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ABSTRACT

Mobile robot planners inflate obstacles by a safety margin to absorb localisation error. A larger
margin reduces collisions and also closes gaps, so that in a cluttered workspace it can eliminate
every feasible route. The margin is therefore constrained from both sides, and it is not
guaranteed that any value satisfies both. We simulated a differential-drive robot on 140x140
occupancy grids at 5 cm resolution, planning with A* on inflated maps and executing under a
stationary correlated localisation error. Across 40 random maps per configuration and 12
execution trials per plan, we measured planning success, collision rate, mission success and
path length, sweeping the inflation margin, the workspace clutter and the localisation error. At
20 per cent clutter and a localisation error of 1.0 cells, mission success rose from 2.9 per cent
with no margin to a maximum of 71.3 per cent at 2.5 cells, then fell to 49.2 per cent at 3.5 cells
and to zero at 4.0 cells, where no plan existed on any map. Defining safety as fewer than 5 per
cent collisions and feasibility as a plan on at least 80 per cent of maps, an admissible window
existed at 8 and 14 per cent clutter but closed at 20 per cent and above, where safety required at
least 3.0 cells and feasibility permitted at most 2.5. The optimal margin sat near three times the
localisation standard deviation while that error was small, falling to 1.75 times it as the error
grew and feasibility became binding. A margin sized only against localisation error is under-
specified. Above a clutter threshold no single inflation radius was both safe and feasible, and
the remedy is a change to the system rather than to the parameter.

Keywords: mobile robots; path planning; obstacle inflation; localisation uncertainty;
autonomous navigation; safety margins.

1. INTRODUCTION

A mobile robot planning a route through a mapped environment does not plan against
the map it was given. It plans against a map whose obstacles have been grown by a safety
margin, because the robot has physical extent and because it does not know exactly where it is
[1,2,12,13]. The inflation radius is one of the most consequential parameters in a navigation
stack and one of the most casually set [18,19].

The reasoning behind it is usually one-sided. Localisation error is estimated, a multiple
of its standard deviation is chosen, the robot radius is added, and the sum becomes the inflation
radius. Larger is safer, and the parameter is treated as a safety dial with a monotone effect.

It is not monotone in the quantity that matters. Inflation closes gaps as well as widening
clearances, and a doorway, a pallet aisle or a corridor between two machines admits a path only
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while the inflated obstacles on either side do not meet. Past that point the planner does not
produce a risky path; it produces no path, and the robot stops [10,11].

A stopped robot is safe and useless, and the two failure modes are therefore not
comparable on a single axis. What matters operationally is mission success — the probability
that the robot both finds a route and traverses it without contact — and that quantity is the
product of two terms moving in opposite directions as the margin grows [20,25].

The consequence we examine here is that the admissible margin is bounded from both
sides, and that those bounds can cross. Where they do, no setting of the parameter is acceptable
and the problem cannot be solved by tuning. We set out to find where that happens and what
determines it.

1.1 Contributions

We quantify mission success as a joint function of inflation margin, workspace clutter
and localisation error; we identify the clutter threshold above which the safe and the feasible
margin ranges cease to overlap; we express the optimal margin in units of localisation error and
show where that scaling rule breaks; and we separate the planning and execution contributions
to failure so that a designer can tell which constraint is binding.

2. METHOD

2.1 Workspace and Planner

Workspaces are 140x140 occupancy grids at 5 cm per cell, populated with randomly
placed rectangular obstacles until a target occupied fraction is reached, with the start and goal
regions kept clear and the boundary occupied [12,13]. Clutter is defined as that occupied
fraction.

Obstacles are inflated by binary dilation with a disc of the specified radius, and a path is
sought with 8-connected A* using Euclidean distance as the heuristic [9]. If no path exists the
trial is recorded as a planning failure and no execution is attempted. Figure 1 shows one
workspace planned at three margins.

2.2 Localisation Error and Execution

The robot follows the planned cell sequence while its true pose differs from its believed
pose. We model that difference as a stationary first-order autoregressive process in each axis,
with correlation p = 0.90 between successive steps and a stationary standard deviation o [3]:

The same workspace planned at three inflation margins

L T L T [ EL TR

S U T L

.‘:_.*; ] ‘I.‘:_.*; O ‘I.‘:_.*; m %
-..' L) -..' L) -..' i

Fig.1: One workspace planned at three inflation margins. At the largest margin no route
survives.
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The autoregressive form matters. A random walk would grow without bound and would
describe dead reckoning rather than localisation; a localising robot corrects against a map, so its
error is correlated in time but stationary in magnitude [14-17]. Using a random walk here
inflates collision rates by an artefact of path length rather than of geometry.

Actrial is recorded as a collision if the true pose at any step of the path falls in a genuinely
occupied cell of the uninflated map. Mission success is the product of the planning success rate
and the collision-free execution rate.

