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Abstract—Pedestrian detection based on deep learning
methods makes a big hit during these days. The key to achieve
excellent results for deep learning-based pedestrian detection
methods is a high-quality dataset. There are lots of outstand-
ing datasets for pedestrian detection like EuroCity Persons,
CityPersons, Caltech, etc. However, their efforts are not dedicated
to the traffic scenarios with pedestrians in various poses. When
the state-of-the-art detectors trained on datasets described above
encounter the scene with pedestrians in variously complicated
poses, the results are mostly worse than expected. In order to
alleviate this problem, we propose a framework called SynPoses
to create synthetic human with complicated poses in high qual-
ity. Experimental results show that, when facing scenarios with
human in diverse poses, the performance of detectors trained
on augmented dataset outperforms those trained on original
dataset.

Index Terms—Pedestrian, detection, augmentation, dataset.

I. INTRODUCTION

IN AUTONOMOUS driving, an excellent perception system
is the basis for subsequent decisions of the control system

and execution system. Among perception tasks, pedestrian
detection is essential to safety in urban traffic scenarios.
Whether the autonomous driving perception system can iden-
tify all kinds of pedestrians in various scenes is not only
about the subsequent performance of the subsequent control
system and execution system of intelligent vehicles [1], but
also ensure the safety of pedestrians and vehicles in complex
traffic scenes [2].

At present, autonomous driving perception systems increas-
ingly rely on various detection and recognition models such as
those based on deep learning (e.g., Mask R-CNN [3]), how-
ever, deep learning methods need to be trained with large
datasets to achieve their expected results. Moreover, when it
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comes to the corner case detection for autonomous driving.
The real-world traffic scene dataset cannot provide complete
and sufficient coverage for corner cases in pedestrian recogni-
tion in autonomous driving scenarios, and when these corner
cases occur, the perception system will not be able to respond
effectively, which may further lead to traffic accidents [4]. For
example, what is unexpected but reasonable is that some nor-
mal poses (e.g., sit, bend over, lay down) are actually relatively
rare in the real traffic scene. According to ACP framework of
Parallel Intelligence [5], [6], execution in real world can ben-
efit from artificial systems. For this reason, virtual synthetic
datasets for covering these scenes and further diffusion from
virtual to real traffic scenes are of great value. Therefore, an
augmented dataset for pedestrians’ poses is needed.

Our work focuses on the method to augment existing dataset
within pedestrians in real traffic scene and tries to improve the
performance of pedestrian detectors when facing the scenarios
of pedestrians in various poses. The main contributions of this
paper are as follows.

1. To the best of our knowledge, we are the first to explore
a data augmentation method based on real traffic scenarios of
pedestrian detection regarding pedestrian poses in the corner
case.

2. A framework is proposed to generate effective augmented
dataset based on real traffic scenarios, composited with syn-
thetic but realistic pedestrians in diverse and yet reasonable
poses.

It is worth pointing out that our augmented dataset based on
half size of EuroCity Persons [7] dataset (ECP) can achieve
better generalization performance compared to the original one
but even on the entire ECP dataset.

II. RELATED WORK

A. Pedestrian Detection Datasets

One of the key tasks in autonomous driving perception
systems is pedestrian detection. Training deep learning-based
algorithmic models, such as some models for object detec-
tion such as pedestrians, requires a large amount of data. An
increasing number of datasets based on realistic traffic sce-
narios have emerged in recent years, such as Caltech [8],
KITTI [9], CityPersons [10], EuroCity Persons [7], etc. As
shown in Table I, they provide a large number of informative
images and annotations of traffic scenes.

However, due to various factors in real scenes, the distribu-
tion of diverse poses in traffic scenes has limitations. This
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TABLE I
COMPARISON OF PEDESTRIAN DATASETS

further leads to the fact [7] that the aspect ratio of most
pedestrians after labeling lies in the range of [0.28, 0.42]. Even
the annotation strategy of CityPersons use a fixed aspect ratio
to label all the pedestrians. The consequence of this is that on
the one hand, it is not reasonable for a few existing pedestri-
ans with diverse poses, and on the other hand, it still cannot
cover pedestrians in various pose scenarios.

B. Frameworks for Data Augmentation

The data augmentation method can not only reduce the over-
fitting problem of deep learning algorithms, but also expand
the coverage of specific case scenarios [11]. Lv et al. [12]
proposed to use generative adversarial network (GAN) method
for data augmentation in the traffic scene. Liu et al. [13] fur-
ther proposed “APGAN” to increase training data coverage, to
perform data augmentation on the existing pedestrian detection
model.

At the same time, great progress has also been made in the
fields of human action pose synthesis and 3D human recon-
struction. Loper et al. [14] proposed a learning model “SMPL”
for human shape and pose-related shape changes, which can
provide more refined rendering results than other models at the
time, in addition to ensuring compatibility with graphics ren-
dering workflows. Later, Pavlakos et al. present Vposer [15],
a learning based variational human pose prior trained from a
large dataset of human poses represented as SMPL bodies.

Furthermore, Vobecký et al. [16] proposed a method to
enhance the portrait dataset by synthesizing people with
adjustable pose and appearance into a real urban background.It
demonstrates that neural networks of various model com-
plexities designed for multiple tasks benefit from artificially
generated samples, especially when the data distribution can
be controlled. Zhang et al. [17] explore the method compo-
sitional data augementation via learning object placement by
inpainting. These works make a big step to the data augmen-
tation, however, they still don’t cover the scenes of pedestrians
with diverse poses.

