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Abstract

Robots are increasingly used in search-and-rescue
(SaR) to perform dangerous tasks in place of hu-
mans, and to free human rescue workers to focus
on other tasks. These robots require effective and
reliable control methods to ensure that they per-
form as well as the humans they replace. Model
predictive control (MPC) is an optimisation-based
method which innately handles hard constraints
such as not colliding with victims, and has been
well-studied in SaR contexts. Tube-based MPC
(TMPC) is an extension of MPC which is robust
to the bounded disturbances inevitable in real-life
SaR, but due to its fixed tube is often overly con-
servative. Surma and Jamshidnejad propose state-
dependant dynamic TMPC (SDD-TMPC), which
adjusts tube size online based on an estimate of
the current maximum disturbance, allowing for re-
duced conservativeness when possible disturbances
are small. We develop a grid-based SaR simulation
to evaluate how SDD-TMPC'’s adaptive tube affects
conservativeness and the safety-performance trade-
off in a dynamic, partially observable environment.
SDD-TMPC, MPC, and TMPC are compared over
many simulated search missions, where the agent is
tasked with finding all victims in an environment.
The results show that while retaining the empirical
safety of TMPC, SDD-TMPC behaves less conser-
vatively and outperforms TMPC in mission feasi-
bility and duration.

1 Introduction

As population density increases and the frequency and sever-
ity of extreme weather events grow, robots are used more and
more often in post-disaster search and rescue (SaR) contexts
[1-3]. Robots can be used instead of humans for the most
dangerous tasks in an SaR operation, and can explore areas
that would have otherwise posed too great a risk to human
rescue workers. If autonomous, SaR robots can additionally
free rescue workers to focus on other tasks, potentially allow-
ing for increased efficacy and better post-disaster outcomes.
However, due to the safety-critical nature of SaR operations,
such systems must be as reliable as the humans they replace.
Particularly, we often define hard constraints which must be
satisfied at all times throughout a mission, such as not collid-
ing with or otherwise injuring victims, or avoiding damage to
the robot.

Model predictive control (MPC) is a well-studied control
technique with a wide variety of applications for the control
of both manned and autonomous systems, including in SaR
contexts [4, 5]. MPC uses a model (often physics-based) to
predict how different possible control actions will affect the
system under control across a time horizon, and can then use
these predictions to optimise for multiple objectives simul-
taneously while innately handling constraints. However, be-
cause MPC relies so heavily on its model, it is not robust
to unmodelled disturbances, which are inevitable in real-life

situations. Since such disturbances may cause a robot con-
trolled by MPC to inadvertently violate its constraints, the
need arises for a control method that is robust to external dis-
turbances.

The literature presents many extensions of MPC that aim to
address this issue; of particular interest to this paper is robust
tube-based MPC (TMPC). Whereas pure MPC only consid-
ers the nominal state trajectory of an action, TMPC instead
considers the set of states reachable from the nominal trajec-
tory by a bounded disturbance, known as the invariant tube.
Therefore, a TMPC controller is robust to the effects of such
disturbances without needing to explicitly model them. A
key issue identified in [6], however, is that TMPC can often
be overly conservative, as the invariant tube must be large
enough to encompass all possible disturbances in a system.
This can lead to worse performance than MPC in situations
where the tube is larger than necessary for the disturbances
in a given state, and can even cause TMPC to decide that an
objective is infeasible where a less conservative formulation
would not.

In [6], Surma and Jamshidnejad propose state-dependant
dynamic TMPC (SDD-TMPC), a novel variant of TMPC
which dynamically adjusts the size of the tube based on the
current estimated uncertainty. Critically, rather than acting
as a pure MPC controller as in standard TMPC, the nominal
controller in SDD-TMPC is provided with the predicted tube
size adjustments, allowing it to actively factor the dynamic
tube size into its control decisions. The system can therefore
act less conservatively when uncertainty is low, or even act so
as to reduce uncertainty where necessary, all while retaining
the safety guarantees of TMPC. The authors demonstrate how
SDD-TMPC outperforms both TMPC and MPC in a variety
of scenarios, including being able to find solutions to tasks
where TMPC could not, but the case studies presented are by
the authors’ own admission ‘carefully designed simulations’,
tailored to highlight where SDD-TMPC performs better than
the other two methods.

A significant gap in the literature exists in the evalua-
tion of state-of-the-art model predictive control methods such
as SDD-TMPC in more realistic environments. While new
methods are often proposed to address elements such as par-
tial observability [7] or dynamic obstacles [8], they are often
tested on toy or purely numerical examples, and there has
been little research into how any of these methods maps to
more complete simulations with complex goals.

In order to begin evaluating the effectiveness of SDD-
TMPC for real-world SaR use, this paper investigates the fol-
lowing question: How does online adaptation of the distur-
bance tube influence the conservativeness of safety margins
and the trade-off between empirical safety and performance
in a dynamic, partially observable search-and-rescue envi-
ronment?

