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Abstract
Road Scene Pedestrian Relocation for Data Augmentation
Chen Shi

A robust pedestrian detector is essential for every self-driving vehicle. Recent
deep-learning-based pedestrian detection algorithms have reported high overall ac-
curacy on public benchmarks. In challenging cases, however, they tend to show a
significant drop in performance. A representative example is detection of pedestri-
ans at far distances imaged as small regions, which we refer to as “far pedestrian
detection.” A self-driving vehicle must be able to detect pedestrians from a distance
to keep itself from hitting them, especially when it is running fast. Pedestrians
would otherwise be put into great danger. In this thesis, we aim to give a solution
to the far pedestrian detection problem. We focus on the lack of annotations on
far pedestrians in autonomous driving datasets, which we believe has become the
bottleneck of far pedestrian detection. Specifically, we propose a data augmenta-
tion strategy where we cut out annotated pedestrians and relocate them farther out
with proper scale and occlusion. To evaluate our data augmentation strategy quan-
titatively, we train Mask R-CNN either with or without pedestrian relocation and
compare their performances in far pedestrian detection and instance segmentation.
The experimental results show that pedestrian relocation is able to slightly improve
the performance in both tasks. To the best of our knowledge, we are the first to
boost both detection and segmentation tasks with a focus on far pedestrians using
data augmentation.



1 Far Pedestrian Detection Problem

In this chapter, we first introduce the background of pedestrian detection for
autonomous driving and then raise “far pedestrian detection” as a critical yet un-
explored problem. Finally, we briefly describe the purpose, method, evaluation, and

conclusion of this research.

1.1 Background

Despite their enormous commercial potential, self-driving vehicles are yet to
show convincing safety performance in real traffic conditions. Computer vision
researchers have thus been striving to develop self-driving systems that are robust
enough to deal with all types of traffic scenarios. Traffic collisions can be roughly
categorized into Vehicle-to-Vehicle (V2V) collisions and Vehicle-to-Pedestrian (V2P)
collisions. While V2V collisions can be prevented through mutual communication
between vehicles (V2V communication [1]), a self-driving car must detect pedestri-
ans in its way in advance to avoid hitting them.

Research on road scene pedestrian detection has seen remarkable progress since
the emergence of public benchmarks. Before the prevalence of deep learning, most
pedestrian detection algorithms were based on the classification of low-level features.
For example, Dalal et al. [?] extract Histogram of Oriented Gradients (HOG) fea-
ture from road scene images and use a linear SVM classifier to detect pedestrians.
In recent years, deep-learning-based methods such as Faster R-CNN [B] and YOLO
[@] have greatly improved both the accuracy and runtime performance of pedes-
trian detection. Public benchmarks also played a significant role in the progress
of pedestrian detection. Large-scale datasets provided by these benchmarks facil-
itated the evaluation and comparison of different methods designed for the task.
Furthermore, the various metrics customized for different failure cases help clarify
the shortcomings of each algorithm.

Despite the high overall accuracy on the benchmarks, deep-learning methods



usually struggle to detect far-away pedestrians who appear small in the images.
Pedestrian detection benchmarks typically group the annotated pedestrians in the
datasets into different groups representing different difficulties. In most cases, the
difficulty levels are defined according to the extent of occlusion (being partly hidden)
and scale (size of the pedestrian appearing in the image). They are broadly consid-
ered the two major contributors to the failure cases in pedestrian detection |G, ). In
recent years, deep-neural-network models have produced impressive results in sce-
narios with reasonable difficulty. When the evaluation is limited to “small-scale”
pedestrians, however, their performance declines dramatically. On the CityPersons
Benchmark [7], Faster R-CNN achieves a log-average miss rate (LAMR) of 12.97%
for “reasonable” subset (50 pixels or more in height) but has a LAMR as high as
37.24% for “reasonable, small” subset (50 to 75 pixels in height).

When self-driving vehicles cannot detect pedestrians from a distance, they may
have inadequate time to steer themselves or brake before hitting people. We refer
to this problem as the “far pedestrian detection” problem. It poses a huge threat
to pedestrians especially when the cars are running at a high speed. The difficulty
of detecting far pedestrians can be attributed to the quantization error due to
low resolution [H, 6]. When the resolution is increased, however, computational
costs go up and real-time detection becomes more difficult. Thus, there is a trade-
off between far pedestrian detection accuracy and its runtime performance. Most
recent works attempt to tackle the far pedestrian detection problem by working on
the architectures of deep neural networks. For example, Qi et al. [8] proposed an
“aligned multi-scale training” strategy to better adapt detectors to low-resolution
objects.

