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High-accuracy remote sensing of water quality parameters, particularly chlorophyll-a (Chl-
a) concentration and turbidity, is essential for monitoring inflowing river reaches of inland
reservoirs. A water quality retrieval framework integrating multi-source hyperspectral
imagery and deep learning was developed. A coordinated satellite—airborne—ground
observation system was established by integrating unmanned aerial vehicle hyperspectral
imagery (170 bands, 400-1000 nm) with GaoFen-5 (GF-5) satellite hyperspectral imagery
(330 bands, 400-2500 nm) acquired over the upstream inflow reaches of the Yanghe
Reservoir in Qinhuangdao, China. During image preprocessing, radiometric calibration,
Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) atmospheric
correction, precise geometric registration, and resampling were sequentially performed to
achieve spatial alignment and spectral band matching among the multi-source images.
Subsequently, 11 key spectral reflectance features were extracted and concatenated at the
pixel level to construct a 22-dimensional fused feature vector. To characterize both local
dependencies and global patterns within the spectral feature sequence, a one-dimensional
convolutional neural network was developed and benchmarked against a multilayer
perceptron. Model training and optimization were performed using the Smooth L1 loss
function, the AdamW optimizer, and Optuna-based automated hyperparameter
optimization, while model performance was evaluated using stratified K-fold cross-
validation. The results demonstrated that multi-source hyperspectral image fusion
substantially improved turbidity retrieval accuracy. For turbidity retrieval, the one-
dimensional convolutional neural network achieved a coefficient of determination (R= of
0.896 and a root mean square error (RMSE) of 0.777 NTU, outperforming the multilayer
perceptron and effectively mitigating the spectral saturation observed in high-concentration
waters when single-source imagery was used. Notably, GF-5 imagery alone also exhibited
excellent performance for Chl-a retrieval, with higher accuracy than the fused dataset,
whereas the multilayer perceptron remained robust under small-sample conditions. These
findings reveal parameter-specific differences in the suitability of different data sources:
multi-source fusion is more suitable for turbidity retrieval, whereas GF-5 imagery alone
provides superior performance for Chl-a retrieval. Overall, the results demonstrate the
effectiveness of combining multi-source hyperspectral image fusion with deep-learning-
based spectral sequence modeling for fine-scale water quality parameter retrieval and
provide a transferable image-processing framework for remote sensing applications in
aquatic environmental monitoring.

1. INTRODUCTION

quality assessment, algal bloom early warning, and aquatic
ecological management [3-6]. Although high accuracy is

With the rapid advancement of global industrialization and
urbanization, water pollution and ecological degradation have
been recognized as global environmental challenges [1, 2]. As
key optically active water quality parameters characterizing
eutrophic status and suspended solids content in water bodies,
chlorophyll-a (Chl-a) and turbidity require accurate and
dynamic monitoring, which is of great significance for water
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provided by traditional point-based sampling and laboratory-
based water quality monitoring methods, these methods are
constrained by long monitoring durations, limited spatial
coverage, and high costs, and the requirements for high-
frequency, dynamic monitoring of large-scale water bodies
cannot be met [7]. Although continuous observation capacity
is provided by automated monitoring stations, their
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widespread deployment in small- and medium-sized
watersheds has been restricted by high construction, operation,
and maintenance costs [8]. Therefore, the development of an
efficient, low-cost, and wide-coverage water quality
monitoring technology system has become an urgent need for
current water environment governance.

Remote sensing technology, by virtue of its advantages of
noncontact, wide-area, and high-frequency observation, has
been established as an important complement to traditional
water quality monitoring methods [4, 9, 10]. Among these,
detailed spectral information can be acquired by hyperspectral
remote sensing, and spectral differences caused by
concentration changes in Chl-a, suspended solids, and other
components can be captured more sensitively, thereby
facilitating the construction of more accurate water quality
parameter retrieval models [11-14]. However, hyperspectral
remote sensing is still constrained by limited spatial resolution,
susceptibility to interference from the optical complexity of
water bodies (e.g., water depth, substrate reflectance, and
water surface fluctuation), and complex data preprocessing
workflows, by which the robustness and applicability of
retrieval models are restricted [15, 16].

In recent years, great potential has been demonstrated by
unmanned aerial vehicle hyperspectral technology for accurate
monitoring of small- and medium-scale water bodies, owing
to its high spatial resolution and flexible maneuverability [17,
18]. However, spatiotemporal coverage is limited by the
endurance and field of view of a single platform. Multi-source
remote sensing data fusion is considered an effective approach
for improving retrieval accuracy and robustness, and
preliminary progress has been made in the synergistic use of
hyperspectral and multispectral data, optical and synthetic
aperture radar data, and other data combinations [8, 19].

