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 The increasing number of urban centers and the increasing number of vehicles caused by 
industrialization caused problems such as lack of infrastructure in traffic, environmental 
pollution and an increase in energy requirements. This situation led the city administrators 
to search for solutions in order to improve the efficiency of public transportation systems 
and increase their efficiency.  In this study, it is aimed to determine the functional efficiency 
of the bus lines used in urban public transportation. For this purpose, the lines are classified 
according to their functional activities by using the functional data of the lines. Both 
classical cluster analysis and self-organizing mapping (SOM) method were used for 
classification. Data from Erzurum main public transport lines were used to implement the 
methods. According to the findings of this study, it was determined that the two methods 
achieved similar results. As a result, it has been determined that classification of public 
transportation lines used in cities according to their functional efficiency will be beneficial 
for decision makers to make correct planning. With the right planning in public transport 
lines, significant economic and environmental benefits will be obtained. 

1.Introduction 

With the rise in income levels in our cities, the intense demand has 
been towards private car use; transport investments have also been 
made to support the use of private automobiles. In this process, public 
transportation has always been in the background. This situation 
continued until the urban roads were filled with private cars and 
urban transportation reached a halt. 

Public transportation, which is the most important solution of 
transportation problems, increases its importance with the rapidly 
developing urbanization awareness and environmental sensitivity 
throughout the world. 

An efficient public transport system; infrastructure, public transport, 
users of vehicles, operators and managers can be considered as the 
best way to take advantage of these components, can be achieved by 
creating a harmonious and integrated public transport system [1]. 

Providing the transportation needs of the people living in cities in 
terms of environment and economics is possible with public 
transportation systems. Public transport systems reduce the number 
of vehicles in traffic, prevent environmental and noise pollution and 
minimize fuel consumption. The performance of public transport 
systems, which have an important function both in terms of 
environment and economy, is of great importance in terms of meeting 
the public needs in a sustainable way. 

The poor performance of public transport lines will result in lower 
service levels and will result in increased taxes and transportation 
fees to subsidize this economically unsustainable system. This will 
cause private vehicles that are not environmentally and economically 
efficient to be preferred over public transport. 

The use of public transportation in cities is encouraged and studies 
are being made to increase its quality in order to make its use more 
attractive [2]. Evaluation of quality in public transport services has 
been carried out especially for the last fifteen years [3]. Performance 
determinations have become an important tool for transport 

providers aiming at setting strategic goals for the continuous 
improvement of the services provided [4]. Improvements in public 
transport services can affect user satisfaction in travel conditions and 
as a result, individuals' overall quality of life assessments [5]. 

There may be significant differences in the level of quality offered and 
what factors are crucial to the service, depending on the viewpoint 
(service managers 'point of view and passengers' point of view) to 
analyze service quality. Parkan (2002) argued that when the quality of 
service assessment was conducted by public transport suppliers, the 
list of factors that were considered to be important differed from the 
main factors considered by public transport users [6]. Because 
passengers have different perceptions about each line feature due to 
their special needs and even preferences. 

When the studies in the literature are examined, an analysis of 
satisfaction with public transport services has been made [4], [5], [6]. 
Zhang et al., examined the effects of organizational forms on the 
comprehensive effectiveness of public transport services in China. In 
the study, comprehensive effectiveness was evaluated [7]. It used a 
combined evaluation method consisting of information entropy 
theory and data envelopment analysis. Abenoza et al., (2017) identified 
and characterized current and potential users of public transport in 
Sweden and identified the most important determinants of travel 
satisfaction with Public Transport services for each segment of 
travelers [8]. 

The classification of public transport lines by clustering analysis was 
carried out by Jimenez et al., (2013;2014) [9, 10]. Jimenez et al, (2013) 
developed a cluster method to examine and classify bus lines in 
Madrid. In this study, kinematic data of bus lines were collected that 
data on the movement of each bus such as; speed, distance, 
acceleration, deceleration, waiting time at the stop. In this study, the 
kinematic loops of the routes traveled by the vehicle are measured, 
the line loops are divided into micro loops and their characteristics 
are characterized, they are grouped into clusters with homogeneous 
kinematic properties in certain micro loops and a standard loop is 
created for each cluster. As a result, the hierarchical method with 
selection criteria, which can reduce the least negative combination of 
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route groups, is preferred [9]. Jimenez et al, because it is costly and 
time-consuming to obtain kinematic variables, the classification of 
lines is made using macroscopic variables and artificial neural 
networks [10]. 

