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1. Introduction to Autonomous Vehicles and Behavior Prediction

In recent years, significant advancements in sensing technology, computation, and machine
learning algorithms have led to breakthroughs in the development of autonomous or self-
driving vehicles. State-of-the-art systems can effectively perceive the environment, plan future
actions, and execute them without human intervention. One important function of an
autonomous driving system is to ensure the safety of the vehicle and its passengers. The
aforementioned perceptual stack, which takes inputs from sensors and processes them to form
a three-dimensional map of the car's environment, elicits a new set of capabilities: accurate
localization of other road participants, from which we can predict their future actions and
thus safely navigate among them. Accurate and real-time prediction of other road users has

therefore become a key area of interest in autonomous vehicles.

Establishing accurate behavior prediction models is crucial in order to not only enhance safety
but also improve transportation efficiency. Ideally, these models should be able to predict
multi-modal trajectories generated by other road users in complex or ambiguous traffic
situations. In current autonomous vehicles, a multi-sensor setup is commonly employed, with
a perception setup that involves LIDAR, cameras, GPS, and other sensors, acting as the
method for external state prediction. Both the internal state models from the ego vehicle and
the external state models created using the sensors are subsequently used in the prediction of
future states. Integrating this spatio-temporal information with behavior prediction models
will be crucial to providing robust and safe decision-making. Prediction models that can
handle these complex interactions are the focus of this text. However, making reliable
predictions is not a trivial task. Behavior prediction in real-world environments is fraught
with uncertainty. In this text, we mainly explore the utilization of machine learning algorithms

in predicting future vehicle behavior.

1.1. Overview of Autonomous Vehicle Technology

Journal of Artificial Intelligence Research and Applications
Volume 4 Issue 2
Semi Annual Edition | Jul - Dec, 2024
This work is licensed under CC BY-NC-SA 4.0.



https://aimlstudies.co.uk/
https://aimlstudies.co.uk/index.php/jaira

Journal of Artificial Intelligence Research and Applications
By Scientific Research Center, London 74

An autonomous vehicle has a combination of sensors that provide data to perceive the
environment around it. There are LiDAR, radar, sonar, GPS systems, and cameras that are
integrated to assist vehicle perception. Hardware includes the vehicle itself, surrounding and
onboard sensors, and connected systems. These are all integrated with system software to
allow autonomy in the vehicle. In general, the hierarchical architecture for autonomous
systems includes sensors, perception, decision making, and control systems. Technologies in
perception include sensor fusion and computer vision. Integrated technologies include V2I,
V2V, and advanced fleet management. There are regulations that define a number of different
levels of autonomy. These are defined by SAE Levels, from level 0 to level 5. They go from no
autonomous function to full autonomous function with no human driving role. Perception
systems incorporate various hardware and software components, such as perception sensors,
which are devices mounted on vehicles to collect data about their surroundings. Cameras, for
example, collect color, intensity, and depth images to assist vehicle perception. LIDAR units
emit short laser bursts in multiple directions to measure reflected light and determine
environmental distances. Radar uses radio wave frequency to detect the presence of objects
and their range, angle, and velocity. Sensor fusion strategies combine various sensor data for
more reliable perception. Vehicle actuation systems are methods the vehicle uses to control its
speed, direction, and propulsion. These systems include steering, throttle, brake actuators,
and cable, hydraulic, signal, and structural systems. These systems are coded to enable real-
time data processing, which is essential for successful decision making while driving. The way
the algorithms are implemented is essential to enable real-time decision making. It is
important for autonomous vehicle research to consider the technologies being produced by

companies.
1.2. Importance of Behavior Prediction in Autonomous Driving

Behavior prediction is the ability to estimate the extent of the behavior of road users for a
future time horizon in a scene pertaining to traffic. These predictions, if successful, will greatly
assist autonomous vehicle interaction with other road users, correctly and safely. Vehicles can
be seen merging into, exiting from, or making lane changes in any traffic environment.
Pedestrians or other cyclists can also be seen crossing roadways at various angles. The intent
of a contextual agent would be invaluable information for these interactions. Prediction of

crossover time of pedestrians helps in decision making and motion planning. Thus, such
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predictions are pivotal for a safe and efficient interaction. Moreover, scenario prediction is
even more important for autonomous vehicles when the vehicles do not have legal priority or
if the driving regulations are such that certain actions should not be done by vehicles unless

the interaction is so imminent for obstacle avoidance.

