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   Abstract 
 

Transportation is among the daily routines of many people and a large part of human life is spent in 

transportation. In a process where transportation has gained so much importance, it is important to 

regularly perform maintenance and repair of vehicles for comfortable, safe and fast transportation. 

In this study, it is aimed to improve the maintenance and repair times of Kocaeli Metropolitan 

Municipality tram operation. Therefore, Maintenance Repair Data Model is designed by applying 

K-NN (K-nearest neighbors) classification, Decision Trees and Deep Learning algorithms from 

Data Mining algorithms.Thus, the warranty periods of the trams are extended and the trams operate 

with maximum performance by looking at the mean time between failures and the length of 

maintenance work periods.Quantitative findings revealed that the K-NN algorithm achieved the 

highest performance with an accuracy rate of 87.6%, outperforming the Decision Tree 85.95% and 

Deep Learning 70.66% models. Moreover, the K-NN model demonstrated the most balanced 

classification performance, with a precision of 0.716, recall of 0.637, and an F1-score of 0.652. In 

contrast, the Deep Learning algorithm exhibited lower performance, with an F1-score of only 0.355, 

indicating its limited effectiveness when applied to structured maintenance data. These results 

suggest that in cases where the dataset is structured and relatively small in scale, simpler non-

parametric models such as K-NN may offer more efficient and practical solutions for predicting 

maintenance durations. 
 

 

 

1. Introduction* 

 

Throughout history, human beings have consistently 

demonstrated a tendency to migrate and relocate, both out 

of necessity and in pursuit of opportunity. In contemporary 

individual and social life, a substantial portion of daily 

activities is comprised of transportation.  

Public transportation systems, supported by well-

developed infrastructure, are the most efficient solution to 

the traffic congestion challenges faced by metropolitan 

areas. As reliance on public transit increases, the number 

of private vehicles on the road will decline, resulting in 

reduced travel times. This shift will alleviate current traffic 

congestion and contribute to significant economic savings. 

It is vital to promote the use of public transportation and 

ensure its continuous and efficient operation, which is 

essential for sustainable urban mobility. Achieving this 

goal requires public transport systems to be characterised 
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by speed, safety, appropriate service frequency and a high 

degree of reliability [1].  

Urban rail systems, such as trams, require effective 

maintenance strategies. This is essential to prevent service 

disruptions and ensure operational reliability. Unexpected 

failures not only compromise service availability but also 

lead to increased repair costs and pose significant safety 

risks [2]. Maintenance in transit systems has historically 

been reactive or periodic. Conversely, predictive 

maintenance employs data-driven approaches to anticipate 

failures before they occur, thereby enabling timely 

interventions that reduce downtime and associated costs. 

With the widespread deployment of sensors and the 

growing availability of operational data, machine learning 

and data mining techniques have emerged as critical tools 

for implementing predictive maintenance in the 

transportation sector [3]. 

Although tram performance tends to decrease on 

narrow streets and during periods of heavy traffic, it 

improves significantly in areas and times with lighter 
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traffic conditions. In the long term, trams are considered to 

represent a healthier, safer, more economical and 

environmentally sustainable mode of public transportation 

[4, 5]. In order to guarantee the reliability and 

dependability of tram services, it is essential to implement 

maintenance strategies that are not only efficient but also 

designed to provide consistent comfort and operational 

performance [6–8]. 

The rapid evolution of technology has markedly 

improved the efficiency of data collection and storage 

processes. Nevertheless, the interpretation and analysis of 

large-scale datasets remains challenging due to their 

substantial volume, structural complexity, and 

heterogeneity. Organisations that transition from 

traditional methods to data-driven, technologically 

integrated approaches are more likely to optimize system 

performance and sustain a competitive advantage. To 

leverage the full potential of big data, it is imperative to 

extract actionable insights using analytical techniques that 

are both accurate and methodologically sound. In the 

context of public transportation systems characterised by 

high daily passenger volumes, the assurance of service 

reliability and availability is contingent upon the efficiency 

and effectiveness of maintenance and repair operations [9]. 

