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Abstract. Traffic accidents remain a critical issue worldwide, especially in the context of the rapidly
growing number of vehicles on the road. This leads to the need for an automatic system to recognize
distracted driver actions and provide early warnings to enhance road safety. In fact, driver action
recognition (DAR) can be considered as a subfield of human action recognition (HAR). In addition
to the common challenges of HAR, DAR must address additional difficulties, including fine-grained
and subtle hand movements, self-occlusion, and complex interactions with multiple objects. To
overcome these challenges, we leverage Holistic Interaction Transformer (HIT) network, originally
designed for HAR, to recognize driver activities from video sequence. The proposed method named
HIT4DAR (Holistic Interaction Transformer for Driver Action Recognition). Some experiments are
conducted on UTCDriverAct to show the effectiveness of HIT network in DAR task. The overall
performance across the six actions of interest achieves a Video-mAP of 47.8%. In particular, the
recognition accuracy for Texting activity reaches 78.9%. Furthermore, an ablation study is performed
to investigate the influence of pose estimation models on recognition accuracy. The experimental
results indicate the trade-off between recognition accuracy and computational efficiency in different
pose estimation models. This comprehensive analysis provides useful recommendations for the
research community when deploying the proposed framework in real-world DAR systems.

Keywords: Driver Action Recognition, Transformer-based Action Recognition, Human-Object
Interaction.
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1. INTRODUCTION

In recent years, driver activity recognition has become a promising research direction in
intelligent transportation systems. This problem involves recognizing and analyzing drivers’
behaviors while participating in traffic. This is considered as one of the critical task in an
Advanced Driver Assistance System (ADAS). From this, ADAS can provide necessary
warnings for the driver do reduce the occurrence of unfortunate traffic accidents. DAR is treated
as a branch of human activity recognition (HAR). Consequently, it shares common challenges
with general HAR, such as background clutter, intra-class variability, and inter-class similarity.
Furthermore, DAR also introduces additional difficulties, including dynamic backgrounds
caused by vehicle motion and strong occlusions inside the vehicle cabin [1,2]. To overcome the
aforementioned challenges in DAR, most existing studies exploit informative cues obtained
from either wearable sensors or camera-based systems. However, the wearable-based approach
might cause discomfort to users because these sensors must be attached to the human body.
Additionally, the performance of wearable-based systems is highly sensitive to sensor
placement and orientation. Even minor shifts during driving can lead to significant reduction in
recognition accuracy [3]. For these reasons, many recent studies have focused on the use of
vision sensors (cameras) for data acquisition. In fact, vision data can provide richer and more
detailed information through capturing body posture, motion trajectories, and interactions with
objects or environment. These are the necessary factors to achieve higher performance in DAR
task [4].

Additionally, DAR task is addressed in two scenarios that are isolated recognition and
continuous recognition. Isolated recognition aims at determining the name of activity class for
a segmented video, each corresponding to a single human action, and is typically formulated as
a classification task. In contrast, continuous recognition analyzes untrimmed video sequences
that contain multiple consecutive actions. Continuous recognition not only determines the
action class but also estimates the temporal boundaries of each action, including starting- and
ending-times [5]. Compared with isolated recognition, continuous recognition presents greater
challenges; consequently, its performance is generally lower. In practice, continuous
recognition can be regarded as an extension of isolated recognition, in which classification
results are further refined through a post-processing stage to determine the temporal boundaries
of each predicted action.