In addition, we can distinguish three scenarios where predicting movements is essential for
the AV. The first scenario includes the pedestrian or cyclists intending to cross roads. The
second and third scenarios include predicting the intentions of nearby vehicles. Early
prediction of such scenarios would mitigate the potential danger. The earlier the AV can
predict a future interaction, the more confidence it could have in its current local behavior, be
it active or passive. This measurement could tie with desired safety. For example, if an AV
can predict that in a few seconds an adjacent vehicle will not make a lane change maneuver,
the guidance path could be less influenced by such currently non-critical factors in behavior
crafting. A similar, earlier prediction of an accident condition, or a certain degree of
unpredictability could simply lead the system to issue a stop command. Having accurate
estimates of uncertainty would help in the risk assessment. If such uncertain behavior can

lead to a crucial failure, it might be worth the extra time predicting these confidences.

It is therefore evident that anticipating actions can be critical for AVs, and that many things
go beyond the obvious clear safety impacts. Adverse consequences of poor prediction can be
fatalities, accidents, more sales in final delivery, more demanding and complex range sensors,
more complex and potentially faster post-processing, and multi-modal robot behavior
crafting with collision predictions. Predictions that are very partial and often retrospectively
deterministic are nearly as useful as none. The constant progress and enhancements in sensor
capabilities and technologies are rapidly transforming the status quo, allowing us to generate
increasingly realistic explanations. Radar technology is becoming increasingly complex.
Cooperative intelligent transportation systems allow AVs and the nearby infrastructure to
combine the data and hence produce overall better predictions. Leader cars have a probability
of being fitted with this technology even now. The move is presently extremely limited.
Despite the advances made, it applies to a limited number of developed nations. AV
cooperative technology in connection to learning studies is still a burgeoning field that has

much research potential.
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2. Machine Learning Fundamentals for Behavior Prediction

Behavior prediction is the ability of an autonomous vehicle to accurately speculate on
forthcoming human maneuvers or actions. Accordingly, for autonomous vehicle operations,
predicting driver behaviors is a critical element involved in maintaining traffic safety and
mobility. In view of the many situational and temporal contexts that inaccurate forecasting of
behavioral models can expose an autonomous vehicle to, presenting an effective behavior
prediction system is vital in achieving seamless social acceptance of the technology. So, for a
comprehensive understanding of behavior prediction for autonomous vehicle platforms, this
section establishes the fundamental concepts of machine learning as applied to predictive

modeling.

Machine learning is focused on predicting and describing phenomena by extracting patterns
from data. It offers three major paradigms: supervised learning, unsupervised learning, and
reinforcement learning. This section primarily discusses supervised learning and its
multitude of techniques and sub-branches that work well in the context of predictive
modeling. Supervised learning models are trained on a labeled dataset, in which the target
value or output is given for each of the inputs. Since the predictions and actions concurrent
with behavior prediction tasks are confirmed from historical labeled data, supervised learning
techniques are typically favored for behavior prediction. Training a machine learning model
ensures it learns input-output mappings that exist in the training datasets accurately. The
trained model is generalizable when an adequate amount of training data is used and the
model has the capacity or ability to capture the similarities in the inputs that correspond to
similar outputs. Regularly, a portion of the data is set aside to train the model, while the rest
is used for validation to ascertain the model’s performance on new data. There exist data-
driven supervised learning algorithms under multiple categories, or sub-branches, with

several techniques applicable for behavior prediction.

Feature engineering is a significant step in the process of training a predictive model. It
requires one to identify characteristics and parameters, or “features,” desired for the
predictive model to employ for the actual predictions. Hence, one should collect data that
measures and monitors the dependent or input features. In certain contexts, a dataset may be

provided with an extensive collection of variables. Regardless of this dataset containing
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mainly irrelevant and non-correlated features, employing the entire, extensive set for training
might yield significantly slower processing and lower performance. A preferable option often
is to use a smaller set of carefully selected features. Accurate feature engineering does reflect
and capture the operating knowledge and conditions of the specific algorithm under formal

study.
2.1. Supervised Learning Techniques

Supervised learning is a machine learning approach where models are trained on labeled
training datasets to extract patterns and relations and make predictions based on the input
features. It is a widely used technique in perception and behavior prediction stages in
autonomous driving systems. Popular algorithms that can be used in the context of
autonomous vehicle behavior prediction are linear regression, decision trees, support vector
machines, and neural networks. The main advantage of supervised learning algorithms is
their ability to learn the relations between input features and expected output from labeled
datasets. Using data, we can learn from the past and attempt to predict future behaviors.
Therefore, having diverse and balanced datasets is important since training examples should
give a good representation of the complexity of the environment and driving behavior.
However, overfitting and underfitting can also be challenging in modeling performance.
Overfitting occurs if the classifier captures the noise in the data, while underfitting occurs

when the general pattern of the driving behavior is not captured.

