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Article

Principal Component Random Forest for Passenger
Demand Forecasting in Cooperative, Connected, and
Automated Mobility
Georgios Spanos *, Antonios Lalas, Konstantinos Votis and Dimitrios Tzovaras

Information Technologies Institute, Centre For Research and Technology Hellas
* Correspondence: gspanos@iti.gr

Abstract: Cooperative, Connected, and Automated Mobility (CCAM) is set to play a key role in the
future of transportation, contributing to the achievement of sustainable development goals. Moreover,
Artificial Intelligence (AI), a transformative technology with applications across various industries,
can significantly enhance CCAM operations. Additionally, passenger demand forecasting, a critical
aspect of mobility research, will become even more essential as CCAM adoption continues to grow
in the next years. Therefore, the present research study in order to deal with the issue of passenger
demand forecasting in CCAM, proposes the Principal Component Random Forest (PCRF) methodology,
which is based on AI as it leverages a well-established statistical methodology such as the Principal
Components Analysis with a flagship traditional machine learning technique, which is Random
Forest. The application of PCRF in four European pilot sites within the EU-funded SHOW project
demonstrated its high accuracy and effectiveness.

Keywords: machine learning; principal component analysis; random forest; passenger demand
forecasting; urban mobility; automated mobility

1. Introduction
Undoubtedly, Cooperative, Connected, and Automated Mobility (CCAM) is a groundbreaking

technology [1] in the contemporary society and a promising solution for advancing the Sustainable
Development Goals (SDGs) [2]. In particular, SDG 11: Sustainable Cities and Communities and
SDG 13: Climate Action could greatly benefit from this transformative mode of transportation [3]
for people and goods, as Automated Vehicles (AVs) primarily rely on electricity [4]. Even more
significantly, integrating automated mobility with public urban transportation could contribute to a
greener environment by reducing reliance on private cars, thereby decreasing traffic congestion and its
associated environmental impact [5].

It is undeniable that Artificial Intelligence (AI) and Big Data (BD) are revolutionizing factors in
the modern business environment [6], demonstrating their prowess across various sectors, including
healthcare [7], agriculture [8], energy [9], tourism [10] and Industry 5.0 [11]. More specifically, a
recent literature review (to be added) highlights the potential of AI in the CCAM sector. Hence,
recent research efforts leveraging AI and BD in CCAM [12] are continuously increasing, enhancing the
benefits for commuters by providing valuable solutions to common urban transportation challenges,
such as Estimated Time of Arrival prediction [13] and Accident Detection [14].

Passenger demand forecasting is one of the primary concerns in transportation research [15],
both for scheduled and unscheduled transportation. Indeed, an accurate prediction of passenger
demand can facilitate optimal resource planning and allocation [16] across various transportation
modes, including airplanes [17], ships [18], buses [19], and taxis [20]. This, in turn, can lead to economic
benefits for transport operators [21], whether public or private.

According to the aforementioned, it is imperative to find a viable solution to the existing challenge
of accurately forecasting passenger demand in CCAM by leveraging advanced technological tools
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such as Machine Learning (ML) and robust statistical analysis. For this reason, the suggested method-
ology Principal Component Random Forest (PCRF), combines statistical and ML techniques, namely,
the Principal Component Analysis (PCA) and Random Forest (RF), to predict daily passenger demand
for automated vehicles operating in both scheduled and non-scheduled transportation services, using
real data from four different pilot sites across Europe of the SHOW project 1.

The rest of the article is organized as follows. Section 2 describes the related work of the research
field, while Section 3 presents the proposed methodology, PCRF, for passenger demand forecasting.
Section 4 discusses the experimental results of applying PCRF to five real-life datasets and finally,
Section 5 summarizes the key conclusions of this research.

2. Related Work
As mentioned in the Introduction, Passenger Demand Forecasting in urban transportation plays a

prominent role for the transport operators . Indeed, there are various research studies in the literature
that have attempted to address this challenge efficiently. A recent literature review emphasizes the
importance of incorporating spatial and temporal characteristics to enhance the accuracy of passenger
demand prediction [22]. According to the same systematic review, related works in this field primarily
fall into two main categories: statistical-based methodologies and modern AI-based approaches. The
following paragraphs present some representative studies from both categories.

Starting with the statistical-based category, Xue et al. [23] proposed a methodology utilizing
time-series models and the Interactive Multiple Model algorithm to predict short-term passenger
demand for a specific bus route in Shenzhen, China. Their results demonstrated the accuracy of the
proposed approach when applied to a four-month dataset, achieving a Mean Absolute Percentage
Error (MAPE) below 10%. Similarly, Tang et al. [24] suggested a statistical approach based on seasonal
decomposition to predict short-term subway ridership of the Chongqing Rail Transit in China. Their
approach achieved high accuracy, with a MAPE below 8%. Finally, Tao et al. [25] examined the
impact of weather on passenger demand by incorporating weather-related variables into a statistical
SARIMAX model. Using a dataset of hourly bus rides in Brisbane, Australia, their study demonstrated
a strong correlation between real-time weather variables—such as temperature and wind speed—and
passenger demand.

