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Abstract: Accurately predicting travel mode choice is crucial for effective transportation
planning and policymaking. While traditional approaches rely on discrete choice models,
recent advancements in machine learning offer promising alternatives. This study proposes
a novel convolutional neural network (CNN) architecture optimized using orthogonal
experimental design to predict travel mode choice. Using the SwissMetro dataset, which
represents a specific intercity travel context in Switzerland, we evaluate our CNN model’s
performance and compare it with traditional machine learning algorithms and previous
studies. The key innovations of our study include: (1) an optimized CNN architecture
designed to capture complex patterns in travel behavior data, and (2) the application of
orthogonal experimental design to efficiently identify optimal hyperparameter settings.
The results demonstrate that the proposed CNN model significantly outperforms logit
models, support vector machines, random forests, gradient boosting, and even state-of-
the-art techniques combining discrete choice models with neural networks. The optimized
CNN achieves a remarkable 95% accuracy, surpassing the best-performing benchmarks
by 14–25%. The proposed methodology offers a powerful tool for understanding travel
behavior, improving travel demand forecasting, and informing transportation planning
decisions. Our findings contribute to the growing body of literature on machine learning
applications in transportation and pave the way for further advancements in this field.

Keywords: travel mode choice prediction; convolutional neural networks; machine learning;
orthogonal experimental design; transportation planning

1. Introduction
Predicting travel mode choices is a fundamental challenge in transportation planning

and policymaking. Accurate predictions are essential for anticipating travel demand, as-
sessing the impact of interventions, and optimizing transportation systems. Traditionally,
this problem has been addressed using discrete choice models grounded in random utility
maximization theory, such as multinomial logit models [1–3]. However, these models
often rely on strong assumptions about decision-making processes and may struggle to
capture complex non-linear relationships among variables. These limitations have spurred
significant interest in machine learning approaches, which have emerged as a promising
alternative, offering the ability to handle large datasets, uncover intricate patterns, and
model complex relationships without imposing restrictive assumptions [4–6]. Extensive
research has demonstrated the superiority of machine learning approaches over traditional
logit models in travel mode choice prediction [7–12]. These studies have consistently
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demonstrated the superiority of machine learning methods over traditional logit models.
For instance, Xie et al. [13] found that decision tree (DT) and neural network methods
offered comparably better performances than multinomial logit (MNL) in modeling travel
mode choice. Omrani [14] demonstrated that artificial neural networks (ANNs) outper-
formed MNL and support vector machines (SVMs) in predicting individual travel modes.
Similarly, Hagenauer and Helbich [15] reported that machine learning models, including
DT, random forests (RFs), ANNs, and SVMs, outperformed the MNL in terms of model
accuracy. Moreover, Zhao et al. [16] found that the RM has significantly higher accuracy
in capturing complex non-linear relationships than MNL and mixed logit models. More-
over, the integration of advanced deep learning techniques for travel mode prediction
has become an important research frontier. Dabiri and Heaslip [17] utilized convolutional
neural networks (CNNs) to analyze travel patterns from raw GPS data, showing superiority
over traditional algorithms. Ma and Zhang [18] employed deep neural networks (DNN)
with entity embeddings to predict travel choices, outperforming simpler neural network
architectures and tree-based models. Yazdizadeh et al. [19] enhanced prediction accuracy
by combining a CNN with ensemble learning strategies. Yu [20] proposed a deep learning
model based on long short-term memory (LSTM) networks to extract and predict travel
mode choices from time-frequency domain features of trajectories. Recent research has
made significant advances in developing interpretable machine learning approaches for
travel mode choice modeling. By applying rough sets theory, Cheng et al. [21] devel-
oped a framework that establishes transparent relationships between sociodemographic
characteristics and transportation preferences, making the decision-making process more
comprehensible. Naseri et al. [22] introduced an innovative methodology combining Gray
Relational Analysis with feature importance rankings to decode complex model behaviors
and identify the key determinants of travel choices. Tamim Kashifi et al. [23] integrated
variable importance analysis with the SHAPs (SHapley Additive exPlanations) methodol-
ogy to provide detailed insights into how specific factors influence passenger preferences
and mode selection decisions. This comprehensive approach offers a nuanced understand-
ing of the feature selection process and its implications for travel behavior prediction.
Zhang et al. [24] complemented these efforts by developing an information gain-based
methodology that generates readily interpretable classification rules, effectively addressing
the transparency challenges commonly associated with machine learning algorithms in
transportation research.

