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Due to varying destinations and departure times, it is difficult to notice large
fluctuations, non-linearity, and periodicity in tram passenger flows. In this paper, the
first-order difference technique is used to eliminate seasonal structure from the time
series data, and the performance of different machine learning algorithms on
passenger flow forecasting in trams is evaluated. Furthermore, the impact of the
COVID-19 pandemic on forecasting success is examined. For this purpose, the tram
data of Kayseri Transportation Inc. for the years 2018-2021 is used. Different
estimation models, including Linear Regression, Support Vector Regression,
Random Forest, Artificial Neural Network, Convolutional Neural Network, and
Long Short-Term Memory are applied, and the time series forecasting performances
of the models are evaluated with MAPE and R? metrics.

1. Introduction

With the continuous expansion of the corporate sector
in major urban centers, traffic congestion has become
increasingly  prominent. Among its various
challenges, overcrowding is particularly critical,
presenting hidden threats to public safety and
significant time wastage. A promising solution to this
problem is the expansion of public transportation
networks, focusing specifically on trams [1].

The rapid proliferation of tram systems and
the development of sophisticated information
management systems have led to a substantial
generation of passenger trip data. This data surge has
sparked significant interest in the scientific
community, particularly in developing reliable
methods to predict tram passenger flow. Accurate
forecasting of passenger flows is crucial for efficient
transportation management and plays a pivotal role in
devising appropriate  contingency plans for
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emergencies, thus enhancing the city's overall
emergency response capabilities [2].

In essence, the growth of corporate activities
in urban areas has exacerbated traffic congestion
issues, especially overcrowding. This has
underscored the need for solutions like expanding
tram networks. Leveraging the wealth of data
generated by these systems has become a key research
focus. Accurate predictions of passenger flow can
lead to better urban transportation management and
improved emergency preparedness.

The aim of the article is to assess the
efficiency of different machine learning algorithms in
forecasting tram passenger flow. The study tackles
the challenges in forecasting due to significant
fluctuations, non-linearity, and periodicity in
passenger numbers. Techniques such as log transform
and first-order difference are utilized to preprocess
the data, and the study investigates the impact of the
COVID-19 pandemic on forecasting accuracy. Data
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from Kayseri Transportation Inc. for 2018-2021 is
analyzed using various models, including Linear
Regression, Support Vector Regression, Random
Forest, Artificial Neural Network, Convolutional
Neural Network, and Long Short-Term Memory
(LSTM). These models are evaluated using MAPE
and R? metrics to establish effective methods for
predicting tram passenger flows, which can enhance
urban transportation management and emergency
preparedness.

In the study, the log transform is applied to
daily tram passenger number data from January 1,
2018, to July 1, 2021. Subsequently, the first-order
difference of consecutive days' passenger numbers is
calculated. Three datasets are prepared: pre-pandemic
(799 data points), in-pandemic (445 data points), and
the entire dataset (1244 data points). These are
divided into training and test sets for the last 30 days'
prediction using the previous 10 days' data. The
aforementioned models are trained and tested,
employing multi-step and multi-output forecasting
techniques. The study compares the results and
assesses the impact of the pandemic on forecasting
success, aiming to contribute to the field with new
insights and methodologies. The key contributions of
this study can be summarized as follows:

e Creation and public sharing of the Kayseri
tram passenger flow dataset.

e Investigation of the COVID-19 pandemic's
effects on time series forecasting.

e Application of log transform and first-order
difference techniques to reduce noise,
linearize the data, and address seasonal
patterns.

e Implementation and detailed comparative
performance evaluations of various machine
learning and deep learning methods.

e Comparison of the performance of multi-step
and multi-output techniques.

We believe this will establish a hybrid
method for future studies. The remainder of this paper
is organized as follows: Section 2 reviews the related
works. Section 3 describes the methodologies of LR,
SVR, Random Forest, ANN, CNN, and LSTM.
Section 4 discusses the experimental results. Finally,
Section 5 concludes the paper, explaining the major
results and limitations of the current study, their
significance, and suggesting future research topics.

