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aqua-culture ponds via
multi-temporal spectral
correction
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Engineering, Langfang, China, ?Research Center of Information Technology, Beijing Academy of
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Dissolved organic matter (DOM) is a critical indicator of aquatic environmental
quality, and its concentration affects the quality of aquaculture products. Integrating
unmanned aerial vehicle (UAV)-based multispectral data with machine learning
algorithms enables accurate estimation of DOM. However, the stability of models in
different periods—such as those affected by seasonal variations and environmental
condition changes—is the key factor affecting their application. This study employed
a spectral correction method to unify multi-temporal datasets. Estimation models
were constructed using the 2023 dataset with Light Gradient Boosting Machine,
Extreme Gradient Boosting, and Random Forest algorithms, and their cross-
year performance was validated on the 2024 dataset through transfer learning.
Results showed that models trained on corrected data outperformed those using
raw spectra, with an average R? increase of 15.67%, and reductions of 10.27% in
RMSE and 6.44% in MAE on the test set. After transfer learning optimization, the
model using the corrected spectrum still exhibited superior performance in 2024.
Compared with the original spectrum, an average R? improvement of 30.67%, along
with reductions of 17% in RMSE and 11.67% in MAE. Among the three algorithms,
the Random Forest model yielded the best performance, with an R? of 0.82,
RMSE of 3.1 mg/L, and MAE of 2.37 mg/L on the test set. The proposed approach
in this study effectively mitigates the temporal impact on model performance
and enhances the temporal generalization capability of DOM estimation models.

KEYWORDS

UAV-based multispectral imagery, dissolved organic matter, multi-temporal, spectral
correction, transfer learning, machine learning

1 Introduction

Freshwater aquaculture represents a vital component of the global food production
system. With the increasing global population and rising demand for high-quality protein, its
scale and market demand have steadily increased (Naylor et al., 2021). Beyond serving as a
crucial source of dietary protein, freshwater aquaculture contributes significantly to economic,
environmental, and social benefits (Prasad et al., 2019; Xu et al., 2024). In China, the
aquaculture sector has emerged as a strategic driver of economic growth and structural
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optimization within the agricultural industry (Duan et al., 2025).
However, such rapid development has also brought forth challenges
related to environmentally sustainable development, particularly in
water quality monitoring and management (Liu et al., 2023; Zhang
et al,, 2015). Enhancing the accuracy and efficiency of water quality
monitoring has become essential for ensuring the ecological integrity
of aquaculture ponds and fostering sustainable development in the
sector. The integration of spectral technologies with Unmanned Aerial
Vehicles (UAVs) offers new opportunities for precision aquaculture.
These technologies not only improve production efficiency and reduce
costs but also contribute to environmental conservation and enhance
decision-making capacity. As such, they provide a scientific foundation
for sustainable pond management and demonstrate substantial
practical value in freshwater aquaculture.

Conventional manual sampling and laboratory analysis methods
provide accurate data but suffer from high costs and inefficiency in real-
time large-scale monitoring, rendering them inadequate for modern
aquaculture’s dynamic monitoring demands. With the widespread
application of satellite remote sensing, hyperspectral, and multispectral
technologies, substantial technical support and research directions have
been provided for water quality monitoring (Bean et al., 2017; Sagan
etal., 2020). Satellite-based water quality monitoring has emerged as an
efficient solution, enabling long-term tracking and large-scale observation
across aquatic environments (Han et al., 2023; Peng et al., 2022).

Nevertheless, satellite remote sensing is restricted by its spatial
resolution and its capacity to characterize shallow water regions (Liu
et al,, 2019), which restricts further improvements in monitoring
accuracy. Hyperspectral remote sensing, with its rich spectral
information, enables molecular-level identification and precise
quantitative analysis of specific chemical substances in water bodies.
This technology provides distinct advantages for monitoring DOM
and other complex water quality parameters (Luo et al., 2023).
Nevertheless, the high cost and complex data processing requirements
of hyperspectral remote sensing limit its practical application.

Multispectral remote sensing technology achieves a favorable
balance among spectral band selection, spatial resolution, and cost,
and has gradually established an important tool for estimating water
quality parameters. Multispectral sensors can resolve key spectral
information from water bodies, enabling high-resolution monitoring
of water quality parameters through the construction of spectral
features combined with machine learning algorithms, while effectively
capturing the spatial heterogeneity of aquatic environments.
Compared with traditional satellite remote sensing, UAV-based
remote sensing provides superior spatial and temporal resolution,
allowing for the acquisition of high-accuracy, high-frequency data
under low-altitude flight conditions, significantly enhancing both the
precision and timeliness of monitoring efforts (Zheng et al., 2024).
Relative to hyperspectral remote sensing, multispectral imaging is
more cost-effective, operationally efficient, and easier to process,
making it particularly suitable for fine-scale, high-resolution
monitoring scenarios such as freshwater aquaculture ponds.
Furthermore, UAVs equipped with multispectral sensors have
extended the applicability of multispectral remote sensing by enabling
the spatiotemporal tracking of water quality parameters with greater
flexibility. When combined with machine learning algorithms, this
integration allows for the accurate characterization of dynamic water
quality patterns, effectively addressing the limitations of conventional
monitoring methods under high-frequency, high-accuracy demands.
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Dissolved organic matter (DOM) is a key optically active
constituent in aquatic environments, and its concentration and
spectral characteristics are widely used to assess water quality and
ecological balance (Zhang et al., 2014; He et al., 2022). As a critical
indicator of water quality, DOM influences algal growth and the
complexation behavior of metal ions and plays a direct role in the
transport and transformation of aquatic pollutants. Excessive DOM
concentration is recognized as one of the major contributors to
eutrophication (Chen and Li, 2021; Li et al, 2021). Although
electrochemical methods provide accurate measurements of DOM
concentration, the need for time-consuming sample pretreatment and
complex analytical procedures often compromises the efficiency and
reliability of the results, rendering them unsuitable for real-time and
large-scale monitoring (Bi et al., 2013). In contrast, the integration of
spectral indices, spectral shape analysis, and intelligent algorithms
offers a promising solution for capturing the spatiotemporal dynamics
of DOM. This approach enables high-frequency, high-accuracy
monitoring and enhances the feasibility of near-real-time DOM
assessments in aquatic environments.