However, a critical challenge in applying deep learning to travel mode choice predic-
tion remains: the lack of systematic approaches for architecture optimization. Current CNN
architecture design primarily relies on researcher experience and trial-and-error methods,
leading to suboptimal performances and inefficient development processes [25]. This study
addresses these gaps by proposing a novel CNN architecture optimization framework
based on orthogonal experimental design. Our approach systematically explores the ar-
chitectural space while dramatically reducing the computational requirements compared
to traditional optimization methods. We validate our methodology using the SwissMetro
dataset, demonstrating its effectiveness in predicting travel mode choices. Therefore, our
research makes four primary contributions to transportation mode choice modeling. First,
we introduce a methodological framework that reduces the required experimental config-
urations by 99.4% while maintaining optimization quality. Second, our optimized CNN
achieves a 95% prediction accuracy, representing a 14–25% improvement over other tradi-
tional supervised machine learning algorithms that have widely been used in the literature.
Third, we provide quantitative insights into the relationship between architectural choices
and model performance through rigorous analysis. Fourth, we establish a practical frame-



Sustainability 2025, 17, 738 3 of 14

work for implementing the CNN model in transportation planning contexts, including
data preprocessing requirements, model training configurations, and evaluation metrics.

The remainder of this paper is organized as follows. Section 2 describes our methodol-
ogy, including data preprocessing, CNN architecture design, and the orthogonal experimen-
tal design approach. Section 3 presents our results, comparing our model’s performance
with traditional methods and previous studies. Section 4 discusses the implications of our
findings and concludes with recommendations for future research.

2. Materials and Methods
2.1. Material Collection

This study utilizes a dataset derived from a travel mode choice survey conducted
to estimate the hypothetical demand for SwissMetro, a proposed innovation to the Swiss
transport system aimed at connecting major urban centers in Switzerland [26]. The Swiss-
Metro Stated Preference (SP) survey collected data from 1192 respondents (441 rail travelers
and 751 car users), each with nine choices. Respondents were asked to choose a travel
mode from a set of intercity travel alternatives, including trains (TRAIN), the SwissMetro
(SM), and cars (CAR), given the attributes of each mode (e.g., travel time, headway, and
cost). This dataset has been used by other researchers to test the efficacy of their proposed
models [27–31].

The feature variables in the dataset cover the socioeconomic attributes of travelers (e.g.,
age, gender), travel characteristics (e.g., trip purpose, number of luggage), and the service
levels of different transportation modes (e.g., cost, time, availability). The transportation
mode choice (CHOICE) is the target variable, and a CNN model will be built to predict the
most likely transportation mode chosen by travelers under given conditions. The dataset
contains categorical variables (trip purpose, payment method, amount of luggage, age,
gender, availability) and continuous variables (cost, time), providing rich information for
model training and generalization. However, this diversity and heterogeneity also necessi-
tate careful data preprocessing and feature engineering. For simplicity, 20 key attributes are
kept for further model building and analysis (see Table 1). These attributes cover multiple
dimensions, including the socioeconomic attributes of travelers, travel characteristics, and
transportation service levels, comprehensively characterizing travelers’ transportation
mode choice behavior. This can not only reduce data dimensionality and computational
overhead but also improve the model’s interpretability and generalization. A detailed
description of the variables used in this study is presented in Table 1. In the subsequent
data preprocessing section, transformations such as encoding and normalization will be
performed on these attributes to adapt to the input requirements of the CNN model.

