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Abstract—The evolution of autonomous vehicles (AVs) requires
a paradigm shift towards the integration of human factors to im-
prove safety and efficiency at levels 2, 3 and 4 of automation. This
paper presents a comparison of three different fusion technologies
(Low-Level fusion, Medium-Level fusion, and a hybrid fusion),
highlighting the critical role of multimodal data integration and
semi-supervised learning in predicting and adapting to levels of
driver awareness. Our approach uses semi-supervised learning
to deal with the data labelling problem, using unlabelled data to
train an autoencoder and sparsely labelled data to train a 4-state
classifier. Our model facilitates the fusion of data from different
physiological signals, including skin electrodermal activity, heart
rate, body temperature and acceleration. Using real driving data,
the Medium-Level fusion approach gives the best performance,
achieving 84% accuracy in predicting situations where the user
may not be aware enough to take control of the vehicle. This
research highlights the essential nature of fusion technologies to
create adaptive and user-centred AV systems.

I. INTRODUCTION

The journey towards fully autonomous vehicles represents

one of the most ambitious endeavors in the realm of trans-

portation technology. As vehicles evolve through the levels of

automation defined by SAE International [1], the role of the

human driver transitions from direct control to supervisory

and, eventually, to a passenger [2]. However, this evolution

is fraught with challenges, particularly in ensuring safety and

reliability as vehicles assume greater control and a greater

perceived safety/risk [3].

One of the paramount challenges lies in understanding and

integrating human factors—those psychological, physiolog-

ical, and behavioral elements that fundamentally influence

how humans interact with AVs [4]. This paper addresses

this challenge by presenting a comprehensive approach that

leverages fusion technologies to create a symbiotic relation-

ship between human drivers and autonomous systems, where

Artificial Intelligence (AI) systems prioritise collaboration,

cooperation, and mutual enhancement between humans and

AI agents [5].

The integration of human factors into the development of

AVs is not merely an option; it is a necessity. Human error

has been identified as a contributing factor in a majority of

vehicular accidents, where a Take Over Request (TOR) [6]

in conditional automation needs to be promptly attended by

the Fallback Ready User (FRU) [7]. However, as the vehicle

assumes more driving tasks, understanding the state and readi-

ness of the human to take over control in critical situations

becomes crucial [7]. This requires a nuanced understanding

of human factors, moving beyond simple behavioral models

to incorporate real-time physiological data and environmental

contexts. Our approach utilizes a multimodal fusion method,

integrating various sources of data to predict and adapt to

the driver’s awareness levels, involving the comparison of

three multimodal fusion approaches: a Low-Level , a Medium-

Level, and a Hybrid combination. This methodology stands at

the convergence of several critical areas of research: human

factors engineering, machine learning, and autonomous vehicle

technology.

Fusion technologies serve as the cornerstone of our ap-

proach. They allow for the integration of disparate data

sources, including physiological signals such as skin electro-

dermal activity, heart rate, body temperature, and acceleration,

alongside environmental and vehicular data [8]. This integra-

tion is accomplished through a semi-supervised learning model

that trains an autoencoder and classifier to recognize and adapt

to the subtleties of individual driver states. The fusion of

these data sources requires advanced algorithms capable of

extracting meaningful patterns from high-dimensional data,

ensuring the model’s predictive accuracy and adaptability.

Our methodology is based in a real-world context, using

data collected from drivers in different driving scenarios to

train and validate our model. This approach ensures that our

system is not only theoretically sound but also practically

applicable, as it achieves significant accuracy in predicting

situations where the user may not be aware enough to take

control of the vehicle. Our model demonstrates its potential

to significantly improve vehicle safety and driver experience.

It also highlights the essential role of fusion technologies

in bridging the gap between human factors and autonomous

driving systems.

