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Abstract: Developing solutions to reduce traffic accidents requires experimentation and much
data. However, due to confidentiality issues, not all datasets used in previous research are publicly
available, and those that are available may be insufficient for research. Building datasets with real
data is costly. Given this reality, this paper proposes a procedure to generate synthetic data sequences
of driving events using the Time series GAN (TimeGAN) and Real-world time series (RTSGAN)
frameworks. First, a 15-feature driving event dataset is constructed with real data, which forms
the basis for generating datasets using the two mentioned frameworks. The generated datasets are
evaluated using the qualitative metrics PCA and T-SNE, as well as the discriminative and predictive
score quantitative metrics defined in TimeGAN. The generated synthetic data are then used in an
unsupervised algorithm to identify clusters representing vehicle crash risk levels. Next, the generated
data are used in a supervised classification algorithm to predict risk level categories. Comparison
results between the data generated by TimeGAN and RTSGAN show that the data generated by
RTSGAN achieve better scores than the the data generated with TimeGAN. On the other hand, we
demonstrate that the use of datasets trained with synthetic data to train a supervised classification
model for predicting the level of accident risk can obtain accuracy comparable to that of models that
use datasets with only real data in their training, proving the usefulness of the generated data.

Keywords: synthetic data generation; generative adversarial networks; driving event data; time
series synthesis; traffic accident risk level

1. Introduction

Access to adequate data is one of the most critical elements in developing machine
learning solutions for domain-specific problems [1]. In practice, the benefits of data-driven
studies are restricted to the owners of such data [2]. For this reason, it is challenging
to conduct research with high accuracy without data availability. The most promising
technique in the absence of private data publication is the synthetic data generation approach,
where new data sharing the same distribution as the original data are generated. Given that
both the original and the synthetic data come from the same distribution, all the queries
performed on the synthetic data provide similar results to those obtained from the real
data alone [3]. Data generated in artificial modes can complement or create imputations
for missing data. Consequently, analysis and evaluation algorithms often rely on synthetic
data to test systems in specific dimensions and scenarios [4].

Developing solutions to lowering traffic accidents requires much experimentation,
and consequently much data. However, only a few datasets with driving event data are
available. Considering this reality, the current project uses Generative Adversarial Networks
(GANs) to generate synthetic data. This kind of data can be shared with no risk of exposing
confidential information about individuals or entities related to these data. Synthetic data
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can be used to fill out an initial dataset with driving data gathered from heterogeneous
sources. Qualitative and quantitative methods are employed to assess the synthetic data
generation results and establish their usefulness.

The main objective of this research is to generate synthetic data using GAN-based
frameworks for synthetic time series data and subsequently use the data in tasks to train
prediction models for classifying the risk level of certain ways of driving vehicles. The data
generated are obtained from a dataset with real information, which is made available to
the general public in this work. A dataset with real information provides an answer to the
lack of adequate datasets for study. The set of data generated in this research is used in
processes to predict the level of risk of accidents in vehicles.

Although publicly available datasets exist, they do not incorporate data from vehicle
sensors, drivers, and the environment into the same dataset. In addition, these datasets
correspond to countries with realities that are different from that of Ecuador in aspects such
as road geometry, road signs, and driving culture, meaning that they are not immediately
applicable to local research. Although the code for the TimeGAN and RTSGAN frameworks
is publicly available, the datasets on which they are based are not related to vehicle driving
events, meaning that the distributions in the data respond to other realities; as a result, the
hyperparameters published in the papers presenting these frameworks are not directly
applicable to vehicle driving event-related datasets.

The scientific contributions of this article are as follows:

(1) An initial multidimensional dataset of driving events is constructed with real data
from heterogeneous sources, then used to generate synthetic data.

(2) A solution is developed to generate synthetic data sequences of driving events using
the Time-series GAN (TimeGAN) and Real-world time series (RTSGAN) frameworks
as well as to configure their hyperparameters.

(3) A comprehensive comparison of the data generated by both the TimeGAN and RTS-
GAN frameworks is presented. This comparison was carried out quantitatively using
the discriminative and predictive scores established in TimeGAN and qualitatively
using the PCA and T-SNE techniques.

(4) A demonstration of the practical effectiveness of the generated synthetic data is shown
by using the data in supervised classification processes with the MLP algorithm
to assign a level of accident risk to an event using driving event information. The
accuracy obtained by the models using only real data is compared to the accuracy of
models using both real and synthetic data.

1.1. Theoretical Background

This section explains the operation of Long Short-Term Memory (LSTM) networks,
Generative Adversarial Networks (GANs), and the Time-series GAN (TimeGAN) and
Real-world time series GAN (RTSGAN) frameworks used in this paper for data generation.

1.1.1. Long Short-Term Memory Networks

LSTM networks were first introduced by Hochreiter and Schmidhuber in 1997. LSTM
is a type of RNN that solves the short memory problem of traditional recurrent neural
networks, which are bad at retaining long-term information. LSTM networks can remember
information for long periods. In Figure 1, the general architecture of an LSTM cell is
depicted, where the gates and the cell state stand out as its most important elements. A gate
has a feed-forward layer, followed by a sigmoid activation function and then a pointwise
multiplication step. An activation function transforms the vector before computing the
loss calculation. The cell state is the memory unit of the network. It is used to encode
dependencies and long-term relationships through gates. Each LSTM cell has three inputs,
xt, ht−1, and ct−1, respectively representing the input at time t, the previous hidden state,
and the previous cell state, along with two outputs ht and ct, respectively representing the
current hidden state and current cell state [5].
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Figure 1. Architecture of an LSTM cell.

1.1.2. Generative Adversarial Networks

A promising approach in synthetic data generation is provided by Generative Adver-
sarial Networks (GANs). Goodfellow et al. [6] were the first to introduce the GAN as a
framework for estimating generative models through an adversarial process between the
two essential components of a GAN, namely, the generative model or generator network,
and the discriminative model or discriminator network. In the beginning, GANs showed suc-
cessful results for the generation of artificial images; subsequently, they have been proven
to perform well with other types of data as well, including electronic health records [1],
natural language processing [7], speech enhancement [8], fault diagnosis under imbalanced
data conditions [9], imputing missing values [10], and more. In the most outstanding
approaches, the neural networks representing the generator and discriminator are typically
implemented by a variant of RNN [2].

1.1.3. Time-Series GAN (TimeGAN)

GANs were not created specifically for time series data; they are mainly used with
images, and as such do not perform well regarding specific time series properties. The
TimeGAN framework was introduced by Yoon et al. [11] in 2019. It seeks to overcome
these limitations when generating synthetic data sequences based on a real dataset.

The TimeGAN architecture combines an adversarial network (generator and discrim-
inator networks) with an autoencoder (embedding network and retrieval network). An
autoencoder is a neural network that learns a representation of the data in an unsupervised
manner and aims to learn an encoding of a dataset by training the network to ignore the
noisy signal. Specifically, TimeGAN comprises two groups of networks: (1) encoding net-
works and (2) adversarial networks. In addition to these network groups, there is another
component called the supervisor network. Each network is implemented through a Gated
Recurrent Unit (GRU) or LSTM-type RNN network, which receives a three-dimensional
tensor as input. A tensor is a type of data structure that can be understood as a multidimen-
sional array [12].

Encoding networks encompass two networks: the embedding network, which acts as an
encoder that converts the real data into a latent representation, and the recovery network,
which converts the latent representation present in the latent space into reconstructed
data. Adversarial networks also include two networks: a (sequence) generator network
and a (sequence) discriminator network. The generator network receives a noisy input and
produces an output in the latent space (not the feature space); its objective is to learn a
distribution p̃(x1:T) that approximates the distribution used to generate the actual data
p(x1:T), where x1:T = x1, x2, · · · , xT is a multivariate sequence of length T. On the other
hand, the discriminator network receives an input from the latent space, then classifies the
data as real or synthetic. Lastly, the supervisor network generates a new sequence given a
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previous series in the latent space H, allowing the quality of the generated sequences to be
controlled.

TimeGAN simultaneously learns to encode features, generate representations, and
iterate over time. The generator and discriminator networks operate in a latent space
provided by the embedding network. The latent and real data dynamics are synchronized
through the supervised loss. The four networks comprising the TimeGAN framework and
their respective losses are shown in Figure 2.

Figure 2. TimeGAN framework.

TimeGAN considers the contribution of three loss functions: reconstruction, unsuper-
vised, and supervised. These allow for learning of the distribution of the data both at the
level of each feature and at the temporal level. The reconstruction loss ensures that data
are efficiently encoded and decoded in and from the latent space. The unsupervised loss is
produced between the generator and the discriminator network, which forces the generator
to create realistic data sequences. The supervised loss allows for generating the next time step
in latent space. The generator is trained to ensure that the generator learns the temporal
dynamics of the data series, forcing the generator to create realistic data sequences. The
supervised loss is also applied to the embedding network in order to preserve the temporal
variation used to encode the real sequences.

The TimeGAN algorithm learns in three training phases. First, in the embedding phase,
only the embedding and retrieval networks are trained. Next, in the supervised phase, the
generator is trained only with supervised loss. Finally, in the joint phase, the algorithm
learns to encode, iterate, and generate time series data. All phases are trained over the
same number of iterations, as all phases have equal weighting in the original TimeGAN
implementation.

The authors of TimeGAN used three metrics as criteria to evaluate the generated data:
(1) fidelity, (2) diversity, and (3) usefulness [11]. The fidelity metric indicates that the sample
series should be indistinguishable from the real data. The diversity metric refers to the
requirement that the distribution of the synthetic data should be similar to that of the real
data. Finally, the usefulness metric means that the synthetic data should be as useful as the
real data for solving predictive tasks. Figure 3 summarizes these three evaluation criteria.
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Figure 3. TimeGAN evaluation scheme.