Continuing with the more advanced and sophisticated AI-based approaches, Hao et al. [26]
employed a deep learning model that combines sequence-to-sequence learning with an attention
mechanism for short-term passenger demand prediction in metro stations. Their study used data
from two major Singapore metro stations—Raffles Place MRT and Clarke Quay MRT. The proposed
methodology proved highly effective, achieving significantly lower prediction errors compared to
traditional ML benchmarks. Similarly, Liu et al. [27] to predict short-term passenger demand in
metro of Taipei, Taiwan, used a deep long short-term memory neural network, incorporating weather
variables such as temperature and wind speed. The results indicated that the proposed methodology
is very accurate, achieving a MAPE approximately 5%, although the inclusion of weather variables did
not lead to a significant improvement in prediction accuracy. Finally, Liu et al. [28] integrated decision
trees for feature engineering with a deep learning network to forecast passenger demand for public
transport buses in Nanjing, China. Their results demonstrated superior performance compared to
other neural network-based approaches.

It is evident from the aforementioned discussion that this study differentiates itself from related
works, as it represents the first attempt to predict daily passenger demand in the CCAM, which is
a unique mode of transportation with distinct characteristics compared to conventional transport
systems, using five real-life datasets. Moreover, to the best of our knowledge, the proposed PCRF
methodology, which is an iterative approach combining PCA with RF, is being applied for the first

1 https://show-project.eu/
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time in a demand forecasting problem, and more specifically for passenger demand forecasting in
CCAM for urban transportation.

3. Methodology
As mentioned in Introduction, a new methodology is proposed in the present study to predict the

daily passenger demand in CCAM. The proposed PCRF methodology adopts an iterative approach and
is based on statistical and ML methodologies. The combination of statistical and ML methodologies is
followed in this research, as it leads very frequently to better forecasting accuracy according to the
literature [29–32]. In particular, the proposed methodology leverages i) the statistical methodology of
PCA that reduces the variable dimensionality [33,34], thus providing reduced variance [35] with ii)
the flagship ML methodology of Random Forest that is extremely efficient in many classification and
regression problems in terms of prediction accuracy as proved from the literature of various disciplines
[36,37].

PCA [38,39] transforms high-dimensional data into a smaller set of uncorrelated variables called
principal components. It works by identifying directions of maximum variance in the data and pro-
jecting it onto these new axes, preserving as much information as possible while reducing complexity.
Random Forest [40,41] is a powerful ensemble learning algorithm that builds multiple decision trees
and combines their outputs to improve accuracy and reduce overfitting. It works by training each tree
on a random subset of the data and averaging their predictions (for regression) or using majority voting
(for classification). The overall methodology, which is based on the two aforementioned methodologies,
is presented in detail in the following paragraphs.

The first step of the PCRF constitutes the input of historical data of daily passenger demand. A
very simple approach is followed in this study regarding the input data as the proposed algorithm uses
as input only the historical previous values for a specific route or a specific region. This consideration
is met very frequently in the literature for similar timeseries problems, as keeps the simplicity of a
methodology accompanied by very accurate results [42–44].

The next step of PCRF includes the data preprocessing by taking the input from the first step and
by performing the required preprocessing of the historical demand, which constitutes a time-series,
in order to transform [45] it in a form suitable for the chosen ML algorithm, which is Random forest.
Thus, the historical demand is transformed in such a way that each of the previous values (passenger
daily demand in this case) is in essence a feature for the algorithms. That way, the training of the
algorithm considers appropriately the chronological order (i.e., the future values are not used for the
training of the past values), and the training does not have the bias problem [37,45].

After the data preprocessing, which described in detail above, the third step of the methodology
is the training of the Random Forest algorithm, which takes place in the corresponding training set.
At this point, it is worth-noting the splitting of the datasets in three parts, the training set, in which
the algorithm is trained iteratively, the validation set, in which the fine-tuning of the algorithm is
taken place and the test set, which constitutes the last. The splitting of the datasets in these three
parts follows the best practices of the literature [46]. In the next paragraphs, the fine-tuning of the
methodology in the validation set is analyzed.

The selection of the optimal number of historical passenger demand values constitutes the fourth
step of the proposed methodology. In order to do this selection, as mentioned before, the validation set
of each sample is used. It is worth-mentioning at this point, that the maximum number of historical
passenger demand values depends on the dataset size. Therefore, and due to the differentiation in the
size of the five datasets used, as presented in the Results Section, a different range of historical values
is considered in this step for the datasets. For the selection of the optimal number of previous days the
Root Mean Square Error (RMSE) evaluation metric is used and this consideration is aligned with the
respective literature [47].

