which is primarily used for similarity problems, 
to reduce computation time by pruning data that are not relevant to a user’s preferences. By comparing 
computation speeds under numerous conditions, we experimentally demonstrate the effectiveness of the 
proposed technique. 

Keywords: PCTSP; Euclidean Distance; User Preference. 

1. Introduction 

The traveling salesman problem (TSP) is the problem of determining an optimal path that visits multiple cities 
that assumed to be connected to each other once, then returning to the originating city. The number of operations 
increases exponentially as the amount of data increases, making the TSP an NP-hard problem. It also has several 
derivations. 

The prize-collecting TSP (PCTSP) is a derivation that assumes that each city awards prize money. The 
salesman must begin from a particular point and return to that point at the end of the path but does not need to 
visit every city. The goal is to find the path that obtains the most prize money and satisfies a limited path cost 
constraint.  

The PCTSP with time windows (PCTSPTW) is a generalization of the PCTSP that adds a time window 
constraint [1]. For example, suppose that a courier has 40 packages to deliver during the day and must return to 
the company after delivery by 6 PM. In this scenario, 6 PM represents the time window and the courier collects a 
commission when a package is delivered. The time required to deliver each product varies. Therefore, the courier 
must find the path that maximizes commissions by 6 PM. To solve this problem, the sum of the departure time 
and the time spent on the path cannot extend beyond 6 PM. Among the paths that satisfy this constraint, the path 
with the highest sum of commissions for delivered packages should be returned.  

However, the example above raises three problems. First, user preferences are not considered. For example, a 
courier may prefer to deliver fewer packages over collecting more commissions. Second, this problem only 
considers the attributes of distance and commissions, making it difficult to reflect diverse user queries. Packages 

 
* Corresponding author. 

e-ISSN : 0976-5166 
p-ISSN : 2231-3850 ChangGyun Jin et al. / Indian Journal of Computer Science and Engineering (IJCSE)

DOI : 10.21817/indjcse/2020/v11i2/201102107 Vol. 11 No. 2 Mar-Apr 2020 168



may have different delivery priorities, such as emergency deliveries, and additional travel costs may be incurred 
when using highways. By accounting for all of these factors, a query such as ‘find the path that delivers according 
to the set delivery priority and has low travel costs with high commissions’ is facilitated. Queries can be 
increasingly diversified as the number of attributes increases and user preferences can be applied to attributes to 
return more appropriate results [2]. 

The third problem is computation speed. Because the PCTSP is derived from the TSP, it is also an NP-hard 
problem, meaning that as the amount of data increases, the number of operations increases exponentially.  

To solve these three problems, we apply multiple attributes to each data sample and classify data according to 
user preferences based on Euclidean distance (ED). This paper proposes a user preference-PCTSP (UP-PCTSP) 
technique that includes a method for reducing the number of operations by pruning unsuitable data from the 
PCTSPTW. 

This remainder of this paper is organized as follows. Section 2 describes related research on the PCTSP and 
ED using examples. Section 3 describes the proposed method for pruning data according to ED based on user 
preferences and the algorithm of the UP-PCTSP. Section 4 presents an experiment that demonstrates the 
effectiveness of the proposed method and Section 5 concludes this paper. 

2. Related Research 

2.1. Euclidean Distance 

ED is the distance between two points in an n-dimensional space. This measure is primarily applied to data 
mining or machine learning tasks. Eq. (1) is the formula of ED and uses the Pythagorean Theorem to find the 
distance between two multidimensional data with N attributes. 

 
2 2 2( 1 1) ( 2 2) ( )a b a b aN bN      . (1) 

Table 1 presents examples in which either ED computation is impossible or its meaning is lost. Table 1(a) 
shows the problem of differences between the numbers of attributes for different data. While A has values for two 
attributes s1 and s2, B only has a value for attribute s1. If the number of attributes differs between data, then 
computing ED is impossible. 

Table 1.  Examples of ED computation limits 

Object \ Attribute s1 s2 

A 4 6 

B 2 x 

(a) 

Object \ Attribute s1 s2 S3 

A 6 3 - 

B 2 - 5 
(b) 

Object \ Attribute s1 s2 

A 3 10000 

B 7 4000 

(c) 

Table 1(b) shows the problem of differences in the conceptualization of attributes. A has a vector for the 
attribute concepts s1 and s2, whereas B has a vector for the attribute concepts s1 and s3. Just as liters, a measure 
of liquid, and meters, a measure of length, cannot be regarded as the same concept, because s2 and s3 are different 
concepts, computing ED is impossible. 

