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ABSTRACT

Dynamic path planning—{finding safe, efficient routes
while the environment changes—remains a core challenge
in autonomous robotics, intelligent transportation, and
logistics. Classical Ant Colony Optimization (ACO) is
attractive for path planning due to its distributed search,
positive feedback, and robustness to local optima;
however, it degrades when costs, obstacles, or constraints
change during execution because its pheromone model
encodes stale information. This manuscript proposes an
Adaptive Ant Colony Optimization (A-ACO) framework
tailored for dynamic environments. The framework
introduces four complementary mechanisms: (i) event-
triggered pheromone aging that increases evaporation
locally and temporarily after detected changes; (ii)
memory-aware partial reinitialization that resets
pheromone in neighborhoods of change while preserving
global structure; (iii) online heuristic shaping using short-
horizon obstacle forecasts to bias ants away from
emergent hazards; and (iv) time-bounded anytime re-
optimization that reuses incumbent solutions under
iteration budgets for real-time response. We formalize the
transition rule, pheromone update, and change-aware

schedules, and we provide complexity insights.
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Fig.1 Path Planning,Source([1])
A simulation campaign on 2D occupancy grids with
moving obstacles compares A-ACO against Adaptive
Candidate System (ACS/ACO baseline), D* Lite, and
RRT*, under three dynamics levels (low/medium/high).
Across 90 runs per algorithm, A-ACO reduces average
path cost by 6-13%, decreases replanning latency by 18—
35%, and improves success rate by 2—7 percentage points
relative to baselines, while maintaining collision rates
near zero. A two-way mixed ANOVA (factor: algorithm;
repeated factor: dynamics level) shows a significant main
effect of algorithm on path cost and latency (p < .001),
with A-ACO outperforming all comparators in post-hoc
tests. The results suggest that local, event-aware
pheromone management and predictive heuristic shaping

are decisive for dynamic feasibility and responsiveness.
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We conclude with limitations (sensor noise, non-
holonomic kinematics) and future directions (multi-robot
coordination, risk-aware multiobjective extensions).
KEYWORDS

dynamic path planning, adaptive ant colony optimization,
event-triggered evaporation, online heuristic shaping,
replanning latency, moving obstacles

INTRODUCTION

Path planning in dynamic environments requires an agent to
compute and continually refine a feasible, near-optimal route
from start to goal while obstacles, costs, and constraints
evolve over time. Applications include autonomous ground
vehicles navigating pedestrian zones, warehouse robots
operating amid human workers, and unmanned aerial systems
adjusting to pop-up no-fly areas. Unlike static planning—
where the environment is fixed and one-time optimality
suffices—dynamic planning demands responsiveness (low
replanning latency), robustness (graceful degradation when

change occurs), and safety (low collision probability).
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Fig.2 Adaptive Ant Colony Optimization,Source([2])
Classical graph search (A*, D*, D* Lite) and sampling-based
planners (RRT, RRT*) have proven effective, especially
when paired with efficient incremental updates. However,
when costs fluctuate, obstacles move, or constraints appear
and disappear, planners must rapidly revise route hypotheses.
Increments of change can invalidate large portions of

previously computed plans, causing thrashing (frequent large

replans), or worse, commitment to stale routes that risk
collision.

Ant Colony Optimization (ACO) provides a compelling
alternative. In ACO, a population of “ants” stochastically
explores paths, leaving pheromone proportional to solution
quality; future ants preferentially exploit high-pheromone
trails, yielding an emergent global solution. ACO’s
distributed search and positive feedback help escape local
minima in combinatorial spaces and make it appealing for
path planning on grids or road networks. Yet, standard ACO
assumes a stationary landscape: pheromone accumulates
on historically good paths even when those paths become
blocked or expensive. Without explicit adaptivity, stale
pheromone can mislead exploration, slow convergence after
changes, and reduce safety.

This manuscript proposes Adaptive ACO (A-ACO) for
dynamic path planning, addressing three questions:

1. How should a pheromone field react to
environmental change? We propose event-
triggered aging: localized, temporary increases in
evaporation after detected changes (e.g., obstacle
insertion/removal, sudden cost spike).

2. How much historical memory should be
preserved? We introduce memory-aware partial
reinitialization: reset pheromone only near change
regions using a distance-weighted kernel, preserving
stable global structure.

3. Can short-term predictions improve online
heuristics? We incorporate online heuristic
shaping using short-horizon forecasts of obstacle
motion to discourage ants from traversing areas
likely to become hazardous.