Recent research has highlighted the effectiveness of 

machine learning algorithms in the context of predictive 

maintenance for railway infrastructure. In particular, 

interpretable classification models developed using 

decision trees, random forests, and gradient boosting have 

been successfully employed to predict maintenance 

requirements for railway track switches based on existing 

operational data. These models have been demonstrated to 

exhibit high levels of accuracy while also providing 

transparent decision-making support through feature 

importance analysis, which is especially valuable in 

transportation systems. Inspired by these advancements, 

the present study incorporates a decision tree model to 

classify tram maintenance durations. Furthermore, the K-

NN algorithm is employed due to its proven effectiveness 

in structured maintenance datasets and its ability to deliver 

reliable results with minimal parameter tuning. In 

conjunction with a deep learning model, which serves as a 

benchmark, these algorithms are applied to real-world tram 

maintenance records. This enables an assessment of their 

predictive performance and facilitates more efficient 

maintenance planning in metro rail operations [10-11]. 

In the tram maintenance and analysis process, 

evaluating the operability of trams is of critical importance. 

In this context, the calculation of Mean Time between 

Failures (MTBF) and Availability Value (AV) serves as 

key performance indicators for assessing the operational 

suitability of trams, particularly during the warranty period 

[12, 13]. Data mining methods are increasingly utilized to 

analyze maintenance data and establish a foundation for 

decision support systems [14]. These methods facilitate the 

determination of optimal maintenance and repair intervals 

[15, 16] and enable the classification of faults occurring on 

tram lines [17]. 

The Kocaeli Akçaray tram system in Turkey is a 

modern light rail network that has been in operation since 

2017. As the system matures, a substantial volume of 

maintenance and operational data has been accumulated, 

presenting a valuable opportunity to apply predictive 

analytics for optimizing maintenance and repair processes. 

This study utilises historical maintenance records and 

operational data from the Akçaray system to develop 

models that predict the likelihood of maintenance being 

required by a tram or a specific component in the near 

future. The implementation of proactive maintenance 

scheduling, predicated on such predictions, has the 

potential to curtail unanticipated breakdowns, enhance 

service reliability, and optimise resource utilisation. The 

average number of passengers utilising the tram system in 

Kocaeli is 42,786 per day. In order to ensure consistent 

operational performance, the system requires efficient and 

data-driven maintenance strategies. The improvement of 

repair times, the forecasting of potential failures, and the 

formulation of effective maintenance plans are all essential 

to the sustaining of high service quality and the minimizing 

of disruptions. To address these challenges, the present 

study examines the maintenance personnel’s work 

completion times and applies three data mining techniques: 

decision trees, deep learning, and K-NN predict and 

compare maintenance durations. 

The primary objectives of this study are to compare 

multiple data mining techniques in a tram system, and to 

evaluate these models using robust validation techniques 

and performance metrics to demonstrate improvements in 

the accuracy and reliability of maintenance scheduling. In 

addition, a method was developed to calculate MTBF, 

which enables the assessment of system performance 

during the warranty period. By analyzing both MTBF and 

maintenance durations, the study aims to improve 

predictive maintenance strategies, extend warranty 

coverage, and ensure optimal operational efficiency of the 

tram fleet.  

The performance of the decision tree, deep learning, 

and K-NN models was compared to assess their 

effectiveness in predicting maintenance requirements. In 

this context, a maintenance and repair evaluation system is 

proposed to assess and optimize the warranty periods of 

tram components, thereby contributing to more reliable, 

proactive, and cost-effective operations.  

The following section describes the process of 

acquiring the dataset and the design of the proposed 

system. Section three presents the results obtained from the 
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three data mining methods used in the model along with a 

comparative analysis of their performance. Finally, section 

four concludes the study by summarizing the key findings 

and discussing their implications. 

 

2. Materials and Methods 
 

This study uses the maintenance and repair data of 

trams operated by UlaşımPark J.C., a subsidiary of the 

Kocaeli Metropolitan Municipality. In the evaluation phase 

of the data, three data mining methods were applied, 

namely Decision Tree, K-NN and Deep Learning. These 

methods were used to estimate tram maintenance intervals 

based on the analysis of maintenance and repair records. 

All data related to tram operations are stored in a Microsoft 

SQL Server database. Fault and maintenance data were 

retrieved from the database by writing queries using the 

Structured Query Language known as SQL.  

Furthermore, the RapidMiner software platform was 

utilised for the purpose of conducting data analysis and 

constructing predictive models. RapidMiner is a software 

environment designed to support a wide range of analytical 

tasks. These include machine learning, pattern recognition, 

data preparation, clustering, classification, text mining and 

deep learning. The software offers a user-friendly interface 

for the construction and evaluation of predictive models, 

thus rendering it suitable for both researchers and 

practitioners. The development of this software was 

initiated by Ralf Klinkenberg, Ingo Mierswa, and Simon 

Fischer. [18, 19]. RapidMiner’s open-source architecture 

enhances its accessibility and adaptability across diverse 

research applications. Its intuitive graphical interface for 

result visualization further supports its broad adoption in 

academic settings [20]. 

