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 This study proposes an integrated statistical framework to analyze 

chlorophyll distribution in marine environments by combining probability 

distribution modeling, goodness-of-fit (GoF) evaluation, and machine 

learning-based clustering. Eight probability distribution models—half-

normal, inverse Gaussian, Rician, Birnbaum–Saunders, Nakagami, extreme 

value, t location-scale, and stable—were evaluated using observational 

chlorophyll-a data from the Copernicus Marine Service. Model performance 

was assessed through the Kolmogorov–Smirnov (KS) and Anderson–

Darling (AD) GoF tests, along with five statistical information criteria. The 

results indicate that the inverse Gaussian and extreme value distributions 

consistently offered the best statistical fit and ecological relevance across 

varying sample sizes. Clustering analysis, performed using the k-means 

algorithm and validated via the silhouette index, further confirmed the 

robustness of these two models in forming stable and well-separated 

clusters. In contrast, the half-normal distribution showed poor performance 

and instability, especially with smaller sample sizes. The proposed 

taxonomy and spatial visualizations enable empirical classification of model 

behavior and support integration into real-time marine decision support 

systems (DSS) for ecosystem monitoring. Overall, the study contributes to 

the development of accurate, data-driven analytical tools that aid sustainable 

marine resource management, aligned with sustainable development goal 

(SDG) 14 on marine ecosystem protection. 
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1. INTRODUCTION 

Modeling probability distributions in environmental studies, particularly for chlorophyll data, plays 

a critical role in understanding the variability and dynamics of natural oceanographic phenomena such as 

productivity, seasonal blooms, and carbon cycling processes [1], [2]. Chlorophyll concentration is a key 

indicator of marine ecosystem health, especially in monitoring phytoplankton dynamics, which are central to 

https://creativecommons.org/licenses/by-sa/4.0/


                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 3, June 2026: 2081-2091 

2082 

the biological pump and oceanic carbon flux [3]. This highlights the importance of accurately characterizing 

chlorophyll variability to support reliable environmental analysis and decision-making. 

Although various environmental variables, such as wind and rainfall, have been successfully 

modeled using classical probability distributions, in-depth studies of the complex and heterogeneous spatial-

temporal patterns of chlorophyll distribution remain limited [4], [5]. Many previous approaches have relied 

on simulated datasets, which often fail to reflect the real spatiotemporal variability of marine chlorophyll [6]. 

This limitation is particularly problematic in ecological contexts such as harmful algal blooms (HABs), 

which are highly sensitive to small fluctuations in chlorophyll concentration [7]. 

To overcome these limitations, observational satellite datasets, such as those from the Copernicus 

Marine Service, offer high-resolution and more representative alternatives for capturing dynamic marine 

conditions [8], [9]. These real-world datasets enhance ecological assessment by accurately reflecting spatial 

and temporal variations in chlorophyll concentration. This study seeks to fill the research gap by evaluating 

the performance of eight probability distribution models—half-normal, inverse Gaussian, Rician, Birnbaum–

Saunders, Nakagami, extreme value, t location-scale, and stable—in representing the variability of 

chlorophyll-a data [4], [5]. Model evaluation is conducted using two well-established goodness-of-fit (GoF) 

tests: the Kolmogorov–Smirnov (KS) and Anderson–Darling (AD) tests, which are widely used in 

environmental statistics and tail modeling [10]–[12]. 

In addition to the distributional evaluation, this study introduces a novel machine learning–based 

clustering approach, using the k-means algorithm to group distribution models based on GoF performance 

across multiple sample sizes. Cluster quality is validated through the silhouette index, which measures the 

cohesion and separation of resulting clusters [13]. This framework enables the discovery of behavioral 

patterns among models that may not be apparent through individual evaluation alone. Recent advances in 

environmental monitoring, including the internet of things (IoT) and intelligent ocean sensors, further enhance 

the capability to detect hidden patterns in oceanographic datasets [14]. For instance, Zhang et al. [15] proposed 

a cross-domain adaptive deep learning method for improving object detection in coastal remote sensing data, 

while Ling et al. [16] emphasized the relevance of spectral features for monitoring vegetation and 

chlorophyll dynamics. Such innovations support the growing integration of artificial intelligence (AI) and 

statistical modeling in marine science. 