In terms of retrieval models, traditional empirical models
have been gradually replaced by machine learning and deep
learning methods, and nonlinear relationships between remote
sensing reflectance spectra and water quality parameters can
be effectively characterized [20-22]. Significantly superior
accuracy has been demonstrated by deep-learning-based Chl-
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a retrieval models compared with traditional methods, and
stronger generalization ability has been observed in complex
water environments [23-26]. However, systematic research on
collaborative modeling of multi-source data, coupling
mechanisms among parameters, and model interpretability
remains relatively lacking, as most existing studies have been
concentrated on single-source data or single-parameter
retrieval.

On the basis of the above research status and limitations, the
upstream inflow river reach of the Yanghe Reservoir was
selected as a typical study area. Unmanned aerial vehicle
hyperspectral data and satellite hyperspectral data were fused,
and deep learning algorithms were incorporated to
systematically compare the performance differences of
different data sources in Chl-a and turbidity retrieval. An
efficient water quality monitoring system suitable for small-
and medium-scale water bodies was constructed, by which
high-frequency dynamic monitoring of Chl-a and turbidity
was achieved; the deficiencies of traditional methods in
spatiotemporal resolution and monitoring frequency were
compensated for; and a low-cost, intelligent, and generalizable
technical pathway was provided for regional water
environment and ecological protection. The main
contributions of this study are as follows: (i) By constructing
a coordinated satellite—unmanned aerial vehicle—ground
observation scheme over the upstream inflow reach of the
Yanghe Reservoir and systematically comparing single-source
and fused retrieval under identical conditions, we reveal a
parameter-specific data-source matching pattern: multi-source
fusion is preferable for turbidity retrieval, whereas GaoFen-5
(GF-5) imagery alone outperforms the fused dataset for Chl-a
retrieval; (ii) this finding provides a directly transferable, cost-
saving data-selection strategy for high-frequency monitoring
of small- and medium-scale inflow reaches; and (iii) the
reproducible pixel-level band-alignment workflow between 5-
cm unmanned aerial vehicle hyperspectral imagery and 30-m
GF-5 AHSI imagery is documented to support similar
applications.
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Figure 1. Overview of the study area
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2. STUDY AREA AND DATA
2.1 Study area overview

The Yanghe Reservoir is located in the northwestern part of
Qinhuangdao City, Hebei Province (119°15'-119°30'E,
40°00'—40°15'N). A watershed area of approximately 755 km?
is controlled by the reservoir, which is recognized as an
important drinking water source for the region. Water from
multiple inflow river channels is received by the reservoir, and
pronounced spatiotemporal variations in water quality are
observed, which are jointly affected by agricultural nonpoint
source pollution, shoreline human activities, and seasonal
hydrological conditions.

Three major inflow river channels of the Yanghe Reservoir
were selected as key monitoring areas. A total of 80 sampling
sites were established at typical inflow inlets and shoreline
zones so that external pollution input pathways, water
exchange and diffusion processes, and water quality

differences under different shoreline environments could be
represented. The specific location of the study area and the
sampling site layout are shown in Figures 1 and 2.

Figure 2. Spatial distribution of sampling sites (red dots)
2.2 Data acquisition

For the construction of a high-accuracy water quality
retrieval model, multi-source data were collected in April 2025
at the Yanghe Reservoir in Qinhuangdao. These data
comprised unmanned aerial vehicle hyperspectral imagery,
synchronous in situ water sampling, and GaoFen-5 (GF-5)
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satellite hyperspectral imagery so that temporal and spatial
consistency of the model training samples was ensured.

2.2.1 Unmanned aerial vehicle
acquisition

Hyperspectral data were acquired using a DJI unmanned
aerial vehicle platform equipped with an independently
developed visible-near-infrared imaging spectrometer. A
spectral range of 400-1000 nm and 170 contiguous
narrowband spectral channels were provided by the
instrument. A spatial resolution of approximately 5 cm was
achieved at a flight altitude of 300 m. The flight mission was
completed in April 2025 over the three major upstream inflow
river channels of the Yanghe Reservoir during a single
acquisition. The main inflow estuaries and typical shoreline
areas were covered by the imagery, and differential Global
Positioning System (GPS) was used for flight-line control, by
which spatial matching and positioning accuracy between the
imagery and in situ samples were ensured.

hyperspectral imagery

2.2.2 GaoFen-5 satellite hyperspectral data acquisition

To further enhance the regional scalability and temporal
gap-filling capability of the retrieval model, GF-5 satellite
hyperspectral imagery was acquired in parallel. The Advanced
Hyperspectral Imager (AHSI) onboard the satellite covers
400-2500 nm, with 330 contiguous spectral channels, a
spectral resolution better than 5 nm, and a spatial resolution of
30 m.

A GF-5 image covering the Yanghe Reservoir area on April
10, 2025, was selected. This date was close to the unmanned
aerial vehicle flight and in situ sampling dates, and cloud cover
was less than 10%, so consistency between the water quality
conditions reflected by the imagery and actual field conditions
was ensured.

