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Abstract 

A reliability-oriented Sentinel-2 workflow was implemented for Oguta Lake, Nigeria, to retrieve 

Coloured Dissolved Organic Matter (CDOM), turbidity, chlorophyll a (Chl-a), Secchi disk depth 

(SDD), and total suspended solids (TSS). Sentinel-2 MSI Level-2A imagery spanning 2020 to 2025 

was processed in Google Earth Engine using cloud and shadow masking, NDWI water masking, and 

radiometric normalisation. Field and laboratory measurements were collected at six sites on 6 

February 2025; one site (GT6) was excluded after NDWI water‑domain screening, so model 

calibration and LOOCV used N = 5 match-ups. Given the extreme calibration scarcity, high capacity 

regressors were avoided and final models were restricted to low capacity, positivity by design log 

linear forms, with fixed pipeline leave one out cross validation used for internal stability assessment 

(MAE and MdAPE). Ground-truth representativeness across optical regimes was evaluated by 

sampling a K-Means optical stratification (k = 8) at the sampling sites, and mapping-domain 

coherence was examined using Pearson and Spearman plausibility diagnostics across a stratified 

auxiliary time series. Results were parameter dependent. CDOM and turbidity supported cautious 

semi‑quantitative/relative interpretation, while SDD was best treated as relative‑only; TSS and Chl‑a 

remained exploratory under N = 5. 
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1.0 INTRODUCTION 

Sustained inland water-quality monitoring is difficult to maintain where field programmes are under-

resourced, logistics are challenging, and laboratory capacity is limited. In many sub-Saharan African 

settings, routine monitoring is reported as costly and operationally difficult to sustain, so 

measurements are often collected intermittently rather than as continuous, long-term observations 

[1][2]. Documented cost drivers include staff time, transport, and consumables, such that even basic 

monitoring designs can become prohibitive when scaled spatially or sustained over long periods [3]. 

These constraints produce a familiar scientific dilemma: the water bodies of highest management 

interest are often those with the least consistent in situ data support, limiting evidence-based decision-

making and the ability to diagnose change.  

Satellite remote sensing is increasingly used as a complementary modality in such contexts because 

it can provide repeated, synoptic coverage that is not feasible through field sampling alone. Remote 

sensing can support screening, spatiotemporal mapping, hotspot identification, and relative change 

detection—functions that are valuable even when absolute concentration retrieval is uncertain. 

However, general reviews of inland water-quality remote sensing also emphasise that algorithm 

transferability remains a central limitation: performance can vary strongly by parameter, by lake, and 

by season, particularly in optically complex waters and when in situ calibration is sparse [4][5][6]. 

The implication for data-scarce environments is that the key scientific question is often not merely 

“Can we fit a model?”, but “What is the most defensible level of interpretation the model can support, 

given known constraints?” 

1.1 Case‑2 optical complexity   
 

Many inland waters are optically complex (often described as Case‑2), meaning that surface 

reflectance is jointly influenced by phytoplankton pigments, Coloured Dissolved Organic Matter 

(CDOM), and suspended particulate matter. This conceptual framing highlights that spectral signals 

rarely respond to a single constituent in isolation; rather, mixtures and covariation can confound 

simple indices and reduce transferability across sites and seasons [7][5]. In practice, this means that 

retrieval performance is often parameter-dependent and regime-dependent. Multispectral retrievals 

of turbidity and suspended matter are frequently reported as more robust than chlorophyll‑a retrievals 

in Case‑2 conditions, because pigment absorption features can be masked by sediment backscatter 

and CDOM absorption, especially when atmospheric correction uncertainty and adjacency effects are 

present [4][6]. Consequently, inland-water remote sensing workflows must be designed to manage 
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confounding, minimise avoidable radiometric artefacts, and communicate uncertainty in a way that 

matches the strength of evidence. 

