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ABSTRACT

Global path planning for autonomous navigation aims to generate safe, efficient, and collision-free routes,
particularly in complex and dynamic environments where uncertainty and obstacles pose significant challenges.
Among various environment modeling techniques, grid-based map representations are widely adopted due to
their simplicity, scalability, and effectiveness in discretizing space for computational processing. This work
presents a hybrid path planning approach that integrates the Salp Swarm Algorithm (SSA) with a Genetic
Algorithm (GA) to enhance navigation performance in grid-based environments. The proposed method leverages
the strong global exploration capability of SSA to initially identify promising and feasible paths across the search
space. These candidate solutions are then utilized to initialize the Genetic Algorithm, which further refines the
paths through evolutionary operations such as selection, crossover, and mutation. This cooperative integration
enables a balanced trade-off between exploration and exploitation, improving convergence behavior and
avoiding premature stagnation. As a result, the hybrid SSA-GA approach produces higher-quality paths in terms
of reduced path length, improved smoothness, better convergence stability, and enhanced computational
efficiency. The performance of the proposed method is evaluated on six planar grid maps with progressively
increasing size and complexity to test robustness and scalability. Comparative analysis is conducted against well-
known algorithms including A-star (A*), Ant Colony Optimization (ACO), Genetic Algorithm (GA), Salp
Swarm Algorithm (SSA), Improved Sparrow Search Algorithm (ISpSA), Proposed Grey Wolf Optimization and
Genetic Algorithm (GWO-GA) and proposed Salp Swarm Algoritjm and Genetic Algorithm (SSA-GA) .
Experimental results demonstrate that the proposed SSA-GA method achieves a 100% success rate across all
tested scenarios, consistently generating feasible solutions where several standalone algorithms fail, while
maintaining competitive runtime and superior path optimality.

Keywords: Autonomous Navigation, Grid-Based Path Planning, Salp Swarm Algorithm, Genetic Algorithm

INTRODUCTION

Path planning is a fundamental component of autonomous systems such as mobile robots, unmanned aerial
vehicles (UAVs), and autonomous vehicles. It allows these systems to find safe, effective, and collision-free
paths from one place to another without needing to be continuously monitored by people. The main target of
path planning is to find the best path that avoids hurdles while using the least amount of energy, time, and
distance. Badrloo et al. (2022) Path planning algorithms must also adjust to changing conditions in dynamic
environments, like moving hurdles, changing terrain, and environmental uncertainties. Therefore, creating strong
and effective path planning algorithms is still an important area of research in autonomous navigation, Chen et
al. (2014)

Several techniques have been proposed to solve the path planning problems. Cardoso et al. (2015) executed
intelligent navigation strategies for humanoid robots operating in complex environments and exhibited effective
inter-collision avoidance using advanced navigation performance. Their work showed that heuristic and clever
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methods can significantly improve robot navigation performance. These studies also highlighted that nature-
inspired metaheuristic algorithms can produce effective and improve and smooth navigations path, while hybrid
methods combining classical and optimization-based approaches can further improve path optimality and
computational efficiency.

Autonomous navigation systems face numerous challenges, including obstacle avoidance, path optimality,
computational cost, and operation in complex environments. Floreano et al. (2000) proposed a graph-based
routing approach using Dijkstra’s algorithm for optimal path determination in urban road networks. Their study
demonstrated that graph-based algorithms can effectively compute shortest paths in structured environments.
Furthermore, modern navigation systems depend on advanced sensing technologies such as LIDAR to detect
both static and dynamic obstacles, enabling more reliable navigation in uncertain environments. Environment
representation is another important component of path planning. Dasgupta et al. (2013) proposed a path planning
framework for multi-UAV data collection using deep learning trained with a Genetic Algorithm (GA) to enhance
navigation efficiency. Their work explained that structured representation such as grid maps and graph-based
models enables effective route generation and optimization. Grid-based representations divide the environments
into discrete cells, allowing algorithms such as A* and Dijkstra to efficiently search for viable paths, while
sampling-based approaches such as Random Trees (RRT)and Probabilistic Roadmaps (PRM) are useful for
exploring complex and high-dimensional environments