Unlike prior studies that have primarily focused on satellite-based chlorophyll estimation  

(e.g., moderate resolution imaging spectroradiometer (MODIS) and sea-viewing wide field-of-view sensor 

(SeaWiFS)), this study proposes a structure-based statistical framework that combines probability modeling, 

GoF evaluation, and clustering—advancing beyond estimation toward analysis of statistical distribution 

behavior and inter-model relationships [17]. The integrated framework offers several methodological 

contributions. First, it enables comparative analysis of distribution models based on both their individual 

performance and shared behavioral patterns through clustering—an approach rarely applied in chlorophyll 

modeling. Second, using the silhouette index improves interpretability by empirically grouping models with 

similar statistical profiles. This transcends traditional GoF-based ranking by revealing deeper relational 

patterns among the candidate models [13]. 

Lastly, chlorophyll's broader ecological significance—as a proxy for primary productivity, nutrient 

cycling, and climate resilience—underscores the importance of this study. Better understanding of 

chlorophyll variability supports marine ecological forecasting and contributes to sustainable marine resource 

management and climate adaptation, in line with sustainable development goal (SDG) 14 on marine 

ecosystem protection [3]. This further emphasizes the need for robust and reliable analytical approaches to 

capture its complex variability. 

 

 

2. METHOD 

2.1.  Probability distribution models 

In this study, eight probability distribution models were selected for their potential to capture the 

characteristic variations in chlorophyll-a data within marine environments. The selection was based on a 

comprehensive literature review and empirical evidence supporting their suitability for environmental datasets 

characterized by high spatial and temporal variability. The selected distributions include: half-normal, inverse 

Gaussian, Rician, Birnbaum–Saunders, Nakagami, extreme value, t location-scale, and stable [18]–[22]. 

Each distribution provides specific strengths in modeling distinct features of chlorophyll-a 

concentrations. For example, Rician and Birnbaum–Saunders distributions are frequently used in contexts 

involving oceanic dynamics and biological variability. The extreme value distribution is well-suited to 

capture peak events such as algal blooms. The half-normal distribution is appropriate for modeling strictly 

positive data, whereas the inverse Gaussian is effective for highly skewed datasets exhibiting significant 
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variability. Nakagami and stable distributions accommodate asymmetry and heavy-tailed behavior, while the 

t location-scale distribution is known for its robustness to outliers. 

To assess the fitness of these models in representing chlorophyll-a variability, two GoF tests were 

applied: the KS and AD tests. In addition, two model selection criteria—the Akaike information criterion 

(AIC) and the Bayesian information criterion (BIC)—were employed to guide the identification of the most 

appropriate models for characterizing the complex distributional behavior of chlorophyll-a concentrations in 

marine ecosystems. Together, these evaluation metrics provide a comprehensive framework for comparing 

model performance and ensuring robust statistical inference. 

 

2.2.  Test statistics 

To evaluate the fit of probability distribution models to the chlorophyll-a dataset, two GoF tests were 

applied: the KS test and the AD test [23]–[27]. The KS test measures the maximum distance between the 

empirical cumulative distribution function 𝐹𝑛(𝑥) and the theoretical distribution 𝐹0(𝑥), as expressed in (1). 

 

𝐷 = max
𝑥∈ℝ

|𝐹𝑛(𝑥) − 𝐹0(𝑥)| (1) 

 

A smaller 𝐷𝑐𝑜𝑢𝑛𝑡 value indicates a closer alignment between empirical data and the theoretical model, 

suggesting a better fit [24], [26]. The AD test complements the KS test by placing greater weight on 

differences in the tails of the distribution—important for detecting rare but ecologically significant events. 