III. THE METHOD OF DATA GENERATION

We propose a framework (as show in Fig. 1) for generating
synthetic data to achieve the augmentation on original real
traffic data. In the synthesis phase of the data, we mainly focus
on and address three problems as following:

1. How to synthesize realistic pedestrians and ensure their
poses’ plausibility?

2. How to composite the synthetic pedestrian into the real
traffic scene at reasonably position?

3. Whether the augmented dataset effectively improve
pedestrian detector?

Fig. 1. The overall framework of data generation.

Fig. 2. Details on the pipeline of compositing synthetic pedestrian.

A. The Generation of Pedestrians’ Poses

For the aim of generating the synthetic pedestrians and
ensure their poses’ plausibility, we choose to truncate the VAE
model of the VPoser because of its prior over body pose, by
sampling from the latent space Z ∈ R

32. Furthermore, we set
a reasonable parameter for Gaussian distribution to sample a
large number of human poses, where μ is the mean and σ the
standard deviation.

p(x) = 1√
2πσ 2

e
− (x−μ)2

2σ2 (1)

After that, when it comes to ensure the fidelity of synthetic
pedestrians, inspired by Varol et al. [18], we choose a random
strategy to apply the textures to a synthetic human. At the same
time, we also set fixed parameters to render the light and the
position of camera in the Blender,1 as shown in Fig. 2.

B. Embedding Synthetic Pedestrian in Real Scenes

Firstly, since the augmentation is based on the real dataset
collected from the car-oriented perspective, we choose the
Eurocity Persons dataset because of its rich labels including
bounding box and pedestrians’ orientation in abundant traffic
scenarios.

1https://www.blender.org
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TABLE II
THE TEST RESULTS ON OCHUMAN DATASET. NOTE: AP STANDS FOR AP AT IOU=.50:.05:.95 (PRIMARY CHALLENGE METRIC), APIoU=.50 STANDS

FOR AP AT IOU=.50 (PASCAL VOC METRIC), APIoU=.75 STANDS FOR AP AT IOU=.75 (STRICT METRIC), ARmax=100 STANDS FOR AR GIVEN 100
DETECTIONS PER IMAGE, ARmax=10 STANDS FOR AR GIVEN 10 DETECTIONS PER IMAGE, ARmax=1 STANDS FOR AR GIVEN 1 DETECTIONS PER IMAGE

Fig. 3. Comparison with different embedding strategies: (a) the origi-
nal scene, (b) the composited scene which only considered the positional
semantics: synthetic pedestrians are labeled with red bounding box, (c) the
composited scene under our embedding strategy: synthetic pedestrians are
labeled with blue bounding box.

Secondly, we draw the inspiration from Ghiasi et al. [19]
and Zhang et al. [17]. As shown in Fig. 3(b), on the one hand,
a simple copy-paste is done by referring the existing pedestri-
ans; on the other hand, the original pedestrian is removed if it
does not fit the paste, and the image is restored using the “co-
modulated” generative adversarial network method proposed
by Zhao et al. [20]. After the image-inpainting process, then
the synthetic pedestrian is embedded into the processed area.
What is more, as shown in Fig. 3(b), it is note-worthy that
the occlusion, density, positional reasonableness and semantic
reasonableness are considered in the strategy of embedding by
taking into account the positional and occlusion relationships
between synthetic pedestrians and real pedestrians.

Finally, through the methods and steps described above,
we generate the augmented dataset based on a half size of
ECP dataset. In addition, we also compared with other data
augmentation methods in various aspects, as shown in the
Table III.

C. Experiment

For the aim of testing the generalization performance
of each datasets, we choose the state-of-the-art detector
Pedestron [21] on ECP dataset for testing. Furthermore, we
choose the Cascade Mask-R-CNN as the baseline. What is
more, we choose the Eurocity Persons dataset as the bench-
mark dataset for training. To show the superior performance of
our augmentation method, we choose half of the ECP dataset

Fig. 4. The detection result of examples.

TABLE III
THE COMPARISON OF AUGMENTED METHODS

for the data augmentation as the training dataset to compare
with the original one. Under the condition that fixed with the
same training hyperparameters, we train the Cascade Mask-
R-CNN model for 20 epochs on the ECP, half of ECP, and
augmented half of ECP dataset separately.

As for the test dataset, we choose the OCHuman [22] due
to its diverse poses and abundant scenes. It contains 13360
elaborately annotated human instances within 5081 images
with comprehensive labels including bounding-box, humans
pose. OCHuman is the most complex and challenging dataset
regarding human due to average 0.573 MaxIoU of each person.

Unless otherwise specified, the experimental results in the
Table II are based on the conditions of detection for all areas
and given 100 detections per image. Regarding the evaluation
metrics, we choose the COCO evaluation metrics [23]. AP and
AR are averaged over multiple Intersection over Union (IoU)
values. Specifically 10 IoU thresholds of.50:.05:.95 is used in
our experiment setting due to averaging over IoUs rewards
detectors with better localization.

We can draw conclusions from the Table II and the Fig. 4
that our augmented dataset deal way better than the half of
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original dataset and even the entire original dataset when faced
with the scenarios within complex pedestrian poses.

IV. CONCLUSION

To sum up, we propose a data augmentation pipeline based
on real traffic scenarios by implementing an augmentation
method trying to cover corner cases of training pedestrian
poses for autonomous driving. The aim is training pedestrian
detectors through the augmented dataset, so as to improve the
performance of pedestrian detection when facing hard sam-
ples of various poses. We choose ECP as the benchmark
dataset to augment and train baseline model on the origi-
nal ECP and the augmented one. Further, we test directly on
the challenging OCHuman dataset. Experimental results show
that the detectors trained on the augmented dataset outperform
those trained on the original dataset in these scenarios which
included occluded and various-poses pedestrians. It turns out
that our augmented dataset is better than the original one and
effectively improves the detection of pedestrians in various
poses.
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