 

2.1. Entering the Used Data into the System 
 

The present study utilised 2023 tram maintenance and 

repair data belonging to Kocaeli Akçaray trams. The mean 

interval between failures was determined on the basis of 

the dataset. In addition, three data mining algorithms were 

implemented to analyze the maintenance and repair data 

[21]. In the present study, a total of 604 maintenance and 

repair records from the year 2023 were analyzed. During 

the evaluation of maintenance durations, average 

maintenance times were calculated based on specific 

failure codes.  

Maintenance instances with durations exceeding the 

average were classified as "Long", those equal to the 

average as "Normal", and those below the average as 

"Short." These classifications were integrated into the 

Maintenance and Repair Model process. Subsequently, 

three different data mining models were employed to 

estimate maintenance durations based on these categories. 

The data used in the RapidMiner software was 

transferred from the database following the completion of 

data cleaning, data reduction, and data integration 

processes. A subset of the dataset, consisting of 604 

maintenance and repair records, was imported into the 

RapidMiner environment. This dataset includes 90 distinct 

fault types that occurred across 26 different hardware 

components and were addressed by 15 maintenance 

personnel. A sample section of this dataset is presented in 

Table 1. 
 

Table 1. The maintenance repair data 

Case Job 

Start Date 

Start 

Time 

Job 

End Date 

End 

Time 

Time Worker 

ID 

Fault Name 

Long 2023-01-11 09:00 2023-01-11 10:00 60 81 Lcd Display Motherboard Failure 

Short 2023-07-10 08:30 2023-07-10 17:30 540 83 Ovality Disorder 

Normal 2023-01-12 10:45 2023-01-12 11:15 30 83 Brake Hydraulic Pipe Failure 

Short 2023-01-12 10:45 2023-01-12 11:00 15 82 Driver Seat Mechanism Failure  

Short 2023-01-12 10:00 2023-01-12 10:30 30 1393 Instructor Seat Malfunction 

Long 2023-01-13 09:00 2023-01-13 10:00 60 574 Driver’s door Mulfunction 

Normal 2023-01-13 09:00 2023-01-13 09:00 10 82 Parking light Malfunction 

Short 2023-01-13 09:00 2023-01-13 10:00 60 88 Air conditioner Condenser Fan Failure 

Long 2023-01-16 08:28 2023-01-16 09:00 32 88 Camera CCTV Unit Failure 

Short 2023-01-16 08:32 2023-01-16 10:00 88 88 Air conditioner Condenser Fan Failure 

Long 2023-01-16 15:00 2023-01-16 16:00 60 82 Acceleration Arm moving Malfunction 

Short 2023-01-16 10:42 2023-01-16 10:45 3 124 HMI Communication Failure 

Short 2023-01-16 08:00 2023-01-16 08:30 30 1393 Driver Seat Mechanism Failure 

Long 2023-01-17 08:30 2023-01-17 09:00 30 574 Armrest Mechanical Failure 

Short 2023-07-10 08:30 2023-07-10 17:30 540 83 Ovality Disorder 
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As demonstrated in Table 1, the fault maintenance 

durations were evaluated and categorised as either long, 

short, or normal. The table also includes information 

regarding the personnel who recorded the faults and the 

corresponding time periods. The necessity to access and 

analyse the data necessitated navigation across multiple 

tables within the database, a process that was rendered 

particularly arduous by how the required data had been 

stored. In order to address this issue, virtual tables were 

created using SQL to consolidate the relevant data. The 

subsequent data refinement procedure was applied to the 

information extracted from the virtual tables. The process 

entailed the analysis and correction of missing or 

inaccurately entered data.  

The original dataset included multiple columns 

related to timestamps, fault descriptions, maintenance 

duration, worker IDs, and additional metadata. Columns 

containing extensive missing data (>20%) or irrelevant 

information were excluded. Missing values in critical 

columns such as maintenance duration and fault categories 

were imputed using median values calculated specifically 

for each fault type. Additionally, data inconsistencies, 

notably in fault descriptions and component identifiers, 

were standardized through SQL queries to ensure accurate 

integration. Consequently, a consolidated Maintenance and 

Repair Data Virtual Table (MRDVT) was established, 

containing the refined and structured dataset necessary for 

subsequent analysis. 