Table 1. Description of the variables used in this study.

No. Variable Description

1 PURPOSE
Travel purpose. 1: Commuter, 2: Shopping, 3: Business, 4:
Leisure, 5: Return from work, 6: Return from shopping, 7:
Return from business, 8: Return from leisure, 9: Other.

2 WHO Who pays (0: unknown, 1: self, 2: employer, 3: half–half).
3 LUGGAGE 0: none, 1: one piece, 3: several pieces.

4 AGE
AGE captures the age class of individuals. The age-class coding
scheme is of the type 1: age ≤ 24, 2: 24 < age ≤ 39, 3:
39 < age ≤ 54, 4: 54 < age ≤ 65, 5: 65 < age, 6: not known.

5 MALE Traveler’s Gender: 0: female; 1: male.
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Table 1. Cont.

No. Variable Description

6 INCOME Traveler’s income per year [thousand CHF], 0 or 1: under 50; 2:
between 50 and 100; 3: over 100; 4: unknown.

7 GA
Variable capturing the effect of the Swiss annual season ticket for the
rail system and most local public transport. It is 1 if the individual
owns a GA, zero otherwise.

8 TRAIN_AV Train availability dummy.
9 CAR_AV Car availability dummy.
10 SM_AV SM availability dummy.

11 TRAIN_TT Train travel time [minutes]. Travel times are door-to-door, making
assumptions about car-based distances (1.25 × crow-flight distance)

12 TRAIN_CO Train cost [CHF]. If the traveler has a GA, this cost equals the cost of
the annual ticket.

13 TRAIN_HE Train headway [minutes]. Example: If there are two trains per hour, the
value of TRAIN HE is 30.

14 SM_TT SM travel time [minutes] considering the future SM speed of 500 km/h

15 SM_CO
SM cost [CHF] calculated at the current relevant rail fare, without
considering GA, multiplied by a fixed factor (1.2) to reflect the higher
speed.

16 SM_HE SM headway [minutes]. Example: If there are two SM per hour, the
value of SM_HE is 30.

17 SM_SEATS Seat configuration in the SM (dummy). Airline seats (1) or not (0).
18 CAR_TT Car travel time [minutes].

19 CAR_CO Car cost [CHF] considering a fixed average cost per kilometer
(1.20 CHF/km).

20 CHOICE Choice indicator. 0: unknown, 1: Train, 2: SM, 3: Car.

2.2. Data Preprocessing

The original data comprised 10,728 observations. After removing observations with
unknown travel choices (i.e., CHOICE = 0), 10,719 records were retained. To further refine
the data, we used the following preprocessing procedures:

(1) One-hot encoding: In this study, we are faced with a multi-class classification prob-
lem, where the target variable “CHOICE” consists of three mutually exclusive categories,
namely, TRAIN, SM, and CAR. To ensure our models can efficiently process this categorical
data, one-hot encoding of the target variable is applied. This technique generates binary in-
dicators for each category, transforming the “CHOICE” variable into three distinct columns:
TRAIN_CHOICE, SM_CHOICE, and CAR_CHOICE. For example, if a sample indicates
TRAIN, the TRAIN_CHOICE column is marked as 1, with the others set to 0. This encoding
technique is essential to ensure each travel mode is represented numerically and equally
in the dataset. One-hot encoding preserves the fundamental nature of discrete choice
modeling by avoiding artificial ordinal relationships between travel modes. Alternative
methods like label encoding could introduce unintended hierarchical relationships between
modes, while target encoding risks data leakage during model training.

