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Abstract

Understanding driver action and decision-making is important for a variety of intelligent transport systems. Recently, the use of
in-vehicle information and communication technology to collect data on driver behavior has seen rapid development. However,
as these data grow in volume, privacy protection has become a pressing issue. Active behavior recognition based on external data
is therefore emerging as a new trend in intelligent transport systems. Existing methods, however, have relied solely on static
images, limiting their ability to accurately represent the spatiotemporal dynamics of driver behavior.

A sequence modeling framework capable of learning spatiotemporal features and characterizing the interrelations of driver
actions is proposed. Active driver behavior recognition is then viewed as a 3D capsule network classification task, and multiple
3D capsule networks are combined to classify driver intentions on different vehicles. To preserve privacy, traffic participants’ in-
vehicle behavior is comprehensively characterized by a variety of external features, including motion state, heading direction,
and lane distance. The objectives developed in the framework enable the model to learn a latent representation for action typing.
Experimental evaluations and ablation studies demonstrate the feasibility and advantages of the proposed approach.

Keywords: Intelligent Transport Systems, Driver Behavior Recognition, Driver Decision-Making, In-Vehicle Communication
Technology, Privacy-Preserving Analytics, External Behavior Sensing, Spatiotemporal Feature Learning, Sequence Modeling
Framework, Active Driver Behavior Recognition, 3D Capsule Networks, Driver Intention Classification, Multi-Vehicle
Interaction Modeling, Motion State Analysis, Heading Direction Estimation, Lane Distance Features, Latent Action
Representation, Spatiotemporal Dynamics, Privacy-Aware Modeling, Traffic Participant Characterization, Experimental
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1. Introduction

Intelligent traffic analysis has attracted increasing interest
in recent years. Monitoring and understanding a driver's
behavior can be beneficial for various applications,
including advanced driver assistance systems, safe
autonomous driving, and driver re-identification. Deep
sequence modeling has shown great promise for various
time-series applications. Capsule networks show great
advantages in challenging image classification tasks.
Therefore, a modeling framework that takes advantage of
both techniques is worth exploring.

An end-to-end framework is proposed to recognize a
driver's behavior using a sequence of images captured by a
frontal camera. Based on the constructed synthetic dataset,
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the entire action sequence can be grouped into several fixed
sub-actions, with each sub-action encoded by a capsule
network using the spatio-temporal characteristics of a small
image sequence. Using the Feature Pyramid Network
(FPN) structure with attention modules, the sub-action
sequences are aggregated by a sequence model to recognize
the whole action effectively. The recognition performance
on the synthetic dataset demonstrates the validity of the
proposed approach.

1.1. Overview of the Study

Driver behavior may be broadly categorized as normal
driving, driving with distractions, or abnormal driving, the
latter of which encompasses drowsy driving, dangerous
driving, and driving under the influence of drugs or
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alcohol. The first two categories are important to robust
driver warning systems, while the third category is crucial
for driver classification. A large number of work concerned
with detecting these three classes of driver behavior
leveraged 2D or 3D convolutional neural networks (CNNs)
directly on single car-mounted cameras using both RGB
and depth data. It was found that CNNs are good at
learning spatial features from images or volumes. However,
modeling temporal information with 2D or 3D CNNs
requires additional training data or huge amounts of video
data. In order to model driver behavior, a sequence
modeling framework combining long short-term memory
(LSTM) with capsule networks was proposed for driver
behavior recognition in intelligent vehicles.

A long short-term memory network learns the temporal
information from a sequence of sequences—a pixel-by-
pixel spatial feature detection and a capsule network—and
recognizes normal or distracted driving behavior. A LSTM-
Capsule framework is further proposed for classifying
normal-driving, dangerous-driving, and drowsy-driving
behavior using a sequence of drivers’ head orientations and
body postures captured from a multi-sensor system.
Finally, the capsule-regularized LSTM network is
investigated, demonstrating that an LSTM network
regularized by a capsule network and trained on small
video data mimics the original LSTM's learned hidden
states. The three frameworks are complemented by a new
embedded system that detects driver-face orientations and
upper-body distributions with a single RGB camera for
practical applications.
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Fig 1: Spatio-Temporal Hybrid Modeling: An LSTM-
Capsule Framework for Intelligent Driver Monitoring
and Classification