Figure 1 illustrates the formation of the MRDVT, 

which includes key attributes such as operation number, 

equipment code, equipment name, maintenance code, 

operation start and end dates, maintenance type, personnel 

responsible, stock code, and warranty start and end dates. 

 

 

 
Figure 1. Maintenance and repair data virtual table 

 

2.2. Calculating Tram Operability 

 

Using the data obtained from the MRDVT, key 

reliability and availability metrics were calculated for the 

tram system. These are MTBF, Mean Time Between 

Service Failures (MTBSF), and AV. These metrics reflect 

the operational availability of the trams during the 

warranty period. The calculations were based on data 

collected over a three-month period. MTBF represents the 

average operating time between failures and is calculated 

by dividing the total working time (TWT) over the three 

months by the total number of failures (TNF). The formula 

for MTBF is presented in Eq. (1). 

 

MTBF=TWT / TNF                                                           (1) 

 

MTBSF provides an estimate of the average time 

between two consecutive failures of types A and B in 

repairable systems [22]. This metric is particularly useful 
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for evaluating the reliability of specific failure types that 

require service intervention.  

An MTBSF value greater than 500 is generally 

considered acceptable for maintenance planning. MTBSF 

is calculated by dividing TWT over a three-month period 

by the total number of type A and B failures, denoted as 

[A/B] TNF. The formula for calculating MTBSF is 

presented in Eq. (2). 

 

MTBSF=TWT / [A/B] TNF                                               (2) 

 

AV represents the proportion of time that a repairable 

system remains operational, excluding periods of 

downtime due to faults. It is calculated by subtracting the 

total downtime (TD) from TWT and dividing the result by 

TWT. An AV value exceeding 98% is generally 

considered acceptable for operational performance. The 

formula for calculating AV is presented in Eq. (3). 

 

AV=TWT–TD / TWT                                                         (3) 

 

The Tram Usability Trace (TUT) was developed 

using SQL to calculate MTBF, MTBSF, and AV values 

based on data obtained from the MRDVT. To ensure 

consistent and up-to-date calculations, a scheduled work 

order was established, allowing TUT to operate at regular 

intervals. The algorithm implemented within TUT for 

computing MTBF, MTBSF, and AV is illustrated in Figure 

2. In Figure 2, the algorithm begins by transferring data 

from the MRDVT, ordered by equipment code and start 

date. In this initial stage, any data entries with start dates 

earlier than the first day of the month are adjusted to align 

with the corresponding month. In the second stage, once all 

data are processed, the MTBF, MTBSF, and AV values are 

automatically calculated for each three-month period and 

recorded in the U_MTBF table within the database. In the 

final stage, if the calculated TUT values fall below the 

predefined thresholds, it is recommended that the warranty 

periods of the affected trams be extended.  

Furthermore, the maintenance durations associated 

with personnel responsible for tram servicing are reviewed, 

and relevant parameters are optimized to ensure maximum 

operational performance of the tram system. 

 

 

 
Figure 2. Tram usability trace algorithm 
 

2.3. Maintenance and Repair Model 

 

The Maintenance and Repair Model developed in this 

study is constructed using three data mining techniques: 

Decision Tree, K-NN, and Deep Learning. The dataset was 

then divided into a training set and a test set using the Data 

Splitting operator, with 60% of the data allocated for 

training and 40% reserved for testing. After the 

partitioning process, the model was trained and tested 

using the selected algorithms. As illustrated in Figure 3, 

the data retrieved from the MRDVT was integrated into the 

modelling process. The Set Role operator was applied in 

order to define the target variable, which was designated as 

the length of the maintenance period. The Select Attributes 

operator was then used to specify the input features for the 

estimation process. The features in question encompassed 

the fault code, the duration of maintenance, and the 

average maintenance duration values. 
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Figure 3. Maintenance and repair model 

 

In this study, a predictive maintenance framework is 

proposed to with a view to enhancing the efficiency and 

reliability of tram maintenance planning by incorporating 

machine learning techniques into the Maintenance Repair 

and Data Model System (MRDMS). As illustrated in 

Figure 4, the process begins with the extraction and 

organization of average maintenance duration data, which 

serves as the primary input for model development.  

The dataset is divided into training and prediction 

subsets and processed using three supervised learning 

algorithms: K-NN, DecisionTree, and Deep Learning. 