Fidelity evaluation. This evaluation uses a quantitative metric called the discriminative
score. The discriminative score is obtained through a classification model trained with
a discriminative LSTM network; its value expresses the ability of the model to identify
whether a data sample corresponds to real or synthetic data. A lower score is better, as it
means that the discrimination model does not distinguish synthetic from real data very
well. The worst possible result is 0.50 and the best is 0.00. The value of this score is provided
by Equation (1):

discriminative score = accuracy − 0.5 (1)

which can also be expressed as shown in Equation (2):

discriminative score =
No. of correct predictions

Total number of predictions
− 0.5. (2)

Diversity evaluation. Although there is no direct visual way to assess the appropriate-
ness of synthetic data, the PCA and T-SNE techniques can be used as qualitative assessment
metrics. PCA is an algorithm that finds a set of principal components that are orthogonal to
each other, where each component captures the largest variance of the data after accounting
for the variance accounted for by the previous components. On the other hand, T-SNE is a
nonlinear approach that reduces the dimensionality of the data, seeking to maintain the
closeness between the points of the original dimensions in the lower dimensional represen-
tation. T-SNE uses a T-distribution to represent the probabilities in the lower-dimensional
space. This process is the opposite of that used by PCA, which seeks to obtain the highest
variance [13]. Both of these methods follow the expectation that the two-component scatter
plots of the synthetically generated and the original points should be as similar as possi-
ble. These plots provides a visual representation showing whether the distribution of the
generated data maintains similar characteristics to the original data distribution.

Usefulness evaluation. The usefulness of synthetic data is measured through a predictive
score obtained through a prediction model trained using an LSTM network. Its value
expresses the ability of the model to predict the value of one dimension from a multidi-
mensional sequence of data. A value closer to zero reflects better predictive capability on
the part of the model. The value of the predictive score is the Mean Absolute Error (MAE),
defined by Equation (3)

MAE =
1
n

n

∑
i=1

|xi − yi|, (3)

where:

- xi represents the actual value for the dimension of the dataset’s i-th sequence.
- yi represents the predicted value for the dimension of the dataset’s i-th sequence.
- n represents the total number of sequences in the dataset.
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1.1.4. Real-World Time Series GAN (RTSGAN)

RTSGAN is a framework proposed by Pei [14] that allows for the generation of
multidimensional time series data. The RTSGAN architecture has two main components:
(1) an encoder–decoder module, and (2) a generator module. Their schematics can be seen
in Figure 4. The encoder–decoder (autoencoder) module learns to encode each time series
instance into a fixed-dimensional latent vector, from which the time series is reconstructed.
The generator module uses a Wasserstein GAN (WGAN) to produce vectors in the same
latent space as the autoencoder. The time series are generated by feeding latent synthetic
vectors produced in the generator into the decoder.

Figure 4. RTSGAN framework.

The RTSGAN encoder encodes each data series into a compact invariant representation
of the sequence length. First, the global y features are concatenated with the dynamic
features x in each timestep as ei =

[
xi, y

]
. These are fed into an N-layer GRU network with

dAE hidden dimensions to obtain the states hN
i at each timestep i at each GRU layer n, as

follows:
hn

t = GRU(ei), i ∈ [1, l], n ∈ [1, N]. (4)

To better capture the temporal dynamics and global properties, pooling operations are
applied to the hidden states of the last layer of the GRU network:

s = FC(
[
AvgPool(hN

i ), MaxPool(hN
i ), hN

l
]
) (5)

where FC stands for fully connected layer. At the end, the global information s is concate-
nated with the last hidden state to obtain a latent representation r ∈ R(n+1)dAE for the time
series, as follows:

r =
[
s, {hn

l }
N
n=1

]
. (6)

The RTSGAN decoder attempts to reconstruct the time series from the latent represen-
tation r in two steps: (1) reconstruction of the global features ŷ, and (2) reconstruction of
the dynamic features hn

l . The global features ŷ are reconstructed with

ŷ = Act(Wys + by), (7)

where Act represents a softmax function for categorical features and a sigmoid function for
continuous features.

The dynamic feature decoder is another N-layer GRU network with hidden dimension
dAE; it takes hn

l as the initial state ĥn
o . The reconstruction process follows the scheme

êi =
[
xi−1, s

]
, (8)

ĥn
i = GRU(êi, ĥn

i−1), n ∈
[
1, N

]
, (9)

x̂i = Act(Wx ĥN
i + bx). (10)
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The RTSGAN generator uses a version of WGAN. With the help of a 1-Lipschitz
discriminator, the generator tries to minimize the 1-Wasserstein distance W(Pr, Pg) between
the real data distribution and the synthetic data distribution:

min
G

max
D

Er∼encoder(X,y)
[
D(r)

]
− Ez∼p(z)

[
D(G(z))

]
(11)

where G and D represent the generator and the 1-Lipschitz discriminator, respectively.
After training the WGAN, time series are generated as follows:

X̂, ŷ = decoder(G(z)), z ∼ p(z). (12)

The code used in this research for data generation with RTSGAN is available at
https://github.com/acphile/RTSGAN (accessed on 3 October 2024).

1.2. Related Works

Considering the success of GANs in generating high-quality artificial images, sev-
eral proposals have focused on generating time series using GANs. Common to these
approaches is the need to model data variation over time. One of the drawbacks of vanilla
GANs in time series data generation is the instability of the discriminator during training,
which can lead to the generator producing only a limited number of outputs.

In the papers from the last five years reviewed as part of this research, a common
approach to generating synthetic time series data is to use RNN networks within the
generator and discriminator of the GAN network. However, vanilla RNN networks present
vanishing gradient or exploding gradient problems. In order to overcome this drawback, in
most cases variants of RNN, GRU [9,15–18], or LSTM [1,2,4,7,8,19–27] are used. Other types
of networks used in the generation of time series data include Wasserstein GANs [28–30],
Convolutional Neural Networks [20,24,29,31–33], Mixture Density Networks [19], and
transformer networks [9,18]. The transformer architecture is currently the state of the art in
neural networks, and is a topic of great interest in the time series data generation field.

In most proposals, the generated data have three or fewer dimensions [2,4,9,16,19–
24,26,29–34]. However, several papers involved the generation of multidimensional data
with more than three dimensions [1,7–9,15,17,18,25,27,28].

Several authors have also demonstrated the effectiveness of their models in down-
stream tasks. Most of these used generated data to improve the accuracy of prediction
models as compared to results using only real data [2,7,9,16,17,23–25,32]. In contrast, other
authors have used the generated data in clustering processes [21,33].

Biomedical signals generation is the field in which synthetic time series data are most
widely used. Medical signals are generated from electroencephalograms (EEGs), electrocar-
diograms (ECGs), electromyography (EMG), photoplethysmography (PPG), and intensive care
units (ICUs) [1,9,20,22–24,29,31,32]. Other types of generated data include data network
traffic flows [28], sensory data from personal activities [19], driving trajectories [21], IoT
traffic [25], internal measurement unit (IMU) data [7], electric vehicle battery parameters [8],
content delivery network (CDN) traffic [4], network and computer system data [2], channel
impulse responses (CIR) [26], astronomical light curves [32], power demand [32], highway
cut-in behaviors [18], power consumption [15,30,33], solar generation [33], machine fault
diagnosis [9], photovoltaic power [16], hydration monitoring [17], and physiological signals
and markers [27].

Concerning the generation of vehicle driving data, important works include those
of Demetriou et al. [21], who generated data for the longitude and latitude components
of driving trajectories; Jaafer et al. [7], who generated data from an IMU (longitudinal
acceleration, lateral acceleration, pitch, yaw, and roll) to classify the driving style of portions
of trips as normal or aggressive; and Yang et al. [18], who generated data on lane change
scenarios on highways. The sequences generated in these works were of short duration
(up to 12 s) and the number of dimensions used was small (less than or equal to 5). The
technical challenge faced in this research is greater than that of the above works, as it relates

https://github.com/acphile/RTSGAN
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to driving event data using multidimensional data with fifteen features and generating
sequences of 24 s in duration, resulting in a more robust model. Because of this, the data
sequences generated in our work are more realistic, as they capture distributions of greater
complexity created by the presence of a greater number of variables for a longer amount of
time.

This paper comprises four sections: Section 1 describes the theoretical framework and
work related to the generation of synthetic time series data using GANs; Section 2 details
the materials and methodology used, and describes the experimental part of this work;
Section 3 presents the main results obtained with the synthetically generated data and
discusses these results; finally, Section 4 presents our conclusions and prospects for future
work.

2. Materials and Methods

This section describes the elements required to perform our experiments, including
the materials needed, the essential software, the construction of the dataset, and the setup
of the software environment for TimeGAN. It also details the setup for generating synthetic
data from the constructed dataset with TimeGAN and RTSGAN, evaluating the resulting
data, and demonstrating the usefulness of these data in downstream tasks.

2.1. Materials

The following materials were used to obtain and process the experimental dataset. The
main element needed to obtain the data was a car in operation, as certain driving events
can be characterized by reading its sensors. Other equipment used to collect the dataset
data included a Veepeak OBD-II scan tool, a Huawei Redmi 6A phone with Android 9
PPR1 with the Car Scanner Pro application, and a Core i5-8400 desktop computer with
8 GB of RAM. Regarding the software, Python with TensorFlow 1.15 was used for the data
preprocessing scripts, synthetic data generation with TimeGAN, and prediction models,
while Python and R were used to create plots and charts.

Dataset Details

This section details the tasks that were performed to build the final dataset used in the
experiments, starting from the decision on the size of the dataset through the reading of the
data from the vehicle sensors to the data preprocessing tasks.

To estimate the size of the dataset, we considered datasets used in other studies related
to the generation of synthetic data. In the work of [19], 7000 timesteps were used in the
authors’ proposed artificial data generation model. In [35], the authors used a dataset with
7056 timesteps to compare two data generation models, one based on a GAN and the other
of autoregressive type. In [11], a dataset with 3773 stock market records was used. For
this work, we built a dataset of 2634 records or timesteps, with each record comprising
fifteen attributes or features.

