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Figure 1: Iran and the study area
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Figure 4: Presenting the results by changing the various parameters of the genetic algorithm
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Abstract

Unsupervised classification is a vital technique in remote sensing for extracting land cover
information without prior training data. This study compares the performance of the Genetic
Algorithm (GA) against two conventional unsupervised methods, ISO DATA and K-means,
for image classification. The research aims to evaluate whether GA can overcome the
limitations of traditional clustering methods, such as sensitivity to initial parameters and local
minima, particularly in areas with limited ground truth data. Using Landsat 8 imagery of a
coastal region in northern Golestan Province, Iran, the study conducts a comparative analysis
under identical conditions. Validation was performed using 10 sample points per class
derived from high-resolution Google Earth images, ensuring accuracy assessment through
confusion matrices. The results demonstrate that the Genetic Algorithm significantly
outperforms the other methods, achieving an overall accuracy of 89% and a Kappa
coefficient of 86%. In contrast, K-means and 1ISO DATA yielded accuracies of 54% and
48%, with Kappa coefficients of 47% and 42%, respectively. The GA successfully
distinguished subtle spectral differences, such as separating shallow from deep water zones
and identifying coastal structures, which were often merged or misclassified by K-means and
ISO DATA. The study highlights the importance of optimizing GA parameters, including
population size, crossover rate, and mutation rate, to avoid local optima. It is concluded that
GA is a superior tool for unsupervised classification, offering higher precision and reliability,
especially in complex or data-scarce environments.

**Introduction**

Land cover extraction via remote sensing has become indispensable for applications ranging
from food security to climate change monitoring. While supervised classification is common,
it requires extensive training data, which is often unavailable or costly to acquire.
Unsupervised classification, or clustering, offers an automated alternative by grouping pixels
based on spectral similarities without prior class knowledge. This approach reduces analyst
workload and cost, making it suitable for dynamic monitoring and regions with limited
geographical knowledge. However, traditional clustering algorithms like K-means and I1SO
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DATA face significant challenges. K-means is sensitive to initial seed selection and may
converge to local minima, while ISO DATA requires predefined class numbers, which is
impractical when the number of land cover types is unknown. Furthermore, these methods
often struggle with spectral heterogeneity, leading to misclassification of pixels with similar
grayscale values but different land covers. To address these limitations, heuristic optimization
techniques, particularly Genetic Algorithms (GA), have gained attention. GA mimics natural
selection processes, allowing for a more robust search of the solution space. Despite previous
studies suggesting GA’s potential, comparative analyses under strictly controlled conditions
remain limited. This study addresses this gap by rigorously comparing GA with K-means and
ISO DATA using consistent parameters, aiming to validate GA’s efficacy in improving
classification accuracy for remote sensing applications.

**Methodology**

The study area is located 40 km north of Bandar Torkaman in Golestan Province, Iran,
characterized by a mild Mediterranean climate and flat topography. The region borders the
Caspian Sea and is influenced by industrial effluents, making it a complex environment for
classification. A cloud-free Landsat 8 OLI image acquired on June 22, 2019, was used. Bands
3 (Green), 4 (Red), and 5 (Near-Infrared) were selected for analysis. The processing was
conducted in MATLAB. For the GA, a population size of 30 chromosomes was chosen based
on prior literature to balance processing time and accuracy. The fitness function aimed to
minimize intra-cluster variance. Termination criteria were set at 230 iterations, with a stop
condition triggered if no improvement occurred for 80 consecutive iterations to ensure
convergence and avoid local minima. Various GA parameters, including crossover and
mutation rates, were tested; optimal results were found with a crossover rate of 0.4 and
mutation rate of 0.4. For validation, 10 sample points per class were manually selected from
Google Earth imagery, matching the Landsat acquisition date. These points were converted to
shapefiles and used to generate confusion matrices for accuracy assessment. K-means and
ISO DATA were executed under identical conditions for a fair comparison. The K-means
method initialized centroids randomly, while ISO DATA iteratively split classes based on
statistical thresholds. The spatial distribution of clusters was visually and quantitatively
analyzed to evaluate the performance of each algorithm in distinguishing land cover features
such as water depth variations, vegetation, and built-up areas.

**Dijscussion**

The comparative results reveal a substantial performance gap between the Genetic Algorithm
and traditional methods. The GA’s ability to explore the solution space globally allowed it to
identify more homogeneous clusters, resulting in an 89% overall accuracy. This is
significantly higher than K-means (54%) and ISO DATA (48%). The visual analysis of
classified maps shows that GA effectively separated spectrally similar classes, such as
shallow and deep water zones, which is critical for monitoring water quality and pollution. In
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contrast, K-means and 1ISO DATA often merged these classes due to their reliance on local
optimization and rigid clustering boundaries. The high accuracy of GA can be attributed to its
adaptive nature, which adjusts cluster centers iteratively based on fitness evaluation rather
than fixed rules. However, the study also highlights the sensitivity of GA to parameter
settings. Incorrect parameter choices led to premature convergence or suboptimal solutions,
emphasizing the need for careful calibration. The use of Google Earth for validation provided
a reliable ground truth, although the resolution difference between Landsat and IKONOS
imagery may introduce minor discrepancies. Despite this, the consistency of GA’s
performance across different parameter sets (when optimized) suggests its robustness. The
findings align with previous studies indicating that evolutionary algorithms can enhance
remote sensing classification, particularly in complex landscapes where traditional methods
fail to capture spectral nuances.

**Conclusion**

This study demonstrates that the Genetic Algorithm is superior to K-means and ISO DATA
for unsupervised classification of remote sensing imagery. With an overall accuracy of 89%
and a Kappa coefficient of 86%, GA provides more precise and reliable land cover maps. It
effectively handles spectral heterogeneity and avoids the local minima issues prevalent in
traditional methods. The study recommends using GA, especially in data-scarce regions,
while emphasizing the importance of optimizing algorithm parameters to ensure
convergence. Future research should explore hybrid approaches combining GA with
supervised techniques for even greater accuracy.
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