Each model is trained on historical maintenance records 

and applied to classify upcoming maintenance events into 

one of three predefined categories: The duration of the 

programme is categorised as short, normal or long. The 

classification outputs are evaluated using four commonly 

adopted performance metrics: accuracy, precision, recall, 

and F1 score.  

The resulting performance measures are then used to 

refine the MRDM process and guide data-informed 

decision-making. By embedding predictive analytics into 

the overall maintenance framework, the proposed system 

not only improves classification accuracy but also supports 

proactive, data driven maintenance scheduling within 

metro rail operation. 

 

 
Figure 4. Maintenance repair and data model system 
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2.3.1. Decision Tree Model 

 

Within the MRDMS process, the Decision Tree 

model incorporates seven tunable parameters, among 

which the criterion used to evaluate the quality of splits is 

particularly influential. Five distinct options are available 

for this parameter: information gain, which selects the 

attribute with the highest reduction in entropy; gain ratio, 

which adjusts information gain by accounting for the 

intrinsic information of attributes; Gini impurity [23], 

which selects the split that minimizes impurity within the 

resulting subsets; accuracy, which directly optimizes 

classification correctness at each node; and least squares, 

typically employed in regression tasks to minimize the sum 

of squared prediction errors. Each criterion reflects a 

different strategy for balancing partition purity and 

predictive relevance. 

Based on empirical evaluation, the information gain 

criterion yielded the most accurate results and was 

therefore adopted in this study. To mitigate the risk of 

overfitting and maintain model interpretability, the 

maximum tree depth was constrained to ten levels. 

Furthermore, pruning was enabled to eliminate branches 

that failed to improve generalization performance, thus 

enhancing the robustness of the model across unseen data. 

In addition, the minimum number of instances per 

leaf node was set to 2. This constraint prevents excessive 

fragmentation of the decision space and helps maintain 

meaningful terminal nodes. By ensuring that each leaf 

contains a representative sample, the model strikes a 

balance between complexity and generalization, reducing 

the likelihood of high-variance behavior and improving 

stability during inference. 

 

2.3.2. K-NN Model 

 

In the K-NN method, when a data point is to be 

classified, it is assigned to the same class as the data point 

that is closest to it. In a dataset, data points with similar 

characteristics that are in close proximity to one another 

are considered neighbors. The fundamental principle of 

this algorithm is to imitate the behavior of nearby data 

points. When the behavior of a specific record is to be 

predicted, the behaviors of ten similar records located near 

it in the data space can be observed. The average behavior 

of these ten records is then calculated and used as the 

predicted value for the given record.  

During the training phase, the K-NN model is 

generally referred to as a lazy learner, as it does not 

construct an explicit model but rather stores the entire 

training dataset for reference. With respect to measurement 

types, textual measurements are applied only to categorical 

attributes, numerical measurements are used for continuous 

attributes, and mixed measurements areapplied to datasets 

containing both types. In the K-NN model implemented 

using the RapidMiner platform, the parameters were set as 

follows: the number of neighbors was set to three, the 

measurement type was numerical, and the distance metric 

used was Euclidean distance. 

The value of k in the K-NN method represents the 

number of neighboring data points to be considered [24]. 

To determine the optimal value of k, several values were 

tested using cross-validation on the training dataset. 

Specifically, values of k equal to 1, 3, 5, 7, and 9 were 

evaluated. Model performance improved from k equal to 1 

to k equal to 3, after which accuracy declined as the value 

of k increased further. The highest validation accuracy, 

approximately 88%, was observed when k was set to 3. 

This outcome reflects a balance Between bias and 

variance. A k value of 1 is highly sensitive to noise and 

may lead to overfitting, as it relies on only one nearest data 

point, which might be an outlier.  

On the other hand, a moderately larger neighborhood, 

such as k equal to 3, provides a smoothing effect that 

reduces the influence of outliers while preserving local 

data structure. For this reason, k equal to 3 was selected as 

the optimal value for the final model. Additionally, 

uniform distance weighting was applied, meaning that each 

neighbors contributed equally to the classification process. 

Although others trategies, such as distance-based 

weighting, were tested, they did not yield not able 

improvements in predictive performance and were 

therefore excluded from the final configuration. 