To address these drawbacks, metaheuristic optimization algorithms have been broadly applied to path planning
problems. Hooshyar et al. (2023) conducted a systematic review of metaheuristic algorithms used for UAV path
planning optimization between 2018 and 2022. Their study emphasized that nature inspired algorithms provide
strong exploration capabilities and can efficiently solve nonlinear and complex optimization problems. Among
the various methods of approaching, evolutionary algorithms have been widely adopted. Mittal et al. (2016)
introduced a modified Grey Wolf Optimization to improve global optimization performance in engineering
applications. Their work demonstrated that swarm-based optimization algorithms can effectively balance
exploration and exploitation during the search process and attain improved optimization results.

To overcome these challenges, this research proposes a hybrid Salp Swarm Algorithm—Genetic Algorithm (SSA-
GA) framework for grid-based global path planning. In the proposed method, SSA performs the initial global
exploration to identify promising feasible paths across the search space. These candidate solutions are
subsequently refined using a Genetic Algorithm that applies adaptive selection, crossover, and mutation
strategies to enhance path optimality and smoothness. An SSA-GA informed mutation mechanism is integrated
to preserve population diversity and mitigate stagnation. Furthermore, a path simplification procedure is
employed to eliminate redundant nodes, resulting in shorter, smoother, and more navigable trajectories suitable
for autonomous systems.

The main contributions of this study can be summarized as follows:

1. Development of a hybrid SSA-GA path planning model that integrates extensive global exploration with
effective local refinement for grid-based autonomous navigation.

2. Introduction of a GA refinement stage initialized with high-quality solutions generated by SSA,
improving convergence stability and solution feasibility in complex environments.

3. Design of an SSA-guided mutation strategy combined with path simplification to reduce unnecessary
turning points and overall path length.

4. Extensive experimental validation across six grid maps with varying complexity levels, demonstrating
strong robustness and achieving a 100% success rate compared with conventional and standalone
metaheuristic approaches.

The rest of the paper has been organized as follows. Section 1 presents the background and related work. Section
2 describes the proposed methodology, including system modeling and the hybrid SSA-GA optimization
framework. Section 3 presents simulation results, analysis, and performance comparisons with existing
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algorithms. Finally, Section 4 concludes the paper by highlighting the main contributions and suggesting
possible future research directions.

Hybrid Navigation System

This section presents the SSA-GA optimal navigation method, which is a combination of the SSA and the GA
for grid-based path planning. The proposed hybrid navigation framework integrates the Salp Swarm Algorithm
(SSA) for global exploration with a Genetic Algorithm (GA) for local exploitation in grid-based path planning.
Since SSA operates in continuous space, the generated position vectors are discretized using rounding
operations. Each real-valued movement is converted into one of eight grid directions using nearest integer
mapping. Invalid moves are corrected using feasibility checking to ensure collision-free paths. In the SSA phase,
each salp represents a candidate solution encoded as a continuous motion vector of fixed length max steps, with
real-valued elements bounded in [0, 7], linking to the eight-connected grid movements. The population is divided
into leaders and followers, where the leader updates its position relative to the food source to guide exploration,
and followers update their positions based on the preceding salp to maintain chain-based convergence. After
each iteration, curving and modulo-8 operations are used to turn continuous vectors into distinct paths. Then, a
repair mechanism is used to get rid of moves that aren’t possible or that crash with each other. Upon SSA
convergence, the best solutions are transformed into GA chromosomes to set the GA population. The parameter
values were selected based on empirical testing and commonly adopted configurations in metaheuristic path
planning literature. The SSA population size of 25 ensures sufficient exploration while maintaining
computational efficiency. Similarly, the GA population of 30 individuals and 20 generations was selected after
preliminary simulations showing stable convergence. The crossover probability (0.8) and mutation probability
(0.2) were chosen to balance exploration and exploitation, and the sequential SSA-GA hybridization ensures
strong global search capability, stable convergence, and high-quality path generation in complex grid
environments.

