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This study develops an enhanced A* path-planning method for mobile robots
operating on two-dimensional grid maps, with the aim of reducing jagged trajectories, sharp
heading changes, and paths that pass too close to obstacles. The method redesigns the A*
evaluation process by combining a weighted Manhattan-Euclidean heuristic, direction-aware
node states, a turning-cost term, and a safety-distance cost. A cubic-spline module is then
applied to the simplified path to improve trajectory continuity. Experiments are carried out
in MATLAB under simple-obstacle, complex-obstacle, and narrow-passage maps, and the
proposed algorithm is evaluated against conventional A*, Dijkstra, and RRT methods.
Relative to conventional A*, the proposed approach reduces the average path length by
4.93%, turns by 83.34%, searched nodes by 71.46%, planning time by 56.77%, and
smoothness index by 84.85%, while increasing the average minimum distance to obstacles
by 80.47%. The results show that the revised evaluation strategy and smoothing procedure
can enhance search efficiency, path continuity, and safety clearance while retaining
collision-free planning.

mobile robot, path planning, improved A* algorithm, directional state, turning
penalty

Mobile robots are now used in warehouse distribution, inspection tasks, healthcare-related
transportation, campus delivery, and indoor service scenarios. These applications place stricter
demands on autonomous navigation because a robot must move from a start position to a goal
position without collision while also accounting for travel cost, computational burden, motion
stability, and clearance from surrounding obstacles [1].

Existing path-planning approaches are commonly organized into graph-search, sampling-based,
intelligent optimization, and learning-based categories. Graph-search algorithms are particularly
suitable for grid representations because their search logic is explicit and their outputs are relatively
stable. Sampling-based planners are useful in complicated spaces, whereas optimization-based and
learning-based planners emphasize global exploration and adaptation [2]. In practical grid-map
planning, however, several issues remain, including dense obstacle layouts, routes that lie close to
obstacle edges, polyline trajectories caused by discrete grid nodes, and the need to balance search
efficiency with path quality [3].
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A* employs a heuristic term to guide node expansion and reduce unnecessary search, so it has
become a common global planner for mobile robots [4]. Nevertheless, the standard form of A*
mainly evaluates nodes through distance-related cost. It does not fully use information about
incoming direction, accumulated turns, obstacle-clearance margins, or the trackability of the final
trajectory. Therefore, the resulting route may contain many short line segments, abrupt changes in
heading, or insufficient safety distance.

To address these limitations, this work focuses on two-dimensional grid maps and modifies the
evaluation mechanism of conventional A*. A weighted combination of Manhattan and Euclidean
distances is adopted to strengthen the orientation of the search. A direction state is then added to
record the motion direction of each expanded node. On this basis, turning and safety-distance
penalties are introduced to discourage sharp direction changes and nodes close to obstacles. Finally,
cubic-spline interpolation is used to smooth the simplified path, and the method is compared with
conventional A*, Dijkstra, and RRT algorithms in simple-obstacle, complex-obstacle, and narrow-
passage scenarios.

Studies on mobile robot path planning cover graph-search methods, sampling-based strategies,
intelligent optimization algorithms, and learning-based schemes. In grid maps, graph-search
methods expand nodes according to a predefined connectivity structure; they are easy to implement
and their results are generally reproducible. Dijkstra performs an exhaustive shortest-path search but
usually visits many nodes, while A* uses heuristic guidance to improve the trade-off between path
quality and search cost [1, 2]. RRT-type planners can rapidly find feasible paths in complex spaces,
but their randomness often leads to unstable paths that require subsequent smoothing [3, 4].
Intelligent optimization and learning-based methods can improve adaptability, yet their
computational cost, parameter sensitivity, and interpretability should be carefully considered in
small static two-dimensional maps.

Recent improvements to A* have mainly concentrated on heuristic design, neighborhood
expansion, obstacle-aware constraints, and post-processing. Modified heuristic functions and greedy
mechanisms can strengthen search directionality and reduce invalid expansions [5, 6]. Geometric
constraints and fusion pathfinding strategies incorporate map-structure information into the planning
process and help improve route quality [7, 8]. Studies on grid-map planning and medical-laboratory
robots also show that obstacle clearance and safety constraints are important for path executability
[9, 10]. Adaptive neighborhoods and motion-block mechanisms further adjust expansion modes,
shorten search time, and reduce the number of searched nodes [11, 12]. These findings indicate that
A* performance is influenced not only by distance measurement but also by direction continuity,
turn suppression, obstacle clearance, and smoothing after search.