The AD statistic is calculated using (2). 

 

𝐴𝑛
2 = −𝑛 − ∑ [

(2𝑖−1)

𝑛
∗ (log 𝐹(𝑥𝑖) + log(1 − 𝐹(𝑥𝑛+1−𝑖)))]𝑛

𝑖=1  (2) 

 

Lower 𝐴𝑛
2  values indicate a better fit, particularly in capturing extreme distributional behavior, 

which is vital in environmental and hydrological contexts [25], [27]. In addition to the GoF tests, this study 

employs five statistical information criteria to assess model fit while penalizing complexity: hannan–quinn 

criterion (HQC), consistent Akaike information criterion (CAIC), BIC, corrected Akaike information 

criterion (AICc), AIC. These criteria ensure a balanced evaluation by integrating both fit and parsimony, 

supporting the identification of the most appropriate probability distribution model to characterize 

chlorophyll-a behavior in marine ecosystems [23], [27]. 

 

2.3.  Model selection based on information-theoretic criteria 

In statistical model selection, information-theoretic criteria are essential tools for evaluating and 

comparing candidate models by balancing GoF with model complexity. The most commonly employed 

criteria include the HQC, CAIC, BIC, AICc, and the AIC [28]. Each criterion imposes a penalty on model 

complexity to mitigate overfitting, though the severity of these penalties varies. AIC applies a moderate 

penalty and is generally suitable for smaller sample sizes, while BIC imposes a stronger penalty that scales 

with sample size, making it more appropriate for larger datasets. AICc adjusts AIC for small-sample bias, 

improving its reliability in limited-data contexts. CAIC and HQC, meanwhile, act as more conservative 

metrics, enforcing stricter penalties on overly complex models. 

In this study, all five criteria were applied to assess the fit of each probability distribution model 

across four sample sizes (n =20, 25, 30, 35). Instead of evaluating performance independently at each sample 

size, the mean value of each criterion was computed across all sample sizes. This averaging method provides a 

more stable and equitable foundation for comparison, minimizing the impact of variability due to sample size. 

By identifying models that consistently strike an optimal balance between fit and simplicity, this approach 

improves generalizability and reduces the risk of overfitting in chlorophyll-a distribution modeling [28]. 

 

2.4.  Clustering method and evaluation 

Unlike traditional studies that cluster chlorophyll data spatially or based solely on satellite-derived 

observations, this study adopts a novel approach by applying k-means clustering directly to GoF metrics—

specifically, the KS and AD statistics. This method enables clustering based on distributional behavior rather 

than on raw chlorophyll-a values, offering a more robust and informative foundation for statistical pattern 

recognition across varying sample sizes [29], [30]. This approach provides deeper insight into the 

comparative performance and relationships among candidate distribution models. 

To implement this approach, the k-means algorithm was employed to group the distribution models 

according to the similarity of their GoF values. The algorithm calculates Euclidean distance between each 

model’s GoF vector and the cluster centroid, and iteratively reassigns models to clusters in order to minimize 

the total intra-cluster variance, continuing this process until convergence. In (3) quantifies the distance 
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between a distribution model—based on its GoF values—and the cluster centroid in a multidimensional GoF 

feature space [29]. 

 

𝑑𝑖𝑘 = ∑ (𝑥𝑘𝑗 − 𝑐𝑖𝑗)
2𝑚

𝑗=1  (3) 

 

To evaluate clustering quality, this study employed the silhouette index, which measures both 

cohesion (how close a distribution is to others within its own cluster) and separation (how distinct it is from 

distributions in other clusters). The index is computed as (4). 

 

𝑆̅ =
1

𝑛
∑ (

𝑏(𝑖)−𝑎(𝑖)

max(𝑎(𝑖),𝑏(𝑖))
)𝑛

𝑖=1  (4) 

 

Where 𝑎(𝑖) is the average intra-cluster distance for data point 𝑖, and 𝑏(𝑖) is the lowest average distance to 

points in other clusters. Values close to 1 indicate well-separated clusters, while negative values suggest 

potential misclassification [31], [32]. 