The most important problems for both users and operators in public 
transportation are loss of time and energy. In order to reduce these 
losses, especially to ensure energy efficiency in transportation, it 
should be ensured that the lines used in public transportation are 
used efficiently. In order to determine the efficient use of public 
transport lines, their performance should be determined. Evaluating 
the performance of the lines after they are determined can help in 
making the right decisions. In this study, it is aimed to classify public 
transportation lines according to their performance. The purpose of 
the classification is to identify lines with high performance and low 
performance. In this study, 33 bus lines belonging to Erzurum 
Metropolitan Municipality and Private Companies operating in 
Erzurum have been classified according to their performance. For 
classification, clustering analysis has been performed by using both 
traditional and artificial intelligence methods. Traditional methods, 
k-means technique, artificial intelligence methods, self-organizing 
mapping (SOM) technique have been used. The results obtained with 
both methods have been compared. 

1. Materials and Methods 

The study material consists of data obtained from Erzurum 
Metropolitan Municipality Department of Transportation and Smart 
Card Directorate [11]. The data used in the study are described below. 

2.1. Capacity Utilization Rate (CUR) 

In Erzurum, there are buses of Metropolitan Municipality and public 
buses for public transportation. These buses have a seating capacity 
of 58 and 100 seats. Capacity utilization ratio (CUR) is calculated 
according to the following equation (1) by using the number of 
passengers, number of flights and bus capacities of the line. 

𝐶𝐶𝐶𝐶𝐶𝐶 = 𝑦𝑦
𝑛𝑛∗𝑘𝑘

∗ 100                                    (1) 

where; 
y: Total number of passengers carried on line 
k: bus capacity 
n: number of bus travels 
CUR values were calculated separately for both weekdays and 
weekends. 

2.2. Number of Passengers 

The average number of buses that buses carry in one day. This data 
was determined separately for both weekdays and weekends. 

2.3. Number of Passengers Moved at Peak Hour 

It is the average number of passengers carried at peak hours, morning 
and evening, on weekdays. 

2.4. Distance covered by buses 

It is the distance that the vehicles serving on each bus line travel on 
weekdays and weekend days. 

The aim of the cluster analysis is to divide the units into groups 
according to their characteristic similarities. Standardization of the 
data before the similarities are calculated is important in confirming 
the results. In this study, the number of passengers, bus numbers and 
capacities on the line and so on. The numerical magnitudes of the 
values were found to be quite different from each other. The most 
common form of standardization is to convert the variables into 
standard values known as “z scores”. For this purpose, standard 
values were obtained for each variable using the equation (2). 

𝑧𝑧 = (𝑥𝑥𝑖𝑖− 𝜇𝜇)
𝜎𝜎

                                         (2) 

Where; 

Z: Standardized value of each variable 
xi: Raw value of each variable 
µ: Average value of each variable 
σ: Standard deviation of each variable  
 

In the inventory of Erzurum Metropolitan Municipality, there are 33 
buses in total and 205 buses of two different types and capacities. In 
addition, there are 94 minibuses in six different lines used in 
intermediate public transportation. The lengths of the buses are quite 
different and vary from 15 to 55 km. Buses with a capacity of 58 and 
100 people, Dadaskent, Hilalkent, Ilıca, Istasyon, Yıldızkent and six 
different referral and administration centers are being routed. 

 

Table 1. Referral and Administration Center (RAC) to which the lines 
are connected in Erzurum 

Referral and 
Administration 
Center (RAC) 

Lines 

Ilıca  B1, B7 
Dadaskent  B2/A, B2, B3, B6 
Hilalkent  G9, K3, K7, K7/A, K10 
Kayakyolu  G4, G5, G10 
Yıldızkent  G3, G6, G7, G7/A, K2,D1 
Istasyon  B4, B5, G1,K1,K8, G4/A, G8, K4, K5, K6, 

K9,B8,G2 
 

In statistical analysis, units with contradictory values among the 
analyzed units can change the results of the analysis. In this study, 
many scenarios have been formed with raw data and standard data 
in clustering analysis. It has been determined that the G9 line has 
been separated from the other lines as an outlier line. When the G9 
line was excluded from the analysis, it was observed that the number 
of cluster elements was close to each other in the obtained clusters. 
This is because the G9 line's number of passengers, line length, vehicle 
number and capacity, capacity utilization rate etc. values are very 
different from the values of other lines. Therefore, it has a negative 
effect on the results of all analyzes. For this reason, G9 line was not 
used in the analyzes because of the outlier value. 

2.5. Clustering Analysis 

Clustering analysis, which is a multivariate statistical method, is used 
to classify data into subgroups by classifying them according to 
similarity rates [12]. The main purpose of this method is to group the 
variables based on their characteristics [13]. The cluster analysis 
developed by MacQueen in 1967 can be grouped under two headings 
as hierarchical and non-hierarchical clustering analysis, which is 
widely accepted and used [14], [15], [16]. 