1.2 Atmospheric Correction and Adjacency Effects 
 

Atmospheric correction is a dominant uncertainty source in aquatic remote sensing because the water-

leaving signal is typically a small fraction of the radiance measured by the sensor. Teaching materials 

commonly emphasise that, over water, atmospheric path radiance can account for the large majority 

of the top-of-atmosphere signal, so modest residual errors in aerosol correction may propagate into 

substantial uncertainty in water-quality retrievals. Over inland waters, these challenges can be 

compounded by adjacency effects from surrounding land, spatially heterogeneous aerosols, and thin 

haze, which can bias surface reflectance over dark targets and degrade algorithm transferability [8]. 

These constraints are particularly important when calibration data are sparse because they limit the 

ability to separate model error from radiometric error empirically. 

In this study, Sentinel‑2 MSI Level‑2A surface reflectance was used as the primary radiometric input 

because it provides a consistent multi-year archive that is directly accessible in Google Earth Engine 

(GEE), supporting reproducible time-series processing at scale. Level‑2A reflectance is produced 

operationally through Sen2Cor processing, whose assumptions and limitations are documented in the 

Sentinel‑2 Level‑2A ATBD [9]. Although aquatic-focused atmospheric correction processors (e.g., 

ACOLITE) have been developed to improve correction over inland and coastal waters through 

approaches such as dark spectrum fitting [10], a Sen2Cor-based baseline was retained here to 

maintain internal consistency across the 2020-2025 archive and to avoid mixing processor-dependent 

reflectance baselines in an extreme sparse-calibration setting. 

These atmospheric-correction limitations were not treated as incidental; instead, they were 

incorporated into the workflow as explicit reliability constraints. The pre-processing chain includes 

aggressive cloud and shadow masking (Scene Classification Layer combined with Sentinel‑2 cloud 

probability masking), NDWI water masking to enforce a water-only domain, and radiometric 

normalisation (C-correction) to reduce scene-to-scene illumination variability prior to predictor 

computation. In addition, reflectance integrity is evaluated through a pixel-wise negative reflectance 

prevalence diagnostic over the NDWI-water mask for bands B2-B5, used as a transparent indicator 

of non-physical artefacts in the mapping domain rather than assuming radiometric correctness by 

default. Collectively, these safeguards aim to reduce cloud/haze contamination and make residual 

atmospheric and adjacency uncertainty visible in reported diagnostics, consistent with inland-water 
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syntheses that frame retrieval performance as jointly constrained by optical complexity, atmospheric 

correction, and transferability [5][6]. 

1.3 The Sparse-Calibration Problem: Internal Stability Versus Transfer Risk   
 

A recurring weakness in water-quality remote sensing studies is the tendency to report predictive 

performance without clearly separating internal stability (how a calibrated relationship behaves under 

resampling of available match-ups) from transfer risk (how predictions may degrade across time, 

water types, and atmospheric conditions not represented in the calibration set). Under severe 

calibration scarcity, these can diverge sharply: a model may appear stable within a small set of match-

ups but remain unreliable when transferred across seasons or optical regimes. This risk is amplified 

when model selection (predictor choice, transformations, hyperparameters) is conducted on the same 

limited dataset used for evaluation, producing optimistically biased performance estimates and 

unstable inference [11]. Therefore, this study adopts a reliability-oriented reporting stance in which 

internal error is quantified conservatively while external transfer limitations are communicated 

explicitly through match-up timing, optical representativeness, and mapping-domain diagnostics 

rather than through overstated claims of “independent validation” [12]. Accordingly, internal stability 

is evaluated using leave-one-out cross-validation (LOOCV) under extreme scarcity, and model 

capacity is restricted to reduce overfitting risk. Transfer risk is treated as a central interpretive axis: it 

is evidenced through (i) satellite-field temporal offsets, (ii) representativeness of ground-truth points 

across optical regimes, and (iii) mapping-domain coherence checks. Under such constraints, 

reliability assessment is best treated as a structured evidence package—combining error-based 

summaries, conservative model specification, representativeness diagnostics, and plausibility checks 

rather than as a single “accuracy” statistic [5][6]. 

