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Abstract—The classification of distracted drivers is pivotal
for ensuring safe driving. Previous studies demonstrated the
effectiveness of neural networks in automatically predicting
driver distraction, fatigue, and potential hazards. However, recent
research has uncovered a significant loss of accuracy in these
models when applied to samples acquired under conditions that
differ from the training data. In this paper, we introduce a robust
model designed to withstand changes in camera position within
the vehicle. Our Driver Behavior Monitoring Network (DBMNet)
relies on a lightweight backbone and integrates a disentanglement
module to discard camera view information from features,
coupled with contrastive learning to enhance the encoding of
various driver actions. Experiments conducted using a leave-one-
camera-out protocol on the daytime and nighttime subsets of the
100-Driver dataset validate the effectiveness of our approach.
Cross-dataset and cross-camera experiments conducted on three
benchmark datasets, namely AUCDD-V1, EZZ2021 and SFD,
demonstrate the superior generalization capabilities of the pro-
posed method. Overall DBMNet achieves an improvement of
7% in Top-1 accuracy compared to existing efficient approaches.
Moreover, a quantized version of the DBMNet and all considered
methods has been deployed on a Coral Dev Board board. In
this deployment scenario, DBMNet outperforms alternatives,
achieving the lowest average error while maintaining a compact
model size, low memory footprint, fast inference time, and
minimal power consumption.

Index Terms—Intelligent vehicles, in-vehicle activity monitor-
ing, driver distraction, deep learning, cross camera, feature
disentanglement, generalization.

I. INTRODUCTION

S OF 2019, road traffic accidents are the leading killer

of children and youth aged 5 to 29 years and are the
12th leading cause of death when all ages are considered [1].
Traffic accidents pose a growing problem and are projected
to rank as the seventh leading cause of global mortality by
2030 [2]. According to statistics from the European Road
Safety Observatory (ERSO), 5 to 25% of traffic accidents in
Europe stem from driver distraction [3]. The ERSO defines
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distracted driving as “the diversion of attention away from
activities critical for safe driving toward a competing activity,
which may result in insufficient or no attention to activities
critical for safe driving”. Commonly observed distractions
include smartphone usage, eating, or conversing with passen-
gers, all of which heighten the risk of accidents and should
be rigorously avoided. Detecting these distracting behaviors
through automatic in-vehicle computational systems enables
early intervention to avoid distraction-related accidents. In
this context, automatic Driver Monitoring Systems (DMS)
have emerged as a novel Advanced Driver Assistance System
(ADAS) technology to mitigate car accidents [4]. Recent
legislative developments in the European Union further under-
line the relevance of this research direction. Specifically,
Regulation (EU) 2019/2144 and the more recent Commission
Delegated Regulation (EU) 2023/2590 mandate the adoption
of driver drowsiness and distraction monitoring systems in
all new vehicles starting from July 2024 and July 2026,
respectively [5], [6].

DMSs often rely on models trained using data collected
in controlled lab conditions, simulators, or specific vehicle
setups with fixed camera placements [7], [8], [9], [10]. How-
ever, these models frequently fail when applied to real-world
scenarios where vehicle interiors, driver postures, and camera
angles differ significantly from the training data. This lack of
robustness leads to poor performance when the same model is
deployed across different car models or camera configurations
[11]. In practical deployments, especially on non-production
embedded platforms, DMSs must maintain reliable accuracy
despite these variations—without increasing computational
complexity, due to the strict resource constraints of in-vehicle
hardware.

This paper addresses the challenge of cross-camera dis-
tracted driver classification by introducing the Driver Behavior
Monitoring Network (DBMNet). This model is based on the
use of a lightweight Convolutional Neural Network (CNN) for
encoding RGB images to facilitate its deployment on commer-
cial off-the-shelf devices. To make the model robust across
different camera views, we propose a feature disentanglement
module. This module separates action-relevant features from
view-relevant features, allowing the proposed model to learn
high quality features that are invariant to camera and view
variations. To achieve this, the module is designed as a hyper-
network to compute a weighted combination of the view
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queries and the feature vector determined by the backbone.
The weights are calculated on the basis of the similarity
between the test sample and the training views. Moreover, we
employ a supervised contrastive learning approach with triplet
loss to enhance the learning of disentangled features. While
cross-entropy loss theoretically allows the model to discern
similarities within categories and differences between them, it
does not explicitly guarantee this outcome. In contrast, triplet
loss explicitly compels the model to identify similar features
for samples within the same category and distinguish features
for samples from different categories. In our model, one triplet
loss brings representations of different actions captured by
the same camera closer together while separating them from
identical actions captured by the same camera. This improves
the model’s ability to discriminate between different views and
enhances the effectiveness of the disentanglement module. A
second triplet loss brings representations of identical actions
captured by different cameras closer together while separating
different actions captured by the same camera. This aids in
the categorization of driver actions.

The proposed work is unique because no previous approach
has explicitly addressed modeling invariance in experimental
configurations. We adopt a leave-one-camera-out approach,
which mirrors the realistic scenario where abundant data from
various cameras is available for training, and experimentation
occurs under diverse conditions. We demonstrate that our
novel network and learning procedure alleviates the degrada-
tion in cross-camera distracted driver classification on the very
recent 100-Driver dataset [8]. Experiments on the AUCDD-V1
[71, EZZ2021 [12], and SFD [13] datasets demonstrate the
superior cross-dataset and cross-camera performance of our
approach, highlighting its generalization capability. To the best
of our knowledge, this is the first work to explicitly address
cross-camera generalization in distracted driver classification
through a leave-one-camera-out protocol on the 100-Driver
dataset—a setup that closely mirrors real-world deployment
scenarios and remains largely unexplored in prior research.
Our main contributions can be summarized as follows:

e A novel disentanglement module that makes features
invariant to camera views, thereby enhancing driver action
classification.

e Two triplet losses to explicitly aid in learning disentangled
representations.

e A model that maintains low computational complexity
while outperforming more advanced methods on four
benchmark datasets.

e Feature analysis and ablation studies provide valuable
insights on feature disentanglement and the impact of
different design choices.

e An evaluation of quantized models on a Coral Dev
Board, demonstrating suitability for on-edge deployment
in embedded automotive systems.

The code for this work is opened on GitHub.'

Thttps://github.com/CeLuigi/DBMNet
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II. RELATED WORKS

Large-scale image recognition networks have proven effec-
tive in recognizing distracted driving. Abouelnaga et al.
[14] employed a genetic-weighted ensemble of four CNNs,
focusing on facial and hand features. Baheti et al. [15]
optimized VGG16, reducing parameters and introducing L,
regularization. Koay et al. [16] favored CNNs over Vision
Transformers and proposed the OWIPA approach with pose
estimation. Shaout et al. [17] used SqueezeNet for real-time
distraction detection. However, in all these works cross-dataset
performance was overlooked.

Specially designed models like MobileVGG with 2.2M
parameters [18] advanced real-time detection. Nguyen et al.
[19] developed a lightweight CNN with adaptive feature map
extraction. Li et al. [20] proposed OLCMNet, an accurate
lightweight network with an Octave-Like Convolution Mixed
(OLCM) block. Liu et al. [21] used knowledge distillation
and NAS, achieving high accuracy with 0.42M parameters.
Mittal and Verma [22] introduced CAT-CapsNet with impres-
sive accuracies. Despite the reported improvements, fewer
parameters may limit learning capabilities, especially in cross-
dataset scenarios.

