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Abstract 

In this study, changes in the surface area of Lake Burdur during the 2015–2025 period and 
the spatial direction of the associated shrinkage were examined using Sentinel-2 Level-2A 
satellite images. A total of 111 satellite images, each representing a monthly period, were 
analyzed using a fixed study window and a lake vicinity mask; a three-cluster unsuper-
vised K-means segmentation method was applied to separate the water surface from 
bare/drained areas and vegetation classes. The resulting binary water masks were used to 
convert the lake surface area to km2 on a pixel-by-pixel basis, and the geometric center of 
the lake mass was calculated for each observation date. The unique aspect of this study is 
that it evaluates lake shrinkage not only through a decrease in surface area but also as a 
directional spatial process via the movement of the centroid center. In this context, the 
cumulative displacement was decomposed into X/West and Y/South components using 
the initial centroid point as a reference; OLS-based linear and logarithmic trend models 
were established for both directions. Model performances were compared using a 15-fold 
Monte Carlo cross-validation approach with R2, adjusted R2, NSE, KGE, MAE, MAPE, 
MSE, and RMSE metrics; additionally, the statistical significance of model differences was 
assessed using the Wilcoxon signed-rank test. The findings indicate that the logarithmic 
model yields more balanced and reliable results in the X/West direction, while the linear 
model does so in the Y/South direction. Based on this model structure, spatial projections 
were generated for the 2026–2035 period, and it was observed that the projection bands 
remained stable despite Monte Carlo-based coefficient uncertainty. In conclusion, the 
study demonstrates that lake drawdowns in semi-arid closed basins can be monitored in 
a more interpretable and statistically robust manner using Sentinel-2-based segmentation, 
centroid kinematics, and cross-validated trend modeling. 
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1. Introduction 
Water bodies (lakes, reservoirs, wetlands, etc.) are among the most critical natural 

resources sustaining ecosystems and human communities. Changes observed in these wa-
ter basins—whether shrinking or expanding—have increasingly become a significant 
global concern in recent years. Satellite-based global analyses show that surface water dis-
tribution is extremely dynamic. Between 1984 and 2015, approximately 90,000 km2 of per-
manent surface water was lost, while approximately 184,000 km2 of new permanent water 
surface was formed in other regions [1]. Although a significant portion of this net increase 
is associated with dam/reservoir construction and climate-induced glacier melt, dramatic 
losses have been observed in many regions [1,2]. One of the most striking examples of this 
trend is the Aral Sea in Central Asia, which has lost approximately 87–88% of its surface 
area since the 1960s [3]. These large-scale declines in large lakes reinforce the need to mon-
itor changes in water bodies and analyze their causes, as these changes have profound 
consequences on ecological functions and socio-economic systems. 

The literature shows that changes in water body areas are mostly shaped by the com-
bination of climate variability and human impacts (water withdrawals, infrastructure, 
land use). For example, the rapid decline in Lake Urmia, which has a semi-arid closed-
basin character, has been discussed in the context of a risk similar to the “Aral syndrome”, 
due to the combined effects of drought, damming, and excessive water use for irrigation 
[4]. In contrast, the rapid growth of glacial lakes in high mountain ranges since 1990 has 
been reported in relation to warming and hydrometeorological regime shifts [5]. The fun-
damental prerequisite for monitoring such area changes in a long-term and consistent 
manner is a high-resolution and continuous observation infrastructure; modern missions 
such as Sentinel-2 provide a powerful data source for this purpose at an operational scale 
[6]. On the other hand, monitoring only the extent of the area does not always explain 
spatially in which direction the retreat/growth is concentrated. Therefore, recent studies 
summarize asymmetric retreat–growth patterns as direction-distance vectors by using the 
movement of the geometric center (centroid/“center of gravity”) of the water mass over 
time and relating them to driving factors [7–9]. 

However, two key gaps stand out, particularly in the context of semi-arid closed ba-
sins. (i) While numerous studies have successfully mapped surface water areas at the 
global/regional scale [1,2], centroid kinematics, which presents directional shrink-grow 
dynamics as a compact and interpretable indicator, is more limited and often addressed 
at a secondary level [8–10]. (ii) Decisions regarding the temporal trend form (e.g., linear 
vs. logarithmic response) are often reported based on a single fit/single division, and ro-
bustness to sampling uncertainty is not sufficiently tested. Considering the increasing role 
of long-term remote sensing series (e.g., with multiple sensors and derived indicators) in 
explaining water body changes [10], addressing these two gaps together becomes meth-
odologically critical. This study derives lake surface area (LSA) from monthly Sentinel-2 
L2A images for the period 2015–2025 using fixed lake-proximity masking and fully unsu-
pervised segmentation; tracks the geometric center of the LSA mask in a two-component 
(X-Y; West–South directions) frame; and evaluates OLS-linear and OLS-logarithmic trend 
forms under Monte Carlo cross-validation (MCCV) and paired statistical comparisons, 
ultimately transferring coefficient uncertainty to spatial scenario projections for the 2026–
2035 period, aiming to directly address these gaps in the literature. Thus, by quantifying 
the surface footprint of climate–evaporation conditions in a semi-arid closed basin using 
satellite data, this study also provides a framework for tracking the relationship between 
atmospheric water demand and lake surface dynamics. 

In this context, the original contribution of this study is the first-ever integration of 
three fundamental components within an end-to-end workflow: (i) centroid kinematics is 
treated not as a secondary or descriptive indicator, as in previous studies [8–10], but as a 
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primary object of analysis representing the direction and magnitude of shrinkage; (ii) the 
choice between linear and logarithmic trend forms is not based on a single curve fit but is 
robust against sampling uncertainty through 15-iteration Monte Carlo cross-validation 
and paired Wilcoxon comparisons; and (iii) the uncertainty in the coefficients associated 
with the selected model structure is explicitly incorporated into forward-looking spatial 
scenario projections covering the 2026–2035 period. Furthermore, during the preparation 
of this study, generative AI tools were used solely for the purposes of improving textual 
narrative, linguistic editing, and academic expression. Data analysis, methodological de-
sign, modeling, interpretation of results, and scientific conclusions were entirely con-
ducted and verified by the author. To the best of our knowledge, this integrated frame-
work—which combines directional centroid tracking with forward-looking spatial projec-
tions based on cross-validated model-form selection and uncertainty transfer—has not 
previously been presented for semi-arid closed-basin lakes; Lake Burdur constitutes the 
first application of this framework. 

2. Materials and Methods 
2.1. Related Works 

Table 1 summarizes the literature [11–18], presenting a comparative overview of 
lake/water body dynamics across different continents and basins through the columns 
source, watershed, country, coordinates, study years, and methods used. For Poyang Lake 
in China, flood season water area was monitored from 2000 to 2022 using multi-sensor 
(Landsat-ALOS-Sentinel-1) time series, and area thresholds indicating flood/drought risk 
were discussed [11]. The spatial evolution of Dongting Lake was examined using multi-
source remote sensing from 2005 to 2020; center of gravity (gravity/centroid) migration 
and driving mechanisms (meteorological–hydrological–human) were evaluated [7]. Sim-
ilarly, using GEE-based long-term Landsat analyses, area change and center migration in 
typical plateau and plain lakes in China were correlated with climate variables [12]. In 
Tonle Sap Lake in the Mekong system, long-term regime change, water level decline, and 
shoreline retreat were profiled using 2000–2020 hydraulic/remote sensing data together 
[13]. At Lake Urmia in Iran, comprehensive field measurements and high-resolution im-
ages were used to re-examine bathymetric dynamics/area–level–volume relationships, 
highlighting the success of learning models in bathymetry generation [14]. The shrinkage 
of Lake Chad in Africa was quantified using Landsat (1987–2005) and interpreted in the 
context of ecological and socio-economic impacts [15]. In Central Asia, the Aral Basin was 
monitored using GEE and JRC Global Surface Water from 1992 to 2020, distinguishing 
between permanent and seasonal water, and a significant decrease in total surface water 
area was reported [16]. In Aralkum, formed on the drying lake bed, Random Forest-based 
land cover mapping and uncertainty analysis were performed for 2020 using a combination 
of Sentinel-1/2 and Landsat-8 [17]. At the city scale in Zhengzhou, the seasonal/long-term 
patterns of urban water bodies and centroid shift were revealed using Landsat-8 and an 
integrated Random Forest approach (index + texture) for 2014–2023 [8]. Finally, monthly 
water extent in Dongting wetlands was mapped at 10 m resolution using Sentinel-1 SAR 
throughout 2016, allowing detailed differentiation between flood and low-level periods [18]. 
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Table 1. Summary of related works. (Note: Coordinate values are provided as approximate 
ranges/centroids for quick comparison; for exact spatial extents, see the original papers.). 