The study addresses three research questions:  1. Which Sentinel‑2 predictors derived from B2-B5 

yield the most stable internal behaviour under LOOCV when model capacity is restricted and non-

negativity is enforced by design?   2. How does operational interpretability differ among parameters 

when internal stability, representativeness constraints, and plausibility diagnostics are jointly 

considered?  3. How should transfer risk be communicated for a multi‑year mapping domain where 

calibration support is sparse? 

 

2.0 STUDY AREA 

Oguta Lake is a major natural freshwater lake in Imo State, southeastern Nigeria, supporting fisheries, 

domestic use, irrigation and tourism, and exhibiting documented physicochemical variability linked 
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to human activity and strong wet-dry seasonality [13][14][15][16]. The lake is a Ramsar-designated 

wetland (Site 1757; designated 30 April 2008) with Ramsar coordinates 05°42′13″N, 06°48′03″E and 

a reported site area of 572 ha [17]. The ILEC World Lake Database places Oguta Lake within ~5°41′-

5°44′N and 6°41′-6°50′E at low elevation (<50m a.s.l.) and characterises it as shallow (maximum 

depth ~8.0 m; mean depth ~5.5 m) with shoreline length ~10 km and seasonal surface area variability 

(dry: ~1.8 km²; wet: ~2.5 km²; Ramsar water area ~180-300 ha) [18][19][17]. Hydrologically, Ramsar 

reports perennial inflows from the Njaba, Utu and Awbuna rivers and outflow to the Orashi River; 

these connections, together with seasonal forcing, can alter suspended sediment inputs, water colour 

and clarity on short timescales, contributing to tropical Case‑2 optical complexity [17][16][5]. To 

contextualise the magnitude of satellite-derived products (as scale-of-variation evidence, not 

validation), published ranges indicate turbidity of 0.40-20.60 NTU (dry) and 0.80-23.30 NTU (rainy) 

and TSS of 2.20-19.60 mg L⁻¹ (dry) and 2.70-20.60 mg L⁻¹ (rainy) [16]; transparency/SDD of 0.6-

4.0 m (May 1982-April 1983) and 0.61-4.50 m (compilation) [18] [19]; and chlorophyll‑a of 0.18-

0.51 µg L⁻¹ (surface waters, early 1983) [18]. Direct published CDOM/aCDOM measurements 

specific to Oguta Lake were not identified in accessible sources; a reported “water colour” of 90.67 

Pt-Co is therefore provided only as qualitative context [20]. 

  

Figure 1a: Study area map showing lake extent. Adapted from [21]; original cartography credited 

therein 
 

 

Figure 1b: Map of the Area of Interest with the Ground-truth sampling locations (GT1-GT6), and the 48 

auxiliary spectrally stratified sampling points. 
 

https://portal.issn.org/resource/ISSN/2354-3361
https://doi.org/10.5281/zenodo.20709231
http://www.journals.unizik.edu.ng/jsis
https://journals.unizik.edu.ng/jsis


Journal of Spatial Information Sciences                                  ISSN: 2354-3361 

Vol. 3, Issue 1, pp 225–242, 2026                DOI: https://doi.org/10.5281/zenodo.20709231 

Published 15-05-2026 

www.journals.unizik.edu.ng/jsis 

231 
C. I. C. ACHIONYE, J. I. IGBOKWE, M. O. IGBAFEN 

The analysis domain was restricted to water pixels within a rectangular AOI (WGS84/EPSG:4326) 

bounded by 6.7737276-6.8107663°E and 5.6974802-5.7156194°N (≈4.1 km × 2.0 km; ~8.2 km²), 

with centroid at ~ (6.79225°E, 5.70655°N) (Fig. 1b). 