Evaluation of the performance of the inference model can be achieved by using evaluation
metrics. In the field of supervised learning, accuracy gives a perfect indication of the
performance of the model. However, the error between the predicted output and the ground
truth is another metric that provides information about the model's performance. This error
is usually defined with a loss function. The output of the loss function should be minimized,
and its gradient is taken to adjust the model weights during the training routine. There are
different loss functions that can be used in the context of autonomous driving applications.
Three of them are cross-entropy loss, mean squared error, and Huber loss. Supervised
learning has been widely used in applications to predict future actions of agents in the
environment, such as predicting vehicle state and trajectories, pedestrian paths, their

intentions, and social navigation. The black-box characteristic of supervised learning
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algorithms and a large amount of training data can increase the robustness of predictive

capabilities to model driving behaviors.
2.2. Unsupervised Learning Techniques

Unsupervised learning is a class of machine learning techniques to find hidden patterns in
data without prior knowledge or labeled outcomes. It involves modeling the distribution and
structure of data in an unlabeled dataset. These techniques allow for mining useful insights
from vast amounts of unlabeled data. Unsupervised learning techniques can be used without
any prior information to explore the data structure directly. One common unsupervised
learning technique is clustering, which creates groups or subpopulations of similar data points
without specific outcomes or targets. Common clustering algorithms include k-means
clustering, hierarchical clustering, and density-based spatial clustering of applications with
noise. Another technique is dimensionality reduction, such as principal component analysis
and t-distributed stochastic neighbor embedding, which can project high-dimensional data to

a lower space while preserving its intrinsic structure.

Data preprocessing and feature extraction are crucial for the performance of the unsupervised
learning model. A good representation of data will have a significant impact on the
performance of the model. The ability to sift through data from the environment is crucial for
an automated driving system: this task is often performed by supervised learning models,
where labeled data in various traffic situations is used to direct behavior and decision making.
Unsupervised learning methods can be used for data preprocessing or to gain more insight
from unlabeled data. This can help in a number of applications, ranging from extracting
specific vehicle driving patterns to identifying possible outlying cases. While these
applications are largely independent of the specific driving task at hand, of key relevance is
the ability to build unsupervised models that are capable of contrasting data when different
acquisition scenarios have been used. In summary, supervised methods often make use of a
wealth of data from different sources and drivers to maximize model performance. However,
unsupervised methods offer the opportunity to identify outliers, ensuring overall model
safety. Overall, what demonstrated its importance is the fact that unsupervised learning
methods do not rely on prior information. Moreover, the model will be able to use a priori

analysis of different traffic conditions that, on the other hand, will be extremely useful in a
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Level 4 automation scenario in which the available data are mainly related to highway

scenarios.
2.3. Reinforcement Learning Techniques

As a more advanced technique related to behavior prediction, reinforcement learning allows
agents to learn policies for obtaining optimal behavior by trial and error, maximizing the
ultimate reward. This approach is particularly suitable for decision-making in autonomous
systems when possible outputs lead to diverse consequences in an adaptive environment. In
a standard formulation, an agent interacts with the environment, and at each time step, the
agent observes a state and performs an action leading to a transition to another state together
with a reward from the environment. Reinforcement learning is relevant to the scope of this
paper because this approach deals with designing policies for acting in this sequential
decision-making setup. Predictive functions obtained from reinforcement learning
approaches can be used to model driving strategies that adapt to provide the best actions
according to the feedback provided by a complex and uncertain environment. This
adaptability has been applied to autonomous systems for developing functions to generate
driving strategies for various complex maneuvers, including lane changing through
negotiation strategies and intersection crossing management. Nonetheless, this approach is
still being actively researched due to some inherent challenges; one of them is the sample
inefficiency problem. Furthermore, the training loop, when a reinforcement learning model is
swapped from acting on historical data to onboard policies capable of adapting to real-time
feedback, must ensure its stability. Various approaches introduce practical solutions to these
challenges, including the use of reinforcement learning alongside other, more scalable, data-
driven decision-making techniques. Reinforcement learning has the potential to be the pivotal

step change capable of advancing AV behavior prediction.
3. Data Collection and Preprocessing

Modeling data at its core requires large volumes of data to be safely managed, labeled, and
integrated into models. Legacy datasets from universities and organizations have been
integrated with more recent datasets to provide a large amount of training data sources. These
data sources consist of images as raw information and additional labels, depth maps, camera

intrinsics, and other sources where necessary to inform models. Training these models has
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required collecting training data from various vehicles and scenes to ensure the predictive
capabilities of autonomous vehicles. For a dataset to generalize well and be useful, it must be
of high quality, diverse, and adequately labeled. High-quality data means the training data is
clean and collected with minimal noise. A relatively small amount of isolated noise and
outliers caused by process variance and sensor malfunction might occur in streaming data,
making them a poor training sample. To index and search for this interesting data, a measure

of quality must be defined. High-quality datasets can predict behavioral events in real-time.