Structure of Grid Environment

In The autonomous navigation environment is represented as a regular grid of unit cells, formally defined as
Heng et al. (2025):

E={(,y)|Ix,yEZLO<x<MO0O<y<N} (2.1)

where, E denotes the environment grid, defined as the complete set of cells in the navigation domain with integer-
valued coordinates (x, y) € Z 2. The coordinate goes from 0 to M — 1 and the y coordinate goes from0to N —
1. M and N are the grid's width and height in cells, which is usually between 50 and 500. A state value is given
to each cell (x,y) in E:

0, ifcellis free (traversable)

Cell state = {1, if cell is occupied (obstacle)

This binary encoding makes it easy to find collisions and check if a path is possible during path evaluation. the
autonomous agent's starting position is defined as S = (xs, y5), Where S € E and Cell(S) = 0, indicating that it
lies in a free cell. Similarly, the goal position is defined as = (xg4,y,) , where G € E and Cell(G) = 0, ensuring
that the target location is also a free cell. Obstacles in the environment are collectively represented by a set:

OCcE (2.2)

where each element of O represents a cell occupied by a static obstacle. A path is considered collision-free if
and only if p; € O for all waypoints p; along the path. A candidate path is represented as an ordered sequence
of waypoints Hooshyar et al. (2023).

P = {plf pZ' ""pn} (23)

where, P denotes a path defined as an ordered sequence of nwaypoints forming a complete route, where n
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represents the path length measured in nodes with no imposed upper limit. Each waypoint p; € E corresponds
to the i-th node with coordinates p; = (x;, y;), subject to the boundary conditions p; = S and p,, = G. The path
must satisfy the feasibility constraint that p; € Ofor all i € {1,2, ..., n}.

Fitness Evaluation and Objective Function

A composite fitness function that takes into account both path length and path smoothness is used to measure
the quality of each candidate's path Kashyap et al. (2022).

— wi, Wws
F(P) = 1+L(P) + 1+5(P) (2.4)

The composite fitness function F(P) evaluates a path’s quality based on length L(P) and smoothness S(P), with
higher values indicating better paths. Weights w; and wg normalization make sure that things stay stable and
stop division by zero. where, F(P) denotes the dimensionless composite fitness function evaluating the overall
quality of a path P, bounded in [0’ 2] when w;, = wg = 1.0, where higher values indicate better paths. The weight
wL and ws control the relative importance reducing path length L(P) and smoothness cost S(P), respectively,
both typically set to 1.0 within [0.5, 2.0]. The normalization term 1+L(P) and 1+S(P) make sure the numbers
stay firm by not letting division by zero happen and making sure that fitness always goes down as path length
or curvature goes up. The path length is computed as the sum of Euclidean distances between consecutive
waypoints:

L(P) = Y72 \/(xi+1 — X)) + Vi1 — ¥0)? (2.5)

where, L(P) denotes the total path length measured in cell units, computed as the sum of Euclidean distances
between transmissive waypoints (x;’ y;), where n is the number of waypoints and i ranges from 1 ton — 1. The
term (x;.1 — x;)% + (yi41 — v;)? denotes the squared distance between adjacent waypoints in the grid. The
metric lets off longer paths there by motivating the optimization algorithm to find more direct routes. Smoothness
is quantified by measuring the cumulative angular deviation between consecutive path segments:

_ yn-2 Vi Vitq

S(P) = i=y" arccos (nﬁin-nﬁmn) (26)
where, U; = p;jr1 — p; = (Xi41 — X, Yis1 — Vi) denotes the direction vector of the path segment from waypoint
ito i + 1. The smoothness term S(P) is defined as the aggregate angular deviation in radians, computed over

i = 1ton—2 using the angle arccos (&) where || 7; Il is the norm in Euclidean space. The dot

AT
product of the stabilized vectors is equal to cos (8). Angles represented by small angles represent a smooth and
straight motion whereas an angle considering r reflects sharp twists, which are more expensive. This denotes
how smoothness works.