 

3.0 MATERIAL AND METHODS 

 

Figure 2: Reliability-oriented Sentinel‑2 workflow for water-quality retrieval of the Study 

 

 
 
 

3.1 Satellite data and spectral inputs   
 

Sentinel‑2 MSI Level‑2A surface reflectance imagery was accessed in Google Earth Engine (GEE) 

from the Harmonised Sentinel‑2 SR collection (COPERNICUS/S2_SR_HARMONIZED) for 2020-

2025 [22]. Predictors were restricted to B2 (blue), B3 (green), B4 (red), and B5 (red‑edge) to maintain 

consistent spatial support and avoid resampling artefacts. Where reflectance was stored as scaled 

integers, values were converted to unit reflectance using ρ = DN / 10000. Basic integrity screening 

masked clearly non‑physical reflectance values prior to predictor computation (e.g., ρ < 0 or ρ > 1 

under unit scaling). Negative‑reflectance prevalence was then quantified separately as a 
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mapping‑domain diagnostic over NDWI‑water pixels (Section 3.8), rather than addressed through 

post‑hoc clipping. 

 

3.2 Field and laboratory data (N = 6) and match-ups  
 

Field sampling and laboratory measurements were collected at six sites (N = 6) on 6 February 2025. 

One site (GT6) fell outside the NDWI-defined water domain used for water-only stratification and 

was therefore excluded from calibration. Modelling and LOOCV were performed on N = 5 match-

ups. Laboratory Parameter ranges were: 1.29 - 2.42 NTU for Turbidity,  0.786 - 1.28 mg L-1 for TSS, 

1.5-3.0m for SDD, Chl-a 0.00221 - 0.0506794 mg ml-1.  CDOM was used as the laboratory-reported 

concentration (g m⁻³) with range 1.306 - 1.803, so absorbance measurements were not used as the 

calibration target.  

The temporal offset between field sampling and satellite acquisition (ddays) was recorded and used 

as a transfer‑risk indicator. 
 

3.3 Pre-Processing in Google Earth Engine  
 

Cloud and shadow screening combined the Sentinel‑2 Scene Classification Layer (SCL) with the 

Sentinel‑2 cloud probability product (COPERNICUS/S2_CLOUD_PROBABILITY), following 

established s2cloudless-style GEE masking guidance [23][24]; this was necessary because residual 

haze/thin cloud can produce large artefacts over dark water targets [8]. Water pixels were delineated 

using the Normalised Difference Water Index (NDWI) [25][26], computed as NDWI = ((ρB3 - ρB8) 

/ (ρB3  + ρB8)), and a threshold mask (NDWI > -0.01) was applied to enforce a water-only domain 

for retrieval and clustering. Radiometric normalisation used a C‑correction approach to reduce inter-

scene reflectance variability associated with illumination (solar/terrain geometry) differences [27]; 

although local relief is low, this step was retained as a precaution in the multi-year workflow. 
 

 

3.4 Optical Stratification and Auxiliary Sampling (K = 8; N = 48)   
 

To characterise optical variability independently of the sparse ground-truth set, an unsupervised 

stratification was performed over the NDWI-defined water domain. A proxy feature stack was built 

from the corrected Sentinel‑2 composite using five proxy layers (turbidity, CDOM, TSS, Chl‑a, and 

SDD proxies) and clustered with a Weka K-Means clusterer (k = 8). A stratified auxiliary sample of 

48 points (six per class) was drawn from the clustered domain and used only for mapping-domain 

characterisation, plausibility diagnostics, and time-series extraction; these points were excluded from 

calibration to reduce circular evaluation. A dense auxiliary time series (2020-2025) was then extracted 
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at auxiliary points for corrected B2-B5 reflectance and proxy layers, with date metadata (year, month, 

optical class, and a normalised wet/dry seasonal label) retained for interpretation. 
 

3.5 Ground-Truth Representativeness Diagnostics  
 

As clustering was performed only over NDWI-water pixels, NDWI water-mask membership was 

sampled at each ground-truth site. Optical-class membership was obtained by sampling the final 

cluster raster at each site in GEE; to ensure masked points were retained in exports, unmask(-1) was 

applied such that opt_class = -1 indicated “outside classified water domain/no data.” Results were 

reported in Table 2. 
 