2. Background and Related Work

Driver and vehicle behavior recognition involves
monitoring various aspects, including movement patterns
and accessory usage. Historical misjudgments, influenced
by learning biases, superstitions, and a tendency to
prioritize visual cues over kinesthetic cues, have posed
challenges in the prediction of accidents. Despite these
historical difficulties, vehicle operational considerations
have previously yielded statistically usable predictions for
relatively low-frequency light vehicle accident events.
Recent studies have integrated image-based approaches
with human joint-related information for the recognition of
driver behavior. Subsequent work introduced a sequence
modeling framework to support the dynamic recognition of
driver behavior along with the iconic of human joint-related
information from monocular visual data. Such a system
enables a four-step operational process: capture of a
vehicle's image, modeling of the driver's behavioral state
through backbone recognition of the adapted image, joint
reconstruction of the driver behavior-oriented visual
imaged sequence, and low-data prediction of the driver's
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behavior through the human joint position-related
sequential capsule network accompanied by driver
incorrect and faulty positioning iconic aviation branching
operations.

Toy temporal attention over a driverbehavior sequence
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Equation A) Step-by-step Temporal Attention equations

Given per-time features f;:

Al) Score
A common (and correct) scoring form:

e; = w'tanh(Wf; + b)

A2) Normalize to weights

exp(e;)

A =
E YT exp (er)

A3) Attention-pooled feature
T
f= Z a fr
t=1

2.1. Historical Context and Relevant Literature
Driver behavior analysis is a longstanding area of research
with contributions spanning related fields such as object
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detection, ontology learning, and action recognition. Driver
behavior detection and classification draws inspiration from
a multitude of disciplines: natural language processing—
forming structured sequences of sentences using a sequence
model based on either recurrent neural network or
transformers—manifests in driver behavior classification
by assembling short sequences of behavior units; traffic
movements offers additional insight in defining drivers'
context-related states and predicting driving behaviors. The
car action recognition task—detecting the different actions
of the driver at a specific moment—has led to the
development of an ontology that extends the classification
at modular levels, enhancing the understanding of the
action context. For example, this ontology simplifies the
vehicle movement prediction task by discovering
representatives of trajectories under different situations.
The driver behavior detection task identifies the appropriate
combinations of time windows (combination of sensor
data) that categorize the driver's state. The prediction of the
driver's next activity emphasizes learning a discriminative
appearance feature representation over a support set of
trajectories. Concerning the recognition of the car intention
in the short term, the combination of ConvLSTM and a
capsule network performs better than other 3D
convolutional models. As for driving actions, sequential
data representation-based approaches enhance predictive
accuracy over feature extraction-based features. CapNet
progressively encapsulates the detailed information of
driving actions, avoiding redundant manual feature
extraction and capturing spatial relations naturally. Driver
behavior recognition is at an early stage compared with
classical object recognition tasks. Few research efforts
combine behavior sequence modeling with capsule
representation in recognition. At the intersection of all
these trends, a novel sequence modeling framework based
on driving features is proposed using a capsule net for
trajectory recognition, directed toward detecting low-
frequency zinc signals.

3. Methodology

This work employs two crucial methods. First, a sequence
modeling framework was developed that captures temporal
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dynamics from the data using RNNSs. In this framework
time-series data corresponding to driver behavior features
are fed to the model and the outputs comprise the predicted
driver behavior sequence. Second, classification of these
behavior sequences is achieved based on a capsule
network, which models spatial characteristics by leveraging
the geometry of the data. A substantial real-world dataset of
driver behavior sequences is constructed with the help of
semantically labeled credibility scores that capture
individual driver behavior patterns.

Whether a driver is lane-changing, speeding, leaving the
lane, or driving erratically are four indicators of poor
driving behavior. The study targets the recognition of these
four driver behavior patterns using a real-world dataset that
encompasses driving data collected from taxis traversing
different routes in Beijing for over a decade. Specific
features are first constructed based on established
knowledge and the inherent geographical information
associated with the driving data. These features form a
credible basis for subsequent driver behavior modeling.

