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Abstract— Navigating a robot among a crowd has received
increasing attention from researchers over the last few decades,
resulting in the emergence of numerous approaches aimed
at addressing the problem of social navigation to date. Our
proposed approach couples agent motion prediction and plan-
ning to avoid the freezing robot problem while simultaneously
capturing multi-agent social interactions by utilizing a state-of-
the-art trajectory prediction model i.e., social long short-term
memory model (Social-LSTM). Leveraging the output of Social-
LSTM for the prediction of future trajectories of pedestrians
at each time-step given the robot’s possible future actions, our
framework computes the optimal control action using Model
Predictive Control (MPC) for the robot to navigate among
pedestrians. We demonstrate the effectiveness of our proposed
approach in multiple scenarios of simulated social navigation
and compare it against several state-of-the-art reinforcement
learning-based methods.

I. INTRODUCTION

N the diverse fields of robotics, which include au-

tonomous driving, manipulation, navigation, etc., the most
complex situations occur when robots need to operate along-
side humans. This complexity primarily stems from the
stochasticity in human behavior, which makes it challenging
for robots to plan and carry out their tasks efficiently.

In the realm of robot navigation, the problem we tackle
in this paper is typically referred to as social navigation,
also known as crowd navigation. It has received a great
deal of attention during the last decade [1]-[4] and aims to
enable robots to achieve their navigation goals via interacting
with their surrounding agents, i.e., humans or other robots,
in a way that those surrounding agents do not go through
an unpleasant experience during these interactions. This is a
complex problem due to the several factors that are contribut-
ing to the quality of these inter-agent interactions, among
which safety, comfort, legibility, politeness, social compe-
tency, agent understanding, pro-activity, and responsiveness
to the context have been considered the most important
parameters by the social navigation research community [3].

To address some of the mentioned requirements in so-
cial navigation, different navigation approaches have been
proposed in the literature including 1) Reactive methods;
2) Reinforcement Learning (RL)-based techniques; and 3)
Optimization-based methods. Reactive-based methods in
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general are designed based on considering other agents as
moving obstacles and taking into account their reactive be-
haviors with some assumptions on their collision avoidance
strategies [5], [6]. On the other hand, several studies have
utilized trajectory-based RL frameworks with deep neural
networks. Some of the most important RL-based methods are
Collision Avoidance with Deep RL (CADRL) [7], LSTM-RL
[8] which is aimed at handling arbitrary numbers of agents,
and SARL [9] for obtaining the collective impact of crowd
through a self-attention mechanism, and recurrent graph
neural network with attention mechanisms [10]. All of these
efforts seek to train navigation policies for a single robot
that maximizes a specially designed reward function while
minimizing the possibility of collisions with other agents.
However, the main challenge of RL-based methods is their
vulnerability to cases that haven’t been encountered during
the policy’s training phase. Additionally, optimization-based
techniques including Model Predictive Control (MPC) are
commonly employed in social navigation to optimize the
behavior of a robot within a finite control horizon. For in-
stance, Brito et.al., [11] combined RL with an optimization-
based method in which a learned policy provides long-
term guidance to a local MPC planner. Several other studies
have recently proposed MPC with various human prediction
models, including constant velocity [12], intention-enhanced
optimal reciprocal collision avoidance (iORCA) [13], social
generative adversarial networks (GAN) [14], long short term
memory (LSTM) [15], and Kalman filters [16]. However, all
these studies separate prediction from planning by feeding
the prediction to the robot planning module, without con-
sidering how human prediction will be affected by different
actions of the robot, hence neglecting the potential interaction
between the robot and humans.