3.6 Predictor Engineering and Restricted Model Specification   
 

Candidate predictors were generated from B2-B5 reflectance using low-order algebraic transforms 

(ratios, differences, inverse terms, normalised differences, and logarithmic transforms). To enforce 

non-negativity without post-hoc clipping and to reduce overfitting risk under very small N, final 

models were restricted to a positivity-by-design log-linear form:   

ypred = exp(a+bx). High-capacity nonlinear models were avoided because model selection on 

extremely small samples can produce unstable inference and optimistically biased performance 

estimates [28][11]. Predictor-model pipelines were ranked using a fixed-pipeline LOOCV procedure, 

prioritising MAE and supported by MdAPE. 
 

3.7 Internal Stability Assessment 
 

Internal stability was assessed with leave-one-out cross-validation (LOOCV) across the five match-

ups: in each fold, one site was withheld, the model was fitted on the remaining sites, and the withheld 

site error was computed. Under N = 5, LOOCV was used as an internal stability indicator rather than 

a claim of external validity. Performance was reported using error-based metrics that remain 

interpretable under small samples: MAE (in parameter units) and MdAPE (median absolute 

percentage error). Correlation-style metrics (e.g., R2) were not treated as headline evidence due to 

instability under very small N and sensitivity to leverage points. LOOCV results were summarised in 

Table 4 with an operational reliability interpretation.  

3.8 Negative Reflectance Prevalence (pixel-wise; B2-B5) 
 

A mapping-scale integrity diagnostic quantified negative surface reflectance prevalence over the 

NDWI-water domain. For each Sentinel‑2 SR image passing cloud/shadow masking, the percentage 

of valid water pixels with reflectance < 0 was computed for B2-B5 as 100×(negCount/validCount), 
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where validCount is the number of unmasked water pixels. Images with validCount = 0 were flagged 

as not computable and excluded from summaries. No post-hoc clipping of reflectance values was 

applied in this diagnostic.   
 

3.9 Physical plausibility diagnostics 
 

 Coherence among retrieved clarity/particulate indicators were computed using products generated 

from the final N=5 model coefficients applied across the auxiliary time series (n = 3,832) using 

Pearson r and Spearman ρ. Three relationships were assessed: SDD-turbidity, TSS-turbidity, and TSS-

SDD. These correlations were interpreted as plausibility/coherence checks rather than accuracy 

measures, with relationships involving exploratory products treated conservatively; results were 

visualised in Figure 3. 
 

 

3.10 Reliability Classification Scheme   
 

Operational reliability was classified into three categories: (1) semi‑quantitative (cautious), (2) 

relative‑only, and (3) exploratory. Classification was assigned parameter-by-parameter using 

evidence from the final model forms (Table 3), LOOCV error behaviour (Table 4), ground-truth 

representativeness diagnostics (Table 2), negative-reflectance diagnostics, and plausibility coherence 

(Figure 3). 

 

4.0 RESULTS AND DISCUSSION  

4.1 Archive support and mapping‑domain evidence (2020-2025)  
 

A dense Sentinel‑2 record supported multi‑year mapping and diagnostics across 2020–2025. To 

characterise mapping‑domain behaviour independently of calibration, an auxiliary framework was 

retained comprising 3,832 space–time observations extracted at stratified auxiliary points with 

month/season metadata. This separation reduces circular evaluation risk and supports domain‑level 

plausibility assessment under known dependence pitfalls in remote‑sensing accuracy reporting. As a 

pixel‑wise reflectance‑integrity check over the NDWI‑water domain, negative reflectance prevalence 

was evaluated for B2–B5 across the retained archive (101 observations). Negative reflectance was 

not observed over valid water pixels (archive‑wide prevalence 0.00% per band); two images yielded 

no valid water pixels after masking and were treated as not computable rather than as evidence of 

radiometric artefact. This supports numerical stability of predictor computation, while not precluding 

positive-valued adjacency/aerosol residual biases.  
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4.2 Field calibration match-ups and constraints (six sites sampled; N = 5 modelled) 

Field and laboratory observations were acquired at six sites on 6 February 2025 and matched to the 

nearest valid Sentinel‑2 acquisition meeting masking rules. Match-up timing offsets were 

heterogeneous (e.g., −1 day, +4 days, +9 days), implying non‑uniform transfer risk because optical 

mixtures and atmospheric residuals can shift over short intervals in tropical inland waters [5][6]. One 

site (GT6) was excluded prior to modelling because it was not classified as water by the NDWI mask 

used to define the water-only domain for clustering and retrieval support, yielding N = 5 match-ups 

for calibration and LOOCV. Given this scarcity and timing structure, independent external validation 

is not claimed; LOOCV is treated as an internal stability indicator and transfer limitations are 

communicated through representativeness and mapping‑domain coherence diagnostics [28][11]. 