To address HAR problem, most current research have concentrated on two critical
approaches that are CNN-based (Convolutional Neural Network) and Transformer-based. The
crucial target of CNN-based methods is to extract both temporal and spatial information for
action presentation [6,7,8]. Although achieving some important milestones, CNN-based
methods still can not deal with temporal relationship with the variation in video sequence
length. Fortunately, this difficulty can be overcome by utilizing a transformer architecture with
the ability of encoding and decoding information [9,10,11,12]. Among them, Holistic
Interaction Transformer Network (HIT), introduced in the work of Faure et al. [13],
concentrates on exploiting essential information including hand and human pose. HIT network
is considered as a comprehensive bi-modal framework that consists of an RGB stream and a
pose stream. With the assistance of the two-stream model, HIT network has focused not only
on person, object, and hand but also on their interactions, enable improving performance for
HAR task. Based on the observation that most driver actions involve interactions between the
hands and surrounding objects (e.g., a mobile phone, water bottle, or cigarette), we leverage the
potential of the HIT network for the driver action recognition task in this work. The proposed
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method is named HIT4DAR (Holistic Interaction Transformer for Driver Action Recognition).
A remarkable point of HIT4DAR is its ability to exploit informative cues from interactions
among human body, hands, and task-relevant objects for action representation. As above
mentioned, HIT model is originally designed for HAR, where most human keypoints can be
reliably estimated when the whole human body is clearly visible. Meanwhile, HITADAR is
developed for the DAR task to address the key challenges caused by severe occlusions in
confined environments such as vehicle cabins.

Experiments have been conducted on UTCDriverAct to show the effectiveness of
HIT4DAR. The overall performance across the six actions of interest achieves a Video-mAP
of 47.8%. In particular, the recognition accuracy for the Texting activity reaches 78.9%.
Furthermore, an ablation study is performed to investigate the influence of pose estimation
models on recognition accuracy. The experimental results indicate the trade-off between
recognition accuracy and computational efficiency across different pose estimation models.
This comprehensive analysis provides useful recommendations for the research community
when deploying the proposed framework in real-world DAR systems.

2. RELATED WORKS

As aforementioned, most existing studies on driver action recognition task are categorized
into two main approaches: CNN-based and Transformation-based methods. Furthermore,
CNN-based methods are commonly classified into three categories: two-stream CNN-based
models, CNN-RNN hybrid architectures, and 3D CNN frameworks. The main target of these
methods is to build an effective spatio-temporal description for action representation. Unlike
CNNs and RNNs, Transformers use self-attention mechanism to model global interactions
among all elements in a sequence. In this section, some remarkable studies on driver action
recognition are briefly discussed to highlight their advantages as well as their limitations. Based
on this, we propose to leverage the HIT network, originally designed for HAR, to address
several challenges in the DAR task.

2.1. CNN-based action recognition

In the first branch, visual and motion information are processed independently in the two-
stream network and then, they are combined for human action representation. In the study of
Simonyan et al. [14], RGB images and their optical flow are treated as input of each CNN
network to extract corresponding appearance and motion features. However, a major drawback
of this framework lies in its inability to explicitly determine which human body parts are
moving and to localize them across consecutive frames. To handle this limitation, Feichtenhofer
et al. [15] propose to adopt ResNet model [16] into two-stream framework. By incorporating
residual connections, ResNet enables the effective training of deep architectures, leading to
robust feature representation learning and significantly improved performance in HAR. In [5],
the authors introduce an end-to-end framework for driver continuous recognition. In this work,
MoViNet [17] is employed as a video classifier that performs both action representation
learning and classification tasks. Then, several postprocessing strategies are proposed to
provide the final results for continuous recognition. MoViNet is a lightweight CNN architecture
specifically designed for efficient video understanding. Its compact design and low
computational cost make it highly suitable for deploying recognition systems on hardware
platforms, especially resource-constrained edge devices. In practice, CNNs are mainly designed
to capture local spatial and short-term temporal cues, which limits their ability to model long-
term dependencies required for recognizing complex activities over extended sequences.
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To overcome the above limitation, some other studies have concentrated on the second
categorize, CNN-RNN hybrid models [6]. While CNNs are designed to extract appearance
information, RNNs aim to capture temporal dependencies among features extracted from
consecutive frames. By modeling these temporal relationships, only discriminative information
is retained for action representation, leading to improved performance in HAR tasks. However,
these studies primarily focus on isolated recognition, in which each segmented video contains
only a single human action. Such a setting is not suitable for realistic HAR systems, where
multiple human actions occur continuously. Related to continuous recognition, some current
works emphasize the importance of task-relevant objects (e.g., phones, cigarettes, and bottles)
in action representation [7, 8]. In [7], the authors introduce a novel framework which
incorporates deformable convolution and dilated convolution to detect small-sized objects such
as cigarettes and mobile phones, which are essential for accurate activity recognition. In the
work of Qamar et al. [8], Multi-stream Deep Fusion Network (MDFN) is proposed for modeling
driver pose and human-object interactions to enhance recognition performance. However, this
combination of multi-stream CNNs requires a high computational cost and it is difficult to
deploy this framework in a realistic system.