This integrated method allows for the identification of robust, unstable, or outlier-prone distribution 

models across varying sample sizes. As such, clustering in this study is no longer limited to spatial analysis 

but is instead driven by GoF-based behavioral patterns, enabling empirically grounded groupings of 

statistical models [29], [30], [33]. To enhance transparency and reproducibility, Figure 1 illustrates the 

overall workflow of the methodology—starting from data retrieval and distribution fitting, followed by GoF 

testing, clustering, and final model evaluation. This diagram facilitates a clearer understanding of the 

analytical process and improves interpretability for readers. 

 

 

 
 

Figure 1. Simplified workflow of the methodological steps 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Research data 

This study utilizes chlorophyll-an observations obtained from the Copernicus Marine Data Store at 

https://marine.copernicus.eu/, downloaded in spreadsheet format. The dataset represents a vertical snapshot, 

meaning chlorophyll-a values were collected at a single timestamp—14 May 2024, 11:46 UTC—from a 

fixed geographic location in the northern black sea (approximately 31.35727°E, 41.69535°N), covering a 

vertical depth range from 0 to 19.2 meters. This vertical sampling design intentionally excludes temporal 

variability, focusing solely on the probabilistic behavior of chlorophyll concentrations under static 

environmental conditions. Sample sizes (n =20, 25, 30, 35) were derived by drawing subsets from the vertical 

profile and are justified based on prior remote sensing studies concerning chlorophyll resolution optimization 

and spatial representation under various observational constraints [7]–[9], [14], [34]. While depth was 

recorded, it was not treated as an analytical variable. Instead, it served as a structural reference for subsample 

construction to ensure ecological representativeness. The primary analytical focus remains on how the 

chlorophyll-a values conform to various univariate probability distribution models. 

To reduce bias, only valid observations that satisfied the underlying assumptions of the tested 

distributions were included. Potential sources of uncertainty—such as atmospheric correction artifacts, cloud 

masking, or instrument calibration issues—were acknowledged and mitigated through data screening and 

controlled sampling procedures. Although limited to a single temporal snapshot, this approach provides a robust 

foundation for probabilistic modeling of chlorophyll-a concentrations in ecologically dynamic coastal waters. 

 

3.2.  Test statistic values 

In this study, the KS and AD tests were applied to evaluate the GoF of eight distribution models to 

chlorophyll-a data across various sample sizes (n =15–50). Tables 1 and 2 report the resulting p-values, with 
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hypothesis decisions (H0 accepted/rejected) based on a significance threshold α =0.05. These results provide 

a systematic basis for comparing model performance across different sample conditions. 
 

 

Table 1. p-values from KS and AD tests for various distributions (n =20, 25, 30, 35) 

Distribution Hypotheses n =20 n =25 n =30 n =35 

𝑝 −KS 𝑝 −AD 𝑝 −KS 𝑝 −AD 𝑝 −KS 𝑝 −AD 𝑝 −KS 𝑝 −AD 

Rician H0 accepted 0.378 0.671 0.205 0.317 0.14 0.317 0.486 0.623 

Birnbaum–Saunders H0 accepted 0.383 0.63 0.277 0.407 0.368 0.588 0.778 0.741 

Extreme value H0 accepted 0.409 0.788 0.048 0.102 0.088 0.164 0.382 0.417 

Half-normal H1 (H0 rejected) 0.000 0.000 0.000 0.000 0.000 0.001 0.000 0.000 

Inverse Gaussian H0 accepted 0.383 0.63 0.277 0.407 0.376 0.594 0.779 0.741 

Nakagami H0 accepted 0.379 0.658 0.226 0.345 0.173 0.386 0.572 0.678 

Stable H0 accepted 0.379 0.672 0.878 0.877 0.721 0.73 0.477 0.616 

T location-scale H0 accepted 0.378 0.671 0.818 0.673 0.123 0.289 0.478 0.616 

 