With the continuous advancement of remote sensing technology,
its application in monitoring DOM in aquatic environments has
received increasing attention. In satellite remote sensing studies,
Griffin et al. (2011) estimated CDOM concentrations in rivers and
their tributaries using empirical algorithms, revealing that previous
estimates of DOM flux may have underestimated actual outputs.
Kutser et al. (2005) evaluated the applicability of various satellite
sensors for monitoring CDOM concentrations in Nordic lakes and
found that the 565-660 nm bands of the ALI sensor were highly
correlated with CDOM absorption coefficients (R*=0.84). In
UAV-based hyperspectral research, GaleSic Divic et al. (2026)
developed regression models for CDOM concentration based on UAV
hyperspectral data, achieving a coeflicient of determination (R?)
greater than 0.90. Seidel et al. (2020) optimized UAV imaging
spectroscopy extraction methods and constructed a predictive model
using the 470-850 nm spectral range, yielding an R* of 0.75 for
CDOM estimation. UAV-based multispectral technology, with its
flexibility and ultra-high spatial resolution, presents distinct
advantages for monitoring DOM concentrations. For instance, Yao
etal. (2024) developed and optimized support vector regression (SVR)
models for predicting concentrations of various typical water quality
parameters, achieving R? values exceeding 0.80. Chen G. et al. (2024)
estimated DOM concentrations using UAV multispectral data, with
the random forest model performing best and reaching an R* of 0.81.
However, the temporal generalization ability of water quality
parameter estimation models remains limited due to varying
illumination conditions, atmospheric factors, and surface cover
changes across different acquisition periods. To address these
challenges, this study proposes the spectral correction approach that
adjusts spectral deviations caused by changes in solar irradiance and
solar zenith angle across time, thereby enhancing the consistency and
applicability of multispectral imagery. Meanwhile, this study
introduces the transfer learning approach to improve the temporal
adaptability and generalization capability of UAV-based DOM
monitoring models, thereby providing more scientific and reliable
technical support for dynamic water quality monitoring in freshwater
aquaculture ponds.

This study proposes a multispectral estimation method for DOM
in ponds, coupling spectral correction with the transfer learning
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approach. The specific objectives are: (1) to verify the performance of
the spectral correction method in adjusting UAV multispectral
imagery from different time periods; (2) to assess the effectiveness of
the spectral correction method in enhancing the temporal
generalization ability of DOM concentration estimation models; (3)
to investigate the combined performance of spectral correction and
the transfer learning approach in improving the temporal
generalization ability of water quality parameter estimation models,
and to construct a stable, reliable, accurate, and temporally
generalizable estimation model.

2 Materials and methods
2.1 Overview of the study area

This study was conducted at a Chinese mitten crab (Eriocheir
sinensis) aquaculture base in Gaochun District, Nanjing City, Jiangsu
Province, China (Figure 1). Gaochun District, situated in the
southwestern part of Jiangsu and the southern part of Nanjing, is one
of the well-known freshwater aquaculture regions in China and is
characterized by a typical northern subtropical humid climate. The
area features abundant water resources, distinct seasons, ample
precipitation, and a wide annual temperature range with sufficient
sunlight. Gaochun has an average annual temperature of 17.5°C and

10.3389/frwa.2025.1635275

an average annual precipitation of approximately 1,010 mm. The
terrain is predominantly flat with interspersed hills and uplands—
rolling low hills dominate the eastern region, while the western part
consists of lake basins and plains with a dense water network—
providing highly favorable natural conditions for freshwater
aquaculture. The total aquaculture area in Gaochun District exceeds
200,000 mu (approximately 13,300 hectares), with an annual crab
production close to 20,000 tons, making it an ideal site for research on
water quality parameter monitoring in freshwater aquaculture ponds.
This study selected a Chinese mitten crab breeding site located on the
western side of Gucheng Lake as the experimental base, which
includes 36 aquaculture ponds covering an area of approximately
1,600 mu (about 107 hectares), with a total cultured crab population
of 112,200 individuals.

2.2 Data acquisition and processing

The primary cultivation period for Chinese mitten crabs extends
from March to October. Within this period, April to June marks the
active growth phase, July to August corresponds to the rapid growth
stage, and September to October represents the maturation phase.
During this period, the deterioration of the aquatic environment can
lead to slow growth or even mortality in crabs. Therefore, this period
is considered crucial for pond water quality management. This study
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FIGURE 1
Geographic location of the study area and distribution of sampling sites.
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carried out field experiments from May to October 2023 and from
April to August 2024, during which 238 water quality samples were
gathered, including 150 data sets from 2023 and 88 from 2024. The
spatial layout of the sampling locations is presented in Figure 1.

2.2.1 DOM data

To make sure the representativeness of the sampling points and
avoid the influence of nearshore pollution or localized environmental
factors, the sampling was conducted in aquaculture ponds located
farther from the shore. The sampling depth was standardized at
approximately 30 cm below the water surface. The “five-point
composite sampling method” was employed to guarantee the
uniformity and representativeness of the collected water samples.

Prior to sampling, each sampling bottle and cap were rinsed three
times with the water to be sampled to prevent contamination.
Immediately after collection, water samples were transferred into
500 mL opaque containers and thoroughly mixed to prevent the
influence of light on DOM and avoid photodegradation or other
reactions. To maintain sample freshness and accuracy, the samples
were first stored in insulated boxes with ice packs under
low-temperature and light-avoiding conditions. They were then
promptly transported to the testing laboratory for chemical analysis
within 8 h. In the laboratory, a suitable oxidizing agent was put into
the water samples to oxidize the organic carbon into carbon dioxide,
which was subsequently measured via the non-dispersive infrared
(NDIR) spectroscopy method. The NDIR technique indirectly
determines the DOM concentration by detecting the absorption
characteristics of carbon dioxide. The entire analysis strictly followed
the national standard GB/T 5750.7-2006 Standards for Drinking
Water Quality — Part 7: Methods for Organic Substance Analysis,
ensuring the accuracy and reliability of the experimental results.

2.2.2 UAV multispectral data

In this study, nine field experiments were conducted, during
which multispectral drone imagery was collected simultaneously. The
ground sampling dates were May 25, 2023; June 29, 2023; July 27,
2023; August 25, 2023; October 11, 2023; April 23, 2024; May 28, 2024;
July 6, 2024; and August 25, 2024. The time span between the first and
the last experiment was approximately 1 year and 2 months. A DJI
Phantom 4 UAV Multispectral was used as the data acquisition
platform for periodic multispectral imaging over freshwater
aquaculture ponds (Figures 2a,b). The UAV has an integrated
multispectral imaging system that includes one RGB camera and five

10.3389/frwa.2025.1635275

narrowband multispectral sensors (Table 1), allowing for the precise
collection of high-resolution spectral data. Its robust flight
performance—With a maximum flight duration of 27 min, its control
range extends up to 7 km—ensures efficient data acquisition. The
integrated sunlight sensor on top of the UAV captures solar irradiance
to compensate for lighting variations, thereby improving the accuracy
of reflectance measurements. In addition, the UAV includes a
TimeSync system, centimeter-level Real-Time Kinematic (RTK)
positioning, and the D-RTK 2 high-precision GNSS mobile station.
Combined with network RTK technology, this setup provides highly
accurate geolocation information and ensures the spatial consistency
of imagery data. All data were georeferenced using the WGS84
coordinate system, making the UAV system well-suited for water
quality monitoring and analysis in complex aquaculture environments.