To address this question, we consider two related sub-
questions:

1. What is the quantifiable impact of an adaptive tube on
mission feasibility and completion times compared to
standard MPC and fixed-tube TMPC?

2. How does adaptive tube sizing influence the robot’s tra-



jectory and action choices?

2 Related Works

This section explores existing work regarding the use of MPC
in SaR scenarios, recursive feasibility in the context of par-
tially observable environments, and methods similar to SDD-
TMPC.

The use of MPC in SaR has gained traction primarily due to
its ability to optimise multiple criteria simultaneously while
handling constraints [4]. MPC has been shown to be effective
in a variety of SaR-related tasks, including victim-aware path
planning [4] and multiple-UAV search missions [5]. How-
ever, an inherent difficulty of real-world SaR operations is
the combination of partial observability and a dynamic en-
vironment, and much of the research regarding MPC in SaR
chooses to neglect one or the other for the sake of maintain-
ing recursive feasibility. The recent work in [8] proposes a
TMPC-based method for navigation of a partially observable
dynamic SaR environment while acknowledging the lack of
recursive feasibility, but the robots are given the relatively
simple goal of reaching a specified coordinate, and know the
full initial state of the environment beforehand.

Other works have proposed various methods to maintain
recursive feasibility despite partial observability. Approaches
such as those presented in [7, 9] handle sensor uncertainty
by optimising control trees where each branch represents a
possible measurement, weighted by the belief state proba-
bility distribution, but can only guarantee robust satisfac-
tion of chance constraints. Recent hierarchical formulations
such as parent-child MPC enable recursive feasibility guar-
antees without the use of terminal constraints and at much
lower computational cost, enabling a longer prediction hori-
zon [10], but under partial observability this also only de-
creases the risk of recursive infeasibility.

While this paper focuses on SDD-TMPC in particular, dy-
namic tube-based MPC as a whole has recently enjoyed sig-
nificant attention for the same promise of decreased conser-
vativeness while retaining safety guarantees [11-13]. As dis-
cussed in Section 1, it is this class of formulation where the
application to more realistic scenarios is particularly absent.
Consequently, this paper aims to address this gap, at least in
the case of SDD-TMPC.

3 Finite Input Set SDD-TMPC: Simulation
Description and Problem Formulation

This section mathematically describes the SaR simulation,
detailing the modelling of the environment, the agent’s move-
ment and sensing mechanics, and the disturbance behaviour.
Furthermore, we provide a formal problem definition for fi-
nite input set predictive control in the context of the simula-
tion, outline the formulation of the MPC, TMPC, and SDD-
TMPC controllers, and discuss their limitations with regards
to safety.

3.1 Environment description

The true state of the SaR environment is modelled as a grid
G(k) of dimension nj, X n,,, varying with discrete time index
k € N. The grid is composed of multiple matrices, each

representing a property such as traversability or fire state. We
thus define

gk — []\4Lrvs(k)’]\4vuln(k)’j\lvictim(k)’J\4ﬁre(k)]T7 (1)
with the traversability matrix! M'™s(k) € {0, 1}7nXnw:

0 if cell is traversable
1 if cell is obstructed ’

mp() = {

the vulnerability matrix M*'"(k) € [0, 1]™» > e

0 if cell safe
M:gln(k) = ¢ 0.6 if cell vulnerable ,
1 if cell high risk

the victim occupancy matrix MYi€im (k) € {0, 1} X"

1 if victim in cell
0 otherwise

)

ictim _
i) = |
and the fire state matrix M1(k) € [0, 3]"n >

0 if cell safe at step k

1 if cell flammable at step k
2 if cell burning at step k

3 if cell burnt at step k

fir _
M5 (k) =

Initial states for the traversability and vulnerability matri-
ces are procedurally generated from a seed and a global con-
figuration object, based on a room-and-tunnel model. NV, vic-
tims and Ny point fires are then distributed randomly across
the remaining traversable tiles. For further details on environ-
ment generation, see our colleague’s paper [14].

The fire state matrix evolves according to a simple four-
stage model: safe cells become flammable if adjacent to a
burning cell, flammable cells adjacent to burning cells ig-
nite with probability p; each step, and burning cells become
burnt after duration T steps. The fire uses the same seed
as the environment generation, and is thus deterministic per-
map. While the simulation does allow for dynamic victims
and multiple agents, this paper assumes static victims and a
single agent so as not to overcomplicate the system.

3.2 Agent description

We define the agent’s state 1, = [q , P, ]" as the concate-
nation of the agent’s current position

gk = (ix, k)" € Q=1[0,nn —1] x [0, —1] (2
and the agent’s perception grid
P, = [Puvs(k)’ pYin(f), prietim (k).
P (k), P (k), PP (k)] e M,

where M is the set of all possible perceived environment
states. The agent is initially placed in a designated entry point
at the top-left corner of the map, and the agent’s perception is

3)

"Note that M™, M™™, and M"™ do not vary with k, but are
defined with parameter & for convenience.



initialised to all zero matrices at a conceptual pre-simulation
step k = —1.

