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Abstract 

Rough-terrain traversal costs are inherently direction-dependent, meaning that routes of similar 
geometric length may differ significantly in cost depending on their orientation relative to the terrain 
slope. In this paper, an A*-based planner is proposed in which the classical graph-search procedure is 
preserved, whereas the isotropic edge weights are substituted by a cost that varies with the direction 
of motion. This cost is obtained from three co-registered raster layers, namely an inflated obstacle map, 
an elevation map, and a terrain-multiplier map. For every admissible move, it combines the step length 
in 3D, the average terrain multiplier of the two cells concerned, a pitch-related component along the 
slope, and a roll-related component across the slope, determined from the local elevation difference. 
Because the cost of a move between two cells may depend on its direction, planning is performed on a 
directed weighted graph. Five variants of the planner were tested on six benchmark maps, and each 
resulting path was assessed using one common terrain-aware objective. On every map, the complete 
formulation attained the lowest shared cost, either alone or jointly with another variant. 
 

Keywords: path planning, mobile robot, A*, rough terrain, elevation map 
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Introduction 

Autonomous navigation in unstructured terrain 
is one of the most complex tasks in mobile 
robotics. Graph-search planners perform reliably 
in indoor and structured environments, but their 
use off-road and on uneven ground is restricted 
by a fundamental limitation: a path that is 
shortest in the geometric sense need not be the 
most suitable one for the vehicle. On rough 
terrain, the quality of a path is determined not 
only by its length and its clearance from 
obstacles, but also by elevation changes, the 
orientation of local slopes, surface properties, 
and the heading of the robot with respect to the 
terrain geometry. Consequently, a geometrically 
short path may require excessive energy, impose 
unfavorable dynamic loads, or pose danger to the 
vehicle itself. 
 
Modern path planning algorithms originate from 
shortest-path search on weighted graphs. 
Dijkstra’s algorithm provided the established 
framework for optimal search when edge costs 
are nonnegative (Dijkstra, 1959; Waga et al., 
2025; Tang et al., 2025). A* introduced heuristic 
guidance into this framework, which 
considerably decreases the number of node 
expansions and, under standard assumptions, 
does not compromise optimality (Hart et al., 
1968; Pohl, 1970; Waga et al., 2025; Xuan et al., 
2025). Further developments adopted several 
different approaches. Incremental replanning 
methods, e.g., D* and D* Lite, address changing or 
partially known maps and limit computation by 
reusing the results of previous searches (Stentz, 
1994; Koenig and Likhachev, 2002; Waga et al., 
2025; AbuJabal et al., 2024). Anytime algorithms, 
e.g., ARA* and AD*, first provide a solution of 
bounded suboptimality and then improve it 
iteratively, which is beneficial for robots 
operating in real time (Likhachev et al., 2003; 
Likhachev et al., 2005; Xuan et al., 2025). 
Geometry-aware approaches, e.g., Field D* and 
Theta*, mitigate the artifacts of motion restricted 
to grid edges and in many cases produce shorter 
or smoother trajectories (Ferguson and Stentz, 
2006; Nash et al., 2007; Waga et al., 2025; Tang 
et al., 2025). 
 
Most graph-search methods treat traversal costs 
as isotropic - such approach is acceptable in 
structured environments. On rough terrain, 
however, it is an oversimplification, because an 
ascent differs from a descent, and lateral 
traversal of a slope can be considerably more 
dangerous than motion along its gradient. The 

cost of a given local transition therefore depends 
on the direction of travel, causing the planning 
problem to become anisotropic. This property is 
especially important for robots working in 
complex, unstructured environments like 
forests, quarries or dunes, where the quality of a 
path depends on robot safety as much as it does 
on optimality. 
 