In essence, our work aims to address a critical open issue

in autonomous vehicle development: how to ensure that AVs

can consider how the complexities of the road impact on



the complexities of human behavior. By integrating human

factors into the essence of AV technology, we endeavor to

create vehicles that are not only autonomous but also intuitive,

responsive, and, above all, safe for all road users. This paper

describes this goal, exploring the theoretical foundations, tech-

nological innovations, and practical applications of a fruitful

fusion technology approach to the integration of human factors

in autonomous vehicles.

The paper is structured into several sections, starting with a

review of related work in this field, followed by a description

of the proposed methodology. Next, the experimental results

are discussed and finally, the paper concludes with future

work.

II. RELATED WORK

Considering users within the context of autonomous ve-

hicles has recently emerged as a significant problem that

needs to be addressed [9] [6] [7] [10]. Given the complexity

of the problem and variations among individual users, it is

argued that a multimodal approach is essential [9]. Relying

on a single signal is insufficient to comprehensively model

the user, leading to reduced overall model accuracy [11].

However, the selection of specific sensors remains a subject of

debate, with options ranging from physiological, visual, or a

combination of both [12] [13]. Regardless of the scenario, it is

evident that sensor fusion must be performed. While numerous

studies have explored different aspects of user modelling in

autonomous vehicles, such as attention [14], drowsiness [15],

or distraction [16], the topic of sensor fusion has often been

overlooked, with limited literature addressing it [17]. To our

knowledge, no studies have compared various fusion methods,

which prompted the realization of this study.

In terms of modelling techniques, to fully exploit the

capabilities of deep learning algorithms, a common approach is

to convert 1D physiological data into 2D representations. This

trend has been observed in analogous research efforts focused

on the classification of physiological signals [18] [19]. Various

techniques, including Markov transition field [20], Gramian

angular field [21] and Recurrent Plots (RP) [22] can be used

for this purpose. A series of empirical tests were conducted

to evaluate the effectiveness of the three methods. The results

showed that RP showed superior performance, thus justifying

its selection. Given the scarcity of labelled data relative to the

abundance of unlabelled data, our approach adopts a semi-

supervised learning paradigm that integrates both labelled and

unlabelled data to enhance model learning [23].

III. METHODOLOGY

A. Set-up for data acquisition

The research presented in this paper uses data collected from

real-world autonomous driving environments, as described in

our previous publication [11]. The experiments were con-

ducted in two different scenarios: University of the West of

Scotland (UWS) and Carlos III University of Madrid (UC3M).

Each involved vehicles with different levels of automation.

This approach allowed a comprehensive study of user-vehicle

interactions. Studying drivers across different levels of au-

tomation and vehicle types improves the development of a

robust and adaptable system. The first scenario (UWS) was

configured and tested at the UWS using a Toyota Prius PHEV,

with the SAE Level 2 autonomous [1] functionality enabled by

OpenPilot software [24]. This software overrides the vehicle’s

original Controller Area Network (CAN) messages and sends

its customised CAN messages over the vehicle’s CAN bus to

control the actuators and determine their precise behaviour.

The second scenario, also a real-world outdoor scenario at

UC3M, where a SAE Level 4 autonomous vehicle prototype

has been deployed and configured to provide real-world ex-

perience on the university campus. This second vehicle is

denominated iCab (Intelligent Campus AutomoBile) [25] and

is an autonomous vehicle prototype based on an electric golf

cart, where the steering wheel has been removed to give the

user the real feeling of a SAE Level 4 autonomous vehicle.

For the rest of the paper, we use only data from the UWS

scenario. This dataset provides valuable insights into real-

world driving conditions, including real road environments and

different traffic situations.

To ensure continuous monitoring and capture of physi-

ological data from the user without compromising driving

comfort, we used the Empatica E4 wristband [26]. This device

guarantees the non-intrusive nature of our methodology and its

compatibility with driving conditions. Our experimental setup

differs significantly from the methods previously used in this

field [27] [28], which often rely on simulation and intrusive

techniques to monitor driver physiological data.