2.3 Experiments

Four sweeps were run: inflation margin from 0.0 to 4.0 cells at the base clutter and
localisation error; a full grid of margin against clutter; localisation error from 0 to 2.0 cells; and
path length against margin. Each configuration used 40 independent maps with 12 execution
trials per successful plan.

Parameters are given in Table 1. They describe a warehouse-scale differential-drive
platform and are illustrative rather than drawn from a specific machine. The simulation was
implemented in Python using NumPy, SciPy and Matplotlib [28-30].

Table 1: Simulation parameters.

Parameter Value Note
Workspace 140 x 140 cells 7.0 m square at 5 cm resolution
Obstacles ?;?Sdom rectangles, 4-14 Start and goal regions kept clear
Base clutter 20% Occupied fraction of the workspace
Localisation error ¢ 1.0 cells 5 cm, stationary
Error correlation p 0.90 Correlated between steps, bounded in magnitude
Planner 8-connected A* Euclidean heuristic on the inflated grid
Maps per configuration 40 Independent random workspaces
Trials per plan 12 Independent execution noise realisations

3. RESULTS

3.1 An Interior Optimum, Not a Safety Dial

Figure 2 and Table 2 sweep the margin at 20 per cent clutter. The two component rates
behave as expected and in opposition: planning success falls monotonically from 100.0 per cent
with no inflation to 0.0 per cent at 4.0 cells, while collision-free execution rises from 2.9 to 98.3
per cent.

Their product has a clear interior maximum. Mission success rose from 2.9 per cent at
zero margin to 71.3 per cent at 2.5 cells, then fell back to 49.2 per cent at 3.5 cells and to zero at
4.0 cells.

The final column is the one that resists intuition. At 4.0 cells the collision rate is
undefined because no robot ever moved: the inflated obstacles merged on every map and the
planner returned failure every time. A system tuned by minimising collisions alone converges
on exactly this configuration, which has a perfect safety record and completes no missions.
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Two requirements pulling opposite ways at 20% clutter
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Fig.2: Planning success, collision-free execution and their product against inflation margin.

Table 2: Margin sweep at base clutter and localisation error.

Margin (cells) Plan exists (%) Collision rate (%) | Mission success (%) Mean p(i::ll)l gD

0.0 100.0 97.1 29 7.65
0.5 100.0 97.1 29 7.65
1.0 95.0 77.4 21.5 8.07
1.5 92.5 59.5 37.5 8.09
2.0 87.5 27.6 63.3 8.31
2.5 85.0 16.2 71.3 8.73
3.0 57.5 2.2 56.3 9.34
3.5 50.0 1.7 49.2 9.04
4.0 0.0 — 0.0 —

Margin in cells of 5 cm. Localisation error g = 1.0 cells.

3.2 The Window Closes

Figure 4 and Table 3 apply two operational criteria: safety, taken as a collision rate
below 5 per cent, and feasibility, taken as a plan existing on at least 80 per cent of maps. The
margin ranges satisfying each are plotted against clutter, and the full grid of outcomes appears
in Figure 3 and Table 4.

At 8 and 14 per cent clutter the two ranges overlap: safety required at least 3.0 cells and
feasibility permitted up to 3.5, leaving a narrow admissible window of 0.5 cells.

At 20 per cent clutter and above the ranges no longer intersect. Safety still required at
least 3.0 cells; feasibility permitted at most 2.5. No value of the parameter satisfies both criteria,
and the best achievable mission success at that clutter was 75.8 per cent.

This is the paper's central result and it is a statement about the system rather than about
the tuning. When the window is closed, an engineer adjusting the inflation radius is choosing
which requirement to violate, not searching for a setting that meets both. Reporting the chosen
value without reporting that the window was closed conceals a decision that should have been
escalated [20,21].
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The diagnostic is cheap. Both criteria are measurable from data a deployment already
generates — planning failure rate and contact events — and plotting them against the margin on
a representative set of maps takes one afternoon.

Above a clutter threshold the window closes entirely
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Fig.4: The safety requirement and the feasibility ceiling against clutter.

Table 3: The admissible window by clutter.

Clutter (%) | M CE ey | fensibilty (celly | Mindow (elly | E
8 3.0 3.5 0.5 96.7
14 3.0 3.5 0.5 91.9
20 3.0 2.5 none 75.8
26 3.0 1.5 none 60.2
32 3.0 1.5 none 19.0

Safety: collision rate below 5%. Feasibility: a plan exists on at least 80% of maps.

Table 4: Mission success (%) across margin and clutter.