Such difficulties gave rise to a considerable 
number of studies on traversability assessment 
and terrain-aware planning. According to recent 
surveys (Beycimen et al., 2023; Benrabah et al., 
2024; Carvalho et al., 2025), the navigation of 
unmanned ground vehicles is increasingly based 
on layered environment representations that 
combine geometry and models of vehicle–terrain 
interaction. Traversability is commonly 
estimated on the basis of digital elevation 
models, point clouds, or sensor data and is 
passed to the planner as a costmap. Within this 
framework, Wang et al. (2024) and Liu et al. 
(2024) proposed an improved A*-based planner 
for uneven terrain, in which models of 
trafficability and ruggedness obtained from 
elevation data are combined. Their results 
confirm that planning reliability increases when 
the local terrain geometry is represented 
explicitly in the cost function, rather than being 
reduced to a binary distinction between 
obstacles and free space. A separate group of 
studies concerns deformable or mixed terrain, on 
which mobility is constrained by slip and traction 
as well as by geometry. Sakayori and Ishigami 
(2024) and Nishishita and Ishigami (2025), for 
instance, included slip-rate-dependent 
traversability in the path costs of wheeled robots 
on sand and showed that the explicit 
representation of terrain-dependent motion 
effects may improve path quality considerably. 
 
The presented study focuses on anisotropic cost 
models for terrain navigation. These models 
express the traversal cost as a function of the 
robot heading with respect to the slope, 
distinguishing between ascending, descending, 
and lateral motion on inclined ground. A 
continuous formulation of anisotropic costs for 
irregular terrain was introduced by Sánchez-
Ibáñez et al. (2023), and the growing role of 
terrain-aware traversability modeling in 
unstructured environments was pointed out by 
Carvalho et al. (2025). Both works show that 
anisotropy has a physical basis in the mechanics 
of terrain traversal. In most existing studies 
anisotropic planning is formulated within 
continuous optimal control and combined with 
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planners other than graph search, even though 
graph-based methods are widely used in 
robotics, as they are simple, predictable, and 
relatively cheap in computing power needed. 
The method described in this paper therefore 
preserves the classical A* scheme and 
supplements it with an anisotropic, terrain-
dependent transition model. This model can be 
embedded in a standard grid-based planner and 
evaluated against simpler variants in the same 
software environment. The resulting planner, 
referred to as Terrain-Aware Anisotropic A* (T-
AAA*), uses three co-registered map layers: an 
inflated obstacle map, an elevation map, and a 
terrain-multiplier map. Its edge cost combines 
the 3D geometric distance, penalties related to 
the surface, a signed pitch factor, and a roll factor 
that depends on the heading; both slope-related 
factors are obtained from the local height 
gradient. In the resulting directed weighted 
graph, the cost of a transition depends on the 
pair of adjacent cells and, additionally, on the 
direction in which the terrain is traversed. The 
planner is thus able to select longer routes when 
they are safer to traverse. 
 
The paper makes two contributions. The first is a 
formal description of T-AAA*. The second is an 
experimental comparison between the complete 
method and four variants obtained by its 
systematic simplification, namely Dijkstra, A*, A* 
with terrain multipliers, and A* with pitch/roll 
penalties. Such a comparison allows the effect of 
each cost layer to be identified separately and 
indicates the terrain conditions in which the full 
anisotropic formulation offers an advantage. Six 
benchmark datasets were used, covering flat, 

urban-like, off-road, dune-like, and mountain-
pass terrain. 
 
The paper is organized into four sections. 
Following this introduction, Section 2 presents 
the Terrain-Aware Anisotropic A* method 
together with the map representation, the cost 
functions dependent on direction, and the 
variants used in the benchmark. The 
experimental setup and the results obtained for 
the six benchmark datasets are reported in 
Section 3. Section 4 discusses the results and 
indicates possible directions of further research. 
 
Terrain-Aware Anisotropic A* 

Map Representation 

The planner uses three map representation 
layers: 

• Obstacle map Board ∈ RH×W, where free 
cells contain 0 and occupied cells contain 1. 

• Elevation map HeightMap ∈ RH×W, storing 
the terrain heights from which 3D 
distances, pitch and roll angles, and slopes 
are computed. 