 

Table 2. Extended p-values from KS and AD tests for sensitivity analysis (n =15, 40, 45, 50) 
Distribution Hypotheses n =15 n =40 n =45 n =50 

𝑝 −KS 𝑝 −AD 𝑝 −KS 𝑝 −AD 𝑝 −KS 𝑝 −AD 𝑝 −KS 𝑝 −AD 

Rician H0 accepted 0.745 0.879 0.361 0.226 0.684 0.419 0.372 0.4 

Birnbaum–Saunders H0 accepted 0.831 0.949 0.061 0.076 0.857 0.743 0.185 0.109 

Extreme value H0 accepted 0.696 0.609 0.43 0.517 0.107 0.063 0.047 0.101 

Half-normal H1 (H0 rejected) 0.001 0.01 0.000 0.000 0.000 0.000 0.000 0.000 

Inverse Gaussian H0 accepted 0.831 0.949 0.059 0.074 0.857 0.745 0.184 0.105 

Nakagami H0 accepted 0.771 0.906 0.209 0.163 0.762 0.527 0.63 0.557 

Stable H0 accepted 0.995 0.999 0.38 0.233 0.769 0.828 0.32 0.349 

T location-scale H0 accepted 0.751 0.882 0.377 0.233 0.916 0.589 0.319 0.351 

 

 

The statistical outcomes are visually summarized in Figure 2, which presents a Grouped Visual 

Taxonomy based on the KS and AD evaluations. This figure retains both the KS statistic values  

(as horizontal bar lengths) and AD statistic values (numerically displayed on each bar), providing a 

comprehensive and intuitive quantitative comparison across models. The taxonomy organizes all eight 

distribution models across four sample sizes (n =20, 25, 30, 35) within a 2×2 matrix layout, facilitating clear 

visual interpretation. 
 

 

 
 

Figure 2. Grouped KS–AD evaluation across sample sizes (n =20, 25, 30, 35) 
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This visual taxonomy functions not only as a comparative fit quality tool but also as a proposed 

classification framework for understanding distributional behavior. By explicitly grouping models based on 

their empirical performance, it enables researchers to identify consistent, unstable, or outlier-prone 

distributions across varying sample sizes. For instance, the consistently low KS and AD values associated 

with the inverse Gaussian and extreme value distributions indicate their robustness in representing real-world 

chlorophyll variability. This is especially important for detecting ecologically significant phenomena such as 

seasonal algal blooms and environmental stressors. 

In contrast, the half-normal distribution exhibits clear signs of instability, particularly at smaller 

sample sizes, which limits its reliability for ecological interpretation. Its high AD values across multiple 

sample sizes indicate poor GoF and potential misclassification risks. Hence, the taxonomy contributes not 

only to statistical model selection based on GoF but also adds ecological relevance—distinguishing between 

models that capture stable chlorophyll behavior and those that signal high variability or ecological extremes 

(e.g., potential bloom events). 

Figure 3 displays the spatial distribution of chlorophyll sampling points and the resulting 

distribution-based clusters across selected marine locations. Here, cluster 1 includes only the half-normal 

distribution and is visually and statistically distinct from cluster 2, which comprises the remaining seven 

models. Inset maps further highlight two focus regions—the Black Sea and West Africa—emphasizing the 

distribution of sample sizes used across different marine environments. This spatial clustering visualization 

reinforces the interpretation of model behavior under varying environmental conditions and supports its 

application in regional chlorophyll monitoring strategies. 

 

 

 
 

Figure 3. Chlorophyll-a sampling locations and clustering results with regional insets 

 

 

3.3.  Evaluation of model complexity and fit using information criteria 

To complement the GoF results, this study employed five information criteria—HQC, CAIC, AICc, 

BIC, and AIC—to evaluate the trade-off between model fit and complexity. These criteria support the 

identification of models that achieve both high accuracy and parsimony, thereby minimizing the risk of 

overfitting. Table 3 presents the average information criterion values across four sample sizes (n =20, 25, 30, 35). 