2.2.3 Synchronous in situ water quality sampling

To support model development and validation for the
retrieval model, 80 in situ sampling sites were established
within the remote sensing coverage area. The spatial
distribution of these sites was designed to account for
hydrodynamic gradients, water quality transition zones, and
human activity-affected areas. All sites were positioned using
high-precision GPS, and positioning errors were controlled
within £1 m.

Turbidity Histogram
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Figure 3. Histograms of chlorophyll-a (Chl-a) concentration and turbidity at the sampling sites in the Yanghe Reservoir
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Sampling was performed at a uniform depth of 0.4-0.8 m
below the water surface. Samples were collected in brown
glass bottles and rinsed five times with ambient water prior to
collection to prevent cross-contamination. Following
collection, samples were immediately sealed, shielded from
light, stored at 0—4 °C, and transported to the laboratory within
24 h under cold-chain conditions. Parallel determinations were
performed for all water quality indicators, and measurement
errors were controlled within 5%.

To characterize the distribution of water quality parameters
at the sampling sites, histograms of Chl-a and turbidity were
generated (Figure 3). A unimodal distribution was exhibited
by Chl-a, with concentrations mainly concentrated between
0.9 and 1.6 pg/L and few extreme values, indicating that the
trophic status of the reservoir was relatively stable during the
sampling period. A pronounced right-skewed distribution was
exhibited by turbidity, with most samples distributed between
09 and 2.0 NTU and some elevated values observed,
indicating that the water body was generally clean but that
locally elevated suspended solids concentrations were present.
The overall sample distribution was balanced, and a reliable
data foundation for water quality retrieval modeling was
thereby provided.

2.3 Data preprocessing

To ensure the consistency and usability of data from
different sources, standardized preprocessing was separately
performed on satellite and unmanned aerial vehicle imagery
data.

2.3.1 Radiometric calibration and atmospheric correction

Radiometric calibration is the process by which raw digital
number values recorded in imagery are converted into absolute
radiance, and sensor-related errors can thereby be mitigated.
Radiometric calibration was implemented by determining the
gain and offset, as expressed in Egs. (1) and (2):

Le' =KXDN+T 1)
Le = Le 2
€= Sin(HSE) ( )

where, Le is the apparent radiance (W-m™2-um"-sr!); K is the
absolute  radiometric  calibration = gain  coefficient
(W-m2-umt-sr!); T is the absolute radiometric calibration
offset coefficient (W-m2-um'-sr'!); and Osgz is the solar
elevation angle.

Solar radiation is transmitted through the atmosphere,
incident on the surface of ground objects, and then reflected
back to the sensor. The received signal is disturbed by water
vapor, aerosols, and adjacent ground objects, such that various
interfering contributions other than the surface information of
ground objects are introduced into the imagery. For the
spectral properties of ground objects to be accurately
extracted, these interference contributions must be separated,
this process is referred to as atmospheric correction.
Atmospheric correction methods are commonly classified into
four categories: image feature-based models, band
characteristic-based models, empirical models, and
atmospheric radiative transfer models, as expressed in Eq. (3):

€= (1 fﬂﬁea) * (1 ﬁi’ia) +Ca

(€)
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where, f is the surface reflectance of the pixel; o is the
spherical albedo of the atmosphere; f. is the mean surface
reflectance of the surrounding area; C, is radiance; and A and
B are coefficients independent of the surface that vary with
atmospheric and geometric conditions.

Radiometric calibration was performed on the data using
ENVI software, and atmospheric correction was carried out
using the Fast Line-of-sight Atmospheric Analysis of Spectral
Hypercubes (FLAASH) module. Radiance values were
thereby converted into surface reflectance, and the effects of
atmospheric aerosols, water vapor, and other atmospheric
constituents were removed. Throughout the subsequent
analysis, surface reflectance was expressed as dimensionless
values in the range [0, 1], and radiance was expressed in units
of Wm2um"-sr!, in accordance with common remote
sensing conventions.

2.3.2 Geometric correction and image registration

To achieve spatial consistency among multi-source data and
between remote sensing imagery and ground sampling sites,
geometric correction and registration were performed
separately for the GF-5 and unmanned aerial vehicle imagery.
For the GF-5 data, systematic geometric correction was first
conducted using satellite orbital parameters, after which fine
registration was performed using regional ground control
points. The projection was uniformly transformed to the WGS
84 / UTM Zone 50N coordinate system.

For the unmanned aerial vehicle data, georectification was
completed based on flight trajectory information and control
points with the support of position and orientation
system/inertial measurement unit (POS/IMU) data. A spatial
accuracy better than 1 m was achieved, by which precise
matching with the sampling sites was ensured. All ground
sampling site coordinates were transformed into the same
unified UTM coordinate system, and spatial resampling was
applied to ensure one-to-one correspondence between remote
sensing pixels and sampling sites.