4.3 Optical stratification and representativeness of ground truth  
 

Table 2: Optical class membership of each groundtruth point 

SAMPLE_ID IS_WATER OPT_CLASS LONGITUDE LATITUDE 

GT1 1 7 6.776152 5.703515 

GT2 1 1 6.782249 5.708135 

GT3 1 7 6.798308 5.710561 

GT4 1 4 6.807126 5.701492 

GT5 1 2 6.80456 5.70228 

GT6 0 -1 6.798028 5.707595 

 

Unsupervised stratification was implemented using K-Means (k = 8) over the NDWI‑defined water 

domain. A balanced auxiliary sample (48 points) was drawn across classes for time‑series extraction 

and plausibility diagnostics and was excluded from calibration to preserve a non‑circular evidence 

stream. Ground‑truth representativeness was assessed by sampling NDWI water membership and the 

final cluster raster at each ground‑truth location (Table 2). Five sites were classified as water (is_water 

= 1) and assigned optical classes; four of the eight classes were represented (1, 2, 4, and 7), with two 

sites sharing class 7. This indicates that calibration spans multiple optical regimes but remains sparse 

at the class level, so transfer to unrepresented classes is weakly supported under N = 5 and mapped 

products require conservative interpretation outside represented regimes [7][5][6].  

4.4 Final Retrieval Suite and Predictor Structure 
 

Table 3: Final retrieval Models fit on N=5 match-ups 

Parameter Predictor x Model Coefficients (a, b) 

CDOM x=1/ρB3 log-y linear a = 1.032144; b = -0.119324 
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Turbidity x=1/ρB3 log-y linear a = -1.261022; b = 0.342351 

TSS x=ρB4 log-y linear a = -0.724147; b = 3.944924 

SDD x=ρB5/ρB3 log-y linear a = 3.737193; b = -3.152079 

Chl-a x=ρB2-ρB4 log-y linear a = -4.379754; b = 22.884158 
 

 Final retrievals were fitted on the N = 5 match-ups using a restricted positivity‑by‑design log‑linear 

form, ypred = exp(a+bx), to limit model capacity and enforce non‑negativity without post‑hoc clipping 

(Table 3). Predictors were parameter‑specific: CDOM and turbidity both used an inverse green term 

(1/ρB3), SDD used (ρB5/ρB3), TSS used ρB4 and chlorophyll‑a used (ρB2-ρB4) (Table 3). 

Since multiple products share spectral dependence, especially through B3, inter‑product correlations 

may be mechanically induced; mapping‑domain correlations among products are interpreted as 

plausibility signals rather than as evidence of independent limnological coupling. 

 

4.5 Internal Stability Assessment 
 

Table 4: LOOCV performance (N=5) and reliability 

  Param. Selected 
predictor 

MAE MdAPE 

(%) 
Reliability interpretation 

CDOM 1/ρB3 0.114667 2.8656 Relative / semi-quantitative (cautious) 

Turbidity 1/ρB3 0.190223 12.5464 Relative / semi-quantitative (cautious) 

SDD ρB5/ρB3 0.425835 15.9790 Relative only (cautious) 

TSS ρB4 0.230336 23.0264 Exploratory / Relative only (cautious) 

Chl-a ρB2-ρB4 0.013025 75.6010 Exploratory / Qualitative only 
 

Internal stability was assessed using LOOCV across the five match-ups retained for modelling and 

summarised using error‑based metrics (MAE; MdAPE), which are more interpretable than 

correlation‑style metrics under very small N and leverage sensitivity [28][11]. Results and operational 

reliability tiers are summarised in Table 4. Overall, CDOM and turbidity exhibited the most 

defensible internal error behaviour under N = 5, while SDD and TSS were weaker and chlorophyll‑a 

remained exploratory (Table 4). Interpretations below are conditional on representativeness 

limitations (Table 2) and residual atmospheric/adjacency uncertainty. CDOM showed the lowest 