Datasets are first cleaned by removing snapshots both from in-house and citizen data cases
where facts are missing. These scenarios are not useful for training our model, as snapshots
without data need to be filtered by some method to note unseen but occurring behaviors, new
events, or outliers. Techniques in data normalization to improve consistency and to
increasingly whiten and normalize data overall have been implemented, which has decreased
the variance of our training and verification and reduced our inter-rater variance. This
produces more accurate training and supervised predictions. Data has also been augmented
to improve the robustness of the model and help it generalize to new scenes and scenarios.
This has been done with techniques like rotation, shift, and reflection of the position of our
observations through time. Including external surrounding images in our snapshots must be
performed with extreme caution and only after obtaining consent or anonymizing external
faces and surrounding areas to ensure we responsibly process and collect data while staying
in compliance with data privacy laws and rights. Labeling has proven to be one of the most
expensive and difficult model training tasks and can take many hours per vehicle per scenario
to label all images for supervised machine learning. All labeled data follows institutional

review board and legal agreements and is consented or anonymized based on agreement.
3.1. Sensor Data Acquisition

The task of sensor data acquisition is fundamental for the prediction of autonomous vehicle
behavior. Sensors are key to acquiring information about the vehicle's surroundings, which
are needed to model the environment. Sensor technologies to acquire the surrounding
situation exist in various forms: LIDAR scanning the environment with laser light, radar
emitting microwaves and detecting reflections to suit its surroundings' resolution, and

cameras providing us with visual data. These sensors have distinct pros and cons that favor
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one modality over the other in given situations. The scanning LIDAR is particularly
appreciated for its highly accurate and dense local measurements. Radar, on the other hand,
generally achieves a coarser resolution in the range and azimuth direction but provides an
advantage in operation under challenging weather and surface conditions. A camera provides
images to capture scenes and has the potential to provide rich materials for foreground
extraction and object detection. The synergy from multiple sensors, however, provides an
improved full situational understanding required for autonomous driving due to the

complementary properties of sensor modalities.

Each sensor has potential limitations like the field of view and the maximum distance of
visibility, such that an instantaneous snapshot from one sensor cannot capture the entire
operational surroundings completely. Additionally, information obtained from different
sensors has different temporal and spatial resolutions in the real world. The sensors
additionally have measurement inaccuracies. Opportunities and limitations of each modality
contribute helpful inputs to address important dilemmas in sensor selection, as well as sensor
arrangement, placement, and justification. Optimum sensor placement, which is necessary to
ensure that the measurement objects selectively manipulate the vehicle's outdoor conditions,
limits the impact of measurement bias and inaccuracies on inference. Sensor calibration is
typically performed during the installation and maintenance of equipment and is a critical
technology that improves the consistency of data collected through multiple sensors from
both the actual tool position and orientation. The sensor data acquisition is done under
operational conditions with the sensing operating in constant continuous data streaming to
ensure that the rapidly changing environment is effectively recorded. The alignment between
sensor data and asynchronous time synchronization, consequent to the multiple sensors used
from the data association, is very essential for the approach. Ensuring that the data reflects
the changes occurring is achieved by ensuring that they are constantly being relayed. When
there is an incident in the industrial sector, this approach has the possibility to depict fast-
evolving phenomena. Redundancy of sensory information can also make our control scheme
more robust, as it provides an inbuilt capacity for multi-sensor failure tolerance, such that the
vehicle control approach is not only unaware of sensor resource outages but also continues its
operation without any additional collaboration. In addition to that, sensors contribute

robustness towards the avoidance of the technology failure impacts.
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3.2. Data Annotation and Labeling

Annotation of sensor data with temporal pooling is equally important as the labeling of time-
independent features. Annotation of perception algorithms is essential for ground truth to
enhance understanding of driving scenarios and also works as knowledge-boosting labeled
data for learning relatable vehicle control decisions in terms of trajectory predictions. Labeled
data refers to sensor readings along with in-vehicle decisions during annotations. This
annotated data collection may be for past actions that act as corrective labels or future actions
for navigation decisions and represents our field of interest; however, most of the time, a
combination of both leads to the annotation of driving situations. For supervised model

training, labeled data annotation is vital.