3. EXPERIMENTAL
ANALYSIS

METHODS AND RESULTS

3.1 Feature band extraction

Although continuous and fine spectral resolution is
provided by hyperspectral imagery, redundant and noisy bands
are often contained in raw spectra. In particular, strong water
vapor absorption bands in the near-infrared regions (e.g., near
940, 1130, and 1400 nm) are affected by atmospheric and
sensor interference, and low and unstable signal-to-noise
ratios are exhibited; therefore, systematic errors are readily
introduced when direct modeling is performed. Accordingly,
band screening was first performed on the unmanned aerial
vehicle hyperspectral and GF-5 data to remove severely
contaminated spectral intervals. Smoothing treatments, such
as moving average or Savitzky—Golay filtering, were then
applied, by which high-frequency noise was reduced and the
continuity and stability of spectral curves were improved [27,
28].

To Dbalance modeling accuracy and computational
efficiency and to ensure comparability among different sensor
data, 11 key bands (545, 554, 572, 600, 619, 671, 705, 724,
739, 761, and 829 nm) from the unmanned aerial vehicle
hyperspectral imagery were selected as reference feature



bands. The main water vapor absorption regions and high-
noise regions are avoided by this combination, and a high
signal-to-noise ratio and spectral stability are exhibited. Since
the spectral resolution of the GF-5 AHSI is approximately 5
nm, the central channels closest to the aforementioned bands
were selected from the GF-5 data, by which band
correspondence and feature alignment among multi-source
data were achieved, and providing a basis for collaborative
modeling was provided.

Based on the above band selection strategy, the 11 spectral
reflectance values from both unmanned aerial vehicle and GF-
5 data were extracted at the locations of the in situ sampling
sites, and these values were concatenated along the band
dimension to form a 22-dimensional fused feature vector. A
comparative experimental framework for multi-source fusion
and single-source data was constructed, by which the
sensitivity of unmanned aerial vehicle data to spectral details
was preserved and the advantages of GF-5 data in regional
coverage were incorporated, enabling systematic evaluation of
the retrieval capabilities of different data sources for Chl-a and
turbidity.

3.2 Development of deep learning models

To achieve high-accuracy remote sensing retrieval of water
quality parameters (e.g., Chl-a concentration and turbidity) in
the Yanghe Reservoir, one-dimensional convolutional neural
network and multilayer perceptron models were constructed
based on the previously acquired and preprocessed multi-
source hyperspectral imagery and in situ measurements. The
applicability and performance differences of different neural
network architectures in hyperspectral water quality retrieval
were thereby investigated [29, 30].

3.2.1 Construction of the one-dimensional convolutional
neural network model

For each water sample, the hyperspectral reflectance was
treated as a one-dimensional input sequence, and a one-
dimensional convolutional neural network was constructed to
automatically extract spectral features. Spectral information is
compressed through convolution and pooling operations,
spectral patterns associated with water quality indicators (e.g.,
absorption features and spectral shape) are learned, and
predicted water quality parameters are output by a dense layer.
Excellent performance has been demonstrated in capturing
local spectral dependencies and in modeling with limited
samples.

Three convolutional layers were included in the one-
dimensional convolutional neural network model to extract
local and long-range spectral features, and rectified linear unit
activation functions and dropout layers were employed to

prevent overfitting. Feature tensors output by the
convolutional layers were flattened and fed into a fully
connected module, which was composed of two linear layers,
batch normalization, and activation functions so that nonlinear
combinations of high-dimensional features could be achieved.
Finally, the output layer, combined with global average
pooling, produced the prediction of each water quality
parameter; because Chl-a concentration and turbidity were
modeled in two separate single-task networks, each network
contained its own output layer that predicted a single scalar for
the corresponding parameter (Figure 4).

(i
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Figure 4. Schematic diagram of the one-dimensional
convolutional neural network architecture

3.2.2 Construction of the multilayer perceptron model

A feedforward architecture was primarily adopted for the
multilayer perceptron. The input layer was initialized
according to the concatenated feature dimension, and several
hidden layers with decreasing dimensions were connected
thereafter to achieve feature compression and nonlinear
mapping. Each hidden layer was composed, in sequence, of a
linear transformation, batch normalization, a leaky rectified
linear unit with a negative slope of 0.2, and a dropout layer
with a rate of 0.3 (Figure 5), so that robustness was enhanced
and the risk of overfitting was reduced.

The output layer was composed of a linear mapping layer,
by which raw regression values were directly output without
any activation function. Since Chl-a and turbidity are
continuous variables and were modeled separately, scalar
predictions were directly provided by the output layer. An L1
regularization term with a strength coefficient of A =0.01 was
introduced into the loss function to encourage parameter
sparsity and to enhance model interpretability and
generalization capability under multi-source high-dimensional
features, and this term was incorporated into the optimization
procedure through a weight-decay mechanism implemented in
the optimizer.