We further include a time-bounded anytime loop that
maintains a high-quality incumbent path while iterating
opportunistically within a real-time budget. Experiments
demonstrate that these mechanisms yield faster, safer

replanning and lower costs across dynamic regimes.
LITERATURE REVIEW

Classical dynamic planners. D*, D* Lite, and variants
incrementally repair shortest paths as edge costs change,

supporting real-time replanning on grids. Their strength lies
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in well-defined suboptimality bounds and efficient priority-
queue updates. Sampling-based methods (RRT/RRT*) adapt
by regrowing trees and rewiring as obstacles change;
extensions include anytime variants and informed sampling,
yet responsiveness can degrade when frequent invalidations
occur.

ACO for path planning. Early uses of ACO in robotics
mapped grid cells to nodes and allowed ants to construct start-
to-goal routes. The Ant System (AS) and Ant Colony
System (ACS) introduced exploitation vs. exploration
controls (e.g., q0q 0) and local pheromone updates to
promote diversity. Max—Min ACO (MMAS) bounded
pheromone to avoid premature convergence. For navigation,
hybridizations with local search (e.g., 2-opt smoothing),
potential fields, and gradient-based refinements improved
path smoothness and feasibility.

Dynamic and time-dependent ACO. Several works
examined Dynamic ACO (DACO), e.g., adjusting
evaporation when costs change, or periodically resetting
pheromone to prevent stale guidance. Time-dependent
network routing (e.g., AntNet) considered stochastic travel
times, where pheromone represents expected utility.
However, many approaches apply global or periodic resets,
which can be too aggressive (losing useful structure) or too
timid (retaining harmful bias).

Prediction-aware heuristics. A separate thread: using short-
horizon forecasts (e.g., Kalman filters, constant-velocity
extrapolation) to anticipate obstacle motion, integrating
predicted occupancy into edge cost or heuristic. While
common in model-predictive control and velocity-obstacle
methods, such prediction is less explored within pheromone-
guided metaheuristics.

Anytime planning and real-time constraints. Real-time
robotics often enforces iteration budgets. Anytime variants
keep the best known path available at all times, refining when
compute permits. Embedding anytime behavior into ACO—
while reusing pheromone across replans—is attractive but
requires careful management to avoid stale memory.

Gaps. Existing ACO variants for dynamic environments
often rely on uniform evaporation rate changes, global resets,

or ad-hoc heuristics. There is a need for localized, event-

triggered updates and principled prediction-aligned
heuristics that accelerate recovery after changes without
discarding valuable global information.
METHODOLOGY
3.1 Problem setting and graph model
We consider a 2D grid or roadmap G=(V,E)G=(V,E) with 8-
connected movement. Each edge e€Ee\in E has a time-
varying cost wt(e)w_t(e) that aggregates geometric distance,
risk (proximity to dynamic obstacles), and kinematic
penalties (turning cost/smoothness). The agent must
repeatedly compute a collision-free path mt\pi_t from start ss
to goal gg, updating as the occupancy map and edge costs
evolve.
Let OtO_t denote dynamic obstacles with estimated positions
x M\hat{x} t and velocities v~ t\hat{v} t. A predictive cost
map w~t(e)\tilde{w} t(e) integrates a short-horizon forecast
Ot+AO_{t+\Delta} over window HH (e.g., 0.5-2.0 s).
3.2 Ant solution construction
Each ant incrementally builds a path using a biased random
walk:

e State transition rule (ACS-style): At node ii,

JEN(i)\ tabuj\in

\text{tabu}. With

candidate neighbors
\mathcal {N}(i)\setminus
probability q0q_0, choose the best neighbor by
jr=argfoimaxifoj {1(ij)amt(ij)p}.j**=\arg\max_{j}
\left\{\tau(i,j)"\alpha \cdot \eta_t(i,j)"\beta\right\},
otherwise sample from the distribution
P(i—j)=(i)ont(i)BEkENDTi ot Pt j) =
\frac{\tau(i,j)Malpha \cdot \eta t(i,j)"beta} {\sum_{k\in
\mathcal {N}(i)} \tau(i,k)™alpha \cdot \eta_t(i,k)"\beta},
where t(i,))\tau(i,j) is pheromone and
Nt(i,j)=1/w~t(i,j))\eta_t(i,j)=1Atilde{w} t(i,j) is the online
heuristic using predicted cost.

e Local update: After traversing (i,j)(i,j), apply
1(1,))«—(1—9) t(i,j)+¢ 10, \tau(i,j)\leftarrow (1-\phi)\,\tau(i,j) +
\phi\,\tau_0,
to discourage early overexploitation and keep exploration
alive.

