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Abstract

Autonomous navigation across heterogeneous environments remains challenging because
different environments may require fundamentally different planning representations and
action models. Structured roads are naturally represented as graphs with constrained
connectivity, unstructured terrain requires continuous geometric reasoning, and service-
specific areas such as charging stations can be described by discrete task states and symbolic
actions. We propose a modular, context-aware planning framework that represents the
environment as a set of navigation contexts, each with its own environment representation,
planning state space, applicable actions, and dynamics. Contexts are connected through ex-
plicitly defined interfaces that determine where inter-context transitions can occur and how
states are mapped between the corresponding representations. Planning is formulated as an
incremental A*-style search over a joint state space comprising the current context, context-
specific state, and internal resource variables such as battery level. The planner jointly
considers intra-context actions and inter-context transitions while minimizing accumulated
action and context-transition costs subject to modeled resource constraints. We evaluate the
framework in simulated environments combining continuous geometric, graph-based, and
discrete task-level representations. Compared with a hierarchical multi-context planning
baseline using fixed representative interface states, the proposed method produced shorter
routes, retained more battery at the goal, and required less planning time in both evaluated
resource scenarios. In a restricted grid—topological evaluation, both the proposed method
and a strengthened topological baseline found the shortest path in all 50 test cases, while
the proposed method achieved lower average planning time. A nearest-node topological
baseline frequently failed or produced suboptimal paths.

Keywords: autonomous navigation; context-aware path planning; multi-representation path
planning; heterogeneous environments; context transitions; heterogeneous representations;
resource-aware planning; A*-based path planning

1. Introduction

Autonomous mobile robots operate in a wide variety of environments, ranging, for
instance, from structured urban roads and unstructured off-road terrain to subterranean
spaces. Each domain imposes distinct requirements on perception, localization, and control.
Although state-of-the-art autonomous navigation systems achieve strong performance
in domain-specific settings [1-3], operating across heterogeneous environments remains
challenging because different environments may require different representations, sensing
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modalities, and planning abstractions [4]. Because real-world missions may span multi-
ple such environments, autonomous robots require unified navigation frameworks that
explicitly account for environmental context and employ context-appropriate representa-
tions, actions, and planning models while also considering internal factors that influence
navigation decisions. Figure 1 illustrates this interaction: depending on its internal state
and the context-specific navigation capabilities available along alternative routes, the robot
may choose a route through a charging-station context rather than following the lower-cost
direct route.

Forest Off-Road(C;) == Unpassable Area ® [(cy,cp) I(cy,c3)
Plain(C,) I(c3,c4) ® I(c3,¢y) I(c3,¢3)
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Figure 1. Example of a navigation problem in a heterogeneous environment composed of contexts
with different navigation properties. Depending on its internal state and the context-specific naviga-
tion capabilities available along alternative routes, the robot may follow the higher-cost blue route
through a charging-station context instead of the lower-cost red route. I(c;, c;) denotes the interface
between contexts ¢; and c;.

In contrast, human navigation naturally exploits contextual information when decid-
ing how to move through different environments, a capability sometimes referred to as
intelligent navigation [5]. In robotic navigation, one prominent way of incorporating such
context is through semantic information. Semantic trajectories and maps enrich geometric
or topological representations with high-level information [6,7] and have been used, for
example, for graph-based planning [8] and navigation based on natural-language room
descriptions [9]. More recent approaches also integrate semantic or mid-level visual repre-
sentations directly into planning and control, for example through semantically informed
MPC for exploration [10]. These works demonstrate the value of contextual information
for navigation [4]. However, they primarily use semantics to enrich or guide naviga-
tion within an existing representation or planning formulation. The problem addressed
in this work is more general: a single mission may traverse contexts whose appropri-
ate state representations, action models, and dynamics differ fundamentally, requiring
the planner to reason not only within each context but also about transitions between
heterogeneous representations.

In parallel, several skill-based approaches address context-dependent navigation by
selecting predefined behaviors, learned policies, or navigation modules according to the
current environmental context, internal state, or high-level goal. Hierarchical and behavior-
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based architectures, including those used in modern navigation stacks such as Nav2 [11],
often employ finite state machines (FSMs) or behavior trees (BTs) to switch between skills
based on context conditions (e.g., task phase, battery level, or terrain type) [11-13]. In such
architectures, the executive determines which navigation skill to execute (e.g., path fol-
lowing vs. docking) and when to switch between them, while the individual modules
typically plan within their respective representations or operating contexts and transitions
are defined at the executive level. Hybrid frameworks that combine learning and modular
control [14] further increase flexibility. However, these approaches primarily address the
selection and coordination of navigation modes rather than jointly planning local actions
and transitions across heterogeneous representations within a single search problem.

Grid-topological hybrid mapping [15] partially addresses scalability by combining di-
vided 2D grid maps with a high-level topological graph for city-scale navigation. By switch-
ing between local grid maps via topological path planning, this approach reduces memory
usage and planning time. However, transition points between regions are selected as
nearest node pairs, which may be suboptimal and do not support region-level transitions
where overlapping areas allow entry or exit anywhere along a shared boundary. Moreover,
although the regions are connected through a high-level topological graph, navigation
within the individual regions relies on a common grid-based representation and navigation
strategy. This limits the ability to model contexts that require fundamentally different state
representations, action models, or dynamics. Internal state variables (e.g., battery level,
payload, or faults) are also typically not incorporated into the planning problem, although
they may affect which routes are feasible or preferable.

To address the lack of a unified planning formulation for navigation across contexts
with heterogeneous representations, action models, and dynamics, we introduce a modular,
context-aware framework that models the environment as a set of distinct navigation con-
texts connected through explicitly defined interface zones. Each context specifies how the
local environment and the robot state within it are represented, a set of actions applicable
in that context, and a context-specific dynamics model, thereby allowing navigation behav-
ior to be modeled according to the properties of the corresponding region. The planner
selects context-specific navigation actions and context transitions according to the current
environmental context, the overall navigation goal, and the robot’s internal state. Context
transitions can only occur within interface zones, where representation-aware mappings
transform the robot state from the source context representation to the corresponding target
context representation. Planning is performed incrementally using an A*-style search that
considers both intra-context actions and context transitions within the same search graph.
When a search state lies within an interface zone, the planner can generate a successor in
the neighboring context by mapping the current state into the corresponding representation
and accounting for the associated context-switching cost. Internal resource variables are
included directly in the search state and updated during successor generation, allowing
resource constraints to influence which actions and transitions remain feasible. In this way,
the planner exploits the context-specific representations, actions, dynamics, and traversal
costs to compute a minimum-cost feasible plan toward the overall navigation goal.

The main contributions of this paper are:

*  We propose a modular, context-aware navigation framework that models environ-
ments as distinct navigation contexts, each represented by its own representation,
applicable action set, and dynamics model, connected via explicit interface zones
in which representation-aware mappings enable transitions between the states of
neighboring contexts.

¢  We formulate context-aware path planning as an incremental A*-style search over a
joint state space that explicitly represents contexts with different state representations,
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applicable actions, dynamics, context transitions, and internal resources (e.g., battery).
Under non-negative transition costs and an admissible heuristic, the search returns a
minimum-cost plan, if one exists, that reaches the goal while satisfying the context-
transition conditions and internal resource constraints represented in the search.