Data collection took place when the weather was clear and
windless to ensure image quality. Flights were scheduled during two
distinct time windows—9:00-10:00 AM and 3:00-4:00 PM—when
the solar elevation angle is moderate and illumination is stable,
thereby minimizing the risk of glare. The UAV was flown at an
elevation of 150 meters, with a speed of 12 m/s during flight, achieving
a high spatial resolution of 0.08 m x 0.08 m. The flight path overlap
rate was set at 75% to ensure continuous image coverage, facilitating
seamless mosaicking and subsequent analysis. Before each flight, the
multispectral sensors on the UAV were calibrated using a standard
white reference panel to correct for sensor response variability. The
collected multispectral imagery was processed using Pix4D software
for image mosaicking and radiometric calibration, resulting in five-
band multispectral orthomosaics (as shown in Figure 2c).
Multispectral data extraction and field sample analysis were performed
using ENVI 5.3 software. For each sampling point, a region of interest
(ROI) was delineated, centered on the sampling location, with a
minimum area of 10X 10 pixels to ensure the inclusion of a
homogeneous water surface. The mean reflectance values for each
spectral band within the ROI were calculated and used as the
representative spectral signature of the sampling point. This approach
enhances the representativeness of sampling data, reduces the
influence of external environmental noise, and ensures the accuracy
of reflectance extraction.

Equation 1 presents the radiation calibration formula:

_ RAD, *R,,

RAD, W

R;

FIGURE 2

®)

UAV and calibration plate. (a) DJI Phantom 4 multispectral drone. (b) Multispectral sensor lens. (c) Pix4D software.
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TABLE 1 Spectral regions and wavelength ranges of Unmanned Aerial
Vehicle (UAV) multispectral images.

Band ‘ Wavelength range (nm)
Blue 450 + 16
Green 560 + 16
Red 650 + 16
Red Edge 730 + 16
Near IR 840 + 26

In the formula, R is the spectral reflectance of the water body, Ry,
is the spectral reflectance of the calibration plate, RAD; is the DN
value of the measured water body, RADj, is the DN value of the
calibration plate.

2.3 Technological process

The methodology of this study involves the following essential
procedures: (1) Collection and preprocessing of multispectral data
from UAVs and in-situ water samples to ensure data quality; (2)
Calibration of UAV Multispectral imagery and construction of
spectral features based on both uncorrected and corrected data; (3)
Spectral feature importance was assessed using Pearson correlation
analysis and SHAP values, and the optimal subset of spectral features
was selected for model training; (4) DOM estimation models were
constructed using Light Gradient Boosting Machine (LightGBM),
eXtreme Gradient Boosting (XGBoost), and Random Forest (RF)
algorithms, followed by validation and testing. The accuracy
comparison among the three models was used to verify the feasibility
and effectiveness of the spectral correction method; (5) Based on both
uncorrected and corrected data, a transfer learning approach was
adopted. By incorporating cross-year data, the adaptability and
generalization capability of the model were enhanced to ensure
stability under different temporal and environmental conditions; (6)
Using the optimal model, a full—scale estimation of DOM
concentration within aquaculture ponds was achieved, and dynamic
DOM concentration distribution diagrams were generated. The
detailed technical workflow of this method is shown in Figure 3.

2.3.1 Water extraction

Water body extraction is a crucial step in water quality parameter
detection. Accurately identifying and separating pure water areas
provides reliable foundational data for estimating water quality.
Within aquaculture ponds, aquatic vegetation contributes significantly
to water quality improvement water quality, providing habitats for
organisms and optimizing the ecological environment. Aquatic plants
can absorb nutrients and some harmful substances from the water,
increase the concentration of DOM, and provide food and shelter for
aquatic animals such as the Chinese mitten crab. However, the
presence of aquatic plants also affects the spectral reflectance
characteristics of the water body, leading to spectral mixing, which
increases the complexity of water quality parameter inversion.
Therefore, accurately extracting the pure water area in ponds is crucial
for water quality monitoring.

The Normalized Difference Water Index (NDWI) is a widely used
indicator for water body information extraction. It is based on the
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strong absorption characteristics of water in the near-infrared (NIR)
band and the strong reflection characteristics of vegetation in this
band. NDWI effectively suppresses vegetation interference and
highlights water body information, thus enabling precise extraction
of water areas. This study utilizes the NDWTI index to extract the water
bodies in the study area, calculate the NDWI spatial distribution map
of the ponds, and generate a histogram to analyze the distribution
characteristics of NDWI values. Based on the histogram analysis
results, the NDWTI threshold range for pure water areas is determined
to be [0.05, 0.2]. NDWI values exceeding this threshold represent pure
water areas, while values below this threshold correspond to other
non-water areas. The NDWI is calculated as shown in Equation 2:

NDWI = 26— PNIR @)
PG+ PNIR

In the formula, pg denotes the green band reflectance of the
multispectral data, pyjg denotes the near-infrared band reflectance of
the multispectral data.

2.3.2 Spectral correction method

The data in this study spans an extended period, covering different
time points, seasons, and years. Due to variations in solar radiation
intensity, solar zenith angle, and other lighting conditions at various
time points, the spectral data from drone-based multispectral imagery
is susceptible to the effects of lighting conditions, as shown in Figure 4.
These lighting changes can result in differences in spectral reflectance
for the same water body at different times, thus reducing the
consistency between images from different time points. This, in turn,
affects the applicability of cross-temporal data within the same model
and weakens the model’s stability and predictive accuracy.

To improve the consistency of multispectral data obtained at
different times, this study proposes a spectral calibration method that
focuses on the impact of variations in lighting intensity and solar
zenith angle on water surface reflectance characteristics of ponds. This
method combines the temporal variations of solar intensity and
incident angle to calibrate the multispectral data from drones,
reducing the spectral data deviations caused by time differences. It
generates consistent and comparable spectral data across different
time periods, providing a reliable data foundation for temporal change
analysis and the estimation of DOM. The specific steps are
outlined below.