To mitigate the detrimental effects of background noise on
recognition accuracy, Leekha et al. [23] proposed the use of
an iterative graph-based foreground segmentation algorithm
to separate the driver from the background, while Xing et al.
[24] employed Gaussian Mixture Models (GMM) for body
extraction. Qin et al. [25] introduced D-HCNN with 0.76M
parameters, focusing on HOG features. Dey et al. [26] used
object detection for multiple ROIs, enhancing generalization.
Behera et al. [27] proposed a contextual modeling approach
that integrates posture and semantic context. They validated
their approach using a self-annotated SFD test set and pro-
vided the first cross-validation results for the SFD dataset.
Wang et al. [28] applied Fast-RCNN for DOA extraction.
Keypoint-based approaches, like Li et al. [29] and Bera et al.
[30], emphasized topological information. While effective,
these methods demand extensive pre-processing, impacting
real-time performance. Duan et al. [31] proposed S-Softmax
classifier and a dynamic 2D supervision matrix for improving
cross-dataset performance.

Researchers simplified training strategies for enhanced gen-
eralization. Masood et al. [32] used pretrained-weight VGG
architectures for reduced training time. Li et al. [33] introduced
Multi-Teacher Knowledge Distillation for lightweight models.
Peng et al. [34] employed Few-Shot Learning for feature
calibration. Recently, several approaches have leveraged self-
attention mechanisms in Vision Transformers (ViTs) to address
driver monitoring tasks [35], [36]. Mohammed et al. [35] pro-
posed a semi-supervised lightweight hybrid ViT for accurate
and efficient detection of driver distraction behaviors. DGCCL
[36] utilized CLIP’s image encoder for feature extraction
to leverage its strong generalization capabilities. To address
domain shift, it introduced center loss, and further improved
cross-domain performance by integrating AAMP into the
classification loss. Finally, unsupervised methods like Li et al.
[37], focused on improved training strategies.
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In order to learn more general feature representations that
can later be used for classification or clustering, researchers
have investigated contrastive learning exploiting contrastive
and triplet loss. A first group of contrastive loss-based papers
uses supervised contrastive loss to align representations of
the same class (i.e., action) and separate those of different
classes. For example, Kopuklu et al. [38] proposed a con-
trastive learning approach to learn a metric to differentiate
normal driving from anomalous driving and introduced a
new Driver Anomaly Detection (DAD) dataset with front
and top drivers views in both infrared and depth modalities.
Koay et al. [39] proposed a deep contrastive learning approach
exploiting multi-view and multi-modal data of DAD dataset
to identify normal and anomalous driving in an open set
manner, fusing together the results of different views and
modalities.

More often, instead, they rely on self-supervised contrastive
learning to learn generalizable embeddings without explicit
labels for every behavior and typically use temporal or mul-
timodal consistency, or augmentations, to form positive and
negative pairs. Yang et al. [40] proposed a weakly supervised
contrastive learning framework, in which distracted behaviors
are identified based on their distances from the normal driving
representation set. Hu et al. [9] extended the previous approach
by proposing a novel clustering supervised contrastive loss
to optimize the distribution of the extracted representation
vectors, so that normal representations are better clustered
while abnormal ones are separated. Khan et al. [41] presented
a new supervised contrastive loss function along with consid-
erations for including projection head and refining labels to
improve the detection of anomalous driving behaviors from
videos.

Triplet loss-based papers instead construct triplets (anchor,
positive, negative) to ensure that feature embeddings of sim-
ilar driver actions (i.e., same class) are closer and those of
different actions are farther apart. Okon and Meng [42] used
the triplet loss with an offline selection of hard triplets to
finetune a neural network pre-trained with classification loss.
Liu et al. [43] used the triplet loss in a multi-task learning
strategy to force the networks to explore global information
by multiple tasks. The negative sample in each triplet is gen-
erated by randomly shuffling the local regions of each given
input.

Compared to previous research, this paper tackles the issue
of distracted drivers by enhancing model robustness without
increasing computational demands. In particular, a feature
disentanglement module is introduced which is guided by two
triplet losses: the first one, applied in a hyper-network fashion,
encourages the removal of camera view information from the
learned features; the second one enforces that similar driver
actions have closer feature embeddings, while the representa-
tions of different actions are further apart. Moreover, this is
the first work to conduct comprehensive experiments using the
leave-one-camera-out strategy, accurately reflecting real-world
scenarios where the recognition model is trained under certain
conditions and tested under different ones. This rigorous setup
ensures that our findings are both practical and applicable to
real-world conditions.
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III. THE PROPOSED DRIVER BEHAVIOR
MONITORING NETWORK

A. Motivation

Image analysis-based DMSs must operate reliably in diverse
real-world conditions, where camera placement and interior
configuration vary significantly across vehicles [8], [34]. This
cross-camera variability introduces a critical challenge: con-
ventional supervised deep learning methods trained on a fixed
viewpoint, often employing cross-entropy loss, struggle to
learn robust representations capable of generalizing across
different views and, therefore, their performance degrade when
they are applied to unseen views. Most existing methods
overlook this issue, focusing instead on maximizing accuracy
within a fixed viewpoint—an unrealistic assumption for actual
deployment. Moreover, DMSs must run efficiently on embed-
ded hardware, where computational and memory resources are
limited. Prior approaches typically either focus on model com-
plexity reduction or on classification accuracy improvement,
but rarely address both cross-camera robustness and resource
efficiency.

In this work, we address both challenges jointly. We propose
a learning strategy that explicitly disentangles driver action
features from viewpoint-dependent cues, enabling the model
to generalize across camera perspectives while maintaining a
lightweight structure suitable for real-time applications. We
introduce the feature disentanglement module, which is based
on two complementary triplet losses to guide the network
to learn robust, semantically meaningful representations. The
feature disentanglement module uses the first triplet loss to
train an action-independent view classifier and exploits it as a
hyper-network to remove of camera view information from
learned features. The second triplet loss is used to further
reinforce viewpoint consistency across actions.

Our goal is not only to improve classification accuracy,
but to ensure transferability and reliability in real deployment
scenarios.

B. Overview

Given the factors mentioned above, we present the Driver
Behavior Monitoring Network (DBMNet), illustrated in Fig-
ure 1. This method encodes an RGB image by leveraging the
lightweight CNN architecture detailed in [8] as its backbone.
The proposed feature disentanglement module aims to pri-
oritize action encoding over camera-view information. This
is achieved by linearly combining view queries with features
estimated by the backbone. The resulting disentangled features
are then forwarded to a linear layer for action classification.
The model outputs two probability distributions: one for the
driver’s action categories and another for the viewpoint. The
viewpoint distribution acts as a hyper-network for the feature
disentanglement module. The model is optimized through
cross-entropy losses combined with triplet losses to assist in
the learning of view-invariant action features.