Instead of modifying the detector itself, we focus on the lack of annotations on
far pedestrians in autonomous driving datasets. Fig. @ shows the distribution
of distances of the pedestrians annotated with 2D bounding boxes in the KITTI
dataset. The frequency roughly declines with distance (when distance > 10m)
and only 0.38% (44 out of 11470) of annotated pedestrians are over 50 meters away.
There are, however, pedestrians in this distance range (according to the depth maps
provided by KITTI [9]) captured in the raw images but left unannotated. This is

detrimental to far pedestrian detection because any prediction would be judged



as a false positive (misdetection) when no ground truth label is attached to this
region. Therefore, we cannot expect a detector trained on KITTTI to learn to detect
pedestrians that are more than 50 meters away. This is extremely dangerous because
a car running at 100 km/h can cover 50 meters in 2 seconds. To solve this problem,
we need to complement the datasets with the missing annotations on far pedestrians
before training detectors to extract features from them. An augmented dataset
with adequate annotations on far pedestrians would help unleash the potential of

detection algorithms for far pedestrian detection.

1.2 Overview

In order to address the far pedestrian detection problem, we aim to augment
existing autonomous driving datasets with more accurately annotated pedestrians
at far positions. Specifically, we cut out annotated pedestrians from the dataset
and relocate them farther out along with the labels on them with proper scale and
occlusion. We call this method “pedestrian relocation.”

We propose a static one-frame pedestrian relocation method and a dynamic multi-
frame relocation framework built on top of it. The cut-outs are obtained with
existing instance segmentation methods (e.g. Mask R-CNN [I0]) for one-frame
pedestrian relocation or with video panoptic segmentation (e.g. VPSNet [I1]) for
multi-frame usage. The scales of relocated pedestrians are determined by regressing
a scale factor for each image (See Sec. B2). We realize photorealistic pedestrian
synthesis with a novel strategy that combines Poisson Image Editing [12], color shift
and edge blurring (See Sec. B33). We generate clear occlusion using depth maps
that are refined with high-resolution depth maps [[[3] estimated from corresponding
raw images (Also see Sec. B33). For dynamic pedestrian relocation, the camera ego-
motion needs to be obtained first. It is achieved with OpenVSLAM [I4], if ground
truth inter-frame relative camera poses are not provided (See Sec. BA). After the
acquisition of camera ego-motion, we estimate 3D motions of cut-out pedestrians
from source image sequences (See Sec. BA) and reproduce them in target sequences
(See Sec. BM).

We evaluate pedestrian relocation both qualitatively and quantitatively. First, we



show example outputs of the pedestrian relocation pipeline. We demonstrate with
these examples how each approach contributes to the plausibility and naturalness
of the final results. Second, we verify the effectiveness of pedestrian relocation as a
data augmentation strategy for far pedestrian detection and instance segmentation
through comparative experiments. As a result, we found that our method is able
to slightly improve the accuracy of Mask R-CNN in both tasks.

In summary, the contributions of this research are two-fold:

1. We propose a static pedestrian relocation method and find through exper-
iments that it slightly improves the performance of Mask R-CNN in both
detection and instance segmentation regarding “far pedestrians” (50 pixels or

less in height).

2. We further propose a dynamic pedestrian relocation framework that real-
izes sequence-to-sequence relocation with spatio-temporal consistency across

frames.

We present a novel solution to the far pedestrian detection problem. We believe
our pedestrian relocation strategy will open up new possibilities for the autonomous

driving industry.



2 Related Work

In this chapter, we first introduce previous works on the topic of pedestrian detec-
tion with special emphasis on those attempting to improve far pedestrian detection.
Next, we give a brief introduction of several datasets related to this research. Fi-
nally, we present multiple existing works that perform pedestrian synthesis into

traffic scenes and compare them with pedestrian relocation.

2.1 Far Pedestrian Detection

Pedestrian detection is a well-studied topic in the field of computer vision. Initial
pedestrian detection algorithms depended on classifiers such as linear SVM [2] and
Adaboost [15] to classify low-level features extracted from images such as HOG [2],
color self similarity [I6] and shapelet features [I7]. In recent years, deep-learning-
based methods including YOLOvV3 [I8] and Faster R-CNN [3] have been updating
the state-of-the-art accuracy.

Despite high overall accuracy in pedestrian detection, special scenarios such as
occluded or distant pedestrians still remain challenging. As is pointed out by [5] and
[6], low resolution of far pedestrians contributes to a considerable part of detection
failures. Dinakaran et al. [I9] claim that the issue can be alleviated by increasing
resolution. Consequent rise of computational cost, however, makes it impractical
for self-driving application which requires real-time inference.

Several recent works have attempted to tackle the far pedestrian detection prob-
lem by modifying network architectures for better adaptation to different scales of
people [3, IO, B, 20, 21, 22]. These methods, however, still cannot realize their full
potential without sufficient annotations on far pedestrians. Thus, datasets with
incomplete pedestrian annotations have become a bottleneck of the far pedestrian
detection paradigm. Therefore, we consider it more important to complement the
datasets with more accurate annotations on far pedestrians to lay a foundation for

methods based on deep neural networks.