All participants in our research were volunteers who were

authorised to operate SAE Level 2 autonomous vehicles under

real-world driving conditions. Data was collected from users

in different age groups, from 25 to 50 years old. They also

gave us permission to use their data for the purposes of this

research project.

B. Physiological signals

The Empatica E4 wristband incorporates various sensors

[26], including the Photoplethysmogram (PPG) sensor, which

measures Blood Volume Pulse (BVP) and Heart Rate (HR). It

also includes a 3-axis accelerometer to capture basic activity

levels, a Galvanic Skin Response (GSR) sensor for continuous

monitoring changes in skin properties, and an Infrared Ther-

mopile for measuring skin temperature readings. The device

has Bluetooth connectivity so it can connect to other devices to

access the internet and upload data to the cloud. Recorded data

is available for later download, with the following sampling

frequencies: Blood Volume Pulse (BVP): 64Hz, Heart Rate

(HR): 1Hz, Electrodermal Activity (EDA): 4Hz, Temperature

(TEMP): 4Hz, 3-axis Accelerometer (ACC): 32Hz.

To standardize data processing, all signals were resampled

to 4Hz using the Signal library from SciPy [29]. This re-

sampling was undertaken for two primary reasons: firstly,

our neural networks operate on a 120x120 image format,

and with a 30-second sliding window, resulting in 120 data

points (30x4), aligning seamlessly without requiring additional



rescaling. Secondly, our aim was to minimise signal manipu-

lation wherever possible, considering the promising nature of

the EDA signal in previous studies in other fields [30].

C. Dataset Generation

Several users participated in the data collection of the

UWS scenario, three between the ages of 20 and 30 and

one between 40 and 50. For the purposes of this article,

we focus exclusively on data from a single 27-year-old user.

We have empirically demonstrated the importance of tailoring

the model to recognise the unique subtleties of each user

and that the performance of the model improves signifi-

cantly when trained on data specific to an individual user.

The methodology used is an intra-subject approach, which

involves the construction of individual models tailored to each

user. This approach offers improved recognition accuracy by

developing models that are specifically designed for each

subject. However, the construction of these models requires a

significant amount of training data for each individual. For this

reason, the models are trained exclusively on data collected

from a single user, with the aim of improving performance

based on their specific physiological signals. The user who was

selected for this work is a 27-year-old male. We recorded 26

driving sessions with this user, exploring a range of real-world

driving scenarios to measure the driver’s level of awareness.

The data was classified into four distinct states of awareness:

”Low-Low” (LL) indicates an excessive level of relaxation

that can compromise driving ability. ”Low” (L) indicates

minimal attention given to manual driving tasks. ”High” (H)

indicates the minimal attention required during autonomous

mode to react to unexpected events, while ”High-High” (HH)

indicates maximum attention during risky autonomous driving

situations.

One challenge of our approach is the laborious, intricate,

and costly process of labelling data. This is due to the

complexity of assigning awareness levels to physiological

data [31]. To mitigate these labelling complexities, we aim

to implement our approach using semi-supervised learning

techniques.

D. Semi-supervised learning approach

Semi-supervised learning techniques are employed to ad-

dress the challenge of labelling data. While labelling is a

significant bottleneck, we can generate a large amount of

unlabelled data directly from the Empatica E4 device. Our

approach consists of five distinct steps, where the labelled data

is only used in the final step to train the final classifier.

The initial step involves transforming one-dimensional data

(HR, EDA, ACC, BVP, TEMP) into images using the Re-

currence Plot technique. In the second step, key features are

extracted from each image using an autoencoder that was

previously trained on unlabeled data. If necessary, essential

data from multiple images are fused in the third step. The

fourth step involves applying Principal Component Analysis

(PCA) to reduce feature dimensionality. Finally, the final

classifier is trained using our dataset, which is divided into

three subsets: training (70%), validation (15%), and test (15%).

The model’s accuracy is evaluated based on its performance

on the test dataset.