Employing optimization-based techniques for social navi-
gation is predicated on the assumption that prediction models
for human trajectories are available. Recent advances in
machine learning-based human trajectory prediction have
opened new doors for social navigation problems and several
of these have demonstrated the superiority of their pre-
diction techniques over the previous works. Some of the
most important ML-based prediction frameworks which have
shown their potential in the context of social navigation
are Social-LSTM [17], Social-GAN [18], Social-NCE [19],
and sparse Gaussian processes [20]. Therefore, due to the
superiority of these machine learning prediction models, their
combination with MPC framework could potentially improve
social navigation performance.
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In this paper, we present our framework for robot nav-
igation in crowded environments in which we integrate
a machine-learning based trajectory prediction model i.e.,
Social-LSTM [17] into an optimization-based planning in
an MPC fashion. However, our main distinction with the
reported work in the literature is that we couple the prediction
and planning to avoid freezing robot problem [21] while
capturing multi-agent social interactions among the robot
and pedestrians. In our framework, we leverage a Social-
LSTM model trained on a real human-trajectory dataset to
predict the future behavior of human pedestrians and their
interactions with the robot’s possible actions. The solution of
MPC framework coupled with the Social-LSTM model is the
optimal control action for the robot to navigate among the
crowd. To numerically solve the MPC problem coupled with
the Social-LSTM , we utilize an iterative best-response (IBR)
approach [22] inspired by the Nash equilibrium [23]. At
each time-step, the method sequentially computes the neural
network prediction and solves for the optimal control action
of the robot. The performance of the proposed method is
evaluated in simulations with different scenarios in compari-
son with baseline RL techniques to demonstrate the potency
and the domain-invariant nature of the MPC approach.

This paper makes two main contributions to the body
of literature. Our first contribution involves addressing the
freezing robot problem by incorporating the Social-LSTM
prediction model into the MPC framework in a recursive
fashion, hence enabling a coupled prediction and planning.
Second, to the best of our knowledge, in the context of social
navigation, this study is the first that considers leveraging
the iterative best response approach for solving the planning
problem coupled with prediction.

The remainder of the paper is organized as follows. In
Section II, we present our problem statement for social
navigation, while we provide the specific details of the
proposed framework in Section III. We present our simu-
lation results in multiple benchmark scenarios together with
analysis in Section IV. Finally, we draw concluding remarks
and propose some directions for future research in Section V.

II. PROBLEM STATEMENT

We consider an environment W C R? where a single
robot navigates among N € N human pedestrians, as can
be illustrated in Fig. 1. Let O be the index of the robot,
while H = {1,..., N} denotes the set of human pedestrians
in the environment.

At time-step k € N, let 59 = [sﬁk,sgyk]T EW, vy =
[ povg )T € R%, and agr = [afy,af,]T € R? be the
vectors corresponding to position, velocity, and acceleration
of the robot in Cartesian coordinates, respectively, where
each vector consists of two components for x— and y—
axis. Additionally, the robot needs to navigate from an
initial position sq"* = [s§ 5,50 o] " called origin to a final
goal position s5°*' € W while avoiding collisions and any
potential discomfort to other pedestrians ¢ € 7. Discomfort
is a social conformity metric and is defined to be present if

the robot’s projected path intersects with a human’s predicted

$

’

// ”
..

Fig. 1: An example of a robot navigating in a crowded
environment.

path [24]. Let wa—k = [s(—)rk,'va—k] and upr = agy be the
state vector and control action for the robot at time-step k,
respectively. Likewise, let s; ), = [s¥,,sY,]T € W be the

position of human ¢ € H at time-step k in a vector form.

Assumption 1. We assume that the real-time position of each
pedestrian can be determined through the use of onboard
sensors or by obtaining data from a positioning system.

III. ROBOT NAVIGATION WITH MODEL PREDICTIVE
CONTROL

Our framework consists of two main components: (1) a
Social-LSTM model [17] which learns the social interaction
and predicts the future behavior of human pedestrians, and
(2) an MPC to find the optimal control action for the robot.