2.2 Traffic Scene Datasets

Rapid improvement of pedestrian detection algorithms is also a result of an emer-
gence of public pedestrian detection benchmarks. Large-scale datasets not only en-
abled model training with large amounts of data but also made detailed evaluations
of different scenarios possible. For example, the Caltech Pedestrian Dataset [23]
grouped pedestrians into three scales based on their pixel-wise heights: near (80 or
more pixels), medium (30-80 pixels) and far (30 pixels or less). CityPersons [1], a
pedestrian detection dataset based on Cityscapes [24], similarly categorizes those
pedestrians whose pixel-wise heights are between 30 and 80 as “smaller” pedestri-
ans. Pixel-wise height is a metric suitable for the definition of “far pedestrians”
for its strong correlation with the difficulty of human detection and segmentation.
There is not, however, a universal definition that applies to all datasets since the
relationship between pixel-wise heights of pedestrians and their actual distances is
highly dependent on image resolutions.

Comprehensive road scene datasets such as KITTI [9] and Cityscapes offers di-
verse types of annotations, which opens up new possibilities for pedestrian-related
tasks. KITTI provides annotation files for tasks such as depth estimation, visual
odometry, object detection and tracking, semantic segmentation, and optical flow.
KITTI-STEP (Segmenting and Tracking Every Pixel) [25], a subset of KITTI, pro-
vides 20 image sequences with dense panoptic annotations and object tracking IDs.
We executed pedestrian relocation on KITTI-STEP in our quantitative experiment
(Sec. E) since our method requires high-quality panoptic segmentation maps as
preparation. Cityscapes provides raw images with higher resolution and thus have
more distant objects annotated than KITTT [24]. This is the reason why we chose

Cityscapes as the test dataset.

2.3 Pedestrian Synthesis

Object synthesis in traffic scenes has been widely studied in recent years. Chen
et al. [26] enabled geometry-aware object composition into novel scenes rendered

at novel poses. This work, however, focuses on rigid object insertion (e.g. vehicles),



and its effectiveness on deformable human bodies is not evaluated.

As for human image synthesis, Minkesh et al. [27] extract human images from
source images with Mask R-CNN [I0] and simply paste them into target images.
This direct “copy and paste” approach leaves their synthesis results unnatural.
By contrast, our method accomplishes photorealistic results by integrating Poisson
Image Editing [[7] into our synthesis methodology. Naturalness of our synthesis
results allows CNNs (Convolutional Neural Networks) to extract useful features for
pedestrian detection. Wang et al. [28] implemented a user interface where one can
manually insert a pedestrian into a scene with realistic scale and lighting. They also
mentioned data augmentation as a potential application of it. While their method
supports only one-frame insertion, ours can further achieve spatio-temporally con-
sistent multi-frame pedestrian relocation. Moreover, we quantitatively evaluated
the effectiveness of our method as a data augmentation strategy.

There are also other recent works that use pedestrian synthesis as a way to
augment datasets. A great proportion of them use GANs (Generative Adversarial
Networks) to generate new pedestrians. Zhi et al. [29] use a GAN to change poses
of pedestrians in the EuroCity Person dataset [30] for better generalization. Note
that it does not increase the number of pedestrians in the dataset and is thus unable
to generate more far pedestrians. Similarly, the GAN model proposed by Vobecky
et al. [B1] generates synthetic pedestrians with new poses for data augmentation,
but they did not show far-pedestrian-based results, either.

Zhang et al. [37] take a slightly different approach to data augmentation. They
let GAN learn plausible object placements in traffic scenes and rearrange objects
in the scenes to diversify datasets. It relies on segmentation of salient objects in
the first place, which makes object placement at far positions difficult for the GAN.
On the other hand, our method makes full use of geometric information to realize
pedestrian relocation that is robust to distance variation.

To sum up, we are the first to focus on boosting far pedestrian detection and

instance segmentation though there have been similar works previously.



3 Pedestrian Relocation

In this chapter, we first give an overview of the whole pedestrian relocation
pipeline. Then, we go into detail about methods implemented in each module

defined in the overview section.

3.1 Overview

In this thesis, we propose a pedestrian relocation framework for data augmen-
tation. As shown in Fig. BT the pedestrian relocation pipeline involves cutting
out annotated pedestrians from source image sequences and synthesizing them into
target scenes with correct scale, occlusion, and spatio-temporal consistency. The
whole pipeline can be divided into 5 major modules: (1) a scale regression module
that samples “ground” pixels from the depth map of a given scene and calculate
a scale factor k that best describes the scales of pedestrians throughout the scene,
(2) a photorealistic pedestrian synthesis module that naturally synthesizes a given
cut-out pedestrian into a specified target image with the correct scale and occlusion,
(3) a camera ego-motion estimation module to estimate inter-frame relative cam-
era poses, (4) a pedestrian motion estimation module that calculates 3D motions
of pedestrians in their source scenes, and (5) a final dynamic pedestrian relocation
module that aggregates the 3D motions and the camera ego-motion to update the
location of the pedestrian in the next target frame.