The data in the built real dataset were obtained mainly from the data generated by a
vehicle driven by the same person traveling a route for about 50 min. The route crosses
Sangolquí-Pifo Avenue and then continues along the Alpachaca Corridor until reaching
the Mariscal Sucre International Airport in the Tababela sector; the map of the route can be
seen in Figure 5.

All of the collected data received the respective authorizations from the data owners
for use in this research through their written consent. These data were read from the
vehicle and recorded every second by the Car Scanner Pro app installed on an Android
smartphone placed inside the vehicle. This app was connected via Bluetooth to an OBD-II
dongle connected to the vehicle’s OBD-II interface. On-Board Diagnostics II is a vehicle diag-
nostic system that monitors, among others, the emissions, mileage, speed, and temperature
of the car; almost all modern light vehicles of American origin manufactured since 1996
incorporate an OBD-II diagnostic port. The ISO-15765-4:2021 standard specifies the com-
munication requirements between the Controlled Area Network (CAN) and the diagnostic
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system (OBD-II) of a vehicle. The schematic of the interconnection of these components is
shown in Figure 6. Depending on the vehicle’s type, equipment, and make, this app can
obtain more or less data about the car.

Figure 5. Map of the trajectory followed by the vehicle.

Figure 6. An OBD-II scanner transmits data read from the vehicle via Bluetooth to the Android app.

In addition to the data read from the vehicle, we used a smartwatch to obtain the
driver’s biometric data at each instant while driving the car. Data from the external
environment were calculated from the Global Positioning System (GPS) location of the
vehicle, as well as data from traffic accidents occurring in the vicinity of the sites included
along the route traveled by the car.

Although there is no single combination of characteristics that identifies driving
behavior, most studies include longitudinal speed [36], acceleration, throttle position, and
revolutions per minute (RPM) among their selected characteristics [37]. These and other
characteristics were included in our study to classify the level of risk of traffic accidents.
A general description, together with the measurement units of each column or feature of
the constructed dataset, is provided in Table 1. The visual appearance of the signals of
each column can be seen in Figure A1 of the Appendix (Dataset Features Signals section).
To complement this information about the dataset, Table 2 shows the code used for each
dataset feature along with the minimum, maximum, and average values.
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Table 1. Dataset columns description.

No. Feature Meaning

1 steering_angle
Angle between the projection of a vehicle’s longitudinal

axis and the line of intersection of the wheel plane and the
road surface (sexagesimal degrees).

2 speed Speed of the vehicle in meters per second (m s−1).

3 rpm Speed of the vehicle engine in revolutions per minute
(RPM).

4 acceleration Acceleration of the vehicle in meters per second squared
(m s−2).

5 throttle_position Sensor used to monitor the air intake of an engine (%).

6 engine_temperature Temperature of the air entering the engine (◦C).

7 system_voltage Voltage of the vehicle’s electrical system (V).

8 distance_travelled Distance travelled by the vehicle in one unit of time (km).

9 latitude
Angle between the plane of the earth’s equator and the
line perpendicular to the standard spheroid at a given

point on the earth’s surface (degrees).

10 longitude

Distance on the earth’s surface east or west of a defined
meridian, usually the meridian of Greenwich, England (0°
longitude), expressed in angular measurements from 180°

west (or −180°) to 180° East (degrees).

11 heart_rate Number of contractions of the heart per minute.

12 current_weather
Categories for daily weather forecasts for a location

(https://developer.accuweather.com/weather-icons)
(accessed on 3 October 2024).

13 temperature Temperature forecast for a specific location (◦C).

14 precipitation Water that falls from the clouds towards the ground (mm).

15 accidents_onsite Number of accidents recorded within an approximate
radius of 100 m around a specific geographic location.

Table 2. Dataset statistics.

No. Code Feature Minimum Maximum Average

1 ste steering_angle −522.40 515.80 36.13
2 spe speed 0.00 92.00 49.16
3 rpm rpm 562 6219 2996.72
4 acc acceleration −1.59 2.09 0.18
5 thr throttle_position 0.00 76.47 25.98
6 eng engine_temperature 0.00 92.00 83.47
7 vol system_voltage 0.00 13.00 12.59
8 dis distance_travelled 0.00 36.33 19.82
9 lat latitude −0.33 −0.12 −0.23

10 lon longitude −78.43 −78.32 −78.36
11 hea heart_rate 59.00 77.00 66.32
12 wea current_weather 6 7 6.38
13 tem temperature 20.00 24.60 22.80
14 pre precipitation 0.30 0.50 0.42
15 acd accidents_onsite 0 42 5.20

The initially constructed dataset of real observations included the nineteen features
shown in the matrix in Figure 7.

https://developer.accuweather.com/weather-icons
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Figure 7. Initial correlation matrix of features in the constructed dataset.

Due to the high correlation of certain features which had values close to 1, it was
necessary to eliminate some of them, as several features conveyed the same information,
leading to redundancy, and would make the model training process more complex. It was
also important to consider the criteria of other researchers, who suggested retaining some
features despite their high correlation. After this process, the matrix in Figure 8 played a
crucial role in selecting the features for the final dataset.

Figure 8. Final correlation matrix of features in the constructed dataset.

With the fifteen final dataset features selected, the dataset was preprocessed to (1) fill
in missing values, where the value of the closest previous record was used instead of the
missing value; (2) encode categorical data, where categorical data were converted to numerical
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data; and (3) normalize data to ensure an equal contribution of each feature to training the
data generation model. It is worth mentioning that data normalization is performed as part
of the initial reading of the data in TimeGAN.

2.2. Methodology

This section details the adjustments used to generate synthetic data from the con-
structed dataset, evaluate the resulting data, and demonstrate their practical utility. The
general procedure followed to generate the synthetic data was as follows: (1) the values of
the TimeGAN hyperparameters were adjusted; (2) data were generated with TimeGAN
using the obtained hyperparameters; (3) the RTSGAN hyperparameters were adapted to
make them correspond to the main TimeGAN hyperparameters; (4) data were generated
with RTSGAN using the configured hyperparameters; (5) the data obtained with both
frameworks were evaluated; and (6) the practical application of the generated data was
demonstrated by using them in a prediction model.

This work uses LSTM networks for all TimeGAN neural networks, as they are suitable
for learning temporal patterns in long sequences [22]. The initial data were two-dimensional
(observations, features). However, to train TimeGAN networks a three-dimensional tensor is
required as input in the form (sequences, timesteps, features). TimeGAN performs an internal
preprocessing step on the original data to obtain the tensor prior to training.

Equation (13) allows us to obtain the number of sequences to be generated with
TimeGAN, which depends on the number of observations in the initial dataset and the
sequence length. The number of dimensions is the same for both the number of observations
in the initial dataset and the generated sequence data.

s = n + l − 1 (13)

In this equation:

- s is the total number of observations in the dataset;
- n is the total number of sequences;
- l is the length of each sequence.

For example, if a dataset has 2634 observations and the length of the sequences is 24,
then the number of sequences to be obtained with Equation (13) is 2611. Thus, the values
of the tensor dimensions input to TimeGAN are as shown in Table 3.

Table 3. TimeGAN network input tensors.

Dimension Dimension Name Value

1 No. of sequences or samples 2611
2 No. of timesteps per sequence 1 24
3 No. of features per timestep 15

1 Also known as sequence length.

2.2.1. TimeGAN Implementation

TimeGAN was implemented in Python using the TensorFlow package as a basis in this
work. The TensorFlow installation procedure is detailed in https://github.com/laboratorio
AI/2023_SyntheticDrivingData/blob/main/Appendices/Installation_and_configuration_
of_TensorFlow_1_15.pdf (accessed on 3 October 2024).

2.2.2. TimeGAN Initial Hyperparameters

For this study, almost of all the same hyperparameter values are shared for all
TimeGAN networks (including the supervisor network). Table 4 shows the initial val-
ues of the main hyperparameters of these networks, which were established on the basis of
some of the reviewed works and a preliminary set of experiments.

https://github.com/laboratorioAI/2023_SyntheticDrivingData/blob/main/Appendices/Installation_and_configuration_of_TensorFlow_1_15.pdf
https://github.com/laboratorioAI/2023_SyntheticDrivingData/blob/main/Appendices/Installation_and_configuration_of_TensorFlow_1_15.pdf
https://github.com/laboratorioAI/2023_SyntheticDrivingData/blob/main/Appendices/Installation_and_configuration_of_TensorFlow_1_15.pdf
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Table 4. Hyperparameters for initial experiments.

TimeGAN Hyperparameter Initial Value

Length of the sequence of timesteps 1 24
Module type of the RNNs LSTM
Hidden units for RNNs 2 80

Layers for the LSTM networks 3,4 3
Batch size 3 128

Iteration 500
Optimizer ADAM

Learning rate 0.001
Loss function for classification BCE

Loss function for regression MSE
1 The tuning of this hyperparameter is detailed in Appendix B.2. 2 The tuning of this hyperparameter is detailed
in Appendix B.3. 3 The values for the number of layers and batch size were set to 3 and 128, respectively, as
applied in [11]. 4 The embedding, recovery, generator, and discriminator networks have three layers. Only the
supervisor network has two layers.

2.2.3. TimeGAN Networks Architecture

Figure 9 shows the details of all the inputs and outputs of the LSTM network cells of
the TimeGAN networks used in this work. It describes the vertical flow from the input
layer to the output layer and the horizontal flow through each timestep of the sequence. In
this figure, a sequence is an array of vectors of length s {X1, X2, ..., Xt, ...Xs} that represents
the number of entries to the LSTM network for each batch element. The number of features
corresponds to the number of features in the original dataset, which in this work is 15. The
number of hidden units is a hyperparameter of each LSTM cell.

Figure 9. Detailed LSTM network.