Table 1(c) shows an example in which computation itself is not impossible, but the meaning of ED is lost. The 
occurrence of large differences in the number of digits between attributes is an important factor. Because the value 
of s2 comprises most of the ED computation, s1 essentially becomes irrelevant. Although a generalized formula 
for constant scaling to prevent this phenomenon already exists, it is not suitable for the characteristics proposed 
in this paper [3]. Therefore, weights are assigned directly to attributes according to user preferences and 
normalization is performed to scale vectors uniformly. Section 3 describes this process in detail. 

ES judges the similarity between data according to the values calculated for ED. This technique is used to 
determine how similar query data are to existing data. Table 2 presents an example of ES in which human and 
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animal data exist and person data are given as a query. Therefore, the goal is to determine if person is more similar 
to human data or animal data. By computing ED using the values given for each type of data, one can see that the 
distance between person and human is 1.4142, while the distance between person and animal is 4.1231. Therefore, 
because person is closer to human than it is to animal, it is judged to be more similar to human. The proposed 
method performs ED computations for all data comparisons. 

Table 2.  Example of Euclidean similarity  

Data s1 s2 

Human 4 6 

Animal 2 3 

Person (Query) 3 7 

2.2. Prize Collecting Traveling Salesman Problem 

According to a paper by Balas published in 1986 [4], prize money is awarded for each visited city and a penalty 
is issued for each unvisited city. The problem of finding a path to collect a specified amount of prize money was 
defined as the prize collecting traveling salesman problem (PCTSP). In a paper by Feillet et al. published in 2005, 
the PCTSP was classified into three different types of problems [5]. 

(1) Find the path that maximizes prizes while not exceeding a preset maximum path cost.  

(2) Find the path that minimizes path cost while collecting a preset minimum prize amount. 

(3) Minimize the sum of prize money minus path cost. 

The prize collecting traveling salesman problem time window (PCTSPTW) used in this paper is of type (1). 
By considering path cost as time, among the paths satisfying the set time constraints, the sum of prizes earned 
from each city visited (sum of each attribute) determines the path that is most suitable for a user's preferences. 

In terms of other studies on the PCTSPTW, the papers by Reuven et al. (2005) and Xiaohu et al. (2008) 
presented solutions for finding paths in which each node yields the maximum prize money [6, 7]. Furthermore, 
Zang and Tang (2007) proposed a method for finding the path that minimizes the sum of prize money and 
penalties, assuming that a penalty is given if a node is not visited [8]. 

3. User PreferencePrize Collecting Traveling Salesman Problem 

3.1. Symbols and definitions 

The proposed scheme user preference prize collecting traveling salesman problem is UP-PCTSP in short. Table 3 
lists the symbols used in this section with their definitions. 

Table 3.  Symbols and definitions 

Symbol Definition 

M[] Weight (maximum) by attribute 

T[] Standard by attribute 

(A,si),(B,si) siis an attribute value of A or B data 

i, j Index value of array or attribute 

N Total number of data 

Cod Total number of attributes 

Sum Sum variable for ED computation 

ed[] Temporary storage array for ED computation 

Node_ed[] Storage array for user preference ED (UP-Ed) computation value 

SumData[] Sum of data values for each attribute of nodes on a path 

SumTime Total travel time of a path 

tw(time window) Time window 

dis[][] Travel time between nodes 
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check[] Check if a path computation node is visited 

best_path, best_ed Optimal path storage array and variable 

data[][] Data value for each attribute of a node  

V Virtual dataset for Euclidean distance 

3.2. Superiority classification of multi-attribute data according to user preferences 

The difference between the proposed method and the conventional PCTSP is the criterion for identifying optimal 
solutions. An optimal solution in the proposed method is identified according to user preferences, rather than by 
the magnitudes of values. This problem cannot be solved using conventional techniques because multiple 
attributes are applied. As a result, the superiority of data cannot be distinguished simply according to the 
magnitudes of the values. 