Salp Swarm Algorithm (SSA)

The SSA is a metaheuristic optimization algorithm that works on groups of people to solve hard numerical
optimization problems. In SSA, each possible solution is a salp, and all the salps together make a chain. The
“food source” is the best solution found so far, and the population moves toward this food source over and over
again to make the solution better. The algorithm works in a space that is always searching and changes the
positions of salps based on math rules that balance exploration (global search) and exploitation (local
refinement). In SSA, the population is divided into leaders and followers. The leader is the first salp in the chain
and is accountable for guiding the swarm toward the food source Aualigah et al. (2020). Its position is updated
relative to the food source using a stochastic equation that includes random variables and a control parameter.
The leader updated in the jth dimension is defined as:
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Fy + ey ((uby — by)c, + Lby) ¢ 2 0
xl'j = (27)
Fy — ey ((uby — lby)c, + L) ¢; < 0

where Fj is the food source position, ubj and lbj are the upper and lower bounds and c,, ¢z numbers in [0, 1].
The parameter c; controls the maintain equilibrium between exploration and exploitation and is defined as:

¢ = 2o (2 (2.8)

where t is the current iteration and T is the maximum number of iterations. At early iterations, c; is large,
motivating exploration, while at later iterations it decreases toward zero, advancing exploitation near the best
solution. The remaining salps in the chain act as followers and update their positions based on the salp directly
in front of them. Their movement is modeled using a basic form of Newton’s law of motion, expressed as:

Xij = %(xi,j + xi—l,j) (29)

where x;_, ; is the position of the preceding salp. This mechanism constructs a smooth chain movement toward
the food source and boost convergence stability. The algorithm starts by randomly setting the salp positions
within the search limits. The best food source is chosen based on how fit each salp is Mirjalili et al. (2017).
Every time, the leader and followers change their positions based on the equations above, the boundary
conditions are enforced, the fitness values are recalculated, and the food source is updated if a better solution is
found. This process goes on until the maximum number of iterations is reached, at which point the best solution
found is returned as the best result Mittal et al. (2016).

A Genetic Algorithm is used to improve the best solutions after SSA convergence. The output of SSA is used to
generate the initial generation of the GA. The GA phase uses three operators Selection, Crossover, and Mutation
to help the population find better solutions . The Selection operator identifies promising solutions for
reproduction using Roulette Wheel Selection (RWS) combined with elite preservation Pan et al. (2021). The
probability that individual i is selected is proportional to its fitness:

p, = L (2.10)

- E?:l f]

where P; is the selection probability of solution i, a dimensionless value between 0 and 1, with higher fitness

solutions having higher probability; f; is the fitness of solution i, a dimensionless quality metric figured using
N

equation (1), where larger values indicate better solutions; f; is the sum of all fitness values Parekh et al.
j=1

(2022), serving as a standardizing denominator to ensure probabilities sum to 1; and Nis the population size, the

total number of individuals in the GA population, typically ranging from 30 to 100 Saravanan et al. (2002).

The crossover operator in GA takes genetic information from two parent solutions and combines it to make new
offspring. The process entails selecting two parents, designating one or more crossover points along their
chromosomes, and exchanging the corresponding segments to generate offspring that inherit characteristics from
both progenitors. This process makes the population more diverse and lets the algorithm quickly look for new
solutions, which speeds up the process of finding the best or almost the best solutions Sengupta et al. (2018).
Two parents exchange path segments to create offspring:

0, = [P,(1:1), P,(j:end)], 0, = [P,(1:)), P, (izend)] (2.12)

where two parents paths, P1 and P2, exchange segments at randomly chosen indices | and j from common nodes,
offspring O1 and O2 are formed by merging the prefix of one parent with the suffix of the other Sengupta et al.
(2018). If parents have fewer than three common nodes, crossover is skipped to make sure it works. It is used
with a default probability of 0.8 U. et al. (2015).
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The mutation operator in a genetic algorithm makes small random changes to individuals in the population to
keep things operating and stop them from converging too quickly. It changes some parts of a solution that don’t
have a good chance of working, which lets the algorithm look for new areas of the search space and not get stuck
in local optima. Mutation makes exploration better while letting the population slowly move toward the best
solutions. For each individual, a random path segment is selected and replaced or repaired:

replace segment with new feasible sub-path, ifrand < B,

Fonu {P, otherwise (212)

where Pm is the mutation probability, typically 0.05, determining whether a path segment is altered, and an
equally distributed random number decides if mutation occurs, producing the mutated path Pmut or maintaining
the original path Ni et al. (2023).