The LSTM network has three layers, each comprising s LSTM cells. Each LSTM cell
receives three inputs: the cell state cn

t−1 of the previous timestep of the current layer n, the
hidden (output) value hn

t−1 of the prior cell of the current layer n, and the current input
vector. If the layer is the first one, then the current input is Xt; otherwise, the input is the
hidden state of the previous layer. Each LSTM cell produces two outputs: (1) the hidden
state ht and (2) the cell state ct. The ht state constitutes the short-term memory of the
network, which is sent to the next cell within the same layer and forms the output of that
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cell. On the other hand, the state ct corresponds to the long-term memory of the network,
and its use is internal to the network. The array of state vectors hn

t (outputs of the n layer)
is transmitted to the upper layer of the network. In the last layer, this array constitutes the
network output, represented by the array of vectors of length s {H1, H2, ...Ht, ...Hs}; each of
these vectors has D dimensions, which in this case is equal to the number of hidden units
of each LSTM cell. The output used in this work for training the networks is the H3

24 state,
which corresponds to the last timestep of the network’s last layer.

2.2.4. Initial Configuration of Evaluation Networks

The discriminative and predictive scores of the evaluation metrics were obtained using
two recurrent LSTM networks called the discriminative and predictive networks, which differ
from the TimeGAN LSTM networks used in the synthetic data generation process.

Table 5 shows the number of learnable parameters and the input and output dimen-
sions of the discriminative and predictive networks.

Table 5. Information of the evaluation networks.

Characteristic Discriminator Predictor

No. of parameters 616 22,751
Input shape (24, 15) (23, 14)

Output shape 1 (23, 1)

The architecture of these networks is similar to the on shown in Figure 9; however,
in this case the number of layers for the discriminative network is one and the number of
layers for the predictive network is two.

The following configuration was used for training the discriminative network: (1) the
datasets of the original data and the synthetic data generated with TimeGAN were divided
into two groups each, with 70% of each set assigned to the training data and 30% to the
test data; (2) the network was trained with mini-batches of the training datasets; (3) the
obtained model was tested using the test data from the original and synthetic data datasets,
then the discriminative score was calculated.

For the predictive network, the training was performed with mini-batches formed
from the synthetic data generated using TimeGAN. The original data were used to test the
obtained model. First, the prediction was made using the original data; this prediction was
then compared with the true values to calculate the predictive score.

The initial hyperparameters of discriminative and predictive networks are shown in
Table 6. Similarly to the TimeGAN networks, these initial values were established based on
some of the reviewed works and a preliminary set of experiments.

Table 6. Initial hyperparameters for the evaluation networks.

Network Hyperparameter Discriminator Predictor

Module type LSTM LSTM
Number of layers 1 2

Hidden units 7 1 30 2

Batch size 32 32 3

Number of iterations 100 500 3

Dropout rate 0.20 0.20
Optimizer ADAM ADAM

Learning rate 0.001 0.001
Loss function BCE MAE

1 This value corresponds to half (rounded down to the nearest integer) of the original dataset’s dimensions. 2 This
value corresponds to twice the 15 dimensions of the original dataset. 3 This is only an initial value. The tuning of
this hyperparameter is detailed in Appendix B.4.
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2.2.5. Experimental Setup

The strategy used to generate synthetic data with TimeGAN and RTSGAN was realized
in two main phases: (1) determining the values for the hyperparameters of the TimeGAN
networks and the discriminative and predictive networks used to evaluate the generated
data; and (2) executing experiments to generate synthetic data with TimeGAN and RTSGAN
using the hyperparameters defined in the previous step.

Hyperparameter tuning or optimization is the process of choosing a set of hyperpa-
rameters that achieve the best performance of a data model within a reasonable budget [38].
Determining the best values for the hyperparameters of TimeGAN is a complex task due to
the number of hyperparameter combinations that can be defined. In this paper, we follow
a two-step method: (1) defining the range of values that the hyperparameters can take
based on TimeGAN values [11], and (2) selecting specific values within that range which
are as equally spaced from each other as possible. We carried out experiments to determine
the hyperparameter values for three types of networks: (1) TimeGAN, (2) discriminative
network, and (3) predictive network. This process included the execution of the following
three series of experiments:

1. The first series obtained a set of candidate values for the hyperparameters of the
discriminative and predictive networks.

2. The second series obtained the final values of the hyperparameters of the TimeGAN
networks.

3. The third series adjusted the final values of the hyperparameters of the discrimina-
tive and predictive networks using the candidate values obtained in the first series
of experiments, then used these networks to evaluate the data generated with the
TimeGAN configuration defined in the second series of experiments.

2.2.6. Candidate Hyperparameters for the Evaluation Networks

A first set of experiments was run to generate data with TimeGAN using the initial
configuration of hyperparameters (number of iterations, sequence length, and number
of hidden units) defined in Table 4. The generated data were then evaluated using the
discriminative and predictive networks with the initial hyperparameters shown in Table 6.
These experiments used 100, 200, 250, 500, 1000, and 2000 iterations for the discriminative
network and 500, 1000, 2000, 4000, 5000, and 8000 iterations for the predictive network. The
details of these experiments are provided in Appendix B.1. As a result of these experiments,
the best candidate values for batch size and number of iterations were 32 and 200 for the
discriminative network and 256 and 500 for the predictive network, respectively.

2.2.7. TimeGAN Hyperparameters

A second set of experiments was performed in which synthetic data were generated
with TimeGAN over 500, 3000, 5000, 9000, 10,000, 15,000, 20,000, 25,000, and 30,000 itera-
tions using the values obtained hyperparameters of the TimeGAN evaluation networks
in the previous step. These experiments are described in Appendix B.5. As a result of
these experiments, the hyperparameter values of 24 for the sequence length and 80 for the
number of hidden units were selected for the TimeGAN networks.

2.2.8. Final Hyperparameters of Evaluation Networks

A third and final round of experiments was run to generate data with TimeGAN over
500, 3000, 5000, 9000, 10,000, 15,000, 20,000, 25,000, and 30,000 iterations, with the following
results: (1) the best number of iterations to generate data with TimeGAN was 10,000;
(2) the most appropriate number of iterations for the predictive network was 8000; and
(3) the best batch size for the predictive network was 512. The details of these experiments
are provided in Appendix B.4.
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2.2.9. TimeGAN Data Generation

Tables 7 and 8 show the final values of the hyperparameters used in the third round
of experiments discussed in Section 2.2.8. Three experiments were run with these hyper-
parameters to generate data, then the discriminative and predictive score values were
averaged to obtain the values reported in the results.

Table 7. Final TimeGAN hyperparameters.

TimeGAN Hyperparameter Final Value

Length of the sequence of timesteps 24
Module type of the RNNs LSTM

Hidden units for RNNs 70 1

Layers for the LSTM networks 2 3
Number of iterations 10,000

Batch size 128
Optimizer ADAM

Learning rate 0.001
Loss function for classification BCE

Loss function for regression MSE
1 The derivation of these values is detailed in Appendix B.5. 2 The supervisor network has only two layers.

Table 8. Final hyperparameters for TimeGAN evaluation networks.

Network Hyperparameter Discriminator Predictor

Module type LSTM LSTM
Number of layers 1 2

Hidden units 7 30
Batch size 32 512

Number of iterations 200 8000
Dropout rate 0.20 0.20

Optimizer ADAM ADAM
Learning rate 0.001 0.001
Loss function BCE MAE

2.2.10. RTSGAN Data Generation

The final values shown in Table 9 were used for data generation with RTSGAN. Three
experiments were run with these hyperparameters to generate data, then the discriminative
and predictive score values were averaged to obtain the values reported in the results.

Table 9. Final RTSGAN hyperparameters.

RTSGAN Hyperparameter Final Value

Length of the sequence of timesteps 24
Module type of the RNNs GRU

Hidden units for RNNs 70
Layers for the GRU networks 3

Number of epochs 1 2000
Number of iterations 10,000

Batch size 128
Discriminator updates per generator update 2

Learning rate 0.001
1 The derivation of this value is detailed in the Appendix (Determination of the Number of Epochs Hyperparameter
section).

2.2.11. Evaluation of Data Generated with TimeGAN and RTSGAN

The evaluation scheme of TimeGAN proposed by [11] comprises evaluation of the
fidelity, diversity, and usefulness of the generated data. These criteria are described in
Section 1.1.3.
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The fidelity and usefulness of the generated data are expressed by the discriminative
and predictive scores, respectively, that is, the discriminative and predictive scores respec-
tively express the fidelity and usefulness of the generated data. The values of these scores
were compared between the TimeGAN and RTSGAN frameworks.

The evaluation was carried out using PCA and T-SNE plots in two dimensions. These
plots were produced for all experiments in the final round. The PCA and T-SNE plots
use different colors to indicate the points corresponding to real or synthetic data. The
higher the overlap of both types of points, the better the quality of the generated data.
Figures 10 and 11 show the changes in the PCA and T-SNE plots when running different
numbers of iterations.

It can be seen in Figure 10 that the PCA plots in subfigures (a), (b), (h), and (i) show
zones with high concentrations of points for the synthetic data distribution, while subfigures
(c), (d), (e), (f), and (g) show a better spread of points along the whole plot. As a general
rule, plots with a similar distribution of real and synthetic points indicate better ability
of the model to generate data over the entire range of real data. Subfigure (e) shows the
plot of the model that obtains the best results in TimeGAN with 10,000 iterations. A good
overlapping data distribution can be perceived in this plot.

(a) 500 iterations (b) 3,000 iterations (c) 5,000 iterations

(d) 9,000 iterations (e) 10,000 iterations (f) 15,000 iterations

(g) 20,000 iterations (h) 25,000 iterations (i) 30,000 iterations

Figure 10. Evolution of the quality of PCA plots.

For the T-SNE plots, the optimized hyperparameters shown in Table 10 were used.