For static one-frame synthesis, only modules (1) and (2) are required. To perform
temporally consistent dynamic pedestrian relocation between two i-frame sequences,
all five modules are needed and the pipeline is cycled ¢ times. For both static and
dynamic usage, depth maps and panoptic segmentation[33] of both source and tar-
get images are prepared in advance. It is desirable to have ground truth depth
maps that provide correct scales since pedestrian relocation relies heavily on depth
information to calculate scales and realize robust 3D transform. Panoptic segmen-

tation can be achieved by UPSNet[34] for single images or VPSNet[I1] for image



sequences. For dynamic pedestrian relocation only, the pipeline further requires rel-
ative camera poses to enable camera coordinate transform. It is ideal to use ground
truth camera poses, but since few datasets provide them, we will introduce an al-
ternative solution with visual SLAM in Sec. B4. In addition, the scale regression
module uses keypoint information to filter out invalid (occluded, truncated, too
small, etc.) pedestrians. Again, we typically use an existing keypoint detector (e.g.
OpenPose[35]) to fulfill this purpose since most mainstream autonomous driving

datasets do not contain human pose information.

3.2 Scale Regression

Since correct scales are required for plausible pedestrian relocation, we need to
find the size to which a pedestrian cut-out should be rescaled for any specified
position in a target scene. Inspired by Wang et al. [2R, B6], we use linear regression
to calculate a scale factor k for every image. The k describes the relationship
between pixel-wise heights of pedestrians and their depths (distances from camera)
in an image. We base scale regression on two assumptions: (1) the ground can be
well-approximated by a plane; (2) all pedestrians are the same height in the 3D
world coordinate. Scale regression is the same as what Wang et al. proposed in [25]
except when real heights of pedestrians are known (as is the case with the KITTI
object tracking dataset). In this case, we leave out assumption (2) and obtain a
more accurate k by normalizing all pedestrian heights to a preset standard height.

According to assumption (1), all ground points (X, Y, Z) in a 3D world coordinate

should follow a plane equation:
AX+BY +CZ =1. (3.1)

Let H be the standard height of pedestrians in world coordinates, then we have

under perspective projection that

f f f
—X-Ly=v.Lph=pg.L
€ Z?y Z’ Z’

where (z,y) is the bottom middle point (middle point of the lower edge of the

(3.2)

bounding box) of any pedestrian in the image coordinate, h stands for their pixel-

wise height and f denotes the focal length of camera. Eliminating X and Y in Eq.



B with Eq. B2, we have

A B 1
7:6—1—73/—1—0:2. (3.3)
Letting a = ?, b= ?, c=C and k = fH, finally we have
1
ax—l—by—kc:E, (3.4)
1

where k is the scale factor. Note that Eq. B3 applies to all pixels belonging to
the ground. Therefore, we can sample image coordinates and their corresponding
ground truth depths (z,y,7) from “ground” pixels to regress plane parameters
(a,b,c). Then, pixel-wise heights of all pedestrians in an image can be used to
calculate k£ with another linear regression.

Fig. B2 shows an outline of the scale regression module. First, we generate a bi-
nary mask indicating “ground” regions from the semantic segmentation mask. Next,
we randomly get a certain number of (z,y,Z) samples (Z can be obtained from
depth maps) within the binary mask and use linear regression based on RANSAC
algorithm [87] to solve for plane parameters (a,b,c). Instead of totally random
sampling, we use a sampling weight that is proportional to Z3 to acquire unbiased
samples with respect to depth. In parallel, keypoint detection is performed to filter
out invalid pedestrians whose heights are not fully visible. Usually, we use Open-
Pose [35] as the keypoint detector. This step can be replaced by a usage of occlusion
labels, if available (as is the case with the KITTI object tracking dataset). Then, we
collect the bottom middle points (x,y) and pixel-wise heights h of all valid pedes-
trians in the image. Finally, we calculate disparities (inverse depths) 1/Z through
Eq. B4 and compute the scale factor k£ using linear regression. Namely, we solve
for the £ in

k(ax +by+c)=h. (3.6)

Note that k is set to a default value when no valid pedestrian is found throughout

the scene.
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3.3 Photorealistic Pedestrian Synthesis

Plausible pedestrian synthesis should achieve correct scale and occlusion. First,
this module takes as input a specified bottom middle point (z,y) at which to put
a pedestrian and get the corresponding target depth Z. If it is the first frame
to place the pedestrian, the module randomly selects an (z,y) from ground pixels
and gets the Z from the ground truth depth map. Otherwise, (z,y, Z) is updated
by the dynamic pedestrian relocation module. Next, it rescales the given cut-out
bounding box by aligning its height to the h obtained through Eq. BZ using k
and Z. Then, it queries the depth map to judge which parts of the synthesized
pedestrian should be occluded. For most datasets, ground truth depth maps either
have unclear edges (e.g. Cityscapes [24]) or are overly sparse (e.g. KITTI [9]). As
shown in Fig. B33, we estimate high-resolution depth maps with MergeNet [L3] for
all frames and align their scales with their ground truth counterparts. We make up
for the incompleteness of ground truth depth maps in this way. The alignment is
achieved through RANSAC linear regression. Note that initialization of pedestrian
position and depth map alignment adopt the same weighted sampling methodology
as that of plane parameter regression (See Sec. B32).