Calculation of the sum of bands for each data point using
Equation 3:

N; =Ry +Rjp + Rz +Rig + R;s (3)

Where Rjj represents the reflectance value of the i-th data point in
the j-th band, and Njis the total sum of the bands for the i-th data point.
Calculation of the correction coefficient via Equation 4:

C=13N; (4)

i=1

Where C is the correction coefficient, reflecting the overall
spectral reflectance level of the dataset. n is the total number of data
points included in the calculation.
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Calculation of the corrected sum of bands in Equation 5:

(5)

Where N; is the corrected sum of bands for the i-th data point.
Error estimation in Equation 6:

N; = round(N,,-,Z) (6)

Where N;" represents the result of rounding N; to two
decimal places.
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Correction of band reflectance in Equation 7:
)

In the formula, R;j represents the reflectance value of the i-th
data point in the j-th band after calibration. This calibration reduces
the reflectance variations caused by different lighting intensities
and solar zenith angles, ensuring consistency in multi-temporal
data under varying lighting conditions and improving the accuracy
and generalization of the for multi-

ability model

temporal estimations.
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2.3.3 Spectral features extraction

Spectral features are important indicators for assessing water
quality. By analyzing spectral features, we can directly understand
the health status of water bodies. In this study, multispectral data
obtained by drones were used to extract reflectance values from five
bands: blue (B), green (G), red (R), red edge (Red Edge), and near-
infrared (NIR) as the basic spectral features. These bands were
combined and computed to construct multiple spectral features,
enhancing the correlation of DOM in the spectral domain.
Following previous studies (Zhang et al, 2021), this study
performed a correlation analysis between the DOM index as well as
the spectral reflectance at the points of sampling, selecting the
DOM-sensitive bands and constructing 30 spectral features for
subsequent selection and comparison. The specific spectral features
are shown in Table 2.

2.3.4 Feature screening methods

Feature selection is a key step in improving model performance.
By selecting the most relevant features from a large set, it is possible
to effectively enhance model estimation accuracy, reduce

computational complexity, avoid overfitting, and improve
model interpretability.

Pearson correlation analysis is a commonly used statistical
method for measuring the linear connection between two variables.
The correlation coefficient spans from —1 to 1, with values close to +1
indicating a strong linear relationship between the variables and
values close to 0 indicating little to no correlation. By performing
Pearson correlation analysis, we can identify spectral features that are
significantly correlated with changes in DOM concentration. Strongly
correlated features help improve model estimation accuracy. To
further confirm the significant relationship between spectral features
and DOM concentration, we used a significance test to select features
that meet the significance level of p<0.05 (Cleophas and

Zwinderman, 2018).

Frontiers in Water

TABLE 2 Spectral feature construction and calculation.

Spectral Formula Spectral Formula

feature feature

Vi R1 Vié6 R4-R5

V2 R2 V17 RI*R4

V3 R3 V18 R1/R3

V4 R4 V19 RI/R4

V5 RS V20 2*R2 + R5

V6 LOGR1 Va1 R1+R2+ R4

V7 LOGR2 V22 R2/(R3 + R4)

V8 LOGR3 V23 R3/(R3 + R4)

V9 LOGR4 V24 (R3 + R1)/R4

V10 LOGR5 V25 R3 + R4 + R4/R2

Vil R2+R5 V26 R5/R2 + R5/R4

vi2 RI +R2 V27 (R4 + R5)/(R4/R2)

Vi3 R1—R3 V28 (R2-R4)*(R3*R5)

V14 R1—-R5 V29 (R1+R2)
(R3 +R4)

V15 R2 - R3 V30 (R2 R
(R3 +R4)

To comprehensively assess the contribution of each spectral feature
to the estimation of DOM concentration, this study introduces the
Shapley Additive explanation (SHAP) method for feature importance
analysis. Compared to traditional feature evaluation methods, the SHAP
method not only accurately quantifies the impact of each spectral feature
on the models estimation results but also effectively captures the
marginal contribution of individual features and reveals interactions
between features. The SHAP values are computed by considering all
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possible feature combinations, thus avoiding the biases that may arise
from evaluating a single feature in isolation, providing a more
comprehensive and accurate feature importance metric, and enhancing
model interpretability (Yao et al., 2025). In SHAP analysis, features with
high SHAP values have a positive contribution to the estimation results,
while features with low SHAP values negatively impact the estimation.
For tree-based models, SHAP values are computed using the Tree SHAP
algorithm, which optimizes the computation of feature contributions for
each path, improving computational efficiency. Given a tree T, the
Shapley value for each node can be represented by the path contribution
formula in Equation 8:

p ( path, )
DPtotal

¢i(f)=

path,

-aj( pathy) (8)

Where p( path, ) represents the weight of path p, typically related
to the frequency of its occurrence; pys, denotes the total number of
paths; and Aj( pathp) indicates the marginal contribution of feature j
to the estimation along path p.

2.3.5 Modeling methodology

This study uses LightGBM, XGBoost, and RF algorithms to
estimate the concentration of DOM and introduces the transfer
learning approach to enhance the model’s generalization ability over
time. Additionally, a data correction method is applied to improve the
model’s stability and robustness.

Based on gradient boosting decision trees, LightGBM is a highly
efficient machine—learning algorithm, known for its excellent
computational performance and strong generalization capabilities.
The algorithm uses the best split method based on leaves and data
histogram optimization techniques to improve the efficiency of large-
scale data processing, and simultaneously demonstrates strong
capabilities in handling high-dimensional sparse data. Unlike the
traditional “breadth-first” approach, Light GBM adopts a “depth-first”
strategy, making it more efficient when handling large datasets.
Additionally, LightGBM can directly process categorical features
without requiring one-hot encoding, reducing the complexity of data
preprocessing. By performing balanced splits at each leaf node of the
tree, the model can better capture the nonlinear relationships within
the data, further enhancing estimation accuracy.

XGBoost is an efficient, flexible, and scalable machine learning
algorithm. Integrating multiple weak learners progressively reduces
estimation errors and utilizes gradient information to fit the residuals
from the previous round. This allows it to effectively handle complex
data and the relationships between nonlinear features. Compared to
traditional Gradient Boosting Decision Tree (GBDT), XGBoost has
made several optimizations, such as incorporating both first- and
second-order gradient information to stabilize the optimization
process. It also uses L1 and L2 regularization to control model
complexity and prevent overfitting. Moreover, XGBoost supports
column sampling, automatic handling of missing values, parallelized
computation, and distributed training, thereby improving its
computational efficiency and robustness in large-scale data processing.
Its cache-aware data structure further optimizes memory usage,
making it particularly well-suited for high-dimensional sparse data.
XGBoost also supports custom objective functions and evaluation
metrics, and its early stopping strategy ends the training when there
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is no further enhancement in the validation set performance, thus
saving computation costs and enhancing generalization ability.