In summary, existing algorithms can usually obtain feasible routes, but static two-dimensional
grid maps still tend to produce jagged paths, sudden turns, near-obstacle trajectories, and redundant
search. For mobile robots, a useful path should satisfy collision-free requirements while also
considering length, computational efficiency, smoothness, and safety distance. For this reason, this
paper embeds a weighted heuristic, direction states, a turning penalty, and a safety-distance penalty
into the A* framework, and then uses cubic-spline interpolation to improve the continuity of the
output trajectory.
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3. Improved A* algorithm

In response to redundant path length, poor trajectory smoothness, possible near-obstacle motion, and
limited search efficiency in conventional A*, an improved algorithm is designed. The proposed
method adjusts the heuristic term, records direction-related node states, introduces turning and
safety-distance costs, and then smooths the generated route through cubic-spline interpolation.

3.1. Optimization of the heuristic function

The baseline A* algorithm often adopts Euclidean distance as its heuristic estimate. Although this
metric measures the straight-line distance between the current node and the goal, it does not
sufficiently reflect the directional characteristics of grid-based movement. To provide stronger target
guidance, Manhattan distance and Euclidean distance are combined with weight coefficients, and an
additional heuristic weight is introduced. The optimized heuristic function is defined as follows:

h(n) = wy [wihy (n) + wahg (n)] (1)

where w_h is the heuristic weight, which is set to 1.15 in this paper. w 1 and w_2 denote the
weight coefficients of Manhattan distance and Euclidean distance, respectively, satisfying
w_1+w_2=I. In this paper, w_1=0.45 and w_2=0.55. The Manhattan distance h_M(n) is expressed
as:

hm (n) = |zn — xg| + |yn — yg| (2)

where (x_n,y_n) denotes the coordinate of the current node, and (x_g,y g) denotes the coordinate
of the target node. The weighted heuristic function considers both geometric distance and grid-
direction constraints, which helps improve search efficiency and maintain stable path quality under
different obstacle distributions.

3.2. Search state considering direction

In the original A* search process, a node is usually represented only by its row and column
coordinates, namely n=(r,c). Such a representation cannot indicate the direction from which the
robot enters the current grid. To distinguish continuous motion directions and prepare for the
subsequent turning-cost calculation, a direction variable is included in the node state. The improved
state is written as follows:

n=(r,c,d) 3)

where r denotes the row of the current node, ¢ denotes the column of the current node, and d
denotes the direction from which the robot enters the current grid. In this paper, directions are
divided into eight types: up, down, left, right, upper left, upper right, lower left, and lower right. At
the start point, d=0 indicates that there is no incoming direction. By recording the direction vector
between the current node and its parent node, the algorithm can determine whether the next
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expansion involves a turn, thereby making the planned path more likely to choose routes with
smaller directional changes.

3.3. Turning penalty

Node selection in traditional A* is mainly governed by distance cost, so frequent turning segments
may still appear in passable regions. In real mobile-robot operation, repeated direction changes
increase control difficulty and energy consumption and may reduce tracking stability. Therefore, this
paper incorporates a turning penalty into the cost function. When two adjacent path segments have
different directions, the additional cost is computed as follows:

1 Vd- - Va )
P, (d,dl) = — arccos 4
() =2 <||vd|| Tval @

where v_d denotes the current incoming direction vector of the robot, and v_d’ denotes the next
movement direction vector. This expression characterizes directional change by the angle between
vectors and normalizes it by m, so the penalty value approximately falls within [0,1]. A larger
directional change produces a larger penalty. If the current node is the start point or has no
directional state, the turning penalty is set to 0.