¢ We evaluate the framework in simulated environments composed of navigation con-
texts with different representations, state spaces, and traversal models. Compared
with a hierarchical planning baseline using fixed representative interface states, the
proposed method produces shorter paths, retains more of the modeled internal re-
source, and reduces planning time. In a restricted grid-topological evaluation, both
the proposed method and a strengthened topological baseline recover the shortest path
in all evaluated cases, while the proposed method achieves lower average planning
time. A nearest-node topological baseline, in contrast, frequently fails or produces
suboptimal paths because of its fixed interface-state selection.

In this work, we focus on context-aware planning under the assumption that an
appropriate decomposition of the environment into contexts and corresponding interface
zones is available. Determining or learning this decomposition automatically is outside
the scope of the present work and constitutes a limitation that we plan to address in
future work.

The remainder of this paper is organized as follows. Section 2 reviews related work on
modular, context-aware, and heterogeneous navigation approaches. Section 3 introduces
the proposed context-aware planning framework, including the context representation,
state transitions, search formulation, and cost function. Section 4 describes the experimental
setup and comparison baselines, while Section 5 presents and analyzes the evaluation re-
sults. Finally, Section 6 summarizes the main findings and discusses directions for future work.

2. Related Work

Related work relevant to our problem can be grouped into four complementary
directions: (1) modular and adaptive navigation architectures, (2) executive and behavior-
based approaches for context-dependent navigation, (3) hybrid and multi-modal planning
methods, and (4) approaches for representing or deriving environmental contexts and
regions. We discuss these directions separately because they address different aspects of
context-aware navigation: (1) how context-specific navigation capabilities are organized
and selected, (2) how transitions between context-specific navigation capabilities are coordi-
nated, (3) how planning across multiple modes is formulated, and (4) how the underlying
contexts are represented or obtained. Our work focuses on integrating context-specific
representations, state spaces, actions, dynamics, transitions, and internal resource states
within a single planning problem.

2.1. Modular and Adaptive Navigation Architectures

Autonomous navigation is commonly implemented using modular architectures
that separate global path planning, local path execution, and higher-level coordination.
In the Robot Operating System (ROS) 1 ecosystem, Move Base [16] became a widely used
navigation framework following this architecture: a global planner computes a path toward
the navigation goal, while a local planner—more precisely, a controller—generates locally
feasible motions for following this path using local environment information. Move Base
supports configurable planner and controller plugins, but navigation is organized around
a common cost-map-based representation and a fixed global-local planning structure.
Nav2 [11] and Move Base Flex (MBF) [17] address limitations of earlier navigation stacks by
increasing modularity and allowing different planners, controllers, and recovery behaviors
to be configured or selected at run time. This enables a navigation system to choose among
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multiple implementations according to the current task or operating conditions. However,
this flexibility is primarily achieved at the level of component selection and coordination:
the available modules remain part of a common navigation architecture, and transitions
between navigation capabilities are handled by a higher-level executive rather than being
jointly considered with local motion in a single planning problem. In contrast, our work
treats context-specific state representations, applicable actions, dynamics, and transitions
between them as part of the planning state and search itself. Autoware [18] provides an
end-to-end modular stack for perception, planning, and control in autonomous driving.
Its planning architecture is primarily designed around the structured representations and
motion constraints of road environments. It therefore addresses modularity within a
particular navigation domain, whereas our work considers missions that may traverse
contexts requiring fundamentally different representations and navigation models.

Another line of work addresses context-aware navigation through run-time adaptation
of the navigation architecture. These approaches respond to changes in the environment
or system state by modifying navigation parameters, component configurations, or se-
lected modules, thereby addressing one aspect of context-dependent navigation. MROS
(Metacontrol for ROS Systems) [19], for example, provides a meta-control layer that ad-
justs navigation parameters and component configurations in response to environmental
changes while retaining the underlying navigation architecture. Thus, context influences
the configuration of an existing navigation system, but it is not represented as part of a
planning problem in which different context-specific state representations, actions, and
transitions are jointly considered. Bozhinoski et al. [20] build on MROS to realize context-
based navigation by dynamically reconfiguring local planner parameters according to the
perceived environment. This allows the navigation behavior to change with environmental
context, but the context is primarily used to parameterize the local planner rather than to as-
sociate different contexts with different state representations and explicitly plan transitions
between them. Brugali et al. [21] propose a model-based framework that encodes rules for
run-time adaptation of generic robotic solutions and demonstrate it on a hospital logistics
navigation system. Their approach addresses context-dependent reconfiguration at the ar-
chitectural level, whereas our problem concerns how context-specific navigation properties
and transitions between heterogeneous representations can be incorporated directly into
path-planning. Gherardi and Hochgeschwender [22] present a model-based approach for
run-time adaptation, enabling a quadcopter to recover from motor failures by reconfiguring
its control architecture. This demonstrates how changes in the robot’s internal condition
can trigger architectural reconfiguration, but such internal state is not used as part of a joint
search over navigation actions, context transitions, and alternative context-specific naviga-
tion models. Al Shukairi and Cardoso [14] introduce a hybrid framework that combines
learned components with rule-based decision logic for navigation in complex scenarios.
While this increases flexibility in selecting or coordinating navigation decisions, it does not
explicitly formulate transitions between heterogeneous context-specific representations as
decision variables of a unified planning search. Overall, these approaches use contextual
information to adapt, configure, or select components of an existing navigation architecture.
In contrast, our work incorporates the current context, context-specific navigation model,
internal state, and transitions between heterogeneous representations directly into the
planning state and search.

2.2. Behavior-Based and Executive Approaches for Context-Dependent Navigation

Behavior-based and hierarchical architectures have also been explored. Wasik and
Saffiotti [23] present a hierarchical behavior-based system that composes several basic be-
haviors to perform multiple vision-based manipulation tasks. Scheutz and Andronache [24]
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propose an architecture that supports dynamic changes in behavior-selection strategies.
These works demonstrate how different behaviors can be selected or composed according
to the current situation. However, context is primarily used to determine which behavior
or strategy should be active. They do not address the planning problem considered here,
in which context-specific state representations, applicable actions, dynamics, and the transi-
tions and mappings between contexts are jointly considered within a single search while
preserving the individual representations of each context.

Beyond component-level and parameter adaptation, several systems use finite state
machines (FSMs) or behavior trees (BTs) as high-level executives for context-aware naviga-
tion. Hollmann et al. [12] address a problem closely related to ours in long-term agricultural
autonomy. Their system combines geo-referenced semantic zones with a waypoint graph
and a hierarchical SMACH state machine that selects zone-specific MBF planners, con-
trollers, and recovery behaviors, including docking at a charging container. Their approach
therefore supports context-dependent selection of navigation capabilities. In contrast, our
work incorporates context transitions and transition states directly into the path-planning
search and optimizes these decisions jointly with context-specific motion and internal
resource state.

Internal resource states can also influence which navigation behavior should be exe-
cuted. Existing executive-based approaches commonly handle such dependencies through
predefined conditions and mode switches. Battery-aware BTs for aerial inspection, for exam-
ple, switch between normal waypoint following and return-home-and-recharge behaviors
when the battery reaches a predefined threshold [13]. Similarly, the Nav2 navigation stack
provides BT condition nodes such as isBatteryLow, which can activate docking or recharg-
ing subtrees when the corresponding condition becomes true [11]. Comparative studies of
BTs and FSMs likewise show how such architectures can encode resource-dependent mode
switches, including low-battery recharge behavior [25]. These approaches are effective for
selecting among predefined navigation modes based on the current resource state. In our
formulation, by contrast, internal resources are included directly in the planning state
and evolve together with the robot’s motion. This allows the planner to evaluate how
alternative actions, routes, and context transitions affect resource availability and to select a
minimum-cost route that satisfies the modeled resource constraints, rather than reacting to
resource conditions only through predefined mode switches.