A. Human Motion Prediction using Social-LSTM

Let t € N be the current time-step, H € Z7T is the
control/prediction horizon length (with both equal to each
other), and Z, = {¢,t+1,...,t+ H — 1} be the set of time-
steps in the control horizon. The human prediction model
aims at predicting the trajectories of human pedestrians over
a prediction horizon of length H given the current and
past observations over L € ZV1 previous time-steps of all
agents’ trajectories including the robot’s. Social-LSTM was
developed in [17] for jointly predicting multi-step trajectory
of multiple agents. It uses a separate LSTM network for
each trajectory, then the LSTMs are connected to each other
through a social pooling (S-pooling) layer.

We consider recursive prediction for the pedestrians’ po-
sitions over the next control horizon using the single-step
Social-LSTM model denoted by ¢(-) : RZV+D(E) _ R2NV
as follows: [25]

S1:N.k+1 = O(S0:N k—L+1:k), Yk € Ty. (D

In (1), at each time-step, predicted positions of pedestrians
computed from the previous time-steps are used recursively
as the inputs of the Social-LSTM model. Furthermore, the
Social-LSTM-based predicted positions of the robot are
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disregarded as they are computed using the solution of the
MPC problem. For further details on the architecture design
and implementation of Social-LSTM, the readers are referred
to [17].

Remark 1. It should be noted that while in this work we
employ the Social-LSTM model [17] as a human prediction
model, our framework can be integrated with alternative
deep learning models such as [18], [19], [26].

B. Model Predictive Control for Social Navigation

In this section, we formulate an MPC problem to navigate
the robots while taking into account the trajectory prediction
model of surrounding pedestrians. For ease of notation,
henceforth, we use ug, xg, and s;, Vi € H instead of
UQ ¢4+ H—1> L0, t+1:t+H and 8; ;1.4 H, respectively, to de-
note the vectors concatenating the variables over the control
horizon.

The system dynamics of the robot for all k € Z; is given
by the following discrete-time double-integrator model

1
2
80,k+1 = S0,k + TVo k + §T ao,k,

2

Vo,k+1 = Vo,k + TA0,k;
where 7 € R is the sampling time period.
The speed and control input of the robot at each time-step
k are bounded by:
—Umax S Uak,Ug,k S Umax;

—Omax < ag,k? ag,k < Gmax; )
where V. € RT and apa € RT are the maximum velocity
and maximum acceleration, respectively. We formulate the
total objective function in MPC by a weighted sum of
multiple distinct objectives, representing a diverse set of
performance criteria for the robot. In particular, to navigate
the robot to the goal, we include tracking minimization to
the desired trajectory

t+H—1
TEM(s0) = D (S0k+1 — Siher) | (Sokr1 — SEh11),

k=t

“)
where sgf’,i 41 1s the desired position at time £ + 1. We
compute the desired trajectory based on the straight line to
the robot’s goal as follows

1 Sgoal — 55

ref _ _ref . goa. ref s

SO,k+1 _SO,k + mln{TUmaX’ ’SO B SO,k ‘} goal £l|’
o]

for k € T, and sff} = so;.
In addition, we minimize the acceleration and jerk rates
of the robot’s motion by the following objectives

t+H—1
JHC(ug) = Z US—,;@UOJ@, (6)
k=t
and
t+H—1
Jik (yg) = Z (wor — o k—1) (wor — o s—1). (7)
k=t

To encourage safety between the robot and the pedestrians,
we impose the following constraint that the distance between
the robot and each pedestrian ¢ € H be greater than a safe
speed-dependent distance

Isok+1 = sintally > i + plvoksilys  ®
where dy,i, € RT is the minimum allowed distance and p €
R is a scaling factor. The above constraint implies that the
robot should keep further distances from the humans while
moving at higher speed. We include the collision avoidance
constraint as a soft constraint in the objective function by
using a smoothed max penalty function as follows

t+H-1

TN, 8:) = Y SmaX(dfnin +pllvo sl —
k=t

2
[80,k+1 — Sik+1ll5 ),

where the smoothed max penalty function is defined as
1
smax(z) = — log (exp(ux) + 1),
I

with g € RT as a parameter that manipulates the smoothness
of the penalty function.