Ref. Country Water Body Coordinates Data and Methods 

[11] China 
Poyang Lake 

(Yangtze 
River Basin) 

28°11′–29°51′ N; 115°49′–116°46′ E 
Landsat + ALOS + Sentinel-1; adaptive 
global-threshold segmentation; 
flood/drought risk analysis 

[7] China 
Dongting 

Lake (Yangtze 
River Basin) 

28°30′–30°20′ N; 111°40′–113°10′ E 
NDWI threshold (multi-season Landsat); 
center-of-gravity migration; Geographic De-
tector; correlation analysis 

[12] China 

Plateau & 
plain lakes: 

Qinghai, 
Namco, 
Cuiping, 
Hengshui 

Qinghai: 36°32′–37°15′ N, 99°36′–
100°16′ E; Namco: 30°30′–30°35′ N, 
90°16′–91°03′ E; Cuiping: 40°00′–

40°05′ N, 117°25′–117°40′ E; 
Hengshui: 37°31–37°41′ N, 

115°27′–115°42′ E 

Google Earth Engine; Landsat SR; NDWI-
based water extraction; shape indices; cen-
troid migration; MLR vs. climate drivers 

[13] Cambodia 

Tonle Sap 
Lake (Me-
kong River 

system) 

13.02° N, 103.91° E 
Multi-source remote sensing + hydrological 
analysis; shoreline dynamics; attribution to 
climate & human drivers 

[14] Iran 
Lake Urmia 
(endorheic 

basin) 
37°04′–38°16′ N; 45°02′–46°00′ E 

In situ bathymetry + high-resolution satellite 
imagery; dynamic level–area–volume rela-
tionships; bathymetry change analysis 

[15] 
Chad, Nigeria, 
Niger, Came-

roon 

Lake Chad 
Basin (en-
dorheic) 

12°10′–14°30′ N; 13°00′–15°30′ E 
Multi-temporal satellite imagery; water-area 
change detection; socio-economic impact dis-
cussion 

[16] 

Kazakhstan, 
Uzbekistan, 

Turkmenistan, 
Kyrgyzstan, 

Tajikistan 

Aral Sea Ba-
sin 

36–49° N; 54–74° E 
Google Earth Engine; JRC Global Surface 
Water; seasonal/permanent water extraction; 
basin-scale trend analysis 

[17] Kazakhstan, 
Uzbekistan 

Aralkum 
(dried Aral 
Sea seabed) 

43–46° N; 58–62° E 
Random Forest; Landsat-8 + Sentinel-2 + Sen-
tinel-1; ten-class LULC mapping; per-pixel 
uncertainty estimation 

[8] China 

Urban water 
bodies of 

Zhengzhou 
(city bound-

ary) 

34.75° N, 113.62° E 
Landsat 8; thresholding vs. RF vs. hybrid RF 
(indices + GLCM textures); centroid migra-
tion; hotspot analysis; driver analysis 

[18] China 
Dongting 
Lake wet-

lands 
28°30′–30°20′ N; 111°40′–113°10′ E 

Sentinel-1 SAR time series; supervised SVM; 
post-processing to quantify wetland/water 
dynamics 

2.2. Study Area 

The study area, Burdur Lake, is a saline-sodic lake with a closed-basin character lo-
cated in southwestern Turkey, on the northern foothills of the Western Taurus Mountains, 
between approximately 37.7–37.9° North latitude and 30.0–30.4° East longitude. The semi-
arid Mediterranean climate, with hot, dry summers and relatively cool, rainy winters, and 
the hydrogeological structure represented by carbonate formations and alluvial deposits 
create a hydrological regime in which the lake is fed mainly by surface runoff, karstic 
springs, and groundwater, with water losses occurring largely through evaporation and 
groundwater discharge [19,20]. Increased groundwater withdrawals and agricultural 
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irrigation in recent decades, combined with climate-induced aridification trends, have 
caused significant decreases in lake level and salinity regime, as well as shoreline retreat, 
making Lake Burdur a typical example of sensitive semi-arid lake systems [19,20]. Figure 
1 shows the lake�s location at the global and national scales and the basin boundaries. 
Additionally, Google Earth-based composites from 30 July 2015, 28 December 2018, 5 Feb-
ruary 2022, and 16 November 2025, visually demonstrate the shrinkage of the water body 
over time. In this study, the lake surface area series derived from the images using Landsat 
and Sentinel-based approaches is evaluated together with reference evapotranspiration 
components and additional variables obtained from Open-Meteo data, thus making Lake 
Burdur an exemplary study area where climatic-evaporation conditions and surface area 
changes are quantitatively related in semi-arid closed basins [1,21,22]. 

 

Figure 1. Temporal coverage of satellite images used in the spatial positioning and lake surface area 
(LSA)-based centroid tracking analysis for the Burdur Lake study area (study area latitude coordi-
nate boundaries: 37°08′–38°02′ North; longitude 29°39′–30°33′ East): (a) global scale location, (b) 
Turkey scale location, (c) local scale study area boundaries and direction reference, and (d) repre-
sentative examples from selected satellite images between 2015 and 2025. 

2.3. Image Processing on LSA 

In this study, the temporal change in the surface area of Lake Burdur was calculated 
using a monthly representative image series generated from fully open-access satellite 
data. The image source used was the atmospheric-corrected Level-2A products of the Sen-
tinel-2 multispectral optical satellite data provided under the Copernicus program [6]. 
Since Level-2A products contain spectral bands reduced to surface reflectance, they pro-
vide more comparable spectral behavior between different dates. Scenes representing the 
end of each month were selected for the period 2015–2025; images with a cloud cover ratio 
below 30% at the scene scale were prioritized, and in some months, the image closest to 
the end of the month was preferred to maintain the continuity of the time series. This 
selection strategy resulted in a consistent database of 111 images covering the period July 
2015-November 2025, with monthly representativeness preserved (Figure 2, “Database”). 
To ensure temporal comparability from a geometric perspective, since Sentinel-2 Level-
2A products are distributed in a fixed map projection (UTM/WGS84), no additional repro-
jection was performed; all images were analyzed in their native projection, within the 
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same spatial reference system. In addition, a rectangular working window that remained 
constant for all dates was defined, and the total working area covered by this window was 
fixed at 𝐴௖= 452.64 km2. 

 

Figure 2. End-to-end satellite image processing workflow for monthly Lake Burdur surface area 
(LSA) quantification (2015–2025): Copernicus Sentinel-2 Level-2A database construction, fixed lake vi-
cinity masking to reduce misclassification risk, three-class unsupervised K-means segmentation (n_clus-
ter = 3) for lake-shorline-desert, and pixel-based geometric area calibration for consistent LSA retrieval. 