LOOCV error (MAE = 0.114667; MdAPE = 2.8656%; Table 4), supporting relative to cautious 

semi‑quantitative interpretation within represented optical regimes. Turbidity exhibited 

comparatively stable LOOCV behaviour (MAE = 0.190223; MdAPE = 12.5464%; Table 4) and was 

classified as relative to cautious semi‑quantitative, consistent with broader evidence that turbidity 

proxies can be robust in some settings while remaining sensitive to atmospheric correction residuals 

and regime differences in inland Case‑2 waters [29][8]. SDD showed moderate internal support 
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(MAE = 0.425835; MdAPE = 15.9790%; Table 4) and was interpreted conservatively as relative‑only, 

noting that SDD integrates absorption and scattering and can shift with seasonal mixture changes, 

limiting transfer beyond the calibration regime [5][6]. TSS exhibited weaker internal support (MAE 

= 0.230336; MdAPE = 23.0264%; Table 4) and was treated as exploratory/relative‑only because 

transfer can be strongly modulated by particle composition and atmospheric correction assumptions 

under sparse calibration [29][6]. Chlorophyll‑a was the least stable in proportional terms (MdAPE = 

75.6%; Table 4) and was retained as exploratory/qualitative‑only, consistent with known challenges 

of Chl‑a retrieval in optically complex inland waters [30][6][31]. 

 

4.6 Mapping Domain Diagnostics and Plausibility Evidence 
 

Reflectance integrity diagnostics indicated no negative surface reflectance values over valid 

NDWI‑water pixels in bands B2-B5 across the retained 2020-2025 archive (101 observations; Σvalid 

water pixels = 1,619,317 per band; Σnegative pixels = 0; two dates yielded no valid water pixels after 

masking and were treated as not computable). This supports numerical stability of predictor 

computation, but it does not preclude positive‑valued adjacency or aerosol‑correction residual biases 

that can still distort aquatic retrievals over dark targets [9][8]. Across the calibrated auxiliary 2020-

2025 time series (n = 3,832), retrieved SDD and turbidity did not exhibit a robust inverse association 

at mapping-domain scale (Pearson r=-0.0234; Spearman ρ=0.2359; Fig. 3). This implies that higher 

turbidity retrievals were not consistently accompanied by lower clarity retrievals across time and 

optical regimes, and that the expected turbidity-clarity relationship cannot be assumed to transfer 

uniformly at domain scale. Plausible contributors include shared dependence on ρB3 (turbidity uses 

1/ρB3; SDD uses ρB5/ρB3; Table 3), differential band-wise bias from adjacency/aerosol residuals, 

and regime heterogeneity that is only weakly constrained by the N = 5 calibration set. Relationships 

involving TSS were directionally plausible but interpreted conservatively because TSS remained 

weakly supported under LOOCV (Table 4). TSS-turbidity showed a strong inverse monotonic 

association (Spearman ρ = -0.8994) with weak linear association (Pearson r = -0.0618; Fig. 3). TSS-

SDD was inversely associated (Pearson r = -0.3284; Spearman ρ = - 0.5623; Fig. 3). Within the 

reliability framework, these results are treated as coherence signals rather than evidence of 

quantitative accuracy. Overall, Fig. 3 demonstrates that mapping-domain coherence may diverge 

from small-sample internal stability, reinforcing the need to integrate LOOCV behaviour, 

representativeness, and plausibility diagnostics rather than substituting one for another. 
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Figure 3: Physical plausibility diagnostics for the calibrated retrieval products  
 