2.3. Hybrid and Multi-Modal Planning

A closely related line of work addresses planning problems with multiple discrete
modes and mode-specific feasible spaces. Hauser and Latombe [26] formulate multi-modal
motion planning as the joint selection of a sequence of modes and continuous motions
within each mode. Transitions between modes occur through transition configurations
that satisfy the constraints of both adjacent modes, and their Multi-Modal-PRM explicitly
samples both mode-specific configurations and transition configurations.

This formulation is conceptually related to our use of contexts and inter-context
transitions. However, Hauser and Latombe consider geometric motion-planning modes
represented as constrained submanifolds of a common robot configuration space. In our
formulation, different contexts may instead use different planning state spaces and rep-
resentations, such as continuous geometric states, graph states, or discrete task states.
Inter-context transitions therefore require explicit representation-aware state mappings,
which need not be bijective, and the planning state additionally includes internal resource
variables such as battery level.
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2.4. Representation and Generation of Environmental Contexts

Beyond navigation architectures, several works address how context representations
and regions can be generated automatically from data. Polygonal regions can be extracted
from occupancy grids and point clouds using clustering and surface analysis, then an-
notated semantically and used as planning entities [27,28]. Semantic zone-based map
management approaches build on RGB-D SLAM systems and partition 3D maps into
semantic zones, with recent work discussing how zone boundaries can be adapted based
on robot trajectories and usage patterns [29]. Other methods segment maps into regions
and use these as nodes in a topological graph, or employ semantic segmentation and vi-
sion-language models to classify the robot’s context (e.g., indoor corridor, outdoor terrain,
crosswalk) from onboard perception and select context-specific navigation behaviors [30].
These approaches suggest that the context and interface-zone structures assumed to exist
by our framework could be at least partially derived or refined from data, rather than being
entirely hand-coded.

Within the proposed framework, such perception- or map-based methods could
provide the context decomposition and candidate interface regions required by the plan-
ner. For example, semantic segmentation or map-region extraction could identify con-
text boundaries, while overlapping or adjacent regions could define candidate interface
zones. The representation-aware mappings between the corresponding context-specific
state spaces could then be constructed through geometric calibration, graph association,
or application-specific semantic mappings. Automatically deriving and validating such
mappings between fundamentally different representation types remains outside the scope
of the present work and constitutes an important direction for future research.

3. Context-Aware Path Planning Framework

Autonomous navigation across heterogeneous contexts requires planning with context-
specific representations, state spaces, actions, and dynamics. For instance, as illustrated
in Figure 1, a robot may need to traverse multiple environments, each requiring its own
specialized navigation strategy. Moreover, internal factors—such as battery level, payload
status, or system faults—can significantly influence the optimal route, necessitating context-
aware decision-making that accounts for both external environmental conditions and
internal system states.

Each context presents distinct perceptual, planning, and control requirements and may
therefore require different navigation models. For example, off-road areas may rely on
traversability-based navigation, urban roads on structured graph-based path planning, and
open terrain on continuous geometric motion planning. These contexts differ in their nav-
igation properties, including their state representations, applicable actions, and dynamics,
making a single fixed navigation model insufficient for representing all of them appropriately.

To address this challenge, we propose a context-aware planning framework that
models the environment as a set of distinct contexts, each associated with its own state
representation, applicable actions, and dynamics model. The planner reasons jointly about
motion within the current context and transitions to other contexts in order to construct
a route toward the overall navigation goal. In this way, the planning process can exploit
the different navigation properties of the available contexts while also accounting for the
robot’s internal state.

3.1. Environment Modeling and Context Models

We formalize the environment as a structured composition of contexts, where each
context specifies an environment representation, a context-specific robot state space, a set
of context-specific actions, and local dynamics.
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Let the environment £ be modeled as a finite set of contexts:

C = {Cl,Cz,...,CN}.

Each context c; is defined as a tuple:

ci = (pi, Xi, A, fi),

where p; denotes the representation used to describe the local environment in context ¢;
(e.g., geometric, topological, or semantic), X; denotes the corresponding state space used to
represent the robot for planning in that context, .A; denotes the set of actions defined for
context c;, with the applicability of an action a € A; depending on the current state, and f;
defines the context-specific dynamics:

ﬁ:XiX.Ai%Xi.

Membership in \A; specifies that an action belongs to the context-specific action model;
it does not imply that the action is applicable at every state in A;. Action applicability is
state dependent, and f; is evaluated only for actions that are applicable at the current state.

The environment representation p; and robot state space A} are related but need not
be identical. For example, a context represented by a 3D voxel map may use a continuous
3D robot pose as its planning state, whereas a road graph may represent the robot state by
a graph node or edge, and a semantic context may use a discrete task state.

This formulation allows the same environment representation (e.g., geometric) to
appear in multiple contexts—such as a corridor and a narrow tunnel—while the associated
state spaces, action sets, dynamics, or constraints may differ. By separating the environment
representation from the context identity and robot state space, the framework can model
navigation properties specific to each context. Actions are interpreted within the context
for which they are defined, while their applicability depends on the current state.

3.2. Contextual State Transitions

The agent is situated within a context ¢; € C, which is associated with an environment
representation p; and a context-specific state space A&j. The agent’s local state in context c;
is denoted by

xi e X;.

The form of x“ depends on the state representation used for planning in the cor-
responding context. For example, it may represent a geometric pose in a continuous
environment, a node or edge in a graph-based context, or a discrete task state in a seman-
tic context.

In addition to its context-dependent local state, the agent maintains a set of internal
state variables 0, representing system-level conditions such as battery level, possession
of objects (e.g., whether the agent has a key), or fault status. The full planning state is
therefore expressed as

s = (ci, x4, 0),

where x% denotes the robot state expressed in the state space A&; associated with the
current context ¢;, and 6 contains internal variables that are not part of the context-specific
state representation.

We distinguish between intra-context transitions and inter-context transitions. An intra-
context transition remains within the current context ¢; and is governed by the context-
specific dynamics f; and an applicable action a € A;:
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X<’ = fi(x%,a).

The internal state variables may additionally change according to the effects of the
executed action.

An inter-context transition changes the active context from c; to an overlapping context
¢j. Such a transition can only be considered at an explicitly defined interface zone. For a
directed transition from c; to Cj, the interface zone is defined as

Iij c .

A state x € I;; represents a situation in which the robot state expressed in context ¢;
can also be represented in the state space associated with context ¢;. Thus, the interface zone
identifies the source-context states for which a transition between the two context-specific
representations can be established. In geometric contexts, such an interface may correspond
to an overlapping area or a shared boundary. Between heterogeneous representations,
it may, for example, associate a geometric pose with a graph state or with a semantic
task state.

For an interface Ij, a representation-aware mapping is defined as

map;; : Ljj — Xj.

Given a source state x“ € [;;, the mapping provides the corresponding state in the
pping p % g

ijs
target context:

x% = map;;(x).

The mapping depends on the representations associated with ¢; and ¢; and may
involve, for example, coordinate transformations, associating a geometric position with a
graph node or edge, or converting a geometric entry state into a semantic task state.

The mapping is not required to be injective or bijective. In particular, multiple states
in the source state space may map to the same state in the target state space:

xii 7& x;i while mapij (xii) = mapij(x;i)'

This allows transitions between representations with different levels of granularity.
For example, multiple geometric poses within an entrance area may correspond to the same
semantic state enter, or several geometric states may be associated with the same node in a
graph-based representation. Consequently, mappings in opposite directions are defined
independently and are not generally inverses of one another.