The MPC objective function can be given by a weighted
sum of those features as follows

J(U07w0, 31:N) _ wgoangoal(wO) + wacceJacce(uO)

+ wjerijerk(uO)_'_Zwcolljcoll(m07 si),
i€H
(10)
where w8l acee etk and weol € Rt are positive
weights. Note that the penalty weight w!! chosen should
be sufficiently large. Hence, the MPC formulation for each
time-step t is formulated as follows

Problem 1. At time-step t € N, robot 0 solves the following
MPC problem, the solution of which provides the best control
actions for the subsequent H steps, represented as wuy =
Ug. -+ H—1. However, at time-step t, the robot alone executes
the initial control action g and disregards the subsequent
actions.

minimize J(ug, o, $1:N ), (11a)
uo

subject to: (1), (2),and (3), Vk € Z;, (11b)

given:  So.Nt—L+1:t- (I1c)

C. Iterative Best-Response Implementation

In order to solve the MPC problem (11) coupled with
the Social-LSTM model, it is possible to employ gradient-
based techniques that require the computation of gradients
through back-propagating the LSTM’s gradients [25]. Alter-
natively, we use an iterative best-response technique [22],
[27] inspired by the Nash equilibrium concept. This ap-
proach involves successively computing the neural network
prediction and solving the MPC problem at each time-step
for several iterations or until convergence is achieved. We
use superscript j € N in u$ and @$ to represent the
outcomes at the j’th iteration. If the algorithm converges,
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the resultant state is considered a Nash equilibrium [22],
[27]. The iterative best-response algorithm for solving MPC
problem with the recursive prediction model is detailed in
Algorithm 1. At ¢ = 0, we initialize u(()o) = 0, and at every
time-step ¢ > 1, the optimization is warm-started with the
solution of the previous time-step.

Algorithm 1 Iterative Best-Response MPC Implementation

Require: ¢, H, jn.x € N, e € RT, uéo) = “E)?t):tJqu’
(0) ._ 4(0) (0)

S0 = Sot41:4+H> S1Nt—L41:t

1: for j =1,2,..., jmax do

2 Predict sV), = Sg‘fJ)V,t+1:t+H recursively by (1)
given s/ 7Y 4 4 4

3: Solve (11) given sgjg\, to obtain uéj) and w(()]).

4 if Hu((f) - ué]_l)H < ¢ then

5: return uéj)

6: end if

7: end for

8 return ul™)

IV. SIMULATION RESULTS

-6 -4 -2 0 2 4 6 -6 -4 -2 0 2 4 6
x(m) x(m)

(c)t=38s dt=124s

Fig. 2: Trajectories of the robot (proposed framework) and
human pedestrians at several time-steps in a circle-crossing
simulation with the robot visible to the humans. The desti-
nation of the robot is marked by a red star.

The planning algorithm was implemented in Python in
which CasADi [28] and the IPOPT solver [29] are used for
formulating and solving the MPC problem, respectively.

We used the following parameters for the MPC
problem 7=0.4s, H=8, L=8, vpax=10m/s,
Umax = 2.0m/s%,  dpin =0.8m, p=05s% pu=30,

wgoal = 10.0. wacce — 10—1 wjerk — 10—1 wcoll — 107.
The simulations were executed on an MSI computer with an

Intel Core i9 CPU, 64 GB RAM, and a GeForce RTX 3080
Ti GPU. For social navigation simulations, we used the
CrowdNav environment' [9] in which the human pedestrians
are simulated using Optimal Reciprocal Collision Avoidance
(ORCA) [5]. We utilize Trajnet++ benchmark?® [26] for
training Social-LSTM models using synthetic ORCA
dataset.

