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(a) Robot Follow-Ahead: illustration (left) and real-robot demonstration (right)
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(b) Human Pose Forecasting: Synthetic (left) and realistic (right) dataset

Fig. 1: (a) The Robot Follow-Ahead Task: A mobile robot maintains the sight of a human actor while driving in front of them in an indoor environment
(b) Map-aware human pose prediction. To achieve the follow-ahead task, given the pose histories (shown in green), we predict long-term human poses
(shown in red with ground truth in blue) by incorporating the local map information and generating input for a predictive robot controller.

Abstract—In the robot follow-ahead task, a mobile robot is
tasked to maintain its relative position in front of a moving
human actor while keeping the actor in sight. To accomplish
this task, it is important that the robot understand the full
3D pose of the human (since the head orientation can be
different than the torso) and predict future human poses so as
to plan accordingly. This prediction task is especially tricky in
a complex environment with junctions and multiple corridors.
In this work, we address the problem of forecasting the full
3D trajectory of a human in such environments. Qur main
insight is to show that one can first predict the 2D trajectory
and then estimate the full 3D trajectory by conditioning the
estimator on the predicted 2D trajectory. With this approach,
we achieve results comparable or better than the state-of-the-
art methods three times faster. As part of our contribution, we
present a new dataset where, in contrast to existing datasets,
the human meotion is in a much larger area than a single
room. We also present a complete robot system that integrates
our human pose forecasting network on the mobile robot to
enable real-time robot follow-ahead and present results from
real-world experiments in multiple buildings on campus. Our
project page, including supplementary material and videos,
can be found at: https://qingyuan-jiang.github.io/
iros2024_poseForecasting/

I. INTRODUCTION

Imagine a robot working as a photographer and recording
videos in front of a moving actor. To keep sight of the
front of the actor’s body and facial expressions, the robot
needs to drive in front of the actor, catch their pace, and
actively predict their motion while avoiding obstacles in the
environment. This task of controlling a robot to maintain the
visibility of a human actor while driving in front of them,
is called “robot follow-ahead” [1], [2]. A key component of
existing robot follow-ahead approaches is to predict future
human poses [3] to help the robot stay in front of the actor
without losing their sight.
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While arbitrary human trajectories are feasible in open
spaces, obstacles in indoor environments constrain the set of
possible motions and, therefore, reduce the space of available
trajectories. To provide sufficient information for human pose
forecasting, researchers have been exploring the advantage of
using environmental information [4], [5], [6], [7]. Suppose
a human is walking in a hallway facing a left turn ahead.
With high probability, the actor would take a left turn after
a few steps. Such information may help with human pose
prediction over a long time horizon. Aiming for the follow-
ahead task in a real-robot setting, we show how environment
information can be used to predict long-horizon human poses
and propose a real-time human pose prediction method that
runs three times faster than the state-of-the-art methods and
performs better or comparable.

Moreover, existing human pose forecasting datasets that
contain environmental information are either limited to a
single room region such as PROX [8] or gathered from
synthetic data [9]. To overcome these issues, we built a
robot (Fig. 2) with two cameras that can localize the robot
and simultaneously record human motion in a building-scale
space. We collect a realistic dataset (Real-IM: Real Indoor
Motion Dataset) containing human motion with complete en-
vironmental information and multiple human motion styles.
We train our human pose prediction model on both synthetic
data [9] and on our new Real-IM dataset. We show in
Sec. VII that our method outperforms the state-of-the-art
methods for predicting both the trajectory and pose of the
human. With the predicted human pose, we demonstrate that
the proposed real-time algorithm enables the robot to follow
a human in the front in real-world experiments.

From the robot follow-ahead perspective, the closest work
is [3], which uses human pose prediction results to perform
robot follow-ahead in an open space. However, they require
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Fig. 2: Robot. Our mobile robot is assembled with two Realsense RGB-
D cameras based on a Rover robot. We use the front camera to build the
map for localization while navigating. The rear camera detects and tracks
the human actor for 3D skeleton poses. The robot coordinate frame is also
shown.

an extra third-person-view camera to localize the actor and
are therefore constrained in a single-room region. Ours
is the first work to demonstrate robot follow-ahead in a
building-scale environment without relying on other off-
board cameras and utilizing full 3D pose information.