Table 10. T-SNE hyperparameters.

T-SNE Hyperparameter Value

No. of components 2
Perplexity 40

No. of iterations 3000
Learning rate 170
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In the case of the T-SNE plots, it can be observed in Figure 11 that the synthetic data
form clusters with high point density in subfigures (a), (g), (h), and (i), while in subfigures
(b), (c), (d), (e), and (f) the real and synthetic data overlap without forming clusters.

(a) 500 iterations (b) 3,000 iterations (c) 5k iterations

(d) 9,000 iterations (e) 10,000 iterations (f) 15,000 iterations

(g) 20,000 iterations (h) 25,000 iterations (i) 30,000 iterations

Figure 11. Evolution of the quality of T-SNE plots.

In subfigure (e) of Figure 11, corresponding to 10,000 iterations, the synthetic data
overlap with the real data in almost all zones, which is consistent with the PCA results.

2.2.12. Application of Synthetic Data

In addition to the two ways of evaluating synthetic data indicated above, two forms
of using synthetic data were applied in order to compare their usefulness against real data
through an unsupervised algorithm (clustering) and a supervised algorithm (classification).
The synthetic data generated in the experiments were used to build classification models
to identify vehicle accident risk levels based on information from driving events, driver
biometric data, and the external environment.

Figure 12 shows the two-step practical application scheme of the data generated with
TimeGAN. First, the generated data were labeled with the help of a clustering algorithm;
then, a supervised prediction algorithm was used to train a classification model.
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Figure 12. Synthetic data application scheme.

2.2.13. Clustering Model

Because neither the real data nor the synthetic data generated with TimeGAN have
any labels in their records that would allow for identifying the classes or levels of risk of
suffering an accident, it is necessary to somehow identify these classes. For this purpose,
the K-means unsupervised clustering algorithm was applied to the dataset, using the result
provided by the Elbow method as the optimal number of clusters. The number of clusters
obtained with this algorithm corresponds to the number of classes. The number of classes
identified in the real and synthetic datasets is expected to be the same, as this indicates
that the synthetic data are similar to the real data. The Elbow method was applied to one
dataset consisting of real data and another dataset consisting of synthetic data. In both
cases, 2634 points were used.

The Elbow method obtains a graph that relates the number of clusters to the inertia
variation as the result. The inertia measures the total sum of the squares of the distances
from each point to the centroid of its respective cluster. The optimal number of clusters
corresponds to the point on the graph from which the variation in the inertia is much
smaller than that of the previous points. Figure 13 shows that the Elbow method indicates
the same number of clusters (four) for both the real and synthetic data.

(a) Elbow method with real data (b) Elbow method with synthetic data

Figure 13. Identification of the number of clusters with the Elbow method.

After using the clustering process to define the optimal number of classes present in
both datasets as four, the next step was data labeling, in which each class was identified with
a name. The names assigned to the four classes representing the driving risk level were
(1) Very High, (2) High, (3) Medium, and (4) Low. The cluster to which each point belonged
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was then identified using the K-means algorithm with k equal to 4. In addition to the
opinions of our researchers based on their experience, the decision to label the four clusters
identified as Low, Medium, High, and Very High Risk was supported by the work of [39],
who related several pairs of driving event features and then identified high accident risk
clusters, as well as by [36], who used a semi-supervised approach to classify driving styles
as either normal or aggressive.

2.2.14. Classification Models

After the real and synthetic data datasets were labeled, the next step was to use the data
to create predictive models. We followed a strategy of training several classification models
with the supervised learning Multi-Layer Perceptron (MLP) algorithm, then obtaining the
accuracy metric corresponding to each model. Table 11 shows the configuration used for
the MLP algorithm.

Table 11. MLP configuration.

MLP Hyperparameter Value

No. of layers 3
First layer units 10

Second layer units 10
Third layer units 10
No. of iterations 10,000

Activation function ReLU
Solver ADAM

Learning rate 0.001

The following two experiments were run with TimeGAN-generated data:

1. A dataset with 2634 real observations was used for training and testing with holdout-
type validation (80–20%).

2. A dataset of 2634 records consisting entirely of synthetic data was used for training
and a dataset of 2634 real observations was used for testing, applying the Train on
Synthetic Test on Real (TSTR) approach.

3. Results and Discussion

This chapter describes the data obtained with the TimeGAN model. In addition, the
results obtained in the experimental part are shown and discussed with respect to the
evaluation shown in Figure 3 for the data generated with TimeGAN under the criteria of
fidelity, diversity, and usefulness.

3.1. Quantitative Evaluation of the Generated Data

As shown in Figure 3, the quantitative metrics in TimeGAN evaluate the fidelity of
the data generated through a discriminative score and the usefulness of the data through
a predictive score. To obtain these scores, experiments were carried out with the final
hyperparameters shown in Tables 7 and 8 for TimeGAN and Table 9 for RTSGAN. Table 12
shows the scores obtained for the data generated with TimeGAN, while Table 13 shows
these scores for the data generated with RTSGAN. A comparison of the scores obtained
with TimeGAN and RTSGAn is shown in Table 14.

Table 12. Quantitative evaluation of data generated with TimeGAN.

Number of Experiment Discriminative Score Predictive Score

1 0.045663 0.044151
2 0.045918 0.047563
3 0.046492 0.046468

midrange 0.046078 0.045857
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Table 13 shows the discriminative and predictive scores for the data generated with
the final values of the RTSGAN hyperparameters, shown in Table 9.

Table 13. Quantitative evaluation of data generated with RTSGAN.

Number of Experiment Discriminative Score Predictive Score

1 0.017793 0.041440
2 0.018622 0.041782
3 0.021301 0.042283

midrange 0.019547 0.041862

Table 14. Comparison of quantitative metrics between TimeGAN and RTSGAN.

Type of Framework for Time Series Generation

Metric TimeGAN 1 RTSGAN 2

Discriminative score 0.046078 ± 0.000415 0.019547 ± 0.001754
Predictive score 0.045857 ± 0.001706 0.041862 ± 0.000422

1 The values reported here correspond to the midrange values of the results shown in Table 12. 2 The values
reported here correspond to the midrange values of the results shown in Table 13.

3.2. Qualitative Evaluation of the Generated Data

The qualitative metrics in TimeGAN evaluate the diversity of the data generated. These
metrics correspond to the plots generated with the PCA and T-SNE techniques. These
plots were created with the data generated in the experiments indicated in Tables 12 and 13,
corresponding to TimeGAN and RTSGAN, respectively. The PCA plots obtained for
TimeGAN and RTSGAN are shown together in Figure 14, while the T-SNE plots obtained
for TimeGAN and RTSGAN are shown together in Figure 15.

(a) Experiment 1: TimeGAN (b) Experiment 2: TimeGAN (c) Experiment 3: TimeGAN

(d) Experiment 1: RTSGAN (e) Experiment 2: RTSGAN (f) Experiment 3: RTSGAN

Figure 14. PCA plots obtained with TimeGAN and RTSGAn for 10,000 iterations.
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(a) Experiment 1: TimeGAN (b) Experiment 2: TimeGAN (c) Experiment 3: TimeGAN

(d) Experiment 1: RTSGAN (e) Experiment 2: RTSGAN (f) Experiment 3: RTSGAN

Figure 15. T-SNE plots obtained with TimeGAN and RTSGAN for 10,000 iterations.

Figures 14 and 15 show that the data generated with RTSGAN present a more homo-
geneous distribution than the data generated with TimeGAN compared to the original data
distribution.

3.3. Generated Data Samples

Tables 15 and 16 show part of a synthetic data sequence obtained with the developed
models for TimeGAN and RTSGAN, respectively. The table headers’ row abbreviations
correspond to the features listed in Table 2.

Table 15. Data sample generated with TimeGAN.

ste a spe rpm acc thr eng vol dis lat lon hea b wea c tem pre acc d

4.58 66.85 2290.85 −0.29 18.63 87.89 12.86 0.01 −0.26 −78.33 61.98 2.00 24.59 0.50 2.44
−1.07 70.77 2500.36 −0.44 15.45 88.10 12.84 0.02 −0.27 −78.34 63.23 1.99 24.59 0.50 2.71
−2.73 70.88 2742.74 −0.49 18.69 88.51 12.84 0.01 −0.26 −78.33 63.62 2.00 24.59 0.50 2.19
3.51 77.97 2977.16 −0.10 15.60 88.38 12.86 0.02 −0.27 −78.33 63.93 2.00 24.60 0.50 2.23
15.04 78.67 3039.93 0.29 20.48 88.36 12.86 0.02 −0.26 −78.34 62.86 2.00 24.60 0.50 2.33
11.44 75.72 2862.55 0.66 26.36 88.10 12.85 0.02 −0.27 −78.33 63.51 2.00 24.60 0.50 2.54
−5.32 72.74 2695.20 0.32 20.86 88.23 12.86 0.02 −0.27 −78.33 63.35 2.00 24.60 0.50 1.98
23.96 72.22 2862.80 0.25 25.23 88.40 12.86 0.02 −0.25 −78.33 63.20 1.99 24.59 0.49 3.51
25.17 72.85 2906.37 0.83 34.33 88.01 12.85 0.01 −0.26 −78.33 63.19 2.00 24.60 0.50 3.65
14.79 67.86 2765.92 0.63 35.09 89.08 12.85 0.02 −0.27 −78.33 63.66 2.00 24.60 0.50 3.53
25.68 65.28 2688.51 0.33 32.44 88.81 12.84 0.01 −0.27 −78.33 63.51 2.00 24.60 0.50 2.71
18.11 62.86 2429.67 0.06 34.35 88.96 12.85 0.01 −0.26 −78.33 63.68 2.00 24.59 0.50 3.60
34.28 63.39 2450.72 0.12 32.57 88.60 12.86 0.01 −0.25 −78.33 64.65 1.99 24.59 0.49 1.50
42.49 62.39 2464.14 0.05 38.25 88.49 12.83 0.01 −0.27 −78.33 64.37 1.99 24.59 0.50 1.43
44.22 61.07 2319.26 0.07 50.85 88.80 12.83 0.01 −0.26 −78.34 64.95 2.00 24.59 0.50 3.62
26.34 63.62 2474.78 −0.08 55.55 88.81 12.85 0.01 −0.27 −78.34 65.54 2.00 24.60 0.50 1.28
14.23 61.14 2376.41 −0.17 51.05 89.24 12.84 0.01 −0.26 −78.33 64.97 2.00 24.59 0.50 2.04
15.37 58.69 2303.91 −0.14 46.36 89.47 12.84 0.01 −0.27 −78.33 65.65 2.00 24.60 0.50 2.72
16.48 62.23 2430.28 −0.14 46.28 88.97 12.84 0.01 −0.27 −78.33 66.54 2.00 24.60 0.50 2.38

a deg: Sexagesimal degrees. b cpm: Contractions of the heart per minute. c cat: Categories for daily weather
forecasts for a location (https://developer.accuweather.com/weather-icons) (accessed on 3 October 2024). d acc:
Number of accidents recorded within an approximate radius of 100 m around a specific geographic location.