2. Related Work

Intelligent computing and machine learning
technologies are increasingly being used in various
forecasting application scenarios, yielding impressive
results. This progress is largely due to advancements

in artificial intelligence and the growth of big data [3]-
[4]. Forecasting models can be categorized into three
types: parametric, non-parametric, and hybrid [5].
Several parametric methods for forecasting
transportation demand have been developed,
including Box-Jenkins [6], smoothing techniques [7],
autoregressive integrated moving average (ARIMA)
[8], gray forecasting [9], and state space models [10].
Among these, the ARIMA model [8]-[11] is
frequently used. It is a linear function of time-lagged
variables and error terms; however, passenger flows
are often characterized by high fluctuations, non-
linearity, and periodicity. Therefore, traditional
parametric models, which assume linear relationships
between time-lagged variables, may not effectively
represent the structure of non-linear flows.

Similarly, various non-parametric methods
for forecasting transportation demand have been
developed, including neural networks [14], k-nearest
neighbors [15], Kalman filters [16], support vector
regression (SVR) [17], and other methods [18].
Neural network models, such as Back Propagation
(BP), stacked auto-encoders, and LSTM, often show
good performance in trip mode analysis and flow
prediction or similar issues [19]-[24]. However, they
are susceptible to parameter selection and can be
prone to local minima and overfitting [25]. SVM
variants are also commonly used [26]-[28]. Unlike
neural networks, SVR employs the structural risk
minimization principle, aiming to reduce the
generalization error upper bound rather than the
training error [29], potentially overcoming some
fundamental flaws of neural networks [30].

The use of hybrid models to enhance
forecasting accuracy has become increasingly popular
[31]. Each model constituting a hybrid model has its
own set of advantages and disadvantages. The key
idea behind hybrid modeling [32], [33] is to combine
multiple models while retaining each’s benefits.
These models have shown promising results in
addressing forecasting challenges.

Wang et al. [34] used an integrated model
combining multivariate linear regression, K-nearest
neighbor, XGBoost, and GRU as four submodels to
accurately predict urban public transportation short-
term passenger flows. They then integrated these
models using a regression algorithm, demonstrating
the integrated model's superiority over individual sub-
models. Additionally, the popular hybrid forecasting

model, the decomposition-integration method,
decomposes the original data into several
components, processes each component, and

integrates them for final predictions [5], [35]-[36].
However, this method is rarely used for short-term
bus passenger flow forecasting, and it typically
involves only a single decomposition of the original
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data. Some components remain highly unstable after
initial decomposition, which hinders accurate
predictions. Therefore, additional noise reduction for
unstable  components  post-decomposition  is
necessary.

Li et al. [37] developed a secondary
decomposition-integration method for short-term bus
route passenger flow prediction, integrating empirical
modal decomposition, sample entropy, and kernel
extreme learning machines. However, the superficial
structure of traditional machine learning methods
struggles with the complex nonlinearity of spatial and
temporal travel demand patterns [38].

A recent study introduced a new model, ITS-
Pro-Flow, for predicting short-term traffic flow in
intelligent transportation systems (ITS) [49]. It builds
upon the Pro-Energy model, utilizing historical data
and current conditions for prediction. 1TS-Pro-Flow
improves upon Pro-Energy by dynamically adjusting
past predictions and current observations, with
extensive simulations showing its enhanced accuracy.
The model incorporates a dynamic weighting factor
and a thresholding strategy, improving adaptability
and precision. The study also explores parameter
variations for optimal prediction accuracy.

With the advent of the Internet of Things
(1oT), numerous devices and software have been
developed to assist in prediction tasks. Gao et al. [39]
proposed a method to increase the efficacy of
software-defined devices, while they also introduced
a technology to transform business process execution
language (BPEL) into timed automata for formal
verification, bridging BPEL and 10T data in support
of prediction tasks [40]. Huang et al. [41] optimized
virtual machine allocation strategies for cloud data
centers, and Ma et al. [42] proposed a real-time
multiple workflow scheduling method in a cloud
environment, enhancing the processing efficacy of
large data sets for passenger flow source data
analysis.

