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Abstract
Effective autonomous search and rescue (SaR) re-
quires safe and efficient traversal of hazardous re-
gions. While model predictive control (MPC)
offers a solid framework for controlling an au-
tonomous agent, the robust tube MPC (TMPC) ap-
proach sacrifices too much performance, especially
where disturbance probabilities vary spatially. Cur-
rent approaches to address this problem explore
varying tube size in scenarios with perfect informa-
tion, but none test whether local perception of the
environment can be used to dynamically scale tube
size to reduce conservativeness adaptively. A state-
dependent dynamic TMPC (SDD-TMPC) formula-
tion is proposed, scaling tube dynamically on per-
ceived disturbance risk and confidence. Three con-
trollers: MPC, TMPC, SDD-TMPC, are tested over
250 seeded SaR simulations, with additional runs
introducing noise into perceived disturbance risk to
assess the formulation’s robustness. SDD-TMPC
is shown to substantially outperform TMPC (odds-
ratio (OR)=40.0) while maintaining 0 wall/victim
collisions, operating in TMPC mode only 32.3% of
the time. Robustness and performance advantage
are retained under perceived noise of magnitudes
up to 0.2, however, 0.4 is identified as the boundary
where this no longer holds. Overall, this suggests
that perception-based tube scaling is a promising
direction for autonomous agents.

1 Introduction
Post-disaster environments, such as natural disaster areas,
building collapses, and industrial accidents, can become in-
credibly hazardous settings. Conducting search and rescue
(SaR) operations in these areas can expose responders to
many physical risks. Because of these risks to human life,
research has focused on utilizing robotics for SaR in such en-
vironments. Liu et al. [1] discuss the ongoing research of SaR
robotics, as well as identify key performances of these mod-
els: survivability, mobility, sensing, communicability and op-
erability. SaR robots have been shown to be flexible, and
provide value and utility in urban search and rescue, as well
as military applications [2].

SaR is a time-critical endeavor, where the speed and per-
formance of the responders can directly influence the chance
of victims’ survival. The rate of survival of victims has been
shown to decrease drastically with each passing day, where
the first 72 hours are the most important [1]. A further empir-
ical link can clearly be seen in [3], where they conclude that
time is the single most valuable predictor for determining the
probability of finding survivors.

Model predictive control (MPC) is a promising framework
for SaR robotics, as it can optimize for multiple objectives si-
multaneously and systematically. For SaR, this could be lead-
ing victims to safety, while avoiding hazards along the way.
The most noteworthy hazard for the following paper is exter-
nal hazards that introduce state disturbances, which is when

the position of the robot is altered by the environment. MPC
has been shown to be robust to minor disturbances and uncer-
tainties, however, fails when larger external disturbances are
introduced [4].

To counteract this limitation, a disturbance-invariant ’tube’
is introduced (tube-MPC, TMPC), forcing the controller to
always account for the worst-case state disturbance. This in-
variant tube can guarantee safety and robustness of the agent
[5]. Due to the invariant nature of this tube, the performance
of a TMPC agent is significantly worse than standard MPC
[4]. As previously mentioned, this is a critical drawback
given the time-sensitive nature of SaR. In order to reduce the
cost to performance, while maintaining safety and robustness,
a state-dependent dynamic TMPC (SDD-TMPC) is proposed,
where the controller can vary tube size depending on its state
and the environment.

The contribution of this paper lies in exploring how such
a controller could be formulated, and how effective such a
controller would be. This is explored with a main research
question of: how can linking the tube size of a SDD-TMPC
agent to said agent’s perception of the environment, influence
the agent’s robustness, conservativeness, and performance in
a SaR scenario? In order to answer this question effectively,
several sub-questions are proposed:

1. How should disturbance bounds be defined as a function
of perceived confidence and disturbance risk, such that
performance is improved over TMPC, and empirical ro-
bustness is maintained?

2. To what extent are the performance gains and empiri-
cal robustness retained under increased perceptual un-
certainty?

3. How conservative is the resulting bound compared to a
fixed worst-case bound used by conventional TMPC?

The paper aims to provide data and insight regarding these
questions, by developing a SaR simulator to act as a testbed
for the three controllers: MPC, TMPC, and SDD-TMPC.

The remainder of the paper follows the structure: Section
2, explores work and research related to this paper’s topics.
Section 3 explains the experiment setup in which the different
control models will be tested, and provides a formal definition
of the problem. Section 4 details the implementations of the
models, includes the resulting data from running the experi-
ment, and analysis of these results. Section 5 discusses the
ethical implications of the paper and the research performed.
Finally, Section 6 summarizes the findings and interpretations
of the paper, and suggests future work and research that can
be conducted in this field.

2 Literature Review
The following section explores related work and research re-
garding the topics of using MPC in SaR, how the performance
of TMPC suffers due to being overly conservative, and the
gaps of knowledge in this field.

MPC effectively handles input/output constraints, and pro-
vides guarantees on stability and feasibility [4]. The MPC
algorithm has already been shown to be effective in control-
ling multiple unmanned aerial vehicles (UAVs) for SaR sce-
narios [6]. However, due to MPC’s aforementioned inability
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to compensate for significant state disturbances [4], a tube is
introduced as a robust approach.