Another CNN-based approach for action recognition is the use of 3D-CNN networks. The
advantage of 3D-CNNs compared to 2D-CNNs lies in their ability to simultaneously learn
spatial and temporal information, enabling effective capture of motion information over
consecutive frames. This capability allows 3D-CNNs to represent spatio-temporal dynamics in
an end-to-end manner, making them more suitable for action recognition task. One of
impressive studies belonging to this approach is introduced by Tran et al. [18], which focuses
on continuous action recognition. In this work, X3D [19] is used to extract spatio-temporal
features for action representation, and then some post-processing strategies are performed to
identify the occurring action and its temporal occurrence. Although achieving a higher
performance in recognition task, 3D-CNNs suffer from high computational cost and large
memory requirement, which significantly limit their scalability and practical deployment.
Moreover, they primarily capture short-term temporal constraints and struggle to model long-
term dependencies in continuous action recognition.

2.2. Transformer-based Driver Action Recognition

For transformer-based approach, VideoMAE [20], an extension of ImageMAE (Masked
Autoencoder) - first designed for static images, is proposed as one of the most powerful models
for HAR. The main purpose of VideoMAE is to enable the model to learn and reconstruct
occluded information generated by a masking strategy. Inspired by the power of VideoMAE
model information construction, Pizarro et al. [10] propose an effective framework which
integrates pose estimation and action recognition into a unified deep learning architecture.
Additionally, this framework attempts to remove tokens corresponding to redundant
information to speed up the recognition process.

Besides VideoMAE, Vision Transformer (ViT) [21] is evaluated as one of the most
effective models for video understanding tasks. It is worth noting that ViT is initially introduced
for Natural Language Processing (NLP) and when applied to computer vision, it models an
image as a sequence of patches. Several recent works have explored the potential of ViT to
enhance the recognition performance in driver action recognition [9, 11, 12]. In these works,
ViT model is employed to build a more discriminative and robust descriptor for action
representation, which helps to achieve a higher recognition accuracy. Nevertheless, this
approach is primarily limited by its substantial computational cost and significant memory
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requirements. To overcome these challenges, Xu et al. [22] introduce spatio-temporal
decoupling attention transformer framework (SDA-TR) which is based on skeleton data for
DAR task. In this work, the authors observe that several popular pose estimation methods are
not well suited to narrow spaces such as a vehicle cabin. Consequently, only most informative
joints are selected for representing an examined action to reduce computational cost as well as
storage memory.

From the above analysis, we realize that most of existing work have just focused on isolated
recognition, which is treated as classification task. Although this approach can achieve some
remarkable results, it does not accurately reflect realistic scenarios in which human actions
occur continuously. This is the motivation for us to explore some challenges in continuous
recognition approach. Further details of the proposed framework are presented in the next
section.

3. OVERALL PROPOSED FRAMEWORK

Inspired by the impressive results in the study of Faure et al. [13], we propose to adopt HIT
network for driver action recognition, named HIT4DAR (Holistic Interaction Transformer for
Driver Action Recognition). Figure 1 illustrates the overall pipeline of the proposed framework,
consisting of four main modules: Human/Object detection and pose estimation, Human-Object
interaction, Attentive fusion, and Temporal interaction. Firstly, a given video stream is
forwarded to Human/Object detection and pose estimation module to determine the regions of
interest and extract skeleton data, respectively. Secondly, Human-Object interaction module to
capture the interactions among drivers, objects, and their hands, resulting in more
discriminative and effective action representations. Then, these two streams are combined
through Attentive fusion stage and Temporal interaction focuses on learning temporal
relationships across consecutive frames to identify which action is occurring.
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Figure 1. Overview of the proposed framework HITADAR for driver action recognition.