Despite the successes of these methods,
current passenger flow forecasting faces challenges
such as reliance on a single data source and
insufficient analysis of influencing factors, leading to
low accuracy in existing methodologies and
impacting urban traffic management [43]. Often, the
performance of a hybrid model is either compared
with those in the literature or with a maximum of 2-3
methods.

3. Material and Method

In this section, we briefly talk about the data set and
the preprocessing methods used. Following that, we
discuss the machine learning models that were
utilized, which include LR, SVR, Random Forest,

ANN, CNN, and LSTM architectures. A flow
diagram is presented in Figure 1 to demonstrate the
research process.

Dataset
Tram Passenger Flow in Kayseri
- Entire Dataset
-Pre-Pandemic Dataset
-In-Pandemic Dataset

Task Preprocessing
-Exclude data with zero value

-Apply log transform the passenger flow
-Take first discrete difference of log passenger

Train Regression Models
-Linear Regression
-Random Forest
-SVR
-ANN
-CNN
-LSTM

Perform one-step, multi-step and
multi-output forecast using trained
regresssion models

Comparative Performance Evaluation
-MAPE
-R-squared

Figure 1. Overall methodology diagram.

3.1. Dataset

The dataset [44] consists of Kayseri tram daily
passenger data between January 1, 2018 and July 1,
2021. The daily passenger flow data is shown in
Figure 2. Because of eids such as Ramadan Eid, Eid
of Sacrifice, and July 15 Democracy and National
Unity Day, a free transit system is implemented in the
city of Kayseri, and therefore, tram passenger
numbers are not available. In addition, the number of
passengers remained below fifty on the days when the
curfew was performed during the COVID-19
pandemic. For this reason, the number of passengers
on some days is seen as close to zero in Figure 2.
These days were excluded from the dataset due to the
absence of passenger flow data. Therefore, passenger
data for 33 days out of 1277 was excluded from the
dataset, leaving a total of 1244 passenger data points
in the dataset. As seen from Figure 2, there has been
a noticeable decrease in passenger numbers since
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mid-March 2020 due to the COVID-19 pandemic.
The first detected COVID-19 case in Tirkiye was
announced by the Ministry of Health on March 11,
2020. The first death due to the virus in the country
occurred on March 15, 2020. As of March 16, 2020,
passenger flow in urban rail transportation in Kayseri
started to decrease. In our study, in order to observe
the effect of the COVID-19 pandemic, the entire
dataset was divided into two parts: pre-pandemic (799
days) and during the pandemic (445 days), and three
different datasets were obtained together with the
whole dataset.

3.2. Preprocessing

Before being modeled with machine learning
techniques, time series analysis often requires some
data preparation. In time series forecasting, data
transforms can be used to eliminate noise and improve
the signal. One of the most frequently used data

transformation techniques in time series data analysis
is log transformation. By using log transformation,
time series data with an exponential distribution can
be turned into a linear trend, which is easy to model.
Figure 3 shows the data obtained after applying the
log transform to the passenger flow data, and, as can
be seen, the data is squeezed into a smaller range.
After obtaining log passenger data, the first-order
difference technique was performed to make the time
series data stationary. To simplify the prediction
problem, differencing methods can be employed to
eliminate trend and seasonal structure from the series.
A difference transform is a simple approach to getting
rid of a systematic structure in a time series. By
subtracting the preceding value from each value in the
series, a trend can be removed. The process is known
as first-order differencing. After performing the first-
order difference on the log transform data, the
obtained data are shown in Figure 4.
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Figure 2. Tram passenger flow data in Kayseri.
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Figure 3. Tram passenger flow data after applying log transformation.
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Figure 4. The data obtained after performing first order difference on log passenger data.

3.3. Linear Regression

Linear regression is a statistical technique used for
predicting future values based on past data. It's a
popular quantitative method for identifying
underlying trends and determining if values have
deviated significantly. A linear regression trendline
uses the least squares method to plot a straight line
across data, minimizing the gaps between the values
and the trendline. Each data point's trendline value is
plotted using this linear regression indicator [45].