3.4. Safety-distance penalty

Standard A* only prevents the path from crossing obstacle cells; it does not necessarily keep enough
clearance from obstacle boundaries. Since a real robot has physical dimensions and may be affected
by localization error, a safety-distance penalty is added to the evaluation cost. The penalty depends
on the distance between a candidate node and the nearest obstacle. If this distance is smaller than the
preset safety radius, the cost of the candidate node is increased:

()

P; (n!) = max <0, %ﬁ’bﬁ(m) )

where R is the safety radius, which is set to 4.0 in this paper, and D obs(n’) denotes the
Euclidean distance from candidate node n’ to the nearest obstacle. The closer the candidate node is
to an obstacle, the larger the penalty value becomes. When the distance is not smaller than the safety
radius, the penalty value 1s 0. This design can guide the planned path to actively stay away from
obstacle boundaries and improve passage safety in complex-obstacle and narrow-passage
environments.

3.5. Integrated improved A* algorithm

Based on the above improvements, the weighted heuristic function, directional state, turning penalty,
and safety-distance penalty are integrated into a unified evaluation function. The evaluation function
of the improved A* algorithm is:
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f(nt,dr) = g(nt,dr) + h(nr) (6)

where h(n) is calculated according to equation (1), and g(n',d") denotes the cumulative cost
considering direction, the turning penalty, and the safety-distance penalty. It is expressed as:

g (n/7 dl) =49 (TL, d) + Cmove T )‘tf)t + AsPs (7)

where g(n,d) denotes the cumulative cost of reaching the current state. ¢ move is the basic
movement cost, which is 1 for horizontal or vertical movement and V2 for diagonal movement.
P _t(d,d") is the turning penalty, P_s(n’) is the safety-distance penalty, and A t and A_s are penalty
weights. In this paper, A_t=0.35 and A_s=0.45. By adjusting these two penalty weights, a balance can
be achieved among path length, search efficiency, smoothness, and safety distance.

3.5.1. Pathfinding procedure of the improved A* algorithm

The improved A* algorithm still uses an open set and a closed set to maintain the search process. Let
the current state be q=(r,c,d), where (r,c) denotes the grid coordinate and d denotes the incoming
direction. The candidate neighborhood is denoted as N_8(q). In each iteration, the state with the
minimum evaluation function in the open set is selected as the current expansion node:

¢ = argminf (g) (8)

g€open set

For any candidate neighbor q'EN_8(q*), if the node is an obstacle or has already been included
in the closed set, it is skipped. Otherwise, the basic movement cost is calculated according to
horizontal, vertical, or diagonal movement:

1, straight
Cmove = — . (9)
V2, diagonal

Then, a temporary cost containing the turning penalty and safety-distance penalty is calculated:
Gtemp — 9 + Crmove T )‘tPt + AsPs (10)

If the temporary cost is smaller than the original cumulative cost, the parent node, incoming
direction, and cumulative cost of q' are updated, and the corresponding evaluation function is
recalculated. When the target node is selected as the current expansion node, the algorithm stops
searching and obtains the original path by backtracking from the target point along the parent-node
chain. This process allows the algorithm to consider distance, directional changes, and obstacle
safety margins during the search stage rather than passively correcting the path after generation.
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In the code implementation, the open set records nodes to be expanded, and the closed set records
nodes that have already been expanded. parentRow and parentCol are used to save parent-node
coordinates. obstacleDistanceMap is precomputed to store the distance from each feasible grid to the
nearest obstacle, thereby reducing repeated computation of the safety-distance penalty in the loop.

3.5.2. Smoothing post-processing based on cubic spline interpolation

Although the turning penalty reduces unnecessary heading changes, the route produced by grid
search is still composed of discrete nodes and may contain local polyline segments. To improve
trajectory continuity, line-of-sight checking is first used to remove redundant intermediate nodes.
Cubic-spline interpolation is then applied to the simplified point sequence. Let the simplified path be
P i=(x 1,y 1),1=0,1,...,m, and define the chord-length parameter as follows:

s50=0, s;=s_1+|P—P_1|> (11)

Cubic spline functions x=S x(s) and y=S y(s) are constructed for the row and column
coordinates, respectively. In the interval [s_i,s {i+1}], the spline function can be expressed as:

Si (S) = a; + bzAS —I— CiASZ + dl’A83, AS =8—35; (12)

To ensure curve continuity, the spline function must satisfy node interpolation conditions as well
as first- and second-order derivative continuity conditions:

Si(si) =P, 8Si(si41) =P
Sit(si+1) = Siv1!(8i11) (13)
Sit (8i41) = Sit1! (8i41)

During implementation, no fewer than 80 interpolation samples are generated according to the
total path length, and the start and goal points are kept fixed. Collision checking is then performed
on the interpolated polyline segments to prevent the smoothed curve from crossing obstacles. If the
collision test is passed, the spline trajectory is retained; otherwise, the simplified polyline is used.
This procedure reduces abrupt turns while maintaining collision-free feasibility.