When viewing the A and B data in Table 4 solely from the perspective of magnitude (assuming lower values 
are better), it is difficult to determine the superiority relationship between these two data. Although A is better 
than B for attribute s1, it is worse for s2. Conversely, B is worse than A for s1, but better for s2. Therefore, the 
user faces the dilemma of determining which data sample represents the better choice. However, if a user prefers 
attribute s1 over s2, then B is the better choice for that user. Therefore, if a user's attribute preference is known, 
then the superiority relationships between data with multiple attributes can be determined. 

Table 4.  Example 1 of data superiority 

Object \ Attribute s1 s2 

A 4 6 

B 2 8 

However, unlike the example in Table 4, when data have more than two attributes, the user must provide a 
ranking of priorities. 

In Table 5, attribute s3 is added to the data (assuming lower values are better). In this case, regardless of which 
attribute the user prioritizes, a problem arises when comparing the other two attributes. Therefore, the user must 
set priorities for all three attributes. 

Table 5.  Example 2 of data superiority 

Object \ Attribute s1 s2 s3 

A 3 6000 5 

B 2 8000 3 

Even if the attributes are ranked, based on differences in the numbers of digits in the attribute values, an 
attribute with a relatively low number of digits will not impact the results.  

In this paper, to solve such problems efficiently, when a user inputs and submits their ranking of attributes, 
attributes are weighted according to their rank and the attribute values of the data are normalized. There are two 
reasons for weighting attributes. The first is to differentiate weights according to rank by assigning different 
weights for each rank such that lower-ranked attributes are assigned lower values than higher-ranked attributes. 
The second reason, which was described in Section 2.1, is to solve problems in which there are differences in the 
numbers of digits between attribute values, as shown in Table 1(c). By setting appropriate weights, even attributes 
with a low number of digits can influence results.  

Although weight does not impact computation speed, regardless of its value, it is preferable to use a reasonable 
number of digits and leave a certain amount of disparity between attributes. Ranks become meaningless if the 
differences between weights are too small, making it difficult to obtain data according to user preferences. 
Conversely, if weight differences are too large, an attribute with a small weight may not have a consistent 
influence on computation. Eq. (2) is a weighting value set in this paper and distributed according to the priority 
among attributes input by the user. 

    100    1 10.M i rank of corresponding attribute   
 (2) 

To use a set weight, a reference value must also be set. A reference value refers to the score that can be 
substituted when the weight is assumed to be the full score. For example, if a score of 40 is obtained in a test in 
which 50 is the highest score, a corresponding score should be obtained by assuming that the highest score is 100. 
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Here, 100 becomes the weight and 50 becomes the reference value. If 50 points is substituted for 100 points, then 
the score of 40 becomes 100 / 50 × 40 = 80.  

Eq. (3) is a formula for the reference values, which is set according to the sum of each attribute of the data. If 
there are two or more data, then the sum of the corresponding attributes of all data is used as the reference value. 

      , ,T i A si B si 
. (3) 

Table 6 lists the weights and reference values when s1 is ranked first, s2 is ranked second, and s3 is ranked 
third. Next, Eq. (4) is used to normalize the attribute values of the data. 

Table 6.  Example of weights and reference values 

Object \ Attribute s1 s2 s3 

M 100 90 80 

T 5 14000 8 

                , / , , , / ,A si M i T i A si B si M i T i B si   
. (4) 

Table 7 shows that the number of digits of all attribute values is fixed at two. The remaining step is to compare 
A and B using the normalized data (Table 7). ED is utilized for comparison, meaning a user query is needed. In 
this study, we adopted hypothetical data using only the best attribute values and compared it to the normalized 
data. Therefore, zero is the best attribute value when lower values are better and T[i] is the best attribute value 
when higher values are better.  

In the example above, because lower values were assumed to be better for all attributes, the virtual dataset is 
V(0,0,0). Accordingly, when using ED, the distance between V and A is 87.10 and the distance between V and B 
is 71.73. Therefore, B is considered to be more suitable for the user's preferences because it is closer to V. For 
ease of explanation, this superiority classification method is referred to as UP-ED for the remainder of this paper. 