In our experiments, two different LR models
are trained. The first model, used for one-step
forecasting, predicts the passenger flow of a day using
first-order difference data from the previous 10 days,
resulting in an input vector size of 10. The second
model, designed for multi-output forecasting, predicts
passenger flow for the next 30 days using the same
input data. Both models use the same input layer
shape and are trained and tested using the scikit-learn
Linear Regression module with default settings.

3.4. Support Vector Regression

Support vector machines (SVM) are a supervised
machine learning method based on the Vapnik-
Chervonenkis (VC) theory, which identifies
characteristics of machine learning conducive to
accurate test data predictions. SVM is applicable to
both classification and regression problems. Support
vector regression (SVR) involves computing a linear
regression function in a high-dimensional input space
(feature space) where the input data is mapped
through a nonlinear function. This transforms a
nonlinear regression problem in low-dimensional
input space into a linear one in high-dimensional
space, where the solution is derived [46].

Two different SVR models are trained in the
experiments. The first model, for one-step

forecasting, and the second model, for multi-output
forecasting, use the same inputs as the LR models.
Both models are trained and tested using the Scikit-
learn SVR module with default settings.

3.5. Random Forest

A random forest (RF) is an ensemble of several
independent decision trees. Each tree generates a
class prediction, and the model's forecast is the one
with the most votes. Random forests are effective
because they combine many generally uncorrelated
trees, outperforming individual constituent models.
RF is notable for its application to both regression and
classification problems, faster training compared to
other methods, higher estimation speed, fewer tuning
parameters, and  direct  applicability to
multidimensional problems [47].

Two different RF models are trained in the
experiments. The first model is for one-step
forecasting, while the second model is for multi-
output forecasting. Both models use the same inputs
as the previous models and are trained and tested
using the Scikit-Learn Random Forest Regressor
module with default settings.

3.6. ANN

The ANN (Artificial Neural Network) model is an
intelligent system used for solving complex issues in
various applications, including optimization and
prediction. The ANN structure comprises an input
layer for data collection, an output layer for computed
information, and one or more hidden layers
connecting the input and output. Each neuron, the
fundamental processing unit of a neural network,
performs two tasks: receiving inputs and generating
output. Inputs are multiplied by connection weights,
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their products and biases are added, and then an
activation function is used to generate output.

Two different ANN models are trained in the
experiments. The first model, for one-step
forecasting, uses first-order difference data from the
previous 10 days, resulting in an input vector size of
10. It is enhanced by adding a dense layer of 24 units
activated using the Rectified Linear Unit (ReLU)
function and a 1-unit dense output layer for single-day
prediction. The second model, for multi-output
forecasting, uses the same input data. It includes a 24-
unit dense layer and a 30-unit dense output layer, with
the hidden layer activated using the ReLU function.

3.7.CNN

A standard CNN (Convolutional Neural Network)
design includes an input layer, multiple hidden layers,
and an output layer. The hidden layers consist of
convolutional layers, an activation layer, pooling, and
fully connected dense layers. The convolution layer,
critical to the CNN model, accumulates
discriminative features from the input using defined
convolution filters. The activation layer introduces
non-linearity with an activation function (e.g., ReLU,
tanh, or sigmoid), helping to resolve the vanishing
gradient problem during training. The pooling layer's
main goal is to reduce the data representation size, the
number of parameters, and the model's computational
cost.

Two different CNN models are trained in the
experiments. The first model, for one-step
forecasting, uses first-order difference data from the
previous 10 days with an input layer shape of 10x1. It
includes a 16-filter convolutional layer with a 3-
kernel and ReLU activation, followed by a max-
pooling operation with a pool size of two. A second
convolutional layer with a 32-filter and 3-kernel,
along with ReL.U activation, is added, followed by a
GlobalMaxPoolinglD operation and a 1-unit dense
output layer. The second CNN model is similar but
includes a 30-unit output layer for multi-output
forecasting.