The existence of an interface and a corresponding state mapping does not necessarily
imply that an inter-context transition is permitted under the current planning state. We
therefore define the context-transition predicate

1, if the transition from ¢; to ¢; is permitted at s,
P(s,ci6)) FeOEP
s, Ci, C i) =

0, otherwise.

The predicate may account for additional transition conditions associated with the
current planning state, including internal state variables.
An inter-context transition from ¢; to ¢; is considered only if

x“ € lj and Y(s,cici) =1
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If both conditions are satisfied, the active context changes to c;, the context-specific
state is transformed using the representation-aware mapping, and the resulting planning
state is

§= (c]-, mapij(xci), 6).
This separation distinguishes representational compatibility at an interface from state-
dependent transition feasibility. Interface membership and the representation-aware map-

ping determine where a transition can be represented, whereas the transition predicate
captures additional feasibility conditions determined by the robot’s current state.

3.3. Search Space and Incremental Planning

To perform context-aware planning across heterogeneous context-specific representa-
tions, the planner constructs the search graph incrementally rather than relying on a fixed
global graph. States and transitions are generated on the fly according to the state space,
applicable actions, and dynamics of the currently considered context, while inter-context
transitions are incorporated into the same construction process.

Let the incrementally constructed search graph be

g=Vé),
where each node v € V represents a planning state
o(v) =s = (c;, x4, 0).

Here, ¢; denotes the current context, x“ € AXj is the corresponding context-specific
robot state, and 0 contains the internal state variables.
The edge set consists of intra-context and inter-context transitions:

&= gintra U ginter-

An intra-context edge represents the execution of a non-empty finite sequence of
context-specific actions that is applicable from the current planning state:

Cintra = (S/ S// a)/

where
a=(ay,...,a,) € .Af

is an ordered sequence of actions associated with context c;, withay € A; fork=1,...,n.
Action applicability is state-dependent. An action sequence a is applicable from the
current planning state s = (¢;, x, ) only if every action ay, is applicable at the intermediate
state resulting from the execution of the preceding actions a1, ...,a5_1. The actions are
applied sequentially according to the context-specific dynamics f;, while the internal state
variables are updated according to the corresponding action effects.
Both endpoint states therefore belong to the same context:

s = (c;,x%,0), s = (c;, x',0").

The context-specific state x°’ and internal state 6’ result from the sequential execution
of the applicable action sequence a from s.
An inter-context edge represents a transition from context c; to context ¢ i

Cinter = (S/ §/ Tij)/
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where 7;; denotes the inter-context transition from ¢; to ¢;. Such an edge can only be
generated if
x“ € lj and Y(s,cci) =1

The corresponding successor state is obtained through the representation-aware mapping:

§= (c]-, mapij(xci), 6).

Consequently, intra-context actions and inter-context transitions are successor alternatives
within the same search. The planner can therefore reason jointly about progress within a
context and the choice of when and where to transition to another context, rather than first
computing a complete path within one context and subsequently selecting a context transition.

3.4. Cost Function

The planner follows the standard A* evaluation rule. For each search state
s = (i, x,0),

the priority value is
f(s) = g(s) +hs), (1)

where g(s) denotes the accumulated cost from the start state to s, and /(s) is a heuristic
estimate of the remaining cost to the goal. The heuristic used in this work is defined in the
section titled Context-Connectivity Heuristic.

Let a plan be an ordered sequence of search-graph edges

P = (61,62,. . .,ET),
where edge ¢, connects planning state s,,_1 to s,;. The total cost of the plan is

T

C(P) = g(s7) = }_ clem), (2)

m=1

where c(e;;) denotes the cost associated with edge ey,.
Since the search graph distinguishes between intra-context and inter-context edges,
their costs are defined accordingly:

Ceff (a )/ em € gintr ’
c(em) _ effort\ 9m m a (3)

Cswitch(cir Cj, Sm—l)r em € Einter,

where cefort (am ) is the accumulated cost of executing the action sequence a,, associated with
an intra-context edge. Depending on the application, this cost may represent travel distance,
execution time, energy consumption, risk, or a weighted combination of these quantities.
For an inter-context edge from ¢; to ¢;, Cswitch (i cj, Sm—1) represents the cost associated
with performing the context transition at the current state. This cost can capture transition-
specific effort or penalties that are not represented by the intra-context action cost.
All edge costs are assumed to be non-negative.

Context-Connectivity Heuristic

Because the context-specific state spaces may use fundamentally different represen-
tations, a geometric-distance heuristic cannot be applied in general across the complete
search space. We therefore construct a directed context-connectivity graph
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Ge = (C, &), (4)

where
(ci,cj) € &

if an inter-context transition from ¢; to ¢; is structurally defined through an interface I;; and
the corresponding representation-aware mapping.
Each edge of the context-connectivity graph is assigned a non-negative lower bound

w

w;; on the cost of an inter-context transition from ¢; to ¢;. We define

w;; = inf{cgwiten (ci, €j,8) | s = (¢;,x%,8), x% € Lj, ¢(s,¢;,¢j) = 1}. (5)

Hence, w;; is no greater than the cost of any admissible inter-context transition from ¢;
toc i

The navigation goal may be representable in more than one context. This can occur,
for example, when the goal lies within an interface between two contexts. We therefore

define the set of goal contexts as
Cc ={c; € C|3Is=(c;,x",0)such that G(s) =1}, (6)

where G(s) denotes the goal condition.

Importantly, membership in Ci does not imply that the current planning state satisfies
the goal. A state may belong to a goal context while the actual goal cannot be reached
directly from that state within the same context. The planner may therefore leave a goal
context, traverse other contexts, and later re-enter it through another interface. Search
termination occurs only when the current planning state satisfies G(s) = 1.

The context-level cost-to-go is initialized as

He(ci) =0, ¢ €Cg. )

For all other contexts, He is the minimum accumulated lower-bound inter-context
transition cost required to reach any context in Cg:

He(ci) = (Cig]})irel . (wi]- + HC(C]'))- (8)

The values H are computed once for each planning query by running a multi-source
Dijkstra search from all goal contexts ¢, € Cg on the reversed context-connectivity graph,
which yields the minimum cost from each context to any goal context in the original graph.
If no sequence of inter-context transitions connects a context c; to any goal context, then

He(c;) = +oo. ©)

For a planning state
s = (c;,x%,0),

the context-connectivity heuristic is defined as
h(s) = He(ci).- (10)

The heuristic considers only lower bounds on inter-context transition costs and ignores
intra-context action costs and internal-resource constraints. Since intra-context edge costs
are non-negative and removing resource constraints can only enlarge the set of feasible
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context sequences, the context-connectivity problem constitutes a relaxation of the original
planning problem. Any goal-reaching plan induces a sequence of context transitions
whose actual transition costs are at least as large as the corresponding lower bounds
w;;. Consequently,

h(s) < C*(s),

where C*(s) denotes the minimum cost of a goal-reaching plan from s. The heuristic is
therefore admissible.

To establish consistency of the heuristic with respect to the complete search graph,
we consider both intra-context and inter-context edges. Recall that consistency requires

h(s) < c(e) +h(s)

for every search-graph edge e from state s to successor state s’.
For an intra-context edge e = (s,s',a), the active context does not change. Since the
context-connectivity heuristic depends only on the active context,

h(s) = He(ci) = h(s").
Because all edge costs are non-negative,
h(s) = h(s') < c(e) +h(s).