Table 7.  Normalized attribute values 

Object \ Attribute s1 s2 s3 

A 60 38.57 50 

B 40 51.43 30 

3.3. UP-PCTSP 

In the UP-PCTSP, computation begins after the user inputs their preference rankings and tw as a query. Table 8 
presents the data assumptions utilized to explain the proposed technique. Because there are four attributes, user 
rankings are assigned to four positions. Attribute 1 is fourth, attribute 2 is third, attribute 3 is first, and attribute 4 
is second. Furthermore, it is assumed that low values are better for attributes 1 and 2, while high values are better 
for attributes 3 and 4. For ease of explanation, the number of data is five, tw is five, and the number of pruning 
operations is three. 

After inputting the user’s query, pruning is performed using UP-ED. This is because each data point is 
connected to all other data points, meaning data with relatively small rewards can be excluded to improve 
computation speed. Here, “connected” indicates that data are linked from one point to another. The state of two 
nodes is connected if one can travel directly from the current node to the target node. 

Table 8.  UP-PCTSP example 

Number of data 5 

Number of attributes 4 

tw 5 

Number of pruning operations 3 

User preference ranking (4, 3, 1, 2) 

Attribute value comparison standard  (low, low, high, high) 

Fig.1 presents the algorithm for executing UP-ED. The calculation is repeated for a number of iterations equal 
to the number of nodes, excluding the starting node A (lines 5 to 15). The data at each node are converted 
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according to the user input values (lines 6 to 13) and the square of each converted value is accumulated (line 12). 
When the comparison standard for the attributes currently being computed is “low,” then the converted data are 
subtracted from T[j] (lines 7 to 8). When the standard is “good,” the converted data are used without any 
modification (lines 9 to 10). Subsequently, by using ED, which involves computing the square root of the 
accumulated values, a value representing how close a node is to the user preferences is stored in the Node_ed 
array (line 14). After all nodes have been computed, the Node_ed array is sorted and returned (lines 16 and 18).Fig. 
2 presents which data to be visited are connected and the time cost for travel. 

 
Fig. 1.  Start_ED algorithm. 

Table 9 lists the attribute values for each data point in Fig.2. Because A is the starting point, it does not need 
to be included in the computation, meaning it has no value. 

Table 9.  Attribute values for each data point 

Object \ Attribute s1 s2 s3 s4 

A 0 0 0 0 

B 29 30 15 51 

C 69 88 88 95 

D 97 87 14 10 

E 8 64 62 23 

Table 10 lists the converted values for the data in Table 9 following UP-ED computation. Lower values are 
better for attributes 1 and 2, and higher values are better for attributes 3 and 4. Therefore, ED computation is 
performed between V (0, 0, 100, 90) and each data point. In order, A, C, and E are the closest to V and the 
remaining two data are excluded from computation. 

Table 10. UP-ED conversion 

Object \ Attribute s1 s2 s3 s4 Node_ed 

A 0 0 0 0 0 

B 10 8.921 8.379 25.642 112.764 

C 23.793 26.171 49.162 47.765 74.961 

D 33.448 25.873 7.821 5.027 132.308 

E 2.758 19.033 34.638 11.564 103.896 

Following this process, the graph shown in Fig.2 changes to that shown in Fig.3. The pruned B and D data are 
excluded from the graph and PCTSP computation is only performed on the remaining three data. 

Start_ED() 
1   Initialize set of Node_ed[N] = max 
2   Initialize set of ed[cod] = 0 
3   Initialize Sum = 0 
4   Node_ed[0]=0 
5   Loop i for N-1 
6       Loop j for cod 
7           If (good for j==low) 
8              ed[j] =T[j] - (T[j] / M[j] ⅹ data[i][j]) 
9           Else 
10             ed[j]= T / M ⅹ data[i][j] 
11          ed[j]=ed[j]ⅹed[j] 
12          Sum+=ed[j] 
13      Loop END 
14      Node_ed[i]=√sum
15  Loop END 
16  Sort Node_ed
17  END of Start_ED() 
18      return Node_ed
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Fig.4 presents the code for the PCTSP. First, all check arrays, which check whether or not nodes are visited 
in the computation, are initialized to false. Additionally, the SumData array and SumTime, which store the data 
on the path and the total travel time, are initialized to zero. The best_ed variable for the optimal path is initialized 
to max. This process is repeated for each data sample (lines 4 to 18). 

 
Fig. 2.  Data connection graph. 

 
Fig. 3.  Converted data connection graph. 