Data annotation refers to correct and consistent temporal and post-sparsely consistent
labeling of the smart data. It eases the design and practicality of the machine learning model.
Several conventional methods such as bounding box annotation require sophisticated
knowledge to label data. Even resulting in the complete annotation of diverse categories of
objects in terms of rectangular bounding boxes after years is a challenging job. However,
perception algorithms mostly generate this form of labeled data. Self-driving cars with
cameras supplemented with LiDAR outlets' algorithms enable annotation of bounding box
data. However, there are several evolving annotation techniques like cuboids, Gaussian
Mixture Model, or graphical annotations that require trained manpower for data labeling.
Automated labeling or weakly supervised systems are also a combination of perceptual
algorithms that humans can generate. Due to diverse human driving scenarios, the labeled
data are expected to have high precision and accuracy to ensure good performance of the
learning and prediction model. Finally, the scalability for future upgrades of labeled data is
also an issue of concern. Being the automated part of perception, there is a need for: GUI-
based data annotation tools/platforms; assistance of perception labeling tools; scalability of
cloud-based infrastructure; association and challenge to domain experts; and critical
components to maintain and ensure the data labeling quality of driver events. The impact of
quality labeled data and its influence on predicting future vehicle locations is key to learning
the future trajectory of self-driving cars. We proceed to present a case study for our data for

future direction action on the perspective of trajectory prediction in the next section.
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4. AI Models for Anticipating and Adapting to Other Vehicles' Actions

There exist a number of Al models that are specifically designed to anticipate and adapt to the
actions of other vehicles. It is important for autonomous vehicles to master these two skills if
they are to perform safe interactions with other vehicles in arguably the world's most complex
traffic environment: urban settings. At the core of these models are predictive models that are
then used to attain certain results. These can either be in the form of sequences of actions, as
typically carried out by recurrent neural networks, sets of probabilities as computed by
convolutional neural networks, or samples from multimodal probability distribution
approximations as typically computed in generative adversarial networks. The use of one
model over another depends very much on the scenario and the actual intention behind the
use of such systems, as well as their broader surroundings. Indeed, the choice of behavior
prediction model should depend on and match specific properties of the considered

application, as well as sensor configuration, virtual and sensor environment, and so forth.

In this section, we discuss a number of behavior anticipatory models. This includes different
neural network architectures, such as a prediction model with recurrent neural networks and
convolutional neural networks that has been developed, attention models for vehicular
behavior prediction and decision time prediction, along with approaches that can be used in
evasion systems as well. The focus of this work is to reflect the state of the art in anticipatory
systems as much as possible, thus increasing the possibility of spotting new trends, future
developments, and potential directions that can be used to further improve the state of the art
in the field of automated driving. These models, in most cases, are designed to anticipate
human behavior in a cooperative framework to ease, for example, merge or collision
avoidance actions. It is also clear that the reviewed list of anticipatory models are proposals
with close integration on the cooperative decision part of the robotic system. Therefore, once
the key points of the scenario and some drivers have been introduced, the robotic system can
optimize the planner to find the best interaction point, represented by an distance,
coordination point, or cooperation strategy, for instance. In this setup, the anticipation process

is mainly used to simulate the traffic flow using the robotic control strategies.

4.1. Recurrent Neural Networks (RNNs)
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4.1. Recurrent Neural Networks (RNNs) Recurrent Neural Networks (RNNs) are a type of
neural network. They are designed to handle sequential data effectively. In contrast to
traditional neural networks, RNN architecture has unique connections in the hidden layer. It
uses this special recurrent connection to maintain memory context within the learning process
so that the training phase can consider the sequential components effectively. The output of
each element in the sequence relies not only on the current input but also on the past inputs
as well. This unique architecture of RNNss is very useful for capturing temporal dependencies
that are naturally found in driving behaviors. Directional impacts from former scenarios
significantly affect scenario predictions. As such, RNNs are very useful in predicting driver
behaviors under realistic driving scenarios. There are several improved versions of RNNs that
aim to solve the issues of vanishing gradients in long sequences, such as Long Short-Term
Memory (LSTM) units and Gated Recurrent Units (GRU). LSTM units provide the RNN
architecture with the ability to memorize longer sequences by gating access to the memory,
and the LSTM network can control when to remember or forget the previous input based on
the time delays between them using three gates: input gate, forget gate, and output gate.
Gating mechanisms in RNN models provide the best performance in terms of modeling
sequential uncertainty, especially in modeling driving behaviors. It is able to increase the
value of the memory cell by the personalized forget gate and set the desired values using the
input gate. Then it will give the output based on the values in the cell. As a result, the LSTM
models have been proven to outperform a simple RNN model in predicting desirable outputs.
RNNSs and their advanced LSTM versions usually fit where sequences are used as input. There
are many applications in this perspective. For instance, predicting the areas a moving vehicle
could appear in, forecasting the expected walking trip route, and recognizing actions in
industrial scenarios from video sequences. Besides, RNNs showed promising results in
forecasting the adaptation trajectory of individual drivers for cooperative and uncooperative
car-following scenarios. Training RNNs simply consists of processing the training sequences
together with the corresponding target sequences. A prediction is obtained by entering the
predicted result as input to the sequence rather than removing an end at the beginning.
Nevertheless, a common drawback that a model encounters is overfitting, as it becomes highly
sensitive to the training data. Generations of RNNs like LSTM utilize a multiplicity of hidden
units to overcome such defects. However, this requires increased computational resources. In