As shown in Fig. B4, we further adjust colors and blurriness of pedestrians to
fit them in the target backgrounds naturally. In terms of color adjustment, we
take a mixed strategy of Poisson Image Editing (PIE) [I2] and conventional “copy
and paste.” The general idea of PIE is to seamlessly embed a foreground image
into a background image by retaining the gradients of the source image while keep-
ing the continuity at the composition boundary. It works relatively well when the
background is generally the same color. As shown in Fig. B4, however, pedestrians
synthesized with PIE are prone to be eroded by complicated road scene backgrounds
with sharp color change and thus look transparent. Nonetheless, pedestrians syn-
thesized in this way are usually globally inconspicuous. We take advantage of this
by computing the average color of the pedestrian synthesized with PIE to guide
a color shift process. Specifically, we first compute the difference of average RGB

colors within the segmentation mask of the pedestrian between the PIE result and
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the source image. We then let the RGB color of the source image shift by a certain
proportion of that difference. Namely, the color-shifted pedestrian cut-out image I,
should be

L(x,y) =L(xy)+a Y (Llzy) - Lx,y), (3.7)

(z,y)Emask

where I is the rescaled pedestrian cut-out image, J. is the PIE result, ¢ € {R, G, B}
is a color channel, mask here is a binary mask indicating which pixels belong to the
pedestrian and is derived from the panoptic segmentation mask, and « is a color shift
coefficient (typically we set v = 0.2). Then we paste the color-shifted pedestrian
cut-out into the target image. This step often causes jagged edge artifacts (Fig.
B2 (c)) due to aliasing. As shown in Fig. B4(a), we fix this issue by blurring the
edges with a Gaussian filter.

We assign the tracking ID to the synthesized pedestrian if specified by the dy-
namic pedestrian relocation module (See Sec. BH). A new instance ID is given
to the synthesized pedestrian otherwise. The corresponding region in the panoptic
segmentation map is updated accordingly. The same region in the refined depth
map is also updated with the target depth Z when the current frame is not the
last in a sequence. In addition, we apply random horizontal flip to further diversify

appearances of synthesized pedestrians.

3.4 Camera Ego-Motion Estimation

Static pedestrian relocation can be achieved with the two modules described
above. When it comes to sequence-to-sequence dynamic relocation, however, an
existence of camera ego-motion (motion of the camera itself across frames) would
hinder both pedestrian motion estimation from source sequences and their reloca-
tion to target sequences. Therefore, we need to estimate the camera ego-motions
of both sequences first to remove the hindrance.

The camera ego-motion of a sequence of images can be described by a series
of relative camera poses. Every relative camera pose between two frames is com-
posed of a 3 x 3 rotation matrix R and a 3 x 1 translation vector ¢. The rotation

and translation represent a change of camera orientations and camera positions,

12



respectively.

If ground truth relative camera poses are not contained in the dataset, we use
OpenVSLAM [I4] to estimate them from raw image sequences. OpenVSLAM is
an open-source visual SLAM (Simultaneous Localization and Mapping) toolbox. It
can output camera poses of all frames with respect to the first frame with an image
sequence as input. Notably, monocular visual SLAM algorithms tend to estimate
inaccurate translations especially when the camera is moving slowly or rotating
fast. There are two workarounds to this issue: (1) If vehicle speed information
is available (as is the case with Cityscapes), we rescale the Euclidean norm of
every output translation to the corresponding vehicle speed; (2) If stereo images
are available, the stereo option of OpenVSLAM can be used for better estimation

of translations.

3.5 Pedestrian Motion Estimation

With known relative camera poses, we can use them to counteract the camera
ego-motion and find out what the 3D motion of each pedestrian would be in a fixed
camera coordinate system. As shown in Fig. B®, the goal of this module is to
calculate the 3D pedestrian motion in the camera coordinate system of the first
frame of a sequence.