E. Using Recurrent Plots to generate images

Recurrent Plot or Recurrence Plot (RP) is a tool used to

measure the recurrence of a trajectory x⃗ ∈ R
d in the phase

space [22]. The equation 1 shows how a matrix is generated

where N is the number of measured points, ϵ is a distance

which is used as a threshold, Θ is the Heaviside function

(being Θ(x) = 0 if x < 0, and Θ(x) = 1 otherwise) , || · ||
is the norm used to measure the distance. The equation 2 is

a simplified version of the previous equation to work on a

continuous space. The dimension d can be used to combine

various physiological signals into a single Recurrence Plot.

When the state is defined as one-dimensional, the RP matrix

is constructed by taking the term-by-term difference of the

signal. Alternatively, if the user’s state is represented by a

vector containing measurements of each physiological signal

along its dimensions, the RP can be generated by computing

the distance between these two vectors.

Ri,j(ϵ) = Θ(ϵ− ||x⃗i − x⃗j||), i, j = 1, ..., N (1)

Ri,j(ϵ) = ||x⃗i − x⃗j||, i, j = 1, ..., N (2)

F. Autoencoder

The autoencoder consists of two main components: an

encoder, which aims to represent information using fewer

data, and a decoder, which attempts to reconstruct the original

image. This method is commonly referred to as unsupervised

because labels are unnecessary; the input image serves as

the desired output image. Backpropagation is computed by

calculating the difference (error) between the output of the

decoder and the input image. The architecture designed for this

autoencoder is depicted in Figure 1. It has been trained to re-

construct Recurrence Plots generated from non-labeled images

recorded by the Empatica E4. In the following architectures,

we exclusively utilize the encoder section, which provides us

with a reduced vector representation.

G. Fusion Models

We present three different fusion architectures intended

to combine information obtained from various physiological

signals. The first architecture is described as Low-Level fusion,

the second is Medium-Level fusion, and the third is a Hybrid

model that combines both fusion techniques. We combine

the seven signals extracted from the Empatica E4 (3-axis

accelerometer, skin temperature, electrodermal activity, blood

volume pulse, and heart rate) in various configurations.

1) Low-Level Fusion: Low-Level Fusion involves combin-

ing data before extracting its characteristics. The Recurrence

Plot technique is utilized in this process. The vector ’x’

is defined as a 7-dimensional vector, with each dimension

representing one of the measurements from the physiological

data. The L2 norm (Euclidean) is used to measure the distance



Fig. 1: Proposed autoencoder architecture: Encoder transforms [120,120,1] tensor to [15,14,4], flattened to 900 features. Decoder

mirrors this process for image reconstruction.

Fig. 2: Low-Level fusion architecture: Physiological signals

merged via RP method, autoencoder extracts 900 features,

processed by PCA, and fed to final classifier.

between two different vectors. Each variable was normalized

using min-max normalization to bring them within the range

of 0-1, as they each have their own measurement range. This

normalization allows for the addition of the different com-

ponents of each vector. The resulting image is then rescaled

to fit within the 0-255 interval for display purposes. Finally,

the image undergoes PCA for dimensionality reduction before

being fed into the classifier. The architecture outlined is

depicted in Figure 2, which visualizes the process of Low-

Level fusion.

2) Medium-Level Fusion: Medium-Level Fusion involves

extracting primary features before consolidating information.

In this scenario, the vector ’x’ is represented as a scalar

number, allowing the RP equation to be applied. Seven Re-

currence Plots are generated, one for each vector, and the

autoencoder is then applied to each RP separately. The features

are aggregated and the data is then run through PCA to reduce

its dimensionality before being fed into a classifier. Figure 3

illustrates the architecture discussed.

3) A Hybrid Fusion Approach: The hybrid architecture in-

corporates a two-step process, starting with Low-Level fusion.

In this process, data from the same sensor are combined to

create a single Recurrence Plot. For example, accelerometer

data generates an RP using a vector of three variables, each

representing acceleration in one of the three axes (x, y, z).