• Terrain multiplier map TerrainMult ∈ 
RH×W, containing per-cell cost multipliers 
that encode the relative difficulty of the 
terrain. 

As a preprocessing step, the obstacles in the 
occupancy grid are inflated by r so that the 
footprint of the robot is taken into account. 
Figure 1 presents the three input layers of the 
benchmark: the inflated obstacle map, the 
elevation map, and the terrain-multiplier map. 
 

 
                            (a) Inflated obstacle map                                        (b) Elevation map         (c) Terrain multipliers 

Figure 1: Input layers of a representative benchmark map 
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Terrain multiplier map 

 
The planner uses a terrain multiplier map TerrainMult ∈ RH×W. The scalar stored in each cell expresses the 
relative effort of crossing the local terrain, and this layer is incorporated directly into the transition cost 
used by A*. 
 
For a directed move u → v, the terrain multiplier term is defined as the mean of the values at its two end 
cells, 

                                                  𝑀 (𝑢, 𝑣) =
𝑇𝑒𝑟𝑟𝑎𝑖𝑛𝑀𝑢𝑙𝑡(𝑢)+𝑇𝑒𝑟𝑟𝑎𝑖𝑛𝑀𝑢𝑙𝑡(𝑣)

2
 

 
The transition cost is then given by 

 

c(u,v) = d3D(u,v)M(u,v) 

where d3D(u,v) is the 3D step length, and the cost-to-come is updated in the standard A* manner, 

(2) 

g(v) = g(u) + c(u,v) (3) 
 

Elevation-based geometric quantities 

 
Each free cell in Board defines a graph vertex connected to its eight neighbors (8-neighborhood). For a node 
u = (ru,cu) and its successor v = (rv,cv), the horizontal displacement is given by 
 

 𝑑𝑥𝑦(𝑢, 𝑣) = √[(𝑟𝑣 − 𝑟𝑢)2 + (𝑐𝑣 − 𝑐𝑢)2] (4) 

 
The elevation map HeightMap supplies the vertical component of motion, and the signed elevation 
difference between two adjacent cells is 
 

dh(u,v) = sh (HeightMap(v) − HeightMap(u)),                                                         

where sh is the vertical scale factor, equal to 1 in this study. 
 
Combining both components gives the 3D step length: 

(5) 

 

                                                       𝑑3𝐷(𝑢, 𝑣)  = √𝑑𝑥𝑦(𝑢, 𝑣)2 + 𝑑ℎ(𝑢, 𝑣)2                                                         (6) 

 
Slope descriptors related to pitch and roll 

 
For a move from u to v, two direction-dependent slope descriptors are derived from the elevation map. The 
pitch-related angle is determined by the elevation change along the direction of travel: 
 

            𝜃(𝑢, 𝑣) = 𝑎𝑟𝑐𝑡𝑎𝑛 (
𝑑ℎ(𝑢,𝑣)

𝑑𝑥𝑦(𝑢,𝑣)
)                                                       (7) 

 
where positive values indicate ascent and negative values descent. The roll-related angle is based on the 
component of the local height gradient that is orthogonal to the travel direction: 
 
 ϕ(u,v) = arctan(|∇h(u) · 𝑛̂(u,v)|),                        (8) 
 
where 𝑛̂(𝑢, 𝑣) denotes the in-plane unit vector perpendicular to the direction of motion from u to v. 
 

 

(1) 



5                                                                                                                                             Communications of the IBIMA 

_________________________________________________________________________ 
 

 

Both penalty factors increase linearly with the corresponding angle, and an additional penalty 
multiplier is applied once the angle exceeds a prescribed threshold. For the pitch-related term, 

 

                     𝐹𝑝𝑖𝑡𝑐ℎ(𝜃) = 1 + 𝑘𝑝
|𝜃|

𝜃𝑚𝑎𝑥
,              |𝜃| ≤ 𝜃𝑚𝑎𝑥  𝜆𝑝 (1 + 𝑘𝑝

|𝜃|

𝜃𝑚𝑎𝑥
)      |𝜃| > 𝜃𝑚𝑎𝑥   (9) 

 
where kp is the pitch gain, θmax is the pitch threshold, and λp > 1 is the additional penalty multiplier applied 
above this threshold. 
 