Our contributions can be summarized as follows:

1) We present a new real-time method for human pose
forecasting that considers the surrounding environment
represented as occupancy maps.

2) We present a new building-scale real-world dataset for
human pose prediction by building a robot system with
dual cameras for localization and navigation.

3) We conduct experiments on synthetic and the pro-
posed realistic datasets. Our method outperforms the
baselines and state-of-the-art methods on both trajec-
tory prediction and long-term human pose forecasting.
Moreover, we show that our method is three times
faster than existing methods, which allows us to per-
form robot follow-ahead in a real-world setup with a
simple controller.

II. RELATED WORK

We summarize related work in two directions:
follow-ahead and the human pose prediction.

A. Robot Follow-Ahead

The human follow-ahead problem was studied earlier
in [1]. Kalman Filter [1] or Extended Kalman Filter [10],
[11] are used to estimate the human trajectory. The Deep
Reinforcement Learning method in [12] implicitly predicts
the human trajectory by setting rewards. None of these works
predicted full human poses. Recently, the work of [3] jointly
predicts the human trajectory and human poses for the robot
to follow ahead in an open space. However, an offboard
third-person-view camera is still needed. In addition, human
tractories are predicted in [13], [14] in Bird-Eye view (BEV).
One recent work [15] predicts the human trajectory using
the human skeleton poses. Our work focuses on human pose
prediction for the robot’s follow-ahead problem and proposes
to plan the robot’s path by forecasting the human pose given
the environmental information.

robot

B. Human Pose Prediction

Prediction of the human pose attracted increasing attention
in the past few years [16], [17], [18], [19]. Researchers

have managed to predict the human poses in an open
space using architectures such as Multi-Layer Perception
(MLP) [20], Generative Adversarial Networks (GANs) [21],
[18], diffusion-based method [17], Graph Convolutional Net-
works (GCN) [22], or Transformers [23], [24], [25], [26].

Recent work started to incorporate environmental infor-
mation with the human motion prediction task [9], [27],
[4] and the human pose synthesis task [28], [6], [8], [29].
This body of literature relies on data generated with a
simulation-based large-scale dataset [9] and in PROX [8]
with a single-room realistic dataset. In order to deal with the
human-environment interaction, some work explicitly pre-
dicts the goal and the path (or contact points) [9], [4], [27].
Methods include using conditional variational autoencoders
(cVAE) [9], [4] or GANs [6]. Computationally expensive
calculations such as voxelization [4] or contact map [27]
are involved. Some work extract the environment features
implicitly using PointNet [28], [29] or ResNetl8 [6], [5].
Meanwhile, diffusion-based models have been proposed to
generate human poses [7].

We build our work on [27]. We use a similar Gated Recur-
rent Unit (GRU) based network structure, but we focus on
different scales of the human pose forecasting problem. By
considering the interaction between the full 3D environment
point cloud and the actor’s joints, CA [27] addresses better on
the complex human-environment interaction in a small space,
such as sitting on a sofa or lying in bed. In contrast, we aim to
forecast human poses for robot follow-ahead tasks. We focus
on larger indoor scenes while the human is walking with less
contact with objects. We improve and speed up the long-term
trajectory prediction by conditioning it on a 2D occupancy
map. In Sec. VII-B, we show that considering only 2D maps
is faster than considering the full 3D geometry for this setup
and can achieve a better forecasting performance in a long
time horizon.