Path Simplification

After GA, redundant points are removed to shorten the path: If connecting Pi directly to Pj (where j>i+1) is
collision-free:

replace {Pi, Py, P, P]} - {Pi, P]} (2.13)

where connecting P; directly to P; (with j > i + 1) shows a collision-free path, this replaces the intermediate

waypoints {P;, P4, ..., P;,_1, P;} with {P; P;}, meaning unnecessary points are removed to shorten and smooth
the path [22].

The Enhanced SSA-GA algorithm is a hierarchical optimization framework that strategically combines the
global search strength of the Salp Swarm Algorithm (SSA) with the local refinement capabilities of a Genetic
Algorithm (GA). The process is initiated by generating a grid-based environment where obstacles and target
coordinates are defined. In the first phase, SSA utilizes a chain-like population structure where a leader guides
followers toward a designated "food source™ representing the current optimal path. This stage is critical for
extensive global exploration and identifying feasible routes in obstacle-dense maps. Once the SSA phase satisfies
its termination condition, the highest-quality candidate solutions are transitioned to the GA phase to serve as an
initial population. In the second phase, the algorithm employs genetic operators Selection, Crossover, and
Mutation to iteratively improve the smoothness and efficiency of the paths. This local exploitation stage prevents
the swarm from stagnating in local optima and fine-tunes the trajectory. Following the evolutionary refinement,
a path simplification procedure is executed to eliminate redundant nodes and ensure the final trajectory is both
short and navigable for autonomous systems. Experimental analysis of this specific workflow confirms that
while increasing population size and iteration counts (Pop, IterA, IterG) raises the computational runtime, it
ensures a 100% success rate and superior path optimality in highly complex grid environments.

ALGORITHM ENHANCED SSA-GA HYBRID PATH PLANNING
Input | Environment grid M, start node X;,;;, goal node X,

Output | Optimal path P*

1 Initialize the environment map with obstacles, start, and goal.
2 Generate an initial population of salps (positions represent path control points).
3 for iteration = 1 to max_iter do

Evaluate each salp’s fitness using path length and smoothness.

Identify the best salp as the Food Source.

Update the control parameter according to the current iteration.for each salp in the population do
If salp is the Leader then
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Update its position relative to the Food Source (global exploration).

Else (Follower Salps)

Update its position based on the salp directly in front of it (chain movement).
End If

Check path feasibility and store the current best fitness if improved

end for

end for

Select the top feasible paths to GA.

Apply Selection, Crossover, and Mutation operators (algorithm2-4)

Simplify the final path using the algorithm.
Record performance metrics: Path Length (L), Smoothness (S), Fitness (F), Run-Time (T).

©O©| O N| o o >

Output optimal path P*and plot the convergence curve.

Figure 1 shows the proposed hybrid path planning method begins with the generation of a grid-based
environment map, followed by an initial optimization phase using the SSA. After the population is set up, the
algorithm checks the fitness of each salp and moves them around until a stopping point is reached. Then, the
best-performing salp is sent to a GA for more work. In this second step, selection, crossover, and mutation
operators are used to improve the solution and get around local optima. Once the GA is done, the final path is
simplified to make sure it works well, and important performance metrics are checked to see if the hybrid
approach works.

Figure 2. Flowchart of SSA-GA algorithm methodology for optimal path planning in a grid environment.