4.7 Reliability interpretation and operational implications   
 

Taken together, model structure (Table 3), LOOCV behaviour (N = 5, Table 4), ground‑truth 

representativeness (Table 2), and mapping‑domain coherence (Fig. 3) support tiered operational 

guidance. CDOM shows the strongest internal stability and supports cautious 

semi‑quantitative/relative interpretation within represented regimes. Turbidity is most defensible for 

relative screening and change detection and may support cautious magnitude interpretation under 

explicit constraints. SDD shows moderate internal support but is best treated conservatively as 

relative‑only, particularly because domain‑scale SDD-turbidity coherence is weak (Fig. 3). TSS and 

chlorophyll‑a remain weakly supported under the present calibration scarcity and are therefore most 

appropriate for relative/qualitative mapping and hypothesis generation rather than quantitative 

concentration reporting. Overall, the divergence between internal stability and mapping‑domain 

plausibility underscores why reliability tiering is necessary in data‑scarce environments: internal 

LOOCV behaviour can appear acceptable for some products while transfer risk remains substantial 

due to temporal offsets in match-ups, limited optical-class representativeness, and residual 

atmospheric/adjacency effects. 

4.8 Limitations   
 

Several limitations constrain inference. Field/laboratory observations were collected at six sites on a 

single date (6 February 2025), but one site (GT6) fell outside the NDWI-defined water domain used 

for water‑only stratification and was excluded from calibration; final model fitting and LOOCV 

therefore used N = 5 match-ups. Match‑up timing offsets varied across sites, implying non‑uniform 

transfer risk. Atmospheric correction residuals and adjacency effects were not decomposed into 

separate propagated uncertainty components, and Level‑2A reflectance inputs inherit documented 
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algorithm assumptions. Model capacity was intentionally restricted (positivity‑by‑design log‑linear 

form) to reduce overfitting risk under very small N; while this improves statistical defensibility, it 

does not represent a complete physical model of constituent interactions in Case‑2 waters. 

 

 

5.0 CONCLUSION 

A reliability‑oriented Sentinel‑2 workflow was developed for inland water‑quality retrieval in Oguta 

Lake, Nigeria, explicitly under extreme calibration scarcity. Sentinel‑2 MSI Level‑2A surface 

reflectance imagery (2020-2025) was processed in Google Earth Engine using cloud/shadow 

screening, NDWI water masking, and radiometric normalisation. Field/laboratory measurements 

were collected at six sites on 6 February 2025; one site (GT6) was excluded after NDWI 

water‑domain screening, and final calibration and LOOCV were conducted on N = 5 match-ups. To 

limit overfitting and enforce non‑negativity without post‑hoc clipping, retrievals were restricted to 

low‑capacity positivity‑by‑design log‑linear models (Table 3) and internal stability was quantified 

using LOOCV with error‑based metrics (Table 4). Findings were strongly parameter‑dependent. 

CDOM exhibited the most defensible internal behaviour and supports cautious semi‑quantitative (and 

relative) interpretation within represented optical regimes (Tables 2 and 4). Turbidity is most 

defensible for relative screening and change detection within a consistent processing workflow (Table 

4). SDD showed moderate internal support but should be interpreted conservatively as relative‑only, 

particularly because mapping‑domain plausibility checks did not robustly reproduce the expected 

inverse turbidity–clarity coherence (Fig. 3). TSS and chlorophyll‑a remain weakly supported under 

N = 5 and are best treated as exploratory products for qualitative mapping and hypothesis generation 

rather than concentration reporting (Table 4). Overall, the results support parameter‑specific 

reliability tiering (semi‑quantitative, relative‑only, exploratory) based on internal error behaviour, 

optical representativeness, and mapping‑domain plausibility diagnostics rather than implying 

uniform quantitative accuracy across all products. This work addresses a persistent challenge in 

aquatic remote sensing: in many tropical inland waters, in situ calibration is too sparse to support 

strong claims of validated concentrations, yet monitoring needs remain urgent. The paper contributes 

a reliability‑oriented reporting framework that prioritises defensible interpretation tiers and 

transparent transfer‑risk communication. The combination of conservative model capacity, LOOCV-

based internal stability assessment, representativeness diagnostics, and mapping‑domain plausibility 

checks provides a practical blueprint for responsible satellite product communication in data‑scarce 

settings. 
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