C. The Proposed Model

1) Backbone: Our model consists of a GhostNet-v1.0 [44]
as the backbone. Given an input image X € RE*HXW  the
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Fig. 1. The DBMNet pipeline. At inference time (a), the backbone encodes an RGB image into a feature vector f. The feature disentanglement module then
refines these features to discard view-related information while retaining action-related details using view queries, Q, together with the probability distribution
over the views. The resulting features f are mapped into a driver action by the action classifier. During training (b), alongside the cross-entropy loss for
action and view prediction (respectively, Loce and Lyc.), we employ the triplet loss (L, and L,.). This triplet loss helps to learn distinct action and view
representations by processing three input images: an anchor image a, an image sv depicting the same view but different action as a, and an image sa with

the same action but from a different view as a.

backbone f, outputs a feature vector f = f,(X) € RIXP as
output, where D is the number of features.

2) Feature Disentanglement: The output of the backbone
is passed to the feature disentanglement module. This module
consists of V learnable view queries Q € RP*Y, where V
represents the number of views for the training samples.
Through our learning process, we determine, for each view,
which features are most relevant for characterizing the driver
actions. The disentangled feature vector is obtained as a
weighted combination of the view queries with the feature
vector f, determined by the backbone. The weighting, denoted
as w, is computed based on which view or views the test
sample most closely resembles. In practice, estimating the
disentangled features is carried out as follows:

f=wxt, (1

with w=p,-Q, 2)

where f is the disentangled feature vector used for action
classification, p, is the probability distribution over V views
estimated by the view classifier, which therefore acts as a
hyper-network [45], [46]. The inner structure of this module
might resemble memory banks, which are typically a learn-
able, or fixed, set for feature vectors or embeddings that the

network can query and update: the idea of memory banks
is to provide a module that can store feature representations
so the model can retrieve and reuse them. Our feature disen-
tanglement module instead learns a set of view queries that
are independently multiplied for the feature vector coming
from the backbone and linearly combined using as weights
the probability distribution over the views that is estimated by
the view classifier. As such, it also shares some similarities
with the attention mechanism [47].

3) Classifiers: The model consists of two classifiers,
namely the Action classifier for categorizing the action per-
formed by the driver and the View classifier for the estimation
of the camera viewpoint. The Action classifier takes as input
the disentangled feature vector f and outputs the probability
distribution over the A action classes, p, € RI*A ag follows:

p. = (W) + by, (3)

where p, denotes the probability distribution over the A driver
action classes, W, € R?*4 and b, € R'*4 are the weights and
bias of the fully-connected head for action classification.
Instead, the View classifier processes the feature vec-
tor f produced directly from the backbone to produce the
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probability distribution, p,, on the V views as follows:
p, = (W) +b,. “4)

In the previous equations, W, € RP*V and b, € RV are
the weights and bias of the fully-connected layer for view
classification.

D. Training Procedure

1) Training Data Input: During training, our model pro-
cesses batches of image triplets with an approach similar to
that of Siddiqui et al. [48]. Each triplet comprises an anchor
image, denoted as a, which portrays a driver’s action from
a specific viewpoint. Another image in the triplet, referred
to as sv (same view), displays a different action captured
from the identical viewpoint as a. Finally, we include an
image of the same action as a, but captured from a distinct
viewpoint, denoted as sa (same action). We construct these
triplets to provide both positive and negative samples for
our supervised contrastive learning, which will be presented
in the following section. By supplying both positive and
negative samples, the model can develop a comprehensive
understanding of the discriminative characteristics within each
action or viewpoint category through sample comparisons.
This methodology diverges from the learning-by-classification
approach, wherein the loss function solely penalizes classifica-
tion errors without explicitly promoting intraclass compactness
and interclass separation [49].

2) Loss Function: Our DBMNet is trained through a com-
posite loss function that is defined as follows:

‘C = Lace + ['vce + /lacﬁac + /lVC‘CVC‘ (5)

In the previous loss, there are two cross-entropy losses mainly
dedicated to the optimization of linear layers for view (Lyce)
and action (L,.) categorization. Cross-entropy losses are only
applied to the anchor image in this way:

Vv
Lyce == Zyim) 1Og(p(vm)), (6)
m=1
A
Lae ==Y 3" log(pi™). (7)
m=1

with A and V being the number of actions and the number of
views, respectively. pf,'") is the probability of the m-th category
with ground-truth y{™ for the action of the anchor sample,
while pf,m) is the probability of the m-th category with ground-
truth yf,m ) for the anchor sample viewpoint.

The previous two cross-entropy losses are complemented by
two opposing triplet losses, whose contributions are controlled
by the hyperparameters A,. and A,.. Both losses rely on the
triplet structure previously introduced. The difference lies in
the role assumed by sv and sa in each loss.

In the action triplet loss (Eq. 8) the objective is to learn
features for action encoding that are invariant regardless of the
viewpoint. Hence, sa serves as the positive sample, whereas
sv serves as the negative sample. This choice has the purpose
of bringing closer the representations of sa and a, which have
the same action. Conversely, the model maximizes the distance
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between a and sv, which represent different actions from the
same viewpoint:

N
»Cac = 2[6 + D(f.m f.sa) - D(fm i\.sv)]’ (8)

n=1

where fa, f'm, and fw denote the disentangled feature outputs
from the a, sa, and sv images, respectively. D(:,-) is the
pairwise Euclidean distance function, and ¢ is the margin
parameter enforcing separation between positive and negative
pairs. It is expected that the learned disentangled features
exhibit view-invariance, as they are encouraged to be as similar
as possible when derived from two different images depicting
the same action regardless of the viewpoint from which they
were acquired.

For the view triplet loss, the positive and negative samples
are reversed:

N
Ly =Y 16+ D(fs£y) = D(fa £i0)], ©)
n=1
where f,, f;,, and f,, are the backbone feature vectors for the
anchor, same-view, and same-action samples, respectively.

In this way, the feature disentanglement module, particu-
larly the view queries, learns to generate similar features for
images acquired from the same viewpoint, regardless of the
action being performed. Since our primary goal is to enhance
multi-view driver action recognition, training our model to
distinguish action-relevant features from view-relevant features
in this manner provides cleaner and more accurate action
representations that are robust to changes in the camera
viewpoint.

IV. EXPERIMENTS

In this section, we present the datasets used in the experi-
ments, describe the experimental setup, and discuss the results
of our extensive experimentation.

A. Dataset

We conduct extensive experiments on 100-Driver [8]. The
100-Driver dataset comprises 470,000 images illustrating 100
drivers engaged in 22 distinct actions during driving sessions.
These actions include 21 distracted behaviors and one instance
of normal driving (see Table I for the list of all actions).

The driving sessions were recorded in both daytime and
nighttime in five different vehicles, comprising two sedans, two
SUVs, and one van. Within each vehicle, four cameras were
strategically placed - on the left front, right front, and right side
of the drivers. This arrangement served dual purposes. Firstly,
having a dataset with multiple cameras aids in developing
more robust models that can account for variations in camera
perspectives, thus evaluating the models’ generalization across
different cameras. Secondly, the multi-camera dataset offers
an opportunity to enhance system performance by considering
the content captured from multiple camera angles. Including
nighttime recordings is also essential, as distraction-related
behaviors—such as eye closure and yawning—are more fre-
quent and harder to detect under low-light conditions. These
recordings allow us to assess model robustness across varying
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TABLE I
THE LIST OF DRIVER ACTIONS IN THE 100-DRIVER DATASET [8]
No.  Action | No.  Action | No.  Action | No.  Action
0 Normal driving 6 Texting (right) 12 Smoking (left) 18 Operating GPS
1 Sleeping 7 Hair / makeup 13 Smoking (right) 19 Reaching behind
2 Yawning 8 Looking left 14 Smoking (mouth) 20 Hands off the steering wheel
3 Talk with cellphone (left) 9 Looking right 15 Drinking / Eating (left) 21 Talking to passenger
4 Talk with cellphone (right) | 10 Looking up 16 Drinking / Eating (right)
5 Texting (left) 11 Looking down 17 Adjusting radio

N2

Fig. 2. Sample images showcasing a driver engaged in both safe and distracted driving behavior, taken from the 100-Driver dataset [8]. The images are
captured with four cameras installed in the same vehicle in both daytime (D1, D2, D3 and D4) and nighttime (N1, N2, N3 and N4) contexts.

lighting environments. Figure 2 reports samples from the four
cameras in both day and night times.