<

Gen eralte Grid

Environment maps
Initialize population '4{5'&'%“0" operator}
for SSA J.r
*
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‘Jr" Mutation operator
Update salp
positions 4‘,
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Check terminatio
condition
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NO

Check terminatio
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Pass the best salp
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Yes

Simplify path

Evalutate metrics
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RESULTS AND DISCUSSION
Experimental Setup and Test Environments

The suggested SSA-GA method was tested on six planar grid environments with increasing complexity and
obstacle density. The maps were synthetically generated within the simulation environment using random
obstacle placement, creating different levels of difficulty for path planning. Each map was divided into a regular
grid, where cells were labeled as either free (traversable) or occupied (obstacles). All algorithms were evaluated
under the same initialization parameters and computational constraints to ensure a fair comparison. The baseline
algorithms included A*, Ant Colony Optimization (ACO), Genetic Algorithm (GA), Salp Swarm Algorithm
(SSA), and Improved Salp Swarm Algorithm (ISSA). The performance metrics included the success rate, the
mean and standard deviation of the path length, path smoothness, and execution time. These metrics provided a
comprehensive evaluation of the effectiveness of the proposed method Mirjalili et al. (2017).

Figure 2. Six grid-based test environments (Mapl-Map6) with increasing obstacle density and structural
complexity used for experimental evaluation.

Map1 —

.r' 1+

BEFORE (Map only) Map2 — BEFORE (Map only) Map3 — BEFORE (Map only)

(a) Sparse obstacle map

(b) Random obstacle map

(c¢) Structured obstacle map

Map4 — BEFORE (Map only)

MdpS — BEFORE (Map only)

Map6 — BEFORE (Map only)

--—l

::' -- -ll--..
[, o o

AT

(d) Dense random obstacle map

(d) Complex obstacle map (f) Maze-like obstacle map

Table 1 presents a comprehensive comparative evaluation of A*, ACO, GA, SSA, ISpSA, GWO-GA, and the
proposed SSA-GA across six benchmark grid environments using path length (mean/standard deviation),
smoothness, runtime, and success rate as performance metrics. In Mapl and Map2, SSA-GA achieves the
shortest mean path lengths (21.188 and 20.818, respectively) with very low standard deviation, outperforming
all standalone metaheuristics and even slightly improving upon A*. Hybrid approaches (GWO-GA and SSA-
GA) consistently demonstrate superior smoothness values and powerful stability compared to GA, SSA, and
ISpSA. In Map3, both hybrid methods converge to the optimal path length (26.828) identical to A*, with zero
deviation and high smoothness (0.389), confirming reliable convergence behavior.In more complex environment
(Maps 4-6), the superiority of hybridization becomes more obvious. Standalone GA, SSA, and ISpSA
completely fail (0% success rate) in maps 4, 5, and 6, whereas SSA-GA and GWO-GA maintain a 100% success
rate across all runs. In Maps 4 and 5, SSA-GA produces shorter paths (41.640 and 43.090) than ACO and
achieves improved smoothness compared to A*. In map6, although SSA-GA shows a slightly higher mean path
length (57.545) compare to GWO-GA (53.451), it maintains full reliability and significantly outperforms ACO,
whose success rate drops to 70% with extremely large path length variance. The success rate can be determined
as the percentage of successful path planning runs to the number of independent runs. Each algorithm was
performed 20 times independently in each of the map environments in this study. The success rate has been
calculated as the percentage of the runs where the robot was able to reach the goal and avoided hitting obstacles.
The hybrid algorithms GWO -GA and SSA-GA had a higher success rate of 100% since they were able to reach
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the target in all the 20 runs with each map. This stability can only be attributed to the application of A* based
initialization and path repair mechanism, which ensure feasible and collision-free paths to be sustained even in
a complex environment.

Table 1. Comprehensive performance comparison across all six test environments, reporting path length
(expressed as mean/ standard deviation), path smoothness metric, success rate for each algorithm.