We show relationships among different coordinate systems in Fig. B7d. First, for
each frame ¢ where a pedestrian appears, we back-project the image coordinate of

their bottom middle point @} = (27, 4") to the current camera coordinate X :

XZC i i f= 0 x
i i i | i —1|%
XC@ - YCZ = ZCZ 1N = ClK ! [ 1I] Y K = 0 fy yO ) (38)
Z}J 0O 0 1
X5 Y

Y,
Zits Z) is the normalized camera coordinate and K is the intrinsic
C; C;

matrix of camera (thé focal lengths f,, f, and the optical center (x¢, yo) are usually

where z%, = (

available as camera calibration parameters). In addition, Za_ is derived from the
ground truth depth map.
Second, we transform all 3D pedestrian positions into the camera coordinate of

the first frame. As we have the relative camera pose of frame i with respect to the
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first frame (Rg’1 and tgi), camera coordinates X ¢, and X, should satisfy
We invert this process to calculate X, :
i C;—Lyri C; ~140; Ci yi c

where RS = RS and t& = —RS ¢S
After the unification of all 3D positions into the camera coordinate system of the
first frame, we finally get camera-invariant 3D motions of the pedestrian that are

ready for transfer to other sequences:
AX'=X{'— Xt ,i=1,2,3,...,L—1, (3.11)

where L is the length of the image sequence where the pedestrian appears.

3.6 Dynamic Pedestrian Relocation

As shown in Fig. B7, we solve an inverse problem of pedestrian motion estimation
to achieve spatio-temporally consistent pedestrian relocation. Given the 3D motion
of a pedestrian, their position in the previous frame, and relative camera pose, we
need to find out where they should appear in the next frame. In this way, we can
update the bottom middle point and target depth indicating where the pedestrian
should be in the next frame and start the next cycle.

Fig. B8 shows an outline of the dynamic pedestrian relocation module. First, the
module takes as input the current bottom middle point (z°,y%) and target depth
Za_ and obtain the 3D pedestrian position in the current camera coordinate system
X ZOZ through backward projection (Eq. BR). Second, it updates the 3D position by

adding the motion estimated from the source sequence:
X=X, +AX". (3.12)

Note that the updated position is still in the previous camera coordinate system.
Since we do not always have the relative camera pose between frame ¢ and i + 1,

we transform X' to X&' first and then X5 to X3! -
i 1 1 i1

i C; 1 yri c; L0 C1 yi C
Xg!=Re, X&' —Re to, = R X+t (3.13)
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X = RGOV XU+t (3.14)

1 1

Finally, we project X lCtL to the image plane

i+1 i+1
zit 2! foo/lon|
1 =K 1 =K YCZ'iH/ZZCiH - ﬁKXCiH (3'15>
1 Cit1

and update the bottom middle point to %™ = (! y*!) and the target depth
to Zé?;ll for the next cycle. The tracking ID is also propagated as it is to the next

cycle.
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4 Experimental Results

In this chapter, we evaluate our method both qualitatively and quantitatively.
First, we show both success and failure cases of the pedestrian relocation results. We
demonstrate with the successful ones how the approaches applied in the framework
contribute to plausibility of final results. With the failure cases, we try to point
out the parts of pedestrian relocation that still need improvement. Next, we quan-
titatively evaluate the effectiveness of pedestrian relocation as a data augmentation

strategy for far pedestrian detection and instance segmentation.

4.1 Qualitative Evaluation of Pedestrian Reloca-
tion

First, we show example results of photorealistic pedestrian synthesis in Fig. B
In the success cases ((a)-(e)), we can see the colors of the synthesized pedestrians
are well adjusted to fit into the target environment. In the failure cases ((f)-(j)),
however, we find the synthesized pedestrians too bright compared to the dark back-
grounds. It shows that our synthesis method struggles to handle a large difference
in brightness between source scenes and target scenes.

Second, we display an example where the refined depth map generated correct
occlusion. We can see in Fig. B2 that the synthesized pedestrian is occluded by a
black car. This example image is cropped from an output image of dynamic pedes-
trian relocation. This type of heavy occlusion, however, is rarely generated in static
pedestrian relocation since we initialize the bottom middle point of a synthesized
pedestrian with a visible “ground” pixel. This bias may cause models to struggle
with occluded pedestrians.

Finally, we show example results of the dynamic pedestrian relocation pipeline
in Fig. B33. In the success case (Fig. BZ3(a)), the walking motion of the syn-
thesized pedestrian is plausible and is not influenced by camera ego-motion. In

the failure case (Fig. B=23(b)), the walking trajectory of the synthesized pedestrian
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is unnaturally zigzag. This type of failure cases is scene-dependent according to
our observation. We consider it a consequence of inaccurate estimation of relative

camera poses either in the source or target sequence.

4.2 Overview: Quantitative Evaluation of Data

Augmentation

The purpose of our data augmentation strategy is to enable deep neural networks
to detect pedestrians at farther distances. As shown in Fig. B4, the Cityscapes
dataset contains more annotated “far pedestrians” (defined later in this section)
than the KITTI dataset. Based on this observation, we train the same model on
KITTT either with or without our data augmentation method implemented and
compare their performances regarding far pedestrians on Cityscapes. The tasks we
tested are single-image pedestrian detection and instance segmentation. We train
a Mask R-CNN to perform these two tasks jointly.

We design our experiment as below: (1) We augment the KITTI-STEP dataset
with static pedestrian relocation; (2) We train Mask R-CNN on KITTI-STEP with
and without data augmentation, respectively; (3) We fine-tune both trained models
to the Cityscapes training set; (4) We evaluate and compare the performances of
the two fine-tuned models on the Cityscapes validation set.