We also perform cross-dataset evaluation on the AUCDD-
V1 [7], EZZ2021 [12] and SFD [13] datasets. Image for these
datasets are annotated based on 10 different driver actions:
Safe/Normal driving, Texting (right), Talking with cellphone
(right), Texting (left), Talking with cellphone (left), Adjusting
radio, Drinking, Reaching behind, Hair and makeup, Talking
to passenger. AUCDD-V1 consists of 12,978 training images
and 4,331 test images. We evaluate model performance only
on the test images. In the EZZ2021 dataset, 9 drivers are
depicted performing the previous actions. Since a data split is
not provided, all images are used for testing. The SFD dataset,
used in a Kaggle competition, comprises 22,424 training
images and 79,726 test images. The training images are labeled
with 10 class labels, while the test images are not labeled.
Therefore, only the training set is used for evaluation.

B. Experimental Setup

1) Evaluation: We run experiments in a cross-camera setup
which is implemented by applying the leave-one-camera-out
protocol on the 100-Driver dataset. Given that the cameras
were placed at 4 different points, for each round 3 cameras
are used for training and the other one for evaluation. Our
train-val-test splits are obtained by aggregating the splits
defined in [8] according to our protocol. We measure method
performance in terms of Top-1 and Top-5 accuracy.

2) Backbones: We select three efficient backbone
models—GhostNet-v1.0 [44], MobileNetV3-S [50], and
SqueezeNet-v1l.1 [51]-to evaluate the impact of varying

parameter counts on our method. These models are widely
recognized as lightweight and computationally efficient,
making them well-suited for on-edge deployment in
embedded automotive systems [18], [52].

3) Implementation Details: Our experiments are performed
on a computer featuring an Intel i17-§700 CPU @3.20GHz and
an NVIDIA GeForce GTX 1070 Ti. The operating system is
Ubuntu 22.04, and the framework is PyTorch 2.0.1. We utilize
the SGD optimizer with a momentum of 0.9 and a weight
decay equal to 5 x 107*. The batch size is set to 64. The
GhostNet-v1.0 backbone is pretrained on ImageNet. The view
queries are randomly initialized by sampling from a normal
distribution with mean equal to 0 and variance 1. The two
hyperparameters in Eq. 5, d,c and Ay, are both empirically
set to 1.

The learning rate is initialized to 0.01 and reduced by a
factor of 10 at 10 and 30 epochs. The inputs are first resized
to 224 x 224 pixels. We then use random rotation in the range
[-30°, 30°], random perspective, random color transformations
in terms of contrast, saturation and hue, Gaussian blur, and
random erasing [53] for data augmentation. Training is per-
formed for a total of 50 epochs. The best-performing epoch
on the validation set in terms of Top-1 accuracy is then chosen
for evaluation on the test data. The margin ¢ of triplet losses is
empirically set to 1. Performance metrics are Top-1 and Top-5
accuracy.

C. Results

1) Ablation Study: In this section, we present the results
highlighting the contribution of the key components of the



CELONA et al.: CROSS-CAMERA DISTRACTED DRIVER CLASSIFICATION

TABLE I

COMPARISON OF THE THREE MODELS EXPLOITED AS BACKBONE OF THE
PROPOSED METHOD IN TERMS OF NUMBER OF PARAMETERS AND
COMPUTATIONAL COMPLEXITY

Model Params  GFLOPS
GhostNet-v1.0 [44] 3.9M 0.16
MobileNetV3-S [50] 2.5M 0.06
SqueezeNet-v1.1 [51] 1.2M 0.35

proposed model. Specifically, we compare three different
efficient backbones, assess the contribution of contrastive
learning, evaluate the effect of hyperparameter optimization
for balancing the two triplet losses, examine the influence of
the disentanglement module, and finally, analyze the effect of
integrating all component together.

a) Model Backbone: Table II reports the comparison of
the three model architectures in terms of number of parameters
and number of floating point operations per second (FLOPS).
The GhostNet-v1.0 model has 3.9 million parameters and 0.16
GFLOPS, which indicates a moderate computational complex-
ity with a relatively higher number of parameters compared
to the other models. On the other hand, the MobileNetV3-S
model, demonstrates a significantly lower number of param-
eters at 2.5 million and the lowest computational complexity
with 0.06 GFLOPS. Finally, the SqueezeNet-v1.1 model fea-
tures the smallest number of parameters at 1.2 million but has
the highest computational complexity among the three, with
0.35 GFLOPS.

The results reported in Table III reveal notable performance
differences among the considered backbones in the leave-one-
camera-out experiments. GhostNet consistently outperforms
the others across most daytime and nighttime scenarios,
achieving, for example, a Top-1 accuracy of 62.51% and Top-5
accuracy of 93.75% on D2. This strong performance suggests
that GhostNet is particularly effective in handling variations
across different camera configurations compared to the other
architectures. This aligns with its design goals—GhostNet
was specifically developed to overcome the limitations of
earlier architectures, such as MobileNet and SqueezeNet,
by increasing feature diversity through the Ghost module
while maintaining computational costs low. MobileNetV3
also performs well-particularly under nighttime conditions,
with Top-1 accuracy of 33.18% for N1 and 47.75% for
N2-indicating its robustness in lower light conditions. How-
ever, its overall performance remains slightly lower than
GhostNet’s across most evaluations maybe due to its aggres-
sive optimization for efficiency. SqueezeNet, although highly
compact, struggles significantly in challenging scenarios such
as D4 and N4 (Top-1 accuracy of 7.91% and 4.22%, respec-
tively), likely due to its limited feature diversity resulting from
aggressive parameter reduction.

b) Contrastive learning contribution: This version of
DBMNet consists of the Backbone, and the two classifiers,
namely the View and Action classifiers. The model is opti-
mized by combining cross-entropy losses and triplet losses
for each task. The results for this version are reported in the
first row of Table IV. As it is possible to see, the lack of the
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Fig. 3. Accuracy for the model trained on D1, D2, and D3 and tested on D4,
as a function of the hyperparameters A, and Ay defined in the Eq. 5. The
red cross indicates the optimal configuration that yields the highest accuracy.

feature disentanglement module compared to the full solution
(the results of which are shown in the last row of the table)
negatively impacts the results. On average, there is a loss of
5.42% and 4.05% on Top-1 and Top-5 accuracy, respectively.
The highest gap corresponding to 13.54% of Top-1 accuracy
is registered for Camera 3.