For the roll-related term, 
 

                     𝐹𝑟𝑜𝑙𝑙(𝜑) = 1 + 𝑘𝑟
𝜑

𝜑𝑚𝑎𝑥
,              𝜑 ≤ 𝜑𝑚𝑎𝑥  𝜆𝑟 (1 + 𝑘𝑟

𝜑

𝜑𝑚𝑎𝑥
)       𝜑 > 𝜑𝑚𝑎𝑥             (10) 

 
where kr is the roll gain, ϕmax is the roll threshold, and λr > 1 is the additional penalty multiplier applied 
above this threshold. 

Full T-AAA* edge cost 

 

The full T-AAA* planner combines the geometric, terrain, and directional slope terms into a single 
transition cost: 

        cTA(u,v) = d3D(u,v)(Fpitch(θ(u,v)) + Froll(ϕ(u,v)) − 1)M(u,v)      (11) 
 
where d3D(u,v) is the 3D step length, Fpitch(θ(u,v)) and Froll(ϕ(u,v)) are the pitch- and roll-related penalty 
factors, and M(u,v) is the terrain multiplier term defined in Eq. (1). The simplified planner variants used for 
comparison are obtained by selectively removing individual terms: 
 

        cDijkstra(u,v) = d3D(u,v),   
       cA∗(u,v) = d3D(u,v),  

          cA∗+TM(u,v) = d3D(u,v)M(u,v),  
 cA∗+PR(u,v) = d3D(u,v)(Fpitch(θ(u,v)) + Froll(ϕ(u,v)) − 1). (12) 

Node ordering is the only aspect in which Dijkstra and the baseline A* differ: the local transition cost is the 
same, and a heuristic is used only by A*. 

T-AAA* search procedure 

 
Node selection in T-AAA* is identical to that in classical A*; the two algorithms differ only in the cost 
function. For each admissible move u → v, T-AAA* computes the 3D step length, the terrain multiplier term, 
and the pitch- and roll-related penalty factors, and combines them into the transition cost cTA(u,v). The cost-
to-come is then updated as: 
 g(v) = g(u) + cTA(u,v) (13) 

 

while node ordering is based on: 
 
 f(v) = g(v) + h(v) (14) 

 
where h(v) denotes the heuristic estimate of the remaining distance to the goal. In the baseline A* variant, 
h(v) is given by the Euclidean distance to the goal multiplied by the smallest terrain modifier, whereas 
Dijkstra is obtained by setting h(v) = 0. All remaining variants share this search procedure and differ only 
in the transition-cost function. The complete procedure is summarized in Algorithm 1. 
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Algorithm 1 Common graph-search procedure for all planner variants 

Require: Board, HeightMap, TerrainMult, start, goal, variant 
1:    Inflate obstacles and construct the search graph 
2:    Initialize g(·) = ∞, f(·) = ∞, parent(·) = ∅ 
3:    g(start) ← 0 
4:    if variant = Dijkstra then 
5:     f(start) ← 0 
6:    else 
7:  f(start) ← h(start) 
8:    end if 
9:    Insert start into the open set 
10: while open set is not empty do 

11: u ← argminx∈open f(x) 
12:     if u is goal then 
13:           reconstruct path from parent(·) and return 
14:        end if 
15:                             move u from open to closed 
16:   for all v ∈ N(u) do 
17:              if v is occupied or already closed then 
18:                                continue  
19:                  end if 
20:                             ∆ ← TransitionCost(u,v,variant,HeightMap,TerrainMult) 

21:                gtent ← g(u) + ∆ 

22:                  if gtent < g(v) then  

23:                                            parent(v) ← u 

24:                                  g(v) ← gtent 

25:                            if variant = Dijkstra then 
26:                                              f(v) ← g(v) 
27:                                    else 
28:                                           f(v) ← g(v) + h(v) 
29:                                   end if 
30:                            insert or update v in the open set 
31:                  end if  
32:   end for  
33: end while 
34: return failure 

 

Benchmark Setup and Results 

Experimental protocol 

The computations were performed in MATLAB, 
using a workstation with an Intel Core i9-
13900KF processor and 32 GB of RAM. 
 