The inverse Gaussian and extreme value distributions consistently yielded the lowest scores, indicating 

strong performance in both statistical fit and model parsimony. These models also performed well under the 

more stringent penalties imposed by CAIC and HQC, reinforcing their robustness. 

In contrast, the half-normal distribution exhibited the highest (i.e., least favorable) values across all 

criteria, reflecting its limited suitability for modeling chlorophyll-a data—particularly in scenarios involving 
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outliers or data heterogeneity. These findings are consistent with the earlier GoF analysis and confirm inverse 

Gaussian and extreme value as the most reliable candidate models. Such consistency further supports their 

selection in the subsequent clustering and classification stages. 

 

 

Table 3. Average information criteria values for chlorophyll distribution models 
Distribution Average criteria value (n =20, 25, 30, 35) 

AIC BIC AICc CAIC HQC 

Rician -93.729 -91.143 -13.61 -13.324 -92.97 

Birnbaum–Saunders -95.677 -93.091 -94.669 -94.383 -94.918 

Extreme value -88.046 -85.46 -95.035 -94.749 -87.287 
Half-normal -25.924 -23.338 -91.903 -91.617 -25.165 

Inverse Gaussian -95.684 -93.099 -93.576 -93.291 -94.925 

Nakagami -94.63 -92.044 -93.051 -92.766 -93.871 
Stable -91.526 -86.355 -46.481 -45.451 -90.008 

T location-scale -92.076 -88.197 -95.03 -94.436 -90.938 

 

 

3.4.  Clustering analysis 

This section applies k-means clustering to group probability distribution models based on their  

KS and AD statistics. Cluster quality is assessed using the silhouette index, where values approaching 1 

indicate well-separated and cohesive clusters. Unlike traditional model-by-model evaluation, this approach 

emphasizes collective distributional behavior across varying data complexities, offering a more integrative 

perspective on model performance. Clustering was initially performed using sample sizes of n =20, 25, 30, 

and 35, and subsequently extended to n =15, 40, 45, and 50 to evaluate the robustness of the results. As 

shown in Table 4, the inverse Gaussian and extreme value distributions consistently appeared in well-defined 

clusters across all sample sizes, demonstrating strong stability and high silhouette index scores. In contrast, 

the Half-normal distribution was repeatedly isolated in cluster 1, exhibiting low SH values, which confirms 

its instability when evaluated using the combined KS–AD metrics. 

 

 

Table 4. Silhouette index values from K-means clustering across distribution models 
Distribution K-means cluster evaluation with SH 

n =15 v =20 n =25 n =30 n =35 n =40 n =45 n =50 

Rician Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 

Birnbaum–Gaunders Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 

Extreme value Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 

Half-normal Cluster 1 Cluster 1 Cluster 1 Cluster 1 Cluster 1 Cluster 1 Cluster 1 Cluster 1 

Inverse Gaussian Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 

Nakagami Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 

Stable Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 

T location-scale Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 Cluster 2 

 

 

Distributions such as Birnbaum–Saunders and Nakagami displayed moderate consistency—

frequently assigned to cluster 2, but with less distinct separation compared to the top-performing models. 

These findings underscore the effectiveness of using KS and AD statistics as clustering attributes and provide 

additional insight into distributional behavior beyond individual model fit. This indicates that these models 

offer reasonable performance, although they are less stable compared to the best-performing distributions. 

To visualize these findings, Figure 4 compares empirical chlorophyll-a data (gray histogram) against 

fitted distributions for four sample sizes (n =20–35), where each subplot shows the overlay of empirical data 

and fitted PDFs of eight candidate distributions under different sampling conditions: Figure 4(a) n =20, 

Figure 4(b) n =25, Figure 4(c) n =30, and Figure 4(d) n =35. Inverse Gaussian and extreme value closely 

follow the empirical data and capture asymmetry and extremes, while half-normal consistently deviates at the 

distribution tails, confirming poor ecological fit. Other models like Birnbaum–Saunders and Nakagami 

perform reasonably but are less precise. 