Despite its robustness, TMPC’s conservative assumptions
result in low-performance and overly cautious solutions [4].
In respects to SaR, where a quick search time is impera-
tive, this is a critical failure. The suboptimal performance
of TMPC and its inferiority to an adaptive tube has been fur-
ther acknowledged in a multitude of papers, such as the paper
on Adaptive Tube MPC by Dey and Bhasin [7].

Recent work explores reducing TMPC’s conservativeness
through adaptive tube approaches. Dey and Bhasin [7] pro-
pose online parameter learning to reduce its conservativeness
by gathering data and shrinking the uncertainty parameter set.
Similarly, [4] introduces a state-dependent tube, allowing the
to tube both shrink and expand based on disturbance levels.
Both approaches showed significant improved performance
over TMPC. The key difference between these works and the
following work, is that this work explores scaling the online
dynamic tube on an agent’s perception of its environment, and
its perceived risk of disturbance.

Despite the vast research which has been done in the field
of adaptive-tube MPC, a few knowledge gaps remain. One
such gap is the lack of research into SaR-hardware-integrated
testing. Many papers experiment with simple motors and sin-
gle input/output systems [8]. Another gap, which this paper
aims to cover, is perception-driven tube adaptation, where the
tube-size can vary depending on the environment as perceived
by the SaR agent.

3 Methodology
The following section includes a description of the testbed de-
sign, used to test the three different agent controllers: MPC,
TMPC, and SDD-TMPC, where MPC is included as a non-
safety baseline. A formal definition of the problem is then
provided. Finally, the section describes the objective function
that the controllers optimize for.1 A table of variable values
used for this experiment can be found in Appendix A.

3.1 Testbed
In order to measure the performance of the agent, a 2-
dimensional time-varying grid is used to act as a testbed. A
set of 5 cell-properties is introduced, those being traversabil-
ity, vulnerability, fire, victims, and confidence.

Grid
Each property of a cell can be encoded in a m × n matrix,
where the matrices are defined as follows.

A static traversability matrix, M trav ∈ {0, 1}m×n, where

M trav
i,j =

{
1, cell (i, j) blocked
0, cell (i, j) free.

(1)

Although traversability = 1 meaning blocked/untraversable
is counterintuitive, it is written as such to maintain consis-
tency with the code.

1Implementation of this methodology can be found at
https://github.com/FilipOBK/SDD-TMPC-Research.

A static vulnerability matrix, Mvuln ∈ [0, 1]m×n, where

Mvuln
i,j ∈ [0, 1]. (2)

A dynamic fire matrix,
Mfire ∈ {safe, flammable, burning, burnt}m×n, where

Mfire
i,j (k) =


safe, cell (i, j) is safe at time k
flammable, cell (i, j) is flammable at time k
burning, cell (i, j) is burning at time k
burnt, cell (i, j) is burnt at time k.

(3)

A static victim matrix, Mvict ∈ {0, 1}m×n, where

Mvict
i,j =

{
1, victim present at cell (i, j)
0, no victim present at cell (i, j).

(4)

Finally, a dynamic confidence matrix, M conf ∈ [0, 1]m×n,
where

Mconf
i,j (k) ∈ [0, 1]. (5)

A grid at time step k can formally be defined as the 5-tuple
of all of these matrices:

G(k) =
〈
M trav,Mvuln,Mfire(k),Mvict,Mconf(k)

〉
(6)

The simulation then stores a ’ground truth’ grid containing all
true values of these matrices, which varies each time step.

As such, at each step the testbed simulator queries every
agent’s controller about what move it would like to perform
next, and is responsible for denying and recording any illegal
moves. It is also responsible for recording other statistics and
metrics required for analysis of the agents’ performance and
safety.

Dynamic environment

Figure 1: Example of a randomly generated SaR environment,
where vulnerable regions represent disturbance probabilities of 0.6,
and high-risk regions represent disturbance probabilities of 1.0.

The simulated ground truth is generated dynamically, using
the 2D map generation algorithm proposed by [9, Alg. 1].
Seven rooms are generated, and corridors are 1-3 tiles wide.
An additional 3x3 starting room is placed in the top left cor-
ner, and connected via corridors as described in the algorithm.
The agent starts the simulation in the center of this room.

Each room and corridor (let a be the region covered by
respective room/corridor) is then iterated through and inde-
pendently assigned a vulnerability in a two-stage Bernoulli
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process. The region is labeled as hazardous with probability
pa. Hazardous regions are then assigned a vulnerability of 1.0
with probability sa, and a vulnerability of 0.6 otherwise. All
cells within the region a inherit the vulnerability of the region.
Values 1.0 and 0.6 were chosen as these intervals were found
to offer unique challenges for the agents. With Mvuln

i,j = 0.6,
enough scans of the cell would allow for disturbances to be
completely mitigated (see Eq. (10)), whereas a Mvuln

i,j = 1.0
can never be fully mitigated (confidence asymptotically ap-
proaches 1.0, see Eq. (11)).

Fire spread is modeled similarly to [10], where a tile burns
for duration d, and then becomes burnt. Any tile adjacent to a
burning tile is marked as flammable, and a flammable tile has
some probability p of igniting at each time-step.