Clutter 0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
8% 28.7 28.7 52.5 76.0 90.4 94.8 96.3 96.7 0.0
14% 10.0 10.0 39.2 52.3 69.8 84.8 91.9 87.1 0.0
20% 2.5 2.5 27.3 36.3 64.4 70.0 73.3 75.8 0.0
26% 0.8 0.8 11.5 25.2 42.7 60.2 17.3 15.0 0.0
32% 0.2 0.2 10.4 14.2 19.0 11.5 10.0 10.0 0.0

Columns give the inflation margin in cells.

3.3 Scaling with Localisation Quality

Figure 5 and Table 5 vary the localisation error. With perfect localisation the optimal
margin is zero and mission success is 100.0 per cent, as it must be: inflation exists only to
absorb uncertainty.
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At o = 0.5 cells the optimum was 1.5 cells, exactly 3.00 times o, and at ¢ = 1.0 cells it
was 3.0 cells, again 3.00 times o. The familiar three-sigma heuristic is therefore correct in this

regime.
100
l 80

- 60

The best margin shifts, and the best achievable falls, with clutter

8%
14%

20%

- 40

I2cl
0

It stops being correct as the error grows. At o = 1.5 cells the optimum was 2.000 and at o
= 2.0 cells it was 1.750. The margin the geometry would demand no longer fits in the
workspace, so the optimum is set by feasibility rather than by uncertainty and the ratio falls.

The practical reading is that a margin rule expressed purely in units of o is valid only
while the resulting margin is small relative to the free space. Beyond that, the workspace is the
binding constraint and the rule silently stops applying — and the sign that it has stopped is a
rising planning failure rate, not anything visible in the localisation statistics.

The value of localisation quality is also visible in the last column of Table 5. Improving
o from 1.0 to 0.5 cells raised the best achievable mission success from 70.6 to 96.5 per cent.
Where the window is closed, this is the lever that reopens it [14-17].

Workspace clutter
Mission success (%)

26%

32%

0.0 05 1.0 145 2.0 25 3.0 35 4.0
Inflation margin (cells)

Fig.3: Mission success across the margin and clutter grid.

Table 5: Effect of localisation error.

o (cells) =) Optilae::llsrl;argin Optimzlnliltlsa)rgin (6 | Best mis:s:/(‘))l)l success
0.0 0 0.0 — 100.0
0.5 3 1.5 3.00 96.5
1.0 5 3.0 3.00 70.6
1.5 8 3.0 2.00 43.5
2.0 10 3.5 1.75 19.2

3.4 The Distance Cost

Table 6 and Figure 6 record path length. The shortest route, planned with no inflation,
averaged 7.65 m. At the optimal margin it averaged 8.73 m, 14.1 per cent longer, and at the
largest feasible margin 9.04 m.
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How the optimal margin scales with localisation quality

(a) Optimal margin in absolute terms (b) The 3-sigma rule holds only while sigma is small
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Fig.5: Optimal margin against localisation error, in absolute terms and in units of o.

The increase is modest and it compounds. A fleet operating continuously pays it on
every mission in time, energy and throughput, so a margin chosen larger than necessary is a
permanent tax rather than a one-off cost. This is a further reason to identify the optimum rather
than to err upward on the assumption that extra margin is free.

Table 6: Path length against margin.

Margin (cells) Mean path length (m) Increase over shortest (%) Mission success (%)
0.0 7.65 0.0 2.9
0.5 7.65 0.0 2.9
1.0 8.07 5.5 21.5
1.5 8.09 5.8 37.5
2.0 8.31 8.6 63.3
2.5 8.73 14.1 71.3
3.0 9.34 221 56.3
3.5 9.04 18.2 49.2

Safety is also paid for in distance travelled oan
9.25 o
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8.75 1

8.50
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Mean executed path length (m)

7.75 A
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/ shortest path 7.65 m

Inflation margin (cells)

Fig.6: Mean executed path length against inflation margin.
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4. DISCUSSION

4.1 Principal Findings

Four findings follow. Mission success has an interior optimum in the inflation margin,
at 2.5 cells in the base configuration, with zero mission success at 4.0 cells where no plan exists
at all. Above 20 per cent clutter the safe and feasible margin ranges ceased to overlap, so no
parameter value satisfied both criteria. The three-sigma heuristic held while localisation was
good and degraded to 1.750 once feasibility became binding. And the optimal margin cost 14
per cent in path length.

The second is the one we would press. Parameter tuning presupposes that an acceptable
value exists, and in cluttered workspaces that presupposition fails. The failure is invisible if
only one criterion is monitored, because each criterion alone can always be satisfied by moving
the parameter in its own direction.

4.2 Relation to Existing Work

Obstacle inflation and costmap construction are standard components of navigation
stacks and are documented as such [1,2,18,19]. Planning under localisation and motion
uncertainty has a substantial literature, including belief-space planning, chance-constrained
formulations and probabilistic collision checking, which reason about uncertainty explicitly
rather than through a fixed margin [3-6,26,27]. Reactive and predictive local avoidance layers
exist precisely to decouple long-horizon planning from short-horizon safety [7,8,23,24].