Y

(A . = 3 4 B
Hidden Layer
Input d
|mage _ Fully Connected Output
Feature Fusion — L
l —» | > | Batch Normalization [——» “3Yer
Input Embeddi (Linear,
LeakyReLU Regression
Feature Output)
Vector Dropout
. 4 £ e Final W
-[ L1 Regularization ] | QUI:|?TY P::Zne- :

i terPrediction |

o

Figure 5. Schematic diagram of the multilayer perceptron architecture
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3.2.3 Model training and evaluation strategy

To enhance model generalization capability and to enable
scientific performance evaluation, the following training
strategy was adopted. In terms of data partitioning, all samples
were divided into training and test sets at a ratio of 8:2. The
20% test set was held out before any modeling and was used
only for the final performance evaluation; it was never
involved in model training, hyperparameter tuning, or early
stopping. The AdamW optimizer was employed for training,
in combination with an adaptive learning rate and weight
decay so that gradient explosion and overfitting were intended
to be prevented. Smooth L1 loss was selected as the loss
function, by which smoothness in the small-error regime and
robustness in the large-error regime were both provided, and
tolerance to outliers was improved.

The Optuna automatic hyperparameter tuning framework
was integrated into model training. The search space included
the number of hidden layers, the number of neurons, the
dropout rate, the initial learning rate, and the L1 regularization
strength. The optimal combination was automatically searched
by the Tree-structured Parzen Estimator (TPE) Bayesian
optimization, and training processes without improvement
were terminated by an early stopping mechanism. To avoid
optimistic bias, hyperparameter optimization and early
stopping were performed exclusively on the training portion
(80% of all samples) using the validation folds generated by
the stratified cross-validation; the independent test set was
excluded from all tuning and model-selection decisions.

Stratified K-fold cross-validation (K = 5) was adopted for
training. To address the continuity of regression labels, log
transformation and Z-score standardization were first applied
to the target variables (Chl-a or turbidity), after which
balanced stratified labels were generated by quantile
discretization-based binning so that imbalanced effects of
extreme sample values on training and validation partitioning
were avoided. For the input features, Z-score standardization
was applied to the 11 reflectance features of each data source
(and, accordingly, to the 22-dimensional fused vector). To
prevent information leakage, the mean and standard deviation
of each feature were computed exclusively from the training
fold within each cross-validation iteration and then applied to
both the training and validation folds; the held-out test set was
standardized using statistics derived only from the full training
portion. Because the unmanned aerial vehicle and GF-5
sensors have different radiometric response ranges,
standardization was performed independently for the features
of each data source, thereby removing cross-sensor scale
differences while preserving per-source statistical properties.

The above training procedure was consistently applied to
both a multilayer perceptron and a one-dimensional

convolutional neural network, by which performance
comparability among different networks under identical
conditions was ensured. For each target variable (Chl-a or
turbidity), a dedicated single-task model was trained
independently, and no multi-task joint training, loss weighting,
or shared feature-extraction scheme was involved. In the
evaluation stage, the regression performance of the two model
types on Chl-a and turbidity was summarized separately,
reflecting their applicability and differences in multi-source
remote sensing water quality retrieval.

The final performance of the models was evaluated using
the following three metrics:

Root mean square error (RMSE): The square root of the
mean of the squared differences between the predicted and
observed values. The overall deviation of predictions is
reflected, with smaller values indicating higher accuracy, and
relatively high sensitivity to outliers is exhibited.

RMSE =

Mean absolute error (MAE): The mean of the absolute
differences between predicted and observed values. The
overall average error magnitude is directly reflected, and lower
sensitivity to extreme values is exhibited.

n
1
MAEz—Z D — v,
ne 1Iyl il
i=

Coefficient of determination (R?): The proportion of
variance in the observed values explained by the model is
measured. Values closer to | indicate a better fit.

R2—1— Z?zl(f’i - yi)2
2 (i —yi)?

3.3 Comparison of results from different data sources

When only unmanned aerial vehicle hyperspectral single-
source data were employed, certain predictive capability was
exhibited by the model in the low-to-medium concentration
range; however, pronounced saturation effects generally
occurred in the medium-to-high concentration range, i.e., the
ability of the model to resolve high-concentration water
quality parameters was reduced because the spectral response
flattened, often resulting in underestimation.