3.8. LSTM

LSTM (Long Short-Term Memory) is a type of RNN
(Recurrent Neural Network) designed to address the
problem of vanishing or exploding gradients. Its
unique feature is the LSTM cell, which has specific
gates: the input gate determines the relevance of
incoming data, the forget gate decides what portions
of the cell state to discard, and the output gate
determines what information to forward to the next
hidden state. Compared to traditional RNN models,
LSTM can maintain long-term dependencies among

input data items, helping to alleviate the vanishing
gradient problem.

Two different LSTM models are trained in
the experiments. The first model, for one-step
forecasting, uses first-order difference data from the
previous 10 days, with an input layer shape of 10x1
and a hidden state dimension of 24. It includes a dense
layer with 1 unit. The second model, for multi-output
forecasting, uses the same input data. An LSTM layer
with 24 internal units is added, followed by a
GlobalMaxPoolinglD operation and a dense output
layer of 30 units.

3.9. Evaluation Criteria

In this research, two popular scale invariant metrics
named Mean Absolute Percentage Error (MAPE) and
R-squared (R?) are used to evaluate the performance
of forecasting methods. The MAPE is the mean of
absolute percentage errors. One disadvantage of this
metric is that if there is an actual value that equals
zero, then the MAPE value equals infinity, and this
makes no sense with regard to percentage. However,
the preprocessed data used in this research does not
contain zero values.

N

MAPE = 1 Z
"N

i=1

where N is the total number of data values, p; is the
predicted value, and y; is the actual value for i*"
position. Because the MAPE value corresponds to the
error in terms of percentages, the lower the MAPE
value is, the better the forecast is. As indicated in
Equation (2), the R? metric indicates how much
variance is accounted for by the fitted model. It is a
statistical measure that represents the proportion of
the variance for a dependent variable that’s explained
by an independent variable or variables in a regression
model. The higher the R? value represents the better
the prediction performance [4].

1)

Yi —Di
Yi

20— p)?

R% = —
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)

where y; and p; correspond to the actual value and
predicted value for i position, respectively. y is the
mean of the actual values.

4. Results and Discussion

In this section, we will first evaluate the forecasting
performances of time series forecasting methods on
pre-pandemic, in-pandemic, and entire datasets,
according to the visuals in Table 1, Table 2, and Table
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3. Based on these tables, we will compare the
performances of the methods with each other.
Additionally, the best performances will be evaluated
according to the MAPE and R? values presented in
Table 4 and Table 5. Then, we will examine the
impact of the COVID-19 pandemic on forecasting
performance. Finally, the effects of multi-step and
multi-output techniques on forecasting performance

will be explored, and we will determine which
technique is superior.

One-step forecasts are used to predict the next
step's observation. In contrast, multi-step forecasts are
utilized to predict a series of future values based on
observed time series data. The multi-output technique
involves creating a single model capable of predicting
the entire forecast sequence in one attempt [48].

Table 1. Comparison of actual values and predicted values by LR and SVR.
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Table 2. Comparison of actual values and predicted values by RF and ANN.
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In this study, both multi-step and multi-output
forecasting techniques are applied to the models, as
they are designed for 30-day time series forecasting.
Upon examining the figures in Table 1, Table
2, and Table 3 for the pre-pandemic dataset, it is
evident that the multi-output performances of all
models are superior to their multi-step counterparts.
In all models except LR, a clear superiority of multi-
output performances over multi-step performances is
observed. When comparing the visuals in Table 1,

Table 2, and Table 3 in terms of multi-output
performance, it is apparent that RF provides the best
performance, while LR exhibits the least impressive
results.

When comparing the multi-step
performances of the methods on the pre-pandemic
dataset, it is evident that the LR model demonstrates
the best performance, while the RF model exhibits the
worst. As shown in Table 4 and Table 5, the LR model
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achieved the best MAPE (1.57) and the best R? (0.17)
values for multi-step forecasting.

Table 3. Comparison of actual values and predicted values by LSTM and CNN.
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Conversely, the RF model's performance is the
poorest, as indicated by its MAPE (4.30) and R? (-
4.951) values.