RF is a supervised learning algorithm based on ensemble learning,
which improves estimation accuracy and stability by integrating
multiple decision tree models. Its core concept involves constructing
several weak learners and aggregating their outputs through
classification or regression strategies. In contrast to a single decision
tree, RF has multiple benefits. By combining multiple decision trees,
RF effectively mitigates overfitting risk and improves model
generalization. Additionally, since each decision tree is trained
independently, RF supports efficient parallel computation.

Transfer learning, as a cross-domain knowledge transfer approach,
enables the application of knowledge acquired from existing tasks to
the acquisition of new tasks (Lumini and Nanni, 2019). By leveraging
knowledge gained from related tasks in the source domain, it enhances
the learning capability of new tasks in the target domain (Weber et al.,
2021). Model-based transfer learning involves using pre-trained
machine learning models trained on large-scale data from the source
domain and then adapting these models to the target domain through
fine-tuning with limited target data to achieve localized optimization
and adaptation (Zhuang et al., 2021). Fine-tuning is a common
strategy in transfer learning, wherein the pre-trained model is further
trained to accommodate new tasks or datasets. During this process,
the feature representations learned from the source task are typically
retained, while only a portion of the model parameters, particularly
those in the final layers, are adjusted. Fine-tuning not only improves
the model’s ability to adapt to the target task through parameter
adjustment but also leverages the relevant information already
acquired in the source task, thereby accelerating convergence and
enhancing estimation accuracy.

2.3.6 Accuracy verification

This study, model training and validation were conducted using the
2023 dataset, while the 2024 dataset was employed to test the temporal
generalization capability of the model. To comprehensively evaluate the
predictive performance of the model, multiple accuracy assessment
metrics were adopted, comprising Root Mean Square Error (RMSE),
Coeflicient of Determination (R?), and Mean Absolute Error (MAE).

RMSE serves to gage the disparity between predicted and actual
values and serves as a common metric for assessing the predictive
accuracy of regression models. It provides an intuitive measure of the
magnitude of estimation errors—a lower RMSE indicates a better
model fit and higher predictive capability. R* measures the degree to
which the model accounts for data variance. With a scale from 0 to 1,
values approaching 1 suggest higher explanatory power. In model
validation and testing, a high R*> value suggests that the model
effectively captures the variation trends in the data and demonstrates
strong predictive performance. MAE, another error metric, is the
mean of the absolute differences of predicted and actual values. MAE
exhibits lower sensitivity to outliers and provides a straightforward
reflection of the model’s estimation error.

The specific formulas for calculating R*, RMSE, and MAE are
given in Equations 9-11:

&)
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(10)

(11)

14,
MAE=—3"|3; - yi
o

In the above formulas, y;represents the predicted value of the
water quality parameter, y; represents the measured value of the water
quality parameter, y; represents the mean of the measured values of
the water quality parameter, n is the number of sampling points.

3 Results

This section may be divided by subheadings. It should provide a
concise and precise description of the experimental results, their
interpretation, as well as the experimental conclusions that can be drawn.

3.1 Statistical analysis of samples

Figure 5 shows the distribution of DOM concentration for the
sampling months of 2023 and 2024. Specifically, Figure 5a illustrates
the DOM concentration distribution for April, May, July, August, and
October of 2023, while Figure 5b displays the DOM concentration
distribution for April, May, July, and August of 2024.

3.2 Water extraction

The value of the NDWI typically ranges from —1 to 1, with
values less than 0 usually corresponding to non-water areas.
However, the NDWI value is influenced by various factors, meaning
that the threshold for distinguishing water and non-water areas is
not fixed and needs to be adjusted based on the study area and
imagery data. In this study, we first used UAV multispectral data to
generate NDWI images for the study area. Through histogram
distribution and visual interpretation, we determined the optimal

10.3389/frwa.2025.1635275

threshold for water extraction in this research area. After analysis,
we selected an NDWT threshold range of [0.05, 0.2]. Based on this
threshold, we performed binary processing of the UAV multispectral
images. When the NDWTI value exceeded the threshold, it was
classified as a water area; when the NDWI value was less than or
equal to the threshold, it was marked as other areas. Figure 6 shows
the water extraction images for the aquaculture base, where
Figures 6a—d represent the water extraction results for April, May,
July, and August 2024, respectively.

3.3 Spectral correction analysis

Figure 7 shows the multispectral curves of the water body before
and after correction, along with their respective coeflicients of
determination when compared to DOM concentration. Figure 7a
presents the multispectral reflectance curve of the water body before
correction, while Figure 7b shows the multispectral reflectance curve
after correction. Figure 7c displays a histogram of the coeflicients of
determination between each band and DOM concentration before
and after spectral correction, and Figure 7d illustrates the correlation
of spectral reflectance for each band before and after correction. From
Figures 7a,b, it can be seen that before correction, the water body’s
spectral reflectance exhibits an overall lifting or lowering
phenomenon, which is primarily caused by variations in light
intensity. This phenomenon significantly interferes with the sensitivity
of the spectral data to changes in DOM concentration. After
correction, the water body’s reflectance spectra become consistent,
with no overall increase or decrease, thereby effectively correcting the
impact of light intensity variation on the spectral data. As shown in
Figure 7c¢, prior to correction, the correlation between the spectral
data and DOM concentration was extremely low due to the influence
of solar intensity differences. After correction, the correlation between
the spectral data and DOM concentration is significantly improved,
indicating that the proposed spectral correction method effectively
enhances the sensitivity of the spectral data to DOM concentration.
Figure 7d shows that the correlation coefficients of the reflectance of
each band before and after correction are all 1, demonstrates that the
spectral data after correction shows complete consistency with the
original spectral data, and no information has been lost.
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FIGURE 5
Statistical distribution of dissolved organic matter (DOM) concentration data. (@) DOM concentration distribution in April, May, July, August, and
October 2023. (b) DOM concentration distribution in April, May, July, and August 2024.
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(a) Reflectance of the same pond at different times before correction; (b) Reflectance of the same pond at different times after correction; (c)
Correlation between DOM concentration and spectral data before and after correction; (d) Correlation of spectral reflectance at each band between
pre- and post-correction samples.
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3.4 Correlation analysis between DOM
concentration and spectral characteristics

To comprehensively analyze the relationship between spectral
features and DOM concentration before and after spectral correction,
this study employed Pearson correlation analysis on 30 spectral
features. Spectral features that were statistically significant with a
significance level of p < 0.05 were selected for further analysis.