The agent’s perception grid Py reflects a scan of its sur-
roundings taken from its currently occupied position gy.
Chronologically, this scan occurs immediately upon the
agent’s arrival at gy, and the resulting perception grid Py is
then used by the controller to plan the current step’s action
ug. At step k = 0, before the agent executes its first action,
an additional initial scan is performed from the starting posi-
tion go to provide the agent with initial information about its
immediate surroundings. A cell (7, j) is considered to have
been scanned at step k if both of the following conditions are
satisfied:

1. The cell is within scan radius r of the agent’s current
position, more precisely /(i — )2 + (j, — j)2 < 1.

2. The cell is determined to be visible to the agent by the
restrictive precise angle shadowcasting algorithm, as im-
plemented by libtcod’s compute_fov function [15, 16].

The first four matrices in P represent the agent’s perceived
knowledge of the environment. For each step & > 0, the
matrices are updated in reference to their ground truth coun-
terpart as follows:

{M;;;(k)

if cell scanned at step k

“

I P;i(k—1) otherwise
The confidence matrix P*"(k) € [0,1]"» X" represents
the agent’s current certainty about the information associated

with each cell. It is updated using the following rule:

Pi (k= 1) + 02y (4, 5)
(1= Pk - 1))

if cell scanned

ch;nf(k) _ atstep k L ®)

max (P{'(k — 1) — 0,0)  otherwise

where o is the confidence decay parameter, and 7)., is the
scan accuracy function:

M (8,4) = 1o - exp [ = %(k - Z‘)Q(f)(j’“ =i

wl=

with g € (0, 1] the base scan accuracy.
Finally, the exploration matrix P*(k) € {0,1}"n*"w
tracks which cells have been scanned by the agent so far:

) 1 if cell scanned at step k
ZX.P}”( ) = xplr . : 6)
’ P7(k—1) otherwise
3.3 Disturbance mechanics

Following each control action, the agent additionally experi-
ences a disturbance w(zy) € W(xy), dependent on the target
cell’s vulnerability and the accuracy of the agent’s perception
of the cell. w(zy,) is determined probabilistically as follows:

with probability 1 — pa(k)

7
with probability pq (k) ™

0
wiex) = {Uniform(W)

with )
pa(k) = max (My" (k) — Pi™(k),0)". ®)

We use 73 to denote the agent’s target cell g + uy at step
k, and refer to the case where w(zy) € W as a slip. If a
slip would cause the agent to enter a cell which is occupied
by a victim, obstructed, or out of bounds, the disturbance is
negated and a victim or terrain collision is recorded. Slipping
into a burning cell does not negate the disturbance, but a fire
collision is recorded. The agent is otherwise unaffected by
collisions.

The target cell’s vulnerability can be thought of as the dif-
ficulty of manoeuvring in that cell, e.g. the likelihood that a
limb placed in that cell will become unstable, while the confi-
dence encodes how closely the agent’s perception of that cell
matches reality, with greater confidence conferring a better
chance of entering the cell safely despite difficult terrain. The
squaring of the difference between vulnerability and confi-
dence ensures that navigating highly vulnerable terrain with
little prior knowledge is heavily penalised, while minor per-
ception gaps are relatively forgiving.

3.4 Problem statement

We consider, similarly to [6], a discrete-time system with
state vector z; and control input ug, affected by additive
state-dependent external disturbance w(xy) at time k € N,
where x, € X, ug, € U, w(zy) € W(xy). X, U, and W(zy,)
are the admissible sets for the state, control input, and dis-
turbance respectively. Since we are operating in a strict grid-
based simulation, U is exactly the Von Neumann neighbour-
hood of the origin in Z?, representing the actions UP, DOWN,
LEFT, RIGHT, and WAIT. As suggested by Section 3.3,
W(xy) is state dependent, such that W(zy) = {0} when
pa(k) = 0, and W(xy) = W otherwise, where W = U\ {0},
implying a maximum disturbance magnitude of one grid cell
per time step.

In order to adapt the system in [6, eq. (1)] to the simulation,
the state transition x4 = [q,;rH, P, _H]T must be evaluated
sequentially. First, the agent’s physical position is updated
subject to the control input and disturbance:

Qet1 = Qk + up + w(zk). &)

Subsequently, the agent updates its perception grid from its
new location:

Prr1 = f(qr+1,Pr), (10)

where f : Q x M — M updates the perception grid as
described in Egs. (4) to (6).

We assume the agent has complete knowledge of its own
state, i.e. that the value of zy, is perfectly known at each time
step, whereas the disturbance at each step is unknown and
may take any value within W(zy,). Similarly, the environment
is initially unknown, and the agent must inform its perception
of the world based on local observation of the environment.
The goal of each controller is to select actions such that a
given objective function J is maximised across a prediction
horizon of size N, while aiming to satisfy hard constraints.