After map generation, victims are placed on 12 random in-
dependently selected traversable points on the grid, and 2 ran-
dom traversable points are selected and marked as burning.

An example of a randomly generated environment can be
seen in Fig. 1.

Agents
To allow for informed decision-making and an adaptive tube,
agents store a time-varying perception grid GP(k) with their
perceived values of the environment.

At every time step k, an agent ’scans’ its local environment,
updating GP(k). Agents further store an ’explored’ matrix
E ∈ {0, 1}m×n that stores what cells the agent has scanned
at least once:

Ei,j(k) =


1

cell (i, j) has been scanned
at least once at time-step k,

0 otherwise.

(7)

We can define the agent’s state at time-step k as xk =
⟨(ik, jk), GP(k), E(k)⟩, where

(ik, jk) ∈ S = {( i, j) | i ∈ [1..n], j ∈ [1..m]},
GP(k) ∈ P,
E(k) ∈ {0, 1}n×m

(8)

where P is the set all possible perceived grids.
A cell is scanned if the euclidean distance to the agent is

less than the scan radius r, as well as if the agent has line
of sight to the cell. Line of sight is calculated using the
python library tcod, specifically, the tcod .map.compute fov
method [11]. An agent also has attributes ’scan accuracy’ η0,
and ’confidence decay’ σ. To simulate increasing uncertainty
when scanning from further away (due to smoke or other en-
vironmental factors), the increase in confidence when scan-
ning a cell (i, j) from position (ik, jk) is defined similar to a
normal distribution centered on the cell the agent occupies:

ηik,jk (i, j) = η0 exp

(
− (i− ik)

2 + (j − jk)
2

2
(
r
3

)2
)
. (9)

Mconf
i,j (k+1) =

{
Mconf

i,j (k) + ∆i,j(k + 1), scanned,
max(0,Mconf

i,j (k)− σ), not scanned,
(10)

where the confidence increment for a scanned cell is given
by:

∆i,j(k) = ηik,jk(i, j) · (1−M conf
i,j (k − 1)). (11)

In order to gather data for research sub-question 2, an al-
ternative scanning procedure for the vulnerability matrix is
introduced. In a normal scan, the true values of scanned cells
Sk are read directly from the ground truth grid G(k) matrices:

M∗,P
i,j (k) = M∗

i,j(k), ∀(i, j) ∈ Sk. (12)

The alternative vulnerability scan introduces uniform noise of
magnitudes δ ∈ {0.1, 0.2, 0.4}, representing increasing lev-
els of uncertainty in vulnerability readings:

Mvuln,P
i,j (k) = min

(
1,max

(
0,Mvuln

i,j + ϵi,j(k)
))

,

ϵi,j(k) ∼ U(−δ, δ), δ ∈ {0.1, 0.2, 0.4}.
(13)

The value 0.1 was chosen to introduce small noise around
each of the vulnerability levels. 0.2 was chosen as it spans a
total range of 0.4, matching the gap between the two ground
truth vulnerabilities (0.6, 1.0). Finally, 0.4 was chosen as it
significantly exceeds the gap, making it possible for the noise
to overshadow the ground truth vulnerability. This range of
noise magnitudes and effects aims to offer an interesting va-
riety of behavior for analysis.

3.2 Problem Definition
The search and rescue scenario is modeled as a 2-dimensional
discrete grid of width n and height m, where changes and ac-
tions occur during discrete time-steps. The following prob-
lem is based heavily on the state-dependent dynamic tube
MPC proposed by [4]. As such, the following formalization
of the problem will be closely related.

Sets
We introduce a state vector xk, representing an agent’s loca-
tion, and a control input uk. This state vector can be affected
by additive state-dependent external disturbances w(xk) at
time-step k ∈ N, where xk ∈ X ⊆ Nn, uk ∈ U ⊆ Z2,
and w(xk) ∈ W ⊆ Z2. The admissible set X, and the control
input set U are static, while the external disturbance set W
can vary as a function of the state xk. The control input set is
defined as follows:

U =

{(
0
−1

)
,

(
0
1

)
,

(
−1
0

)
,

(
1
0

)
,

(
0
0

)}
, (14)

representing the actions UP, DOWN, LEFT, RIGHT, and
WAIT respectively.

We further define the feasible set X , the set of all states
that satisfy the hard constraints. States break hard constraints
if the agent is occupying a cell that: is burning, has a victim,
is untraversable, or is out of bounds of the grid. Formally:

X = {xk ∈ S × P× {0, 1}m×n | (ik, jk) ∈ S,

M trav,P
ik,jk

= 0,Mfire,P
ik,jk

(k) ̸= burning,Mvict,P
ik,jk

= 0}.
(15)

The external disturbance set is defined as:

W = U \
{
(0, 0)T

}
, (16)

where the vector (0, 0)T is omitted since this would represent
a trivial case of no disturbance.
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Let v(xk) denote the probability of a disturbance occurring
at cell (i, j) occupied by the SaR-agent at time-step k:

v(xk) = max
(
0,Mvul

i,j −Mconf
i,j (k)

)2
. (17)

v(xk) is defined such that when the agent slows down and
scans a cell multiple times, its confidence on that cell in-
creases, decreasing the likelihood that a disturbance occurs.
The confidence at a cell can only ever approach 1, never reach
it (see Eq. (10)), meaning disturbances in a high-risk area can
never be fully mitigated. An actual instance of disturbance is
modeled as a random variable wk taking values in W accord-
ing to:

Pr(wk = ω | xk) =

{
v(xk)
|W| , ω ∈ W,

1− v(xk), ω = (0, 0)T.
(18)

That is, at any time-step k, wk is a disturbance with prob-
ability v(xk), and wk is no disturbance with probability
1− v(xk).