Figure 8 presents the Pearson correlation analysis results between
spectral features and DOM concentration. Figure 8a shows the results
based on the original spectral data, and Figure 8b shows the results after
spectral correction. By comparing Figures 8a,b, it can be observed that,
in terms of correlation direction, most spectral features maintained
consistent relationships with DOM concentration before and after
correction. It shows that the spectral correction method applied in this
research effectively preserved the original correlation trends between the
spectral data and DOM concentration. Among the spectral features V1-
V30, V11, V20, and V21 exhibited changes in correlation direction with
DOM concentration after correction. However, the absolute magnitudes
of their correlation coefficients were all below 0.10, suggesting that these
features had very weak correlations and could not reliably represent the
underlying relationship between spectral characteristics and DOM
concentration. In terms of correlation strength, the spectral features
derived from the corrected spectra showed significantly stronger
correlations with DOM concentration compared to those from the

10.3389/frwa.2025.1635275

original spectra, with the average absolute value of the correlation
coefficients increasing by 465.02%. These results demonstrate that the
spectral correction method presented herein effectively enhances the
sensitivity of spectral features to DOM concentration.

Figure 9 illustrates the SHAP value analysis results between spectral
features and DOM concentration. Figure 9a shows the SHAP values
based on the original spectral data, and Figure 9b presents the SHAP
values based on the corrected spectral data. As shown in Figure 9a,
among the 17 spectral features with p < 0.05 selected through Pearson
correlation analysis, V12, V25, V26, and V30 exhibited mean absolute
SHAP values greater than 0.8, which shows that these features had a
significant impact on the model’s estimations. According to the SHAP
values derived from the corrected spectral data in Figure 9b, among the
28 spectral features with p < 0.05 identified through Pearson correlation
analysis, V11, V20, V27, and V28 showed relatively high mean absolute
SHAP values, all exceeding 0.8. Notably, V20, V27, and V28 not only
demonstrated statistical significance in the Pearson correlation analysis
but also exhibited high importance in the SHAP analysis.

Therefore, based on a comprehensive evaluation combining
Pearson correlation analysis and SHAP feature importance assessment,
four spectral features with mean absolute SHAP values greater than
0.8 served as the input variables for the model. Through the integrated
assessment of both analytical methods, the selected spectral features
were demonstrated to effectively capture the variation trends of DOM
concentration and serve as important input variables for model
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Chart of Pearson correlation analysis between spectral features and DOM concentration. (a) Chart of Pearson correlation coefficients based on the
original spectral features; (b) Chart of Pearson correlation coefficients based on the corrected spectral features.
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based on the corrected spectral features.
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TABLE 3 Accuracy evaluation of DOM concentration estimation models.

Model Training Validation TL-Test
RMSE MAE RMSE  MAE RMSE MAE
LightBGM | 0.85 273 2.08 0.62 4.69 353 0.54 42 2.88 0.65 3.69 2.59
Original XGBoost 0.80 3.18 242 0.62 4.64 351 051 4.39 3.07 0.57 4.03 2.85
RF 0.89 241 1.82 0.66 4.68 3.37 0.65 3.65 258 0.71 3.43 2.56
LightBGM | 0.83 2.92 2.28 0.73 44 3.34 0.66 3.57 271 0.71 343 2.57
Corrceted XGBoost 0.81 3.05 2.36 0.7 44 3.35 0.64 373 2.72 0.69 3.61 2.58
RF 0.9 237 1.77 0.7 453 341 0.65 3.62 252 0.82 3.1 2.37

optimization, providing a reliable foundation for the subsequent
development of a high-efficiency and stable DOM concentration
estimation model.

3.5 DOM model performance analysis

Table 3 presents the modeling results for DOM concentration
estimation. In the table, “Training” refers to the training dataset (2023),
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“Validation” refers to the validation dataset (2023), “Test” represents
the model evaluation using field measurements from 2024, and
“TL-Test” refers to the testing results on the 2024 field measurements
after incorporating the transfer learning approach. The modeling
effects of three machine learning models (Light GBM, XGBoost, and
RF) on DOM concentrations are summarized before correction, after
spectral correction, and after applying the transfer learning approach.
Figure 10 illustrates the correspondence between observed and
predicted DOM concentrations for the three machine learning models.
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FIGURE 10
Scatter plots of DOM concentration estimation by machine learning models. (a) Scatter plot of measured samples and Light GBM-estimated values
before spectral correction. (a’) Scatter plot of measured samples and LightGBM-estimated values after spectral correction. (b) Scatter plot of measured
samples and XGBoost-estimated values before spectral correction. (b’) Scatter plot of measured samples and XGBoost-estimated values after spectral
correction. (c) Scatter plot of measured samples and RF-estimated values before spectral correction. (c') Scatter plot of measured samples and RF-
estimated values after spectral correction.

As shown in Table 3, a comparative study of the indicators for the
Training, Validation, and Test sets reveals that the spectral correction
significantly improved the estimation accuracy across different machine
learning models compared to using raw spectra, particularly by
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reducing errors and enhancing model fitting ability. Based on the 2023
validation dataset results, spectral correction led to improvements in R*
for all models. Specifically, Light GBM achieved an 18% increase in R?,
with RMSE and MAE reductions of 6 and 5%, respectively; XGBoost
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Spatial distribution maps of DOM concentrations. (a) April 2024; (b) May 2024; (c) July 2024; (d) August 2024.

showed a 13% increase in R?, with 5% reductions in both RMSE and
MAE; RF demonstrated a 6% improvement in R Analysis of the Test
set indicates that the R* values for the LightGBM and XGBoost models
increased by 22 and 25%, respectively, with RMSE reductions of 15%
and MAE reductions of 6 and 11%, respectively. The RF model also
showed notable improvements, indicating that spectral correction
significantly enhanced the estimation performance on the test dataset.
A comparison between the Transfer Learning-Test (TL-Test) and
Test results further demonstrates that the use of the transfer learning
approach enhanced the models’ generalization ability on the 2024 test
data. Compared with models without fine-tuning, models adjusted
through the transfer learning approach exhibited markedly improved
performance. Without spectral correction, the transfer learning
approach resulted in a 20% increase in R* for the LightGBM model,
with RMSE and MAE reductions of 12 and 10%, respectively. The R*
values for XGBoost and RF improved by 12 and 9%, respectively, with
corresponding reductions in RMSE and MAE. After applying the
transfer learning approach following spectral correction, the RF
model achieved a 26% improvement in R* on the test set compared to
the RF model using only spectral correction, with reductions of 14 and
6% in RMSE and MAE, respectively. The LightGBM and XGBoost
models also exhibited an 8% increase in R* after the transfer learning
approach. These results demonstrate that the transfer learning
approach, when combined with spectral correction, further enhances
the models” adaptability to temporal and environmental variations.
The analysis of the TL-Test reveals that the combined use of spectral
correction and the transfer learning approach significantly enhanced
the overall performance of the Light GBM, XGBoost, and RF models.
Specifically, R* increased by 31, 35, and 26%, respectively, while RMSE
decreased by 18, 18, and 15%, and MAE decreased by 11, 16, and 8%.
From spectral correction to the transfer learning fine-tuning process,
“model performance improved steadily throughout the process.
Spectral correction effectively enhanced the correlation between
spectral features and DOM concentration, optimizing input variables
and enhancing both the exactness and steadiness of the model. The
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transfer learning approach further mitigated the impact of cross-year
data distribution differences on model performance, achieving optimal
estimation accuracy on the test set. Notably, the RF model demonstrated
outstanding performance after the transfer learning approach, with an
R?value reaching 0.82, confirming its advantage in DOM concentration
modeling. Therefore, the combined use of spectral correction and the
transfer learning approach significantly improves the accuracy and
stability of DOM estimation, particularly exhibiting stronger
adaptability in cross-year modeling scenarios.