c) Triplet loss hyperparameter tuning: The balance
between the two triplet losses—L,. and L.—plays a critical
role for optimizing model performance. In this experiment,
we assess Top-1 accuracy as a function of the weighting
parameters d,. and A,. as defined in Eq. 5, by training on
D1, D2, and D3 and testing on D4. As shown in Figure 3, the
highest accuracy of 11.29% is achieved when both losses are
equally weighted with 1, = A, = 1. We can also observe that
performance slightly degrades when the weights of the two
losses are similar but lower than one. In contrast, performance
significantly degrades when the balance between the two losses
is skewed, with the lowest accuracy of 5.68% observed at
Aae = 1 and 4, = 0.5.

d) Feature disentanglement module contribution: In this
experiment, the architecture of DBMNet remains unchanged.
The difference with the complete version lies solely in the
choice of loss function utilized for model optimization. Specif-
ically, we incorporate only the two cross-entropy losses. The
outcomes for this variant are depicted in the second row of
Table IV. We emphasize that also the performance of this
solution is inferior to that of the full version of DBMNet.
Notably, there is a 6.94% drop in Top-1 and 8.79% drop in
Top-5. More significantly, these results are even lower than
those achieved with Contrastive learning alone. Consequently,
it is evident that while the Feature Disentanglement module
offers benefits to DBMNet, the use of Contrastive learning
yields even greater advantages.

e) Full solution analysis: DBMNet capitalizes on the
advantages offered by both the Feature disentanglement mod-
ule and Contrastive learning, as outlined in the previous
sections. Our focus is on another important aspect of our
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TABLE III

COMPARISON OF THE CONSIDERED BACKBONES IN TERMS OF TOP-1 AND TOP-5 (%) ACCURACY FOR OUR LEAVE-ONE-CAMERA-OUT EXPERIMENTS.
D AND N INDICATE ACQUISITIONS DURING THE DAYTIME AND NIGHTTIME, RESPECTIVELY. THE NUMBER FOLLOWING THE D OR N INDICATES
THE CAMERA ID. THE NAMES ON THE LEFT SIDE OF THE ARROW REFER TO THE TRAINING CAMERAS, WHILE THE NAME ON THE RIGHT
SIDE OF THE ARROW REFERS TO THE EVALUATED CAMERA

D{234} — DI D{134} — D2 D{124} - D3 D{123} — D4 | N{234} — NI N{134} - N2 N{124} = N3 N{1.23} — N4

Top-1 ~ Top-5 | Top-1 ~ Top-5 | Top-1 ~ Top-5 | Top-1 ~ Top-5 | Top-1 Top-5 | Top-1  Top-5 | Top-1  Top-5 | Top-1  Top-5

GhostNet 32.37 72.55 62.51 93.75 50.99 82.56 11.29 39.31 31.95 69.09 49.19 83.79 19.39 55.85 8.63 29.69

MobileNetV3 18.72 63.19 53.48 85.45 37.23 7222 9.10 38.60 33.18 70.21 47.75 81.78 18.37 49.68 5.30 24.25

SqueezeNet 15.72 47.01 35.62 82.39 39.11 72.90 791 32.54 33.02 69.38 45.99 78.42 15.84 46.27 422 21.06
TABLE IV

ABLATION EXPERIMENTS ABOUT FEATURE DISENTANGLEMENT AND CONTRASTIVE LEARNING, USING TOP-1 AND TOP-5 (%) ACCURACY FOR
LEAVE-ONE-CAMERA-OUT EXPERIMENTS. THE RESULTS IN THE FIRST ROW OF THIS TABLE MATCH THOSE REPORTED FOR GHOSTNET [8]
IN TABLE VI THIS IS BECAUSE GHOSTNET [8] WAS TRAINED USING ONLY CROSS-ENTROPY LOSS, WITHOUT THE INCLUSION
OF FEATURE DISENTANGLEMENT OR CONTRASTIVE LEARNING

Feat. Contr. | {D2,D3,D4} — DI {D1,D3,D4} — D2 | {D1,D2,D4} — D3 | {D1,D2,D3} — D4
disent.  learn. | Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5
21.54 64.96 57.89 85.46 33.79 66.12 8.85 32.35
v 28.99 70.00 61.05 91.58 37.45 76.32 7.99 34.06
v 28.22 66.15 58.13 87.47 34.27 65.87 8.80 33.51
v v 32.37 72.55 62.51 93.75 50.99 82.56 11.29 39.31
TABLE V exclusively through cross-entropy loss optimization for driver

COMPARISON OF THE PROPOSED DBMNET WITH LITERATURE METHODS
IN TERMS OF NUMBER OF PARAMETERS AND
COMPUTATIONAL COMPLEXITY

Params  GFLOPS
DGCCL [36] 85.8M 17.58
Duan et al. [31] 4.3M 0.16
GhostNet [8] 3.9M 0.16
Hu et al. [9] 11.2M 1.83
MambaVision [54] 31.8M 4.40
MobileViT [55] 5.6M 0.70
OLCMNet [20] 2.8M 0.68
Si-CA MobileNet [56] 3.2M 0.17
SwinT [57] 28.3M 4.49
DBMNet (ours) 4.0M 0.16

method in this section. Given that DBMNet performs feature
disentanglement by highlighting the features for the driver’s
actions based on the view that is most similar to the test view, it
is imperative to ensure the effectiveness of view classification.
We register an average performance for the four rounds of
leave-one-camera-out equal to 98.54% on the validation set of
Driver-100. This means that the view classification is accurate
and should be able to correctly guide the choice of the view
queries.

2) Comparison With Other Methods: In this section, we
compare the results achieved by our DBMNet with those of
seven recent methods, namely DGCCL [36], Duan et al. [31],
GhostNet [8], Hu et al. [9], MambaVision [54], MobileViT
[55], OLCMNet [20], Si-CA MobileNet [56], and SwinT [57].
DGCCL is based on a ViT-B/16 architecture and is optimized
using a composite loss function that combines center loss and
ArcFace loss to enhance domain generalization. It is worth
noting that Duan et al. trained a GhostNet-v1.0 by exploit-
ing their proposed S-Softmax classifier for improving model
robustness. GhostNet is the same architecture used in our
method as the backbone, and unlike our method, it is trained

action classification. Hu et al. [9] trained a ResNet-18 using
a compound loss, which includes the proposed Clustering
Supervised Contrastive Loss (C-SCL) for improving action
representations, along with the cross-entropy loss used for
the classification head. MambaVision is a hybrid Mamba-
Transformer backbone optimized for efficient visual feature
modeling with self-attention for global context, and we adopt
its Tiny version for our experiments. MobileViT combines
the efficiency of lightweight convolutional neural networks
with the representational power of Transformers by embedding
ViT blocks into a mobile-friendly CNN backbone, enabling
strong global context modeling with low computational cost.
OLCMNet is a lightweight network with an OLCM block
to improve model effectiveness. Finally, Si-CA MobileNet
is a lightweight CNN for distracted driver detection that
integrates a parameter-free attention mechanism into Si-Blocks
and Coordinate Attention into CA-Blocks to enhance feature
extraction while maintaining efficiency. SwinT, the tiny variant
of the Swin Transformer, employs shifted window-based self-
attention to capture hierarchical visual representations with
reduced complexity, achieving an effective balance between
performance and computational efficiency.