We demonstrate the effectiveness of the proposed method
by the trajectories of the robot and human pedestrians in a
circle-crossing simulation with 6 human pedestrians in Fig. 2.
As shown in the figure, the robot can effectively navigate
among the humans and reach the goal in 15.2s without
colliding with any of them. The robot is visible to the humans
during motion to ensure that the interactive behaviors are
captured by the prediction module. Similarly, the trajectory
of a single robot as it navigates among 6 pedestrians in a
square-crossing scenario is depicted in Fig. 3. Notably, the
robot is able to reach its destination successfully at 11.6s
without violating any safety constraints.

2 5
s . -a o \}
[ ]

6 -4 -2 0 2 4 6
x(m) x(m)

(b)yt=4s

%6 -4 -2 0 2 4 6 %6 -4 -2 0 2 6
x(m) x(m)

(c)t=28s (d)t=11.6s

Fig. 3: Trajectories of the robot (proposed framework) and
human pedestrians at several time-steps in a square-crossing
simulation with the robot visible to the humans. The desti-
nation of the robot is marked by a red star.

To further validate the performance of the proposed
method in comparison with different navigation algorithms,
we collect and compare the following metrics:

o Success rate: The percentage of simulations in which
the robot successfully reaches its respective destinations
without collisions and before scenario timeout.

« Collision rate: The percentage of simulations in which
the minimum distance between the robot and the pedes-
trians is below 0.6 m, indicating a violation of personal
space.

"https://github.com/vita-epfl/CrowdNav
2https://github.com/vita—epfl/
trajnetplusplusbaselines
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TABLE I: Statistical results in Circle and Square-Crossing Scenarios - Success Rates

Success Rate (%)
Method | # Humans 5 6 7 8
Scenario || CO [sO [co [ sO [co [sO [co [sO
MPC 98.9 99.6 98.1 99.5 97.9 98.7 98.0 98.8
CADRL 98.0 | 85.2 | 98.2 78.7 | 96.6 | 73.8 | 95.8 | 68.5
SARL 99.5 92.9 99.6 90.7 98.9 89.9 994 88.9

TABLE II: Statistical results in Circle and Square-Crossing Scenarios - Collision Rates

Collision Rate (%)
Method | # Humans 5 6 7 8
Seenaio || CO [sO [ co [sO|co [sO [co [sO
MPC 1.1 0.4 1.9 0.5 2.1 1.1 2.0 1.0
CADRL 0.2 0.1 0.2 0.1 0.1 0.0 0.0 0.0
SARL 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
TABLE III: Statistical results in Circle and Square-Crossing Scenarios - Discomfort Rates
Discomfort Rate (%)
Method | # Humans 5 6 7 8
Seenario || co [sO [co [sO[co [sO [co [sO
MPC 0.3 0.0 0.7 1.0 0.9 0.9 0.8 1.0
CADRL 12.2 6.6 12.7 10.5 13.7 12.2 14.6 13.3
SARL 4.2 8.4 73 | 126 | 9.8 16.1 | 12.3 | 16.6

TABLE IV: Statistical results in Circle and Square-Crossing Scenarios - Average Travel Time

Average Travel Time (s)
Method | # Humans 5 6 7 8
Seenaio || Co [ sO [ co [ so [ co [sad [ co | sO
MPC 13.0 11.26 13.62 11.51 14.09 11.74 14.67 12.01
CADRL 13.22 12.67 13.69 13.15 14.22 13.64 14.71 13.99
SARL 12.87 12.98 13.26 13.29 13.68 13.4 14.09 13.66

TABLE V: Statistical results in Circle and Square-Crossing Scenarios - Average Squared Jerk