Additionally, when considering the multi-
output values in Table 4 and Table 5, it is observed
that the RF model achieves the best MAPE (0.83) and
R? (0.616) values, while the LR model shows the
worst performance with a MAPE of 1.39 and an R? of
0.366.

Upon examining the visuals in Table 1, Table
2, and Table 3 for the in-pandemic dataset, it is noted
that the multi-step performance of the SVR model is
significantly better than its multi-output performance,
whereas the multi-output performances of the RF and
CNN models are notably better than their multi-step
counterparts.

Analyzing the values in Table 4 and Table 5
reveals that the multi-output performance of the LR
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and ANN models is superior to their multi-step
performance, while the LSTM model performs better
in multi-step forecasting than in multi-output
forecasting. For the in-pandemic dataset, the ANN
model achieves the best multi-output performance
with a MAPE value of 2.11, and the RF model attains
an R? value of 0.644. The best multi-step
performances are achieved by the ANN model with a
MAPE of 2.37 and the LR model with an R? of 0.498.
The SVR model exhibits the worst multi-output
performance with a MAPE of 5.39 and an R? of -0.35,
whereas the RF model shows the poorest multi-step
performance with a MAPE of 17.44 and an R? of -
11.547.

When analyzing the visuals in Table 1, Table
2, and Table 3 for the entire dataset, it is observed that
the multi-output performances of all models surpass
their multi-step counterparts, except for the SVR
model. These tables also indicate that the RF model
demonstrates the worst multi-step performance. Upon
examining the MAPE and R? values in Table 4 and
Table 5, it is seen that the LSTM model, with a MAPE
of 2.99, and the CNN model, with an R? value of 0.55,
achieve the best multi-step performance. Conversely,
the RF model records the worst multi-step
performance, with a MAPE of 10.86 and an R? value
of -3.696.

It is observed that the CNN model, with a
MAPE value of 2.10, and the RF model, with an R?
value of 0.706, exhibit the best multi-output
performance. Conversely, the SVR model shows the
worst multi-output performance, with a MAPE value
of 8.32 and an R? value of -1.816.

MAPE is a suitable metric for benchmarking
performance across different datasets. Therefore,
performance comparisons of pre-pandemic, in-
pandemic, and entire datasets are made based on
MAPE values. Table 4 indicates that the best MAPE
value for the pre-pandemic dataset is 0.83 for the in-
pandemic dataset, it is 2.11; and for the entire dataset,
it is 2.10. Evaluating the best MAPE values from
these three different datasets suggests that the
COVID-19 pandemic has negatively impacted
forecasting performance. Additionally, Tables 4 and
5 reveal that all the best results are achieved using the
multi-output method. Although the multi-step
performance of some models surpasses their multi-
output performance, the multi-output method
generally performs much better and has achieved the
best results. Therefore, choosing the multi-output
technique would be a more logical approach.

Table 4. MAPE results of different forecasting methods.

LR(%) SVR(%)  RF(%)  ANN(%) LSTM(%) _ CNN(%)
Pre- Multi-step 157 1.77 430 2.39 2.17 2.99
Pandemic Multi-output 139 1.09 0.83 1.14 0.95 1.13
In- Multi-step 2.82 3.19 17.44 237 2.45 1053
Pandemic Multi-output 2.38 5.39 244 211 3.41 2.92
Entire Multi-step 3.24 6.03 10.86 475 2.99 315
Dataset Multi-output 2.75 8.32 2.19 217 2.80 2.10
Table 5. R? results of different forecasting methods.

LR SVR RF ANN LSTM CNN
Pre- Multi-step 0.170 20.066 2,951 20.903 20.375 11787
Pandemic Multi-output 0.366 0.518 0.616 0.419 0.597 0.434
In- Multi-step 0.498 0.099 11547 0.488 0.467 23.249
Pandemic  Multi-output 0.504 -0.350 0.644 0.577 0.430 0.439
Entire Multi-step 0.459 20,584 23.696 20.119 0.353 0550
Dataset Multi-output 0.449 -1.816 0.706 0.617 0.383 0.609

4.1. Benefits and Advantages of the Study

This study presents several significant benefits and
advantages in the field of passenger flow forecasting
on trams using machine learning algorithms. The key
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benefits of this research can be summarized as
follows:

e Enhanced Forecasting Accuracy: By
employing a range of machine learning

algorithms, including LR, SVR, RF, ANN,
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CNN, and LSTM, this study demonstrates
improved accuracy in forecasting tram
passenger flow. The use of MAPE and R?
metrics for performance evaluation further
substantiates the reliability of the forecasts.