In Figure 2 shows that the “Masking” step is designed as a critical control layer in the 
classification/segmentation process to prevent pixels outside the lake from being incor-
rectly mixed into the “lake class.” In this step, a fixed working mask covering the maxi-
mum spread of the lake and its immediate surroundings was applied in the same way for 
all dates. Pixels outside the mask were set to black with a spectral vector of (0, 0, 0) (Figure 
2, “Masking”). Thus, (i) the spatial area included in the analysis was kept constant over 
time and temporal comparability was preserved, (ii) the clustering algorithm was pre-
vented from being dragged by large land areas far from the lake, which would have dis-
torted the lake class, and segmentation was performed only in the relevant working area. 

In Figure 2, under the “Segmentation” step, a multi-band feature space that enhances 
the water–land separation for pixels remaining within the mask has been defined. Among 
Sentinel-2′s primary bands, Red (R) and Green (G) are in the visible spectrum, while Near 
Infrared (NIR) has strong discriminating power in distinguishing between vegetation and 
water surfaces. In practice, a feature vector containing the [R, G, NIR] components for 
each pixel; additional spectral components/transformations (used in the study) were in-
cluded in this vector to capture spectral behavior differences more clearly, such as low 
reflection of water surfaces in NIR and high reflection of vegetation in NIR. Subsequently, 
the K-means clustering algorithm was used as a completely unsupervised approach [23]. 
The number of clusters hyperparameter was fixed at n_cluster = 3; initial centers were 
randomly selected, and solutions were generated for each image until convergence was 
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achieved under a maximum of 300 iterations. The choice of the number of clusters was 
also supported by AIC and BIC diagnostic plots: in both metrics, the most pronounced 
decrease occurs in the range k = 1–3; improvements beyond k = 3 are limited, and addi-
tional clusters represent nuances in tone and brightness within existing classes rather than 
new principal surface classes; therefore, k = 3 was chosen while balancing model simplic-
ity and physical interpretability (see Appendix A) [24,25]. The three clusters obtained 
were interpreted as (i) open water surface (lake), (ii) bare ground/dried lake bed (desert), 
and (iii) vegetation/agricultural area (green field), considering their spectral characteris-
tics and spatial distribution (Figure 2, “Segmentation”). As a result of this interpretation, 
the pixel cluster corresponding to the water class was converted to a binary mask format, 
and a reliable water mask was produced for each month. 

The rationale for preferring K-means over common alternatives for water extraction 
is as follows: NDWI/MNDWI thresholding [26,27] is a robust and widely used approach; 
however, since the threshold value can vary depending on the scene and season, a 111-
date time series requires either the imposition of a single global threshold or the selection 
of subjective, date-based thresholds-and both scenarios introduce additional uncertainty 
regarding temporal consistency. Supervised/deep learning approaches such as Random 
Forest or U-Net, on the other hand, require labeled training data; since a consistent ground 
truth dataset across dates is not available for Lake Burdur, these methods carry both the 
cost of generating additional data and the risk of training-set-dependent generalization. 
In contrast, three-cluster K-means (i) requires no labels since it is entirely unsupervised, 
(ii) involves no threshold selection and preserves temporal comparability by being ap-
plied identically to all dates, and (iii) is computationally lightweight and fully reproduci-
ble. The method�s limitations are also clear: its performance depends on the spectral re-
solvability of the bands, the cluster-class mapping involves an interpretation step, and it 
does not produce probabilistic uncertainty at the pixel level. The practical impact of these 
limitations has been assessed through the mask-level visual quality control in Appendix 
C and the cluster-count sensitivity analysis in Appendix A; comparisons between index-
based and SCL-based methods at 10 m resolution are left to future studies. 

Figure 2 shows the “Lake Surface Area & Pixel Size” step, which defines the conver-
sion of the obtained binary water mask into physical units (km2) of area. The pixel dimen-
sions of the fixed working window are 990 × 724 resolution, and the actual area repre-
sented by this window is 𝐴௖ = 452.64 km2. Therefore, the area represented by a single 
pixel under this window is defined as 𝑎௖ in Equation (1). 𝑎௖ = 𝐴௖990 × 724 ሺkmଶ resolution⁄ ሻ (1) 

Here, αc is the pixel area coefficient obtained by dividing the fixed window area by the 
total number of pixels, and it is a constant value for all dates. If the edge length of a pixel is 
denoted by ℓ and the pixel is known to be square, then the relationship between the pixel area 
and the edge length is 𝑎௖  = ℓ2, so the edge length can be defined as in Equation (2). ℓ = ඥ𝑎௖ (km) (2) 

These two relationships enable the pixel-based count to be linked to the physical 
scale, and geometric consistency is maintained by performing the conversion using the 
same scale for each month. Finally, if the number of pixels belonging to the water class for 
each month is defined as 𝑁ௐ௔௧௘௥, the lake surface area (LSA) is calculated directly as in 
Equation (3). 𝐿𝑆𝐴 = 𝑁ௐ௔௧௘௥ × 𝑎௖  (kmଶ) (3) 
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In Equation (3), 𝑁ௐ௔௧௘௥ represents the total number of pixels classified as “water” in 
the binary water mask for the relevant month; 𝑎௖ is the pixel area defined in Equation (1), 
which remains constant throughout all dates. Under the fixed window and resolution 
used in this study, as a deterministic result of the fixed window geometry (Ac = 452.64 
km2, 990 × 724 pixels), it takes the value ℓ = 25.13 m (≈0.0251 km). Thus, a monthly LSA 
time series derived from Sentinel-2 images, converted to physical units at pixel resolution, 
and geometrically consistent was created. 

An explanation regarding pixel size is required. The native band resolution of Senti-
nel-2 L2A products is 10 m × 10 m; however, in this study, a fixed 990 × 724-pixel analysis 
grid was created for all dates to ensure computational efficiency and one-to-one geometric 
comparability across dates, corresponding to a sampling interval of approximately 25 m. 
Therefore, the value ℓ ≈ 25.13 m reported in Equations (1) and (2) is not the analytical 
derivation of an unknown parameter, but rather the deterministic result of the fixed win-
dow area (Ac = 452.64 km2) and the grid size is presented solely to verify the internal con-
sistency of the pixel-area transformation. A sampling interval of approximately 25 m pro-
vides sufficient spatial resolution for tracking lake area and centroid location at the ~450 
km2 study window scale. However, comparative analyses using a wider set of spectral 
bands at a native resolution of 10 m, specific water indices (e.g., NDWI/MNDWI) [26,27], 
and the Scene Classification Layer (SCL; water class code 6) provided in the L2A products 
will be addressed in future studies. 

2.4. Trend Modeling of LSA Centroid Displacement 

In this study, the temporal retreat of Lake Burdur has been quantitatively represented 
through changes in lake surface area (LSA) and the directional displacement of the geo-
metric center (centroid) of the water mask over time. The centroid-based approach allows 
tracking the dominant direction of lake shrinkage within a two-component kinematic 
framework; therefore, the analysis is decomposed into a West component along the X-axis 
and a South component along the Y-axis. The centroid coordinates obtained at each 
timestep were converted into cumulative displacement metrics defined relative to the in-
itial center C0(x0, y0), which was referenced from the first image observation. 

Decomposition into the X (West) and Y (South) components is a coordinate conven-
tion adopted so that displacement can be expressed as positive values, based on the fact 
that the dominant direction of the observed centroid movement lies in the west–south 
quadrant; physically, the X component represents the projection of the net retreat along 
the lake�s eastern shores onto the centroid, while the Y component represents the projec-
tion of the net retreat along the northern shores onto the centroid. An important point to 
emphasize here is that the centroid is an integrative geometric indicator: centroid move-
ment combines both shoreline retreat and the asymmetric drying patterns in different sec-
tions of the lake into a single vector. For example, a westward shift in the centroid is a 
result of the shallower areas in the eastern part of the lake drying up faster than those in 
the western part, and this asymmetry is largely shaped by the bottom topography (ba-
thymetry/hypsometry). Therefore, the direction of centroid movement should not be in-
terpreted as a direct proxy for the spatial direction of hydrological forcing (e.g., wind, 
river inflow, groundwater withdrawal); rather, it should be evaluated as a diagnostic in-
dicator—along with shoreline geometry and bathymetry—that summarizes where the 
drawdown is concentrated. 