The PPG sensor combines BVP and HR signals to form its

RP. The GSR sensor measures EDA, and the Temperature

sensor records skin temperature independently, eliminating the

need for Low-Level fusion. The structure described can be

visualized in Figure 4.

Next, main features are extracted from each RP generated

for the four sensors (accelerometer, PPG, GSR, and Temper-

ature) using the autoencoder. These main vectors are then ag-

gregated into one during a Medium-Level fusion process. Data

are aggregated and then subjected to PCA for dimensionality

reduction before being used as input for the classifier.

IV. RESULTS

The study assesses three fusion architectures (Low-Level,

Medium-Level, and Hybrid) using a dataset created from

various real-world driving scenarios. The dataset includes data

collected from a real driving environment where a driver of

a SAE Level 2 autonomous vehicle experiences a variety of

attention-demanding situations. RP is used to transform one-

dimensional data into images for subsequent processing. The

role of the autoencoder’s bottleneck, where information is

condensed into a one-dimensional vector, is crucial in the

reconstruction process. Among the examined autoencoders

with bottleneck sizes of 7200, 900, and 98 features, the 900-

feature autoencoder is the most effective, striking a balance be-

tween image fidelity and the dimensionality of the bottleneck.

Figure 5 presents a visual representation of the reconstruction



Fig. 3: Medium-Level fusion architecture: RP generates images for each physiological signal, fused output vectors undergo

PCA for dimensionality reduction before classifier training.

Fig. 4: Hybrid fusion architecture: RP is utilized for Low-

Level fusion of signals from the same sensor. Subsequently,

Medium-Level fusion is then used to combine data from dif-

ferent sensors, which are then merged into a vector, processed

through PCA, and finally fed into the classifier.

capabilities. It demonstrates how the input image (120x120

pixels), is compressed through bottleneck sizes of 98, 900,

and 7200 before being reconstructed to its original form.

The autoencoder was trained using Recurrent Plots generated

from unlabelled experiences. We used 152,120 unlabelled RP

constructed from real driving experiences at both UC3M and

UWS scenarios, containing data from different drivers in each

scenario. This represents the unsupervised part of the semi-

supervised learning approach that we are following.

The study primarily focuses on comparing the accuracy

of three distinct architectures shown in Figures 2, 3, and 4

representing Low-Level fusion, Medium-Level fusion, and the

Hybrid architecture, respectively. The RP technique is used

to convert 1D signals into images. The autoencoder is then

trained on the unsupervised RP images and PCA is applied to

reduce dimensionality. The final classifier is then trained on

the labelled dataset, which is common to the three different ar-

chitectures. The classifier is a dense linear network consisting

of three layers. Its purpose is to map 100 PCA components

to four levels of driver awareness. Intermediate layers of 25

and 10 neurons, respectively, are used, each followed by a

Rectified Linear Unit (ReLU) activation function. The dataset

was divided into 70% training, 15% validation, and 15%

test sets, giving a total of 2158 labelled samples. The class

distribution includes 22% for HH, 23% for H, 34% for L,

and 21% for LL. Due to the limited number of images, the

models tended to overfit quickly, so the training had to be

stopped after the sixth epoch. The results show that the Low-

Level fusion model achieved 49% accuracy, the Medium-Level

fusion model attained 70%, while the hybrid model dropped

to 56% accuracy. Despite the detailed explanations in the

discussion section, the Medium-Level fusion gave the best



Acceleration EDA HR BVP TEMP Accuracy (%)

YES YES YES YES YES 70.33

NO YES YES YES YES 54.76

YES NO YES YES YES 63.99

YES YES NO YES YES 67.86

YES YES YES NO YES 67.56

YES YES YES YES NO 69.34

YES NO NO NO NO 50.30

NO YES NO NO NO 40.35

NO NO YES NO NO 39.58

NO NO NO YES NO 53.57

NO NO NO NO YES 27.98

TABLE I: Results of training the model using different com-

binations of physiological signals.

performance.