Tables V and VI present a comparison between the proposed
DBMNet and state-of-the-art methods in terms of model
complexity and performance. Table V highlights that DBMNet
achieves a favorable balance between accuracy and efficiency,
with only 4.0M parameters and 0.16 GFLOPS—comparable to
lightweight models like GhostNet (3.9M, 0.16 GFLOPS) and
Si-CA MobileNet (3.2M, 0.17 GFLOPS), while being signif-
icantly more efficient than Hu et al. (11.2M, 1.83 GFLOPS),
MambaVision (31.8M, 4.40 GFLOPS), MobileViT (5.6M,
0.70 GFLOPs), SwinT (28.3M, 4.49 GFLOPs), and especially
DGCCL (85.8M, 17.58 GFLOPS).

Overall, DBMNet delivers strong accuracy with minimal
computational overhead, offering a practical and effective



CELONA et al.: CROSS-CAMERA DISTRACTED DRIVER CLASSIFICATION

5157

TABLE VI

TopP-1 AND TOP-5 (%) ACCURACY FOR OUR LEAVE-ONE-CAMERA-OUT EXPERIMENTS. D INDICATES ACQUISITIONS DURING THE DAYTIME. THE
NUMBER FOLLOWING THE D INDICATES THE CAMERA ID. THE NAMES ON THE LEFT SIDE OF THE ARROW REFER TO THE TRAINING CAMERAS,
WHILE THE NAME ON THE RIGHT SIDE OF THE ARROW REFERS TO THE EVALUATED CAMERA. IN EACH COLUMN, THE BEST AND SECOND
BEST RESULTS ARE MARKED IN BOLDFACE AND UNDERLINED, RESPECTIVELY

D{234} - DI D{134} »D2 D{124} —» D3 D{123} — D4 | N{234} » NI N{134} - N2 N{I1.24} - N3 N{1.23} — N4

Top-1 ~ Top-5 | Top-1 ~ Top-5 | Top-1 ~ Top-5 | Top-1 ~ Top-5 | Top-1 ~ Top-5 | Top-1 ~ Top-5 | Top-1 ~ Top-5 | Top-1  Top-5
DGCCL [36] 33.36 65.33 68.95 84.06 51.48 67.37 10.78 34.63 17.09 37.08 48.87 68.35 17.09 37.08 4.89 28.47
Duan et al. [31] 8.86 40.92 14.40 47.39 12.61 42.46 7.25 30.17 13.78 43.53 11.62 43.09 5.85 25.83 4.82 27.80
GhostNet [8] 21.54 64.96 57.89 85.46 33.79 66.12 8.85 3235 26.43 61.16 47.12 80.90 17.37 48.24 4.89 23.97
Hu et al. [9] 27.39 70.20 59.70 89.48 43.67 76.69 545 29.17 29.67 62.03 47.50 80.27 17.26 45.83 4.02 25.81
MambaVision [54] 37.80 78.05 62.13 92.64 49.98 81.19 10.81 34.75 43.51 75.07 49.17 77.71 19.46 61.30 7.60 28.93
MobileViT [55] 35.69 71.20 57.33 92.70 46.82 79.01 9.58 32.48 35.47 72.65 44.93 74.08 18.60 52.97 7.36 28.87
OLCMNet [20] 20.51 68.97 55.71 81.35 34.03 68.91 8.48 30.17 25.50 63.51 40.64 76.81 12.77 3091 5.54 23.93
Si-CA MobileNet [56] 12.62 4243 20.23 60.53 12.79 38.51 5.35 26.78 13.63 42.08 17.99 45.26 7.24 27.69 5.04 27.53
SwinT [57] 42.02 84.52 72.63 95.68 49.69 81.85 24.07 48.02 50.73 85.53 52.90 88.20 24.36 68.26 10.32 37.68
DBMNet (ours) 32.37 72.55 62.51 93.75 50.99 82.56 11.29 39.31 31.95 69.09 49.19 83.79 19.39 55.85 8.63 29.69

N2

N1

N3 N4

Fig. 4. Confusion matrix for each cross-camera configuration (best viewed zoom in).

solution for cross-view driver state recognition, and proving
more balanced than both highly efficient yet less accurate
models (like Si-CA MobileNet) and accuracy-oriented but
computationally heavy ones (like MambaVision, SwinT, and
DGCCL).

Figure 4 shows the confusion matrices for each cross-
camera configuration. For the daytime subset we can the
following observations. Confirming that the best performance
is obtained for D2 and D3, there is a prominent diagonal in
the respective confusion matrices. The confusion matrix for D1
shows a high bias in the class “Hair / Makeup” (#7). Many
of the test samples are wrongly categorized with this class.
An analysis of the distribution of the samples per category,
however, excludes the presence of an imbalance in sample
cardinality that could favor any specific category. Therefore,
the negative results can only be attributed to the poor gener-
alization ability of the model on this viewpoint. In the case of
D4, “Looking to the left” (#8) and “Reaching behind” (#19)

consistently emerge as the most frequently predicted categories
for the test samples, even when predictions are incorrect. With
an accuracy rate of 53.00%, the class “Drinking / Eating
(right)” stands as the second most accurately classified cat-
egory for this camera. In general, for all daytime cameras, the
“Looking Left” (#8) class is recognized with the highest rate.
Confusion matrices for the nighttime subset reflect the poor
performance, with only N1 and N2 presenting a discernible
diagonal. The highest performance for N1 is observed in
the “Reaching behind” (#19) class with 77% accuracy and
the “Hair / Makeup” (#7) class with 71% accuracy. For N2,
several classes achieve accuracy higher than or equal to 70%,
namely “Talk with cellphone (left)” (#3), “Talk with cellphone
(right)” (#4), “Looking Left” (#8), “Looking up” (#10), and
“Operating GPS” (#18). In the case of N3, the model shows a
high concentration of false positives for the “Normal driving”
(#0) and “Reaching behind” (#19) classes. For N4, “Talk with
cellphone (right)” (#4) and “Hair / Makeup” (#7) classes are
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EZ72021
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Fig. 5. Sample images showing consistency in framing in the 100-Driver (using the D4 camera) [8], AUCDD-V1 [7], EZZ2021 [12] and SFD [13] datasets.

TABLE VII

Top-1 AND TOP-5 ACCURACY (%) ON THE D4 TEST SET OF 100-DRIVER,

AND THE AUCDD-V1, EZZ2021 AND SFD DATASETS FOR THE MODEL

TRAINED ON THE COMBINATION OF D1, D2 AND D3 CAMERAS OF THE 100-DRIVER DATASET. IN EACH COLUMN, THE BEST AND SECOND BEST
RESULTS ARE MARKED IN BOLDFACE AND UNDERLINED, RESPECTIVELY

Top-1 Top-5

100-Driver AUCDD-V1  EZZ2021 SFD ‘ 100-Driver AUCDD-V1  EZZ2021 SFD
DGCCL [36] 10.78 6.19 11.94 8.77 34.63 38.58 34.96 35.51
Duan et al. [31] 7.25 6.42 8.33 9.31 30.17 30.15 30.88 28.87
GhostNet [8] 8.85 6.79 8.08 4.59 32.35 29.62 31.80 23.20
Hu et al. [9] 545 5.75 8.10 4.84 29.17 27.61 21.53 24.31
MambaVision [54] 10.81 8.64 12.74 6.21 34.75 29.25 32.37 26.53
MobileViT [55] 9.58 6.74 9.87 6.55 32.48 29.28 26.30 25.66
OLCMNet [20] 8.48 5.56 9.94 4.96 30.17 28.09 27.62 25.11
Si-CA MobileNet [56] 5.35 5.52 10.23 8.20 26.78 28.15 29.18 29.73
SwinT [57] 24.07 8.17 7.50 10.67 48.02 29.83 33.07 31.15
DBMNet (ours) 11.29 7.71 10.51 9.86 39.31 30.80 34.09 38.62

recognized with accuracies of 44% and 54%, respectively. TABLE VIII

The lower performance for N4 might be due to its significant
difference from the other views, making it challenging to
recognize actions accurately, with only these two actions being
relatively easier to identify.