Figure 3 systematically summarizes the referencing logic and cumulative displace-
ment definitions used in the analysis. Figure 3a shows the general distribution of centroid 
positions obtained on the lake surface during the observation period and the reference 
centroid position at the starting time t0. In this panel, the first centroid corresponding to 
2015 and the last centroid corresponding to 2025 are presented together, clearly defining 
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the reference point for kinematic change. Figure 3b provides an enlarged view of the re-
gion marked in panel (a), making the trajectory followed by the centroid transition points 
throughout 2015–2025 more distinct. Figure 3c explains the definition of the cumulative 
displacement components and time difference using a representative example. For each 
timestep, the cumulative displacement in the X (West) direction is defined as the differ-
ence between the X (West) coordinate of the centroid at the relevant date and the X (West) 
coordinate at time t0; similarly, the cumulative displacement in the Y (South) direction is 
defined as the difference in Y (South) coordinates. The time difference is the difference in 
days between each image date and t0. Within this framework, consecutive images were 
overlaid in the same geographic reference system; the displacement between centroids 
was calculated in the pixel plane and converted to physical length units using image res-
olution scale information for inclusion in the analysis. 

 

Figure 3. Trend modeling of centroid kinematics in the X (West) and Y (South) direction cumulative 
displacement framework. (Note: (a) Display of the reference initial centroid (t0) and observed final 
centroid positions on the lake surface. (b) Zoomed-in view of the region marked in the panel (a) and 
a more detailed representation of the centroid transition points. (c) Time difference (∆t) component 
with t0-referenced cumulative displacement definitions used in trend analysis; for each time point, 
∆x(t0,tn) = x(tn) − x(t0), ∆y(t0,tn) = y(tn) − y(t0), and ∆t(t0,tn) = tn − t0 (days) calculations.). 

After obtaining the centroid displacement series, the functional form of the cumula-
tive displacement curves for both axes was examined using OLS-based regression. The 
objective at this stage was not to establish a complex family of models requiring parameter 
search, but to determine the trend form that explains the observed kinematic behavior in 
the simplest way. Therefore, candidate trends were limited to two classes. The first class 
(as depicted in Equations (4) and (5)) is a model that expresses cumulative displacement 
as a linear function of time, assuming that for the X component, Δx is a linear combination 
of the coefficients β0 and β1 with Δt; and for the Y component, Δy is defined under the 
same structure. The second class (as depicted in Equations (6) and (7)) is based on model-
ing the cumulative displacement with a logarithmic time transformation. In this model, 
Δx is defined as a linear combination of the terms β0 and β1 with ln(1 + Δt); Δy is defined 
in the same way via ln(1 + Δt). The use of 1 + Δt in the logarithmic transformation ensures 
that the log-term remains defined when Δt = 0 at the initial reference point and that nu-
merical stability is maintained, stemming from the initial reference point C0(x0,y0) being 
taken as 0. ∆𝑥(𝑡଴, 𝑡௡) = 𝛽଴(௫) ൅ 𝛽ଵ(௫)∆𝑡(𝑡଴, 𝑡௡) (4) 
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∆𝑦(𝑡଴, 𝑡௡) = 𝛽଴(௬) + 𝛽ଵ(௬)∆𝑡(𝑡଴, 𝑡௡) (5) ∆𝑥(𝑡଴, 𝑡௡) = 𝛽଴(௫) + 𝛽ଵ(௫) ln(1 + ∆𝑡(𝑡଴, 𝑡௡)) (6) ∆𝑦(𝑡଴, 𝑡௡) = 𝛽଴(௬) + 𝛽ଵ(௬) ln(1 + ∆𝑡(𝑡଴, 𝑡௡)) (7) 

The selection of the logarithmic form as the candidate trend class is not based solely 
on statistical fit; it also reflects a hydrological–geomorphological expectation. In closed-
basin lakes, as the water level drops, the shoreline first recedes rapidly from wide, shallow 
shoreline flats; as the level descends into steeper and deeper sections of the lake bed, the 
change in area (and thus the centroid) corresponding to a unit drop in level gradually 
decreases. This “fast-then-slowing” behavior, arising from the lake�s area–depth (hypso-
metric) relationship, predicts that the cumulative centroid displacement will follow a 
curve with a decreasing rate of increase over time (approaching saturation); the ln(1 + Δt) 
transformation is the simplest functional form representing this type of diminishing-re-
turn kinematics with a single parameter. The linear form, on the other hand, corresponds 
to a scenario where the retreat proceeds at an approximately constant rate; testing both 
forms together allows for a direction-specific differentiation of which kinematic regime is 
more consistent with the observed data. 

In this part of the study, four OLS models (X-linear, Y-linear, X-logarithmic, Y-loga-
rithmic) were created by defining separate linear and logarithmic trends for the X and Y 
components (Equations (4)–(7)). The comparison of the models is not based on a single 
training-validation split; instead, the Monte Carlo cross-validation (MCCV) approach is 
used [28] to reveal the effect of sampling randomness on the results and to decouple model 
evaluation from the random properties of a single split. Since the dataset consists of a total 
of 111 consecutive observation dates, the time difference Δt(t0,tn) is defined for each tn. 
Thus, trend modeling was performed using the same time reference without disrupting 
the sequential structure (date–difference relationship) of the time series. In each MCCV 
iteration, the training sample was selected from approximately 80–90 observations out of 
111 observations; the validation sample was created with approximately 20–30 observa-
tions. This selection strategy is critical in two respects: (i) since a different training-valida-
tion composition is produced in each iteration, performance metrics are observed in a 
more robust manner against random sampling variation (ii) since all four models were 
trained and tested under the same MCCV scheme, intergroup comparisons (especially the 
linear–logarithmic form difference) were ensured to be conducted under fair and equiva-
lent conditions. This process was repeated over 15 iterations; in each iteration, the equa-
tions defined by Equations (4)–(7) were retrained to obtain the coefficients 𝛽0, 𝛽1, and the 
associated success metrics. Figure 4 schematically summarizes the data flow logic of this 
MCCV design with data points and how the training/validation samples are resampled in 
each iteration, how the time order is preserved, and how the four models are compared 
in parallel (see Figure 4). 

The potential impact of applying the MCCV to a temporally ordered series on the 
assumption of independence in resampling should also be clearly stated here. Cumulative 
displacement series are, by their very nature, autocorrelated; therefore, randomly selected 
validation observations are not entirely independent of the training observations, and the 
reported validation performance should be interpreted as a measure of robustness to sam-
pling variability rather than performance over a “completely unseen period.” Three con-
siderations were taken into account to mitigate this effect: (i) since the models contain only 
deterministic time functions (Δt and ln(1 + Δt)), the comparison is less sensitive to auto-
correlation than dynamic models that include lagged dependent variables; (ii) since the 
four models were evaluated in a paired manner on the same training/validation split at 
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each iteration, the effect of autocorrelation on the metrics is largely simplified as a com-
mon (shared) component in the model comparison; and (iii) the significance of model dif-
ferences was tested using the paired Wilcoxon signed-rank test, which does not require a 
distribution assumption. However, it is known that potential autocorrelation in the resid-
uals may cause the coefficient standard errors to appear smaller than they actually are; 
therefore, the choice of model form was not based solely on parametric t/F tests; the deci-
sion was based primarily on the average behavior of the validation performance observed 
across MCCV and on paired Wilcoxon comparisons, which do not require assumptions 
about distribution. 