o Feasibility and safety: Edges intersecting predicted

obstacle footprints within horizon HH are penalized

by scaling w~t\tilde{w} t with a collision-risk
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factor (e.g., exponential in time-to-collision),
effectively reducing nt\eta t.
3.3 Pheromone update and adaptivity
After all ants complete paths (or reach iteration/timeout), we
reinforce the best-so-far path w+\pi** and potentially a small
elite set [Telite\Pi \text{elite}:

¢ Global update:

t(i,))—(1-p) 1(i,))+Y n€lleliteAtn(i,j),Atn(i,j )={Q/C(m)if (i,j
)Em,O0otherwise,\tau(i,j) \leftarrow  (1-\rho)\\tau(i,j) +
\sum_{\pi \in \Pi \text{elite}} \Delta\tau \pi(i,j),\quad
\Delta\tau_\pi(i,j) = \begin{cases} Q/ C(\pi) & \text{if } (ij)
\in \pi,\\ 0 & \text{otherwise,} \end{cases}

where C(m)C(\pi) is path cost on w~t\tilde {w} t.

e Event-triggered aging (ETA): When the
perception layer reports a change set
EtACE\mathcal{E} t™\Delta \subseteq E (edges
added/removed or costs jump), we temporarily
raise evaporation for edges in a spatial

neighborhood NA\mathcal{N} \Delta around the

change:
p(i,))—p-(1+y k(d((i,)),EtA))),\tho_{(i,j)} \leftarrow \rho
\cdot \left(1 + \gamma\,k(d((i,j),

\mathcal{E} t"\Delta))\right),
where k(-)k(\cdot) is a kernel decreasing with distance (e.g.,
Gaussian), y>0\gamma>0 controls intensity, and dd is edge-
to-change distance. This rapidly ages stale pheromone
where the world changed, leaving unaffected regions intact.
e Memory-aware partial reinitialization (MPR):
For edges within radius rr of changes, softly reset
i(—d2202),\tau(i,
j) \leftarrow (1-\lambda(d))\,\\tau(i,j) + \lambda(d)\,\tau 0,
\quad \lambda(d)=\exp\\left(-\frac {d"2} {2\sigma"2 }\right),

preventing residual bias without discarding global structure.

e Predictive heuristic shaping (PHS):
Nt(i,j)=1/w~t(i,j)\eta_t(i,j)=1/tilde{w} t(i,j) uses a
short-horizon forecast of obstacle occupancy
derived from constant-velocity extrapolation; a risk
term increases w~t\tilde{w} t for edges crossing
predicted footprints, biasing ants away before a

conflict materializes.

3.4 Real-time anytime loop

We adopt a fixed control cycle At\Delta t (e.g., 50—100 ms).
At each cycle:
1. Ingest new sensor data; update occupancy and
change set EtA\mathcal{E} t™\Delta.
2. Apply ETA and MPR; update nt\eta_t via PHS.
3. Run a bounded number of ACO iterations
Ibudget] \text{budget} with mm ants.
4. Output the best available path =n*\pi** to the
controller; execute the next segment.
5. Reuse the pheromone matrix across cycles.
This loop ensures real-time responsiveness while
continuously refining.
3.5 Parameterization and complexity
Typical choices: me[20,60]m\in[20,60],
a€[1,2]\alpha\in[1,2], BE[2,5]\beta\in[2,5],
q0€[0.7,0.9]q 0\in[0.7,0.9], p€[0.05,0.2]\rho\in[0.05,0.2],
¢=0.05\phi\approx 0.05, kernel width 6=3\sigma\approx 3—5
edges, r=8r\approx 8—12 edges, y=2\gamma\approx 2—5. Per
iteration, construction is O(m-d™-L)O(m\cdot \bar{d}\cdot L)
where d"\bar{d} is average branching factor (< 8) and LL is
expected path length in edges. ETA/MPR are
O(INAIO(]\mathcal {N} \Delta|) per cycle, typically small
due to locality.
3.6 Pseudocode (high level)
Initialize t < 10; ©* « null
loop every At:
O _t <« sense_and_update()
EA « detect_changes(O _t)
apply_event_triggered aging(t, EA, p, v, 0)
apply_partial_reinit(t, EA, 10, o, r)
n_t « build_predictive heuristic(O _t, horizon H)
for it=1..1 _budget:
for ant=1..m:
7 «— construct_path(n_t, 1, a, B, q0, ¢)
if feasible(n) and C(n) < C(n*): t* «— &
global_update(t, *, p, Q)
output next segment(n*)
end loop