To show the effectiveness of our data augmentation strategy clearly, we give a
new definition of “far pedestrians” and make evaluation metrics strictly about them.
According to the statistics about KITTI-STEP shown in Fig. B4, the frequency of
pedestrians starts to decline sharply when the pixel-wise height falls below 50, and
only 9.4% (686 out of 7257) of annotated pedestrians are in this range. Therefore,
we define a pedestrian whose pixel-wise height is 50 or less as a “far pedestrian.”
During the pedestrian relocation phase, we only add pedestrians at positions where
they can be rescaled to 50 pixels tall or less. We also only count ” far pedestrians”

in the final evaluation.
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4.3 Results

We start with a detailed description of experimental setups. We added 26911
synthetic pedestrians in total (from 7257 to 34169). The color shift coefficient was
a = 0.2. We use Mask R-CNN with a ResNet-50 backbone pretrained on ImageNet
[38]. During training on KITTI-STEP, batch size is set to 16 and we train 90000
iterations in total. During fine-tuning on Cityscapes training dataset, we freeze
weights in the backbone (i.e. only train prediction heads) to retain its capability
of feature extraction trained on KITTI-STEP. We still set the batch size to 16
and train 10000 iterations during this stage. We adopt stochastic gradient descent
(SGD) as the optimizer. We convert all KITTI-STEP and Cityscapes annotations
into the COCO format [39] for training, validation and training.

We show the quantitative results in Table BZ. The metrics we adopted are
AP (average precision), AP5y (AP with IoU threshold at 0.5) and AP7; (AP with
IoU threshold at 0.75), all of which are official COCO metrics. We can see that
the model trained with pedestrian relocation as data augmentation has a slight
advantage over the one trained without data augmentation in every metric (except
for AP75 for instance segmentation where the difference is as small as 0.001). Since
all other conditions are kept the same, we can conclude that our data augmentation
strategy is effective for both far pedestrian detection and instance segmentation.

As shown in Fig. B2, the model trained with augmented data is able to detect far
pedestrians with higher confidence than the one trained without data augmentation.
It shows that our data augmentation strategy helped the model detect and segment
farther pedestrians.

We show in Fig. B08 an example of misdetections made only by the model trained
with data augmentation. We attribute the emergence of these false positives to
low-quality pedestrian synthesis. There exist relocated pedestrians in the outputs
who can hardly be recognized as humans. There are two possible reasons for this.
First, shape features of these pedestrians are lost due to erroneous panoptic masks.
Second, improper down-sampling strategy introduced noise or artifacts to the ap-
pearance of these pedestrians. If we can fix these issues in the future, we expect

that frequencies of false positives will go down and AP can be further improved.
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5 Conclusion

In this research, we proposed a pedestrian relocation framework to augment exist-
ing autonomous driving datasets with annotated far pedestrians. We quantitatively
evaluated the effectiveness of our method for far pedestrian detection and instance
segmentation. We found through comparison that the Mask R-CNN trained on the
augmented dataset performed slightly better than the one trained on the original
dataset. We believe that our data augmentation strategy will lay a solid foundation
for future improvement of far pedestrian detection.

There are a few directions in which we can possibly improve the pedestrian reloca-
tion method. First, appearances of synthesized pedestrians can be further diversi-
fied by a proper pose transfer process. Pose transfer is a task that requires a target
person to change their pose in accordance with the pose of a source person. There
already exist several pose transfer algorithms [0, A1) that can be used. We expect
that integration of pose transfer into the pedestrian relocation framework would
make models trained on datasets augmented by our method more robust to domain
shifts. Second, we can transform our framework into a GAN structure. We can still
keep the rescaling process of pedestrians deterministic since it has already shown
satisfactory robustness. The synthesis results, however, still look unnatural in some
special cases. As already shown in Sec. E, the color shift approach we adopted
cannot handle well pedestrian synthesis into dark backgrounds. To promote nat-
uralness, we can design a discriminator that tries to tell whether a pedestrian in
a generated image is synthesized or not. If naturalness of pedestrian synthesis is
improved, we can expect the trained model to produce fewer false positives during
tests.