Thus for time step k, the general robust formulation is:
J* (@) = max J(Ty, ) (11)
Tk, Uk

st.fort=%k,....,.k+ N —1:
Qev1k = Qejk + Ugp + W (T4))
Peviie = f(@ri1ik Peir)
Tk = Tk
Tipie € X
Ut € U
w(zy,) € W(wyp),

as in as in [6, eq. (2)], with T, = (Tppijks-- > ThyN|k)s
Ty the value of z; predicted at time k, ur =
(Wkjks - -+ Ut N—1]k)» Ui the value of u; decided at time
k, N the prediction horizon, and J* the optimal value for the
objective function.

3.5 Prediction model

The state transition model used by the controller is similar
to the state transition defined in the previous section. The
agent’s position is updated with respect to the predicted con-
trol action from the previous time step, as in Eq. (9), but as the
disturbance w(xy),) is unknown, it is not taken into account:

fort="Fk,....k+N—-1:
Qe1k = Qe T Wt|k- (12)

Similarly to Eq. (10), the agent’s predicted perception grid
is then updated from the new position via a mock scan:

Ptk = 9(@es1)k> Peje)- (13)

However, g : Q@ x M — M differs somewhat from f in
Eq. (10), as the controller cannot predict what it will observe
in unexplored tiles. In contrast to Eq. (4), the traversability,
vulnerability, and victim matrices are not updated, as there is
no way to do so that would add useful information.

Since we consider the agent to have knowledge of the dy-
namics of the environment, the fire matrix is updated, and by
almost the same process as described in Section 3.1. How-
ever, as the true fire spread is stochastic, the controller must
assume that, at each step, any tile which could ignite does
so, or else risk violating constraints due to a misprediction.
Because the computational complexity of online MPC re-
stricts us to a finite prediction horizon, this formulation can-
not guarantee recursive feasibility with respect to fire spread
(discussed in detail in Section 3.7).

Finally, the confidence and exploration matrices are up-
dated identically to Egs. (5) and (6), as they represent meta-
information about the agent’s knowledge of the environment,
rather than directly reflecting the environment itself.

3.6 Controller formulations

Given the SaR environment defined in Section 3.1, we define
four constraints, shared by all three formulations:

* The agent must be within the bounds of the grid

* The agent must not occupy an obstructed cell

* The agent must not occupy a burning cell
* The agent must not occupy the same cell as a victim

We thus define the feasible set [F to be the set of all states
which do not break these constraints:

F={z,€QxM|0<q < (nn,nw),
P(k) # 1, Pi(k) # 2, Py<i™ (k) # 1}

In the context of the overall SaR operation, we define mis-
sion feasibility as the agent’s ability to successfully locate all
victims while strictly remaining within F.

Because the agent does not have direct access to the ground
truth, F must be defined using the agent’s perception matri-
ces. We discuss the implications of this regarding safety and
planning in Section 3.7.

All three formulations also share the same objective func-
tion J, split into a stage objective L and terminal objective
V:

(14)

k+N

NEREE

i=k+1

L(zig) + V(Trgne).  (15)

The stage objective is evaluated once per prediction step
and then accumulated across the prediction horizon {k +
1,...,k + N}. The function rewards scanning previously
un-scanned cells (discovery) and keeping the total global con-
fidence high (confidence):

np—1n,—1

L(xt\k =Widscv * Z Z

=0 j=0

xplr t| k xplr(

i)
(16)

np—1ny,—1

+Weonf Z Z Pcont t|k’

i=0 j=0

The terminal objective V' is computed only for the final
prediction step k£ + IV, and effectively penalises the distance
from the agent’s final position to the closest unexplored cell
(exploration):

—Wsxplr D(Ik+N\k(xk) - N. (17)

The matrix D(xy) is constructed at the beginning of the pre-
diction horizon as follows:

0 if PN (k) =

V(Thanie) =

xplr
0and P (k) =0
if P}’ (k) = 1or (P (k) =1

_ )
D j(wr) = but no path to any unexplored cell) ’

18)

otherwise, with d the length of the

shortest path to any unexplored cell

d

where a path is considered valid if constraints are satisfied
for all cells along the path. This establishes a heuristic for
the agent to follow towards unexplored areas, to prevent stag-
nation when the distance the agent would have to travel to
scan new cells is greater than the prediction horizon N. No-
tably, the reliance on constraints for path validity implies that
D(x)) may vary between controller formulations due to dif-
ferences in constraint tightening, but only insofar as whether
the agent can feasibly reach a given unexplored area.