ITII. PROBLEM FORMULATION

We formulate the human pose prediction problem in a
known environment as follows. We define a human pose
with J joints as x € R7*3. The past N-step human motion
is represented as Xi.xy = [X1,X2,...,Xx] € RVNXIX3,
All the human joints are represented in the latest human
pose’s coordinate frame. We use the human actor’s torso (hip)
keypoint’s position x* to represent the human trajectory in
2D. We denote the human’s surrounding environment as S.
Given the human pose history Xi.ny and the surrounding
environment S, we would like to forecast the future human
poses X n41:. 847 With our network F within time horizon
T. That is:

Xni1vir = F(Xin,S) (D

Similar to existing works, we assume only one person
is observed by the robot. We also assume the environment
is entirely static and known to the robot. In Sec. VII, we
investigate the performance of human pose prediction given a
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fully known map, a limited field of view, and a fully unknown
map.

IV. APPROACH

Given human history poses and surrounding environment,
our method predicts the future poses in two steps similar
to [9], [4]: first predict a human trajectory in the 2D
environment, then complete the full-body pose based on the
predicted trajectory. Note that the human heading direction
can differ from the torso and the 2D trajectory. The motion
planning module needs a full-body pose as input to calculate
the viewing quality. Therefore, we predict full-body poses
instead of a 2D trajectory for human motion. The following
subsections introduce our representation of the environment
and human poses. Then, we describe each component in our
network architecture in detail.

A. Representation

Occupancy Map. We want to use environmental infor-
mation to help with human motion prediction. We represent
the environment with the local occupancy map S; around
the human pose X;. We clip the local occupancy map by
distance d, and d, along x-axis and y-axis of the actor frame,
respectively. We denote the resolution of the occupancy map
as r.

We encode the human pose X;.y with two more repre-
sentations. A trajectory map and a local pose.

Trajectory and trajectory map. First, we extract the tra-
Jjectory of the human based on the torso, i.e., x{,x5,...,X%.
We denote the 2D human trajectory path as P;.n =
(x4,x4,...,x%) € RN*2 Note that all x¢ are in the
human pose’s coordinate frame. Then, we encode them into a
trajectory map. At each timestamp x¢ = (x, y, z), we project
x{ into the 2D map with the same resolution and center
as the local occupancy map. We use a binary map as the
ground truth for training. I(u,v) = 1 if (u,v) = ((z,y) —
(dg,dy))/r. u, v is the pixel coordinate. We use a Gaussian
distribution heatmap as the observation. The Gaussian has a
center at the projected position with a predefined covariance
o. I(u,v) = N((u,v),0). Thus, we represent the human
torso trajectory with the trajectory map M.y by shape
H x W x N, as shown in Fig. 3.

Local pose. For a human pose x, we subtract the human
pose by the torso position x® to describe the human pose

regardless of the position. We denote it as x* = x — x.
And XI o = [xBt xf o0 xE.
B. PathNet

We predict the human trajectory with the occupancy map
and the human trajectory history based on a U-net [30]
architecture similar to [13]. We concatenate the occupancy
map of the last frame Sy and the human past trajectory
map M;j.y, and input it to an encoder ®. We extract
the bottleneck vector as the latent feature vector z and
concatenate it with the past trajectory P1.n. We decode the
feature vector with the decoder ) to a probability trajectory

map l\A/IN+1:N+T with shape H x W x T. We use soft-
argmax [31], [32] to calculate the actor’s position for each
time stamp in the future.

Ztraj = i)(SN7 Ml:N) )
My s1:8+7 = ¥ (Ziraj, P1y) 3)
Pyyiivir = softarg max(My1.n-47) 4

We use multiple loss functions as training objectives to
ensure the planning trajectory is accurate in the long term
and collision-free. We define a trajectory loss Lyyqj, a final
position loss L#inqi, and a trajectory map loss L4, and a
collision loss L.

N+T

1 N
Liraj = — P,—P
v =7 2 [P

Liinal = Py — Pnirl2

N+T A )
> BCE(My, M)

t=N+1

| NAT

Ecol = T Z (Mt . |S|)

t=N+1

£map = 7

BCE represents the Binary Cross-Entropy loss with weight
w. The overall loss term is given by the sum of the loss terms
with weights A. In the experiment section, we empirically
select w =40, A3 =2 and A\ = Ay = Xy = 1.0.