Innovative Data Preprocessing
Techniques: The application of log
transform  and  first-order  difference

techniques for data preprocessing is a novel
approach in this field. These methods
effectively handle the challenges of large
fluctuations, non-linearity, and periodicity in
passenger numbers, leading to more accurate
forecasting models.

Comprehensive Analysis of Pandemic
Impact: The study provides a thorough
analysis of the impact of the COVID-19
pandemic on passenger flow forecasting. By
dividing the dataset into pre-pandemic, in-
pandemic, and entire dataset periods, the
research offers valuable insights into how
extraordinary events can affect passenger
behavior and forecasting accuracy.

Practical Implications for  Urban
Transportation Management: The findings
of this study have practical implications for
urban  transportation  planning  and
management. Accurate forecasting models
can assist in efficient resource allocation,
network design, and frequency setting of tram
services, contributing to better urban
transportation systems.

Methodological Contributions: The study
contributes methodologically to the field by
comparing multi-step and multi-output
forecasting techniques. This comparative
analysis not only enhances the understanding
of different forecasting methods but also
guides  future research in  selecting
appropriate techniques based on specific
requirements.

Data Set Creation and Sharing: The
creation and public sharing of the Kayseri
tram passenger flow dataset is a valuable
contribution. It not only facilitates further
research in this area but also promotes
transparency and reproducibility in scientific
studies.

Cross-Disciplinary  Applicability: While
focused on tram passenger flow, the
methodologies and findings of this study
have potential applicability in other domains
facing similar forecasting challenges, thereby
extending its impact beyond the field of urban
transportation.
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This comprehensive approach to forecasting tram
passenger flow using machine learning techniques
underscores the study’s contribution to both the
academic and practical realms of intelligent
transportation systems. The advantages highlighted in
this section demonstrate the study’s relevance,
innovation, and applicability in addressing complex
challenges in passenger flow forecasting.

5. Conclusion

In this study, daily passenger flow data of the Kayseri
tram between January 1, 2018 and July 1, 2021 is
used, and three different datasets are created using the
pre-pandemic period, the pandemic period, and the
entire dataset in order to observe the effects of the
COVID-19 pandemic on the forecasting performance.
Log transform and first-order difference techniques
are applied to the datasets, respectively, in order to
clear the noise in the data, obtain a more linear
structure, and eliminate the seasonal structure from
the data. LR, SVM, RF, ANN, CNN, and LSTM
models are trained on three different datasets to
estimate the passenger numbers for the next 30 days
by looking at the passenger numbers of the previous
10 days. Multi-step and multi-output techniques are
used to estimate the last 30 days.

From the results obtained, it is understood
that the multi-output technique has superior
performance to the multi-step technique and that the
COVID-19 pandemic has a negative effect on
forecasting performance. According to the R? metric,
the RF model performs best on all datasets. According
to the MAPE metric, RF on the pre-pandemic dataset,
ANN on the in-pandemic dataset, and CNN on the
entire dataset show the best performances. It is
understood that the RF model, which uses the multi-
output technique in the normal order, that is, in the
pre-pandemic period, can predict the number of 30-
day Kayseri passengers with quite high success.

In the future, efforts to develop machine
learning methods combined with meta-heuristics and
bio-inspired algorithms will be important in terms of
both reducing the negative impact of the COVID-19
pandemic on forecasting performance and improving
success.

Data availability. The dataset investigated in this
study is available at

https://raw.qgithubusercontent.com/kagandedeturk/Ti
meSeries/main/Tramvay.csv .
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