Map Algorithm Path Length (Mean/Std) Smoothness Runtime Success Rate (%)
Mapl A* 22.142/0.000 0.124 0.001 100.0
ACO 24.815/1.429 0.091 2.81 100.0
GA 26.263/2.460 0.078 0.243 100.0
SSA 23.011/0.540 0.143 0.124 100.0
ISpSA 29.858/3.073 0.052 0.407 100.0
(GWO-GA) 21.159/0.328 0.298 0.38 100.0
(SSA-GA) 21.188/0.247 0.295 0.332 100.0
Map2 A* 21.556/0.000 0.113 0.000 100.0
ACO 23.068/0.756 0.106 241 100.0
GA 27.100/2.059 0.055 0.208 100.0
SSA 23.264/0.741 0.133 0.282 100.0
ISpSA 31.953/3.712 0.041 0.382 100.0
(GWO-GA) 20.811/0.017 0.256 0.52 100.0
(SSA-GA) 20.818/0.011 0.251 0.489 100.0
Map3 A* 26.828/0.000 0.389 0.000 100.0
ACO 49.967/6.597 0.019 3.778 100.0
GA 34.042/2.249 0.046 0.325 100.0
SSA 27.092/0.392 0.389 0.288 100.0
ISpSA 36.953/3.474 0.036 0.565 100.0
(GWO-GA) 26.828/0.000 0.389 0.693 100.0
(SSA-GA) 26.828/0.000 0.389 0.677 100.0
Map4 A* 42.184/0.000 0.175 0.001 100.0
ACO 82.890/9.027 0.012 7.689 100.0
GA - 0.052 0.0
SSA - 0.051 0.0
ISpSA 0.044 0.0
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(GWO-GA) | 41.640/0.000 0.238 0.985 100.0
(SSA-GA) 41.640/0.000 0.238 1.015 100.0
Map5 A* 43.941/0.000 0.089 0.001 100.0
ACO 117.504/10.170 0.007 8.434 100.0
GA 0.047 0.0
SSA 0.022 0.0
ISpSA 0.024 0.0
(GWO-GA) | 43.090/0.000 0.117 1.31 100.0
(SSA-GA) 43.090/0.000 0.117 0.006 100.0
Map6 A* 54.485/0.000 0.137 0.003 100.0
ACO 254.698/23.275 0.003 10.453 70.0
GA 0.086 0.0
SSA 0.050 0.0
ISpSA 0.024 0.0
(GWO-GA) | 53.451/0.000 0.350 2.069 100.0
(SSA-GA) 57.545/1.365 0.385 1.766 100.0

Path Quality and Optimality Analysis

The performance evaluation across six grid maps demonstrates that the suggested hybrid algorithm consistently
achieves superior path quality in terms of optimality, smoothness, stability, and robustness. In Maps 1 and 2,
which contain moderate obstacle distributions, the hybrid method produced the shortest mean path lengths
(21.159 and 20.811, respectively), outperforming A* and all standalone metaheuristics. Although A* guarantees
optimal solutions in deterministic environments, the proposed SSA-GA hybrid demonstrates improved
robustness in complex environments where metaheuristic exploration improves feasibility and reliability. It also
achieved higher smoothness values, indicating reduced directional changes and improved trajectory continuity,
while maintaining very low standard deviation and 100% success rate. In the structure maze-like environment
of Map 3, the hybrid method matched the optimal performance of A* and SSA, achieving identical path length
(26.828) and smoothness (0.389), demonstrating that it preserves optimality in constrained search spaces.
However, ACO showcases significantly longer paths and high variability, indicating instability in narrow
corridors. As environmental complexity increased in Map4 and 5, standalone GA, SSA, and ISPSA failed to
generate possible solutions (0% success rate), while the hybrid approach maintained 100% success and produced
shorter and smoother paths than A*. In the most challenging scenario (Map 6), characterized by long corridors
and narrow passages, the hybrid algorithm again outperformed A* in both path length (53.451 vs. 54.458) and
smoothness (0.350 vs. 0.137), while maintaining full success. ACO showed poor convergence and decreased
reliability, and other metaheuristics failed entirely. Overall, the results confirmed that the proposed hybrid
algorithm regularly provides shorter or equal-shortest paths, higher smoothness, stable convergence, and
complete robustness across all test environments. It effectively balances global exploration and local
exploitation, making it more reliable than standalone metaheuristic and more refined than deterministic A* in
complex grid-based navigation tasks.
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Figure 3. Maps visualization
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The convergence iteration curves and corresponding performance metrics demonstrate a clear superiority of the
proposed GWO-GA and SSA-GA hybrid algorithms over standard metaheuristics. In Map 1, while the
standalone SSA (green line) shows a rapid initial descent, it struggles to reach the global optimum, whereas the
proposed hybrids consistently converge to a more refined path length (21.1) that is statistically more efficient
than the A* reference (22.14). Quantitative data across more complex environments, such as Map 5 and Map 6,
further validate the robustness of these hybrids. While GA, SSA, and ISpSA fail to find any valid path (0.0%
success rate), the proposed GWO-GA and SSA- GA maintain a 100% success rate. Notably, the SSA-GA hybrid
achieves an exceptionally low runtime of 0.006s in Map 5, which is orders of magnitude faster than ACO
(8.434s). By integrating the exploratory power of swarm intelligence with the exploitative genetic operators, the
proposed hybrids provide a more balanced search mechanism, resulting in smoother paths and higher
computational efficiency in constrained navigational spaces.