https://developer.accuweather.com/weather-icons
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Table 16. Data sample generated with RTSGAN.

ste a spe rpm acc thr eng vol dis lat lon hea b wea c tem pre acc d

−1.50 6.21 756.05 −1.00 13.80 88.59 12.77 0.00 −0.31 −78.38 64.84 2.00 24.60 0.50 4.62
−6.06 11.85 913.78 −1.05 13.52 88.61 12.74 0.00 −0.31 −78.38 65.50 2.00 24.60 0.50 4.68
−15.63 13.91 959.39 −1.19 13.64 88.34 12.77 0.01 −0.31 −78.38 65.50 2.00 24.60 0.50 4.94
−23.33 16.94 1014.64 −1.28 13.87 88.22 12.77 0.01 −0.31 −78.38 64.77 2.00 24.60 0.50 4.84
−28.79 19.51 1074.31 −1.26 13.89 88.13 12.75 0.01 −0.31 −78.38 64.24 2.00 24.60 0.50 4.45
−33.37 21.75 1130.93 −1.16 13.79 88.02 12.72 0.01 −0.30 −78.38 63.90 2.00 24.60 0.50 3.97
−35.45 23.59 1189.75 −0.97 13.65 87.97 12.69 0.01 −0.30 −78.38 63.84 2.00 24.60 0.50 3.60
−34.73 24.82 1238.71 −0.80 13.66 87.98 12.68 0.01 −0.30 −78.38 63.96 2.00 24.60 0.50 3.47
−32.42 25.78 1267.55 −0.73 13.87 87.98 12.69 0.01 −0.30 −78.38 64.15 2.00 24.60 0.50 3.49
−29.80 26.96 1293.70 −0.73 13.97 87.88 12.69 0.01 −0.31 −78.38 64.27 2.00 24.60 0.50 3.50
−28.05 28.43 1339.92 −0.80 13.92 87.95 12.71 0.01 −0.31 −78.38 64.40 2.00 24.60 0.50 3.46
−27.75 30.26 1407.98 −0.90 13.89 88.13 12.73 0.01 −0.31 −78.38 64.57 2.00 24.60 0.50 3.37
26.28 32.62 1500.11 −1.02 14.20 88.20 12.76 0.01 −0.31 −78.38 64.63 2.00 24.60 0.50 3.35
−25.57 35.14 1626.01 −1.00 14.78 88.20 12.79 0.01 −0.31 −78.38 64.47 2.00 24.60 0.50 3.47
−26.23 36.98 1720.79 −0.84 14.89 88.39 12.79 0.01 −0.31 −78.38 64.42 2.00 24.60 0.50 3.52
−27.51 37.62 1804.01 −0.84 15.19 88.64 12.80 0.01 −0.31 −78.38 64.39 2.00 24.60 0.50 3.56
−25.80 38.23 1836.02 −0.96 15.45 88.78 12.77 0.01 −0.31 −78.38 64.36 2.00 24.60 0.50 3.55
−26.97 39.82 1921.10 −1.05 15.69 88.72 12.79 0.01 −0.31 −78.38 64.47 2.00 24.60 0.50 3.59
−26.29 43.66 2017.45 −0.97 15.80 88.85 12.76 0.02 −0.31 −78.38 64.73 2.00 24.60 0.50 3.46

a deg: Sexagesimal degrees. b cpm: Contractions of the heart per minute. c cat: Categories for daily weather
forecasts for a location (https://developer.accuweather.com/weather-icons) (accessed on 3 October 2024). d acc:
Number of accidents recorded within an approximate radius of 100 m around a specific geographic location.

3.4. Synthetic Data Application Results

As described in Section 2.2.12, the practical application scheme included two stages.
The optimal number of clusters and label names were set in the first stage. Then, using the
unsupervised learning model obtained with the K-means algorithm, these labels were used
to identify the data generated by TimeGAN. In the second stage, an MLP-based supervised
learning model was developed for classification using the real and synthetic data.

3.4.1. Unsupervised Learning Results

The K-means algorithm was applied to the speed and accidents_onsite columns of the
following datasets:

1. The real data dataset with 2634 timesteps.
2. Three datasets generated by TimeGAN, each with 2634 timesteps.
3. Three datasets generated by RTSGAN, each with 2634 timesteps.

Figure 16 shows the results of applying K-means clustering to the real dataset and
the synthetic datasets generated with TimeGAN. In contrast, Figure 17 shows the results
of applying K-means clustering to the real dataset and the synthetic datasets generated
with RTSGAN. Subfigure (a) in Figure 16 and subfigure (a) in Figure 17 correspond to the
clustering of the real data, while the other subfigures correspond to clustering runs on the
synthetic data. It can be seen that the generation models learned the real data distribution,
as the clusters obtained with the synthetic and real data are similar to both TimeGAN and
RTSGAN. Table 17 indicates the proportion of observations corresponding to each cluster
identified by K-means, which represent the four categories of vehicle accident risk level.

Comparing Figures 16 and 17 shows that the clusterings generated by K-Means for the
synthetic data are similar to the clustering of the real data. This means that the generation
models learned by TimeGAN and RTSGAN with the values of the hyperparameters defined
in this research capture the diversity of the distribution of the original data.

https://developer.accuweather.com/weather-icons
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(a) Experiment 1 (real data) (b) Experiment 2 (TimeGAN synthetic data)

(c) Experiment 3 (TimeGAN synthetic data) (d) Experiment 4 (TimeGAN synthetic data)

Figure 16. Clustering results for real and TimeGAN synthetic data.

(a) Experiment 1 (real data) (b) Experiment 2 (RTSGAN synthetic data)

(c) Experiment 3 (RTSGAN synthetic data) (d) Experiment 4 (RTSGAN synthetic data)

Figure 17. Clustering results for real and RTSGAN synthetic data.
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Table 17. Clustering with real and synthetic data.

Experiment Data Type LR 1 (%) MR 1 (%) HR 1 (%) VHR 1 (%) AR 1 (%)

1 Real 26.87 40.12 26.11 6.87 100
2 Synthetic 2 25.93 64.46 4.59 5.01 100
3 Synthetic 2 25.24 52.12 17.91 4.07 100
4 Synthetic 2 23.12 36.67 36.48 3.72 100
5 Synthetic 3 27.98 43.92 21.86 6.23 100
6 Synthetic 3 28.17 43.73 24.42 3.68 100
7 Synthetic 3 27.56 49.16 19.17 4.10 100

1 LR, MR, HR, VHR, and AR mean the percentage of points in the “Low”, “Medium”, “High”, “Very High”, and
“All Risks” categories, respectively. 2 Data generated with the TimeGAN framework. 3 Data generated with the
RTSGAN framework.

3.4.2. Supervised Learning Results

This section describes the implementation of the MLP algorithm for classification.
Table 18 shows the results obtained for the experiments described in Section 2.2.14.

Table 18. Comparison of MLP scores.

Experiment Training Data Testing Data Accuracy

1 Real Real 0.974469
2 Synthetic Real 0.976249

Figure 18 illustrates the accuracy results from Table 18; the first column represents
the accuracy value of the prediction model when using only real data for training and
testing, while the second column shows the model’s accuracy when using only synthetic
data during training and only real data in testing.

Figure 18. MLP classifier accuracy scores.

From these experiments, it can be concluded that the MLP classification models trained
using datasets consisting of synthetic data have comparable accuracy to models trained
only on real data.

4. Conclusions

This study has successfully demonstrated the construction of synthetic driving event
data using the TimeGAN and RTSGAN frameworks. These synthetic data were then
effectively utilized in prediction models to assess the risk level of accidents when driving
automobiles.
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The PCA and T-SNE techniques used to evaluate the generated data obtained good
qualitative results with both frameworks. The discriminative and predictive scores estab-
lished in TimeGAN were the quantitative metrics used in this work. The discriminative and
predictive scores for TimeGAN-generated data were 0.046078 and 0.045857, respectively,
while for RTSGAN-generated data these scores were 0.019547 and 0.041862, showing that
better results were obtained with RTSGAN.

Applying the K-means clustering algorithm using the characteristics of speed and
number of accidents showed that the data generated with TimeGAN and RTSGAN could
adequately capture the distribution of the original data, generating a similar distribution of
points to that of the real data in the identified clusters.

In another contribution of this work, we established and adjusted the hyperparameters
used to generate synthetic data with TimeGAN and RTSGAN, then compared the results
obtained with the two frameworks. We determined that RTSGAN produces better results
in terms of the evaluation metrics. In addition, an MLP classification model produced
results comparable to those obtained with only real data when using the generated data,
providing further evidence for the usefulness of the generated data.