After the selection of the optimal previous days, the fifth step of the methodology contains the
PCA conduction in order to reduce the number of features and create new uncorrelated variables [38].
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It is worth mentioning that the dataset in which PCA is performed consists of the historical values
defined in the previous step as columns and each row corresponds to a specific date. As previously,
for the procedure of the algorithm fine-tuning, namely the selection of the number of components is
performed in the validation set considering the RMSE evaluation criterion [47].

Next, the proposed algorithm checks if the transformed values from the PCA achieve improved
performance in comparison with the original dataset. Therefore, depending on the previous decision
of the algorithm, the procedure continues with the original or the transformed/reduced from the PCA
dataset. Since, this decision is essentially, a fine-tuning of the methodology is conducted as with all
the fine-tuning steps presented in the validation set and the RMSE evaluation criterion decides with
which dataset the algorithm will continue.

The final step of the fine-tuning procedures corresponds to the tuning of the hyper parameters of
Random Forest (number of trees/features per split), considering among others the values suggested
by Breiman [40] for these hyper parameters. Once again, the tuning of the Random Forest hyper-
parameters is performed in the validation set and the criterion for the fine-tuning is RMSE.

Finally, considering the small size of the five available datasets (more details regarding the dataset
size are provided in the Results Section), the well-established in time-series problems and simple
approach of next-step forecasting [42,48] is applied. Hence, the derived model predicts the passenger
demand for the next day only from the previous historical values. The overall procedure of the
proposed PCRF methodology is depicted in Figure 1. 1.

Figure 1. PCRF methodology

3.1. Evaluation Metrics

This subsection presents the evaluation metrics used in this study to validate the proposed
PCRF methodology. In line with the literature [49], well-established evaluation metrics for regression
problems are employed, including Mean Absolute Error (MAE), Median Absolute Error (MdAE), and
RMSE, along with their normalized versions [42]. The following formulas illustrate how these metrics
are computed:

MAE =
1
n

n

∑
i=1

|ei| (1)

where ei is the error between actual and predicted values and n is the number of predicted demand
values.
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MdAE = median(ei) (2)

a metric more robust and resilient against outliers compared to MAE

RMSE =

√
1
n

n

∑
i=1

e2
i (3)

a stricter metric than the MAE, as it penalizes the big errors more

NMAE =
MAE

max(y)− min(y)
(4)

where y is the vector of actual passenger demand values

NMdAE =
MdAE

max(y)− min(y)
(5)

NRMSE =
RMSE

max(y)− min(y)
(6)

The last three normalized metrics are very useful for ML regression problems, as they provide
insights regarding the error magnitude and the general performance of the methodologies regardless
of the research field and the value level.

4. Results
This section presents the results of the proposed PCRF methodology for daily passenger demand

forecasting across the following pilot sites:

• Tampere, Finland (two different running phases)
• Frankfurt, Germany
• Carinthia, Austria
• Trikala, Greece

4.1. Tampere 1st phase

The first period of the Tampere pilot site, which includes passenger demand data, spans from
05/01/2022 to 10/03/2022. During this period, there were 44 operational days. Of these, 34 days
were used for the training set, while five days were allocated for both the validation and test sets.
The forecasting results are illustrated in 2, where the ability of the proposed methodology to capture
passenger demand magnitude can be observed.
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Figure 2. Tampere (1st period) Forecasting Results

4.2. Tampere 2nd phase

The second period used for demand forecasting at the Tampere pilot site is significantly longer
than the first, spanning approximately six months from 09/01/2023 to 30/06/2023. Consequently,
the number of operational days in this period is nearly three times higher than in the first, increasing
from 44 to 117 days. As expected, the training, validation, and testing sets are also larger, consisting of
77, 20, and 20 days, respectively. Finally, as shown in Figure 3, the forecasting results indicate that,
in addition to accurately capturing passenger demand magnitude, the proposed methodology also
effectively captures demand patterns due to the larger dataset.

Figure 3. Tampere (2nd period) Forecasting Results

4.3. Frankfurt

In Frankfurt, passenger data is available for 159 operational days from 01/12/2022 to 30/06/2023.
For this pilot site, the dataset was divided into 99 days for training, 30 days for validation, and 30
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days for testing. Finally, as shown in Figure 4, the forecasting results demonstrate that the proposed
methodology effectively captures the passenger demand pattern.

Figure 4. Frankfurt Forecasting Results

4.4. Carinthia

In Carinthia, passenger data is available for only 29 operational days from 21/09/2021 to
12/11/2021. As expected, the dataset for training, validation, and testing is relatively small, con-
sisting of 19, 5, and 5 days, respectively. Figure 5 presents the actual and forecasted passenger demand
values, demonstrating that the proposed methodology successfully captures the passenger demand
levels.