 
Fig. 4.  PCTSP algorithm. 

For the conditional statements, the algorithm checks if a node has been visited, checks if it is the same node 
as the current location, and checks if the time window will be exceeded if the node is visited (line 5). If all three 
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PCTSP(start,here) 
1   Initialize check[N]=true 
2   Initialize SumData[cod], SumTime=0 
3   Initialize best_ed=max 
4   Loop j for N 
5       If (j == here or SumTime + dis[here][j]+dis[j][start]>tw or check[j] == true) 
6            Start next loop 
7       Else  
8            SumTime += dis[here][j] 
9            SumData += data[j] 
10          Check[here] = true 
11          Path += curren node 
12          PCTSP(Start,j) 
13          SumData -= data[j] 
14          Check[here] = false 
15          SumTime -= dis[here][j] 
16          Path -= current node 
17     If END 
18  Loop END 
19     If (There are no nodes to visit from the current node AND SumTime<=tw) 
20         SumTime+=dis[here][start] 
21         a=ED(SumData) 
22         If (a<best_ed) 
23              best_ed = a 
24              best_path = path 
25         If END 
26     If END 
27  END of PCTSP 
28     return best_path
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conditions are satisfied, the data of the node at the current location are added to the value stored in the SumData 
array (lines 9) and the current location is added to the path. The algorithm then travels to the next node (lines 11 
and 12).  

Iteration ends when there is no node that can be traveled to from the current position and the total travel time 
after traveling back to the starting point does not exceed tw. The current path is then stored as an optimal candidate 
path and additional computations are performed (lines 19 to 26). UP-ED computation is performed again through 
the End_ed and best_path functions. All optimal candidate paths calculated to this point are compared and the 
path that is most suitable for the user is stored in best_ed and best_path (lines 22 to 25). The best_ed variable is 
stored because the UP-ED computation of best_path was already performed once. Storing this variable lets us 
avoid repeating the same computation later.  

The End_ed function performs the same computation as the Start_ed function, but differs in that it executes 
UP-ED on only one data point.  

If the computation described above is applied to Fig.3, because the A-E-C-A path that satisfies the tw condition 
of five is the optimal candidate path, ED computation is performed. 

Table 11(a) lists the sums of the data values for each attribute of the nodes on the path. These values are then 
converted using the End_ed function (Table 11(b)). Here, path_ed is 68.304, which represents the distance 
between the A-E-C-A path and V (0, 0, 100, 90). In other words, the above path is only a short distance of 68.304 
from the theoretically optimal path. Because this value is smaller than the initial value of best_ed (max), the 
current path (A-E-C-A) is stored in the best_path variable (line 24). Because no other path exists, the last saved 
path is returned to the user as the best path (line 28). 

Table 11.  A-E-C-A path data 

Attribute s1 s2 s3 s4 

Path 77 152 150 118 

(a) 

Attribute s1 s2 s3 s4 path_ed 

Path 26.55 45.2 83.79 59.32 68.304 

(b) 

4. Experiment 

4.1. Experimental environment 

Table 12 lists the parameters for the experimental environment adopted in this study. Experiments were conducted 
on an Intel (R) Xeon (R) CPU E5-2630 v4 with 128 GB of RAM (2.20 GHz) and the algorithm was written in the 
C programming language. All of the data used were random values between 1 and 1000. For the time costs (i.e., 
edge values), random value between 1 and 3 were adopted. The number of dimensions was set to four. 

Table 12.  Experimental environment 

CPU Intel(R) Xeon(R) CPU E5-2630 v4, 

RAM 128 GB 

Programming C Language 

Time Cost 1–3 unit 

Attributes of data 1–1000 values 

Dimensions 4 

Because the traditional method does not have any means of applying multidimensional attributes to the 
PCTSP, a full search of all paths was executed. The proposed method was executed using the search method 
described above. Even though this is not technically a full search, it can be used if the optimal result is returned. 
However, because both the proposed and traditional methods use the same base algorithm, the only substantial 
difference between them lies in their computation times, meaning it is simple to demonstrate the effectiveness of 
the proposed method.  