3) Cross-Dataset Results: Since the camera configuration
for AUCDD-V1, EZZ2021, and SFD is very similar to that
of camera D4 in the 100-Driver dataset (see Figure 5), we
perform inference on these three datasets using the model
trained on images acquired from cameras D1, D2, and D3.
Thus, we can state that the current setup constitutes a cross-
camera and cross-dataset experiment. The experimental results
shown in Table VII highlight the performance of different
models on the D4 test set of 100-Driver and the AUCDD-V1,
EZ72021, and SFD datasets. DBMNet achieves the highest
Top-1 accuracy on the D4 set (11.29%) and SFD (9.86%), and
ranks second on AUCDD-V1 (7.71%) and EZZ2021 (10.51%).
MambaVision leads on AUCDD-V1 (8.64%) and EZZ2021
(12.74%). SwinT stands out with a strong performance on
the D4 set (24.07% Top-1), significantly higher than all
other models, but underperforms on EZZ2021 (7.50%) and
AUCDD-V1 (8.17%). MobileViT delivers a solid mid-range
performance, with Top-1 scores of 9.58% on D4 and 9.87%
on EZZ72021—higher than GhostNet and Hu et al., but trailing
behind DBMNet, SwinT, and MambaVision. In terms of Top-5
accuracy, DBMNet performs best on the SFD dataset (38.62%)
and D4 set (39.31%), while DGCCL dominates on AUCDD-
V1 (38.58%) and EZZ2021 (34.96%). SwinT again shines
on D4 with the highest Top-5 accuracy (48.02%) and offers
solid performance on SFD (31.15%). MobileViT performs
competitively in Top-5 accuracy across AUCDD-V1 (29.28%)
and SFD (25.66%), indicating its reasonable generalization,
albeit at a higher computational cost. Si-CA MobileNet, while

RESULTS OF AN MDC ON THE VALIDATION SET FOR THE
DIFFERENT CROSS-CAMERA SETUPS

‘ View cls acc. (f — f')

{D2,D3,D4} — DI 31.61 — 19.52
{D1,D3,D4} — D2 32.06 — 20.95
{D1,D2,D4} — D3 44.86 — 19.87
{D1,D2,D3} — D4 70.83 — 34.75

efficient, remains behind in both Top-1 and Top-5 accu-
racy compared to DBMNet, SwinT, and MambaVision. For
example, on EZZ2021, it scores 10.23% Top-1, compared to
DBMNet’s 10.51% and MambaVision’s 12.74%. Overall, the
results highlight DBMNet as a balanced and practical model
for cross-camera and cross-dataset tasks—delivering strong
accuracy with minimal overhead. While SwinT achieves peak
accuracy in some cases, it’s far more complex. MobileViT
offers a compromise, but DBMNet provides better generaliza-
tion at lower cost.

4) Analysis: In this section, we conduct an analysis of
features to support our claim of disentangled features. To
this end, we qualitatively evaluate how the features before
and after disentanglement module separate in the embedding
space and quantitatively estimate the capacity of discrimi-
nating viewpoints before and after feature disentanglement.
Practically, we extract feature vectors before and after the View
disentanglement module, namely f and £, for both training and
validation images. We chose validation images because the
camera view categories overlap with those of the training set,
unlike those of the test set. Figure 6 illustrates the features
of the validation set for the image subset D1, D2, D3 using
t-Distributed Stochastic Neighbor Embedding (t-SNE). The
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Fig. 6. Analysis of features learned by our DBMNet using t-Distributed Stochastic Neighbor Embedding (t-SNE). Using the model trained on the {D1,D2,D3}
images, we report for the validation images (a) the feature vectors f extracted by the backbone, and (b) the feature vectors f after the disentanglement module.

colors represent different driver action classes. As depicted,
the f-features separate into small, distinct clusters, even for
the same action class, likely due to the actions being captured
by different cameras. In contrast, the f-features form larger
clusters that more effectively distinguish between different
actions regardless of the camera used, thereby demonstrating
the effectiveness of the feature disentanglement module. We
then exploit a Minimum Distance Classifier (MDC) to classify
camera viewpoints. Specifically, we train an MDC classifier
on f feature vectors, referred as MDCy, and another MDC
classifier on f feature vectors, labeled as MDC;. Finally, we
classify f validation samples with MDCy and f validation
samples with MDC;. Results are reported in Table VIIL

Performance-wise (Table VI), DBMNet consistently deliv-
ers competitive results across the leave-one-camera-out pro-
tocol, ranking among the top two methods in 6 out of 8
test scenarios. The lowest Top-1 accuracy for DBMNet is
observed on camera D4 (11.29%), and the highest on camera
D2 (62.51%). This variation is expected due to the distinct
nature of D4 compared to the other cameras (see Figure 2).
Ranking the cameras by Top-1 accuracy yields the order:
D2, D3, D1, and D4—underscoring the influence of viewpoint
on driver behavior recognition. Compared to DGCCL, which
remains the most computationally expensive method by a wide
margin, DBMNet achieves comparable or superior accuracy
in most cases while being over 20 times more efficient in
FLOPS and more than 21 times smaller in parameter count.
Specifically, DBMNet outperforms DGCCL in 5 out of 8
test scenarios, with notable gains on N1 (+ 14.86% Top-1),
N3 (+2.30% Top-1), and N4 (+ 3.74% Top-1). MambaVi-
sion and SwinT achieve strong Top-1 accuracy and in some
cases surpass DBMNet (e.g., D1 and N1 for MambaVision;
D1, D2, and N1-N4 for SwinT), but this comes at a steep
computational cost—SwinT requires over 28M parameters and
4.49 GFLOPs. MobileViT also shows solid performance, with
accuracy close to DBMNet in several settings (e.g., N3 and
N4), but still requires more than 3.5x the FLOPs and over
40% more parameters. Si-CA MobileNet, while lightweight,
lags behind in accuracy across all settings, highlighting the
challenge of maintaining performance under strict efficiency
constraints.
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Fig. 7. Ball chart illustrating the trade-off between computational complexity
(measured in GFLOPS) and average accuracy obtained by the compared
methods across all cross-camera and cross-dataset experiments. The size of
each ball is proportional to the number of model parameters.

As can be seen, the accuracy of view classification under-
goes a drop after feature disentanglement. On average, there
is a decrease of 21.07%, with the most significant drop for
D4 at 34.08% and the least pronounced for Camera 1 and 2,
around 11.05%. This means that view information is discarded
in favor of a better ability to discriminate drivers’ actions.