L= )\1 ‘Ctraj + )\2£final + )\3£map + )\4‘Ccol (6)

C. PoseNet

Given the trajectory prediction P N+1:N+7 and human
local pose history X%, we predict the human local pose
Xﬁ 11N With a Gated Recurrent Unit (GRU) network
first. Then, we transform the local pose to the predicted
position by each time stamp. We first encode the past local
pose X1, and predicted trajectory P N+1:N+T Sseparately
with Multi-layer Perceptrons (MLPs). We concatenate and
feed the latent feature z,,s. into the GRU network ©. We
then decode the local pose recurrently by a GRU cell module
I' using the latent feature z,,4. at each time stamp.

Zpose,N = Q(Xﬁz\n PN+1:N+T)
Zpose,(t41)> Xﬁrl = T(Zpose.t, Pt) (7
X, = XP+ B,

The loss function Ly, is given in Eq. 8. We use the

ground truth trajectory as the input during the training time
and trajectory prediction from the PoseNet at inference time.

N+T

1 L
Lpose = 777 Yo DX =X (®)

t=N+1 J

13032



Lmap + Lcollision

Ltraj + Lfinal

concatenate

Map

>

N%

o

Encoder

Occupancy

ﬁ |

Decoder Trajectory Map — Trajectory

Hip shift

— P

|

.J_/.

L L. Pose
' Prediction Predicuon Prediction
/D/ — > > L
l Trajectory Map Trajectory PathNet
4
l MLP Zgqj GRU  GRUcell MLP Local Pose
L. R i} Prediction
Pose History

Local Pose MLP  Zpose PoseNet

Fig. 3: Network. Our network has two parts. A PathNet to predict human trajectory, and a PoseNet to predict human future poses. The PathNet takes input
from the occupancy map as well as the human trajectory and predicts the human future trajectory. The PoseNet uses the prediction results and local pose
as input and predicts the future poses with a Gated Recurrent Unit (GRU) based network.

V. SYSTEM DESIGN

We first present the mobile robot system in Sec. V-A and
then introduce the software architecture in Sec. V-B.

A. Robot

We build our robot system based on the Rover mobile
robot [33]. As shown in Fig. 2, we install two Realsense
cameras to perform navigation in the indoor environment and
simultaneously track human pose. More specifically, we use
a Realsense D455 as our front camera and use a Realsense
D435 as the rear camera. We map and localize the robot with
the front camera by combining visual odometry and IMU
sensor reading. Our onboard computer is equipped with an
Intel I7 processor, 32G RAM, and a P3200 Nvidia GPU.

B. Modules

Our mobile robot system consists of four modules built on
the Robot Operation System (ROS) [34]. We briefly describe
our system architecture in this section; additional details can
be found in the supplementary material.

Mapping and localization. To create 2D and 3D maps,
we use the RGB-D image and IMU data from the front
camera. We apply the rtabmap package [35] to create visual
odometry from color images and merge it with the IMU
reading by using the robot_localization package [36]. The
merged odometry is used for mapping the environment and
for localization during navigation.

Human Pose Detection. We use Yolo-v8 [37] to extract
the human skeleton pose from the color images and set the
detection frequency to 15Hz on our onboard computer. By
combining the pose estimation result with the depth image
and the localization result, we obtain the 3D skeleton pose
and transform it into the global frame.

Human Pose Forecast. We run our human pose fore-
casting algorithm in real-time as in Sec. IV. We collect
consecutive 3D poses during inference and transform them
into the latest pose frame. In practice, we execute the forecast
in 15-fps and set our predicting horizon as 3 seconds.

Navigation. We formulate the path planning task as a
finite-horizon optimal control problem. We define our ob-
jective function at each time step based on the Pixels-Per-
Area (PPA) metric [38]. PPA measures the viewing quality by
considering the viewing distance and viewing angle. Given
the predicted human motion, we calculate a sequence of
robot controller inputs such that the total PPA cost over-
time is maximized. We solve this optimal control problem
using the Dynamic Programming (DP) [39] method and plan
the robot’s trajectory. A sequence of target robot poses is
calculated and fed as input to the move_base package [40].
A local path is planned to avoid collision with the environ-
ment and is executed by sending velocity commands to the
robot. We provide more details on this formulation in the
supplementary material attached to our project website.