summary, RNNs are an influential tool for time series forecasting that has shown substantial
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potential in capturing temporal dependencies. Most especially, LSTM networks are
architectures designed to overcome the obstacles of simple RNNSs such as the vanishing or

exploding gradients. They perform better than RNN models in predicting driving behaviors.
4.2. Convolutional Neural Networks (CNNs)

CNN s have their origin in image processing and, in particular, are very efficient in processing
visual data based on convolutional layers, where the weights are based on spatial hierarchies,
such as edges, transmitted through the current layers. Since then, various neural network
architectures have been designed to solve generic visual analysis problems, such as object
detection, semantic segmentation, and instance segmentation. More specifically, in the field
of position prediction and decision-making for systems that need to interact with other agents,
such as in autonomous vehicles, Convolutional Neural Networks (CNNs) perform and
achieve state-of-the-art performance because they can extract and learn informative visual
appearance or context features for automatic behavior or activity classification or prediction.
By fusing multiple feature hierarchies from high level to low level detail, our system could
reason the action performed by other vehicles in a driving scene and provide efficient feature
descriptions to infer the possible behavior. In recent studies, CNNs are mainly employed in
visual prediction problems and their input may be a single or pre-segmented image or
sequence of images. Some studies also use the received sensor signals with the vision as input,
which improves the participating methods supporting their situational awareness and leads
to impressive results. From our observation, methods benefiting from global and local data
description features of CNNs can potentially offer attentive representation and learn complex
spatial patterns in driving scenarios for better behavior prediction. As an example, the
proposed method employs a strategy for pedestrian motorist-intent prediction, using visual
data along with social interactions and activity observation. In this work, they present a
Siamese-CNN structure that conceptually develops a different latent space for pedestrians
and vehicles by observing fine detail color patterns, while distinctions at a higher level of
abstraction capture their shape and thus behavior. It is developed through CNN layers to
fusion and LSTM gated predictive layers. Clearly, these works highlight that CNNs can be
used to anticipate the possible actions of other agents in driving scenes through integrating
their potential impact on the predictive model, and effectively improving the system’s

representation capabilities in decision-making and learning opportunities. A disadvantage of
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using CNNSs is that the CNN structure is heavily dependent on the number of weights and
the number of training samples required. It is a common practice to use deep learning to reach

satisfactory performance, but only a large dataset can obtain the appropriate training samples.
4.3. Generative Adversarial Networks (GANs)
4.3. Generative Adversarial Networks (GANs)

Generative Adversarial Networks (GANs) are a type of deep learning framework that allows
for the generation of realistic data. This is accomplished through two neural networks: a
generator, which creates artificial examples, and a discriminator, which attempts to classify
the examples as either "real" or "fake." These two networks compete with each other
throughout the training process, pushing each network to improve. GANs have shown
promise in generating realistic driving scenarios that can be used to train synthetic predictive
models. They can be used to create additional training data, especially in cases where available
labeled data is scarce. GANSs are useful for simulating more realistic and complex interactions
among multiple vehicles, which traditional simulators are not able to accurately model.
Specifically, they have shown promise in improving the accuracy of predictive models for

individual vehicle behaviors.