The dynamic system can now be defined similarly to [4,
Eq. (1)]:

xk+1 = f(xk, uk, wk), (19)

where f : X × U × W → X is the state transition function.
The returned state is at the new position calculated by the
move and disturbance, and has an updated perception grid
GP(k+1). An agents predicted next state xk+1|k applies the
same state transition function, but predicts the fire-spread rate
to be p = 1.0.

The goal of this dynamic system is to maximize an objec-
tive function J over a prediction horizon N , while all hard
constraints are kept satisfied; for any time-step k. This is just
as in [4, Eq. (2)], but maximizing, rather than minimizing:

J∗(xk) = max
x̃k,ũk

J(x̃k, ũk)

s.t. for i = k, . . . , k +N − 1,

xi+1|k = f(xi|k, ui|k, w(xi|k)),

xk|k = xk,

xi+1|k ∈ X,
ui|k ∈ U,
w(xi|k) ∈ W,

(20)

where x̃k = (xk+1|k, ..., xk+N |k), where xi|k, i > k is the
predicted state of the agent at time-step i, given the agent
at time-step k. Similarly, ũk = (uk|k, ..., uk+N−1|k), i ≥
k, where the value of ui is determined at time-step k, and
J∗ is the optimal value of the objective function found over
an exhaustive search of x̃k, ũk. The objective function J is
composed of stage objectives accumulated over the horizon
N , as well as a terminal objective calculated at the terminal
time-step k + N . The objective function is continuous and
finite for xi ∈ X,∀i ∈ {k, ..., k +N − 1}.

As noted by [12], because fire is a dynamic obstacle, and
the environment is partially observable, it is impossible for
the agent to guarantee the feasibility at the beginning of the
scenario, and as such recursive feasibility is also impossible.
It is, therefore, not explored in this research.

Finally, a successful run is defined as the agent having
scanned all 12 cells that contain a victim, at least once, with-
out ever having broken a constraint. Breaking a hard con-
straint is treated as a failure, as any collision with a wall could
lead to damage of the robot, while collisions with a victim
could be detrimental to the SaR. Formally, the run is a suc-
cess at time k if:

m∑
i=1

n∑
j=1

Ei,j(k) ·Mvict
i,j = 12 ∧ xi ∈ X ,∀i ∈ {1, ..., k} (21)

As further stated in [12], dynamic fire and partial observabil-
ity also makes constraint satisfaction at every time-step im-
possible; it is not always possible for the controller to avoid
getting trapped into a corner by fire without a feasible move to
escape, resulting in fire collisions. Due to the lack of agency
the controllers have over fire collisions, these are treated sep-
arately from controlled-induced constraint violations. This is
further discussed in Sec. 4.2.

3.3 Objective Function
The following subsection describes the main objective func-
tion that all three controllers optimize for.

The objective function is split into stage objectives accu-
mulated over the agents’ exhaustive search of moves over
horizon N , and a terminal objective, evaluated on the state
at the horizon. At time step k, the stage objective at predicted
time-step i ∈ [k + 1..k +N ] is described as follows:

Jstage,k(xi|k) =
200

πr2

 m∑
i=1

n∑
j=1

Ei,j(i)− Ei,j(i− 1)


+

3

m× n

 m∑
i=1

n∑
j=1

M conf
i,j (i)


(22)

(see Eq. (7) for definition of E). Note that the objective
solely rewards exploration and confidence. Because safety is
handled completely through admissible-state constraints, the
controller does not consider trade-offs between safety and the
objective.

The terminal objective, at time-step k+N , uses a breadth-
first-search function executed at time k to calculate the dis-
tances from every cell to an unexplored cell. This function
Dk is defined as:

Fk = {(i, j) | Ei,j = 0}
Dk(i, j) = min

(u,v)∈Fk

dsp ((i, j), (u, v)) (23)

where dsp denotes the shortest-path distance along cells in the
admissible set X. The terminal objective is then defined as:

Jterminal,k(i, j) = −300 ·N ·Dk (i, j)

m+ n
, (24)

resulting in the final objective function:

J∗ (xk, uk) = max
x̃k,ũk

k+N−1∑
i=k

Jstage,k(xi|k)

+ Jterminal,k(ik+N |k, jk+N |k)

(25)

4



4 Results
The following section describes the implementation details of
the three controller models. As mentioned in Sec.3, MPC is
included for completeness, and as a non-safety baseline. This
section further contains the processed data from performing
250 differently seeded generated simulations. Three addi-
tional SDD-TMPC controllers, using the alternative scanning
approach described in Eq. (13) with the different delta val-
ues, are also recorded. In total, six sets of 250 seeded runs
are performed. From previous testing it was determined that
if a scenario was feasible for a controller, it would find all
12 victims within 300 time-steps. Therefore, if an agent does
not find all victims within 300 time-steps, the run is labeled
as a failure and halted. The section further contains analysis
of the data, and its connections to the research questions.

