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ABSTRACT

This study aims to automatically recognize drainage network patterns in a part of the Lahijan River using high-
resolution panchromatic satellite imagery (HR-PRS) and fuzzy clustering algorithms. This study evaluates the
performance of these methods in segmenting GeoEye-1 satellite images for detecting geomorphic features and
drainage networks. After radiometric and geometric preprocessing, fuzzy segmentation of HR-PRS panchromatic
images was performed using FWS, MSA, IDF, and CFM algorithms in MATLAB software. Fuzzy clustering
algorithms were applied to the input HR-PRS images. The results show that the CFM (Classical Fusion Method
and FCM) algorithm achieves superior performance in fuzzy segmentation and feature detection. This algorithm
reduces segmentation errors caused by spectral feature overlap between classes and identifies spatial phenomena
and clusters of various sizes, shapes, and densities, resulting in well-defined image boundaries. This superior
performance is attributed to the use of fuzzy numbers and efficient clustering methods. Remote sensing
technology provides multi-temporal imagery, offering a suitable foundation for monitoring environmental
changes, detecting features, and accurately extracting information. The use of clustering algorithms and fuzzy
features represents an optimal method for integrating information from HR-PRS satellite images for
segmentation purposes.

Keywords: HR-PRS panchromatic imagery; Drainage network; Morphic patterns; Fuzzy segmentation; Lahijan
River.

1. INTRODUCTION

In recent decades, significant progress has been made in using multi-temporal, high-resolution satellite data as
an important data source for detecting and monitoring land surface features and phenomena. Remote sensing
technology provides new opportunities for studying the spatial organization of landscapes and drainage network
characteristics due to its ability to acquire information under different climatic conditions, its multi-temporal and
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multi-spectral imaging capabilities, data availability, and increasing spatial and temporal resolution (Benincasa
et al., 2019). Access to high-resolution panchromatic images enables automatic processing without human
intervention for studying, identifying, and monitoring features, as well as classifying landforms (Chang et al.,
2015; Wang et al., 2018).

The presence of obstacles such as cloud cover and shadows is one of the most common sources of error in remote
sensing imaging, causing confusion and misclassification in land surface information extraction (Swetnam et al.,
2018; Jurado et al., 2020). Therefore, image segmentation is usually modeled as a clustering process or
unsupervised classification. The advantages of image segmentation include algorithm simplicity, the ability to
model, the elimination of uncertainty effects,and high implementation speed. Recent research
indicates increasing use of fuzzy clustering algorithms for segmenting high-resolution panchromatic images in
digital remote sensing image processing, with acceptable performance (Adachi et al., 2017; Hua, 2017; Arai et
al., 2018). This paper aims to automatically recognize formal patterns of the drainage network using HR-PRS
images and fuzzy clustering algorithms, while evaluating their performance in segmenting GeoEye-1 satellite
images for detecting geomorphic features in the study area.

2. MATERIALS AND METHODS

Fuzzy segmentation using clustering algorithms and remote sensing techniques was applied to a part of the
Lahijan River. The study area was selected due to its location in an area with human settlements and
agricultural textures, offering good separability and diverse spatial and radiometric criteria. GeoEye-1 satellite
panchromatic images with a spatial resolution of 0.5 meters were used, acquired from an altitude of 681 km.
After radiometric and geometric pre-processing, fuzzy segmentation was performed using FWS, MSA, IDF, and
CFM algorithms in MATLAB software (Bayram et al., 2018). For fuzzy clustering, input triangular fuzzy
numbers for clustering in p dimensions were defined as X _k ={x_{k,1}, ..., x_{k,p}} fork=1,...,n (wherenis
the number of image pixels, p = 1). Cluster centers were represented as v_i ={v_{i,1}, ..., v_{i,p}}fori=1, ...,
¢ (where ¢ = 4 clusters). The processing was performed in four stages with parameters |_Max, 6 > 1, K >0, and
initial values for m_{¥_{i,j}}*{(0)}. The membership degrees u_{i,k}*{()} and cluster centers were iteratively
updated until convergence. Defuzzification was then applied, assigning each pixel to the cluster with the highest
membership degree, thereby producing the segmented image with clearly defined region boundaries. To improve
fuzzy segmentation performance, digital number (DN) values and textural features (contrast, entropy,
energy, and homogeneity from the GLCM matrix) were used alongside radiometric features (Ben Salah et al.,
2010).

3. RESULTS

The FWS, CFM, IDF, and MSA algorithms were applied for fuzzy clustering and segmentation of HR-PRS
panchromatic images in the study area. Performance was evaluated using three indicators:

1. Spatial indicator: Accurate detection of the river boundary and its distinction from surrounding features.
2. Spatial indicator: Correct detection of human settlement textures.
3. Spatio-radiometric indicator: Main and sub-boundaries between agricultural fields.

The CFM algorithm showed excellent performance in assigning pixels to different clusters and in finding optimal
cluster numbers and centers. Image boundaries were well detected, and the algorithm provided higher accuracy
in identifying clusters of various shapes, sizes, and densities, as well as in detecting spatial features. The CFM
method performed best in the first indicator (river detection and distinction of drainage network boundaries from
the surrounding environment). The IDF (Interval-valued Data Fuzzy c-means) method, which incorporates image
uncertainty, performed second best after CFM for all three indicators. The MSA (Mean-Shift Algorithm) showed
good performance in the first indicator and, along with IDF, showed the best performance in detecting rural
settlement textures compared to the other methods.
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4. DISCUSSION AND CONCLUSION

The results confirm the effectiveness of fuzzy clustering algorithms for segmenting multispectral remote sensing
images and validate the performance of the proposed segmentation methods for detecting spatial features and
accurately extracting information from images. In accordance with the research results, using clustering
algorithms and fuzzy features is an optimal method for integrating information from HR-PRS satellite images of
a geographical area for segmentation purposes.

Although no single method can be considered optimal in every respect or for every indicator, depending on the
images, the geographical area, and the intended application, different algorithms may perform optimally.
Combining the investigated algorithms in future research using Gaussian fuzzy numbers and GG-FCM clustering
with fuzzy parameters could lead to an efficient method suitable for various geographical areas. Gaussian fuzzy
numbers are the most suitable type for image segmentation using HR-PRS images, and the use of fuzzy numbers
in general can lead to better results.

Given the favorable characteristics of fuzzy clustering algorithms, including robustness to noise and outliers, the
use of Gaussian fuzzy features and fuzzy clustering methods based on Fuzzy C-Means (FCM) constitutes one of
the most effective approaches for segmentation. Furthermore, the application of various types of fuzzy numbers
and different metrics, as well as the fuzzification of membership degrees and distance parameters, can lead
to optimal and desirable performance for more robust fuzzy clustering.
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