It is important to note the limitations of our study. We used a relatively small dataset
built from real observations, which means that the results of our generation model can
only be generalized to scenarios with similar characteristics to those under which our
observations were collected. Additionally, TimeGAN and RTSGAN are not suitable for
generating large datasets to replace real observations obtained continuously over long time
periods, as demonstrated in this study, where we used these frameworks to create short
data sequences of 24 s.

As future work, we mention the following possible lines of work: (1) investigating
new configurations to obtain sequences of greater length than those found in this study
while at the same time improving the values of the reported metrics; (2) investigating the
performance behavior of models created with more complex datasets in terms of the number
of observations and number of features; (3) studying the relationship between the results
of prediction models using the same configuration but created on computers with different
performance levels; (4) investigating how to detect and mitigate biases in synthetic data that
may have inherited biases from real data; (5) exploring and comparing the performance of
different synthetic data generation techniques and determining whether the performance of
the classifiers can be further improved when compared to the performance of the technique
used in this work; and (6) investigating the ability of TimeGAN or RTSGAN to protect the
privacy of real data used as the basis for generating synthetic data.
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Abbreviations
The following abbreviations are used in this manuscript:

GAN Generative Adversarial Network
VAE Variational Auto-Encoder
RNN Recurrent Neural Network
LSTM Long Short-Term Memory
GRU Gated Recurrent Unit
PCA Principal Components Analysis
T-SNE T-Distributed Stochastic Neighbor Embedding
MAE Mean Absolute Error
TSTR Train on Synthetic, Test on Real
OBD-II On-Board Diagnostic II
BCE Binary Cross-Entropy
ADAM Adaptive Moment Estimation
MLP Multi-Layer Perceptron

Appendix A. Dataset Description

Dataset Features Signals

Figure A1 shows the shape of the signals over time for each of the columns described
in Table 1.

Figure A1. Signals of the dataset columns over time.
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Appendix B. TimeGAN Hyperparameter Tuning

This appendix describes the experiments carried out to find the values of the hyperpa-
rameters for TimeGAN and for the discriminative and predictive networks used to evaluate
the data generated by TimeGAN. The strategy adopted to find the hyperparameter values
was as follows:

1. A set of candidate values was obtained for the hyperparameters of the predictive and
discriminative networks.

2. Several series of experiments were run with these values to calibrate the TimeGAN
hyperparameters.

3. Some hyperparameters of TimeGAN and the predictive network were adjusted
through additional experiments.

4. The TimeGAN hyperparameters that obtained the best joint discriminative and pre-
dictive scores were selected. The final choices were the discriminative and predictive
network configurations that obtained these scores.

Appendix B.1. Candidate Hyperparameters for the Evaluation Networks

Synthetic data were generated with TimeGAN using the initial configuration in Table 4
and then evaluated by the discriminative and predictive networks, for which the initial
hyperparameters are shown in Table 6. The hyperparameters calibrated for these two net-
works were (1) batch size and (2) number of iterations. In this group of experiments, the
variation in the discriminative and predictive scores was analyzed by changing the values
of the batch size and number of iterations together. In both cases, the average scores
obtained with all batch sizes were calculated for each value of the specified number of
iterations described below.

In the case of the discriminative network, batch sizes of 32, 64, 128, 256, and 512
were considered, and the obtained scores were compared when running 100, 200, 250, 500,
1000, and 2000 iterations. The results of these experiments are shown in Table A1, where
it can be seen that the best average score of 0.25954 was obtained when all batch sizes
were considered and 200 iterations were run. Considering the values in Table A1 with
200 iterations, the batch size that provides the best average value occurs when the number
of iterations is 32. Therefore, the values of 32 and 200 were selected for the batch size and
number of iterations hyperparameters of the discriminative network, respectively.

Table A1. Discriminative scores by batch size and number of iterations.

Batch No. of Iterations

Size 100 200 250 500 1000 2000 Average

32 0.31651 0.12697 0.19681 0.43482 0.42021 0.49273 0.331346
64 0.15784 0.35663 0.43354 0.28392 0.41358 0.47525 0.353465
128 0.35287 0.24783 0.41498 0.43118 0.36524 0.49273 0.384141
256 0.36352 0.27920 0.27174 0.41613 0.41383 0.45427 0.366454
512 0.32901 0.28705 0.28730 0.47678 0.44017 0.48456 0.384152

Average 0.30395 0.25954 0.32088 0.40857 0.41061 0.47991

For the case of the predictive network, the same variants of the discriminative network
were considered for the batch size, and the numbers of iterations considered were 500,
1000, 2000, 4000, 5000, and 8000. Table A2 shows the values found for the predictive scores,
where it can be seen that the best average predictive score of 0.10597 was obtained when
all batch sizes were considered and 500 iterations were executed. With 1000 iterations, a
similar result is achieved; however, the lower number of iterations was preferred due to
the lower computational cost. Under the same analysis as in the discriminative case, if
we considered the values in Table A2 with 500 iterations, then the batch size with the best
average value is obtained when the number of iterations is 256. Therefore, values of 256
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and 500 were chosen for the batch size and number of iterations hyperparameters of the
predictive network, respectively. Table A3 summarizes the best average values obtained
for the hyperparameters of the discriminative and predictive networks.

Table A2. Predictive scores by batch size and number of iterations.

Batch No. of Iterations

Size 500 1000 2000 4000 5000 8000 Average

32 0.16399 0.10252 0.06720 0.35617 0.11546 0.17574 0.163518
64 0.11531 0.15578 0.10446 0.07016 0.10325 0.09987 0.108144
128 0.08567 0.10750 0.24060 0.13003 0.13113 0.09500 0.131659
256 0.09012 0.08453 0.07702 0.12728 0.07164 0.07150 0.087019
512 0.07475 0.08144 0.07228 0.13827 0.15466 0.15541 0.112806

Average 0.10597 0.10635 0.11231 0.16438 0.11523 0.11950

Table A3. Best hyperparameters for the evaluation networks.

Hyperparameter Discriminator Predictor

Batch size 32 256
No. of iterations 200 500

Appendix B.2. Determination of the Data Sequence Length Hyperparameter in TimeGAN

The TimeGAN hyperparameters determined in this section are the sequence length
and number of hidden units of the LSTM networks. In these experiments, the hyperpa-
rameters for the evaluation networks of Table 6 were used instead of the values of the
hyperparameters obtained in Appendix B.1.

Three experiments were performed with 16, 24, 32, 40, and 48 timesteps sequences to
determine the most appropriate values for the TimeGAN sequence length hyperparameter.
This length must be obtained carefully, as a very small value may not be sufficient to capture
a practically useful sequence, while a very long sequence may require a large amount of
resources and processing time. The results of the experiments to find the discriminative
scores are shown in Table A4, where it can be observed that the best average result of
0.158865 is obtained when using a sequence of length 24.

Table A4. Discriminative scores by length of the sequences.

Experiment
Sequence Length

16 24 32 40 48

1 0.178690 0.126977 0.424268 0.378498 0.338867
2 0.122583 0.172577 0.294302 0.394288 0.373359
3 0.470293 0.177041 0.162676 0.463736 0.300644

Average 0.257189 0.158865 0.293875 0.412174 0.337623

The results of the experiments carried out with the predictive network are shown in
Table A5, which shows that the best average result of 0.081198 is achieved with sequences
of length 24.
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Table A5. Predictive scores by length of the sequences.

Experiment
Sequence Length

16 24 32 40 48

1 0.079849 0.090120 0.084412 0.096048 0.096296
2 0.076416 0.077339 0.087748 0.079849 0.155386
3 0.096282 0.076136 0.077865 0.147370 0.119579

Average 0.084182 0.081198 0.083342 0.107756 0.123754

Appendix B.3. Determination of the Number of Hidden Units Hyperparameter in TimeGAN

Using the results from Appendices B.1 and B.2, three experiments were performed
considering 20, 40, 60, 80, and 100 hidden units in TimeGAN networks to determine which
value was the most appropriate for this hyperparameter.

Table A6 shows the results of the experiments to obtain the discriminative scores. It
can be seen in this table that the best average value of 0.194983 was obtained with 80 hidden
units.

Table A6. Discriminative scores by number of hidden units.

Experiment
No. of Hidden Units

20 40 60 80 100

1 0.277360 0.388457 0.287181 0.126977 0.096046
2 0.323597 0.359566 0.301403 0.258291 0.285395
3 0.331443 0.184311 0.169898 0.199681 0.349235

Average 0.310799 0.310778 0.252827 0.194983 0.243559

The results for the predictive scores are indicated in Table A7, where it can be ob-
served that the best average value for the three experiments of 0.084204 was obtained with
80 hidden units.

Table A7. Predictive scores by number of hidden units.

Experiment
No. of Hidden Units

20 40 60 80 100

1 0.077949 0.086518 0.168168 0.090120 0.073495
2 0.096677 0.241468 0.081442 0.089779 0.144930
3 0.083645 0.074895 0.077272 0.072714 0.191932

Average 0.086090 0.134294 0.108961 0.084204 0.136786

Appendix B.4. Final Hyperparameters of the Networks

In this section, the following values are determined: (1) the number of iterations
of TimeGAN and (2) the number of iterations and batch size of the predictive network.
Table A8 summarizes the best values found in Appendices B.2 and B.3.

Table A8. Final candidate TimeGAN hyperparameters.

TimeGAN Hyperparameter Value

Sequence length 24
No. of hidden units 80

It can be observed from Table A8 that the best value for the number of hidden units
for TimeGAN networks is equal to 80 and that the best value for the sequence length is 24.
We ran a set of experiments to observe the values of the scores when using several different
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numbers of hidden units close to 80, specifically, with 70, 80, and 90 hidden units. For the
discriminative and predictive networks, the hyperparameters in Table 6 were updated with
the values obtained in Appendix B.1.

