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Abstract. Driver distraction recognition plays a fundamental role in
road safety. In this paper, we present a modular architecture based on the
fusion of key points and object detection for predicting driver’s actions.
From multi-camera infrared recordings, we will temporarily detect among
a variety of actions that lead to distractions. Our system detects objects
of interest and extracts key points from the driver. They are merged
by generating features that relate them and processed with a ML-based
classification algorithm. Finally, filters are applied to reduce bounces and
add temporal context to the detections. Our proposal has been validated
on two state-of-the-art datasets for driving distractions. Through several
experiments we show that fusion substantially improves related action
inference and improves domain adaptation. In addition, our framework
is lightweight, explainable and has a low latency as it performs frame-
by-frame inference. The modularity of the network allows us to upgrade
parts independently or eliminate a camera without having to modify the
entire network.
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1 Introduction

In 2021 there were 921 fatal accidents on Spanish roads in which 1,004 people
died and 3,728 were seriously injured [1]. During this year, 19,800 people were
killed in road crashes in Europe [2]. One in three road accidents is due to inatten-
tive driving, such as using a mobile phone, manipulating the navigator, eating,
smoking, or due to fatigue or stress. Many lives could be saved if distractions
were reduced.

This project will focus on monitoring and inferring different actions that
directly produce distractions while driving. The driver will be alerted to stop
the action and even in autonomous vehicles it will be possible to take control of
the car to avoid an accident.

Based on the KNDAR project [19], we have built an architecture that fuses
multi-class object detection and driver key points to infer actions. It is a modular
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architecture that processes in real time three images corresponding to three
different points of view of the driver. As shown in Figure 1, the first step is
to identify the driver and key objects that are important for certain actions.
Then the key points of the previously detected driver are inferred. With all this
information we build features that relate both the key points and the important
objects in the scene. Then, through a ML algorithm each frame is classified with
the most likely action to finally filter it and get the start and end time of each
detected action. As we will see below, the algorithm will be trained and evaluated
on two state-of-the-art datasets for driving distractions.

Feature extraction (objects + driver key points)

Activity Classification

Fig. 1: Graphical abstract.

Our major contributions are, on the one hand, to improve notoriously the
actions recognition related to some object (e.g., Phone Call, Text) regarding our
baseline (KNDAR). By merging the object detection with the driver key points
we improve the performance of these actions and therefore the overall perfor-
mance, hardly increasing the computational cost. Additionally, through differ-
ent experiments we found that our network performs better on other datasets
on which it has not been trained, reaching a higher generalization capability.
On the other hand, we improve the final filtering stage. By doing the inference
frame by frame, as in KNDAR, temporal context is lost, being the system more
susceptible to bounces. We treat the time probability of each of the actions as
temporal series. We apply different filters that reduce bounces and eliminate
false negatives, adapting this algorithm to the nature of each action.

To properly explain the project, we first analyze the state of the art of some
of the network components, then, we explain how we have integrated them into
a single network, and finally we perform experiments and empirically test our
proposal regarding other state-of-the-art approaches.

2 Related Works

This topic is relatively new and there are not many specific systems that solve
this problem. A widely used solution is training or finetuning video understand-
ing networks that are focused on characterizing the different actions within the
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Fig. 2: Object detection and driver key points for the three viewpoints.

image [18]. They are very competitive but they are slow and need a significant
length of video to achieve competitive results. Other works combine Convolu-
tional Neural Networks with complex feature extractors and Autoenconders [12].
Approaches like KNDAR [19] use less compute-intensive features and use ML
techniques to infer the action frame by frame giving superior performance with
less information. On the contrary, they sacrifice temporal context but exhibit
superior adaptation for real-time processing. We will focus on the state of the
art of the two main stages of our network.

2.1 Persons and object detection

Multiclass detectors are a fundamental component of the state-of-the-art deep
learning models for object detection tasks. These detectors are designed to rec-
ognize and localize multiple object categories simultaneously in an input image.
They achieve this by leveraging advanced convolutional neural network archi-
tectures and sophisticated training strategies that enable them to learn complex
patterns and relationships between objects and their surroundings. EfficientDet
[17] is a family of object detection models that achieve state-of-the-art perfor-
mance on the COCO dataset [14]. DETR [6] is a transformer-based object de-
tection model that uses a set-based approach to predict the locations and classes
of objects in an image. Cascade R-CNN [4] is an extension of the popular R-
CNN object detection framework that achieves state-of-the-art performance too.
YOLOv8 [10] is a lightweight and efficient object detection model that achieves
state-of-the-art performance on several benchmark datasets. It is particularly
effective at detecting small objects and can handle a large number of object
classes. Today YOLO it is one of the most widely used and has an outstanding
performance with a low number of parameters.

2.2 Pose Estimation

Pose estimation refers to the task of determining the spatial orientation and
position of an object or a human body in an image or a video. For this task there
are two types of approaches. On the one hand, bottom-up networks estimate the
human body parts in the image followed by calculating the pose. On the other
hand, a top-down approach localize the humans in the image and then estimate
the parts followed by calculating the pose. In the previous stage we used a
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Fig. 3: Architecture integration.

detector to make the double detection of the driver and objects of interest, that
is why we are interested in a pose estimation based on the second approach.
AlphaPose [8] is a popular deep learning-based framework for multi-person pose
estimation and, as we can see in Table 1, it offers superior performance compared
to other networks in the state of the art.

Table 1: State-of-the-art pose estimators results on COCO dataset

Method AP @0.5:0.95

OpenPose (CMU-Pose) [5] 61.8
Detectron (Mask R-CNN) [9] 67.0
KAPAO [15] 68.5
AlphaPose [8] 73.3

3 Architecture integration

So far we have focused on the two main components of our system. Next, we
detail how they are integrated and how they feed each other, as shown in the
Figure 3. This modular architecture brings explanability and the possibility of
reusing detections and features by other networks.

3.1 Feature extraction and merging

The network starts with multi-object detection through YOLOv8-m. A batch
of images equal in size to the number of cameras we have is the input to our
system, from which the bounding boxes of the detected classes are obtained. We
use the YOLO weights trained in COCO, which provide a total of 80 different
detected objects. Of all of them we are interested in person (0), bottle (39) and
mobile phone (67) classes. We filter the detection and keep the objects of interest
applying non-maximum suppression to the detections. From all detected persons
we have to choose the one that corresponds to the driver. We assume the car
is driven on the left-hand side. From all the people detected, we will choose the
one who is located in that area and whose bounding box is the largest to make
sure that he is the one sitting in the front row of the vehicle, as his perspective
will be greater.