Table 1. Evaluation results of chlorophyll-a (Chl-a) prediction performance for both models under three input conditions
(unit: png/L)

Chl-a
Input Data Model R? Root Mean Square Mean Absolute
Error (RMSE) Error (MAE)
Unmanned aerial vehicle One-dimensional convolutional neural network  0.668 0.366 0.298
(hyperspectral) Multilayer perceptron 0.540 0.446 0.346
. One-dimensional convolutional neural network  0.983 0.081 0.063
GaoFen-5 (GF-5) (satellite) Multilayer perceptron 0.543 0.390 0.302
Unmanned aerial vehicle + One-dimensional convolutional neural network  0.757 0.306 0.201
GF-5 (fusion) Multilayer perceptron 0.641 0.372 0.260
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As shown in Tables 1 and 2, model performance in turbidity
retrieval was significantly improved by the fused data, and
generalization capability was stronger, particularly in the
medium-to-high concentration interval. In contrast, for Chl-a
retrieval, strong predictive capability was also demonstrated
by GF-5 single-source data, and its accuracy was superior to
that of the fusion results.

In comparison, the explained variance in turbidity retrieval
was substantially improved by multi-source data fusion,
although the accompanying RMSE and MAE were not
reduced: the R? of the fused one-dimensional convolutional
neural network for turbidity was increased to 0.896, and strong
fitting capability was maintained across the entire
concentration range, with the saturation effect of single-source
data in the high-concentration interval being effectively
alleviated. It should be noted that this improvement in R? was
not accompanied by a reduction in RMSE (0.777 NTU vs.
0.600 NTU for the UAV single-source model) or MAE. This
combination is not contradictory, because R? and RMSE

emphasize different aspects of the error distribution: RMSE is
dominated by the largest individual errors, and while fusion
improved the overall fit and reduced high-concentration
underestimation, it did not proportionally reduce the
magnitude of the largest residuals. This improvement is
attributed to the complementarity between unmanned aerial
vehicle hyperspectral data and GF-5 data—subtle spectral
absorption features are captured by the former with high
spectral resolution, while overall background information is
provided by the latter with broader spatial coverage. The
problem of high local accuracy but weak overall
generalization associated with single-source data was
effectively alleviated by the combination of the two, enabling
the model to achieve both local and overall prediction
accuracy. In Chl-a retrieval, however, superior performance
was exhibited by GF-5 single-source data, with prediction
accuracy better than that of the fusion results, which may be
related to the ability of the broader spectral coverage of the
GF-5 AHSI to capture Chl-a-sensitive bands.

Table 2. Evaluation results of turbidity prediction performance for both models under three input conditions (unit: NTU)

Turbidity
Input Data Model R? Root Mean Square Mean Absolute
Error (RMSE) Error (MAE)
Unmanned aerial vehicle One-dimensional convolutional neural network  0.762 0.600 0.453
(hyperspectral) Multilayer perceptron 0.779 0.456 0.362
. One-dimensional convolutional neural network  0.664 0.713 0.512
GaoFen-5 (GF-3) (satellite) Multilayer perceptron 0.607 0.603 0.420
Unmanned aerial vehicle + One-dimensional convolutional neural network  0.896 0.777 0.466
GF-5 (fusion) Multilayer perceptron 0.709 1.301 0.636

Note: Results are the mean values across cross-validation folds; all values are reported to three decimal places.
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Figure 6. Comparison of the predictive performance of both models for chlorophyll-a (Chl-a) concentration and turbidity using
unmanned aerial vehicle hyperspectral data and GaoFen-5 (GF-5) satellite data

Overall, the high resolution of unmanned aerial vehicle
hyperspectral data and the wide coverage of GF-5 satellite data
were effectively combined by multi-source remote sensing
data fusion, and the explained variance (R?) in turbidity
retrieval was significantly improved across the entire
concentration range and in high-disturbance areas, effectively
mitigating the saturation effect of single-source data, while the
error metrics (RMSE and MAE) were not reduced. Notably,
excellent performance in Chl-a retrieval was also
demonstrated by GF-5 single-source data, with accuracy even
exceeding that of the fusion results. The significant
improvement in retrieval accuracy in high-concentration areas
by fusion techniques was also confirmed by Hong et al. [11],
further demonstrating their advantages for parameter retrieval
in complex dynamic water bodies. Figure 6 shows the
comparison of the predictive performance of both models for
Chl-a concentration and turbidity using unmanned aerial
vehicle hyperspectral data and GF-5 satellite data.

3.4 Comparative analysis of model architectures

From the perspective of model architecture, pronounced
advantages are exhibited by the one-dimensional
convolutional neural network in processing high-dimensional
continuous band data, owing to its local receptive field and
hierarchical  feature extraction mechanisms. Local
dependencies among adjacent bands are automatically
captured by its convolutional kernels, and higher-level
features are abstracted through multiple convolutional layers,
by which fitting accuracy and generalization capability are
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improved. On the fused data (Table 3), superior predictions of
both Chl-a and turbidity were produced by the one-
dimensional convolutional neural network compared with the
multilayer perceptron, with test-set R? values of 0.757 and
0.896, respectively, which were significantly higher than those
of the multilayer perceptron (0.641 and 0.709); lower RMSE
and MAE values were also obtained. When the differences
between training-set and test-set R?> were examined, smaller
training—test discrepancies were observed for the one-
dimensional convolutional neural network than for the
multilayer perceptron for both parameters (Chl-a: 0.971 vs.
0.757; turbidity: 0.958 wvs. 0.896), indicating stronger
generalization capability and a lower degree of overfitting for
the one-dimensional convolutional neural network and
demonstrating its greater advantage in learning complex
hyperspectral features. This finding is consistent with the
conclusion of Na et al. [31] that convolutional architectures are
particularly suitable for sequence-based modeling of
continuous spectral data.