Thus, the consistency condition is satisfied for intra-context edges.
For an inter-context edge from ¢; to cj, the shortest-path property of He gives

He(ci) < wj; + He(cj).
Furthermore, by construction,
Wi; < Cowitch (i €, S)-
Since h(s) = He(c;), h(s") = He(cj), and c(e) = Cswitch (Ci, ¢j, 8), it follows that

h(s) = Helc)
w;; + He(cj)

IN

IN

Cswitch<cir Cj,s S) + He (C])
c(e) + h(s').

Thus, the consistency condition is also satisfied for inter-context edges.
When additional lower bounds on intra-context costs are available, the heuristic can
be strengthened. Let
dCi (xCi/ IZ])

denote a lower bound on the intra-context cost of reaching interface I;; from the current
state x“. Furthermore, if ¢; € Cg, let

dg,c, (x9)

denote a lower bound on the cost of reaching a state satisfying the goal condition within
the current context. If no such lower bound is available, dG,cl- is set to zero for goal contexts;
for contexts not in Cg, it is set to +oo.

The strengthened heuristic can then be written as
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hete () = min{dG,q (x), (c-r?)irelé' [dci (x5, Iij) +wj;+ Hc(C]‘)} } (11)
icj) €€

The first term represents the possibility of reaching the goal directly within the current
context, whereas the second term represents the possibility of first leaving through an
interface and continuing through other contexts. Consequently, the formulation also covers
cases in which the current state already belongs to a goal context but the minimum-cost or
only feasible route requires leaving that context and re-entering it later.

If d. (x%, I;;) is unavailable, it may be set to zero. The strengthened heuristic remains
admissible provided that all local quantities used in it are valid lower bounds. If consistency
of the strengthened heuristic is required, the local lower-bound functions must additionally
satisfy the corresponding consistency conditions with respect to intra-context transitions.

For d,, (x“, I;j) to be a valid lower bound, it must not exceed the minimum accumulated
intra-context cost required to reach any state in interface I;; from the current state. Similarly,
dg ¢, (x) must not exceed the minimum intra-context cost required to reach a state satisfying
the goal condition within ¢;. These quantities may be obtained from a relaxation of the
corresponding local planning problem, provided that the relaxation cannot overestimate the
true feasible cost. If no informative lower bound is available, zero may be used.

Under these conditions, any goal-reaching plan must either reach the goal within
the current context or first leave through some outgoing interface I;;. In the first case,
dg,c,(x%) lower-bounds the cost of that plan. In the second case, d, (x, I;j) + w;; + Hc(c;)
lower-bounds the cost of the plan when Lj is its first inter-context transition. Since hgy
takes the minimum over these alternatives, higs(s) < C*(s), and the strengthened heuristic
is therefore admissible.

If the strengthened heuristic is admissible but its consistency cannot be guaranteed,
A* can retain optimality provided that previously expanded states are reopened whenever a
lower g-value is discovered. Without such reopening, graph-search A* with an inconsistent
heuristic does not generally retain its optimality guarantee.

When the local lower bounds are non-negative, the strengthened heuristic incorporates
additional information about the cost of reaching an interface or the goal within the current
context and can therefore be more informative than the context-only heuristic. If the local
bounds are set to zero, the formulation reduces to the simpler context-level estimate. The
experiments in this work use the context-connectivity heuristic /1, for which consistency
has been established above; empirical evaluation of alternative strengthened local bounds
is left for future work.

The complete planning procedure, including the construction of the context-connectivity
heuristic and the joint expansion of intra-context and inter-context transitions, is summarized
in Algorithm 1. The algorithm first identifies the set of goal contexts and constructs the
directed context-connectivity graph, from which the heuristic values H¢ are computed by a
reverse multi-source Dijkstra search. The start state is then inserted into the A* open list. At
each iteration, the state with minimum f(s) = g(s) + h(s) is selected. If the goal condition
is satisfied, the corresponding plan is returned. Otherwise, the planner generates both inter-
context and intra-context successors. Inter-context successors are generated when the current
state lies in a valid interface and the corresponding transition predicate is satisfied, while intra-
context successors are obtained from action sequences applicable from the current planning
state. For every feasible successor, the accumulated cost is updated and the state is inserted
into or updated in the open list. The search continues until a goal state is reached or the open
list becomes empty.
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Algorithm 1 Context-Aware Incremental Planning with Reverse Context Heuristic

Require: Contexts C = {cy,...,cn}, directed interfaces Iij and mappings map;;, start state Sgtart, goal

condition G

Ensure: A minimum-cost goal-reaching plan over the generated search graph that satisfies the

1:

O 00 N O

19:
20:
21:
22:

23:
24:
25:
26:
27:
28:
29:
30:
31:
32:

33:
34:
35:
36:
37:
38:
39:
40:
41:
42:
43:
44:
45:
46:
47:
48:
49:
50:

modeled context-transition and resource constraints, if such a plan exists.
Determine the set of goal contexts

Cc={c;i€C|3s=(c;x",0) such that G(s) = 1}

: if Cg = @ then

return failure
end if

: Construct the directed context-connectivity graph G = (C, &¢) from the defined interfaces and

representation-aware mappings

: Assign each context edge (c;, ¢;) € & its non-negative lower-bound transition cost w;;

: Compute He by running multi-source Dijkstra from all c; € C on the reversed context graph
: Let Sstart = (Cstart/ xCstart, estart)

. if HC (Cstart) = +oo then

10:
11:
12:
13:
14:
15:
16:
17:
18:

return failure
end if
Initialize the open list with Sgart
8 (Sstart) +0
while open list is not empty do
Select and remove a state s = (¢;, x%,0) with minimum f(s) = g(s) + h(s)
if G(s) = 1 then
return reconstructed plan P
end if

/l Inter-context expansion
for each (c;, ¢j) € & do
if x € I;jand ¥ (s, c;, ¢j) = 1 and He(cj) < +oo then
X6 4— map,-j(xcf)
§«— (c]-,xcf,G)
Cinter €~ Cswitch (Ci/ Cjs S)
8Snew 8(5) =+ Cinter
if § has not been reached or gnew < g(8) then
8(3) < gnew
Store s as predecessor of § and T;; as the corresponding edge
Insert or update 3 in the open list
end if
end if
end for

// Intra-context expansion
Generate candidate action sequences a € A;L that are applicable from s
for each candidate action sequence a do
Simulate a by repeated application of f; to obtain x'¢
60’ < update, (6, a)
if (x,0') satisfies the modeled state and resource constraints then
s" + (c;,x'%,0")
Cintra < Ceffort (a)
8new g(S) + Cintra
if s’ has not been reached or gnew < g(s’) then
8(s") ¢ gnew
Store s as predecessor of s’ and a as the corresponding edge
Insert or update s in the open list
end if
end if
end for
end while
return failure
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3.5. Computational Complexity and Scalability

The computational cost of the proposed planner depends primarily on the number of
planning states generated during the incremental search. Let N = |C| denote the number
of contexts and |Ec| the number of directed context connections. Computing the context-
connectivity heuristic using multi-source Dijkstra requires O((N + |Ec|) log N) time with
a binary heap.

For the main A* search, let |Vz| and |Egr| denote the number of reached planning states
and generated transitions, respectively. Priority-queue operations require approximately
O(|Er|log|Vg|) time, in addition to the application-specific cost of successor generation.
The effective branching factor depends on both the number of applicable intra-context
actions and the number of feasible inter-context transitions. Finer discretization of interface
regions and internal resource variables further increases the joint state space. As with
conventional A*, the worst-case search effort may therefore grow exponentially with
solution depth.