It should be noted that the proposed method is built upon a bi-modal framework with
separate RGB and pose streams. The primary target of each stream is to learn the interaction
between the target person and surrounding objects. Furthermore, Intra-Modality Aggregation
(IMA) module is integrated into HIT network to filter and aggregate information from each
interaction module. This strategy is applied on both RGB and pose branches to learn
informative interaction cues while to compress redundant information. The outputs of the two
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streams are fused via an attentive fusion module, and temporal dependencies are exploited to
recognize the action. By exploiting the complementarity between visual information and
skeleton data, the proposed framework can achieve robustness against typical challenges in
driving environments, including illumination variations and partial occlusions. The details of
these modules are described below.

3.1. Region of Interest (Rol) localization and feature extraction

At this stage, the input stream is fed into both RGB and pose branches to capture highly
discriminative and robust features for action representation. In RGB branch, two sub-tasks are
simultaneously performed: video representation and regions of interest (Rols) localization. To
accomplish these two sub-tasks, SlowFast model [23] and Faster R-CNN [24] are employed for
video representation and Rols localization, respectively. SlowFast model consists of two
parallel pathways: the slow pathway focuses on spatial semantics at a low frame rate, while the
fast pathway emphasizes motion dynamics at a high frame rate. This architecture enables
SlowFast to learn valuable spatio-temporal features for video representation. For Rols
localization, the proposed framework aims to define the bounding boxes for the driver, their
hands, and some relevant-task objects, such as bottles, phones, and cigarettes. Then, RolAlign
method [25] is utilized to align extracted video features for the driver (#), hands (7 ), and
objects (). In pose branch, the pre-trained model ResNet-50 [16] is employed as backbone
of pose estimation method to encode the driver pose. It is worth noting that due to the limited
space within the vehicle cabin, only 13 keypoints are considered in this study. All investigated
driver actions primarily involve hand-object interactions, consequently, these 13 keypoints
provide sufficient information for effective action representation. Figure 2 illustrates extracted
keypoints for human pose in DAR task.

Index Key point
0 Nose
Left eye
Right eye
Left ear
Right ear
Left shoulder
Right shoulder
Left elbow
Right elbow
Left wrist
" 10 Right wrist
11 Left hip
12 Right hip

O OoONOGOOUILA, WNIR

Figure 2. An example of 13 keypoints for human pose in HITADAR framework.
3.2. Interaction Modelling in the RGB branch

As illustrated in Figure 1, the RGB branch consists of three crucial components that are
person interaction, object interaction, and hands interaction. While person interaction module
captures the interaction between persons within the current frame, object and hands interaction
attempt to learn the person-object and person-hands interaction, respectively. For this task, HIT
network leverages the power of cross-attention mechanism where the target person feature is
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defined as the query, and the key and the value are acquired from the object and hand features.
The formulation of this cross-attention mechanism is as shown in [13]:

;
A(i):softmax(QixTK‘]xvi ie(P0,#) )
Where d, is the visual embedding dimension, Q,, K.and V, are the query, the key, and

the value matrix, respectively. It is worth noting that cross-attention mechanism takes only
person features when computing person interaction A(P)computation. However, for person-

object and person-hand interaction, the output of each interaction block and object/hand
features are treated as the input.

3.3. Interaction Modeling in the pose branch

Like the RGB branch, cross-attention mechanism is also used to learn the pose-person,
pose-object, and pose-hands interactions. Firstly, pose features are extracted from pose data by
exploiting light transformer encoder, denoted as K. It is worth noting that 72, @, and 7’

are the output of A(P), A(O), and A(H) respectively. For this, HIT network computes

A, P, A©"), A(Z ") based on cross-attention mechanism for pose-person, pose-object,

and pose-hands respectively. The following formulation is presented in the following equation
[13]:

QxK"T
7,

Where, d  is the dimension of pose features, Q'and K'are defined as the output of a

A(K",P") = softmax xV' (2)

transformation applied on K~ and 7, respectively, V'is known as the value matrix. As
shown in the above equation, pose interaction module integrates visual information in pose
interaction computation. This strategy allows HIT network to leverage visual appearance cues
for effectively distinguishing complex driver poses.