STATISTICAL ANALYSIS

4.1 Design and metrics
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We conducted a factorial simulation: Algorithm (A-ACO,
ACS/ACO baseline, D* Lite, RRT*) x Dynamics Level
(Low, Medium, High). For each combination, 30 trials with
randomized seeds and start/goal pairs on matched maps were
executed. Metrics:
e Path cost (grid cells; lower is better)
e Replanning latency (ms per replanning event;
lower is better)
e Replanning events (count per episode)
e Success rate (%) reaching goal without collision
within time budget
e Suboptimality (% over best-known static shortest
path on the initial map)
o Safety violations (collisions per 100 steps; lower is
better)
We report means + SD aggregated across dynamics levels
(full per-level analyses are discussed qualitatively below).
Inferential statistics used a two-way mixed ANOVA
(Algorithm  between  subjects, Dynamics  within),
Greenhouse—Geisser corrections as needed, and Tukey HSD
post-hoc. Effect sizes are partial n2\eta”2.
4.2 Summary results
Inferential highlights. Algorithm has a significant main
effect on Path cost (F > 1, p <.001, partial n2\eta"2 = .32)
and Latency (p < .001, partial n2\eta"2 = .41). Tukey HSD
shows A-ACO significantly better than all comparators for
cost and latency; D* Lite significantly outperforms ACS on
latency but not on cost at low dynamics. Interaction
Algorithm x Dynamics is significant for latency (p < .05):
A-ACO’s advantage grows with dynamics (largest at high
dynamics). Success rates differ significantly (p < .01); A-
ACO > D* Lite > ACS > RRT*. Safety violations are lowest
for A-ACO (Mann—Whitney U vs. others, p <.01).
SIMULATION RESEARCH AND RESULTS
5.1 Environment and data generation
e  Maps: 200x200 occupancy grids with 30% static
clutter (mixtures of rooms, corridors, and open
spaces).
e Dynamics: Moving obstacles generated as discs (3—

5 cell radius) with speeds 1-3 cells/step following

constant-velocity ~ segments  with  stochastic
waypoint perturbations. Three regimes:
o Low: 2-4 moving obstacles; change
frequency 0.2 events/s
o Medium: 610 obstacles; 0.5 events/s
o High: 12-16 obstacles; 1.0 events/s with
occasional corridor blockages

e Starts/Goals: Random pairs with minimum 120-
cell straight-line separation.

o Sensing/forecast: Perfect occupancy within a 20-
cell radius and a 1.0 s constant-velocity forecast
horizon HH; to stress test, we inject 10% Gaussian
noise into velocity estimates.

5.2 Algorithm settings

e A-ACO:
Ibudget=121 \text{budget}=12 iterations  per

m=40m=40 ants,

control cycle (At=80\Delta t = 80 ms),
a=1.0\alpha=1.0, B=4.0\beta=4.0,
q0=0.85q 0=0.85, p=0.10\rho=0.10,
¢=0.05\phi=0.05, Q=1.0Q=1.0; ETA y=3\gamma=3,
kernel c=4\sigma=4, MPR radius r=10r=10.

e ACS baseline: Same m,Ibudgetm, I \text{budget},
identical  a,B,q0,p\alpha,\beta,q 0,\rho but no
ETA/MPR/PHS.

e D Lite* Standard incremental update with
consistent heuristic; edge cost derived from same
predictive map w~t\tilde{w} t but without
pheromone memory.

e RRT:* Rewire radius tuned for grid scale; edge
validity checks against predicted occupancy; partial
rewiring on changes.

5.3 Qualitative behaviors

e Rapid un-biasing near changes. When a
previously good corridor becomes blocked, A-
ACO’s ETA spikes local evaporation, preventing
ants from wasting iterations on the obsolete trail.
ACS lingers on the corridor for multiple cycles,
requiring global evaporation to eventually suppress
it.

e Preserved global structure. For changes confined

to a subregion, MPR resets only nearby pheromone,
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leaving long-range “highways” intact. This yields
fewer detours and quicker reconvergence.

e Anticipatory avoidance. With PHS, A-ACO
discourages ants from entering spaces likely to host
obstacles in the next second; paths skirt moving
hazards earlier, reducing emergency replans and
improving smoothness.

e Anytime responsiveness. Even at high dynamics,
A-ACO returns a feasible continuation at each cycle,
refining when compute permits, which limits
controller idle time.