Cluster analysis is an objective method developed to assess the 
structural characteristics of observations. In cluster analysis, 
researchers need to make a reliable sample selection that accurately 
represents the structure of the population. The success of cluster 
analysis depends on a good sample selection. 

2.6. k-means Clustering Method 

In this study, k-means clustering method and self-regulated mapping 
method which is one of the artificial intelligence clustering methods 
will be used. 

 

In k-means clustering method, a new cluster center is created at each 
iteration and if an element is closer to the recalculated new center, it 
is moved to that cluster. 
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2.7. Determination the Number of Clusters 

Most clustering methods require determining the number of clusters 
that will occur at the end of the analysis. Especially in non-phased 
clustering methods, the number of clusters must be determined 
before starting the analysis. In progressive methods, such a 
determination is not required before analysis. With the help of the 
dendrogram obtained in progressive clustering methods, the number 
of clusters can be decided visually. For this reason, before applying 
non-staged clustering methods to the data, probable number of 
clusters can be determined by applying staged methods [17]. 

2.8. Self-Organizing Mapping-SOM 

Self-Organizing Mapping (SOM), which is a more sophisticated and 
artificial neural network-based clustering technique than K-means 
technique, has received considerable attention in a wide range of 
applications from trade to engineering [18], [19] [20], [21]. 

Self-editing maps are used to aggregate data and reduce the 
dimensionality of the data. According to some studies, the SOM 
method; shows the relationship between sets of data points in sets and 
sets in a two-dimensional space [18], [19], [20]. The SOM network can 
also display data in one or three-dimensional space. The SOM network 
consists of two neuron layers, the input and output layers (Figure 1). 

 

Figure 1. Example self-organizing map network structure 

In the Self-Organizing Map (SOM) network, the input layer is fully 
connected to the output layer. The output layer, which is the core of 
the SOM network, works in a similar way to biological systems in that 
it suppresses sparse data representation and provides intensive data 
dissemination using a two-dimensional map. This can be done by 
assigning different sub-areas of the output layer to different 
categories of information. As a result, the position of the processing 
element in a network is assigned a certain characteristic in the input 
data set [22]. The network passes through several training cycles, 
starting with randomly selected weights for the nodes in the output 
layer, and is subjected to a self-regulation process. During each cycle, 
each input vector is considered corresponding and the winning node 
is found by equation (3), which gives the minimum distance 

‖𝑥𝑥𝑣𝑣 − 𝑣𝑣𝑖𝑖‖ = 𝑚𝑚𝑚𝑚𝑚𝑚‖𝑥𝑥𝑣𝑣 − 𝑣𝑣𝑖𝑖‖, 𝑚𝑚 = 1,2, … ,𝑁𝑁                    (3) 

In Equation (3), the symbol ‖.‖ indicates the Euclidean distance 
commonly used to measure the distance between vectors. The weight 
vectors of the winning node and the weight vector of neighboring 
nodes are updated using equation (4). 

∆𝑤𝑤 = 𝑎𝑎�𝑥𝑥𝑣𝑣 − 𝑣𝑣𝑖𝑖𝑜𝑜𝑜𝑜𝑜𝑜�, 𝑓𝑓𝑓𝑓𝑓𝑓 𝑚𝑚 ∈ 𝑁𝑁𝑟𝑟                           (4) 

The input vector xv in Equation 4 represents the learning coefficient 
α and the set of all nodes adjacent to Nr r. The SOM clustering process 
works as follows ([23], [19]): 

Step1: Weights start by selecting random small numbers (0-1). 

Step2: The xv-input sample is placed in the SOM network and the 
distance between the weight vectors wj and the input sample xv is 
calculated. Next, as in equation (5), the shortest neuron with xi is 
selected. This selected neuron is called a ‘winning’ node. 

Step3: Assuming a learning coefficient of α, the weights of the 
winning node and its neighboring nodes are updated using the 
following equation. 

𝑤𝑤𝑗𝑗𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑤𝑤𝑗𝑗 + 𝑎𝑎�𝑥𝑥𝑣𝑣 − 𝑣𝑣𝑖𝑖𝑜𝑜𝑜𝑜𝑜𝑜�,𝑓𝑓𝑓𝑓𝑓𝑓 𝑗𝑗 ∈ 𝑁𝑁𝑟𝑟                      (5) 

Step4: Step2 and Step3 are repeated until the stop criterion is met. 

Intuitively, the output nodes that are close to the winning node 
receive more updates, and over time, the amount and coverage of the 
update decreases, and the link weights of the map nodes tend to 
stabilize. Neighborhood distance (r) may vary and generally decreases 
as training progresses [19]. The basic basis of the SOM network is 
described here. Various variations of SOM may also be found in the 
literature [18], [22], [24]. 