In our experiments, we compared the optimal paths identified when all paths were searched to the paths 
returned by the proposed method, which searches after pruning. If two paths matched exactly, they were included 
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in the accuracy measure. If the paths did not match, then their difference was expressed as an error rate. The 
equations for accuracy and error rate are defined as follows:  

 / 100Accuracy PEC LC  . (5) 

     /  100Error rate SBP UP ED OBP UP ED OBT UP ED     
. (6) 

For accuracy, the perfect exact count (PEC), which is the number of times there is a perfect match between 
optimal paths, is divided by the loop count (LC), then multiplied by 100, thereby expressing accuracy as a 
percentage. For the error rate, the optimal best path (OBP) is subtracted from the UP-ED value of the suggested 
best path (SBP) and the result is divided by the UP-ED value of the OBP, then multiplied by 100, thereby 
expressing the error rate as a percentage. 

Multiple experiments were conducted for changes in different variables. The number of data (nodes), accuracy 
according to changes in tw, average error rate, and differences in computation time were analyzed. The efficiency 
and usefulness of the proposed method is demonstrated through the analysis of accuracy according to the number 
of pruning operations. 

4.2. Experimental results 

Table 13 presents the analysis of the proposed technique according to changes in the number of data. For the 
common data, the number of pruning operations was set to 15 and the value of tw was set to 10 h. To enhance the 
accuracy of our experiments, the accuracy and error rate were measured while varying the number of iterations 
for each number of data. Overall, accuracy does not exceed the range of 95–99% and the error rate does not exceed 
the range of 0.001–0.2%.  

For the full search, the computation time increases significantly as the number of data increases, while the 
proposed method exhibits a consistent computation time of 0.1 second.  

This result can be attributed to the number of pruning operations. The proposed method always performs 
computations for only the top 15 data, regardless of the total number of data, so no changes in computation time 
occur. 

Table 13.  Analysis according to changes in the number of data 

Pruning tw (hr) 
Number of 

data 
Iterations Accuracy (%)

Average error 
rate (%) 

Full search 
computation 

time (sec) 

Proposed 
computation 

time (sec) 

15 10 

20 

100 92% 0.21% 0.77 0.1 

200 98% 0.0046% 0.82 0.1 

300 99.67% 0.0002% 0.76 0.1 

400 98.5% 0.0018% 0.82 0.1 

500 98% 0.0020% 0.82 0.1 

22 

100 97% 0.0085% 2.14 0.1 

200 96% 0.0206% 2.05 0.1 

300 98% 0.003% 2.15 0.1 

400 96.25% 0.0019% 2.03 0.1 

500 98.8 0.001% 2.05 0.1 

24 

100 98% 0.2327% 4.54 0.1 

200 96% 0.0128% 4.31 0.1 

300 97.33% 0.0008% 4.45 0.1 

400 97% 0.0012% 4.63 0.1 

500 95.2 0.001% 4.54 0.1 

26 100 96% 0.0136% 10.09 0.1 
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200 96% 0.0018% 10.27 0.1 

300 95.3% 0.0714% 10.91 0.1 

400 97.3% 0.0014% 11.24 0.1 

500 96% 0.0012% 11.16 0.1 

28 

100 97% 0.0018% 20.8 0.1 

200 96.5% 0.0159% 20.92 0.1 

300 95.33% 0.0039% 20.9 0.1 

400 97% 0.001% 21.35 0.1 

500 96.80% 0.0011% 20.79 0.1 

30 

100 98% 0.019% 40.2 0.1 

200 96% 0.01% 41.8 0.1 

300 97.33% 0.008% 39.6 0.1 

400 95.5% 0.01% 40.5 0.1 

500 96.8 0.01% 40.1 0.1 

Table 14 presents the analysis results according to changes in tw. For the common data, the number of pruning 
operations, iterations, and data were set to 15, 100, and 30, respectively. Similar to Table 13, the accuracy ranges 
from 97% to 99% and the error rate ranges from 0.01% to 0.95%.  

However, the computation time varies significantly. The computation time for the full search increases by 
approximately 10 times for each increment of 1 h in terms of tw. The proposed method also exhibits increasing 
computation time, but the increases are relatively small. 

These differences in computation time according to tw can be attributed to the search level. As tw increases, 
the numbers of levels searched also increases, causing the number of computed paths to increase exponentially.  