(2) Feature Scaling: Z-score standardization was employed to normalize continuous
features such as train fare and traveler’s annual income. This method adjusts the data
to achieve a mean of 0 and a variance of 1, standardizing the scale of these variables.
This process involves calculating the mean and standard deviation for each attribute and
then transforming each of them to the normalized value Zi = (xi − µ)/σ, where xi is the
original value of attribute i, µ is the mean, σ is the standard deviation of attribute i, and is
the normalized value. This transformation can help improve the convergence speed and
stability of the CNN model [32].

(3) Data Reconstruction: To align with the input requirements of the CNN model,
the preprocessed attribute data were reshaped into a two-dimensional matrix, with rows
corresponding to different travel modes and columns corresponding to different attributes.
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By stacking these matrices for all samples, a three-dimensional tensor was created, with di-
mensions corresponding to the number of samples, travel modes, and features, respectively.
This approach allows CNNs to extract spatial patterns of travelers’ choice behavior.

(4) Addressing Class imbalance: The targeted upsampling method was used to solve
the problem of category imbalance in the dataset. First, a statistical analysis confirmed the
existence of both majority and minority groups. Based on this, we increased the sample
size of the minority classes represented by labels 0 and 2 using a random oversampling
technique. To achieve a balance in the number of classes, we specifically selected samples
from a limited number of categories by random oversampling and then replicated them.
The ability to identify several categories has been improved, and this process is expected to
improve overall classification performance, ensuring that attributes for all categories can
be fully processed during model training.

After data preprocessing, the dataset increased from 10,719 to 27,322 samples. The
dataset was randomly split into training (80%, 21,857 samples) and testing (20%, 5465 sam-
ples) sets. The training set is used for model training and validation, while the testing set is
used for evaluating the model’s generalization performance.

2.3. CNN Architecture Based on Orthogonal Experimental Design

The performance of a CNN can be impacted by the quality of the training data, the
learning algorithms, and the model’s architecture. However, the current CNN architecture
design mainly depends on researchers’ experience and trial-and-error, lacking systematic
guiding principles. To explore the CNN architecture space more effectively, an optimiza-
tion method based on orthogonal experimental design is proposed in this paper. This
method determines the key structural factors affecting CNN performance and their optimal
level combinations with fewer experiments while providing insights into the interactions
between factors, enhancing our understanding of the intrinsic mechanisms of CNN archi-
tectures. The orthogonal experimental design offers significant advantages over traditional
hyperparameter optimization methods like grid search and random search. It reduced
our experimental configurations from 2048 to just 12 combinations, a 99.4% reduction
in computational cost while maintaining optimization quality. This systematic approach
enables a quantitative assessment of each hyperparameter’s impact through range analysis,
provides reproducible results, and makes CNN architecture optimization feasible with
limited computational resources. The 95% accuracy achieved validates the effectiveness of
this efficient methodology.

When determining the optimal CNN architecture, a set of layers was chosen to form
the backbone of the model, including the input layer, convolutional layers, pooling layers,
dense layers, dropout layers, and softmax layers. With the parameters of the initial convolu-
tional layer and the three pooling layers predefined, 11 CNN factors were selected, namely,
the number of convolutional layers, the number of convolutional kernels in each layer, and
the dropout rate. Each factor has two levels, Level_1 indexed with “1”, representing that
the factor is included in the model, and Level_2 indexed with “0”, representing the factor
is not included in the model. An L12(211) orthogonal table was adopted, requiring only
12 experiments to preliminarily determine the optimal levels of each factor. Table 2 lists the
level distribution for the factors considered.

According to the orthogonal table, 12 CNN models with different structures are
designed, trained, and evaluated on the dataset. The results from Table 3 demonstrate that
different CNN structural configurations have a significant impact on model performance.
Model VIII achieved the highest validation accuracy of 0.91 (in bold) with a structure
containing three convolutional layers, three max-pooling layers, and two dense layers.
In contrast, Models VI and XI had the lowest accuracies of 0.57 and 0.55, respectively,
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containing only one convolutional layer, one max-pooling layer, and no dense layers. This
indicates that appropriately increasing the number and complexity of convolutional and
dense layers can improve CNN model performance.