One of the main challenges associated with GANSs is ensuring that the generator is able to
produce high-quality results, which requires careful tuning of the balance between the two
networks. Additionally, the process of finding an optimal configuration can be difficult, as the
loss functions for GANs often oscillate between various local minima, making convergence
elusive. An example of the practical use of GANSs is in generating additional synthetic data
for training predictive models of rare or dangerous scenarios on the road. They have shown a
favorable improvement in the robustness and accuracy of predictive models by adding
synthetic data in combination with the real dataset. Domain-specific data is required in the
form of multi-agent traffic interaction scenes. The generated data can then be used as

additional input to train behavior prediction models.
5. Evaluation and Performance Metrics

Section Title: Evaluation and Performance Metrics
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Evaluation of the models we train to predict the behavior of autonomous vehicles is crucial to
measure their effectiveness and performance. Multiple indicators are used as a measure of the
accuracy of predictive models. The most common performance metrics are accuracy,
precision, and recall. Accuracy is defined as the ratio of the number of correct predictions to
the total number of predictions. Precision is the fraction of relevant instances among the
retrieved instances, while recall is the fraction of the total amount of relevant instances that
have been reported. The confusion matrix is a powerful tool for evaluating the performance
of a predictive model across different classes. The evaluation can concentrate on predictions
for every class of the matrix, allowing us to understand how well the model performs across

the different combinations of classes.

The F1 score is used to provide a balanced update on the model's precision and recall. It
calculates the harmonic mean of precision and recall. The F1 score reaches its optimal value
at 1 and the worst score at 0. In general, to ensure a complete and fair comparison between
different models, we need to train and test them on well-structured datasets that include
multiple scenarios and environment combinations. We also need to compare the
generalization capabilities of different models that do not overfit the training data but can also
predict data coming from different scenarios. This is particularly difficult in real-life changing
scenarios or exceptional case handling. Therefore, substantially larger amounts of evaluation

in real life are needed for this kind of validation.
5.1. Accuracy, Precision, and Recall

Among the several metrics that can be used to evaluate behavior prediction models that use
classification algorithms, three are of particular importance: accuracy, precision, and recall.
Despite their importance, we found that definitions and formulas of these metrics seem to
vary, which initially brings some confusion. However, it is easier to start by emphasizing what

they actually mean and, foremost, when they should be used.

Accuracy evaluates the model as a whole, independently of any class imbalance that may exist
in the data. It represents the total amount of correctly identified instances; i.e., it measures the
fraction of both the true positives and the true negatives among all the instances evaluated.
Precision, on the other hand, quantifies the proportion of true positives that were correctly

identified among all instances classified as positive. It can be interpreted as the goodness of
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the detector, or even as what fraction of predicted accidents were actual accidents detected.
Lastly, recall measures the proportion of true positives that were correctly identified from all
similar instances, regardless of whether they were classified as positive or negative. It is the

counterpart to precision and tells us how many actual accidents were finally detected.

While obtaining better configurations for precision and recall requires some trade-off between
them, finding good accuracy might also necessitate another trade-off. To illustrate this,
consider the example of classifying pedestrians as adversaries or victims of an accident. When
setting an autonomous vehicle where pedestrian harm is critical, such as a slow-moving
autonomous transport, detecting all pedestrians who could potentially be hit by the vehicle is
essential. This type of vehicle will thus benefit from an algorithm that can recall all adversarial
pedestrians. That said, other vehicles, such as restoration bombers used for first responders,
could be overwhelmed at the rate at which such alerts are provided. They should instead
adjust their responses based on the certainty that detected pedestrians are adversarial, i.e., the
precision. In situations where similar trade-offs should guide the development of algorithms,
precision-recall curves are commonly used. More often, the exact valuations for these three
metrics are largely linked to context, which means that there is a need to have specific use-

case scenarios to make full use of the criteria.

One important remark that needs to be made is that accuracy alone cannot fully evaluate a
predictive model. In both cases, the data was balanced, and thus a predictor that only outputs
false negatives would not bring any benefits compared to a random decision. Instead,
evaluating a model that achieves an accuracy similar to the random one according to other
measures, such as precision and recall, enables a fair ranking. Conversely, extreme scores in
precision and recall in unbalanced datasets could result in harm. For example, if a predictor
always outputs true for the minority class and never outputs true for the majority one, it will

result in a recall score relatively close to 1.0.
5.2. F1 Score and Confusion Matrix

F1 Score. One central measure of a model’s accuracy is provided by the F1 score, which is the
harmonic mean of the precision and recall. The precision measures the ratio of true positive
predictions to the total number of positive predictions. Similarly, the recall measures the ratio

of true positive predictions to the total number of true events. In other words, it measures the
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proportion of all actual occurrences correctly identified by our model. The harmonic mean is
used because it punishes, to a certain extent, very low precision or recall, as they lead to very
low F1 scores. As a single metric that balances precision and recall, the F1 score can be a useful
measure of a model’s overall accuracy. The F1 score is particularly useful in cases where data
is highly imbalanced, with many more negatives than positives, as it will include this

information in a single number.