MPC

The MPC formulation is provided with no knowledge of the
disturbances, and its admissible state set is therefore identical
to the feasible set [F:

Xwmpc = F. (19)

TMPC

The TMPC formulation uses a fixed tube, and must therefore
assume maximal disturbance at every step in order to ensure
safety guarantees. We thus define

Xtmpe = FO W, (20)

where © denotes the Pontryagin set difference. In this case,
this shrinks the feasible set by removing all cells for which a
one-step disturbed neighbour violates the constraints.

SDD-TMPC

In contrast, the SDD-TMPC formulation uses an adaptive
tube, allowing it to grow or shrink the admissible state set
based on its perception. As in the case of fire spread, we
assume the agent has knowledge of the mechanics of the dis-
turbance, but does not know whether any individual action
will result in a slip. In order to maintain safety, the controller
must therefore treat any chance of a slip greater than 0 as
guaranteed:

F if ply(t|k) = 0
Fow ’

This effectively makes the tube of SDD-TMPC binary, and
this formulation is therefore a simplification of the continu-
ously varying SDD-TMPC proposed in [6]. The decision to
simplify the tube was informed by the strict grid-based na-
ture of the simulation, as the controller would not be able
to correct for a disturbance of more than one cell and would
therefore not be able to satisfy constraints for any tube larger
than W.

Similarly to Eq. (14), since the agent does not have access
to MY, the controller cannot directly predict py(k) using
Eq. (8), and instead predicts p/,(k) by substituting in P*I"
(again discussed in Section 3.7).

Additionally, we assume an artificial global confidence of
1—e when calculating D(xy,) for SDD-TMPC, to prevent low
current confidence from prematurely invalidating paths to dis-
tant unexplored regions. As the agent can achieve confidence
arbitrarily close to 1 for any traversable cell by repeatedly
scanning it, any path deemed valid under this assumption is
eventually realisable. Safety is unaffected, as the controller
evaluates immediate trajectory feasibility using actual confi-
dence, ensuring the agent only enters cells with sufficiently
high confidence.?

2y

Xspp-TmMpC = .
otherwise

3.7 Local safety and limitations on recursive
feasibility

While the controllers are designed to satisfy hard constraints,

the combination of partial observability, dynamic hazards,

’The same artificial confidence could easily be used for MPC or
TMPC, but it would have no impact as their constraints and therefore
path validity do not depend on confidence.

and computational limits precludes guarantees of recursive
feasibility. Instead, the tube-based controllers enforce local
safety, acknowledging limitations regarding long-term mis-
sion viability. Although pure MPC strictly enforces con-
straints on the nominal trajectory, it cannot guarantee even
local safety in the presence of unknown disturbances.

As described in Section 3.6, we define the constraints in
relation to the agent’s perception grid Py, which is naturally
susceptible to belief errors regarding unexplored areas. This
susceptibility is a recurring challenge in partially observable
MPC literature. In our simulation, the agent may plan a
path based on its current belief state, only to find an obstruc-
tion upon moving closer, causing the controller to plan sub-
optimally in the later stages of the prediction horizon. How-
ever, because the agent is disturbed by a maximum of one grid
cell per time step, a scan radius r > 2 ensures that any cell
will be scanned before it can be physically reached. There-
fore, the agent’s perception of all reachable cells is guaran-
teed to be accurate before executing an action, allowing the
tube-based controllers to maintain local safety without need-
ing to account for belief errors.

Despite this guarantee of local safety for the robust formu-
lations, the presence of dynamic obstacles introduces com-
putational limits. To guarantee recursive feasibility against a
dynamic hazard like fire, the prediction horizon would have to
be large enough to contain a complete path to an un-burnable
terminal zone, assuming such a path even exists. As the
computational complexity of the MPC optimisation problem
grows exponentially with the horizon length, enforcing strict
recursive feasibility would be computationally intractable for
online control. Therefore, all three controllers rely on the fi-
nite horizon N to maintain local safety (or nominal safety, for
MPC) and must accept a non-zero risk of constraint violation
in adversarial edge cases.

Finally, the nature of the simulated fire presents a theo-
retical limit. In this SaR environment, the true fire spread
is stochastic and theoretically unconstrained. While the per-
step growth of the fire is bounded, in an extreme adversar-
ial scenario, it is possible for the fire to spread to cover all
traversable tiles on the map. In this case, a terminal safe set
does not exist. Therefore, regardless of computational ca-
pacity or the length of the prediction horizon, strict recursive
feasibility remains theoretically impossible for this specific
simulation setup.

4 Results

This section presents a comparative analysis of all three con-
trollers in the SaR environment. To thoroughly evaluate the
research question, this section is split into two parts, roughly
corresponding to the two sub-questions presented in Sec-
tion 1. The first subsection focuses on qualitative perfor-
mance and safety metrics recorded across many simulated
SaR missions. The second isolates individual trajectory or
action choices made by the controllers and compares their
behaviour in a qualitative manner, as well as discussing the
conservativeness of the controllers.