Table 2. CNN structural factors and levels for orthogonal experimental design.

Factors Level_1 Level_2

Convolutional_32 1 1
Max-pooling 1 1
Dropout (0.5) 0 1
Convolutional_64 0 1
Max-pooling 1 1
Dropout (0.5) 0 1
Convolutional_128 0 1
Max-pooling 1 1
Dropout (0.5) 0 1
Dense_64 0 1
Dropout (0.5) 0 1
Dense_32 0 1
Dropout (0.5) 0 1
Dense_16 0 1
Dropout (0.5) 0 1

Note: The factors in italics are considered the essential parts of the CNN model in this study.

Table 3. Factors and levels of the orthogonal design of L12(211) for CNN models.

Layer I II III IV V VI VII VIII IX X XI XII

Input layer 1 1 1 1 1 1 1 1 1 1 1 1

Con2d-32 1 1 1 1 1 1 1 1 1 1 1 1

Maxpool 1 1 1 1 1 1 1 1 1 1 1 1

Dropout (F1) 1 1 1 1 1 1 0 0 0 0 0 0

Con2d-64 (F2) 1 1 1 0 0 0 1 1 1 0 0 0

Maxpool 1 1 1 1 1 1 1 1 1 1 1 1

Dropout (F3) 1 1 0 1 0 0 0 0 1 0 1 1

Con2d-128 (F4) 1 1 0 0 1 0 0 1 0 1 0 1

Maxpool 1 1 1 1 1 1 1 1 1 1 1 1

Dropout (F5) 1 1 0 0 0 1 1 0 0 1 1 0

Dense-64 (F6) 1 0 1 1 0 0 1 0 0 1 0 1

Dropout (F7) 1 0 1 0 1 0 0 0 1 1 1 0

Dense-32 (F8) 1 0 1 0 0 1 0 1 0 0 1 1

Dropout (F9) 1 0 0 1 1 0 1 1 0 0 1 0

Dense-16 (F10) 1 0 0 1 0 1 0 1 1 1 0 0

Dropout (F11) 1 0 0 0 1 1 1 0 1 0 0 1

Accuracy 0.81 0.67 0.75 0.63 0.67 0.57 0.79 0.91 0.76 0.78 0.55 0.69

To further analyze the impact of each factor on CNN model performance, the range
analysis is conducted. The average accuracy results for each factor at different levels (K1 and
K0) are shown in Table 4. The larger the R-value, the greater the impact of the level change
in this factor on accuracy. Then, we can see that factors such as F2 (Conv2D-64), F4 (Conv2D-
128), F6 (Dense-64), F7 (Dropout following Dense-64), F9 (Dropout following Dense-32), and
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F10 (Dense-16) are identified as having a positive impact on the model performance, with
the optimal level being “1”, indicating they should be included in the model. Other factors
including F1 (Dropout following Conv2D-32) and F11 (Dropout following Dense-16) are
found to have an optimal level at “0”, implying they should not be included in the model.
These results suggest that incorporating additional convolutional layers (Conv2D-64 and
Conv2D-128) and a dense layer (Dense-16) into the model architecture can significantly
enhance model performance while removing dropout layers after Conv2D-32 and Dense-16
can further optimize the model performance.

Table 4. Range analysis (R) on the factors based on orthogonal experiments.

F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11

K1 0.683 0.782 0.685 0.755 0.695 0.742 0.720 0.713 0.727 0.743 0.714
K0 0.747 0.648 0.745 0.698 0.735 0.688 0.710 0.717 0.703 0.687 0.715
R 0.063 0.133 0.060 0.057 0.040 0.053 0.010 0.003 0.023 0.057 0.000
Best level 0 1 0 1 0 1 1 0 1 1 0

Note: the bold numbers denote the largest ones.