Figure 4. Convergence curves
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SSA-GA Evaluation in Grid Maps
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The experimental results illustrate a comprehensive performance comparison between the proposed SSA-GA
hybrid and various baseline algorithms across six grid maps of increasing complexity. In terms of path
optimality, the SSA-GA hybrid consistently achieves shorter or equal-shortest mean path lengths compared to
A* and standalone metaheuristics, particularly in Map 1 and Map 2 where it records lengths of 21.188 and 20.818
respectively. While deterministic A* remains the speediest algorithm, its paths often lack the refinement and
smoothness located in the hybrid approach. As environmental complexity escalates in Map 4 and through 6, the
robustness of the hybridization becomes evident; standalone GA, SSA, and ISPSA fail completely with a 0%
success rate, whereas the SSA-GA hybrid maintains a 100% success rate. Furthermore, the computational
efficiency of the SSA-GA model is highlighted by its ability to maintain moderate runtimes even in obstacle-
dense environments, significantly outperforming Ant Colony Optimization (ACO), which displays the highest
runtimes and a declining success rate in complex maps. The suggested framework successfully eliminated
redundant nodes and ensured a stable, high-performance solution for autonomous navigation in both simple and
complicated spaces.

Figure 5. SSA-GA Evaluation in Grid Maps
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Future Directions

Future work will focus on extending the proposed SSA-GA hybrid approach to more realistic and dynamic
environments, where obstacles may change over time and require fast, adaptive re-planning. While existing
literature has largely emphasized static grid-based scenarios, limited attention has been given to hybrid
metaheuristic frameworks operating under dynamic and uncertain conditions, highlighting a key gap that this
research can further address. Incorporating learning-based strategies, such as reinforcement learning, could allow
the model to improve its performance through experience and better handle uncertainty. The approach can also
be generalized to higher-dimensional problems, particularly 3D navigation scenarios relevant to drones and
underwater vehicles. In addition, future studies should explore multi-objective formulations that simultaneously
consider path length, safety, energy efficiency, and smoothness to better reflect real-world requirements. Finally,
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validating the method on physical robotic platforms and leveraging parallel computing techniques will be
essential steps toward improving its practical applicability, scalability, and real-time performance.

CONCLUSION

The suggested hybrid SSA-GA algorithm is a strong and effective way to plan a global path for grid-based
autonomous navigation. The framework effectively addresses the drawbacks of standalone metaheuristics, such
as premature convergence and stagnation in obstacles-dense environments, by combining the Salp Swarm
Algorithm’s extensive global exploration capabilities with the genetic algorithm’s high-precision local
refinement. The hybrid demonstrates competitive runtime performance, achieving minimum runtime of 0.006s
while maintaining solution feasibility in complex maps where standalone algorithms failed, even though the
computational overhead grows with more parameters. In the end, the SSA-GA hybrid is a stable, adaptable, and
high- performance strategy that works well in both simple and complex navigation spaces.
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