The total number of paths that must be searched in the PCTSP in the worst-case scenario (unifying all time 
costs to a minimum of one) is (N − 1)! / (N – tw − 1)!. If the number of data is 30 and tw is 10 h, then the number 
of paths to be searched is 29! / 19! = approximately 72.68 trillion paths. If tw is 11 h, then there are 29! / 18! = 
approximately 1381 trillion paths to be searched. However, because the proposed method limits the number of 
data using pruning, if the number of pruning operations is assumed to be 15 with a tw value of 10 h, then 14! / 4! 
= 3.6 billion paths are searched. If tw increases to 11 h, then 14! / 3! = 14.5 billion paths are searched, which is a 
relatively small increase.  

Table 14.  Analysis according to changes in tw 

Pruning Iterations 
Number of 

data 
tw (hr) Accuracy (%)

Average error 
rate (%) 

Full search 
computation 

time (sec) 

Proposed 
computation 

time (sec) 

15 100 30 

8 98% 0.0958% 0.514 0.0062 

9 97% 0.016% 5.23 0.03 

10 98% 0.019% 40.2 0.12 

11 97% 0.0259% 324 0.42 

12 99% 0.0242% 2530 1.66 

Table 15 presents the analysis results according to changes in the number of pruning operations. For the 
common data, tw and the number of iterations and data were set to 10 h, 100, and 30, respectively. This experiment 
demonstrates that the number of pruning operations significantly affects accuracy. The lowest accuracy of 66% 
can be observed with 10 pruning operations. As the number of pruning operations increases, accuracy also 
increases. The error rates do not differ significantly from those in the previous experiments.  
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The same results can be observed for the computation time of the full search (approximately 41 s) for all 
conditions because tw and the number of data were fixed. In contrast, for the proposed method, computation time 
increases in with the number of pruning operations. This result is expected based on the nature of the proposed 
method, which performs as many computations as the number of pruning operations. 

Table 15.  Analysis according to changes in the number of pruning operations 

tw (hr) Iterations 
Number of 

data 
Pruning Accuracy (%)

Average error 
rate (%) 

Full search 
computation 

time (sec) 

Proposed 
computation 

time (sec) 

10 100 30 

10 66% 0.1754% 41.6 0.0043 

12 84% 0.088% 41.16 0.0177 

15 98% 0.019% 40.2 0.12 

18 98% 0.0518% 39.8 0.56 

20 100% 0% 41.47 1.45 

Table 16 presents the experimental results when the number of data is set to a large value of 300. Because the 
computation time for the full search had to be reduced to achieve a result, tw was set to 6 to accelerate computation. 
In this experiment, the number of iterations was set to 100 and the number of pruning operations was set to 15. 
One can see that the accuracy is 95% and the error rate is 0.0003%, which are similar to the results of the previous 
experiments. The computation time of the full search is approximately 41 minutes, despite the reduction of tw to 
6 h. The proposed method exhibits a computation time of only 0.0055 seconds. 

Table 16.  Experimental analysis of large number of data 

tw (hr) Iterations 
Number of 

data 
Pruning Accuracy (%)

Average error 
rate (%) 

Full search 
computation 

time 
(sec) 

Proposed 
computation 

time 
(sec) 

6 100 300 15 95% 0.0003% 2462.24 0.0055 

In Table 14, the changes in tw do not result in large changes in accuracy. Therefore, according to the 
experimental results in Table 16, it can be inferred that even if tw increases further, only the computation time 
will increase, while the accuracy will remain the same. Furthermore, the experimental results in Table 13 indicate 
that increasing the number of data does not impact accuracy. This suggests that even if the number of data is 
increased above 300, no significant changes in accuracy will occur. 

5. Conclusions 

To address the three main problems of the existing PCTSP in terms of user preferences, the inability to reflect 
diverse queries, and computation speed, this paper proposed the UP-PCTSP technique, which returns an optimal 
path according to a user's preferences by applying multidimensional attributes.  

We implemented a PCTSP technique that uses ED to prune data according to a user's inputted ranking of 
multidimensional attributes, thereby reducing computation time and identifying the optimal path for the given 
input data. We conducted experiments to verify the efficiency and usefulness of the proposed method.  

The proposed method was implemented using a full search algorithm in this study. In future studies, faster 
computation times can be achieved by applying optimization techniques, such as heuristic algorithms and dynamic 
programming methods, which are suitable for multidimensional attributes. 
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