5) Discussion: In this section, we summarize the results of
both the cross-dataset and cross-camera experiments, incorpo-
rating an analysis from a computational efficiency perspective.
The ball plot in Figure 7 illustrates the trade-off between
accuracy, computational cost (GFLOPS), and model size (bub-
ble diameter). Based on the ball chart, the overall results
highlight a clear trade-off between model complexity and
recognition accuracy. It is important to note that the accuracy
reported is the average accuracy across all cross-dataset and
cross-camera experiments. Lightweight models like GhostNet,
Duan et al., and Si-CA MobileNet have minimal computational
costs (< 0.17 GFLOPs) and small model sizes (< 4.3M param-
eters), but they suffer from lower accuracy—ranging from
9.39% (Duan) to 21.58% (GhostNet). On the other extreme,
DGCCL and MambaVision achieve relatively high accuracy
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(25.40% and 28.00%, respectively) but at the cost of mas-
sive complexity: DGCCL tops out at 85.8M parameters and
17.58 GFLOPs, while MambaVision requires 31.8M parame-
ters and 4.40 GFLOPs. SwinT and MobileViT also perform
well accuracy-wise, with SwinT reaching the highest average
(29.55%) but demanding 28.3M parameters and 4.49 GFLOPs.
MobileViT achieves 23.69% accuracy at a more moderate
5.6M parameters and 0.70 GFLOPs. DBMNet stands out by
achieving high accuracy (26.76%) with minimal computational
cost (0.16 GFLOPs) and a compact size (4.0M parameters).
This places it near the top in performance while staying among
the most efficient models—offering a compelling balance of
speed, size, and predictive power, well-suited for real-world,
resource-constrained applications.

D. Deployment on Embedded Device

The proposed DBMNet and the competing methods for
distracted driver classification are deployed on the Coral Dev
Board 4GB, a commercially available ARM-based Single-
Board Computer (SBC) designed specifically for edge Al
applications [58]. This development board integrates a Google
Edge TPU coprocessor, a specialized hardware accelerator
optimized for efficient execution of deep learning models
directly on the device.

The Edge TPU is an 8-bit fixed-point coprocessor capable
of performing high-speed inference on quantized TensorFlow
Lite models with low power consumption. This makes it
particularly suitable for real-time, on-device inference tasks,
such as monitoring driver distraction. The Coral Dev Board
therefore enables compact, energy-efficient, and responsive
deployment of the proposed system in embedded automotive
environments.

All methods are deployed following post-training quan-
tization using full integer quantization. This optimization
technique converts both the model weights and activations
from 32-bit floating-point to 8-bit fixed-point representations.
It requires calibration with a representative dataset to deter-
mine optimal quantization parameters for the activations. For
this purpose, we use the validation set of the 100-Driver
dataset in a leave-one-camera-out configuration. A quantized
version of each model is generated for every configuration of
daylight data. Due to the limited computational resources of
the Coral Dev Board, we were unable to successfully deploy
the DGCCL, MambaVision, and SwinT models. Therefore,
these models have been excluded from this evaluation.

Performance is evaluated across five metrics:

e Average error represents the classification error obtained
across the four folds of the leave-one-camera-out experi-
ment;

e Model size refers to the size of the quantized model
file (including architecture and weights), reported in
megabytes (MB);

e Memory usage is the average memory consumption (in
MB) during inference, computed over 100 inference
passes;

o Inference time is the average time (in seconds) required
for a single forward pass, again averaged over 100 runs;
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Fig. 8. Radar plot comparing the proposed DBMNet with competing methods
deployed on the Coral Dev Board across five key metrics: average error, model
size, memory usage, inference time, and power consumption.

e Power consumption is estimated by measuring the energy
used across 100 inference passes, scaled by the average
inference time, and reported in milliampere-hours (mAh).

The radar plot reported in Figure 8 highlights DBMNet

(ours) as the best-performing model, achieving the low-
est average error while maintaining a compact model size,
low memory usage, fast inference time, and minimal power
consumption—making it highly suitable for real-time, embed-
ded applications. Compared to other methods, DBMNet offers
the most balanced trade-off between accuracy and efficiency.
Duan et al., GhostNet and Si-CA MobileNet are similarly
lightweight and power-efficient but suffer from significantly
higher error rates. Hu et al. is the most resource-intensive
model in terms of size, memory, and power, without deliv-
ering a proportional gain in accuracy. OLCMNet performs
moderately across all metrics but doesn’t match DBMNet’s
overall efficiency-accuracy balance. MobileViT, while offer-
ing better accuracy than most lightweight models, shows
higher memory usage, slower inference, and greater power
consumption—making it less suitable for constrained environ-
ments despite its solid predictive performance.

V. CONCLUSION

Driver Monitoring Systems (DMSs) need to be robust to
changes in vehicle configuration and camera positions. In this
paper, we introduced DBMNet, a novel network designed
for distracted driver classification, ensuring consistent per-
formance regardless of camera placement. Given that DMSs
operate on embedded devices with constrained computational
resources, our model exploits GhostNet, a lightweight CNN,
as the backbone. We improved the invariance to the camera
view of the representation using a feature disentanglement
module. In addition, we employed a supervised contrastive
learning approach to increase consistency between intra-class
representations and differentiate inter-class representations.
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Extensive experiments on the 100-Driver dataset demon-
strated that DBMNet achieves a 9% improvement in Top-1
accuracy over state-of-the-art methods. Furthermore, cross-
dataset evaluations on three benchmark datasets—AUCDD-V1,
EZ72021 and SFD—confirmed the strong generalization capa-
bilities of our approach. Overall, the proposed method achieves
a 7% gain in Top-1 accuracy compared to existing efficient
approaches. Through the analysis of features both before and
after the feature disentanglement module, we determined that
the objective of discarding view information is accomplished.

To validate practical deployability, we implemented DBM-
Net and competing models on the Coral Dev Board. In
this embedded setting, DBMNet exhibited the lowest average
error, along with low memory usage, fast inference time,
compact model size, and minimal power consumption. These
advantages are particularly relevant when contrasted with
large-scale models such as SwinT and MambaVision. While
such models can reach higher accuracy under ideal conditions,
their heavy compuadtational and memory requirements make
them impractical for embedded automotive systems. DBMNet,
by contrast, strikes a better balance between performance and
efficiency—meeting the strict real-time and power constraints
of in-vehicle deployment.

Despite these strengths, some limitations remain. Due to
the complexity of the task, overall accuracy is still modest,
especially for “Normal driving” class, which is frequently mis-
classified as a distraction category. Additionally, the inference
time of 1.15 x 1072 seconds on board is relatively high for
real-time safety-critical applications.

To address these issues, future work will focus on exploring
lighter backbones beyond GhostNet to reduce inference time
without sacrificing performance. We also plan to investigate
few-shot learning strategies for model calibration on unseen
camera viewpoints using limited labeled data. These improve-
ments aim to enhance both the efficiency and adaptability of
DBMNet in real-world DMS deployments.

Overall, our work highlights the critical importance of
cross-camera generalization for real-world driver monitoring
systems and provides a novel solution through a lightweight,
disentanglement-based model rigorously evaluated under a
realistic leave-one-camera-out protocol. This contributes a
new perspective to the field by explicitly addressing view-
point variability—an underexplored but practically crucial
challenge.
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