RGB data Pose data

Figure 3. An example for interaction modeling in both RGB and pose branches (best view in color).

The interaction modeling in both RGB and pose branches are illustrated in Figure 3. As
seen in this Figure, the interaction between person, hand, and object is focused in the RGB
image. While in the pose branch, HIT model attempts to extract informative joints to represent
human-body geometric structure and capture the distinctive motion characteristics of human
actions. This effectively guides the model’s attention toward the arm, elbow, and wrist
keypoints that are critical for action recognition.
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3.4. Attentive Fusion and Temporal Interaction Modules

To leverage both visual information and skeletal data, an Attentive Fusion Module (AMF)
Is integrated into the HIT network to fuse these two feature representations. Unlike traditional
concatenation techniques, AFM utilizes the self-attention mechanism to dynamically evaluate
the contribution of each modality. From this, AFM assigns higher weights to the stream that
provides more reliable information. Furthermore, these fused features are passed through a
Temporal Interaction Unit to incorporate long-term temporal information for action
representation. The output of Temporal Interaction Unit is known as a probability distribution
across all action classes for a given input video. With the great assistance of these two modules,
action recognition performance is improved significantly.

4. EXPERIMENTAL RESULTS AND DISCUSSION
4.1. Dataset and measurement metrics
4.1.1. UCTDriverAct dataset for DAR

Action Front-view Right-view Action Front-view Right-view

Smoking Drinking

Calling Yawning

Talking to g

Textin
J Passenger

Figure 4. Some examples of UTCDriverAct dataset.

UTCDriverAct dataset is collected as part of research project funded under grand number
B2024-GHA-11 for driver action recognition. The main objective of gathering this dataset is to
explore distinctive characteristics and behavioral habits of drivers in Vietnam. This dataset
consists of total 40 videos collected from two static synchronized cameras of 18 volunteers.
Each of the volunteers perform six examined actions sequentially, including Smoking, Drinking,
Calling, Texting, Yawning, and Talking to Passenger. All video sequences are captured at a
frame rate of 30 frames per second (fps). The duration of each video sequence is approximately
four to five minutes. It is worth noting that two static cameras are mounted at two different
positions: front-view and rear-view, to provide better observation for driver actions. Figure 4
shows some examples of six distracted driver actions. Among 40 videos of UTCDriverAct, 24
videos correponding to the first 10 IDs are used for the training phase and the remaining (16
videos of the last 8 IDs) are employed for the testing phase. Detailed information about this
dataset is available at the following link: https://github.com/vothienlinh/driver-actions.qgit.
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Figure 5. Distribution of annotated frames per action class.

Figure 5 presents the duration of each driver action in UTCDriverAct dataset. From this
Figure, we can see that two actions, Calling and Talking to Passenger, have the highest number
of samples, with 19,652 and 19,293 frames respectively. Meanwhile, Yawning is the least
represented action with a total of only 7,342 frames. This distribution reflects real-world
conditions, where Calling or Talking to Passenger are prevalent activities that lead to
significant driver distraction. Additionally, UTCDriverAct dataset also presents specific
challenges, such as the class imbalance between activity categories and the presence of
relatively small or occluded objects, which create complex classification scenarios for the
model.

4.1.2. Measurement metrics

In this work, to assess the effectiveness of the proposed framework for DAR task, two
crucial measurement metrics in video recognition and temporal-spatial localization that are
Spatio-Temporal Tube loU (STT-loU) [15] and Video-mAP are used. The details of these
measurement metrics are described below.