 

2.3.3. Deep Learning Model 

 

In this model, the activation function, the number of 

repetitions of the dataset, the loss function, the number of 

hidden layers, and the number of neurons in each layer 

were selected as key parameters [25, 26]. The Tanh 

function, which is nonlinear and produces output in the 

range from minus one to one, was chosen as the activation 

function. This function generates negative outputs for 

negative inputs and positive outputs for positive inputs, 

allowing for a more balanced activation. The number of 

dataset repetitions was set to ten.  

In this study, a deep learning model was employed, 

consisting of two hidden layers positioned between the 

input and output layers, each containing 50 neurons. This 

architectural choice was guided by both practical 

constraints and the complexity of the task. The dataset 

includes 604 instances, which limits the applicability of 

deeper architectures due to the increased risk of overfitting 

and computational inefficiency. Given the moderate 



Melek ERTUĞ YILDIRIM et al. / Koc. J. Sci. Eng., 8(2): (2025) 174-185 

181 

complexity of the problem and the absence of highly 

abstract feature hierarchies, a two-layer structure was 

deemed sufficient to capture non-linear relationships. 

Additionally, the model was trained using the cross-

entropy loss function, which is commonly utilized in 

classification tasks. Cross-entropy loss quantifies the 

divergence between predicted and actual values, increasing 

as the discrepancy grows; an ideal loss value of zero 

indicates a perfect prediction. This combination of 

architecture and loss function ensured an appropriate 

balance between model complexity, generalization ability, 

and classification performance. 

3. Results  

 

In the study, 40% of the 604 maintenance and repair 

data were used as test data. Within this subset,, 162 were 

classified as short, 64 as long, and 16 as normal in terms of 

repair time. As shown in Figure 5, performance operators 

were added to the Maintenance and Repair Model process 

to compare the effectiveness of the Decision Tree, K-NN 

and Deep Learning data mining methods. 

 

 

 

 
Figure 5. Maintenance and repair performance model 

 

3.1. Decision Tree Model Performance  

 

When the Decision Tree method was used to estimate 

the average maintenance period data, a success rate of 

85.95% was achieved, which was higher than the Deep 

Learning Data Mining method and lower than the K-NN 

Data Mining method. To make a comparison with the other 

two methods, the same amount of training and prediction 

data is applied to the same process and the average 

maintenance time results are presented in Table 2. 

As shown in Table 2, for the 162 instances that were 

actually classified as Short, the model correctly predicted 

158 as Short, resulting in an accuracy rate of 97.53% for 

this category. Among the remaining cases, 4 were 

incorrectly classified as Long, and none were classified as 

Normal. For the 64 instances that were actually as Long, 

the model correctly predicted 50, while misclassifying 14 

as Short and none as Normal, achieving an accuracy rate of 

78.12%. In the case of the 16 instances that were truly 

Normal, the model misclassified 8 as Short and 8 as Long, 

with no correct predictions made, resulting in 0% accuracy 

for this category. Overall, taking both correct and incorrect 

classifications into account, the K-NN model achieved an 

average prediction accuracy of 85.95%. 

 

Table 2. The confusion matrix of the decision tree model 

Actual \  

Predicted 
Short Long Normal Total  

Short 158 4 0 162 

Long 14 50 0 64 

Normal 8 8 0 16 

Total  180 62 0 242 
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3.2. K-NN Model Performance  

 

When the K-NN model was used to predict the 

average maintenance time, a higher performance was 

achieved compared to the Deep Learning and Decision 

Tree Data Mining methods with a success rate of 87.60%. 

To make a comparison with other methods, the same 

process was estimated by looking at the 3 nearest 

neighbors with the K-NN model using the same amount of 

training and prediction data. Table 3 shows the results 

obtained according to the average maintenance time.  

As shown in Table 3, for the 162 instances that were 

actually classified as Short, the model correctly predicted 

158 as Short, resulting in an accuracy rate of 97.53% for 

this category. Among the remaining predictions, 2 were 

incorrectly classified as Long and 2 as Normal. For the 64 

instances that were actually Long, the model predicted 52 

correctly, while misclassifying 11 as Short and 1 as 

Normal, yielding an accuracy rate of 81.25% for the Long 

category. Regarding the 16 instances that were actually 

Normal, the model predicted 2 correctly, while 

misclassifying 7 as Short and 7 as Long, resulting in a 

prediction accuracy of 12.50% for this category.  

Overall, considering both accurate and inaccurate 

predictions across all categories, the K-NN model achieved 

an average classification accuracy of 87.60%. 