VI. DATASET

In addition to the standard synthetic dataset: GTA-IM [9],
we are also interested in evaluating our method on a large-
scale real-world dataset. However, existing realistic datasets,
such as PROX [8], are limited to single-room areas. There-
fore, we collect and present the Real Indoor Motion (Real-
IM) dataset for the large-scale human follow-ahead. We
simultaneously capture the entire human body and environ-
ment in building-scale spaces using the robot described in
Sec. V-A. Compared to the existing synthetic dataset (GTA-
IM), our dataset contains more movement patterns, including
walking, crab moving, and varying moving speeds.

We collect 12 sequences from 5 different building halls.
Each sequence contains an approximately four-minute move-
ment. The dataset includes sequences with different lighting
conditions recorded at different times of day. We invited
multiple actors with different walking styles and genders.
We provide the raw ROS bags and pre-processed data for
direct use. In the supplementary material from our webpage,
we present a few sample images from our dataset visualized
in Rviz [34].
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Fig. 4: Qualitative results of the human pose forecasting. Each column corresponds to a different method. Human pose history, prediction results, and
ground truth are shown in green, red, and blue. TR [41] and LT [9] fail to predict the turn (red outline), whereas CA [27] and ours are successful in

correctly predicting it (black outline).

VII. EXPERIMENTS

In this section, we present results from experiments to
compare our human pose prediction algorithm with existing
works. We introduce the experiment setup (Sec. VII-A),
results (Sec. VII-B), and analysis (Sec. VII-C). We will then
demonstrate the robot follow-ahead task with our algorithm
and justify the need for our human pose prediction for this
task (Sec. VII-D).

A. Experiment setup

Baselines. We include two human pose forecasting base-
lines: CA [27] and LT [9]. Similar to our setting, these
methods utilize environmental information when predicting
3D human pose. LT [9] is the first work to forecast human
poses by sequentially predicting a trajectory and estimating
the joint poses. Similar to our network architecture, CA [27]
applies GRU for human pose prediction. As mentioned in the
CA [27] paper, CA outperforms LTD [22], DMGNN [42],
and SLT [29]. Therefore, we do not include these methods in
our experiments. In addition to CA and LT, we implement a
pure Transformer-based method (indicated as TR) by taking
the history of human poses as input and output predicted
future poses.

Metrics. We use Mean Per Joint Position Error (MPJPE)
to measure our performance in predicting the pose and the
trajectory, which is a standard and widely used metric in
human pose prediction [16]. MPJPE provides a quantitative
measure of how close the predicted joint positions are to
the true joint positions, averaged across all joints. A lower

MPIPE indicates a better model performance. As in [27]
and [9], we report hip position errors as the global transition
error (path error) and local 3D pose errors in millimeters
(mm).

Implementation details. We sequentially train our Path-
Net and PoseNet for 1200 epochs each using Adam [43]
optimizer implemented in Pytorch [44]. The learning rate is
set to 0.001 for the PathNet and 1e — 5 for the PoseNet. The
learning rate scheduler has a gamma of 0.1 and a step size of
600. On the GTA-IM dataset, we set the trajectory map and
occupancy map size as 40 x 40 and use them to represent
5m? local space. We choose the same training and testing
set as [27]. On the Real-IM dataset, we use a forecasting
horizon of 3s and predicted occupancy map and trajectory
map of size 8m?.

B. Human Pose Prediction

We compare our human pose prediction network with
the baselines on both synthetic and the proposed real-world
datasets. As shown in Table I and Table II, our method
outperforms the baselines on both trajectory prediction and
human pose forecasting. We improve path prediction sig-
nificantly by providing additional map information beyond
visibility in first-person view. On the pose prediction side,
our method achieves lower error after the first second, which
indicates that CA [27] is more accurate for short-term pre-
diction, while ours is better for longer forecasting horizons,
taking advantage of the trajectory prediction accuracy.