For larger problems, stronger admissible heuristics, weighted or anytime A* variants,
incremental replanning, and pruning or adaptive sampling of large interface regions may
be used to trade optimality, computation time, and memory consumption. A systematic
evaluation of these strategies is left for future work.

4. Experimental Setup

The proposed framework combines several aspects of context-aware planning, in-
cluding context-specific state and environment representations, applicable actions and
dynamics, representation-aware inter-context transitions, and internal resource variables.
Since no single baseline considered in this study supports all of these aspects simultane-
ously, we evaluate the proposed approach in two complementary settings, each designed
to isolate a different part of the framework.

Direct quantitative comparison with semantic, learning-based, or general multi-modal
navigation systems is not straightforward because these approaches typically address
partially different components of the navigation problem. Many semantic and learning-
based methods focus on perception, semantic representation, behavior selection, or policy
generation [10,14,30], whereas the present work assumes the context decomposition as
input and focuses on planning jointly across context-specific state representations, actions,
and representation-aware transitions. Likewise, classical multi-modal motion-planning
formulations generally consider multiple modes within a common configuration-space
representation [26]. The selected baselines are therefore intended as controlled comparisons
that isolate the planning decisions central to this work rather than as a comprehensive
benchmark against all contemporary navigation architectures.

First, we evaluate the complete framework in an environment composed of five
navigation contexts using three different representation types and battery as an internal
resource variable. In this setting, we compare against a hierarchical multi-context planner
to investigate the effect of jointly searching intra-context actions and inter-context transition
states rather than separating context-level and local planning.

Second, we consider a restricted grid-topological setting without internal resource
modeling to enable a focused comparison with the navigation approach presented in [15].
This setting evaluates the treatment of transitions between regions, in particular the differ-
ence between selecting fixed entry/exit states and reasoning over the available interface
states during planning.
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4.1. Evaluation of Context-Aware Planning

To evaluate the proposed context-aware planning framework, we construct a simula-
tion environment (Figure 2) containing five navigation contexts with different environment
representations, planning state spaces, applicable actions, and dynamics. Forest-Offroad
and Plain use continuous polygon-based representations, Urban-Road and Forest-Road
use graph-based representations, and the Charging-Station context is modeled by discrete
semantic task states.

Plain
Forest-Offroad

| Unpassable-Area
Charging-Station
Forest-Road
Urban-Road

Exiting =
qcharging

Entering

10

20 30 40 50
X[m]

Figure 2. Simulation environment illustrating the different navigation contexts and their interfaces
across heterogeneous representations.

The Forest-Offroad and Plain contexts represent continuous traversable areas.
The robot state is expressed geometrically, and successor states are generated by applying
kinematic motion actions in continuous space. Although both contexts use geometric
state spaces, their applicable motions and traversal properties may differ according to the
corresponding terrain.

Urban-Road and Forest-Road are represented as discrete graphs. In these contexts,
the robot state is represented by a graph node or edge, and intra-context actions correspond
to traversing graph connections. Thus, moving from a continuous terrain context to a road
context requires not only changing the traversal model but also mapping the robot state
from a continuous geometric state space to a discrete graph-based state space. Urban-Road
and Forest-Road additionally use different traversal dynamics to represent the different
properties of structured urban roads and rough forest roads.

The Charging-Station context does not perform geometric path planning. Instead,
it represents the service procedure as a discrete task-level state space,

x“h € {enter, charge, exit}.

The charging operation is modeled as a discrete symbolic action rather than as a
continuous-time charging process. Each execution of the charging action updates the robot’s
internal battery state according to a predefined charging effect and incurs the corresponding
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fixed action cost. Repeated charging actions are permitted when additional battery capacity
is required. The remaining symbolic actions change the task-level state between enter,
charge, and exit. Entering or leaving this context therefore requires a representation-aware
mapping between a spatial navigation state and the corresponding task-level state.

The resulting planning problem is therefore not defined only by different traversal
costs in different parts of the environment. A complete route may contain continuous
geometric motion, discrete graph traversal, symbolic task actions, and inter-context transi-
tions between their corresponding state representations. The proposed planner considers
all of these successor types within the same search while preserving the context-specific
representations and dynamics. Traversal and energy costs are then used to distinguish
alternative plans within this heterogeneous planning problem.

4.1.1. Internal State Modeling

Beyond the context-specific planning state, the robot maintains battery level as an in-
ternal resource variable. The battery level is constrained to the modeled range 0 < b < 100,
where b denotes the remaining battery percentage. The battery depletes incrementally with
each action, with the rate of consumption determined by both the context’s dynamics and
the action’s traversal effort. High-effort contexts, such as off-road regions and forest roads,
drain the battery more rapidly, while structured contexts such as urban roads enable more
energy-efficient movement. Including battery in the planning state allows resource avail-
ability to influence which intra-context actions, inter-context transitions, and goal-reaching
plans remain admissible.

4.1.2. Scenario Configurations

To evaluate how internal resource state influences the resulting plan, we define two
scenario configurations that differ only in the robot’s initial battery level. Both scenarios
use the same environmental layout, context definitions, start state, goal condition, and
planning-cost parameters. The robot starts in the Forest-Offroad context on the right side
of the environment, while the goal is located in the Forest-Offroad context on the left side,
as shown in Figure 2.

In the first scenario, the robot starts with sufficient battery to reach the goal without
recharging. The planner therefore selects the minimum-cost route according to the defined
planning objective while satisfying the modeled resource constraints. Depending on the
chosen cost metric, this route need not correspond to either the geometrically shortest or
the most energy-efficient path.

In the second scenario, the robot starts with a battery level that is insufficient for
any goal-reaching plan that avoids recharging. The resource constraint therefore requires
the planner to include the Charging-Station context in the plan. The planner must jointly
determine how to reach the charging station, where to transition between the involved
contexts, and how to continue toward the goal after charging, while minimizing the same
planning objective.

4.1.3. Planning Objective and Evaluation Metrics

The cost function introduced in Section 3.4 is instantiated using fixed context-specific
action costs and context-switching costs that remain unchanged across all experiments.
These costs define the planning objective and determine the preference between alterna-
tive routes.

Battery is modeled separately as an internal resource variable and constrains which
plans are admissible. To characterize the resulting plans and the computational performance
of the planner, we report traveled distance, number of context transitions, remaining battery

https:/ /doi.org/10.3390/app16189295


https://doi.org/10.3390/app16189295

Appl. Sci. 2026, 16, 9295

19 of 28

at the goal, and planning runtime. Search expansions and local planner calls are additionally
reported to describe computational effort.

4.1.4. Hierarchical Multi-Context Planning Baseline

To evaluate the proposed joint planning formulation, we introduce a hierarchical multi-
context planning baseline for comparison. The Hierarchical Multi-Context Planner (HMCP) is
a deliberately simplified hierarchical baseline inspired by the separation between high-level
context selection and context-specific navigation found in architectures such as the system
presented by Hollmann et al. [12]. HMCP is not a reimplementation of that system and is
not intended to represent the full class of hierarchical context-aware navigation approaches.
Instead, it is constructed to compare the proposed joint search with a planning structure
that separates context-level transition selection from context-specific planning.

HMCP uses the same context decomposition, context-specific state spaces, applicable
actions and dynamics, interface zones, representation mappings, costs, and battery model
as the proposed method. The difference lies in how these elements are combined during
planning. Whereas the proposed method searches intra-context actions and inter-context
transitions jointly, HMCP performs a high-level search over interfaces and invokes a
context-specific planner to connect successive interface states.