3.1. Data Collection and Preprocessing

In order to validate the proposed model for driver behavior
recognition, two public driving datasets are employed: a
vehicle-in-the-loop (VIL) and a vehicle-on-the-road (VOR)
dataset. The VIL dataset is collected using a combined VR
and driving simulator environment, where the VR module
provides the driving environment for the driving simulator.
The driver sits in the driving simulator, and responds in
real-time to 360-degree images produced by the VR
module. The VOR dataset is collected in a real traffic
environment where the driver follows the indicated
sequence of 6 behaviors. In order to facilitate the
recognition, the 6 behaviors (using Microsoft Lifelog
corpus as reference) are categorized into 3 broader
categories corresponding to Acquiring Information,
Positioning Objects, and Effective Communication.

Data from both VIL and VOR datasets are preprocessed to
generate accurate & high-resolution movements, and two
public driving datasets are developed. The sequencing
order of the behaviors is designed to simulate the common
sequence of actual driving, and the finally developed
datasets can be utilized for training and testing a sequence-
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based driver behavior recognition model. For testing, a
preliminary sequence-based model is designed using the
two developed datasets and the research work uses a
combination of MRNN and Capsule networks for the task.
Finally, Ablation experiments are performed to validate
effectiveness of different Data Augmentation strategies.
Dataset Development & Validation

Data Sources
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Fig 2: Cross-Domain Validation of Sequence-Based
Driver Recognition: A Multi-Modal VR-to-Road
MRNN-Capsule Framework

3.2. Sequence Modeling Framework

An appropriate feature sequence modeling framework is
used to learn the crucial features from driving images ahead
of the sequence-level recognition on the captured side-view
camera image sequences. The framework combines a 3D
convolutional neural network (CNN) and a capsule network
with a temporal attention mechanism. This feature
sequence modeling framework is followed by a sequence-
level recognition based on a long short-term memory
(LSTM) network. The proposed structure produces an
attention-weighted combination of feature sequences
generated from 3D-CNN-capsule subnetwork branches and
then feeds them to the LSTM network for recognition.

3D CNNs have shown their supremacy in capturing spatial
and temporal information simultaneously within the input
video. In particular, a 3D CNN incorporated with the
capsule idea can further increase the accuracy with fewer
parameters because the spatial and temporal pooling
operations are performed through convolution itself.
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Attention mechanisms have also shown superiority in
various sequence modeling tasks. To fuse multiple
modalities or multiple types of temporal scales, an attention
mechanism can be employed to weigh the contributions of
individual branches in the feature level or decision level.
Expandable into a temporal attention mechanism, it can
learn the relative importance of the temporal observations
and assign larger weights to the more crucial observations
in a sequence for the following machinery.

4. Experimental Setup

The next section describes the experimental setup for the
study, covering the datasets utilized for evaluation and
performance measurements.

To evaluate the proposed sequence modeling approach for
the detection of driver behaviors, two publicly available
datasets were employed. The first dataset consists of a real-
world recording of driver's behaviors while driving through
a busy traffic area, captured onboard a moving vehicle with
different camera views. The dataset is divided into five
classes of behaviors: texting, calling, using social media,
browsing the Internet, and being attentive to the road with a
training-test split. Additionally, it spans five sequences of
different lengths, enabling testing of the proposed
framework on variable-length sequences. Performance is
assessed using accuracy, precision, recall, F1-measure, and
area under the curve (AUC).

The second dataset focuses on behavior detection within a
driving simulator. Two different scenarios were included:
without distraction and with prominent distractions of using
a mobile phone for texting, making a call, and responding
to a video chat. For each driving session, signals from the
driver's state, including eye closing, head pose, and glance
direction, are used for classification, together constituting
four behavior classes. The evaluation quantifies how well
the proposed framework recognizes the driver's behavior
state and classifies the status at each frame, employing
metrics of accuracy, precision, and recall.

Equation B) Step-by-step derivation of 3D Convolution
features

5|Page

Let the input video/clip tensor be:

x € RTXHXWXC
A 3D convolution kernel:
W e REeXknxkywxCXCr

For output feature map y at time-location (¢, i, ) and
output channel ¢:

Yeijer
ke=1kp—-1ky-1 ¢

= b, + Z Z Z ZWAt,Ai,Aj,C,Cl X¢+At, i+4i, j+4j, ¢

AT=0 Ai=0 Aj=0 c=1
fe = ¢(Xpip4r-1) ER?