These architectures offer versatility in the integration of

different sensor types. Among them, the Medium-Level fusion

model in Figure 3 is used due to its superior performance com-

pared to the Low-Level fusion and hybrid counterparts. We

trained the model with different combinations of physiological

signals, with corresponding performance metrics detailed in

Table I. Optimal performance, reaching 70.33%, was achieved

when using all available signals. Interestingly, the accuracy

of the model decreases significantly when certain signals are

omitted. For example, if accelerometer data is excluded, the

accuracy drops to 54.76%, while relying on this data alone

results in a performance of 50.30%. Conversely, omitting skin

temperature data has little effect on the model’s performance,

with an accuracy of 69.34%. However, training a model on

temperature data alone yields only 27.98% accuracy, similar

to random classification for four states (25%).

The model achieves an overall accuracy of 70.33%, cal-

culated as the ratio of correctly predicted values to the total

number of predictions. Further analysis shows that when the

accuracy is broken down into the four different classes, the

well-known F1 metric yields the following values: 84.3% for

the LL state, 68.8% for the L state, 64.6% for the H state

and 58.6% for the HH state. The accuracy of the LL state is

particularly noteworthy, with a precision of 92.3% and a recall

of 77.2%. This indicates the model’s ability to effectively

predict instances where the driver is not alert, thus ensuring

that control is not delegated in such situations.

V. DISCUSSION

In this study, three fusion architectures were evalu-

ated: Low-Level, Medium-Level and Hybrid, using a semi-

supervised learning approach. Autoencoders were trained on

large amounts of unlabelled data, followed by training of a

supervised classifier to detect the driver’s level of awareness.

The Low-Level and Hybrid fusion methods showed poor

performance, probably due to the loss of crucial signal features

during fusion. The Mid-Level fusion approaches proved to be

more effective as they allowed important information to be

extracted from the signal prior to aggregation. The difference

in performance can be attributed to the loss of information

during the process of creating images from signals. Low-Level

Fusion involves the merging of disparate raw signals into a uni-

fied composite signal prior to image generation, as illustrated

in Equation 1. In contrast, Medium-Level Fusion generates

images directly from the raw signals without any modification.

With a Medium-Level fusion method, each individual signal

can be treated separately. This makes it easily expandable with

data from other sensors and adaptable according to specific

needs, as long as data has been vectorised. Furthermore, even

if different fusion methods are used, the feature extraction

component can be adapted to any of the different architectures

and data formats used by researchers [12] [13].

These results show that the methodology developed in this

research can be applied through different levels of automation.

At SAE Levels 0 and 1 it could act as a driver assistant,

at Level 2 it could assist the driver by monitoring driving,

and Levels 3 and 4 when the vehicle is prepared to take

control when the driver is unable to take control in FRU [1].

Even at Level 5, our method can be adapted to increase the

user comfort and detect medical emergencies. A proof of this

versatile approach is that we work with two driving scenarios

and vehicles, a Level 2 AV in UWS and Level 4 AV in UC3M

[11]. Furthermore, the model can be adapted to each individual

user which, according to related work [9] and supported by

our own empirical results, it is crucial to achieve the highest

level of accuracy.

Due to the modular design of the architecture, numerous

combinations of methods could be explored in the future,

which could improve accuracy. For example, the feature

extractor, represented by the autoencoder in this case, could

be replaced by more advanced and customized architectures

to obtain a more refined representation of each signal. Fur-

thermore, instead of employing PCA for the reduction of

dimensionality after aggregation, an alternative approach could

be to add another layer to the classifier. One of the advantages

of using PCA is its ability to be initially optimized using unla-

beled data, as the algorithm looks for the most effective means

to represent the data with fewer variables. An alternative fusion

technique worth exploring is to embed the generated Recurrent

Plot into a channel and then allow it to the network [22].