 

Figure 4. Monte Carlo cross-validation (MCCV, 15 iterations) evaluation scheme designed while 
preserving the time series: Random resampling of training and validation sets with approximately 80–
90 observations for training and 20–30 observations for validation from 111 consecutive observations 
in each iteration. A common sampling scheme for comparing linear and logarithmic OLS models 
(Equations (4)–(7)) in the X (West) and Y (South) components under fair and equivalent conditions. 

3. Results 
3.1. Trend Models’ Coefficients and Significances 

In this study, two different functional forms (OLS-linear and OLS-logarithmic) were 
separately established for the cumulative displacement components X (West) and Y 
(South), which represent the movement directions of Burdur Lake�s central position over 
time; thus, a total of four trend models were obtained. The parameters of each model were 
repeatedly re-estimated in a 15-step Monte Carlo cross-validation (MCCV) scheme, main-
taining the time order. Table 2 reports the values of the β0 and β1 coefficients for each 
model throughout these 15 MCCV steps. Additionally, testing each coefficient with a t-
test (H0: βi = 0) and testing the overall significance of each model with an overall F-test (H0: 
the model has no explanatory power) demonstrates that the established trend relation-
ships are also statistically supported. According to the findings, significance was main-
tained at the coefficient level and model level in all four models; the reported p-values 
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remaining below 0.001 revealed that the trend structure was produced systematically ra-
ther than randomly throughout the MCCV and that the model formulations provided a 
reliable parametric basis. 

Table 2. Coefficient estimates (β0, β1) for linear and logarithmic OLS models according to direction 
components (X-West, Y-South) throughout the Monte Carlo cross-validation (MCCV, n = 15) steps. 

MCCV 
Steps 

Coefficients 
X (West) Y (South) 

Linear Logarithmic Linear Logarithmic 
β0 β1 β0 β1 β0 β1 β0 β1 

1 0.18231 0.00013 −0.86666 0.17874 0.11116 0.00013 −0.83518 0.16310 
2 0.19757 0.00013 −0.96274 0.19147 0.12150 0.00012 −0.94028 0.17699 
3 0.18373 0.00013 −0.93889 0.18818 0.11097 0.00013 −0.91102 0.17293 
4 0.17724 0.00014 −0.89304 0.18210 0.10651 0.00013 −0.85719 0.16580 
5 0.18696 0.00013 −0.88279 0.18088 0.11472 0.00013 −0.85564 0.16581 
6 0.18720 0.00013 −0.88111 0.18047 0.11411 0.00013 −0.85580 0.16563 
7 0.18245 0.00013 −0.88117 0.18065 0.11161 0.00013 −0.85182 0.16532 
8 0.18847 0.00013 −0.99042 0.19496 0.11427 0.00013 −0.95978 0.17930 
9 0.20099 0.00013 −0.96089 0.19124 0.12290 0.00012 −0.94674 0.17772 

10 0.19623 0.00013 −0.91101 0.18453 0.11988 0.00012 −0.90360 0.17220 
11 0.19238 0.00013 −0.85130 0.17680 0.11835 0.00013 −0.82967 0.16233 
12 0.18466 0.00013 −0.87937 0.18029 0.11248 0.00013 −0.85561 0.16562 
13 0.19761 0.00013 −0.95800 0.19078 0.12132 0.00012 −0.94451 0.17754 
14 0.19499 0.00013 −0.85042 0.17675 0.11990 0.00012 −0.83126 0.16275 
15 0.18959 0.00013 −0.87956 0.18033 0.11460 0.00013 −0.85354 0.16534 

The stability of the coefficients throughout MCCV iterations is as critical as their 
meaningfulness for the reliability of simulation outputs. To this end, Figure 5 summarizes 
the β0 and β1 coefficients of each model separately using boxplots to observe distributional 
stability and possible deviations. The absence of outlier values in the panels and the bal-
anced structure of the median-quartile ranges support that the coefficients remained stable 
throughout the MCCV steps and that the randomness of sampling, performed while pre-
serving the time order, did not distort the parameters. Thus, the consistency of the coeffi-
cients seen step-by-step in Table 2 is also confirmed distributionally in Figure 5 (Appendix 
B shows the same coefficient behavior distributed over 15 MCCV steps based on the model). 
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Figure 5. Stability of trend coefficients: Boxplot panels for β0 and β1 under MCCV (15 repetitions) 
(outlier control and internal consistency). (Note: This figure summarizes the distribution of coeffi-
cients in eight panels: (a) X (West) OLS-linear β0, (b) X (West) OLS-linear β1, (c) X (West) OLS-loga-
rithmic β0, (d) X (West) OLS-logarithmic β1, (e) Y (South) OLS-linear β0, (f) Y (South) OLS-linear β1, 
(g) Y (South) OLS-logarithmic β0, and (h) Y (South) OLS-logarithmic β1. The absence of red outlier 
points in the panels indicates that the coefficients did not deviate to extreme values in any MCCV 
iteration; the balanced appearance of the median and interquartile ranges indicates that the coeffi-
cients exhibited internal consistency across iterations). 

3.2. Model Success Metrics’ Results 

Validation averages in the X (West) direction favor the logarithmic form across all 
explanatory metrics: 0.948 versus 0.874 for R2, 0.945 versus 0.868 for Adjusted R2, and 0.948 
versus 0.874 for NSE (logarithmic vs. linear; Figure 6). Error-based metrics also show the 
same pattern: MAE 0.026 vs. 0.043, MAPE 19.99 vs. 30.07, MSE 0.00110 vs. 0.00273, and 
RMSE 0.0328 vs. 0.0517. Only in the KGE are the two models nearly equivalent in valida-
tion (0.883 vs. 0.882). In the linear model, the training and validation averages are nearly 
identical (small generalization gap), while in the logarithmic model, a small but controlled 
decline is observed; however, the absolute validation performance of the logarithmic form 
is significantly higher in all metrics except KGE. 

In the Y (South) direction, however, the picture is reversed: the linear form produces 
better validation averages for R2 (0.933 vs. 0.926), Adjusted R2 (0.930 vs. 0.923), NSE (0.933 
vs. 0.926), and particularly in the KGE, which simultaneously accounts for correlation–
bias–variance components, it produces better validation averages (0.924 vs. 0.891); for 
MSE and RMSE, the two forms are practically equivalent (0.001259 vs. 0.001278 and 0.0352 
vs. 0.0354). The logarithmic form shows only a limited advantage in MAE (0.0277 vs. 
0.0293) and MAPE (23.19 vs. 24.07); however, these small differences are not large enough 
to reverse the linear form�s superiority in explanatory power and balanced fit metrics. 
Consequently, the logarithmic form was preferred for the X (West) component, and the 
linear form for the Y (South) component. 
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Figure 6. Monte Carlo cross-validation (MCCV, 15 iterations)-based model performance matrices: 
Comparison of training and validation success metrics for OLS-linear and OLS-logarithmic regres-
sions in the X (West) and Y (South) components of the cumulative displacement of the Burdur Lake 
LSA centroid. (Note: In Panels (a,e,i,m,q,u,y,ac) are for OLS-linear in the X (West) direction; 
(b,f,j,n,r,v,z,ad) panels present OLS-logarithmic results for the X (West) direction. Similarly, 
(c,g,k,o,s,w,aa,ae) panels show OLS-linear results for the Y (South) direction; (d,h,l,p,t,x,ab,af) pan-
els show OLS-logarithmic results for the Y (South) direction. Each panel presents the train (black 
solid) and validation (red solid) series along with their means (black dashed and red dashed) over 
15 MCCV steps; thus allowing (i) generalization gap (Train-Validation mean difference) and (ii) sta-
bility/fluctuation (volatility across MCCV steps) to be visually tracked. In maximization-based 
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metrics (R2, Adjusted R2, NSE, KGE [29,30]), a higher value indicates better fit; in minimization-
based metrics (MAE, MAPE, MSE, RMSE), a lower value indicates lower error.). 