Therefore, we obtained an optimized CNN architecture, shown in Figure 1. This
optimized model starts with a convolutional layer equipped with 3 × 1 × 12 kernels,
followed by a 2 × 2 max-pooling layer, and then the second convolutional layer with
64 × 3 × 3 kernels, followed by a third convolutional layer, containing 128 × 3 × 3 kernels,
and two dense layers with 32 and 16 units. The ReLU activation function was utilized for
the convolutional and dense layers, and the dropout layer was initialized with a dropout
rate of 0.5 to regularize the network and mitigate overfitting.
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To verify the effectiveness of the optimized CNN model, we further trained it on
the complete training set and evaluated it on the test set, achieving an accuracy of 95%,
confirming the superior performance of this model architecture. This demonstrates that an
orthogonal experimental design can be helpful in the optimization of CNN architectures,
providing a new approach to designing CNN models.

2.4. Model Training and Evaluation

After determining the optimal architecture and hyperparameters of the CNN model, the
model was trained using the training set, and its performance was evaluated on the test set.

2.4.1. Training Configuration

The Stochastic Gradient Descent (SGD) optimizer and the categorical cross-entropy
loss function were used to train the CNN model. The SGD optimizer updates the model
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parameters by computing the gradients for each mini batch of data, and it is a widely used
optimization algorithm. The categorical cross-entropy loss function measures the difference
between the predicted class distribution and the true distribution, making it suitable for
multi-class classification problems. The batch size was set to 256, meaning that the model
parameters are updated using 256 samples at each iteration. The initial learning rate was set
to 0.1, controlling the step size of parameter updates. The model was trained for 500 epochs
on the training set, which means the model passes through the entire training set 500 times.
Moreover, to prevent overfitting, we adopted the following measures:

(a) Regularization: an L2 regularization method is included in the loss function to con-
strain the magnitude of model parameters, ensuring smaller parameter values.

(b) Batch Normalization: Batch Normalization layers are added after the convolutional
and dense layers to normalize each mini batch of data, accelerating the training
process and improving model stability.

2.4.2. Evaluation Metrics

To comprehensively evaluate the performance of the optimized CNN model, the
following evaluation metrics were calculated on the test set:

(a) Accuracy: The proportion of correctly predicted samples out of the total number of
samples.

(b) Precision: For each class, the proportion of samples predicted as that class and actually
belonging to that class out of the samples predicted as that class.

(c) Recall: For each class, the proportion of samples predicted as that class and actually
belonging to that class out of the samples actually belonging to that class.

(d) F1-score: The harmonic mean of precision and recall, considering both the accuracy
and completeness of the classification.

These metrics assess the classification performance of the model from different per-
spectives. Accuracy reflects the overall classification correctness, while precision and recall
focus on the prediction quality for each class. The F1 score balances precision and recall.

2.4.3. Training Process Monitoring

During the model training process, the loss function values and accuracy on the
training set and validation set are monitored in real time to track the learning progress
and generalization ability of the model. By visualizing the training curves, overfitting or
underfitting can be detected and hyperparameters or appropriate measures can be adjusted
accordingly. Moreover, the Early Stopping technique was employed to avoid overfitting.
When the performance on the validation set no longer improved for a certain number of
epochs, the training was stopped and the model parameters with the best performance
were saved. This approach prevents the model from excessively fitting the training data
and enhances its generalization ability on unseen data.