Inference time. In addition to accuracy, we compare
inference speed on our onboard computer across all methods.
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TABLE I: Evaluation results in GTA-IM dataset. We use the same training and testing set as CA [27] and use their reported numbers. Results show
that our methods outperform the state-of-the-art methods. The results also show that by providing additional map information, trajectories are predicted

significantly better, which yields lower pose errors.

Path error (mm)

3D Pose error (mm)

Time (sec

Method ime (sec) 0.5 1.0 1.5 2.0 0.5 1.0 1.5 2.0 mean (2s)
TR [41] 113.7 1874 3758 4712 1124 1164 1293 139.8 118.3
LT [9] 104 163 219 297 91 158 237 328 173
CA [27] 58.0 103.2 1549 221.7 50.8 67.5 75.5 86.9 61.4
Ours (PathNet+GRU)  52.5 99.6 107.3 113.8 51.1 63.6 70.7 75.0 62.9
PathNet (partial) 123.8 1493 237.0 290.9 729 83.5 1147  126.9 110.4
PathNet (unknown) 120.5 145.1 232.6 286.1 724 82.8 105.5 118.0 83.5
Ours w/o L.,y 1128 153.6 2434 2920 71.6 81.0 1006 110.6 81.0
Ours W/o Lmap 1320 1844  320.1 3651 739 86.3 129.6  146.1 93.3

TABLE II: Evaluation results in Real-IM dataset. We report results across both 2s and 3s prediction horizons. Our method performs better than the
baselines on both path and pose prediction. As expected, the error increases along with the horizon for all methods.

Path error (mm)

3D Pose error (mm)

Method Time (sec) 1, |5 20 30 mean(2s) mean(3s) 10 15 20 30 mean(2s) mean (3s)
TR [41] 150.5 249.1 2957 439.1  154.3 2403 899 91.8 938 1012  89.8 92.4

CA [27] 1539 2557 257.6 3743 2532 2574 679 803 864 1092  69.7 80.7

Ours (PathNet+TR) 96.8 970 98.1 984 96.5 97.1
Ours (PathNet+GRU) 1458 165.7 186.9 2402 150.9 1784 G99 755 781 845 70.7 75.0
PathNet (partial) 202.0 319.5 3724 5115 2519 3507 809 88.6 927 1008 832 92.9
PathNet (unknown) 1833 3167 390.9 5832 1927 3088 693 766 812 1019  69.3 76.5
Ours W/o Lo 2044 4496 341.0 4932 4180 4406 1015 1023 952 1150 9938 107.0
Ours W/o Lmap 162.1 2718 4414 7633 1719 316.1 685 804 929 1320 698 90.5

Since CA [27] considers pair-wise point features between
every 3D point and human joint across multiple time frames,
it takes an average of 100.13ms to predict the human poses.
In contrast, considering only 2D maps, our method has an
average inference time of 32.12ms, allowing us to respond
faster in real-world applications.

C. Ablation Study

In this section, we investigate the impact of different
components in our network on human pose prediction.

Map visibility. One of our key contributions is to pro-
vide the local environment map to our PathNet. Therefore,
we study how different map visibility can affect the pose
prediction accuracy. We compare our results, which utilize a
fully known local map, with two baselines: 1) without access
to the map and 2) with a map whose visible area is limited
to the camera FOV, as if the robot is operating in a new
environment. Results from Table I and II show that map
information does play a critical role in improving prediction
accuracy.

GRU vs. Transformers. Transformers [41] have been
shown to outperform GRUs when there’s a sufficient amount
of data [24]. In this section, we compare the performance
of these two modules by replacing GRU with Transformers
in the PoseNet module. As shown in Table II, we observe
that GRU is outperforming Transformers on the 3D pose

prediction task. One possible reason is that our training set
is not large enough, and GRU is sufficient in this case.