Integrated Jerk (m?2/s%)
Method | # Humans 5 6 7 8
Scenario || Co [ sO [co [ sO | co [sO [co [sO
MPC 1.53 0.97 1.58 1.05 1.65 1.12 1.67 1.17
CADRL 20.93 | 23.82 | 21.35 | 25.47 | 22.02 | 26.89 | 22.59 | 28.04
SARL 22.92 | 21.82 | 24.47 | 22.78 | 26.98 | 23.44 | 28.21 | 23.82

« Discomfort rate: The percentage of simulations that
the robot’s projected path intersects with a pedestrian’s
projected path [24]. The projected path is defined as a
line segment from the current position along with the
direction of the velocity and the length proportional to
the speed. We consider overlap over the next 1.2s.
Average travel time: The time in seconds it takes
for the robot to reach its destination averaged over all
successful simulations.

Integrated Jerk: The average squared jerk in m?/sS
integrated over the robot’s trajectory. It is co;nputed
as %ftT:O #'(t)2 dt, where the jerk i d;gg” is
computed in discrete time and 7' is the duration of a
successful trajectory in seconds [24].

Among the above metrics, the success rate and average
time to the destination describe the path quality of the
navigation algorithms. On the other hand, the collision,
discomfort rates, and the average jerk are related to social
conformity and naturalness of the robot’s motion [24]. If the
simulation reports neither a success nor a collision, it means
a timeout has occurred wherein the robot has not been able
to traverse to its destination within 30 seconds.

We compare our proposed MPC with two notable RL algo-
rithms including CADRL [7] and SARL [9]. This evaluation
was based on 8000 simulations with varying numbers of
human agents and randomized initial conditions. We trained
both RL algorithms using the circle-crossing scenario in
the CrowdNav environment with a similar implementation
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and parameters of [9] including the imitation learning step.
However, to thoroughly evaluate their generalization capa-
bility, we conducted tests in both circle-crossing and square-
crossing scenarios, and summarized our results in Tables I-V.

Table I depicts the success rate of a robot navigating in
both circle and square-crossing scenarios among pedestrians,
crowd sizes ranging from 5 to 8. We conducted 1000
simulations for each combination of scenarios and number
of human pedestrians, using randomized initial conditions
generated from random seeds that were different from the
training seeds for CADRL and SARL. As can be seen, our
proposed approach consistently yielded a greater success
rate in comparison to the RL-based strategies across all
scenarios. While the performance of CADRL and SARL is
comparable to our proposed approach in the circle-crossing
scenario, their success rate drops over 10%-30% in the
square-crossing scenario which crossing pattern is different
from their training environment. The decrease in success rate
is due to a significant timeout rate, indicating the incapability
of the policies to generate a feasible path. This clearly
illustrates the significant reliance of RL techniques on the
domains in which they have been trained.

Tables II and III summarize the collision and discomfort
rates for our proposed approach and RL-based navigation
methods. Based on Table II, it can be observed that MPC
results in collision rates of less than 2% across all scenarios.
For RL-based navigation methods, the collision rate is less
than 0.6%, however, they exhibit a higher discomfort rate
than the MPC approach as shown in Table III. In particular,
the CADRL policy encounters growing discomfort rates with
increasing crowd densities. MPC on the other hand, shows a
lower discomfort rate, which implies MPC approach can be
more socially conscious of the human pedestrians’ motion.
Additionally, the lower collision rate observed in RL-based
policies could be attributed to the simplicity of their robot
dynamics and directly controlling the speed of the robot,
potentially neglecting dynamic constraints such as allowed
acceleration. Namely, RL-based policies exhibit higher oc-
currences of timeouts, indicating that to avoid collisions, the
robot may stay at its position and not move towards the goal
even after humans have reached their destinations.

In Table IV, we provide results of the average travel time
for the MPC approach and RL-based methods. Overall, the
performance of MPC and RL algorithms in circle-crossing
simulations is highly comparable. However, we observe
higher travel times for the RL techniques in square-crossing
simulations. Unlike the RL algorithms, the control policy
in the proposed MPC formulation does not need any pre-
training. Furthermore, RL algorithms are highly susceptible
to domain shift. As mentioned earlier, for this set of eval-
uations, RL-based methods have been trained in the circle-
crossing scenario but tested in both the circle-crossing and
a square-crossing scenario.