3.3. Paired Non-Parametric Comparison of OLS Models 

The following section demonstrates whether the success metrics produced by the 
OLS-linear and OLS-logarithmic models over 15 MCCV steps differ statistically signifi-
cantly, based on the p-values from the Wilcoxon signed-rank test (a non-parametric test 
[31] for paired/dependent samples) reported in the 16 subpanels of Figure 7. Since the 
MCCV iterations come from the same data generation mechanism and the same iterations 
are compared at each step, the analyses were conducted in a matched-pairs (paired) de-
sign. Furthermore, due to the limitation of the number of iterations to 15 and the possibil-
ity that the normality assumption in the metric distributions may not be reliable, the Wil-
coxon signed-rank test, which does not require a distribution assumption, was preferred 
over parametric alternatives (e.g., paired-samples t-test). All hypothesis tests were applied 
as two-sided (two-tailed); the aim was not to test the superiority of any model in a direc-
tional manner, but to assess whether there was a statistically significant difference be-
tween the matched metric values. Three main comparisons are reported for each panel: (i) 
the Train-Validation difference in the linear model (generalization gap/overfitting signal), 
(ii) the Train-Validation difference in the logarithmic model, and (iii) the Validation dif-
ference between models (statistical divergence in validation performance). A significance 
level of α = 0.05 is used in the interpretations. 

The overall pattern of the Wilcoxon paired comparisons can be summarized in three 
findings (Figure 7). (i) Differences in validation performance between models in the X 
(West) direction are highly significant for all metrics-R2, Adjusted R2, NSE, MAE, MAPE, 
MSE, and RMSE (p < 0.001); the sole exception is KGE, where the two models do not differ 
in validation performance (p = 0.804). This result confirms that the logarithmic superiority 
in the X direction is not random within the MCCV uncertainty. (ii) In the Y (South) direc-
tion, however, the models are statistically equivalent in terms of explanatory metrics (R2, 
Adjusted R2, NSE; p ≈ 1.000) and MSE/RMSE (p ≥ 0.934); significant differences are ob-
served only in KGE (p = 0.012, in favor of the linear form) and MAE (p < 0.001), while 
MAPE remains borderline (p = 0.073). (iii) Training–validation (generalization gap) com-
parisons are largely insignificant; the few significant cases include the MAPE of the linear 
model in the X direction (p = 0.008), the MAPE of the linear model in the Y direction (p = 
0.035), and the KGE of the logarithmic model in both directions (p < 0.001); and the latter 
indicates the sensitivity of the logarithmic form�s KGE component balance to the transi-
tion from training to validation. 

When Figures 5 and 6 are evaluated together, it is clearly evident that the model-form 
selection for the X (West) and Y (South) components of the Burdur Lake LSA centroid 
cumulative displacement is direction dependent. In the X (West) direction, the OLS-loga-
rithmic model produced higher validation means/lower validation errors in both explan-
atory-based metrics (R2, Adjusted R2, NSE) and error-based metrics (MAE, MAPE, MSE, 
RMSE); this superiority is not limited to visual/mean comparisons but is also supported 
by Wilcoxon matched-pairs test results. Indeed, in the X (West) panels in Figure 7, the 
validation(linear)–validation(logarithmic) comparisons showed statistically significant 
differences at the p < 0.001 level across multiple metrics. Thus, it has been confirmed that 
the gain provided by the logarithmic form in the X component is not “random” within the 
MCCV uncertainty but is statistically strongly differentiated. Therefore, in forward simu-
lation and prediction steps, it would be more meaningful and statistically more accurate 
to model and base the X (West) component using the logarithmic form. 
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Figure 7. Two-sided matched Wilcoxon signed-rank test p-value matrices for the MCCV-based com-
parison of OLS-linear and OLS-logarithmic models in direction-based experiments and optimiza-
tion criteria. (Note: This figure summarizes the statistical significance of the differences between the 
performance metrics produced by OLS-linear and OLS-logarithmic models over 15 Monte Carlo 
cross-validation (MCCV) iterations using a two-sided matched Wilcoxon signed-rank test. Since the 
metrics produced in the same MCCV iteration were matched step-by-step, comparisons were made 
in a matched-pairs (paired) arrangement, with n = 15 matched observations for each pairwise com-
parison. Each subpanel displays the pairwise p-values between the four matched conditions (Linear-
Train, Linear-Validation, Logarithmic-Train, Logarithmic-Validation) for the relevant metric in a 
lower-triangular heatmap format (diagonal cells are defined as p = 1.000). The color scale encodes 
the magnitude of the p-value (darker shades indicate smaller p-values and stronger evidence against 
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the null hypothesis); values reported as p = 0.000 correspond to p < 0.001 due to rounding. The panels 
are organized based on (i) direction and (ii) success criteria: (West)-Maximization (a–d), X (West)-
Minimization (e–h), Y (South)-Maximization (i–l), and Y (South)-Minimization (m–p). Maximiza-
tion-based metrics include R2 (a,i), Adjusted R2 (b,j), NSE (c,k), and KGE (d,l); minimization-based 
metrics include MAE (e,m), MAPE (f,n), MSE (g,o), and RMSE (h,p). The pairwise comparisons in 
the subpanels serve three main purposes: (1) Train-Validation difference in the linear model (gen-
eralization gap/overfitting signal), (2) Train-Validation difference in the logarithmic model, and (3) 
Validation difference between models (statistical divergence in validation performance). A signifi-
cance threshold of α = 0.05 was used (two-tailed test). 

In contrast, in the Y (South) direction, while Figure 6 shows that the linear model 
offers a more advantageous profile on mean in metrics such as R2/NSE and KGE, the Wil-
coxon matrices in Figure 7 require a more cautious interpretation of the evidence regard-
ing the model form in the Y direction. For Y (South), validation(linear)–validation(loga-
rithmic) comparisons did not produce a meaningful difference in many metrics (particu-
larly in explanatory-based metrics such as R2, Adjusted R2, and NSE, where p-values were 
close to 1.000, indicating that the divergence was lost within the MCCV iterations). This 
finding indicates that the validation performance of the two models in the Y component 
remains largely statistically equivalent, thus not strongly supporting the claim of a “clear 
superiority” across many metrics. However, in modeling practice, not only statistical sig-
nificance but also the direction of mean validation success, the magnitude of the general-
ization gap, and the joint consistency of metrics are considered. In this context, since the 
linear model shows a tendency for more balanced/superior performance at the mean level 
in the Y (South) component and, in particular, offers a better profile in KGE, which is a 
balancing fit measure, the approach of treating the Y component with a linear form in 
subsequent simulation stages emerges as a more appropriate choice. 

3.4. 2026–2035 Projections 

Figure 8 is the key output that visually demonstrates the extent to which projections 
made for the 2026–2035 horizon remain stable under MCCV-based sampling randomness. 
Although the logarithmic form was found to be stronger in terms of both mean perfor-
mance and Wilcoxon matched-pairs test results in the X (West) direction in previous sec-
tions, the model selection was component-based due to the mean performance favoring 
the linear form in the Y (South) direction, despite no statistically significant difference be-
ing observed (see Figure 7). Nevertheless, regardless of this choice, all four basic models 
were projected within the same framework for 2026–2035. In each panel, the full-fit curve, 
15 separate Monte Carlo projections generated with 15 MCCV coefficients, and the MC-
Mean projection obtained from the mean of these coefficients are presented together for the 
same forecast horizon. The fact that the curves in all panels Figure 8a–d are very close to 
each other and maintain almost the same angular trend (parallel trend behavior) indicates 
that the coefficients remain stable throughout the MCCV and that the projection is not 
overly sensitive to a single split. Additionally, the fact that the upper and lower prediction 
interval (PI) limits given at the α = 0.05 level form a similarly narrow and regular band across 
all four panels indicates that uncertainty remains manageable when projected to the 2026–
2035 horizon. The β0 and β1 coefficients, which are the parametric source of this consistency, 
are also reported in Table 1 in a traceable manner based on MCCV steps. The absence of 
outliers in the coefficient distributions and the balanced structure of the medians/quartiles, 
supported by Figure 5, reinforce the methodological reliability of the projections. 
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Figure 8. Comparison of 2026–2035 projections under MCCV uncertainty (n = 15): Full-fit, 15 Monte 
Carlo (MCCV) projections, and MC-Mean projection for OLS-linear and OLS-logarithmic trend 
forms in the X (West) and Y (South) components, along with 95% PI (α = 0.05). Panels: (a) X-linear, 
(b) X-logarithmic, (c) Y-linear, (d) Y-logarithmic. Each panel shows 17 forecast curves (15 MC + 1 
MC-Mean + 1 Full-fit) for the 2026–2035 horizon. All projection curves are anchored to the most 
recent observed centroid position; this shift correction does not alter the estimated trend coefficients 
or the statistical results. 