4.1 Model Implementations
All three models solely optimize for the objective function
(Eq. (25)) as described in Eq. (20). The differences between
the models are solely the sets of admissible states X for each
controller.

MPC
The (nominal) MPC agent was implemented without any
consideration of vulnerability or disturbances. As such, the
MPC’s admissible set X = X .

TMPC
TMPC ’expands the tube’ by expecting the maximal distur-
bance for any move. The admissible set can as such be de-
fined using the Minkowski sum (denoted as ⊕), and the fea-
sible set X :

X = {x | x ∈ X and ω ∈ X , ∀ω ∈ {x} ⊕W} (26)

SDD-TMPC
As SDD-TMPC has a dynamic tube, the admissible set is dy-
namic per time-step k. The admissible set becomes state-
dependent:

X(xk) =

{
X , v(xk) = 0,

T , v(xk) > 0,

T = {x | x ∈ X and ω ∈ X , ∀ω ∈ {x} ⊕W} .
(27)

That is, when the perceived disturbance probability (Eq. (17))
is 0, SDD-TMPC reduces to nominal MPC. Otherwise, states
reachable in one disturbance step must also be in the feasi-
ble set (reduces to TMPC). This aims to be safe by ensuring
that a reduction at any point still enforces constraint satisfac-
tion over all states reachable from the current. An interesting
effect of the discrete grid model is that the SDD-TMPC for-
mulation becomes binary, where its tube reduces to one of the
other two controller tubes. While this is a direct consequence
of the discrete model, it does mean that continuously varying
tube sizes is not explored.

Note that when performing exhaustive search, at each itera-
tion, the admissible set is also predicted (X(xi|k)). Addition-
ally, when performing the frontier-distance BFS an artificial
confidence matrix M conf = {0.999}m×n is used, meaning
that the SDD-TMPC exploration heuristic (see Eq. (23)) is

calculated using the largest possible admissible set. The arti-
ficial confidence matrix ensures that the agent is not restricted
to only areas reachable given its current confidence, rather it
can plan towards areas that can become accessible with fur-
ther scanning. A value of 1.0 is avoided since confidence
can only asymptotically approach 1.0 (Eq. (10)), and for cells
where Mvuln = 1.0, v(xk) > 0. Using artificial confidence =
1.0 would incorrectly allow the agent to plan routes through
corridors it can never safely traverse. Importantly, trajectory
feasibility is still checked using the actual confidence, to de-
termine disturbance probability and maintain safety.

4.2 Data and Analysis
The following subsection aims to analyze the data gathered
over the six sets of 250 seeded runs. Every subsection aims to
connect the implications of the data to its respective research
sub-questions listed at the end of Sec. 1.

Perception to Tube Size Mapping
The following subsection aims to explore if the mapping pro-
posed in Eq. (27) is effective at maintaining the safety of
TMPC, while improving performance.

Collisions
Controller Walls Victims Fires
MPC 206 44 7
TMPC 0 0 42
SDD-TMPC 0 0 21

Table 1: Total accumulated collision of each type per controller, over
250 runs. TMPC and SDD-TMPC have 0 wall and victim collisions.
Notably, they have fire collisions, from being backed into corners by
fire.

Table 1 depicts the total collisions per controller over the
250 runs. Importantly, when implementing the robust tubes
proposed in Sec. 4.1, the collisions with the static fields, walls
and victims, drops to 0.

Notably, collisions with fire remain. Manually observing
the data, these collisions occur rarely, in only 3 of the 250
runs. These stem from the agent being cornered by spread-
ing fire with no remaining feasible move (as described in
Sec. 3.2), rather than from a failure of the disturbance tube to
bound the agent’s reachable states. The data is included for
completeness, but because the goal of the research is to eval-
uate controller correctness, the collisions are excluded when
comparing safety and successes between the controllers. This
exclusion is applied throughout all controllers and delta val-
ues.

Since wall and victim collisions are entirely absent for both
TMPC and SDD-TMPC, there are no discordant pairs be-
tween the two. That is, for every seed that is collision free
under TMPC, it is also collision free under SDD-TMPC and
vice versa. As such, a McNemar test [13] is not informa-
tive here. For the precision of this observation of zero wal-
l/victim collisions, a 95% Wilson confidence interval is used,
corresponding to a CI of [0%,1.5%].2 This suggests that de-

2Wilson score interval, n=250, k=0.
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spite the finite test set, the actual collision rates of these con-
trollers are unlikely to exceed 1.5%. In regards to research
sub-question 1, this clearly indicates that the empirical ro-
bustness of TMPC is maintained in SDD-TMPC.

The second part of sub-question 1 addresses an improve-
ment in performance over TMPC. One measure of perfor-
mance would be the rate of success, as defined at the end
of Sec. 3.2.