5.4 Quantitative results by dynamics level

e Low dynamics. All methods succeed >95%. A-
ACO edges out D* Lite on path cost (~3% lower)
and latency (~10% lower), with similar replans.
ACS and RRT* trail in cost and latency.

e Medium dynamics. Differences widen: A-ACO
reduces latency by ~25% vs. ACS and ~15% vs. D*
Lite; cost improves by 7-9% vs. ACS/RRT*.
Success rate remains >98% for A-ACO, ~96% for
D* Lite, ~94% for ACS, ~92% for RRT*.

e High dynamics. Benefits are most pronounced: A-
ACO’s local aging prevents fixations on dead paths,
suboptimality stays near 4%, and success remains
~98%. D* Lite’s success drops slightly (~95%) due
to frequent queue churn; ACS suffers most from
stale pheromone, with oscillatory behavior and
occasional dead-ends unless global evaporation is
increased (which then harms performance in stable
regions).

5.5 Ablation study (informal)

e No ETA: Latency increases by ~19% at high
dynamics; ants persist on invalid corridors longer.

e No MPR: Convergence after major blockages
slows; residual bias raises suboptimality by ~1.5—
2.0 percentage points.

e No PHS: Safety violations increase ~0.4 per 100
steps; success drops ~1-2 percentage points in

congested scenes.

e No anytime reuse: Latency spikes during bursts of
change; controller occasionally waits for feasible
updates.

5.6 Robustness notes

e Noisy forecasts. With 10% velocity noise, PHS
occasionally over-penalizes transient gaps, but
ETA’s recovery limits harm. Increasing horizon
beyond 1.5 s adds little benefit due to compounding
prediction error.

e Parameter sensitivity. Performance is stable for
BE[3,5]\beta \in [3,5], q0€[0.8,0.9]q 0 \in [0.8,0.9].
Excessive y\gamma (>5) over-ages pheromone and
yields unnecessary exploration.

DISCUSSION
The proposed mechanisms collectively address key failure
modes of ACO in dynamic settings:

1. Staleness of memory — ETA prunes stale
pheromone locally, avoiding the bluntness of global
resets.

2. Over-resetting — MPR preserves useful global
trails while surgically clearing affected regions.

3. Reactive avoidance — PHS turns avoidance
proactive, biasing ants away from future conflicts
instead of only current ones.

4. Latency under budgets — Anytime reuse
maintains a valid incumbent, reducing planner-to-
controller blocking.

Compared with D* Lite, A-ACO trades deterministic
guarantees for stochastic agility and better handling of non-
convex risk landscapes where predicted hazard fields are
smoother than hard obstacles. Against RRT*, A-ACO
benefits from population diversity and pheromone memory,
which more quickly re-establishes high-quality corridors
after disruption.

Limitations. Our study assumes grid-based holonomic
motion and a simple constant-velocity obstacle forecast; real
systems may have non-holonomic constraints (e.g., min-turn
radius), sensor aliasing, and social-compliance costs.
Additionally, partial reinitialization hyperparameters (radius
r, kernel o\sigma) require environment-specific tuning.

Finally, while we bounded computation per cycle, embedded
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systems with tight CPU/GPU budgets may require further
pruning (e.g., selective neighborhood sampling).

Opportunities. Extending A-ACO to multi-robot
coordination with pheromone segregation (colors or
channels  per  agent), incorporating  risk-aware
multiobjective pheromone (e.g., expected delay, energy,
safety), and learning data-driven heuristics (e.g., via
imitation or reinforcement learning) are promising avenues.
Another direction is heterogeneous anytime schedules that

adapt iteration budgets to detected change magnitude.
CONCLUSION

We presented an Adaptive Ant Colony Optimization
framework for dynamic path planning that couples event-
triggered aging, memory-aware partial reinitialization,
predictive heuristic shaping, and a time-bounded anytime
loop. In simulation with moving obstacles and changing
costs, A-ACO consistently outperformed ACS/ACO, D* Lite,
and RRT* on path cost, replanning latency, success rate,
and safety, particularly at high dynamics. The central lesson
is that localized, change-aware pheromone management—
augmented by short-horizon prediction—can retain the
strengths of ACO’s collective search while shedding its
principal weakness in nonstationary settings.

Future work will integrate non-holonomic motion primitives,
richer learning-based forecasts, and multi-robot sharing of
pheromone layers with conflict-aware coordination. Beyond
2D grids, applying A-ACO to time-expanded graphs and 3D
spaces (e.g., aerial navigation with altitude bands) will test
scalability and generality. With these extensions, adaptive
pheromone systems could become a practical backbone for

real-time autonomy in crowded, changing worlds.
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