 

3. Results 

In this study, it was checked whether the data in the database 
prepared for cluster analysis were meaningful or not. The variables 
not suitable for cluster analysis were excluded from the analysis. The 
variance analysis table of the variables used in the cluster analysis is 
obtained as in Table 2. 

In this study, the clustering analysis made according to the values of 
the lines consists of the elements with the first set minimum, the 
second set middle, the third set maximum values from the distances 
between the result set centers. The second set and the third set are 
very similar. The first set and the third set are at least similar. 

Clustering results according to SOM method were obtained with k-
means method. The SOM structure is constructed as shown in Figure 
2. The ready toolbox in Matlab for the SOM network also generates an 
equal number of rows and columns. In this study, special code was 
written in Matlab to produce three outputs with SOM network. 
Accordingly, the structure of the network is formed with three inputs 
with ten inputs. 

 

 

Figure 2. SOM network structure in this study 

 
According to SOM method, clusters and element numbers and cluster 
values are obtained as in Figure 3. In this study, the number of 
clusters was determined as three by experiment. 
 

In clustering analysis the number of clusters was decided after the 
suitability of the data had been determined. Using the data in this 
study, cluster analysis for experimental purposes was made. As a 
result of these trials, the number of clusters was determined as three. 
The distance values between the cluster result centers provide 
information about the similarity between the clusters (Table 3). 
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Table 2. Variance analysis table 

 Cluster Error 

F Sig. Mean 
Square 

df Mean 
Square 

df 

Weekday 
CUR 7.327 2 .481 29 15.231 .000 

Weekend 
CUR 

7.721 2 .423 29 18.260 .000 

Average 
number of 
passengers 
per week 

9.428 2 .096 29 98.438 .000 

Average 
number of 
passengers 
at the 
weekend 

9.428 2 .096 29 98.438 .000 

Average 
number of 
passengers 
per 
morning 
peak hour 

10.371 2 .302 29 34.383 .000 

Average 
number of 
passengers 
per 
evening 
peak hour 

8.878 2 .272 29 32.690 .000 

Number of 
vehicles 
running 
on 
weekdays 

9.766 2 .140 29 69.710 .000 

Number of 
vehicles 
running 
on the 
weekend 
line 

8.752 2 .154 29 56.725 .000 

Average 
distance 
traveled 
during the 
week 

11.535 2 .085 29 135.530 .000 

Average 
distance 
traveled at 
the 
weekend 

10.916 2 .127 29 86.127 .000 

 

Table 3. Distance between result cluster centers 

Cluster 1 2 3 

1  4.061 6.454 

2 4.061  2.456 
3 6.454 2.456  

 

 
Figure 3. Clusters and number of cluster elements in SOM 

 
The naming of the clusters is made according to the values of the 
clusters shown in Figure 3 as high, medium and small. 
 

Table 4. The naming of clusters 
 Cluster No 

(Cluster Name) 
Number of Elements in 
Cluster  

Cluster  1 (Minimum) 8 
2 (Medium) 14 
3 (Maximum) 10 

Total  32 
 
In this study, the same results were obtained according to two 
methods. The elements in each cluster are shown in Figure 4. 

 

 
Figure 4. Distribution of bus lines by clusters 

 
In some studies, in the literature, the operational efficiency of public 
transportation lines has been used in multi-criteria decision making 
and data envelope analysis. In these studies, the lines were ranked 
according to the scores determined [25], [26]. In our study, public 
transportation lines are divided into clusters according to their 
operational efficiency. 
 
4. Conclusion 

This study aimed to classify the lines according to their performance. 
Clustering analysis method was used to classify the lines. Two 
different methods were used in cluster analysis. The first method is 
k-means method and the second method is artificial intelligence, 
neural network clustering technique, self-regulated maps method is 
used. 
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The same results were obtained according to the two methods used. 
There are 33 lines in Erzurum. It is not included in the analysis since 
it shows a difference in terms of line values G9 in comparison to other 
lines. The other 32 lines were divided into three clusters according to 
clustering analysis. The names of the clusters were made as big, 
medium and small. 
The lines in the big cluster serve at full capacity and above. The lines 
in the middle cluster serve under capacity around the capacity. The 
lines in the small cluster serve under capacity. 
It has been determined that the length of the lines used in public 
transportation service in Erzurum is approximately 45-50 km. Larger 
line lengths increase both passenger and journey time. 
As a result of the classification of public transportation lines, it was 
determined that they have a density above the capacity of the lines in 
the Istasyon RAC.  
As a result of this study, while the classification of public 
transportation lines according to their performances, it was 
determined that k-means technique and self-regulated maps 
techniques gave similar results. The classification results made on 
public transport lines can be a guide in re-planning line routes. The 
results of the classification will provide useful information to the 
decision-makers in the planning of urban transport, especially in the 
planning of public transport lines. 
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