Our comparison revealed that the various signals obtained

from the Empatica E4 device [26] do not contribute equally

to determining driver awareness. The skin temperature was

found to have minimal impact, which could be attributed to the

gradual nature of temperature fluctuations in the body or the

accuracy limitations of the sensor. However, accelerometers

were shown to significantly influence our system, since user

movements were correlated with their state, which is consistent

with findings from other studies [32]. Electrodermal activity

(EDA) has also been found to be valuable in assessing user

awareness and has also been found to be relevant in measuring

other states, such as driver workload during takeover activities

[27]. In our research, EDA provided less information than

the accelerometer, but it turned out to be the most reliable

physiological signal to discern the driver’s state. Heart Rate

(HR) and Blood Volume Pulse (BVP) data also contributed

to the optimal performance of the model. We refrained from



Real Image 7200 Features 900 Features 98 Features

Fig. 5: Examples of the use of the trained autoencoder, from left to right: real image, image with 7200 features, image with

900 features and image with 98 features.

using more invasive methods of measuring physiological data,

such as an EEG cap, despite their potential for greater accuracy

[13], due to concerns about their intrusiveness and potential

impact on participants’ responses to the experiments.

We have demonstrated the adaptability of our model in ex-

tracting information from various sources. Although the work

presented in this paper focuses on estimating driver alertness

via signals from the Empatica E4 [26], our model has the flex-

ibility to seamlessly incorporate data from additional sources

in the future. For example, video capturing the user’s face

expressions, movements, gestures, blink rate, body position or

environment [33], but also data from autonomous vehicles.

The only requirement is to vectorise the information before

aggregation. By extracting primary features from each raw

source before combining them, Medium-Level fusion provides

the best results in this context. Ultimately, our multimodal

approach is highly adaptable and allows combining labelled

and unlabelled data from different sources.

Our model shows good performance in classifying the Low-

Low state of awareness but experiences reduced accuracy for

other states. This decline can be attributed to the inherent

strength of Low-Low states’ labeling compared to other states.

Despite our efforts to use consistent labelling methods, the

complexity of the labelling process inevitably leads to in-

accuracies, especially at higher levels of arousal. This is a

common challenge when it comes to variables such as stress

and concentration [31]. Furthermore, the choice of window

size has a significant impact on the accuracy of the model [19].

For example, using a 10 second window gives an accuracy of

60.83% compared to 70.33% using a 30 second window. Using

an excessively large sliding window has its drawbacks. For

instance, using a 120-second window results in overlapping

images, which leads to the generation of similar images.

Therefore, if the dataset is randomly divided, the model will

be trained and tested on comparable images, which could lead

to inaccurate evaluation of the model’s performance. For this

reason, the results presented in this paper use a 30-second

slider window to determine awareness levels.

VI. CONCLUSIONS AND FUTURE WORK

In conclusion, our study demonstrates the effectiveness

of a multimodal approach employing Medium-Level fusion

techniques compared to Low-Level fusion using RP and a

proposed hybrid architecture. The study was carried out using

data collected from a real SAE Level 2 autonomous vehicle.

Our best methods achieved an accuracy rate of 70.33% on

a four-class classification problem, with the Low-Level state

accuracy exceeding 84%. This study highlights the accuracy

of the model in predicting situations in which the user may not

be aware enough to regain control of the vehicle. Additionally,

the model demonstrated flexibility in handling different inputs

and using various techniques to extract data from raw images.

The research highlights the importance of accelerometer data

in predicting user states while driving.

In the future, we plan to expand our research to include

other environments, specifically those with a conditional Level

4 autonomous vehicle that can drive around university cam-

puses. This environment will allow us to subject drivers to

risky situations in a controlled and secure environment, which

will provide additional information about the driver’s aware-

ness and responsiveness. Furthermore, we intend to investigate

various architectural designs that can improve the accuracy

and resilience of our models, thus advancing the field of

autonomous vehicle intelligence and safety.
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