Our contribution is narrower and, we think, complementary: a quantification of when
the conventional fixed-margin approach has no admissible setting, expressed in quantities a
deployment already measures. Where the window is open, a fixed margin remains a reasonable
and cheap engineering choice, and our results give the value. Where it is closed, the result is an
argument for adopting one of the methods above rather than for continuing to tune [22,25].

4.3 Design Guidance
Figure 7 and Table 7 set out four recommendations. Two deserve comment.

Table 7: Which constraint binds, and what to do about it.
Binding constraint

Symptom Ineffective response Effective response

Contacts with obstacles

Margin too small for o

Retuning the planner cost
function

Increase margin, or
improve localisation

Planner returns no path

Margin too large for
the gaps

Increasing margin further

Reduce margin, or widen
the route

Both, at different times

Window closed

Any single margin value

Improve localisation or add
reactive avoidance

Long routes, few failures

Margin above the

Accepting it as safe

Reduce toward the

optimum optimum and measure

Measure both failure modes, always together. Planning failures and contacts are
recorded by different subsystems and are often reviewed by different people, which is how a
closed window goes unnoticed. A single plot of both against the margin, on a representative
map set, is the whole diagnostic.

Treat localisation quality as the lever of first resort. Improving o lowers the safety
requirement without touching the feasibility ceiling, and is the only change in our study that
reopens a closed window without altering the workspace or the robot. It is also usually cheaper
than re-laying an aisle.
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SIZE THE MARGIN FROM SIGMA, NOT FROM INTUITION

- The optimum sat near 3 sigma while localisation was good, falling to 1.75 sigma as sigma grew

- Amargin in centimetres without a localisatien figure is not a specification

CHECK THAT AN ADMISSIBLE MARGIN EXISTS AT ALL

‘ r
L

- Above about 20% clutter, safety required more margin than feasibility allowed

- No single inflation radius was both safe and permissive in that regime

REPORT MISSION SUCCESS, NOT COLLISION RATE ALONE

r
‘ \

- Collision rate kept improving past the optimum while mission success fell from 71%

- A planner that never collides because it never plans is not safe, it is useless

WHERE THE WINDOW CLOSES, CHANGE THE SYSTEM

- Better localisation lowers the safety requirement and is usually the cheaper lever

- Reactive avoidance or a smaller footprint decouples the two requirements

Fig.7: Proposed practice for setting and auditing the inflation margin.

5. LIMITATIONS

The collision criterion is a union over every step of the path, so a longer route has more
opportunities to make contact and the absolute collision rates depend on path length as well as
on geometry. This is physically reasonable but it means our rates are specific to the workspace
scale simulated and should not be read as expected rates for a real platform.

There is no reactive avoidance layer. A real robot detects an imminent obstacle and stops
or deviates, which converts many of our collisions into delays. Including such a layer would
lower the safety requirement and widen the admissible window, so our window estimates are
conservative in that respect and the qualitative closing result would occur at higher clutter than
we report.

Localisation error is modelled as isotropic, stationary and independent of position,
whereas real error grows in feature-poor regions, is often anisotropic along a corridor, and is
correlated with exactly the narrow passages where margin matters most. That correlation would
make the problem worse than modelled.

We used a grid planner with a fixed resolution and a holonomic 8-connected motion
model, so kinematic constraints, path smoothing and controller tracking error are all absent. A
non-holonomic platform following a smoothed path has a different effective footprint, and the
margin that suits it would differ.

Finally, obstacles are random rectangles with no structure. Real workspaces have
corridors, doorways and aisles whose widths are designed, and in such environments the
feasibility ceiling is set by a few critical passages rather than by an average clutter figure. The
clutter parameter used here is a coarse proxy for that geometry and we would not expect the
threshold value to transfer.

6. CONCLUSION

Inflating obstacles to absorb localisation error trades collision risk against the existence
of a route. In the workspaces simulated, mission success peaked at 2.5 cells — 2.5 times the
localisation standard deviation — and fell to zero at 4.0 cells, where the planner found no path
on any map.



Journal of Interdisciplinary Engineering, Computing and Automation

VOL 01, ISSUE 01, JANUARY-DECEMBER 2026

Above 20 per cent clutter the two requirements stopped overlapping: safety demanded
at least 3.0 cells and feasibility permitted at most 2.5. In that regime the parameter has no
acceptable value, and an engineer adjusting it is selecting which requirement to break.

The three-sigma rule was accurate while localisation was good and misleading once the
workspace became the binding constraint, with no signal of the transition in the localisation
statistics themselves. Monitoring planning failures alongside contacts is what makes the
transition visible, costs nothing, and distinguishes a parameter that needs tuning from a system
that needs changing.
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