The experiment was conducted over 500 randomly gener-



ated seeds with the same configuration®, with each agent at-
tempting each seed once. The agents’ goal was to scan every
victim in the environment. For each run, we recorded the
outcome, number of victims found, mission duration, aver-
age safety margin, and the number of times the agent collided
with terrain, a victim, or a burning tile. Based on previous
testing, it was concluded that the vast majority of runs where
the mission is feasible finish in under 300 steps. Therefore,
the simulations were constrained to a maximum of 300 steps
and were terminated early if all victims were found before
then. If an agent reached 300 steps, it was considered to have
failed the seed, and the outcome was recorded as a timeout.
Because each seed was attempted by all three controllers, sta-
tistical analysis was performed under the assumption of com-
pletely dependent data, and tests suitable for such data were
used.

4.1 Empirical safety and performance
Collision rate

Terrain

> o
. F

Victim

MPC
TMPC
SDD-TMPC

Fire

RPAPAPN [ PAPARA

4 10 12 14 16 1
Number of Collisions

Figure 1: Number of collisions per run separated by hazard type
and agent controller. Each point represents a run with the specified
controller where x collisions of the specified type occurred. Both
tube-based formulations only suffered fire collisions. The pure MPC
agent, while avoiding collisions in most runs, did often collide with
the terrain and victims due to disturbances.

Fig. 1 shows the number of collisions per run for each formu-
lation. TMPC and SDD-TMPC never collided with terrain
or a victim, but the lack of recursive feasibility regarding the
dynamic fire did allow them to collide with fire in a small
number of runs, as discussed in Section 3.7. MPC, on the
other hand, collided in 48.0% of runs, and experienced up to
17 terrain collisions in a single run.

Interestingly, a Friedman test revealed a statistically signif-
icant difference in the number of fire collisions per run across
the controllers (x? = 7.40,p = 0.025). Although post-hoc
comparisons using Wilcoxon signed-rank tests with a Bon-
ferroni correction (« = 0.016) found no significant differ-
ence between MPC and SDD-TMPC (p = 0.307) or between
TMPC and SDD-TMPC (p = 0.323), these tests confirmed
that TMPC collided with fire significantly more than MPC
(p = 0.024).

3Provided in Appendix A.

We hypothesise that this is due to TMPC being overly con-
servative, preventing it from finding a way through or around
the fire when MPC can. In attempting to satisfy hard con-
straints, TMPC is furthermore unable to leave a burning cell
due to the risk of tripping back into it, instead reporting the
optimisation problem as infeasible until the fire burns out.
The same is true for SDD-TMPC until it believes there is no
longer a risk of tripping, and we believe this is the reason for
the clusters present at 14 fire collisions for both robust con-
trollers; this was exactly the fire duration in our testing.

Mission feasibility and duration

Table 1 illustrates the proportion of runs for each formulation
where all victims were found before the time limit, for the no-
consequence scenario as well as the case where any collision
is treated as a failure. Paired exact McNemar’s tests were per-
formed, which confirmed statistically significant differences
(p < 0.001) between all three controllers in both scenarios.

Table 1: Proportion of runs where all victims were found in 300
steps or fewer, when collisions are ignored or treated as a failure.

Success rate (%)

Consquence None  Failure
of collision

MPC 97.2 50.2
TMPC 35.0 34.4

SDD-TMPC  81.6 81.2

In the no-consequence case, we see that MPC has a near-
perfect success rate, able to find all victims in 97.2% of mis-
sions. This is followed closely by SDD-TMPC, which in turn
had more than double the success rate of fixed-tube TMPC.
This validates the expectation that SDD-TMPC should en-
counter fewer infeasible missions than fixed-tube TMPC. In
the SaR environment specifically, TMPC cannot pass through
any one-wide gaps, while the same is only true for SDD-
TMPC if said gap is also high-risk. Since MPC has no tube,
it should consequently have no such restrictions, and this is
borne out by the data. This data supports the hypothesis
that SDD-TMPC should outperform TMPC by virtue of more
missions being feasible, but still lag behind the less restricted
MPC.

However, to assume that collisions never incur conse-
quences biases the data in favour of MPC, which is able to
move more freely than the tube-based formulations by ignor-
ing disturbances. When treating any collision as ‘fatal’ for the
robot, we see that the success rates of TMPC and SDD-TMPC
are barely affected, as they experience very few collisions
overall. MPC'’s success rate, on the other hand, sees a sig-
nificant drop compared to its ideal-case success rate, falling
far below that of SDD-TMPC. These findings are interpreted
alongside additional context in Section 4.2.