To obtain a finite high-level search graph, HMCP assigns one fixed representative
state to each directed interface I;;. For polygonal interfaces, the geometric centroid is used
when it lies inside the interface; otherwise, a point-on-surface operation provides a state
inside the interface. For a graph-based context, this geometric location is associated with
the nearest graph node or edge whose geometric embedding lies within the corresponding
interface. Reachability of the representative state from the current state is subsequently
evaluated by the context-specific planner.

The HMCP high-level state is

q=(ci,xi\,b),

where ¢; denotes the current context, xfrll € A is the robot state at which the current
context was entered, and b is the remaining battery level. For the start context, x;’ is the
initial robot state; after an inter-context transition, it is obtained through the corresponding
representation-aware mapping.

For every outgoing interface I;;, let
=Cj »
Xij € Ijj
denote its fixed representative state in the state space of context c;. The context-specific
planner then searches for an intra-context action sequence

ajj € .AZJ'_

that transforms the entry state into the representative interface state according to the
dynamics f;:
o A oo

— X

Xin ij*

The context-specific local planner therefore computes an intra-context action sequence
a;j as defined in Section 3.3.

If such an action sequence exists and satisfies the modeled resource constraints, it gen-
erates a successor of the high-level search state:

g = (c]-,mapij(ff]{),b — E(ai]-)),
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with high-level transition cost

CH(q, q/) = Ceffort(aij) + Cswitch(ci; Cj, J?ZC;)

Uniform-cost search is performed over the resulting interface-level search graph. Re-
peated visits to the same context are permitted because a context may be entered through
different interfaces, at different context-specific states, and with different remaining re-
source levels. Consequently, two high-level states associated with the same context need
not represent the same planning situation. Reaching a context in which the goal can be
represented is not sufficient for termination; the context-specific planner must additionally
connect the current entry state to a state satisfying the goal condition.

The use of a single representative state per interface is a deliberate configuration of the
HMCP baseline rather than an inherent property of hierarchical planning. A hierarchical
variant could instead consider multiple candidate transition states per interface, potentially
improving solution quality at the cost of a larger high-level search and additional context-
specific planning queries. In this evaluation, HMCP uses one representative state per
interface to provide a simple hierarchical baseline in which interface-state selection is fixed
before the corresponding context-specific planning query is performed.

4.2. Comparison with Topological Navigation Baselines

The second evaluation isolates the treatment of transitions between local navigation
areas. For this comparison, the environment is restricted to a grid—topological represen-
tation similar to [15]. The areas Mj, ..., Ms are represented as local grid maps, while a
topological graph specifies which areas can be connected. A topological edge therefore
indicates that a transition between two local maps is possible; the actual motion between
an entry and an exit state is computed within the corresponding local map.

For this experiment, the cost of a high-level transition is defined by the length of the
corresponding local path. The same distance-based cost metric is used for all compared
planners. Accordingly, cost-optimal refers to the shortest overall path within the considered
grid—topological planning problem.

Figure 3 shows the experimental environment. Across the 50 test cases, the start
state is sampled from M, while the goal lies in M. The environment contains alternative
sequences of local maps connecting start and goal. In particular, one alternative requires
traversal through the obstacle-rich area Ms, while another avoids it. The experiment
therefore evaluates both whether a planner can identify connected transition states and
whether it can choose transition states whose resulting local paths lead to a lower-cost
overall plan.

Topo-Map-n: For every transition between neighboring local maps, a single entry/exit
pair is selected according to geometric proximity. Planning then proceeds using these fixed
transition states. This may lead to failure if the selected states cannot be connected by the
local planner, and even when they are connected, the selected pair may lead to a higher-cost
local path than another transition state within the same interface.

Topo-Map-s: For each transition between neighboring local maps, Topo-Map-s consid-
ers all available discrete candidate entry/exit state pairs associated with the corresponding
interface. For each candidate pair, the local planner determines whether the states can be
connected and, if so, computes the corresponding path length. All connected candidate
pairs are retained as alternatives in the high-level search, which selects the combination
that minimizes the total path length.
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Figure 3. Simulation environment used to evaluate planning performance against the topological
navigation baselines. The local grid-map areas M1 and M4 contain the possible start and goal
locations, M5 is obstacle-rich, and M2 and M3 form dead-end branches.

5. Results

We evaluate the proposed framework in a five-context heterogeneous environment un-
der two initial battery conditions and compare it with HMCP. Additional experiments com-
pare the method with purely topological baselines in a restricted grid—topological setting.

5.1. Evaluation of Context-Aware Navigation

This section examines the behavior of the proposed planner in a heterogeneous envi-
ronment with varying traversal costs, representation types, and explicitly defined interface
zones. Two scenarios with different initial battery levels are analyzed to examine how the
internal resource state affects the joint selection of intra-context actions and inter-context
transitions under the same planning objective.

5.1.1. Behavior Analysis

Both scenarios use the same environment, context definitions, start and goal conditions,
and planning-cost parameters; only the initial battery level is changed.

In the direct-goal scenario, the resulting plan is

Forest-0ffroad — Plain — Urban-Road — Forest-0ffroad.

The route travels 58.592 m, contains three inter-context transitions, and reaches the
goal with 2.80% battery remaining. Under the defined planning costs, the planner uses the
Urban-Road context for a large part of the route because traversal there is less costly than
through the continuous terrain contexts (Figure 4).
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Figure 4. Direct-goal scenario: search behavior and resulting plan of the proposed planner across
heterogeneous navigation contexts. The planner jointly selects intra-context actions and inter-context
transitions to reach the goal without entering the Charging-Station context. (a) A* search expansions
and frontier, with the resulting path colored by remaining battery level. (b) Resulting path with
segments colored by the active navigation context.

In the resource-constrained scenario, reaching the goal without recharging is not admis-
sible. The resulting plan is

Forest-0Offroad — Plain — Forest-Road — Charging-Station —

Forest-Road — Forest-0ffroad.
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The battery decreases to 12.61% before charging and reaches 43.46% at the goal.
The route travels 105.546 m and contains five inter-context transitions. Repeated charging
is permitted but incurs additional cost; in this scenario, one visit to the Charging-Station
context is sufficient (Figure 5).
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Figure 5. Resource-constrained scenario: search behavior and resulting multi-context plan of the
proposed planner. The internal resource constraint changes the admissible search space, causing the
planner to include the Charging-Station context before continuing toward the goal. (a) A* search
expansions and frontier, with the resulting path colored by remaining battery level. (b) Resulting
path with segments colored by the active navigation context.
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The repeated occurrence of Forest-Road does not represent the same planning state
being revisited, since the robot re-enters the context with a different internal battery state.

Table 1 summarizes the key metrics. Planning time is lower in the battery-constrained
scenario because the resource constraint prunes approximately one third of the candidate
actions, reducing the explored search space.

Table 1. Comparison of the proposed planner and HMCP in the five-context scenarios.

Direct-Goal Battery-Constrained
Metric Proposed HMCP Proposed HMCP
Distance (m) 58.592 75.210 105.546 116.324
Context transitions 3 3 5 5
Final battery (%) 2.80 1.70 43.46 41.25
Local planner calls - 5 - 12
Runtime (s) 0.81 2.93 0.49 0.93

5.1.2. Cost Evaluation

Table 1 compares the proposed planner with HMCP in the direct-goal and battery-
constrained scenarios. Both planners reach the goal while satisfying the modeled battery
constraints and use the same number of inter-context transitions. However, the proposed
planner produces shorter routes and retains more battery at the goal.