Overall, this clustering framework provides deeper insight into model behavior, improving 

reliability in selection and enhancing ecological interpretation. Models forming distinct, stable clusters—

particularly inverse Gaussian and extreme value—are better suited to capture chlorophyll variability relevant 

to phenomena like blooms or nutrient upwelling. In contrast, unstable models like half-normal may lack 

ecological significance. 
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(a) (b) 

 

  
(c) (d) 

 

Figure 4. Comparison of empirical chlorophyll-a data (gray histogram) and fitted probability density 

functions (PDFs) of eight candidate distributions across different sample sizes: (a) n =20, (b) n =25,  

(c) n =30, and (d) n =35 

 

 

3.4.1. Methodological considerations and policy integration 

A key limitation of this study lies in its reliance on univariate probability distribution models, which 

do not account for spatial dependencies or regional variability in marine chlorophyll data. While clustering 

methods such as k-means and the silhouette index provide valuable insights into distributional behavior, they 

overlook spatial relationships among sampling points—potentially limiting their ecological 

representativeness. Nonetheless, specific distributions—such as the inverse Gaussian, extreme value, and 

Birnbaum–Saunders—effectively capture key features like skewness, stability, and heavy tails, which are 

often associated with environmental stressors (e.g., algal blooms). Integrating these models into predictive 

frameworks may improve chlorophyll fluctuation estimates and support ecosystem-based strategies, 

including fisheries planning and eutrophication mitigation. 

To enhance both model robustness and ecological relevance, future research should explore 

multivariate or spatially explicit approaches, such as geostatistical models (e.g., kriging), spatial 

autoregression, or spatiotemporal machine learning techniques. These methods can account for spatial 

autocorrelation and facilitate integration with remote sensing and geographic information system layers, 

supporting real-time monitoring and localized marine ecosystem management. In addition, the clustering 

framework could be strengthened by incorporating alternative GoF statistics—such as the Cramér–von 

Mises, Liliefors, or Shapiro–Wilk tests—which provide complementary perspectives on distributional fit. 

These tests are particularly useful in small-sample contexts or when targeting specific distributional 

characteristics, thereby enriching the clustering feature space and improving model discrimination. 

From an operational perspective, the proposed modeling framework holds strong potential for 

integration into satellite-based decision support systems (DSS). By combining statistical modeling with 
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clustering, it enables the delineation of ecological zones, sensor calibration, and early warning system 

enhancement. Marine stakeholders—such as fisheries agencies, policy makers, and environmental managers—

can apply this framework to support data-driven, ecologically informed marine resource governance. 

 

 

4. CONCLUSION 

This study proposed an integrated statistical framework for evaluating and clustering probability 

distribution models to analyze chlorophyll-a variability in marine environments. Eight candidate distributions 

were assessed using GoF tests and clustering techniques based on model performance metrics. The results 

indicate that the inverse Gaussian and extreme value distributions consistently provided the most accurate 

representations of chlorophyll distribution across varying sample sizes. These models also exhibited strong 

clustering performance, as reflected by high silhouette index scores, indicating their stability and clear 

separation from other models. In contrast, the half-normal distribution demonstrated substantial misfit and 

instability, particularly at smaller sample sizes. Meanwhile, models such as Birnbaum–Saunders and 

Nakagami showed moderately strong results and may serve as complementary options for future exploration. 

Beyond methodological insights, the proposed framework offers practical relevance for integration into 

satellite-based DSS—supporting enhanced marine monitoring and evidence-based policy-making. By 

emphasizing robust statistical model selection, the findings contribute to data-driven marine resource 

management, particularly in detecting HABs and other ecologically significant phenomena. This research 

aligns with global sustainability goals—particularly SDG 14, which emphasizes the protection and 

sustainable use of marine ecosystems. 
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