Fig. 2 illustrates the mission durations for each formula-
tion, only including successful runs. While the distributions
across all three controllers are similar, pure MPC holds a
slight speed advantage. As the data is unbalanced and non-
normally distributed, we used a linear mixed-effects model
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Figure 2: Distribution of mission durations by agent controller, ex-
cluding timeouts. MPC was still often the fastest of the three con-
trollers, but all three performed similarly in practice.

on log-transformed durations and found statistically signifi-
cant differences among the controllers (p < 0.001). We then
isolated the seeds where both controllers in a pair succeeded,
and post-hoc Wilcoxon signed-rank tests with a Bonferroni
adjustment confirmed these speed differences (p < 0.001).
Successful missions were an average of 13 steps shorter for
SDD-TMPC than for TMPC, demonstrating that SDD-TMPC
outperforms fixed-tube TMPC even when pure feasibility is
not considered. However, SDD-TMPC is still slower than
pure MPC by an average of 14 steps when both succeed.

4.2 Trajectory and action choices

Manual inspection of the agents’ trajectories for a small sub-
set of runs reveals interesting qualitative differences between
the controllers. As expected, MPC acts the least conserva-
tively of the three, but is visibly faster, and TMPC is often
unable to enter specific rooms or entire sections of the map
due to the entrances being only one or two cells wide, and al-
ways leaves a one cell safety margin between itself and haz-
ards except in adversarial edge cases.
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Figure 3: Agent perception at steps 69-71 in an SDD-TMPC run
(agent: robot icon, victim: body icon, wall: black, safe: white, vul-
nerable: yellow, high-risk: red). At step 69, the agent encounters a
one-wide gap in a vulnerable zone, but its confidence is too low to
guarantee it does not slip into the victim, and it therefore waits. At
step 70, the agent’s confidence is high enough, and it can safely pass
the victim, seen in step 71.

SDD-TMPC exhibits a number of emergent behaviours fol-
lowing from its adaptive tube. Fig. 3 shows a scenario in
which SDD-TMPC waits to accumulate sufficient confidence
to safely pass through a thin gap. In this same scenario, MPC
proceeds without enough confidence and risks colliding with
the victim, and TMPC is entirely unable to enter the room to
the right.

Furthermore, in contrast to TMPC, SDD-TMPC is able
to pass hazards with no safety margin whenever its confi-
dence exceeds the current area’s vulnerability; this is trivially
true in safe areas and often incidentally true in vulnerable ar-
eas. When this is not the case, such as in high-risk or unex-
plored vulnerable areas, SDD-TMPC behaves like fixed-tube
TMPC, and indeed seems to prefer doing so over waiting to
increase confidence whenever possible.
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Figure 4: Average safety margin over each run, separated by con-
troller. A clear hierarchy is present, with MPC displaying the lowest
median run-average safety margin and TMPC only dropping below a
run-average of one in rare adversarial edge cases. SDD-TMPC'’s av-
erages were distributed similarly to but slightly higher than MPC'’s.

Fig. 4 shows the distribution of run-average safety mar-
gins by controller. As expected, TMPC maintains the largest
safety margin of the three, only dropping below an average
of one where the agent either spawned on top of a victim or
was cornered by fire. MPC and SDD-TMPC display similarly
shaped distributions, with SDD-TMPC seeming to maintain
a larger safety margin than MPC on average. To evaluate the
differences in safety margins and therefore conservativeness
across the three controllers, a Friedman test was conducted,
which revealed a statistically significant difference across the
controllers (x2 = 380.1,p < 0.001). Subsequent post-hoc
Wilcoxon signed-rank tests with Bonferroni correction con-
firmed that TMPC maintained significantly larger safety mar-
gins than SDD-TMPC, and SDD-TMPC maintained signifi-
cantly larger safety margins than pure MPC (p < 0.001).

Returning to the discussion of success rate and feasibility,
we should also consider that not all environments are neces-
sarily safely completable. Deciding this for every seed tested



would be unreasonable and likely unreliable, but we demon-
strate a related effect through the MPC controller’s collision
rate. While MPC suffered collisions in nearly half of total
runs, this proportion increases to 51.4% in runs where TMPC
timed out and even further to 72.8% when only considering
runs where SDD-TMPC timed out. A multiple logistic re-
gression was performed to predict MPC collisions based on
the occurrences of timeouts for TMPC and SDD-TMPC. The
overall model was highly significant (p < 0.001), and an
SDD-TMPC timeout on a seed was found to be a large, sta-
tistically significant predictor of an MPC collision (OR =
3.54,CI = [2.09,5.97],p < 0.001). This strongly supports
the hypothesis that SDD-TMPC mostly encounters infeasibil-
ity and thus timeouts in map geometries which are truly dan-
gerous, where the less conservative MPC controller attempts
to continue but instead collides. In stark contrast, a TMPC
timeout was not a significant predictor of an MPC collision
(p = 0.716), suggesting that TMPC times out even in maps
which are safely completable.

5 Responsible Research

This section reflects on the ethical implications of research
contributing to the deployment of autonomous robotics in
SaR situations, and discusses the reproducibility of this study
and the methods used within.

5.1 Ethics

The deployment of autonomous systems in life-or-death sce-
narios such as SaR carries profound ethical responsibilities
concerning safety, accountability, and the allocation of rescue
resources. Because this paper uses a simplified grid-based
simulation with static victims, complex ethical dilemmas re-
garding dynamic triage or victim prioritisation fall outside its
scope.