 

Table 3. The confusion matrix of the k-nn model 

Actual \  

Predicted 
Short Long Normal Total  

Short 158 2 2 162 

Long 11 52 1 64 

Normal 7 7 2 16 

Total  176 61 5 242 

 

3.3. Deep Learning Model Performance 

 

When the deep learning model performed to estimate 

the average maintenance period data, it demonstrated 

lower performance compared to the K-NN and Decision 

Tree data mining methods, with a success rate of 70.66%.  

As shown in Table 4, when there are 162 actual 

instances classified as Short, the model correctly predicted 

all 162 of them as Short. Therefore, the prediction 

accuracy for the Short category was 100%. Additionally, 

for these Short instances, the number of predictions labeled 

as Long was 0, and the number of predictions labeled as 

Normal was also 0. 

In the case where 64 instances were actually 

classified as Long, the model predicted 55 as Short, 9 as 

Long, and 0 as Normal. Consequently, the correct 

prediction rate for the Long category was 14.06%. 

Similarly, for the 16 instances that were truly classified as 

Normal, the model incorrectly predicted all 16 as Short, 

and none as Long or Normal, resulting in a 0% accuracy 

for the Normal category.  

Considering both accurate and inaccurate predictions 

across all categories, the Deep Learning model achieved an 

overall prediction accuracy of 70.66%. 

 

Table 4. The confusion matrix of the deep learning model 

Actual \  

Predicted 
Short Long Normal Total  

Short 162 0 0 162 

Long 55 9 0 64 

Normal 16 0 0 16 

Total  233 9 0 242 

 

3.4. Performance Comparison of Models  

 

The results showing the performance of the Deep 

Learning, K-NN, and Decision Tree models, based on 

variations in the amount of training and test data in the 

Maintenance Repair and Data Model process, are 

presented in Table 5.  

 

Table 5. The performances with different training/testing 

data amounts 

Training 

Data / 

Test Data 

Guess Rate 

Deep 

Learning 

Decision 

Tree 

K-NN 

%70/%30 70.33 83.52 81.87 

%60/%40 70.66 85.95 87.60 

%50/%50 71.19 76.49 80.46 

%40/%60 68.78 80.66 81.49 

 

Upon reviewing the data presented in Table 5, it is 

evident that the most optimal results were obtained when 

the dataset was divided into 60% training data and 40% 

test data. When the average maintenance duration data is 

analyzed using Deep Learning, K-NN, and Decision Tree 

methods, applied under the same training and prediction 

data conditions, clear performance differences emerge. The 

Deep Learning model, despite its reputation for handling 

complex, nonlinear patterns, achieves only 70.66% 

accuracy, significantly lagging behind K-NN (87.60%) and 

Decision Tree (85.95%).  

This suggests that in this specific maintenance 

prediction context, the complexity of Deep Learning 

architectures does not translate into better overall 

correctness. Among the evaluated methods K-NN model 

attained the highest accuracy at 87.60%. These results 

indicate that, among the methods evaluated, the K-NN 
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model demonstrated the best overall performance. 

An analysis of the training and testing performance 

revealed minimal discrepancies, indicating a good balance 

between bias and variance, particularly for K-NN and 

Decision Tree methods. Cross-validation confirmed stable 

performance across folds, suggesting that overfitting was 

effectively avoided. Conversely, the shallow neural 

network’s lower accuracy points toward possible 

underfitting due to limited complexity and relatively few 

parameters. Future investigations may explore deeper 

network architectures or expanded datasets to enhance 

neural network performance. 

As shown in Table 6, a deeper analysis of the 

models’performance across multiplee valuation metrics 

reveals that K-NN consistently outperforms both Deep 

Learning and Decision Tree methods.  

 

Table 6. The comparative performance metrics of k-nn, 

deep learning and decision tree model 

Method\

Metric 
Accuracy Precision Recall 

F1- 

Score 

K-NN 0.876 0.716 0.637 0.652 

Deep 

Learning 
0.706 0.565 0.380 0.355 

Decision 

Tree 
0.860 0.561 0.585 0.572 

 

The K-NN model achieves the highest accuracy at 

0.876, indicating its strong overall predictive performance. 

The Decision Tree model follows closely with an accuracy 

of 0.860, while the Deep Learning model performs notably 

lower, with an accuracy of 0.706. These results suggest 

that K-NN is the most reliable model in terms of correctly 

predicting outcomes across the dataset. 