The following five planners were compared: 

1. Dijkstra, 
2. A*, 
3. A* + terrain multiplier, 

4. A* + pitch/roll penalties, 
5. T-AAA*. 

 
Each planner was tested on the same six 
benchmark datasets: Board_city, Board_dunes, 
Board_flat, Board_mountain_pass, 
Board_obstacle_ramp, and Board_offroad. Their 
height maps are shown in Fig. 2. For Board_flat, 
the occupancy grid is shown instead, because its 
height map contains no meaningful elevation 
data. 
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Figure 2: Benchmark maps used in the experiments 

Because planner variants minimize different 
objectives, their native costs are not directly 
comparable. Therefore, each path was 
additionally evaluated with the full T-AAA* 
objective defined in Eq. (11), and, unless stated 
otherwise, the quantitative comparisons below 

refer to this terrain-aware re-evaluation. The 
start and goal points used by all algorithms are 
listed in Table 1, and Figures 3 and 4 show 
examples of the height surface and of the g-score 
(cost-to-come) surface. 

 

Figure 3: Path on the 3D height surface of Board_offroad 

   
( a) City heightmap ( b) Dunes heightmap ( c) Flat occupancy map 

( d) Mountain pass heightmap ( e) Obstacle ramp heightmap ( f) Offroad heightmap 
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Figure 4: Cost-to-come (g-score) surface of Board_offroad in 3D 

Table 1: Start and goal positions for each benchmark dataset 

 

 

 

Quantitative comparison 

On Board_mountain_pass, restrictive terrain 
geometry limits feasible routes, making 

direction-dependent slope effects the dominant 
factor in path selection. Both the pitch/roll-
aware and full T-AAA* planners therefore 
achieve identical best shared costs (Table 2).  

Table 2: Shared T-AAA* path cost obtained by each method on every benchmark dataset 

 

 
The differences between the methods are largest 
on the two most challenging terrains, 
Board_dunes and Board_offroad. On Board_dunes, 
the pitch and roll terms have a greater effect than 
the terrain multiplier. Where elevation 
differences are large, as in Board_mountain_pass, 

the terrain multiplier has smaller impact, and A* 
+ Pitch/Roll attains the same cost as T-AAA*. 
On Board_flat, T-AAA* and A* with the terrain 
multiplier attain the same best cost; because the 
terrain is level, the pitch and roll terms have no 
significant effect. 
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The advantage of combining both effects is most 
evident on Board_offroad. Neither the variant 
based only on surface information nor the 
variant based only on slope reaches the lowest 
cost, whereas T-AAA* reduces the shared cost to 

179.96, compared with 321.19 for the terrain-
multiplier variant and 448.54 for the pitch/roll 
variant. 

 

 

Table 3: Mean benchmark results over all six datasets, re-evaluated  

under the shared T-AAA* cost model 

 
 
 
Table 3 leads to three conclusions. First, a 
considerable difference is observed in search 
effort. A*, as the baseline for the cycles needed 
have a mean value of 2280.50. Each terrain-
aware modification of cost function caused this 
values to increase: +113,2% (2280.50 vs 
4861.33) for Terrain multiplier, +261,7% 
(2280.50 vs 8247.5) for Pitch/Roll and +264,9% 
(2280.50 vs 8323.0) for full T-AAA* cost 
calculation. What is noteworthy, combining both 
multipliers didn’t cause computational effort to 
increase meaningfully (8247.5 vs 8323.0), while 
cost decreased significantly: 278.14 vs 136.47. 
 