Figure 2: Success rates by controller: proportion of runs that find
all victims within 300 time-steps without breaking hard constraints
(ignoring fire collisions). Rates: MPC: 0.488, TMPC: 0.398, SDD-
TMPC: 0.824.

Figure 2 displays expected results, the baseline pure nom-
inal MPC’s struggles to succeed due to its lack of safety. In-
terestingly, MPC’s rate of success still exceeds that of the
overly conservative TMPC. However, this can be explained
by: when in a situation that might result in a collision, TMPC
will never overcome it (it aims to guarantee safety), whereas
MPC will attempt to overcome it, with a not-insignificant
probability of succeeding. In order to determine the corre-
lation between TMPC and SDD-TMPC’s success rates, an
exact pairwise McNemar test is performed, resulting in a
statistic of 1.0 and p = 1.71 × 10−31. With p < 0.001,
the null-hypothesis that utilizing the proposed mapping does
not have a significant statistical effect on success rate can be
rejected. To understand the extent of the benefit to perfor-
mance SDD-TMPC offers over TMPC, the odds-ratio (OR)
is calculated. Of the 250 runs 108 succeeded under only
SDD-TMPC, whereas only 1 succeeded under only TMPC
(OR= 40.0, 95% CI [5.41, 295.75]).

The second aspect of performance is the rate at which the
controller is able to locate the 12 victims. Evaluation of mis-
sion durations is done only with seeds where both controllers
succeeded, as failed runs correspond to a fixed timeout of 300
time-steps and do not represent true completion times. In-
cluding these would conflate performance with success rate.
These differences are, however, accounted for in the above
success-rate analysis. Among the selected seeds, there was
a statistically significant difference in mission duration be-
tween TMPC and SDD-TMPC (Wilcoxon signed-rank test,
W = 1612.0, p = 0.0059 [14]). The median duration de-
creased from 170.0 steps (TMPC) to 153.0 (SDD-TMPC), a
median-paired improvement of 17 steps.

Overall, the data statistically supports that the empirical ro-
bustness of TMPC is maintained by the mapping proposed in
Eq. (27), with no wall/victim collisions observed over the 250
runs. The mapping further provides a statistically significant
performance improvement, that is, SDD-TMPC has a higher
rate of success, and in scenarios where both succeed, SDD-
TMPC a lower mission duration (median).

Effects of Uncertainty
The following subsection aims to explore how well robust-
ness and performance is maintained under increasing percep-
tual uncertainty. This uses the data collected from performing
3 sets of 250 SaR simulations, with the different noise/delta
values listed in Eq. (13).

Collisions
Delta Walls Victims Fires
0.0 0 0 21
0.1 0 0 7
0.2 0 0 7
0.4 5 4 39

Table 2: Total accumulated collision of each type per delta value,
over 250 runs. 0 wall- and victim collisions are maintained from
δ = 0 to δ ∈ {0.1, 0.2}, but not at δ = 0.4.

As shown in Tab. 2, for delta values 0.1, and 0.2, the static
wall and victim collision remain unaffected when compared
to δ = 0. The fire collisions are once again included for com-
pleteness, but due to the previously mentioned reasons, can-
not be used as a fair comparison for the safety and success
between delta values. With 250 runs for each delta, the 95%
Wilson CI for zero observed collisions remains the same at
[0%, 1.5%]. For δ = 0.4, 9 runs are observed with wall/vic-
tim collisions, an empirical collision rate of 3.6% (95% CI
[1.9%, 6.7%]).

Performing an exact pairwise McNemar test on collisions
between the runs with delta values 0.2 and 0.4, results in a
statistic of 0.0, and a p-value of 3.91 × 10−3. At the statis-
tical significance level of α = 0.05, the null-hypothesis that
the collision rate is not significantly impacted by the increase
in delta, can be rejected. All 9 discordant pairs correspond to
a collision under δ = 0.4, where no collision occurred under
δ = 0.2, confirming that δ = 0.4 represents a statistically sig-
nificant loss of empirical safety maintained at δ ≤ 0.2. This
clearly demonstrates to which extent empirical robustness is
maintained under increasing environmental uncertainty.

The second research sub-question also addresses to which
extent performance is retained under the increasing environ-
mental uncertainty.

Delta # Successful Runs Success Rate
0.1 212 0.848
0.2 197 0.788
0.4 188 0.752

Table 3: Number of successful runs out of 250 runs, and respective
rates of success of SDD-TMPC across delta values 0.1, 0.2, 0.4.

To determine whether there is a statistically significant dif-
ference in success-rate between deltas, a Cochran’s Q test
[15] is performed, the results of which are Q = 11.6, p =
3.02 × 10−3. The test does indicate that there is a signif-
icant statistical difference, where Tab. 3 displays how the
success rate decreases monotonically from δ = 0.1 to δ =
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0.4. Interestingly, the success rate when δ = 0.1 (0.848,
Tab. 3), is marginally higher than when δ = 0.0 (0.824,
Fig. 2). This can be explained similarly to why the suc-
cess rate of MPC slightly exceeds that of TMPC, where the
small amount of noise relaxes how conservative the SDD-
TMPC agent is, making previously infeasible regions appear
traversable. Since the perceived vulnerability is still high, the
controller is still extremely cautious when traversing these re-
gions. However, for δ ≥ 0.2, the increased mismatch in per-
ceived and ground truth vulnerability outweighs the benefit,
causing success-rates to decline.