3.6 DOM spatial distribution map

Based on the UAV multispectral imagery of pure water areas
obtained after the identification and exclusion of aquatic plants,
sensitive spectral index values were calculated for each pixel. These
values were then input into the previously established optimal model
for DOM concentration estimation, enabling the generation of DOM
concentration estimates at the pixel level. Consequently, spatial
distribution maps of DOM concentrations across the aquaculture
ponds were produced. Figure 11 presents the spatial distributions of
DOM concentrations in April, May, July, and August 2024.

Table 4 presents the average values of DOM concentrations
obtained from field measurements and model estimations, as well as
the average temperatures over the 5 days preceding the sampling dates
in April, May, July, and August 2024. A comparison of the data
revealed that the predicted and observed values exhibited generally
consistent trends, effectively capturing the seasonal variation
characteristics of DOM concentrations. However, some discrepancies
between the predicted and measured values are observed across
different months: the predicted values for July and August are slightly
inferior to the measured values, while those for April and May are
somewhat superior. The overall small errors between the estimation
and the measurements indicate that the constructed model can
accurately estimate the variations in DOM concentrations.
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TABLE 4 Mean values of measured and estimated DOM concentrations and the average experimental air temperature.

Indicator April May July August
Measured average (mg/L) 12.86 13.17 19.66 16.42
Predicted average(mg/L) 13.41 13.64 18.86 15.52
Average temperature (5 days before the

22.6 29.2 34.0 334
experiment) (°C)

Analysis of the spatial distribution presented in Figure 11 indicates
that the concentration of DOM in the pond water showed an overall
increasing trend from April to July, followed by a slight decrease in
August. This pattern can be primarily attributed to the significant
influence of temperature on DOM concentrations, with higher
temperatures promoting an increase in DOM levels. In addition,
precipitation exerts a dilution effect on DOM concentrations. Based on
meteorological observation data from the Gaochun region, the
temperature gradually increased from April to July, while it slightly
decreased in August. Additionally, the region was influenced by an
upper-level trough, and strong rainfall occurred before the experiment
in August, with a cumulative rainfall of 754 mm. From a spatial
perspective, DOM concentration exhibited pronounced spatial
heterogeneity, with lower concentrations observed near the pond banks.
In freshwater aquaculture ponds, DOM primarily originates from the
metabolic products of cultured organisms, algae, and microbial activities,
the input of feed and fertilizers, and external water inputs. The water
depth in the pond gradually increases from the edges to the center, with
shallower depths near the shore and deeper areas in the center. Due to
the shallower depth near the bank, sedimentation is more pronounced,
causing some organic matter to be more readily deposited or degraded
by microorganisms, leading to relatively lower DOM concentrations. In
contrast, the central region of the pond contains higher organic content
in the sediment, and the water is more susceptible to disturbances from
wind, boat movement, etc., which enhances water mixing, making
DOM more likely to accumulate and result in higher concentrations.
Aquaculture activities also influence the spatial distribution of DOM, as
feed is typically concentrated in the central or designated feeding areas
of the pond, which may lead to further increases in DOM concentrations
in these regions. This spatial heterogeneity has important implications
for pond water quality management.

4 Discussion

4.1 The application of remote sensing
technology by UAV for water quality
monitoring

Satellite remote sensing platforms for surface water monitoring
have predominantly focused on large lakes or coastal aquaculture
areas (Ottinger et al., 2022; Alparslan et al., 2009), whereas this study
targets small inland freshwater ponds. Compared to monitoring
natural lakes and coastal waters, inland freshwater ponds are
characterized by smaller surface areas, shallower depths, higher
aquatic vegetation coverage, greater anthropogenic disturbances, and
faster and more complex spatiotemporal variations in water quality.
These factors make it challenging to achieve high-resolution water
quality monitoring using satellite remote sensing platforms (Wu et al.,
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2021; Peng and Chen, 2024). The UAV-based remote sensing platform
exhibits a unique advantage of high spatial resolution in monitoring
inland pond water information, providing essential data support for
the monitoring of small water bodies. During this research,
multispectral images featuring a spatial resolution of 8 cm were
obtained via a UAV platform over the experimental area, effectively
separating water body information within the ponds and laying a
critical foundation for water quality monitoring, which is consistent
with previous research findings (Sibanda et al., 2021).

Due to the complex optical properties of waterbodies and the
extended temporal span of the data used in this study, UAV
multispectral imagery was subject to multiple factors of interference.
Previous studies primarily utilized UAV multispectral data
combined with machine learning algorithms for modeling without
considering the influence of other factors, thereby limiting the
temporal applicability of the models (Wang et al., 2020). In this
study, the spectral correction method was employed to integrate
multi-temporal imagery data, effectively mitigating the impact of
illumination variability on the consistency of remote sensing data.
In addition, the transfer learning approach was incorporated for
DOM concentration estimation. Experimental results demonstrated
that the spectral correction method proposed in this study
effectively enhanced the consistency of imagery acquired across
different time periods. Combined with a transfer learning approach,
it significantly improved the estimation accuracy of DOM
concentrations, achieving the best model performance with an R*
of 0.82 and an RMSE of 3.1 mg/L. Compared with similar studies,
the estimation accuracy achieved in this study was notably higher,
providing a technical framework for real-time aquatic quality
monitoring and  precision in

management complex

aquaculture environments.

4.2 The performance of spectral correction
methods in water quality estimation

In aquaculture pond water quality monitoring based on UAV
multispectral data, the variation of illumination conditions over
time can cause abnormal fluctuations in the reflectance values of
UAV multispectral images, resulting in spectral inconsistencies
among images acquired at different times and subsequently
affecting the estimation accuracy of DOM concentrations. In this
study, the spectral correction method was applied to multispectral
images acquired at multiple time points by UAVs, adjusting image
data obtained under varying solar irradiance and solar elevation
angle conditions to a unified standard, and thereby constructing a
cross-temporal estimation model for DOM concentration.
Compared with the calibration method based on the EVA grayscale
reference panel (Jeong et al., 2018), this study proposed a spectral
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correction method to effectively address the issue of correcting the
UAV image data across different time periods, expanding the
applicability of the correction algorithm over the temporal
dimension. Compared with methods that calibrate spectral data by
observing various solar radiation parameters, the spectral
correction method put forward in this research requires fewer
parameters, is easier to operate, and demonstrates strong
practicality, facilitating its application across different temporal
scales (Singh and Nansen, 2017).