Spatio-Temporal Tube loU (STT-loU) quantifies the spatio-temporal overlap between a
predicted action tube and its corresponding ground-truth tube by aggregating spatial 1oU across
the temporal dimension. It is considered as the extension of the conventional loU metric from
static images to video sequences and serves as an effective evaluation metric for video under-
standing tasks. The formulation of STT-loU is presented in the following equation:

Temporal Intersection

STT-IoU :( ijverage lolU,, (3)

Temporal Union

Video mean Average Precision (Video-mAP) is also a commonly used evaluation metric
for spatio-temporal action recognition in videos. It assesses not only classification performance
but also spatial and temporal localization accuracy of predicted actions. Unlike image-based
mAP metric, which deals with individual bounding boxes, Video-mAP evaluates action tubes
which are the sequences of bounding boxes associated with an action across consecutive frames.
Depending on threshold of the STT-loU metric, a detected action is considered as a true positive
or a false negative prediction. From this, a curve is generated to present the relationship between
precision and recall metrics at a pre-defined STT-lIoU, namely Precision-Recall curve. Average
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Precision (AP) is computed as the area under Precision-Recall curve and Video-mAP is the
average value of AP over all examined classes.

C
Video - mAP = éz AP, (4)
=1

where AP.is the average precision estimated for class ¢ and C is the number of action
classes.

4.2. Experimental results

In this study, we conduct two experimental scenarios to provide a comprehensive
evaluation on the effectiveness of the proposed framework in DAR task. For the first
experiment, the proposed framework is applied on UTCDriverAct dataset to present the
recognition accuracy for each individual action class and the overall accuracy across all classes.
For the second experimental scenario, an ablation study is performed to assess the role of the
backbone network for pose estimation model within the proposed framework, considering both
recognition accuracy and computational cost. These results also enable recommendations for
the deployment of the proposed framework in practical applications. In this work, all
experiments are conducted on an Ubuntu 20.04.6 LTS system powered by an NVIDIA GeForce
RTX 3060 GPU (12GB VRAM).

4.2.1. Recognition results obtained for UTCDriverAct

Table 1 presents the obtained results of the proposed method HITADAR on UTCDriverAct
dataset at the STT-IoU threshold of 0.5. The best results are bold, and the second-best ones are
underlined. As seen in this Table, we can realize that recognition performance achieves the
highest values on Texting and Calling classes. F1-score@0.5 and AP@0.5 for Texting class
reach 87.5% and 78.9%, respectively, whereas the corresponding values for Calling class are
71.0% and 56.0%, respectively. The worst performance is shown in Yawning class, in which
F1-score@0.5 and AP@0.5 achieve only 40.9% and 26.8%, respectively. These results can be
attributed to the following factors. Firstly, by leveraging both appearance and skeleton data as
complementary to each other, HIT model can capture human-object interaction information.
Consequently, this model can obtain high performance on several actions which demonstrate
explicit human-object interactions, for example Calling, Texting, Drinking. This also explains
the limitations in recognition performance observed for the Yawning and Smoking classes,
where fine-grained facial movements and small-scale objects, such as cigarettes, are difficult to
capture.

Table 1. Recognition performance of the proposed method HIT4ADAR on UTCDriverAct at STT-loU
threshold of 0.5. The best values are shown in bold, and the second-best values are underlined.

Precision Recall Fl-score@0.5 AP@0.5

Activity TP FP FN (%) (%) (%) (%)
Smoking 22 26 24 45.8 47.8 46.8 33.6
Calling 11 4 5 73.3 68.8 71.0 56.0
Texting 14 2 2 87.5 87.5 87.5 78.9
Drinking 13 9 9 59.1 59.1 59.1 42.6
Yawning 19 26 29 42.2 39.6 40.9 26.8
Talking to Passenger 15 10 9 60.0 62.5 61.2 48.9
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4.2.2. An ablation study on different pose estimation models for DAR

Table 2. Quantitative evaluation of DAR using different pose estimation backbones (STT-loU =
0.5). The best values are shown in bold, and the second-best values are underlined.