In the future, our data augmentation strategy can also be tested for other com-
puter vision tasks. First, we can find out whether pedestrian relocation is also
effective for human pose estimation through similar experiments. For one-frame
human pose estimation models such as OpenPose [B5], static pedestrian relocation

may be helpful to capture human keypoints from a farther distance. For models
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that achieve temporally consistent multi-frame pose estimation such as OpenPifPaf
[@2], we can apply dynamic pedestrian relocation. If our method can also boost
human pose estimation, it will help autonomous driving systems better understand
behaviors of far pedestrians. For example, an estimation of the head pose of a far-
away pedestrian can help a self-driving car judge if the pedestrian is aware of the
car approaching. We believe such applications would further improve safety per-
formance of self-driving vehicles. Apart from safety improvements, there are also
other potential applications that can facilitate the lives of people. For example, it
can assist self-driving taxis to detect hand-waving gestures from farther distances.
Second, we can verify the effectiveness of the dynamic pedestrian relocation method
for pedestrian tracking and re-identification. If a self-driving vehicle is able to track
and re-identify pedestrians from farther distances, it can, for example, predict tra-

jectories of far-away pedestrians and thus have more time to plan its moves.
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Figure 1.1: Distribution of annotated pedestrian distances in KITTTI object tracking
benchmark. The data of pedestrians’ real distance from camera in meter are col-
lected from the ground truth annotations of KITTI object tracking dataset. Only
0.38% (44 out of 11470) of the annotated pedestrians are over 50 meters away from
the camera.
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Figure 3.1: An overview of the pedestrian relocation pipeline. (1) The scale re-

gression module samples “ground” pixels from a depth map and calculate a scale

factor k£ that best describes the scales of pedestrians throughout the scene. (2)

The photorealistic pedestrian synthesis module synthesizes a given cut-out pedes-

trian into a specified target image with correct scale and occlusion. (3) The camera

ego-motion estimation module estimates inter-frame relative camera poses. (4) The

pedestrian motion estimation module calculates 3D motions of pedestrians in their

source scenes. (5) The final dynamic pedestrian relocation module aggregates the

3D motions and the camera ego-motion to update the location of the pedestrian.
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Figure 3.2: An outline of the scale regression module. (1) A binary mask indicating
“ground” regions is generated from the semantic segmentation mask. (2) Inside the
masked region, a certain number of (z,y, Z) samples are obtained from the depth
map. (3) The ground parameters (a, b, ¢) is obtained through linear regression of Eq.
B4. In parallel, (4) keypoint detection is performed to filter out invalid pedestrians
for scale regression, and (5) the bottom middle point (z,y) and pixel-wise height h
are collected from each valid pedestrian. Finally, (6) the scale factor k is calculated
through linear regression of Eq. B8
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Figure 3.3: An example of high-resolution depth maps estimated by MergeNet [3].
We use MiDaS [43] as the backbone of MergeNet.

(a) Color shift+edge blurring  (b) Only edge blurring (c) Only color shift

Figure 3.4: Example of photorealistic pedestrian synthesis
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Figure 3.5: An example of Poisson Image Editing results. The upper half of the
synthesized pedestrian is eroded by the white background (bus), while the lower
half is eroded by the gray background (road).
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(a) The first frame of a 6-frame sequence from Cityscapes [74]

(b) The final frame of the same sequence

(c) Trajectory of a pedestrian

Figure 3.6: A visualization of pedestrian motion. To counteract influence of camera
ego-motion, we unify all 3D positions of a pedestrian across frames into the camera
coordinate system of the first frame. As shown in (c), we can get a trajectory of
the pedestrian by connecting these transformed 3D coordinates.
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(f) () (h) (i) ()

Figure 4.1: Success and failure cases of photorealistic pedestrian synthesis. (a)-(e)
are success cases and (f)-(j) are failure cases.

Figure 4.2: Example of generated occlusion
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(a) Success case (b) Failure case

Figure 4.3: Success and failure cases of dynamic pedestrian relocation. The relocated
pedestrians are marked by red bounding boxes.
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(b) KITTI-STEP [25]

Figure 4.4: Histograms of pedestrian heights in pixel
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(a) Ground truth

(b) Prediction made by the model trained without data augmentation

(c) Prediction made by the model trained with data augmentation

Figure 4.5: A comparison of a pair of predictions made by the two models. There
are two pedestrians who are almost equally far from the camera. The model trained
with data augmentation is able to detect both of them with higher confidence, while
the model trained without data augmentation detects only one of them with lower

confidence.
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(a) Ground truth

(b) Prediction made by the model trained without data augmentation

(c) Prediction made by the model trained with data augmentation

Figure 4.6: An example of misdetections made only by the model trained with data
augmentation. It mistakes a traffic sign for a pedestrian with high confidence.
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Task Detection Instance Segmentation

Metric AP AP5 AP AP APs, AP5

w/o Pedestrian Relocation || 4.800 | 15.214 | 1.961 3.671 | 12.291 | 0.657
w/ Pedestrian Relocation || 5.917 | 16.640 | 2.452 3.931 | 13.379 | 0.658
Improvement 1.117 | 1.426 | 0.491 0.260 1.088 | 0.001

Table 4.1: Quantitative results on Cityscapes validation dataset [24]. We train Mask
R-CNN [10] on KITTI-STEP [25] either with or without pedestrian relocation as
data augmentation. Then, we fine-tune both models on Cityscapes training dataset.

Finally, we evaluate and compare their performance for far pedestrian detection

and instance segmentation on the validation set. The evaluation is based on official

COCO metrics [BY].
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