3. Results and Discussion
3.1. CNN Model Performance

The performance metrics for the CNN model are given in Table 5. From the Table,
we can see that the optimized CNN model demonstrates a high-quality performance for
all three classes. For TRAIN, the model achieves a precision of 0.96, recall of 0.98, and
F1-score of 0.97. Concerning CAR and SM, it also exhibits impressive performance, with
precision and recall values close to 0.95 and F1-scores of 0.95, suggesting that the model
performs consistently across all categories. The confusion matrix in Figure 2 also provides
detailed prediction results from the optimized CNN model for each travel mode. The
unnormalized confusion matrix, as shown in Figure 2a, shows that on the test set, the
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model correctly predicted 1089 samples of Train, 2376 samples of CAR, and 1730 samples
of SM. The normalized confusion matrix, as shown in Figure 2b, represents the prediction
probabilities for each mode. The model achieved an overall accuracy of 95%, indicating
its excellent performance overall. However, the confusion matrices also revealed some
instances of misclassification, such as 42 samples of CAR being incorrectly predicted as
TRAIN and 99 samples of SM being incorrectly predicted as CAR. Future improvements
should be made to further optimize the model’s representation. The receiver operating
characteristic curve is presented in Figure 3; the total area under the curve (AUC) further
demonstrates the higher model performance.

Table 5. Performance evaluation results of the CNN model.

Class Precision Recall F1-Score Accuracy

TRAIN 0.96 0.98 0.97
0.95CAR 0.95 0.94 0.95

SM 0.94 0.94 0.94
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Figures 4 and 5 compare the test and training scores for varying epochs. The optimized
model triggered the early stopping mechanism at epoch 315, preventing overfitting and
indicating that the model achieved its best performance during the training process. As
is shown, the training accuracy goes up by increasing the number of epochs and peaks
at almost 98%. The test accuracy also goes up along with the increasing trend in the
training accuracy. This in turn verifies that the overfitting problem does not occur in our
optimized CNN model. The training and validation loss curves also demonstrate good
model generalization without significant overfitting.
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of different features. First, travel time (’tt’) and cost showed the highest sensitivity, with
changes in these features having the largest impact on predictions. Second, service charac-
teristics (headway and season ticket availability) demonstrated moderate influence. Third,
socioeconomic variables (income and age) showed lower but consistent effects. The results
provide valuable insights for transportation planners, highlighting which factors most
strongly influence travel mode choice decisions.
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Overall, the CNN model exhibits high accuracy and stability in the travel mode
choice prediction. Both the evaluation metrics and training process prove that the CNN
model can effectively learn and predict travelers’ behavior, providing strong support for its
advantageous application in transport demand analysis and management.

3.2. Comparison with Other Machine Learning Models

A comparative analysis of convolutional neural networks (CNNs) and five classical
machine learning models was conducted to evaluate their performance in handling the task
of predicting travel mode choice. These algorithms include Multiple Logistic Regression
(MNL), support vector machines (SVM), random forest (RF), Gradient Boosting Decision
Trees (GBDT), and Extreme Gradient Boosting (XGBoost). To ensure the fairness and
consistency of the comparison, all models are trained and tested on the same dataset as
used in the CNN model. Through grid search and 5-fold cross-validation, the optimal
hyperparameter combinations for each model were identified, as shown in Table 6.

Based on Table 6, it can be seen that the optimized CNN model outperformed all
the other models in terms of every type of evaluation metric, which further highlights
its superiority in predicting travel mode choice. Specifically, the average accuracy of the
optimized CNN model is 95%, while the average accuracy of the GBDT model is only
78% and MNL has the lowest accuracy of 66%. This significant difference underscores the
power of CNNs in capturing complex patterns and features of the input data, implying
its effectiveness in understanding and predicting travel mode, offering valuable tools for
transport planning and policymaking.
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Table 6. Comparison of CNN’s performance with the classical machine learning algorithms.

Model Hyperparameter Optimal HP
Values

Test
Accuracy

Average
Precision

Average
Recall

Average
F-Score

MNL estimation method, maxiter [bfgs, 100] 0.66 0.66 0.52 0.55
SVM C, gamma, kernel [10, 0.1, rbf’] 0.73 0.70 0.65 0.67

RF
max_depth of tree,
min_samples_split,
n_estimators

[None, 2, 100] 0.77 0.76 0.68 0.71

GBDT
max_depth of tree,
max_features, subsample,
learning_rate

[9, 0.6, 0.8, 0.1] 0.78 0.77 0.70 0.72

XGBoost max_depth of tree,
learning_rate, n_estimators [7, 0.1, 200] 0.78 0.76 0.70 0.73

The optimized
CNN Already discussed above NA 0.95 0.95 0.96 0.95

Note: HP denotes hyperparameter, and NA denotes not applicable [17]. The bold numbers denote the largest ones.