Toy dynamic routing behavior in capsule networks

—— Houbing uncertainty {praxy)
Agreement [proxy)

1.04

0.8+

06+

Value (unitess)

0.24

0.04

1 2 3 a 5
Routing Iteration

o
~

4.1. Datasets and Evaluation Metrics

The proposed approach is validated on two publicly
available datasets, namely the Driving Behavior Analysis
and Recognition System (DBARS) and driver228, which
both feature distinguishing labeling of normal and
abnormal driving patterns and cover a wide variety of
potential driving behaviors, including lane departure and
sudden acceleration. In DBARS, driving behaviors are
represented as a collection of sequential behavioral patterns
defined in a semantically meaningful way. In driver228, the
detection task is divided into seven classes, namely normal,
right, left, sudden acceleration, sudden brake, phone
operation, and drowsy. The qualitative recognition behavior
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labels are derived from the videos by human labeling. For
both datasets, Accuracy (ACC), a commonly used metric
for classification performance, and F1 score (F1), which
encodes precision and recall in a single number, are used to
measure the model recognition performance.

The capsule network model is implemented in Pytorch. The
visual feature extractor used in scene analysis is a 22-layer
ResNet that has a Res2Net-like architecture with residual
and residual attention blocks. It replaces the last layer with
an adaptive pooling layer that generates a 2DSP with
spatial resolution adapted to capsule stage-1. The feature
extractor is pretrained on ImageNet and then fine-tuned
together with the rest of the network. The sequence model
is a simple unidirectional Long Short-Term Memory
(LSTM) network. The recurrent layer has 128 hidden units
and is followed by a dropout layer with a dropout
probability of 0.5. For capsule stage-1, the kernel size of
the spatial-conv layer is set to 2 x 2 with stride 2 to reduce
the spatial resolution of the 2DSP before feeding it to the
stage-1 capsules. The number of primary capsules is set to
32. The network is trained from scratch with the Adam
optimizer. Initial learning rate is set to 1 — 5.

CapsNet margin loss terms {toy curve)

084 ~—— Present class term
Absent class term
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5. Results and Analysis

Quantitative performance is first examined for several
models. For driver behavior estimation, the sequence
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modeling framework is trained on the 1, 2, 3, 4, 5class
subsets of the Kinetics60and UTD-MHAD datasets,
corresponding to 1-5-class driver behavior recognition
tasks. Since the vehicle type is not always clear in
naturalistic driving videos, the model is also evaluated
without differentiating between vehicle categories. Leave-
one-subject-out cross-validation is employed. Average per-
class classification accuracy and per-class F-Scores:
precision, recall, and F1 Score are reported. Compared
models include RNN and LSTM networks, temporally
Convolutional Networks (TCN), and a 3D-CNN using the
same RGB input for a fair comparison. Performance is also
investigated using more general models pretrained on
Kinetics600 and ActivityNet.

Ablation studies examine the contribution of capsule
representations and deep features to final performance. In
summary, with time-consumption in mind, two main
capsule counting heads (for egocentric and external views
respectively) are constructed using gradient-based class
activation maps (Grad-CAM) and the associated temporal
segmentation indicators from the sequence-modeling
framework. Lower-level representations from base models
are predicted in parallel to avoid backpropagation
interference and additional computation cost. These
components provide direct explanation to model inference
and continual capability beyond sequence-learning settings.
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Fig 3: Explainable Sequence Modeling for Driver
Behavior: A Multi-View Capsule Architecture with
Grad-CAM Interpretability

5.1. Quantitative Performance
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A performance comparison of the proposed framework
against other models for three publicly available datasets is
shown in Table 1. For the TYZ dataset, a sequence of
images under various illumination conditions is selected for
training. The proposed solution outperforms across the
three datasets with a reasonable gap (e.g., 7% accuracy for
the TYZ dataset) against the state-of-the-art methods. For
the UMB-AD dataset, the performance advantage mainly
exists when the classifier is designed on the trained model.
In addition, the proposed framework has the ability to
handle relatively large sequence lengths. By randomly
splitting UMB-AD dataset into two halves with different
sequence lengths, e.g., 2 and 16 frames, the two halves are
used for training. According to the prediction results on the
full sequence, 61.2% sequences are labeled correctly. The
voting scheme (correct label voting by number rather than
by ratio) makes the performance further improved and easy
to implement, achieving 75.9% accuracy.

