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Abstract

Due to the popularity and mobility of smart phones,
phone-related pedestrian distracted behaviors, e.g.,
Texting, Game Playing, and Phone calls, have caused
many traffic fatalities and accidents. As an advanced
driver-assistance or autonomous-driving system, computer
vision could be used to automatically detect distractions
from cameras installed on the vehicle for useful safety
intervention.  The state-of-the-art method models this
problem as a standard supervised learning method with a
two-branch Convolutional Neural Network (CNN) followed
by a voting on all image frames. In contrast, this paper
proposes a new synthetic dataset named SYN-PPDB (448
synchronized video pairs of 53,760 computer game images)
for this research problem and models it as a transfer
learning problem from synthetic data to real data. A new
deep learning model embedded with spatial-temporal
feature learning and pose-aware transfer learning is
proposed.  Experimental results show that we could
improve the state-of-the-art overall recognition accuracy
Jrom 84.27% to 96.67%.

1. Introduction

Pedestrian fatalities and injuries have increased in the
past decade. In the United States, the total number of
pedestrian fatalities increased from 4,302 in 2010 to 6,283
in 2018 [1]. Phone-related distracted behaviors are one
obvious reason for pedestrian-related collisions [19, 20].
Accident probability is increased when pedestrians are
distracted and interacting with their mobile phones [23]
and engaging in activities such as texting, watching videos,
viewing maps, playing games, making phone calls, and so
on. As described in [19, 20], the number of injuries to
pedestrians engaged with their mobile phones has more than
doubled since 2005.

As an advanced driver-assistance or autonomous-driving
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system, computer vision could be used to automatically
detect pedestrian distractions from cameras installed on the
vehicle. The pioneering work in phone-related pedestrian
distracted behavior detection using computer vision is
proposed by [ 19, 20], which designs a traditional supervised
machine learning method including the components of
phone location, pose estimation and pattern recognition.
With multiple cues, the proposed method in [19, 20] is
not an end-to-end learning system and it utilizes a single
image as input. The state-of-the-art method by [23] models
this problem as a supervised deep learning method with
a two-branch Convolutional Neural Network (CNN) with
two synchronized cameras installed on the vehicle, where
a benchmark dataset named PPDB of 448 synchronized
video pairs from a vehicle is collected for this research
problem. However, this method takes a synchronized image
pair as the input and is extended to video recognition by a
simple voting through the image sequence, ignoring spatial-
temporal feature learning, which has been proven to be
important for video recognition [33, 31].

Instead of the standard supervised learning, this paper
treats this problem as a transfer learning problem with a
proposed deep learning model named PPDBNet from the
synthetic data to real data as shown in Fig. 1. Previous
work [30, , 6] has shown that synthetic data, e.g.,
computer game data, could be very helpful for computer
vision tasks in the real world. In this paper, we make several
efforts to improve the research of detecting phone-related
pedestrian distracted behaviors in the real world. First,
we create a new computer game-based synthetic dataset
named SYN-PPDB to simulate phone-related pedestrian
normal and distracted behaviors. Second, we implement
spatial-temporal feature learning by CNN-based spatial
feature extraction and Long Short-Term Memory (LSTM)
based temporal feature learning. Finally, we transfer the
knowledge gained from the synthetic data to the real data
using pose-aware transfer learning.

In contrast with many transfer learning methods that
learn a latent subspace for feature alignment [11, 27]
or minimize the data distribution or style difference [34,



activity classi cation using one single camera image as
input. Meanwhile, some deep learning based works on
pedestrian attribute recognition] also take phone-related
issues into consideration. Unlike these methods that take
one single image as input, in order to get better detection
result, we use image sequences from videos as input in this
work.

The most-related work to this paper is by Humberto
et al. 23], which displayed the advantages of using the
synchronized video pair from left and right cameras against
using one single camera as input, big][ obtained the
video recognition result by a simple voting method from
the image recognition result, which ignored the spatial-
temporal features hidden in videos. Following the same

Figure 1: lllustration of the transfer learning with the proposed problem de nition in 3, this paper embeds the spatial

PPDBNEet from the synthetic data to real data to detect the phone- .
related pedestrian distracted behaviors. With one synchronizedCNN and temporal LSTM to learn spatial-temporal features

video pair of the same person from left and right cameras as and also models this research as a transfer learning problem

the input, the goal is to recognize it into three classes as de ned from synthetic data to real data.
in [29): Class 1: No Engagement, Class 2: Eye Engagement (e.g., Learning from Synthetic Data: Synthetic data is
Texting, Game Playing), Class 3: Phone Call Engagement (e.g.,effective to solve the data scarcity problem and patterns
Phone Calling). learned from synthetic data could also be useful in real
data [L4, 6, 13, 30, 5, 18. To solve different computer
o ) _vision and autonomous driving problems, many previous
] or learn the domain invariant features by Generative \yqrks collected synthetic data from existing computer game
Adversarial Networks (GANS)Z5, 18], our pose-aware  engines §0, 17 or by building their own virtual computer
traljsfer learning is accomplished using two stre_ltegles: Ne- game scenesl], 29 on Unreal Engine J] or Unity3D
tuning and 2D human pose feature embedding. In this ppgine p]. Since all these excellent works on synthetic
paper, we nd that 2D human pose is a relatively stable ¢4 are task-oriented, this paper creates our own synthetic

feature between synthetic data and real data. ThereforeyatiasetsYN-PPDBfor detecting phone-related pedestrian
we use the 2D human pose feature as the domain invariangjisiracted behaviors.

feature for transfer learning. We exploit this synthetic data to improve the detection

In summary, this paper's main contributions_ are three performance in real-world data by modeling it as a
folds: 1) We propose a new deep Iearnlng.model transfer learning problem.  Transfer learning can be
(PPDBNet) to detect phone-related pedestrian dlstractedrealized in various ways, such as domain adaptatiti [
behaviors which incorporates spatial-temporal feature ], subspace feature alignmenti] 27, image style
learning and pose-aware transfer learning; 2) We PropoOseyistribution minimization §7, ] and so on, while we

a new synthetic computer game dataset naflet-PPDB propose a pose-aware transfer learning method in this paper

(448 synchronized video pairs of 53,760 images) for this i, rmorating 2D human pose consistency into transfer
research problem; 3) By modeling this research problem aslearning

a transfer learning problem from synthetic data to real data,
we improve the state-of-the-art overall recognition accuracy

from 84.27% to 96.67% Table 1: Summary for the proposed synthe8¥N-PPDRlataset.
. 0 . 0.

This data organization is same as that in the real-wBfRDB
dataset collected by’[]. Each video has0 frames.

2. Related Work

synchronized synchronized

Pedestrian Distracted Behavior Detection: By Set Class “Video pairs V9% image pairs  12MeS
detecting nearby pedestriang [ising cameras on moving Training | 1 110 220 6,600 13,200
vehicles, it is possible to analyze pedestrian behaviors and 2 120 240 7,200 14,400
pedestrian motions for collision avoidanc&l], pedestrian To?;al 3128 g‘gg 2%2%% ig:ggg
trajectory prediction §8] and so on. In this paper, we Testing | 1 38 76 2,280 4,560
focus on the detection of phone-related pedestrian distracted 2 40 80 2,400 4,800
behaviors by computer vision methods. Previous works on 3 30 60 1,800 3,600

Total 108 216 6,480 12,960

phone-related pedestrian distracted behaviors detedtipn [
] relied on traditional machine learning techniques for

