Instead, the main ethical considerations of this study relate
to system accountability and safety assurances. In SaR en-
vironments, it is critical that autonomous decisions are trace-
able in the event of a failure. A key advantage of model pre-
dictive control frameworks is their inherent transparency, as
they rely on explicit mathematical formulations for both pre-
diction and decision-making. This avoids the ‘black-box’ is-
sue common in data-driven approaches, which is crucial for
post-incident accountability and informed system iteration.

However, an ethical issue remains in the ‘sim-to-real’
gap. Specifically, there is a risk of unwarranted trust in au-
tonomous controllers that have only been tested in simpli-
fied environments such as ours. Future physical deployments
building upon this work should be wary of the differences be-
tween a real SaR scenario and this simulation, especially with
regards to victim behaviour and sensor noise.

Finally, as this study relies entirely on simulated environ-
ments, no human participants or identifiable data were in-
volved.

5.2 Reproducibility

To ensure that this paper’s findings are easily replicable, pre-
cise descriptions of the simulation environment, controller
formulations, and experimental procedures were provided.

All simulation parameters which differ to the defaults de-
fined in [14] have been provided in Appendix A, and all
code and raw data has been made freely available at https:
//github.com/FilipOBK/SDD-TMPC-Research.

6 Conclusions

6.1 Conclusion

The main objective of this research was to evaluate how the
adaptive tube of state-dependent dynamic tube-based MPC
(SDD-TMPC) influences conservativeness and the safety-
performance trade-off in a partially observable, dynamic
search-and-rescue (SaR) environment. To this end, a grid-
based SaR simulation was developed, along with MPC,
TMPC, and SDD-TMPC controllers for the simulation’s
agents. All three controllers were tested over 500 randomly
generated search missions, where they were tasked with lo-
cating 12 victims spread across the map, and were given no
prior knowledge of the environment other than the simulation
dynamics. Missions were restricted to 300 steps based on
prior testing, and a run was recorded as a failure if it reached
this limit.

SDD-TMPC was observed to perform substantially better
than fixed-tube TMPC, increasing the success rate of mis-
sions from 35.0% to 81.6%, and decreasing the average du-
ration of mutually successful missions by an average of 13
steps. When ignoring collisions, SDD-TMPC still lagged be-
hind pure MPC, which boasted a success rate of 97.2% and
an average duration 14 steps lower than that of SDD-TMPC
in runs where both succeeded. However, the MPC controller
suffered collisions in just under half of runs, and only man-
aged a success rate of 50.2% when treating collisions as ‘fa-
tal’. Conversely, TMPC and SDD-TMPC only violated con-
straints a very small number of times, and only when cornered
by the dynamic fire. Analysis of TMPC and SDD-TMPC fail-
ures’ power to predict MPC collisions supports the hypothe-
sis that SDD-TMPC mostly encounters mission infeasibility
in truly dangerous geometry, whereas the more conservative
TMPC often fails even on safely completable maps.

6.2 Future work

Despite aiming to evaluate SDD-TMPC in an ostensibly more
realistic environment, several simplifications were still made.
The most impactful of these is the discrete, grid-based nature
of the simulation. This required a reformulation of SDD-
TMPC to a finite input set framework, removing much of
the complexity that comes with handling kinetics, but cru-
cially also required that the tube be binary. While we were
still able to show a clear improvement over TMPC, a con-
tinuously varying tube is a key aspect of SDD-TMPC which
allows for much more nuanced approaches to safety margins,
and was not considered in this study. As mentioned in Sec-
tion 5.1, future research should also involve more complex
victim modelling to account for victim movement and mental
state as in [17], to better ensure victim safety. Finally, further
research should be performed on methods to estimate distur-
bance magnitude and thus tube size, and how sensor noise
or other measurement inaccuracies affect this estimate with
respect to safety guarantees.
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A Configuration values

Table 2: Experiment configuration values

Variable Description Value
np grid height 35
N grid width 35
N, number of rooms 7
N, number of victims 12
Ny number of fires 2
Wi min min. tunnel width 1
Wi, max max. tunnel width 3
Dy fire spread chance 0.04
Ty fire duration 14
N prediction horizon 4
r scan radius 4
o base scan accuracy 0.35
o confidence decay 0.05
Wdsey discovery weight 209
Weonf confidence weight nh.3n

Wrplr exploration weight n;34(:(7)zw

B Generative AI Use

The generative Al tool Google Gemini was used in the re-
search and creation of this report, following the guidelines
set out by TUDelft. All code and academic writing was pro-
duced by the student, and the scope of generative Al use was
limited to the following aggregative and editorial roles:

» Assistance finding academic research on specific topics

» Assistance debugging student-created code

* Assistance in structuring and improving clarity of report
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