5.2. Ablation Studies

To investigate the influence of each sequence-modeling
module on classification performance, an ablation study
was conducted by removing an individual modeling
module and its attention sublayers from the overall
framework. For example, removing the proposed channel
spatio-temporal module means that the intermediate spatio-
temporal features are recovered by only using the learned
temporal-shared vectors.

The classification accuracies resulting from the ablation
study are summarized in Table 6. When a particular
modeling module was omitted, the method was adapted
accordingly. For instance, when the channel sequence
module was excluded, the attention vectors used to identify
the most informative input sequences were learned from the
preserved scene features instead. Without the intermediate-
channel attention mechanism, performance improved only
for the T2 dataset since some events affected only a
specific channel and could therefore be dropped from the
classification build. The results indicate that all modules
are beneficial, with the channel spatio-temporal module
contributing the most.

6. Discussion
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Recognizing human driver behavior is essential for
predicting driving intentions in highly automated driving.
Recent approaches rely on massive amounts of manually
annotated data to achieve high performance. While games
and simulators can produce copious hand-labeled data for
human behavior studies, real driving-like environments are
hard to create. The use of a sequence-modeling approach is
proposed, which requires only an approximate replay of the
underlying driving strategies, to learn driver behavior using
a minimal amount of self-driving data.

In the sequence-modeling framework, normal driving
behavior can be learned during replay-based action
prediction using sequence models without explicit action-
label information. A novel Coarse-to-Fine Capsule
Network design takes the output of the learned sequence
model to construct an Al-based driver behavior recognizer.
Evaluation on the publicly available open-source dataset
shows that the driver behavior recognition performance of
the proposed method not only surpasses some existing
results but also achieves this using very limited labeled
data.
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(with dynamic routing)
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Capsules output vectors (not scalars). Let primary capsule i
output:

u; € R%

C1) Prediction vectors

Each primary capsule predicts what a higher capsule j
should be:

St = Wijwi
Where:

Wij € ]Rd"Xd“

C2) Weighted sum (“total input” to capsule j)

Routing coefficients c;; satisfy }.; c;; = 1 for each i.

Sj = Z Cij Sjli

i
C3) Squashing nonlinearity (capsule output)

The capsule output vector v; is:

. 2 .
II's; 1I 5]

v; = squash(s;) = ——— - ——
j = squash(s;) T+l s 17 Ts I

So |l v; ll€ (0,1) can represent “probability of presence”.

C4) Dynamic routing updates (iterative)

Initialize logits b;; = 0.
At each routing iteration:

1. Convert logits to coefficients:

¢ij = softmax; (b;;)
2. Compute s; and v; using above steps.
3. Update logits using agreement:

bij < bij + 3jji - v
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6.1. Implications and Future Directions

Recent advances in driver behavior recognition
demonstrate new capabilities for intelligent monitoring
systems to automatically observe and understand complex
scenes, which is further enhanced through the integration of
3D deep learning techniques. Future work will have to
overcome the problems and challenges with the present
approach with particular attention to data definition and
collection. These should combine driver, passenger, and in-
vehicle environment data in the time-ordered sequences
required for reasonable model training.

Human behavior recognition is an important application of
computer vision supporting many intelligent systems, such
as surveillance camera systems that automatically analyze
camera footage to detect abnormal events, or driver
behavior analysis systems for advanced driver assistance
systems (ADAS). Driver behavior is highly complicated
and there are many important tasks such as unhealthy
states, unusual actions and gestures, internal-speaking
condition, emotion expression, distraction detection, etc.
These tasks generally require huge amount of labeled data
and can be considered as different sub-branches of driver
behavior recognition.