Loss terms. During the training process, we expect that by
using L. and L,,,p, the predicted trajectory would avoid
collision with the environment. As shown in Table I and II,
we conduct an ablation study to investigate whether these
loss terms are helpful. Results show that these collision loss
terms do increase the accuracy of both short-term and long-
term trajectory prediction.

D. Robot Follow-ahead

In this section, we investigate the performance of our
algorithm combined with the robot system on the robot
follow-ahead task. As shown in Fig. 5, we compare the
planned robot path using the predicted trajectory against
using the ground truth. We present additional qualitative
results in the supplementary video.

Moreover, we investigate whether our human pose pre-
diction helps with the robot follow-ahead task. We com-
pare our controller, with the human pose prediction as
the input, against two other controlling strategies: (1) a
greedy approach implemented with Extended Kalman Filter
(EKF) for estimating human position: we do not apply any
future pose prediction. Instead, we use a uniform Gaussian
distribution to propagate a future trajectory from the past
human trajectory. We demonstrate the performance of a
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myopic controller that directly reacts to the EKF output. (2) a
Dynamic Programming-based optimal controller that is given
a ground-truth future trajectory as part of the input (DP +
g.t. traj.): This oracle algorithm serves as an upper-bound
controller of this task.

We evaluate the robot’s follow-ahead performance using
the following metrics. 1) Area. Percentage of pixels in
images that the actor occupies. 2) Tracking time. The
number of frames in which the actor is detected in the image
is divided by the total number of frames in a sequence. 3)
Distance. The distance between the center of the human
bounding box and the center of the image is normalized by
the image width.

Experiment results are shown in Table III. Even though
our algorithm does not have access to the future trajectory of
the human, with its predictive capabilities, its performance
is better than the myopic controller and is within 85% of
this oracle-based upper-bound (Table III). The result shows
that the robot follow-ahead performance can benefit from the
human pose forecasting predictions.

hist hist
— gt pred

\,, : /}

DP + G.T. trajectory DP + Predicted trajectory

Fig. 5: Robot Follow-ahead. We visualize the planned path based on the
human pose predictions. The human trajectory history, trajectory prediction,
and the ground truth are shown in green, red, and blue. We visualize the
planned robot path in arrows for each time step. We visualize the map as
the background, white for obstacles and gray for free space.

TABLE III: Follow-Ahead Evaluation.

Method Area T Tracking Time? Distancel]
LB: EKF 0.241 0.67 0.147
Ours: DP + pred. traj. 0.302 0.85 0.151
UB: DP + g.t. traj. 0.358 1.00 0.145

VIII. CONCLUSION

This paper presented a method to predict human poses in
indoor environments in order to accomplish the robot follow-
ahead task. We proposed an architecture that first predicts
the 2D human trajectory based on the occupancy map and
then predicts the 3D human poses conditioned on the 2D
trajectory. To validate our approach, we built a mobile robot
system and collected a building-scale Real Indoor Motion
Dataset (Real-IM) for human pose forecasting problems in
large and complex environments. Through both synthetic and
realistic experiments, we showed that our approach outper-
forms baselines and state-of-the-art methods on trajectory

prediction and long-term human pose forecasting. In terms
of run-time, it is three times faster. We also demonstrated
successful robot follow-ahead by forecasting human poses
in real-time.

Our system has its limitations. In general, most failure
cases of the robot follow-ahead task stem from the rear
camera losing track of the actor. Consequently, the robot
is unable to locate the actor and to move to a position
such that the actor remains within sight. Moreover, our hu-
man pose prediction method does not guarantee consistency
across time and may lead to jerky motion under challenging
scenarios, such as T-junctions. We provide some examples
of these failures in the supplementary video. Meanwhile, we
highlight that the planning algorithm for this robot follow-
ahead problem can be further developed to incorporate the
rear camera’s limited field-of-view (FOV) and constrained
robot kinematics. Additionally, relaxing the assumption of
whole map visibility by using only a partial map can poten-
tially allow our method to generalize to a new environment.
We plan to address these challenges in our future work.
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