In the direct-goal scenario, the proposed planner travels 58.592 m, compared with
75.210 m for HMCP, and reaches the goal with 2.80% battery instead of 1.70%. In the
battery-constrained scenario, the corresponding distances are 105.546 m and 116.324 m,
with 43.46% and 41.25% battery remaining, respectively.

The difference in route length mainly results from the treatment of interface states.
HMCP commits to one predefined representative state per interface, whereas the pro-
posed planner considers interface states directly within the joint search. The use of one
representative state is a deliberate baseline configuration and not an inherent restriction of
hierarchical planning.

The proposed planner requires 0.81 s and 0.49 s for the direct-goal and battery-
constrained scenarios, respectively, compared with 2.93 s and 0.93 s for HMCP. Although
HMCP operates on a smaller high-level search space, each high-level expansion can re-
quire several context-specific planning queries. In the evaluated scenarios, HMCP invokes
the local A*-style planner five times in the direct-goal scenario and twelve times in the
battery-constrained scenario. The observed runtime difference is therefore consistent with
the repeated local planning required by the evaluated hierarchical implementation rather
than with the use of a different local planning algorithm.

Because the two planners operate at different search-space granularities, their raw
state-expansion counts are not directly comparable. We therefore use runtime and the
number of context-specific local planner calls to characterize their computational behavior.
These results describe the evaluated implementations and should not be interpreted as a
general computational disadvantage of hierarchical planning architectures.

5.1.3. Context-Wise Cost Analysis

This analysis evaluates the intended asymmetry between structured roads and contin-
uous terrain. In the direct-goal case, Urban-Road accounts for 31.06 m at a cost of 52.074,
corresponding to approximately 0.18% of the total cost, while Plain and Forest-Offroad
account for 59.2% and 40.6% of the total cost, respectively. The effective cost per unit
distance is approximately 1.68 on Urban-Road, compared with approximately 977 on Plain
and 1263 on Forest-Offroad.
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In the battery-constrained case, Forest-Road contributes approximately 68.9% of the
traveled distance and 78.3% of the total cost, whereas the Charging-Station contributes only
approximately 0.62% of the total cost. More importantly, the resulting plan demonstrates
how the proposed search combines context-specific motion, inter-context transitions, and
internal resource state within the same planning problem. The low initial battery makes
routes without recharging inadmissible, causing the search to select a transition into the
Charging-Station context and subsequently continue planning from the updated battery
state. Thus, the charging decision and the surrounding context transitions are determined as
part of the joint search rather than being imposed by a separate high-level rule or executive.

5.1.4. Runtime Considerations

The proposed planner completed the direct-goal and battery-constrained queries in
0.81 s and 0.49 s, respectively, whereas HMCP required 2.93 s and 0.93 s. Both methods use
the same A*-style intra-context search with the same context-specific state spaces, actions,
dynamics, and cost models. The runtime difference therefore does not result from using a
less efficient local planner for HMCP, but from how the search is organized.

HMCP invokes a separate intra-context search whenever the high-level planner evalu-
ates a transition to a representative interface state. In the evaluated scenarios, this results in
five local planner calls in the direct-goal case and twelve in the battery-constrained case.
In contrast, the proposed method expands intra-context actions and inter-context transitions
within one incremental search, so alternative interface transitions are evaluated as part of
the same search process. In the present implementation, this avoids the repeated execution
of complete local planning queries and accounts for the observed runtime difference.

The continuous Plain and Forest-Offroad contexts are computationally more expensive
to expand than graph-based contexts because successor generation requires simulation
of kinematic actions rather than a single graph-edge traversal. The reported runtimes
should therefore be interpreted as results for the evaluated implementations rather than as
a general computational advantage over hierarchical planning.

5.2. Comparison with Topological Navigation Baselines

We compare the proposed planner with two topological navigation variants. In the
Topo-Map-n configuration, each transition between local maps is represented by a single
spatially nearest entry/exit node pair. This commitment may lead to an unreachable or
suboptimal transition when other interface states provide better connectivity.

The strengthened Topo-Map-s configuration considers all available discrete entry/exit
candidates associated with an interface. For each candidate, the local planner evaluates
connectivity and path length, and all connected candidates are retained in the high-level
search. Topo-Map-s can therefore optimize over the available discrete interface alternatives,
but requires additional local-planning evaluations.

Table 2 summarizes the results over 50 test cases. Topo-Map-n fails in 41 cases, returns
eight suboptimal paths, and finds the shortest path in only one case. In contrast, both
Topo-Map-s and the proposed planner reach the goal and obtain the shortest path in all
50 cases.

Table 2. Planner performance over 50 connectivity-challenging cases.

Planner Fail SubOpt Opt Tavg ()
Proposed 0 0 50 0.54
Topo-Map-s 0 0 50 1.36
Topo-Map-n 41 8 1 0.81
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The main difference between the latter two methods is therefore computational rather
than solution quality in this experiment. Topo-Map-s explicitly evaluates the discrete
candidate interface states using repeated local planning, resulting in an average runtime
of 1.36 s. The proposed method incorporates interface-state selection directly into the
joint search and requires 0.54 s on average. These results show that both approaches can
recover the shortest paths in the evaluated setting, while the proposed formulation avoids
a separate enumeration and evaluation of interface candidates.

The present evaluation is intended primarily to validate the proposed planning formu-
lation and to isolate the effects of joint context and interface-state reasoning. The complete
heterogeneous framework is evaluated in one five-context environment under two resource
conditions, while the restricted grid—topological evaluation considers 50 test cases to ex-
amine interface-state selection separately. These experiments therefore demonstrate the
intended planning behavior, but they do not establish scalability to large heterogeneous
environments. A broader statistical evaluation over procedurally generated environments
with randomized context layouts, interfaces, start and goal states, and resource levels is left
for future work.

6. Conclusions and Future Work

We presented a unified planning formulation that performs a single incremental search
across heterogeneous representations while explicitly modeling interfaces between contexts,
context-switching costs, and internal resource constraints such as battery level. In the
evaluated heterogeneous environment, the planner jointly selected context-specific actions
and inter-context transitions according to the planning objective and internal resource
state. Under a low initial battery level, routes without recharging became inadmissible,
and the planner selected a longer route through the Charging-Station context to satisfy the
battery constraint. The resulting action pruning also reduced the explored search space
and planning time in this scenario.

Compared with the hierarchical planning baseline HMCP, which separates context-
level transition selection from context-specific local planning, the proposed joint search
produced shorter routes, retained more battery at the goal, and required less planning
time in both evaluated scenarios. HMCP commits to fixed representative interface states,
whereas the proposed method jointly considers local actions, interface states, context
transitions, and resource levels within the same search.

In the restricted grid—topological evaluation, both the proposed method and the
strengthened topological baseline found the shortest path in all evaluated cases. However,
the strengthened baseline explicitly evaluates the available discrete interface candidates
through repeated local-planning queries, whereas the proposed method incorporates
interface-state selection directly into the joint search and achieved lower average planning
time. The nearest-node topological baseline, in contrast, frequently failed or produced
suboptimal paths because of its fixed interface-state selection.

Future work will evaluate the framework on larger and procedurally generated en-
vironments with randomized start states, goal states, battery levels, and interface config-
urations. We also plan to investigate multiple candidate interface states for hierarchical
baselines, additional internal resources and task constraints, and real-robot integration with
navigation frameworks such as Nav2. A further direction is the automatic extraction and
refinement of contexts and interface zones from semantic maps and onboard perception,
together with the automatic construction and validation of representation-aware mappings
between the resulting context-specific state spaces.
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