For our analysis of the discriminative scores, a series of 27 experiments were run,
three for each number of hidden units for each of 500, 3000, 5000, 9000, 10,000, 15,000,
20,000, 25,000, and 30,000 iterations. This set of experiments allowed us to establish the
best number of iterations to use when training the TimeGAN networks. After the first run
of 27 experiments, the results shown in Table A9 were obtained.

Table A9. Discriminative scores for the first run of experiments.

No. of TimeGAN Iterations 1 Hidden Units Discriminative Score

500
70 0.263010
80 0.230102
90 0.189796

3000
70 0.079337
80 0.092730
90 0.047959

5000
70 0.156378
80 0.044643
90 0.072126

9000
70 0.041199
80 0.057908
90 0.064413

10,000
70 0.045663
80 0.050255
90 0.055995

15,000
70 0.062883
80 0.025510
90 0.101913

20,000
70 0.075000
80 0.075255
90 0.054974

25,000
70 0.069005
80 0.127296
90 0.051148

30,000
70 0.076658
80 0.068495
90 0.134566

1 The batch size and the number of iterations for the discriminative network were 32 and 200, respectively.

Regarding the analysis of predictive scores, a series of fifteen experiments were run,
three for each number of hidden units for each of 500, 3000, 5000, 9000, and 10,000 iterations.
After the first run of fifteen experiments, the results shown in Table A10 were obtained.

Upon closely examining the predictive scores in Table A10, it can be noticed that the
scores do not improve very much even when the number of TimeGAN iterations increases
from 500 to 10,000, and seem to stagnate. For this reason, we used one of the following best
values from the set of hyperparameters obtained in Appendix B.1 to perform a new set of
experiments; in this case, the value of 8000 iterations was selected and used, instead of 500
for the discriminative network.

The variation of the predictive score on data generated with TimeGAN when changing
the number of iterations of the predictive network was analyzed in experiments with 70,
80, and 90 hidden units and with 500, 2000, 5000, and 8000 iterations for the predictive
network, all with 10,000 TimeGAN iterations. The results in Table A11 reflect a considerable
improvement in the predictive scores with 70, 80, and 90 hidden units when increasing
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the number of iterations from 500 to 8000 in the predictive network. Therefore, this value
was established as the new hyperparameter for the number of iterations of the predictive
network.

Table A10. Predictive scores for the first run of experiments.

No. of TimeGAN Iterations 1 Hidden Units Predictive Score

500
70 0.103060
80 0.078703
90 0.074426

3000
70 0.069205
80 0.071240
90 0.073169

5000
70 0.065946
80 0.068529
90 0.069467

9000
70 0.069823
80 0.070330
90 0.070437

10,000
70 0.070021
80 0.068833
90 0.065653

1 The batch size and the number of iterations for the predictive network were 256 and 500, respectively.

Table A11. Predictive scores by number of iterations in the predictive network.

Number of Number of Iterations in the Predictive Network 1

Hidden Units 500 2000 5000 8000

70 0.070021 0.054281 0.047422 0.044132
80 0.068833 0.052964 0.043623 0.039589
90 0.065653 0.053009 0.047998 0.043958

Average 0.068169 0.053418 0.046348 0.042560
1 The batch size for the predictive network in these experiments was 256, while the number of iterations for
TimeGAN networks was 10,000.

The 27 experiments were then run again using the value of 8000 instead of 500 for the
number of iterations of the predictive network and keeping its batch size fixed at 256. The
results after applying this change are shown in Table A12.

Table A12. Predictive scores for first fit of predictive network values.

No. of TimeGAN Iterations 1 Hidden Units Predictive Score

500
70 0.120283
80 0.068555
90 0.069589

3000
70 0.053960
80 0.048301
90 0.052339

5000
70 0.047269
80 0.046167
90 0.051160

9000
70 0.049712
80 0.045722
90 0.048057
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Table A12. Cont.

No. of TimeGAN Iterations 1 Hidden Units Predictive Score

10,000
70 0.044132
80 0.039589
90 0.043958

15,000
70 0.045661
80 0.045869
90 0.050569

20,000
70 0.045642
80 0.051687
90 0.046660

25,000
70 0.050789
80 0.054795
90 0.048775

30,000
70 0.044212
80 0.048324
90 0.055946

1 In these experiments, the batch size and number of iterations in the predictive network were kept constant at
256 and 8000, respectively.

Figure A2 shows the predictive scores corresponding to Table A12. Figure A3 shows
an alternative way of looking at the results of Figure A2, showing the cumulative predictive
scores for 70, 80, and 90 hidden units for each number of iterations considered. This figure
shows that the lowest (best) sum of the scores occurred when 10,000 iterations were used
in TimeGAN. Similar results were obtained when the experiments were repeated with
8000 iterations and a batch size of 512 instead of 256 for the predictive network, with a slight
improvement in training time. Table A13 compares the predictive scores when using batch
sizes 256 and 512 in the predictive network. Figure A4 shows the predictive scores with a
batch size of 512. The cumulative scores for each number of iterations with a batch size of
512 are shown in Figure A5, where the best value is obtained with 10,000 iterations. When
comparing the results obtained with batch sizes of 256 and 512 in the predictive network,
quite similar values are obtained, with 0.127679 for a batch size of 256 and 0.128452 for a
batch size of 512. In this case, 512 was chosen as the value of the batch size hyperparameter
because it required a slightly shorter training time.

Table A13. Comparison between adjusted predictive scores for different batch sizes.

No. of TimeGAN
Iterations 1 Hidden Units Predictive Score

(Batch Size = 256)
Predictive Score

(Batch Size = 512)

500
70 0.120283 0.120361
80 0.068555 0.067848
90 0.069589 0.069784

3000
70 0.053960 0.054237
80 0.048301 0.047550
90 0.052339 0.054814

5000
70 0.047269 0.047083
80 0.046167 0.045364
90 0.051160 0.050311

9000
70 0.049712 0.050340
80 0.045722 0.046526
90 0.048057 0.047894

10,000
70 0.044132 0.044151
80 0.039589 0.039535
90 0.043958 0.044766
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Table A13. Cont.

No. of TimeGAN
Iterations 1 Hidden Units Predictive Score

(Batch Size = 256)
Predictive Score

(Batch Size = 512)

15,000
70 0.045661 0.044439
80 0.045869 0.046439
90 0.050569 0.049636

20,000
70 0.045642 0.044827
80 0.051687 0.050140
90 0.046660 0.045477

25,000
70 0.050789 0.050622
80 0.054795 0.053755
90 0.048775 0.047294

30,000
70 0.044212 0.043546
80 0.048324 0.049939
90 0.055946 0.055648

1 In these experiments, the sequence length was kept constant at 24.

Figure A2. Predictive score by number of iterations of the predictive network (batch size = 256).

Figure A3. Cumulative score by number of iterations of the predictive network (batch size = 256).
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Figure A4. Predictive score by number of iterations of the predictive network (batch size = 512).

Figure A5. Cumulative score by number of iterations of the predictive network (batch size = 512).

Appendix B.5. Final Hyperparameters

In Appendices B.1–B.4, the best values for the hyperparameters of TimeGAN and the
evaluation networks were found. The experiments that produced the best results for the
evaluation networks are shown in Table A14.

Table A14. Best candidate scores for the evaluation networks.

No. of TimeGAN
Iterations Hidden Units Discriminative Score Predictive Score

15,000 80 0.025510 0.046439
10,000 80 0.050255 0.039535

The best discriminative and predictive scores were obtained with different numbers of
iterations in TimeGAN; the best discriminative score was 0.025510, obtained with 15,000 it-
erations, while the best predictive score was 0.039535, obtained with 10,000 iterations. It
was necessary to choose one of these two numbers of iterations as the final TimeGAN
hyperparameter. The value of 10,000 was preferred as the hyperparameter value for the
following reasons: (1) it required less training time, and (2) the cumulative discriminative
scores with 10,000 iterations were lower than those obtained with 15,000 iterations.
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In Appendix B.3, we identified that the best value for the number of hidden units
hyperparameter of TimeGAN was 80; however, the closest values to 80 that were considered
in that analysis were 60 and 100. The results in this appendix establish that the best
number of iterations to generate data with TimeGAN is 10,000; furthermore, the results in
Table A9 indicate that the best discriminative score for that number of iterations is 0.045663,
which is obtained with 70 hidden units. For this reason, we updated the hidden units
hyperparameter from 80 to 70. Table A15 shows the final hyperparameters that produced
the best experimental results.

Table A15. Final TimeGAN hyperparameters.

No. of TimeGAN Iterations Sequence Length Hidden Units

10,000 24 70

Appendix C. RTSGAN Hyperparameter Tuning

One of the objectives of this research is to compare the results obtained in the evalua-
tion of the data generated with TimeGAN with the evaluation results obtained with another
framework, in this case RTSGAN. In order to make the comparison as fair as possible, and
remembering that the TimeGAN hyperparameters are obtained and optimized in the first
instance, the same values were used for data generation with the RTSGAN framework;
thus, only the value of the number of epochs hyperparameter in RTSGAN, which is not
present in TimeGAN, needs to be determined. Two experiments were performed, one with
1000 epochs and one with 2000 epochs. The results were evaluated using the discriminative
and predictive scores defined for TimeGAN. The results of these experiments are shown in
Table A16.

Determination of the Number of Epochs Hyperparameter

According to the results shown in Table A16, 2000 was chosen as the best value for the
number of epochs hyperparameter, as it produced the best scores.

Table A16. Determination of the number of epochs hyperparameter in RTSGAN.

Experiment 1 Epochs Iterations Discriminative Score Predictive Score

1 1000 10,000 0.013264 0.120361
2 2000 10,000 0.012691 0.062152

1 In these experiments, the sequence length, number of GRU hidden units, number of dimensions of the WGAN
noisy state, autoencoder batch size, WGAN batch size, and number of discriminator updates per generator update
were kept constant at 24, 24, 96, 128, 512 and 2, respectively.
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