Delta Success OR 95% CI
0.1 2.33 [1.05, 5.17]
0.2 3.02 [1.46, 6.21]
0.4 1.35 [0.74, 2.47]

Table 4: Success ORs of SDD-TMPC at different delta values, com-
pared to TMPC successes.

Table 4 presents the odds ratios of SDD-TMPC success
against TMPC across noise levels. At δ ∈ {0.1, 0.2}, SDD-
TMPC retains its statistically significant performance advan-
tage over TMPC. At δ = 0.4, however, the OR drops to 1.35
with a CI crossing 1.0, indicating that the performance ad-
vantage is no longer statistically significant. This identifies
δ = 0.4 as the boundary point, where increased perceived
noise outweighs the advantage of SDD-TMPC over TMPC,
which is consistent with the safety degradation seen at the
same delta in Tab. 2.

Taking all of this into consideration, SDD-TMPC statis-
tically retains its robustness and performance improvement
over TMPC for δ ≤ 0.2. At δ = 0.4, safety begins to degrade
with observed wall/victim collisions, and the success OR of
SDD-TMPC over TMPC becomes statistically insignificant.
It is clear that there is a boundary of perceptual noise in
δ ∈ (0.2, 0.4], where empirical robustness and performance
advantage are no longer retained.

Conservativeness Comparison

The following subsection explores how conservative the re-
sulting bound of the SDD-TMPC formulation is compared to
the fixed-worst case bound used by conventional TMPC.

As the maximum disturbance magnitude in this model is an
offset of 1 tile, the worst-case bound used by TMPC is desig-
nated a tube size of 1. Similarly, as MPC never considers dis-
turbances (always assumes a disturbance of magnitude 0), the
MPC ’tube’ is designated a size of 0. This definition allows
for the conservatism of SDD-TMPC to be quantified through
its tube size, and compared against TMPC. Note that due to
the binary nature of the tube, the average tube size over a run
becomes equivalent to the fraction of time the SDD-TMPC
agent spends in ’TMPC mode’.

Figure 3: Density of average SDD-TMPC tube sizes over 206 suc-
cessful runs / 250 runs. 84.5% of runs have an average tube size
< 0.5.

Over the 250 runs performed, at each run, the average tube
size of the SDD-TMPC agent was recorded. As stated in
Fig. 3, in 84.5% of the runs, the average tube size of the agent
was < 0.5, making it clear that under the tested conditions,
SDD-TMPC was on average substantially less conservative
than TMPC. For a more concrete metric, the mean of SDD-
TMPC’s average tube sizes was computed. The calculated
mean was 0.323 (95% bootstrap CI3 [0.299, 0.347]), indicat-
ing that SDD-TMPC operated in the tightened TMPC-like
mode for only 32.3% of successful run time-steps on average,
which represents a significant decrease in conservativeness.

Taking all of this into consideration, it is clear that the
bound of SDD-TMPC is significantly less conservative than
that used by the fixed worst-case TMPC, while maintain-
ing empirical safety as explored in the first research sub-
question.

5 Responsible Research
The following section discusses the ethical aspects and impli-
cations of this research, as well as the reproducibility of the
methods used to conduct it.

5.1 Ethics
The context of the research places the agent models in a SaR
environment and scenario, as such an environment allows for
complex interactions and challenges that allow for detailed
evaluation of the controllers’ behavior. However, it is impor-
tant to acknowledge that many details of a real-world SaR
scenario were not modeled. In the case that this research is
to be implemented in a real-world SaR scenario, great care
should be taken to consider discrepancies between the mod-
eled and real-world scenarios, in order to ensure people’s
safety.

5.2 Use of Generative AI
The Anthropic generative AI Claude was used sparingly, and
following the guidelines set by TUDelft. Use was limited to:
LaTeX formatting assistance, grammar and spell checking,
and literature search support.

5.3 Reproducibility
Throughout the development of the testbed, and the agent
controllers, great care was spent to ensure that only open-
source, and freely available software were used. This was
done in an attempt to make the research as reproducible as

3Bootstrap CI used as tube-size distribution is non-normal.
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possible. Moreover, all code and raw data that was used to
create and evaluate the models, was made open-source to fur-
ther allow for reproducibility.

6 Conclusion
The following section summarizes the goals and findings of
the research. Furthermore, it highlights interesting and note-
worthy aspects of the research, and offers ideas of future work
and experiments that can be done to further understanding of
this area.

6.1 Summary
The main goal of this research was to explore how a dynamic
tube can be constructed, such that it is linked to an agent’s
perception of the environment, and how that would influence
said agent’s safety, and performance. From this, three sub-
questions were derived. First, how can an agent’s perceived
risk and confidence be mapped to a tube size, such that the
agent’s performance is improved over TMPC, while empir-
ical robustness is maintained? Second, how does changing
the uncertainty of the measurements by the agent affect its
robustness and performance. Third, how conservative is such
a tube, when compared to a fixed worst-case tube used by
conventional TMPC?