Figure 5. Carinthia Forecasting Results

4.5. Trikala

In Trikala, passenger data is available for 38 operational days from 01/02/2024 to 29/03/2024.
Given the relatively small dataset, the training, validation, and test sets consist of 28, 5, and 5 days,
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respectively. As shown in Figure 6, the PCRF methodology successfully captured the passenger
demand level.

Figure 6. Trikala Forecasting Results

4.6. Evaluation Results

Table 1 presents a summary of the results across all pilot sites based on the evaluation metrics
analyzed in subsection 3.1. As shown, the proposed forecasting methodology achieved consistently
strong performance, with error rates ranging from below 6% (NMdAE for Carinthia) to below 30%
(NRMSE for Trikala). This outcome is particularly promising, given the limited dataset size for most
pilot sites, further demonstrating the effectiveness of the proposed approach.

Table 1. Summary of the evaluation results for all pilot sites.

MAE MdAE RMSE NMAE NMdAE NRMSE

Tampere (1st period) 5.4 4.08 6.03 13.50% 10.20% 15.10%
Tampere (2nd period) 10.55 10.03 12.98 17.30% 16.40% 21.30%
Frankfurt 20 17.67 23.45 12.40% 11% 14.60%
Carinthia 8.62 6.42 10.97 7.80% 5.80% 9.90%
Trikala 26.89 27.95 29.77 26.40% 27.40% 29.20%

4.7. Comparative Results

As a final step to validate the proposed PCRF methodology and in accordance with Hyndman’s
guidelines [50] for methodology benchmarking, Table 2 presents a comparison of the proposed
approach with baseline forecasting methods such as Naïve, Average, and Drift. Since the primary focus
of this table is comparison, only the normalized versions of MAE, MdAE, and RMSE are displayed.
This is because a method that achieves the best results in the normalized metric (e.g NMAE) will also
yield the best results in the base metric (e.g. MAE), making the inclusion of non-normalized metrics
redundant."
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Table 2. Comparative results

PCRF NAIVE AVERAGE DRIFT

NMAE NMdAE NRMSE NMAE NMdAE NRMSE NMAE NMdAE NRMSE NMAE NMdAE NRMSE
Tampere (1st period) 13.50% 10.20% 15.10% 17% 12.50% 21.15% 14.53% 11.55% 17.32% 17.97% 13.66% 22.52%
Tampere (2nd period) 17.30% 16.40% 21.30% 19.67% 19.67% 22.82% 23.15% 23.01% 27.54% 19.87% 19.98% 22.94%
Frankfurt 12.40% 11.00% 14.60% 12.09% 7.45% 17.46% 13.74% 15.12% 15.92% 12.11% 7.31% 17.53%
Carinthia 7.80% 5.80% 9.90% 6.85% 8.11% 7.67% 11.62% 10.19% 13.29% 6.85% 8.11% 7.43%
Trikala 26.40% 27.40% 29.20% 21.76% 14.71% 28.53% 19.27% 20.70% 23.34% 22.19% 14.98% 28.86%

It is obvious from Table 2 that the proposed methodology performed better than the baseline
methodologies of Naive, Average, and Drift. More particularly, the suggested PCRF methodology was
the best forecasting methodology according to the evaluation metrics 8 out of 15 times (3 evaluation
metrics for the five datasets). The superiority of the suggested forecasting methodology against the
baseline methodologies is also proven from the fact that in the largest datasets (Frankfurt, Tampere
2nd phase, and Tampere 1st phase with 159, 127, and 44 records respectively) has the best results 7
out of 9 times. Finally, another point indicating the superiority of the proposed PCRF methodology is
that in the three largest datasets, PCRF achieved the best NRMSE, which constitutes the normalized
version of the most rigorous evaluation metric as described in the evaluation metrics subsection.

5. Conclusions
The present article introduced a novel iterative methodology for passenger demand prediction

in CCAM, leveraging statistical and machine learning methodologies, such as PCA and Random
Forest. The application of the proposed PCRF methodology to five real-life datasets from four pilot
sites demonstrated its reliability and robustness, regarding forecasting accuracy, even when working
with limited data. Additionally, comparative analysis against baseline forecasting methods—widely
recognized for their simplicity and efficiency with small datasets—highlighted the superiority of the
proposed approach and its potential.

As future work, the suggested PCRF methodology will be further enhanced by incorporating
features known to influence passenger demand in urban mobility, such as weather conditions and
various spatiotemporal factors. Moreover, a crucial future action toward the generalizability of
the PCRF methodology will be its application to larger CCAM datasets, allowing for comparisons
with more sophisticated and complex AI methodologies, including deep learning approaches and
algorithms from the boosting family.
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