4. Simulation experiment verification

To evaluate the improved A* method described in Section 3, comparative simulations are performed
on MATLAB-based two-dimensional grid maps. Conventional A*, Dijkstra, and RRT are selected as
baseline algorithms. Dijkstra is used as a deterministic shortest-path benchmark and is also common
in recent studies of mobile-robot path planning and obstacle avoidance [13]. RRT and related
variants represent sampling-based planners, making them suitable for comparing the proposed
deterministic search method with random-sampling approaches in terms of path length and
smoothness [14].
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4.1. Simulation experiment and comparative analysis

The simulation platform is Matlab R2022b. The computer configuration includes Windows 11
Home, an Intel Core 15-13500HX processor at 2.50 GHz, and 16 GB of memory. The comparison
algorithms include traditional A*, Dijkstra, and RRT. Recent RRT-based methods often improve
convergence speed and path quality through bidirectional search, goal bias, or node optimization
[15], and some studies combine artificial potential fields with RRT* to enhance search efficiency in
obstacle environments [16].

Six criteria are used in the evaluation: path length, number of turns, searched nodes, planning
time, minimum obstacle distance, and smoothness. Path length measures movement cost; turns and
smoothness describe trajectory continuity; searched nodes and planning time characterize
computational efficiency; and minimum obstacle distance reflects safety clearance. Prior studies on
path smoothing indicate that curve-fitting post-processing can reduce angular discontinuities in
discrete routes [17]. Cubic splines are also widely used to improve the trackability of mobile-robot
paths [18]. The simple-obstacle environment is first used as an illustrative case, and the planned
routes are shown in Figure 1.

Path Planning Comparison - Simple obstacle environment
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Figure 1. Path planning comparison in a simple-obstacle environment

Using the evaluation function, the indicators of each algorithm in this environment are obtained,
as shown in Table 1. Table 1 presents the six indicators of each algorithm under the same starting
point and the same grid environment.

Table 1. Evaluation indicators in the simple-obstacle environment

Algorithm  Path length Turns Searched nodes Planning time (s) Minimum obstacle distance = Smoothness

Dijkstra 70.669 7 2241 0.08325 1.000 5.498
Traditional A* 70.669 18 838 0.02396 1.000 14.137
RRT 76.469 24 162 0.01769 1.000 13.853
Improved A* 69.115 1 173 0.00756 2.000 0.804

As indicated by Figure 1 and Table 1, the improved A* path length in the simple-obstacle
environment is 69.115, which is 2.20% shorter than that of conventional A*. The number of turns is
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reduced from 18 to 1, corresponding to a 94.44% decrease. The searched nodes are reduced from
838 to 173, and the planning time decreases from 0.02396 s to 0.00756 s, with reductions of 79.36%
and 68.44%, respectively. In addition, the minimum obstacle distance increases from 1.000 to 2.000,
and the smoothness index decreases from 14.137 to 0.804. These results suggest that the turning
cost, safety-distance cost, and smoothing step improve path quality in the simple-obstacle case.

Similarly, the grid map is changed to a complex-obstacle environment. Some dead-end regions
are designed in the map to increase planning and exploration difficulty, and the differences among
the planned paths of the algorithms are observed. The path planning comparison obtained by
executing the program is shown in Figure 2.

Path Planning Comparison - Complex obstacle environment
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Figure 2. Path planning comparison in a complex-obstacle environment

The evaluation indicators of each algorithm in this environment are calculated in the same way
and are listed in Table 2. The algorithms are compared under the same starting point and the same
environment.