Precision Recall F1-score@0.5

Activit K int- I TP FP FN AP@O.
ctivity eypoint-based mode (%) (%) (%) @0.5
ResNet-50 22 26 24 458 47.8 46.8 33.6
. ResNet-101 21 23 25 477 45.7 46.7 324
Smoking
ResNet-X-101-32x8d 18 23 28 43.9 39.1 414 30.8
YOLOvV8-pose 18 21 28 46.2 39.1 424 33.2
ResNet-50 11 4 5 73.3 68.8 71.0 56.0
Calli ResNet-101 11 6 5 64.7 68.8 66.7 54.2
allin
J ResNet-X-101-32x8d 11 4 5 73.3 68.8 71.0 53.9
YOLOv8-pose 11 4 5 73.3 68.8 71.0 55.5
ResNet-50 14 2 2 87.5 87.5 87.5 78.9
. ResNet-101 12 2 4 85.7 75.0 80.0 774
Texting
ResNet-X-101-32x8d 11 2 5 84.6 68.8 75.9 84.4
YOLOV8-pose 11 2 5 84.6 68.8 75.9 78.8
ResNet-50 13 9 9 59.1 59.1 59.1 42.6
L ResNet-101 13 11 9 54.2 59.1 56.5 35.4
Drinking
ResNet-X-101-32x8d 13 9 9 59.1 59.1 59.1 42.6
YOLOvV8-pose 10 5 12 66.7 455 54.1 39.9
ResNet-50 19 26 29 422 39.6 40.9 26.8
. ResNet-101 19 24 29 44.2 39.6 41.8 27.6
Yawning
ResNet-X-101-32x8d 19 25 29 43.2 39.6 41.3 294
YOLOvV8-pose 16 19 32 457 333 38.6 24.6
ResNet-50 15 10 9 60.0 62.5 61.2 489
. ResNet-101 15 10 60.0 62.5 61.2 47.1
Talking to Passenger
ResNet-X-101-32x8d 14 10 10 58.3 58.3 58.3 44.2
YOLOV8-pose 14 12 10 53.9 58.3 56.0 41.2

From the pipeline of the proposed framework, we can realize that the quality of the pose
estimation model significantly affects the overall recognition performance. Particularly, it is
challenging to accurately extract driver keypoints within the vehicle cabin environment due to
severe occlusions. In this section, we present an ablation study to investigate the impact of
different backbone networks in the pose estimation model on recognition performance in DAR.
For this purpose, three deep-learning networks that are ResNet-101, ResNet-X-101-32x8d and
YOLOvV8-Pose [26] are employed as alternatives to ResNet-50 backbone in the proposed
framework for human pose estimation task. While ResNet-101 and ResNet-X-101-32x8d are
the invariants of ResNet model, YOLOv8-Pose is the extension of the standard YOLOVS to
simultaneously perform person detection and keypoint localization.

In this experimental scenario, STT-loU metric is chosen with a pre-defined threshold of
0.5 for all evaluations when working with different backbone networks. This value is consistent
with the evaluation protocol established in the ResNet-50 baseline experiments. The obtained
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results are summarized in Table 2 using different evaluation metrics, including Precision,
Recall, F1-score@0.5, and AP@0.5. By observing this Table, ResNet-50 achieves the highest
performance among four examined backbone networks for pose estimation task. ResNet-50
attains the best results on five out of the six examined actions in term of F1-score@0.5 and on
three actions according to AP@0.5 metric. On Texting activity, it can reach 87.5% and 78.01%
in terms of F1-score@0.5 and AP@0.5, respectively. Similar to the obtained results in the first
scenario, Yawning is the most difficult to recognize, the best performance on this activity is
41.9% for F1-score@0.5 and 20.4% for mMAP@0.5. Additionally, in comparison with other pose
estimation models, YOLOvV8-pose yields the lowest Recall scores across all six driver actions.
This can be explained that YOLOv8-pose is sensitive to fine-grained hand movements and
strong occlusion in vehicle-cabin, leading significant challenges in driver action recognition
task. When using YOLOv8-pose, Precision and Recall metrics reach their highest values at
84.6% and 68.8%, respectively, on Texting activity. These values are 2.9% and 18.7% lower
than those obtained by ResNet-50 model.

Table 3. Video-AP and mAP results when applying ResNet-50 for pose estimation task. The best
values are in bold and the second best are underlined.