Precision, which measures the proportion of correctly 

identified positive predictions, is highest for K-NN at 

0.716, compared to 0.565 for Deep Learning and 0.561 for 

the Decision Tree. This indicates that K-NN produces 

fewer false positives and is more dependable when 

predicting positive maintenance events. 

In terms of recall, which assesses how well each 

model captures all actual positive cases, K-NN again 

outperforms with 0.637, compared to Decision Tree 

(0.585) and Deep Learning (0.380). The poor recall of 

Deep Learning highlights its difficulty in identifying 

relevant maintenance cases, likely missing critical 

predictions [27].  

Finally, considering the F1-score, which balances 

precision and recall, K-NN achieves the highest value at 

0.652, followed by Decision Tree at 0.572, while Deep 

Learning falls drastically behind with a score of 0.355.  

These quantitative findings collectively demonstrate 

that K-NN not only excels in raw accuracy but also offers 

the best balance between minimizing false alarms and 

capturing true maintenance needs.  

Consequently, for the MRDMS, K-NN emerges as 

the most effective approach, while the Deep Learning 

model requires further optimization or may simply be 

unsuitable given the characteristics of the available data. 

Table 7 provides a comparative overview of recent 

predictive maintenance studies, emphasizing the 

performance of the K-NN algorithm relative to alternative 

methodologies across various application domains. 

Esteban et al. (2022) demonstrated approximately 85% 

accuracy using K-NN in structured predictive maintenance 

datasets, highlighting its robustness and effectiveness in 

scenarios with limited complexity. Similarly, Mahale et al. 

(2025) reported an accuracy of 88% for vehicle 

maintenance, underscoring that K-NN outperformed neural 

network models largely due to its simplicity, 

computational efficiency, and reduced risk of overfitting, 

especially in datasets of moderate size. 

Our study complements these findings by achieving 

an accuracy of 87.6%, reinforcing the suitability and 

efficiency of K-NN for structured tram maintenance 

datasets. Notably, Le-Nguyen et al. (2023) used a Decision 

Tree model for railway maintenance data, achieving 

slightly lower accuracy (83%) despite offering good 

interpretability. This comparison underlines that while 

Decision Trees provide transparency and ease of 

understanding, K-NN remains preferable in terms of 

accuracy and balanced predictive performance for 

structured, relatively small datasets typical of maintenance 

prediction tasks. Consequently, our results further confirm 

the advantage of K-NN for reliable, practical predictive 

maintenance implementations. 
 

Table 7. The comparative analysis of predictive 

maintenance studies 

Refs. Model 
Acc. 

(%) 

Dataset  

Type 

Results 

Esteban 

et al. 

(2022) 

[22] 

K-NN ~85 
Predictiv

e Maint. 

Effective for 

small and 

structured 

datasets 

Mahale 

et al. 

(2025) 

[2] 

K-NN 88 
Vehicle 

Maint. 

Outperformed 

neural 

networks due 

to simplicity 

Le-

Nguyen 

et al. 

(2023) 

[3] 

Decisio

n Tree 
83 

Railway 

Maint. 

Good 

interpretability 

but lower 

accuracy than 

K-NN 

Our 

work 
K-NN 87.6 

Tram  

Maint. 

High accuracy 

and balanced 

performance 

in structured 

datasets 
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4. Conclusion 

 

The results of the study indicated that the Deep 

Learning model attained a performance of 70.66%, the 

Decision Tree model achieved 85.95%, and the K-NN 

model achieved 87.60%. Among the three models, the K-

NN model demonstrated the highest performance in 

estimating maintenance and repair durations. 

According to this model, the system that 

automatically calculates the operating times between two 

failures and the operability rate of the trams has been 

examined and the warranty period has been extended. The 

fact that the work can be audited has brought seriousness 

to the work and increased the performance of the 

personnel. Additionally, the system has supported 

managerial decision-making through reliable data-driven 

insights. 

In conclusion, the experimental results demonstrate 

that the K-NN algorithm achieved the highest classification 

performance, with an accuracy of 87.60% and F1-score of 

0.652, outperforming both Decision Tree and Deep 

Learning models. These findings suggest that traditional 

non-parametric methods may offer more robust 

performance in structured maintenance datasets, thus 

challenging the assumption that complex deep 

architectures are always superior. The proposed model is 

intended to provide a practical decision support tool for 

improving maintenance planning in urban tram systems. 

Future work will aim to expand the evaluation scope 

to include the maintenance performance of all 

transportation vehicles, analysis of trip completion times, 

and personnel performance assessment. 
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