Second, extending the A* cost function with only 
one group of terrain-related terms, i.e., either the 
terrain multiplier or the pitch and roll terms, 
already reduces the mean shared cost 
substantially. Compared with the baseline A*, the 
terrain multiplier reduces cost from 826.32 to 
324.06, and the pitch and roll terms reduce it to 
278.14. These results show that terrain model 
and elevation-based anisotropy both have high 
impact on path quality, but through different 
mechanisms. The terrain multiplier directs paths 
toward more favorable surfaces, whereas the 
pitch and roll terms penalize geometrically 
unfavorable motion, such as cross-slope 
traversal or steep ascents. 
 
Third, the complete T-AAA* formulation achieves 
the lowest mean shared cost, 136.47, which is 

83.5% lower than that of the baseline A*. The 
reduction remains substantial in comparison 
with the partial variants: 57.9% relative to A* 
with the terrain multiplier and 50.9% relative to 
A* with pitch/roll penalties. The best 
performance is thus obtained when terrain-
based and direction-dependent penalties are 
combined in a single cost formulation. 

 
Qualitative comparison 

  

 Figures 5 and 6 compare the paths generated by 
all evaluated methods on Board_dunes and 
Board_offroad, respectively. The route overlays 
illustrate that incorporating additional terrain 
characteristics into the planning process can 
result in longer paths that avoid regions 
associated with high traversal costs. Consistent 
with the shared-cost evaluation, T-AAA* achieves 
balance between path length and terrain-related 
costs in both scenarios by avoiding steep slopes 
and favoring areas with lower traversal costs. 

Board_mountain_pass represents a 
complementary case. On this map, the geometry 
of the terrain  strongly limits the set of feasible 
solutions, and the decision is therefore guided 
primarily by the directional elevation conditions. 
Accordingly, Table 2 shows identical best shared 
costs for the pitch/roll-aware planner and for the 
full T-AAA* planner on this map. 
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Figure 5: Height map of Board_dunes with the paths of all benchmarked methods 

 
Figure 6: Height map of Board_offroad with the paths of all benchmarked methods 

 
Discussion and Conclusions 

The presented benchmark demonstrates that the 
primary contribution of the current 
implementation lies not in modifying the global 
A* search mechanism, but in redefining the local 
traversal cost through the integration of multi-
layer terrain information and direction-
dependent elevation penalties. This distinction is 
important for proper interpretation of the 
method. T-AAA* should not be viewed as a 
universal replacement for search-based 
planners; instead, it represents a terrain-aware 
extension of A* whose advantages become 
evident when the planning objective explicitly 
accounts for surface properties and slope-related 
traversal constraints. 
 

The experimental results further indicate that 
purely geometric planning is insufficient under 
such conditions. While both Dijkstra and A* 
operate efficiently on the inflated grid, their 
solutions incur significantly higher cost when 
evaluated under the terrain-aware objective. 
Partial extensions provide measurable 
improvements; however, only the full T-AAA* 
formulation consistently captures both surface 
preferences and direction-dependent traversal 
effects relative to the terrain gradient. At the 
same time, the results suggest that the relative 
importance of individual cost components varies 
across environments. Flat terrains are primarily 
influenced by surface-related costs, whereas 
environments such as mountain passes or dune-
like structures benefit more strongly from 
directional elevation modeling. 
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Future work will extend the proposed algorithm 
toward the automatic acquisition of terrain 
information from GIS (geographic information 
systems) data and its integration into a complete 
planning pipeline. In such a framework, the 
height map will be used to compute 3D distances 
as well as pitch- and roll-related terrain 
descriptors, while topographic object layers will 
provide information about terrain type and 
traversability. Future developments will also 
consider weather-related factors in order to 
predict terrain modifiers more realistically. 
 
Overall, the study provides a consistent and 
implementation-aligned validation of the 
proposed method. The T-AAA* formulation 
achieves the lowest mean shared terrain-aware 
cost across all benchmark datasets, while 
maintaining favorable stability-related 
characteristics. These findings support the 
conclusion that combining direction-dependent 
elevation penalties with surface-based cost 
modeling is essential for effective path planning 
in complex, heterogeneous terrain. 
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