Figure 9a. This figure shows the cross-scenario where the OLS-linear components for 
X (West) and Y (South) are used together (Figure 8a,c). (Note: This combination should be 
interpreted as a “reference/alternative” scenario because it imposes a linear form on both 
axes: Considering that the logarithmic form in the X direction is evident both in mean 
performance and in Wilcoxon comparisons (Figure 6), even if the projection bundle in 
panel (a) is “consistent and parallel,” it is a secondary scenario in terms of representing 
the model-form preference in the X component. However, the narrow and closely spaced 
bands indicate that the MCCV coefficients (Table 1) remain stable under sampling ran-
domness and that the spatial projection is geometrically controlled.) 

Figure 9b. This is the most expected scenario, combining the OLS-logarithmic com-
ponent for X (West) and the OLS-linear component for Y (South) (defined as the target 
scenario matching Figure 8b,c). This panel represents the most consistent combination 
based on model selection rationale. The logarithmic form in X produces meaningful and 
robust improvements in validation metrics. The linear form in Y maintains superior mean 
performance and provides a more balanced profile than the logarithmic form in many 
metrics (see Figure 6). Furthermore, the fact that the form difference in the Y direction 
does not become statistically significant in most metrics (Figure 7) makes the linear selec-
tion risk-minimizing. Consequently, the panel in Figure 9b can be reported as the main 
scenario from both a methodological (statistical evidence) and practical (mean superiority 
and stability) perspective. 
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Figure 9. Spatial representation of 2 × 2 cross-trend scenarios under the 2026–2035 projections: The 
addition of Monte Carlo-based joint prediction intervals (joint PI, 95%) generated by four combina-
tions of OLS-linear and OLS-logarithmic trend forms for the X (West) and Y (South) components 
onto the observed (2015–2025) centroid points. A total of 17 × 17 = 289 projection curves (15 MCCV 
coefficient sets + MC-Mean + full-fit for each direction) for a single scenario in each panel were eval-
uated together, and the pattern consistency and geometric projection of near-future scenarios (2026–
2035) were visualized. The meaningful separation of the logarithmic form in the X direction is sup-
ported by the matched comparisons in Figure 6, while the lack of statistical significance of the linear–
logarithmic difference in the Y direction for most metrics (Figure 6) was referenced in the scenario 
interpretations. The panels correspond to the following combinations of trend forms: (a) X-linear 
and Y-linear, (b) X-logarithmic and Y-linear, (c) X-linear and Y-logarithmic, and (d) X-logarithmic 
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and Y-logarithmic. All projection curves are anchored to the most recent observed centroid position; 
this shift correction does not alter the estimated trend coefficients or the statistical results. 

Figure 9c. It presents the unexpected/reverse scenario where the OLS-linear compo-
nent for X (West) and the OLS-logarithmic component for Y (South) are combined (Figure 
8a,d). This combination is particularly important for testing model-form sensitivity, as it 
contradicts the prominence of the logarithmic form in the X component (Figure 6). The 
projection bundle remains tight and parallel, indicating that the trend direction does not 
change under uncertainty; however, it suggests linearization in the X component for optimal 
form selection. The selection of the logarithmic form in the Y component remains a possible 
alternative, as the statistical distinction in Y is not confirmed for most metrics (see Figure 7); 
however, since the mean performance superiority is linear (see Figure 6), the panel in Figure 
9c should be positioned as a sensitivity scenario rather than the main scenario. 

Figure 9d. This is the full-logarithmic scenario using the OLS-logarithmic compo-
nents for X (West) and Y (South) together (Figure 8b,d). This choice is consistent with both 
mean performance and statistical divergence for the X direction (Figure 7); therefore, 
panel (d) of Figure 9 has a strong basis for the X component. For the Y direction, although 
the log form is competitive in some error metrics (see Figure 6), it does not consistently 
show statistical superiority in most measures (see Figure 7); therefore, the panel in Figure 
9d is reported as a possible but secondary scenario. Nevertheless, the consistent bundle 
behavior of the entire logarithmic scenario is an important control output, highlighting 
that the MCCV coefficients (see Table 1) and coefficient stability (distributional con-
sistency in Figure 5) are successfully transferred to the projection geometry. 

At this point, the limitations of the projections must be clearly stated. The 2026–2035 
projections are extrapolations based on a single observation window of approximately ten 
years and rely on the assumption that the trend pattern (stability) will persist into the 
future. The reported forecast ranges reflect only coefficient (sampling) uncertainty; they 
do not account for potential changes in climate regimes, disruptions in groundwater use 
and water management policies, exceptionally dry or wet years, or structural uncertain-
ties inherent in the model itself. Therefore, the presented ranges should be interpreted not 
as a definitive forecast of the future, but within the framework of scenario continuity—
that is, “assuming the current trend continues”; the validity of this assumption naturally 
weakens as the projection horizon extends. 

4. Discussion and Conclusions 
In this study, changes in the surface area of Lake Burdur during the 2015–2025 period 

and the resulting directional movement of the lake�s geometric center were analyzed us-
ing Sentinel-2 L2A satellite imagery. Monthly lake surface area masks were obtained us-
ing a fixed study window, a lake vicinity mask, and unsupervised K-means clustering 
with three classes; subsequently, centroid locations were calculated from these masks to 
model the cumulative displacement components in the West and South directions. In this 
regard, the study provides a more interpretable monitoring framework that explains not 
only the shrinkage of the lake area but also the spatial direction in which the shrinkage is 
concentrated. 

The findings indicate that the centroid movement in Lake Burdur exhibits different 
trend structures depending on the direction. In the X/West direction, the OLS-logarithmic 
model produced higher validation success and lower error compared to the linear model 
in terms of R2, Adjusted R2, NSE, and error metrics. Wilcoxon paired comparison results 
also showed that this difference was statistically significant across many metrics. In con-
trast, in the Y/South direction, the linear model offered a more balanced performance, 
particularly in terms of mean validation success and the KGE metric; although the 
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logarithmic model was competitive in some error metrics, the linear form was found to be 
more appropriate for overall model selection. This result indicates that lake shrinkage 
does not exhibit the same uniform geometric behavior as the horizontal and vertical di-
rectional components. 

The 2026–2035 projections have yielded significant results regarding the incorpora-
tion of MCCV-based parameter uncertainty into forward-looking spatial scenarios. The 
fact that the projection curves obtained under different model combinations form closely 
spaced and regular bands indicates that the model parameters are robust to sampling un-
certainty. In particular, the scenario using a logarithmic model in the X direction and a 
linear model in the Y direction can be considered the most consistent main scenario in 
terms of both statistical evidence and mean performance metrics. This finding suggests 
that the centroid movement in Lake Burdur may exhibit a controlled yet ongoing spatial 
shift trend in the coming years. 