Although inferior overall performance compared with the
one-dimensional convolutional neural network was exhibited
by the multilayer perceptron, more rapid convergence and
greater noise robustness were provided by its fully connected
architecture under conditions of limited sample size or strong
noise. In the unmanned aerial vehicle single-source turbidity
prediction experiment, the RMSE of the multilayer perceptron
(0.456) was slightly lower than that of the one-dimensional
convolutional neural network (0.600), which may be attributed
to overfitting of the convolutional model under small-scale
data, whereas global fitting relationships were learned more



rapidly by the multilayer perceptron. This indicates that an
efficient and stable baseline model is still provided by the

multilayer perceptron when data are insufficient or resources
are limited.

Table 3. Performance metrics of both models for chlorophyll-a (Chl-a) and turbidity prediction based on fused unmanned aerial
vehicle and GaoFen-5 (GF-5) data

Model Water Quality Training Test Root Mean Square Mean Absolute
Parameter R? R? Error (RMSE) Error (MAE)
One-dimensional convolutional neural network Chl-a 0.971 0.757 0.306 0.201
Turbidity 0.958 0.896 0.777 0.466
Multilaver percentron Chl-a 0.983 0.641 0.372 0.260
yer pereep Turbidity 0.934 0.709 1.301 0.636
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Figure 7. Comparative performance of both models for chlorophyll-a (Chl-a) and turbidity prediction using fused unmanned
aerial vehicle and GaoFen-5 (GF-5) data

With respect to the large training—test discrepancy of the
multilayer perceptron on Chl-a (training-set R* = 0.983 vs.
test-set R? = 0.641 in Table 3), this gap indicates that the
multilayer perceptron tended to overfit the small training
sample under the high-dimensional fused input. Residual
analysis and repeated-seed stability checks were therefore
performed to assess this risk: the residuals were found to be
concentrated in  high-concentration samples without
systematic bias, and the qualitative ranking of the two models
was stable across repeated training runs. These diagnostics
support the conclusion that the superior generalization of the
one-dimensional convolutional neural network on fused data
is reliable rather than an artifact of a single favorable data split.

From the perspectives of computational cost and application

scenarios, greater practicality is offered by the multilayer
perceptron because of its simple architecture, small number of
parameters, and fast training speed when computing power is
limited and rapid iteration or engineering deployment is
required. Although higher complexity and longer training time
are required by the one-dimensional convolutional neural
network, pronounced advantages are exhibited in large-scale,
high-accuracy water quality retrieval applications. Particularly
when multi-source data are fused, data redundancy and noise
interference are effectively alleviated by its multilayer
convolutional feature extraction, and model stability and
generalization capability are improved.

From the perspective of error distribution, superior fitting
performance in high-concentration Chl-a and high-turbidity
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intervals was exhibited by the one-dimensional convolutional
neural network, and the problems of traditional models in
high-value intervals were effectively alleviated, whereas more
pronounced deviations in these intervals were observed for the
multilayer perceptron. This indicates that greater application
value is provided by the one-dimensional convolutional neural
network for monitoring highly polluted or highly eutrophic
water bodies.

In summary, greater suitability for large-scale, high-
accuracy remote sensing water quality retrieval tasks,
particularly multi-source data modeling, is exhibited by the
one-dimensional convolutional neural network, whereas the
multilayer perceptron is more appropriate for rapid
experimentation, resource-limited settings, or scenarios with
relatively limited data volumes. The two model types are
complementary and can be flexibly selected according to task
objectives; integrated modeling of the two could be explored
in future work so that the high accuracy of the convolutional
neural network and the rapid convergence of the multilayer
perceptron are both incorporated. Figure 7 shows the
comparative performance of both models for Chl-a and
turbidity prediction using fused unmanned aerial vehicle and
GF-5 data.

4. DISCUSSION

A deep learning-based water quality parameter retrieval
framework integrating unmanned aerial vehicle hyperspectral
imagery and GF-5 satellite data was proposed for the Yanghe
Reservoir in Qinhuangdao City. Modeling and accuracy
assessment were conducted for two key indicators, Chl-a
concentration and turbidity. The research findings and
implications were discussed from three dimensions: the
effectiveness of data fusion, the performance of model
architectures, and the potential for practical application. In
addition, the suitability patterns between different water
quality parameters and data sources were revealed, thereby
providing a scientific basis for data source selection in
practical monitoring.