Experimental results showed that the Pearson correlation
between the corrected spectral features and DOM concentration
improved by an average of 465.02%. Prior to the application of the
transfer learning approach, compared with the original spectral
data, the validation R? of the model constructed using the corrected
spectra increased by an average of 13.1%, while RMSE decreased by
10.0% and MAE decreased by 6.3%. Compared with other methods,
the spectral correction method proposed in this study demonstrated
superior performance in enhancing spectral sensitivity and
estimation accuracy. Moreover, the proposed spectral correction
method not only improved the consistency of imagery data across
different temporal scales but also exhibited strong applicability
under multi-temporal conditions, providing better support for
estimation in

long-term water quality monitoring and

aquaculture ponds.

4.3 The performance of the transfer
learning approach in DOM estimation

The limited spatiotemporal scalability of surface parameter
estimation models is a common challenge currently faced in remote
sensing applications. As an effective approach to enhance model
generalization and address heterogeneous data distribution, transfer
learning has become an important strategy for improving the
spatiotemporal generalization capability of water quality estimation
models. In this study, we estimated DOM concentration in freshwater
aquaculture ponds using experimental data collected at different time
periods. Due to environmental variations across different periods,
discrepancies existed between datasets, necessitating the use of the
transfer learning approach to optimize the models and reduce the
impact of data variability on estimation results. Compared with
previous studies, this research applied the transfer learning approach
to models constructed from water sample data collected during
different periods, thereby improving the cross-temporal adaptability
and predictive accuracy of water quality parameter estimation models.
Experimental results showed that the transfer learning approach
effectively enhanced the model’s adaptability to data from different
time periods, consistent with previous findings (Fu et al., 2023; Chen
X. et al,, 2024; Zhang et al., 2024). The incorporation of a transfer
learning approach significantly improved the generalization ability
and estimation accuracy of models based on LightGBM, XGBoost,
and RF algorithms.

Moreover, this study combined spectral correction methods with
the transfer learning approach. Experiments demonstrated that the
synergy between spectral correction methods and the transfer
learning approach can effectively enhance the spatiotemporal
generalization capability of the models and improve the accuracy of
DOM concentration estimation. These findings may also provide a
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reference for the integration of other algorithms with transfer
learning approaches.

4.4 Shortcomings and prospects

Due to the influence of climatic, geographical, and other
environmental factors, variations in illumination conditions occur
across different regions. The development and optimization of spectral
correction methods can effectively enhance the spatiotemporal
adaptability of remote sensing-based estimation models and remains
one of the key challenges in remote sensing applications. This study
proposes a UAV-based multispectral remote sensing method for water
quality parameter estimation, which enhances the temporal
adaptability of the model by leveraging spectral correction and the
transfer learning approach. Although the study has achieved certain
research outcomes through extensive experimental analysis, several
limitations remain, requiring further investigation: (1) The
effectiveness of the spectral correction method for cross-site and
cross-temporal data remains unverified. This study was based on data
collected from the same experimental site at different times. Whether
the conclusions are applicable to different locations and larger
temporal scales requires further validation. (2) The effectiveness for
other types of remote sensing data remains unverified. The current
study focused exclusively on UAV multispectral data. The applicability
of the proposed spectral correction method for other types of remote
sensing data still needs to be explored. (3) Further optimization of the
spectral correction method. Although the experimental outcomes
demonstrate that the put-forward spectral correction method is
effective and feasible, improving spectral sensitivity to water quality
parameters remains relatively limited. Whether further optimization
of the spectral correction method can enhance the correlation between
spectral data and water quality parameters still requires further
experimentation to validate. Moreover, while this study improved the
model’s adaptability to 2024 data through spectral correction and the
transfer learning approach, its generalization ability over longer time
spans or across different regions still requires further validation.

5 Conclusion

This study proposes a spectral data correction method to resolve
spectral variations arising from differences in observational
conditions, such as solar altitude angle and light intensity, in UAV
multispectral data collected at different times. Using pre- and post-
correction spectral data, combined with feature parameter
construction, sensitive feature selection methods, and the transfer
learning approach, an estimation model for DOM concentration in
water bodies was developed to validate the viability of the spectral
correction approach. The research findings are as follows: (1) The
proposed spectral correction method effectively adjusted water body
spectral data from freshwater aquaculture ponds and significantly
enhanced spectral sensitivity to DOM. (2) The correction method
effectively mitigated the influence of outliers, improved model
estimation accuracy, and enhanced temporal generalization capability.
The integration of the spectral correction method with the transfer
learning approach further improved both estimation accuracy and
temporal generalization performance. (3) The spatial distribution map
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of DOM concentrations in freshwater aquaculture ponds, generated
by the optimized model, aligns with the actual conditions of the
experimental site. This demonstrates that the combination of the
spectral correction method and the transfer learning approach enables
accurate monitoring of DOM concentrations in freshwater
aquaculture ponds, thereby supporting water quality management in
such environments. (4) With the widespread adoption of UAV
platforms and multispectral sensors in aquaculture, the spectral
correction and cross-temporal modeling approach proposed in this
study can be further extended to predict DOM concentrations across
multiple time periods. This significantly reduces the frequency and
labor intensity of traditional field sampling, enabling cost-effective,
high-frequency water quality monitoring. (5) Leveraging the flexible
deployment capability of UAVs and the efficient data acquisition of
multispectral sensors, the proposed method can be seamlessly
integrated into existing aquaculture operations for standardized
implementation. By incorporating spectral correction and DOM
estimation models into monitoring systems, the approach replaces
conventional manual sampling procedures while enabling rapid
analysis. Furthermore, centralized processing and remote prediction
capabilities make this method adaptable to diverse aquaculture
operations of varying types and scales. (6) The application of this
method will substantially advance the practice of “remote sensing-
based ecological aquaculture” Through continuous monitoring and
dynamic analysis of key water quality parameters such as DOM,
aquaculture managers can achieve precision feeding, scientific water
regulation, and effective control of pollutant discharge. This
contributes to enhanced production yields, improved environmental
sustainability, and ultimately promotes the development of modern
aquaculture systems characterized by green practices, ecological
balance, and high efficiency.
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