When evaluated in conjunction with the literature on watersheds, the likely drivers 
of the observed loss of area and centroid shift can be grouped under three main headings. 
First, within the natural variability of the semi-arid Mediterranean climate, there is an 
increase in evaporation and reference evapotranspiration (ET0) driven by precipitation 
deficits and rising temperatures; due to its closed-basin nature, Lake Burdur�s water 
budget is directly and unmitigatedly sensitive to atmospheric water loss [19,20]. Second, 
the widespread use of groundwater extraction and agricultural irrigation in the basin: 
these anthropogenic interventions reduce both the surface runoff reaching the lake and 
the groundwater component that feeds it [19,20]. Third, the lake�s bottom topography: 
since shrinkage leads to the drying up of larger areas in sections with shallow shoreline 
flats, the west–southward movement of the centroid is consistent with the relatively rapid 
drying of shallow areas in the opposite (northeast) sections of the lake; however, this in-
terpretation requires verification through bathymetric data and shoreline analyses. It 
should be strongly emphasized that, since the trend models in this study are established 
solely based on time, the assessments of drivers presented here do not constitute causal 
inferences but rather a qualitative association grounded in the literature. 

Figure 10 presents the time series of lake surface area (LSA) derived from a 111-
month water mask. The surface area, which was 136.82 km2 in September 2015, had de-
creased to 117.06 km2 by November 2025; a significant loss of 19.76 km2 (14.4%) occurred 
over the 10.16-year observation period. The OLS-linear trend indicates a remarkably sta-
ble rate of shrinkage of −1.80 km2/year (R2 = 0.979). This stability suggests that the loss 
reflects the cumulative effect of a persistent atmospheric forcing—evaporative demand 
(ET0) driven by a precipitation deficit and rising temperatures—rather than isolated 
drought events; under closed-basin conditions, this monotonous decrease in surface area 
can be interpreted as a direct surface signature of the disruption in the climate–evapora-
tion balance [19,20,22]. The fact that seasonal fluctuations remain within a narrow band 
around the trend line also supports the high signal-to-noise ratio and the dominant role 
of atmospheric water budget components. 
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Figure 10. A monthly time series of the surface area (LSA) of Lake Burdur derived from Sentinel-2 
data (September 2015-November 2025, n = 111) and the OLS-linear trend (−1.80 km2/year; R2 = 0.979). 
The starting and ending values are marked on the graph. 

The practical benefit of centroid tracking can also be justified within this framework: 
while the area series indicates “how much” the lake has shrunk, centroid kinematics sum-
marizes “where and in which direction” the shrinkage is concentrated, providing a com-
pact vector indicator that cannot be derived from the area series alone. This directional 
information provides a low-cost early-warning indicator for monitoring and prioritizing 
areas at risk of dust/salt aerosol emissions from drying lake beds, ecologically critical shal-
low habitats, and shoreline uses. 

In semi-arid closed basins, lake surface area is both a result and a component of at-
mosphere–surface interactions: (i) in closed lakes, atmospheric evaporation is the domi-
nant loss term in the water budget, and the shrinkage observed in the area series serves 
as an integrated surface indicator of both regional precipitation deficits and increasing 
evaporative demand; (ii) a shrinking water surface feeds back into micro- and mesoscale 
atmospheric conditions by altering local humidity, temperature, and lake breeze regimes; 
and (iii) drying salt lake beds have the potential to become a source of atmospheric dust 
and salt aerosols, as documented in the Aral Sea case [3,4,32]. Therefore, the Sentinel-2-
based area and centroid monitoring framework is positioned as an observational infra-
structure that provides consistent long-term observations of lake surface dynamics. 

In conclusion, this study demonstrates that changes in surface area in lakes charac-
terized by semi-arid and closed-basin conditions can be monitored not only through spa-
tial extent but also through centroid kinematics. In the case of Lake Burdur, the proposed 
approach combines remote sensing, unsupervised segmentation, directional trend mod-
eling, and Monte Carlo cross-validation to provide a more robust explanation of the spa-
tial characteristics of lake shrinkage. However, the study�s limitations include cloud cover 
in satellite images, the sensitivity of segmentation class interpretations to image quality, 
and the fact that trend models were established solely on a time-dependent basis. In future 
studies, incorporating hydro-climatic and anthropogenic variables such as precipitation, 
temperature, evaporation, groundwater use, and agricultural irrigation into the model 
will contribute to a more comprehensive explanation of the cause-and-effect relationships 
underlying the drawdown dynamics of Lake Burdur. However, all 111 water masks used 
in the analysis, along with their centroid locations and the reference contour dated 18 Sep-
tember 2015, are presented in Appendix C; this comprehensive visual inspection con-
firmed that the masks contained no cloud-induced gaps or discontinuities, that the 
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centroid progression was regular, and that the water mass did not reach the boundary of 
the fixed working window on any date. 

To these limitations, we must also add the fact that segmentation accuracy could not 
be quantitatively assessed using an independent reference dataset. Since there were no 
field measurements taken simultaneously with the coastline during the study period, nor 
a consistent, higher-resolution reference dataset spanning the study dates, a formal accu-
racy assessment using an error matrix or Kappa coefficient could not be performed; this 
is a clear limitation of the study. However, three indirect quality indicators support the 
reliability of the results: (i) a visual inspection of all 111 masks presented in Appendix C 
revealed no cloud-induced gaps, discontinuities, or classification fragmentation; (ii) the 
centroid and area time series progress steadily without sudden jumps, which are typical 
signs of classification errors; and (iii) the low dispersion of the area series around its linear 
trend (R2 = 0.979) indicates intra-series consistency. A cross-validation with the “water” 
class in the Scene Classification Layer of L2A products is planned as a means of partial 
independent validation in future studies. 
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OLS Ordinary Least Squares 
MCCV Monte Carlo Cross-Validation 
CV Cross-Validation 
NSE Nash–Sutcliffe Efficiency 
KGE Kling–Gupta Efficiency 
MAE Mean Absolute Error 
MAPE Mean Absolute Percentage Error 
MSE Mean Squared Error 
RMSE Root Mean Square Error 
PI Prediction Interval 
N North 
NE Northeast 
E East 
SE Southeast 
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Appendix A 

 

Figure A1. AIC and BIC diagnostic plots for determining the number of clusters in the K-Means 
algorithm. Panel (a) shows the variation in AIC values as a function of the number of clusters, while 
panel (b) shows the variation in BIC values as a function of the number of clusters. In both panels, 
the minimum values are obtained at k = 8, although the most pronounced decrease occurs between 
k = 1 and k = 3. After k = 3, the improvement in the curves becomes more limited. This suggests that 
clusters beyond the third represent nuances in hue and intensity within existing classes rather than 
forming new main surface classes. Therefore, considering both model simplicity and physical inter-
pretability, the number of clusters for the K-Means algorithm was selected as k = 3. In both panels, 
the orange marker denotes the global minimum of the corresponding information criterion (k = 8), 
while the vertical dashed lines mark this minimum and the selected number of clusters (k = 3). (k = 
n_cluster parameter). 

Appendix B 

 

Figure A2. Model-based β distribution summary (X-linear, X-logarithmic, Y-linear, Y-logarithmic); 
Here, the coefficient distributions of (a) X (West) linear, (b) X (West) logarithmic, (c) Y (South) linear, 
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and (d) Y (South) logarithmic models are presented in a more compact form, supporting the findings 
in Table 1 and Figure 5 of the main text with a complementary visual summary. 

Appendix C 

 

Figure A3. The fixed study window boundary based on the union of all 111 monthly dual-water 
masks for the 2015–2025 period and (the last panel) the union of the 111 masks. Each panel shows 
the centroid location (black dot) for the corresponding date and the reference lake contour (red) as 
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of 18 September 2015. It can be seen that none of the masks contain cloud-induced gaps or disconti-
nuities, the centroid progression is regular, and the water body does not reach the window bound-
ary on any date. 
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