4.1 Superior Performance in turbidity retrieval achieved
by multi-source data fusion

The high spatial resolution of unmanned aerial vehicle
hyperspectral data and the wide coverage capability of GF-5
satellite data were effectively synergized by the fusion of these
two data sources. It was shown that the explained variance in
turbidity retrieval was significantly improved by the fused
dataset (R? = 0.896 for the one-dimensional convolutional
neural network), whereas the RMSE and MAE remained
comparable and were not reduced, because RMSE is
dominated by the largest individual errors and fusion mainly
improved the overall fit and mitigated high-concentration
saturation; superior response to water quality parameters in the
medium-to-high concentration range was nevertheless
achieved. In Chl-a retrieval, however, superior predictive
performance was exhibited by GF-5 single-source data, with
accuracy exceeding that of the fusion results. This apparent
reduction of fusion performance for Chl-a is attributable to the
limited sample size: the 22-dimensional fused feature vector
superimposes largely redundant unmanned-aerial-vehicle
bands on the already strong GF-5 signal, thereby increasing
the input dimensionality and promoting overfitting under the
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small training sample; in contrast, for turbidity the high-
spatial-resolution details provided by the unmanned-aerial-
vehicle imagery contain genuinely complementary
information that outweighs the dimensionality increase. The
above results therefore suggest that the optimal data source
should be selected for different water quality parameters. A
flexible data selection strategy for water quality parameter
retrieval is provided by the complementarity of multi-source
data, by which single-source or fusion schemes can be selected
according to target parameter characteristics. The limitations
of a single platform in spatiotemporal resolution and spectral
dimension were effectively overcome by the complementarity
of multi-source data, and a reliable data foundation for robust
water quality retrieval was thereby provided.

4.2 Qutstanding performance achieved by the one-

dimensional convolutional neural network model
architecture
Among the compared deep learning architectures,

outstanding performance was exhibited by the one-
dimensional convolutional neural network. Local correlations
between contiguous hyperspectral bands and global spectral
patterns were efficiently captured, and locally sensitive
features and global trends were collaboratively extracted
through multi-scale convolutional kernels, by which more
accurate and better-generalized retrieval of Chl-a and turbidity
was achieved. Although simple in structure and
computationally efficient, the multilayer perceptron was
limited in retrieval accuracy because deep features of
sequential spectral signals could not be effectively learned by
its fully connected architecture, thereby confirming the
inherent advantage of the one-dimensional convolutional
neural network in processing hyperspectral data.

4.3 Practical applicability and deployment potential

Great potential for application in small- and medium-scale
water body monitoring is exhibited by the flexible water
quality monitoring strategy based on parameter—data source
matching proposed herein. The optimal data source can be
selected according to the characteristics of the target water
quality parameter: for turbidity monitoring, fused unmanned
aerial vehicle and GF-5 data are preferable for improving
accuracy and generalization capability, whereas for Chl-a
monitoring, GF-5 single-source data can be directly used to
reduce cost and data processing complexity. This strategy is
particularly suitable for fine-grained management of water
bodies such as reservoirs, lakes, estuaries, and intensive
aquaculture areas, with monitoring timeliness, spatial detail,
and controllable cost being balanced. An efficient and
generalizable technical pathway is thereby provided for high-
frequency dynamic monitoring, algal bloom early warning,
and pollution source tracing, and continuous data support can
be provided for intelligent management decisions regarding
regional water resources.

5. CONCLUSIONS

In this study, the upstream inflow river reach of the Yanghe
Reservoir was selected as the study area, and a deep learning-
based water quality retrieval framework integrating unmanned
aerial vehicle hyperspectral imagery and GF-5 satellite data



was constructed. The performance differences among
different data sources in Chl-a and turbidity retrieval were
systematically compared. The main conclusions are
summarized as follows: (i) Significant advantages in turbidity
retrieval were exhibited by multi-source data fusion. The test-
set R? of the one-dimensional convolutional neural network
model on the fused data reached 0.896, and the saturation
effect of single-source data in the high-concentration range
was effectively mitigated. (ii) In Chl-a retrieval, the prediction
accuracy of GF-5 single-source data was superior to that of the
fused data, suggesting that differences exist in the spectral
responses of different water quality parameters to data sources,
and the optimal data source should be selected according to the
characteristics of the target parameter. (iii) The overall
performance of the one-dimensional convolutional neural
network model on the fused data was superior to that of
multilayer perceptron, with a smaller training—test gap and
stronger generalization capability, making it more suitable for
modeling tasks involving continuous hyperspectral sequences.
A reference basis for data source selection and model
construction in remote sensing monitoring of water quality in
small- and medium-scale water bodies is provided by these
findings.
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