Confusion Matrix. The confusion matrix visualizes the performance of an algorithm and
shows true positives, false positives, true negatives, and false negatives. By using this matrix,
we can identify where an algorithm is struggling and can make changes to our data
preprocessing, augmentation, or model training in an effort to improve system responses. In
the context of autonomous driving, the confusion matrix can reveal whether the system is
incorrectly identifying the behavior of other cars as being safe and consequently causing an

accident. Each cell of the matrix represents a count of frame predictions from the model.
6. Future Direction

Using advanced machine learning techniques, such as deep learning-based systems, and
developing new architectures for these methods to improve their efficiency and predictive
accuracy are some of the most pursued directions for behavior prediction in autonomous
vehicles. However, constructing a data-based machine learning system with high prediction
power is still considered a difficult task. Identifying appropriate data sources, ethical research
data production or collection and its cost, and ensuring ethical research are some of the most
challenging future directions in behavior prediction. As of now, no paper clearly identifies the
ethical issues of observed data usage and their practical and data-utility-related solutions.
Datasets have their lifecycles, and there might be certain skeptical challenges and important
future data life and data governance compliances that require an official steering board
including institutions, companies, academia, and regulators. Moreover, the use of a wide
range of advanced cognitive technologies, in addition to artificial intelligence and machine
learning, and cooperation, such as communication with smart cities, can be expected in the
upcoming decade of vehicle driving behavior prediction research. Therefore, data generation
using improved and new types of sensors can be a potential game changer in the area.

Additionally, in the near future, the integration of data sources will play a significant role in
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advancing behavior prediction in autonomous driving. Several research questions remain
unanswered in this direction, such as which type of sensors and data integration methods
should be used to fully integrate informatics via the Industry 4.0 context, and to exchange
automated driving information among the vehicles operating in the connected environment
for the next level of decisions based on social signal-based smart autonomous driving.
Furthermore, it should be highlighted that driving is not only a combination of intelligent
algorithms for maneuver prediction, but also an integration of advanced driver-assisted
systems and vehicle control systems from the vehicle intelligence part. The prediction
algorithms consider the output commands of the vehicle and, in return, it should be the dealer
of all the output commands to the vehicle operating systems. Additionally, considering the
impact and transformation of society and smart city design can be an interesting future

research direction.

7. Conclusion

Machine Learning for Autonomous Vehicle Behavior Prediction
Conclusion

This essay outlined and explained the methodologies used for behavior prediction in
autonomous vehicles. The approaches relevant to short-term behavior prediction and
situation-aware systems were divided into modular, model-based methods, and machine-
learning-based techniques. These sections contain an in-depth explanation and discussion on
the usage of state-of-the-art machine learning algorithms and architectures for autonomously
driven road transport. The techniques provide systems with the ability to anticipate
approaching scenarios and determine the best course of action to take in order to mitigate
catastrophic situations arising from the unpredictability of human road users. The need for
machine learning integration into prediction frameworks for offline and interactive model
recalibration was clearly shown. In addition, the challenges faced in this research area are

explicated, such as the need for a standardized public dataset.

In this essay, research in the scope of human behavior prediction for robotic autonomous
systems was reviewed. More specifically, behavior prediction for fully autonomous vehicles

to predict the behavior of human drivers and other vulnerable road users around the
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autonomous vehicle was discussed. In the literature, behavior prediction is divided into short-
term and long-term prediction. Techniques for short-term prediction, i.e., the two tendencies
of modular, model-based methods, and machine learning-based methods, were explored. In
this essay, when discussing the relevance of behavior prediction for autonomous vehicles, we
showed the importance for the vehicle to be able to reason situation-aware behaviors of VRUs
not only for the purpose of the vehicle to anticipate the future but also to address all
predictions and relevant classifications within a safe operation. Both the collection of training
data as well as the evaluation metrics need to be handled with care to ensure the developed

models adequately cover the possible range of real-world prediction scenarios.

In conclusion, behavior prediction for autonomous vehicles is a research field that has been
explored relatively heavily in the last five years. Researchers have found both machine
learning and rule-based abstractions useful to represent and predict naturally occurring
driving styles and behaviors. Furthermore, these predictions were shown to be useful to
transfer information regarding possible futures of road users to the vehicle’s path planner. In
general, research into predictive behavior has allowed the field to advance based on a
combination of learned road user interaction-aware algorithms and demonstrated the
importance of challenging real-world benchmarks that allow performance across perception,
behavior prediction, and decision-making tasks related to AVs to be judged. There are many
potential applications for a feature of behavior prediction. In particular, conducting research
in behavior prediction will likely have major spillover effects into influencing how AVs, and
AV decision making, are tested and regulated, and how societal norms and expectations about

the deployment of this system are shaped.
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