Class ResNet-50 ResNet-101 ResNet-X-101-32x8d ' YOLOv8-pose
Smoking 33.6 324 30.8 33.2
Calling 56.0 54.2 53.9 55.5
Texting 78.9 774 84.4 78.8
Drinking 42.6 354 42.6 39.9
Yawning 26.8 27.6 29.4 24.6
Talking to Pas. 489 47.1 44.2 41.2
Video-mAP 47.8 457 47.6 455

Table 3 presents the obtained results in terms of Video-mAP and AP@0.5 when using four
examined pose estimation models. It is worth noting that Video-mAP is computed across all six
driver actions. As shown in this Table, ResNet-50 can reach the highest value of 47.8%,
meanwhile YOLOV8-pose exhibits the worst performance at 45.5% on Video-mAP metric.
Figure 6 shows an example for key points extraction when applying ResNet-50 and YOLOv8-
pose models. From this Figure, ResNet demonstrates more robust and stable performance
compared to YOLOvV8-pose. ResNet model accurately captures the spatial structure of the main
driver’s upper body and precisely localizes key joints such as the elbows, wrists, and shoulders
during continuous movements (e.g., the action of raising and lowering a cigarette). This more
stable pose estimation, accompanied by higher confidence scores, provides higher-quality input
features, enabling the subsequent attention module to learn driver—environment interactions
more effectively.

Table 4. Performance comparison of Keypoint R-CNN with varying backbones vs. YOLOv8-pose
architecture.

Inference time GPU memory

Models Backbone (ms) (MB) fps

) ResNet-50 90.5 2538 111
Keypoint R-CNN

ResNet-101 119.4 2692 8.4

YOLOvV8-pose ResNeXt-101-32x8d 190.8 2910 53
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Figure 6. An example for keypoints extraction when using a) ResNet-50 as backbone network
of R-CNN model and b) YOLOvV8-pose on an image in UTCDriverAct dataset.

Furthermore, we perform an additional evaluation to investigate the trade-off between
recognition accuracy and computation time as well as memory usage when using different pose
estimation models, shown in Table 4. From an efficiency perspective, YOLOV8-pose
outperforms the ResNet variants, achieving a lower inference time of 14.2 ms, a higher
processing speed of 70.5 fps, and significantly reduced memory usage of approximately 1964
MB. These values provide a recommendation for research community when deploying the
proposed method on a realistic DAR system.

5. CONCLUSIONS AND FUTURE WORKS

In this study, we proposed a comprehensive framework for driver action recognition by
leveraging the bi-modal Holistic Interaction Transformer (HIT) network, named HIT4ADAR.
The main advantage of HITADAR is its ability to exploit both visual and skeleton data for driver
action representation. Accordingly, the proposed framework aims to learn fine-grained
interactions between person, objects, and hands, thereby improving recognition accuracy and
robustness to occlusion in the vehicle cabin context. Some extensive experiments are conducted
on UTCDriverAct dataset to illustrate the effectiveness of HITADAR. Additionally, an ablation
study is performed to investigate the influence of pose estimation model on the overall DAR
performance. For this target, four models including three variants of ResNet and YOLOv8-pose
are used for skeleton extraction step. Experimental results show that the integration of ResNet-
50 into HIT4DAR framework leads to superior performance, achieving the highest Video-mAP
value of 47.8% over all six evaluated actions. Among the six actions of interest, Smoking and
Yawning are evaluated as the most challenging to recognize. The AP@0.5 metric on Smoking
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and Yawning activities are 33.6% and 26.8%, respectively. These values are much smaller than
that on Texting activity (78.9%). This gap is the motivation for us to explore another method to
improve the performance on all the examined activities. Additionally, we aim to extend the
current framework from isolated recognition to continuous recognition, while optimizing the
model architecture to ensure effective and smooth real-time deployment on edge devices within
intelligent transportation systems. Furthermore, it should be noted that the proposed framework
evaluated solely on the UTCDriverAct dataset. Although this is a limitation of our study, it also
highlights the need to evaluate the proposed framework on commonly used datasets in future
work and compare it with existing approaches.
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