Table 2. Evaluation indicators in the complex-obstacle environment

Algorithm  Path length Turns Searched nodes Planning time (s) Minimum obstacle distance = Smoothness

Dijkstra 72.426 9 1965 0.04516 1.000 7.069
Traditional A* 72.426 17 868 0.01979 1.000 14.137
RRT 94.619 28 444 0.00672 1.000 19.777
Improved A* 68.451 5 242 0.00842 1.414 3.689

Figure 2 and Table 2 show that, in the complex-obstacle environment, the improved A* algorithm
obtains a path length of 68.451, which is 5.49% shorter than conventional A*. The number of turns
decreases from 17 to 5, a reduction of 70.59%. The searched nodes decrease from 868 to 242, and
the planning time decreases from 0.01979 s to 0.00842 s, corresponding to reductions of 72.12% and
57.44%. Although the more complicated obstacle distribution increases detour difficulty, the
proposed method still yields a shorter path, fewer searched nodes, and a smaller smoothness index.
This result indicates that the weighted heuristic and safety-distance term help suppress ineffective
search and local jagged segments.

105



Proceedings of the 8th International Conference on Computing and Data Science
DOI: 10.54254/2755-2721/2026.35056

A narrow-passage grid map is then established. Obstacles are arranged to form a map with a
surrounding trend and limited channels, and the width of passage points is appropriately reduced to
increase the difficulty of safety-aware planning. The path planning comparison of each algorithm is
shown in Figure 3.

Path Planning Comparison - Narrow passage environment
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Figure 3. Path planning comparison in a narrow-passage environment

The indicators of different algorithms in the narrow-passage environment are obtained in the
same way, as shown in Table 3.

Table 3. Evaluation indicators in the narrow-passage environment

Algorithm  Path length Turns Searched nodes Planning time (s) Minimum obstacle distance ~Smoothness

Dijkstra 73.012 13 2033 0.03452 1.000 10.210
Traditional A* 73.012 20 717 0.01562 1.000 15.708
RRT 90.327 25 346 0.00173 2.000 20.486
Improved A* 67.834 3 266 0.00868 2.000 2.149

As shown in Figure 3 and Table 3, the improved A* algorithm achieves a path length of 67.834 in
the narrow-passage environment, which is 7.09% shorter than conventional A*. The number of turns
decreases from 20 to 3, giving an 85.00% reduction. The searched nodes decrease from 717 to 266,
and the planning time decreases from 0.01562 s to 0.00868 s, corresponding to reductions of 62.90%
and 44.41%, respectively. The minimum obstacle distance reaches 2.000, twice that of conventional
A*, which shows that the safety-distance penalty can guide the path away from obstacle boundaries
in narrow channels.

Across the three test maps, the improved A* algorithm reduces the average path length by 4.93%,
the average turns by 83.34%, the average searched nodes by 71.46%, the average planning time by
56.77%, and the average smoothness index by 84.85% compared with conventional A*. At the same
time, the average minimum obstacle distance increases by 80.47%. Relative to Dijkstra, the
proposed method reduces the average searched nodes by 88.96% and planning time by 82.37%.
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Relative to RRT, it reduces average path length by 20.72%, average turns by 88.66%, and average
smoothness index by 88.35%. These results demonstrate that the proposed method can improve
search efficiency, trajectory continuity, and passage safety while preserving collision-free planning.
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Figure 4. Comprehensive comparison of evaluation indicators
5. Conclusion

This paper presents a safety-distance-constrained improved A* algorithm for mobile robot path
planning in two-dimensional grid maps. The method combines a weighted heuristic, direction-aware
node states, turning-cost suppression, safety-distance constraints, and cubic-spline smoothing to
reduce jagged segments, abrupt heading changes, redundant search, and near-obstacle routes.
Simulations in simple-obstacle, complex-obstacle, and narrow-passage environments show that,
compared with conventional A*, the proposed method reduces average path length by 4.93%, turns
by 83.34%, searched nodes by 71.46%, planning time by 56.77%, and smoothness index by 84.85%,
while increasing the average minimum obstacle distance by 80.47%. These results verify that the
method improves path continuity and safety clearance while maintaining efficient collision-free
search. The present study is still limited to static two-dimensional grid maps and treats the robot as a
point-mass model. Future research will consider dynamic obstacles, robot-size inflation, chassis
kinematic constraints, and real-platform experiments to improve practical applicability in complex
environments.
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