In regards to the first research sub-question, a mapping that
scaled tube size on the difference between perceived risk and
perceived confidence was developed. This mapping was ob-
served to effectively maintain the empirical safety of fixed
worst-case TMPC, with no wall nor victim collisions ob-
served over 250 runs. A statistically significant advantage in
performance of SDD-TMPC over TMPC was found, with an
OR on successful runs of 40.0 (95% CI [5.41, 295.75]), and a
median-paired improvement of 17 time-steps on mission du-
ration. A noteworthy limitation of the model, is that because
the agent does not have perfect information, the controller
cannot always account for dynamic obstacles such as fire, re-
sulting in a small number of fire collisions observed. These
are not failures of the disturbance tube, rather an inherent lim-
itation of the model and any controller under it. However, this
inability to account for dynamic hazards without perfect in-
formation does bring into question how applicable these tech-
niques are for real-world search and rescue. Methods to ad-
dress such dynamic hazards given partial information should
be investigated further.

For the second research sub-question, introducing vary-
ing levels of noise into the SDD-TMPC agent’s vulnerability
readings was found to have statistically significant effects on
the controller’s safety and performance. Uniformly sampled
noise of magnitudes δ ∈ {0.1, 0.2, 0.4} were tested, where
a statistically significant performance advantage over TMPC
was retained up to δ = 0.2 (OR=3.02, 95% CI [1.46, 6.21]).
δ = 0.4 was identified as the boundary where both robust-
ness and the performance advantage were no longer retained
by SDD-TMPC over TMPC. Overall, the SDD-TMPC for-
mulation retained empirical safety and performance gains to
the extent that the magnitude of the noise did not fully over-
shadow the ground-truth values.

Finally, in regards to the third research sub-question, the
dynamic tube scaling approach of SDD-TMPC was found to

be drastically less conservative than worst-case TMPC. Due
to the discrete model designed for this research, the tube
becomes binary, either reducing to MPC when there is no
perceived risk of a disturbance, or reducing to TMPC when
there is a perceived risk of a disturbance. The data collected
showed that SDD-TMPC operated in ’TMPC mode’ for only
32.3% (95% bootstrap CI [0.299, 0.347]) of time-steps in suc-
cessful runs, representing a significant reduction in conserva-
tiveness compared to fixed worst-case TMPC. As noted in
Sec. 4.1, while the binary model is an interesting detail, it is
also a limitation of the current method, as it does not yet test
continuously varying tube sizes.

Overall, linking the tube size of a SDD-TMPC agent to
its perception of the environment, is a viable and effective
approach. The controller is able to maintain the empirical
robustness of fixed worst-case TMPC, while substantially in-
creasing success rate and search rate. Furthermore, the SDD-
TMPC was found to be significantly less conservative than
TMPC. These benefits were found to be retained under sig-
nificant perceptual noise, only being lost when the magnitude
of the noise was so large that it overshadowed the true read-
ings.

6.2 Future Work

The SDD-TMPC mapping design and empirical robustness
are subject to the fact that the agent receives perfect informa-
tion when regarding the type of cell it scans (i.e. an agent
will never confuse a victim for a wall). This is unrealistic, a
limitation of the model proposed for this research. As such,
an interesting possibility for further research would be to in-
troduce probabilities into the different perception matrices of
the agent (e.g. after scanning, cell (i, j) has a 30% chance of
being a wall, and 70% chance of being a victim). A more ac-
curate/realistic model could provide a deeper insight into pos-
sible real-world challenges that agents might encounter when
performing critical tasks such as search and rescue.

Another limitation of this work, which could be addressed
in future research, is the discrete nature of the model; that is,
agents move 1 cell every discrete time step, and only in cardi-
nal directions. Similarly, disturbances only offset the agent’s
position by 1 cell in a cardinal direction. A goal of future
research could be to develop a perception-based tube scaling
function for a continuous linear system. The magnitude of
a disturbance would not be binary such as in this case, rather
exist in a range, similar to non-perception based research such
as [4, 6].

A third limitation of this work is the relatively simple
model of search and rescue. In this work, victims remain
static/stationary and unresponsive. Although this may be true
for some victims, it is also likely for there to be panic and
dynamic victims in such an environment. Future work could
introduce dynamic victims, as well as functionality allowing
the agent to aid victims, especially when near hazards such
as vulnerable areas or fire, similar to [16]. This could im-
prove the feasibility of applying these concepts to real-world
situations, reducing the risk to human life in SaR scenarios.
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A Experiment variable values

Variable Description Value
m grid height 35
n grid width 35
r scan radius (eq. (9)) 4
η0 scan accuracy (eq. (9)) 0.35
σ confidence decay (eq. (9)) 0.05
pa hazard probability 0.3
sa severity probability 0.4
d fire burn duration 14
p fire spread probability 0.04
N prediction horizon 4

pu unconnected probability 0
wrmin minimum room width 6
wrmax maximum room width 12
hrmin minimum room height 6
hrmax maximum room height 12

Table 5: Experiment setup variable values
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