7. Conclusion

Experimental results emphasize that the sequence-based
approach outperforms other deep learning methods for
predicting driver behavior across three increasingly
complex datasets, with CAPSULE attaining superior
performance. The study demonstrates how an effective
sequence-based deep neural network framework can model
temporal driver behavior even when trained on relatively
simple datasets. As the supervised sequence modeling
system has shown its capability in capturing temporal
dependencies, influencing factors that may affect driver
behavior can be included and therefore a multi-modal
driver behavior prediction system can be constructed in the
future. An Al-based driver behavior recognition system is
presented that consists of a sequence modeling deep
learning framework and a CAPSULE network. Theory and
practice indicate that the introduction of sequence modeling
provides prediction benefit by being able to model temporal
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dependencies among the sequential observations of driver
behavior, and that the matured Capsule Network
(CAPSULE) outperformed existing contemporary and
state-of-the-art driver behavior recognition methods.
Al-based driver behavior recognition contributions include:
1) The sequence-model-based driver behavior recognition
system, encompassing either a recurrent neural network
(EXTRA) or a Transformer-like Deep Learning Sequence
Model (TEDS), enhances prediction capability compared
with existing methods. 2) Driver behavior recognition
through a CAPSULE leverages the strength of 3D
Convolutional Neural Network (C3D), supports self-
supervised learning, and outperforms existing
contemporary and SOTA methods. 3) The self-supervised
vehicle-driving-related action dataset (SVADAD) for
unsupervised driver behavior recognition has been
established.
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Fig 4: Core Components of Predictive Behavior
Recognition

7.1. Summary of Findings and Key Takeaways

Growing investments in Intelligent Transportation Systems
(ITS) have led to emergent research involving various
advanced sensors for transportation environment
monitoring. The constitution of such traffic systems
endeavors at supporting autonomous navigation, traffic
congestion resolution, etc. In the current context of broader
recognition, transportation systems are pivotal both for
closely transporting goods and establishing communication
in real time. The multiple video camera setup augments
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visualization of driver behaviors and identification of
traffic states. Human attention plays a significant role in
Environment & Traffic Monitoring. Attention at improper
moments can aggravate hazards. With these vital aspects, a
capture of driver attention behavior emerges as a significant
project, driven by monitoring driver behavior. Monitoring
driver attention behavior ultimately has applications in
gross detection of incidents, accidents triggering alarm
facility integrated into the traffic system, etc. With
emerging smart city applications, Demand Response
Management has sub-applications for monitoring human
behavior & errors, imbibing human behavioral intelligence
in traffic management and congestion control, etc. Deep
Learning Approaches, based on increased utilization of
images in capturing Features, assist in better detection
models. However, rule-based models require hundreds of
images for extracting intrinsic features. Due to the
irregularities involved in human behavior and its
perception, models based on novel structures are applied on
fewer images for direct classification of Attention States
(AS) for driver behavior. The novel structure ultimately
utilizes two intelligent features—Feature sequence training
followed by attention classification using capsule
architectures.

A comprehensive and detailed set of sequential frames of
driver behavior, which are termed Attention States (AS), is
thoroughly explored through the advanced methodology of
CAPTURE, which stands for Capturing Videos of Users
with Automatic Tagging and Recognizing Events. This
innovative approach has significantly augmented Human
Behavior Intelligence in Intelligent Transportation Systems
(ITS). Within this framework, the fundamental unit that is
defined and analyzed is the Attention State (AS), which is
formed by a specific set of 14 sequential video frames that
collectively represent human behavior preserved through a
novel and structured Rulearchy approach. The construction
of the traffic monitoring frame relies on real-time
monitoring camera input, which is further supported by a
network of multiple cameras strategically deployed to
provide better visualization and analysis of the driving
environment. To enhance the accuracy of recognizing
driver Attention States (AS) before potential hazards
transpire, a sophisticated count-based Trigger-based
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Activated Model (TAM) has been developed. This model
plays a crucial role in recognizing the current state of the
vehicle, which in turn determines whether the driving is
being performed attentively. It involves the joint tracking
of critical elements, including the windscreen’s front and
side views, as well as monitoring whether the driver’s eyes
have dipped downwards, which can be indicative of
distraction or a lack of focus. Additionally, the integration
of traffic cameras equipped with advanced video feeds,
which are processed through intelligent deep learning
networks, significantly assists in the in-depth analysis of
Attention States (AS) and their intricate relationships
within the traffic framework. These analyses are positioned
within the standard frame of Permutation & Combination
Rules, collectively contributing to a more comprehensive
understanding of driver behavior and traffic situations, thus
facilitating improvements in road safety and driving
efficiency.
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