In Table V, we can observe the results of average jerk
for our evaluated approaches. In all scenarios, the jerk
observed for the MPC technique is significantly lower than
the RL baselines. Avoiding jerky movements can enhance

human understanding of robots’ actions and make them more
acceptable [30]. Since the motion of the robot following the
proposed policy is inherently less jerky, we can infer that
this leads to a more natural and sociable navigation among
human pedestrians.

Next, we investigated the sensitivities of the metrics to
the different parameters used in the objective function for
the proposed approach. We ran four sets of 100 simulations
with varying crowd sizes of 5 and 10 pedestrians each in
a circle-crossing scenario. The parameter w! representing
the weight on collision avoidance, denoted as w®", was held
constant at a value of 107. When w9°¥ is set to a low value
of 0.1, we observe a significant increase in average travel
time on the introduction of penalties on acceleration and
jerk. However, this effect is nullified on increasing w9°
to 10. This observation is consistent across different crowd
sizes. Moreover, as the crowd density increases, there is a
marked increase in the travel time and a slight decrease in
the success rates. The difficulty induced due to the multi-
objective nature of the optimization is apparent in the way
these costs compete against one another in high crowd
densities.

TABLE VI: The effects of parameters on social navigation
performance in a circle-crossing scenario over 100 simula-
tions

# wacee | qgoal | Suc, | Coll. | Disc. | Avg. Time
Humans | wie”k (%) (%) (%) (s)

5 0 0.1 99 1 1 13.2

5 0.1 0.1 99 1 0 17.9

5 0 10 100 0 2 12.9

5 0.1 10 99 1 0 12.9

10 0 0.1 99 1 1 16.5

10 0.1 0.1 95 2 1 18.7

10 0 10 96 4 1 15.9

10 0.1 10 97 3 1 15.5

To assess the effects of horizon length on the performance,
we conducted another set of experiments for circle and
square-crossing scenarios. For each combination of scenario
and control horizon length, we performed 100 simulations
with a crowd size of 6 and present the findings in Table VII.
Consistent with our expectations, our finding indicates that
a longer control horizon has a direct positive impact on the
success rate. However, it is evident that there exists a trade-
off between the extension of the control horizon and the cost
of computational processes. In this case, 8 turns out to be
a suitable choice for the control horizon. We also observe
a slight increase in the average number of iterations until
convergence with an increase in the control horizon.

V. CONCLUSIONS

This work presented a control framework for navigating
an individual robot in crowded environments. Our control
framework is a combination of MPC and a human tra-
jectory prediction model based on Social-LSTM. In order
to evaluate the performance of our proposed approach, we

4798



TABLE VII: Computation Time Increase with Control Hori-

zon
Scenario | H | Iter | Comp. Time (s) | Suc. | Coll. | Disc.
CcCO 4 2.4 0.1 95 5 4
SO 4 2.1 0.1 99 0 2
CoO 8 2.8 0.26 98 2 2
SO 8 2.4 0.22 99 1 1
CO 12 | 3.1 0.56 99 1 0
s 12 | 2.5 0.47 100 0 3

conducted extensive simulations and compared our approach
against several state-of-the-art RL algorithms. We showed
that the performance of our proposed approach in benchmark
scenarios is highly comparable, and in contrast to the RL
algorithms, our control policy is not liable to suffer from a
distribution shift. A possible extension is to investigate the
effectiveness of the proposed control framework in dealing
with multiple robots navigating in a coordinated manner

through crowds of humans.

gap

Additionally, to bridge the
between simulation and reality, another future research

direction is to investigate the variety of human behaviors and
to incorporate more measures of sociability into the planning
framework.
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