3.3. Comparison with Previous Studies

To demonstrate the superiority of our optimized CNN model in predicting travel mode
choice, we compare our results with previous studies that have used the same SwissMetro
dataset. The study of Sifringer et al. [31] developed a new method to improve the accuracy
of choice behavior prediction in the transportation field by combining traditional discrete
choice models and neural networks (NNs) techniques. Han et al. [28] proposed the TasteNet-
MNL model to enhance the representation of heterogeneity and improve the interpretability of
discrete choice models. Additionally, we compare our results with more recent studies that have
employed deep learning techniques (DNN) [30]. Table 7 presents the prediction performance of
our best CNN model alongside the highest accuracy reported in these selected studies.

Table 7. Performance comparison with other machine learning models in previous studies.

Model Test Accuracy (%)

NN [31] 81
DNN(RRRS) [30] 72
TasteNet-MNL [28] 70
The optimized CNN model in this study: 95

As can be seen from Table 7, our optimized CNN architecture significantly outperforms
the models in the previous studies, achieving an improvement in accuracy of approximately
14%, 23%, and 25% compared to the work of Sifringer et al. [31], Han et al. [28], and Nam
and Cho [30], respectively. This remarkable accuracy can be attributed to the effective
configuration of our optimized CNN architecture based on the orthogonal experimental
design, which ensures the properties of CNNs are able to learn and extract intricate patterns
and dependencies from the training data. A comparison with other machine learning
models further validates the powerful prediction capabilities of the optimized CNN model.
However, it should be noted that while the proposed CNN model demonstrates a superior
performance on the SwissMetro dataset, representing a specific intercity travel context in
Switzerland, it cannot automatically be generalized to significantly different transportation
contexts without further validation.

4. Conclusions
This study investigates the application of convolutional neural networks (CNNs) in

predicting travel mode choice. Through the orthogonal experimental design method, we
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obtained an optimized CNN architecture and configuration, which was then validated on
the well-known SwissMetro dataset and its performance was compared with traditional
machine learning algorithms from previous studies. The results indicate that our optimized
CNN model can significantly outperform other classic machine learning algorithms such
as MNL, SVM, RF, GBDT, and XGBoost. Moreover, our optimized CNN model surpassed
previous studies using the same dataset, including studies that explored combinations
of discrete choice models with neural networks and deep learning techniques. These
findings highlight the outstanding strength of CNNs in capturing complex patterns and
attributes, providing new perspectives and solutions for travel behavior modeling and
transportation planning. Specifically, our proposed model can help evaluate the potential
modal shifts from introducing new transportation options, similar to the SwissMetro case.
In demand forecasting, the model’s ability to process complex travel behavior patterns
enables more accurate predictions of ridership and capacity requirements. Transportation
planners can use these insights to optimize service frequency, adjust pricing strategies, and
make evidence-based infrastructure investment decisions.

Despite the outstanding performance of the optimized CNN model, the scale of the
specific SwissMetro dataset may limit the full potential of the CNN framework in different
transportation contexts, particularly in environments with different infrastructure qualities,
cultural contexts, and choice dynamics. Future research should focus on exploring larger
and more diverse datasets from different geographic regions to enhance its scalability and
developing innovative CNN architectures that include attention mechanisms for better
feature interaction modeling. Moreover, developing more interpretable CNN architectures
would be helpful to improve model transparency and provide valuable insights for real-
world transportation planning and policymaking processes. These extensions would help
establish the broader applicability of our CNN approach while maintaining its current
advantages in predictive accuracy.
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