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Highlights

What are the main findings?

• A feature propagation-based deep learning framework has been developed to estimate
the vertical distribution of WQPs and achieve accurate multi-depth prediction with
limited samples.

• Fine-grained spatio-temporal patterns of WQPs are quantified across three regions,
achieving average MAPEs ranging from 9.33% to 19.06% at multiple depths.

What are the implications of the main findings?

• The proposed approach reduces sample dependence and enables efficient dynamic
monitoring of water quality variations across different depths.

• Differentiated modeling strategies for optical active and non-optical active constituents
improve prediction reliability and provide a scalable solution for comprehensive water
quality management.

Abstract

Effective water quality monitoring is essential for protecting aquatic environments and
supporting sustainable management of urban rivers. Accurate prediction and visualization
of water quality parameters (WQPs) distributions across spatial, temporal, and vertical
dimensions remained challenging for unmanned aerial vehicle (UAV)-based remote sensing
approaches, which often neglected depth-wise variability and required extensive water
sampling to maintain stable prediction performance for multiple WQPs. To address these
limitations, this study proposed a feature propagation-based extended long short-term
memory framework (FP-xLSTM) for unified prediction and visualization of multi-depth
WQPs, including total phosphorus (TP), total nitrogen (TN), chlorophyll-a (Chl-a), chemical
oxygen demand (COD), biochemical oxygen demand (BOD), and total suspended solids
(TSS). By integrating spectral characteristics with spatio-temporal dependencies through
feature propagation across consecutive temporal observations, FP-xLSTM effectively cap-
tured short-term fluctuations and learned vertical distribution patterns of heterogeneous
WQPs from multi-source data while reducing sampling requirements. A field study with
an eight-month interval between the first and last sampling campaigns was conducted to
evaluate the proposed framework under cross-region experimental settings and against
state-of-the-art baseline models. Results demonstrated that FP-xLSTM consistently outper-
formed competing methods, achieving average coefficients of determination (R2) ranging
from 0.66 to 0.95 and mean absolute percentage errors (MAPE) between 9.33% and 19.06%.
Furthermore, the framework has potential for deployment in practical environmental
monitoring applications to support local environmental authorities in tracking river water
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quality dynamics and optimizing management strategies. Overall, the proposed method
provided an effective and scalable intelligent framework for UAV-assisted urban water
quality assessment and multi-depth environmental visualization.

Keywords: water quality parameters; hyperspectral images; long and short-term memory;
spatio-temporal analysis; feature propagation

1. Introduction
Urban rivers constitute critical components of terrestrial aquatic systems and provide

essential water resources for agricultural production, industrial activities, and human daily
life [1]. However, rapid urbanization and industrialization have significantly degraded
urban water environments, resulting in increasing nutrient enrichment and ecological
deterioration [2]. Excessive accumulation of total phosphorus (TP) and total nitrogen
(TN) from agricultural runoff, industrial discharge, and domestic wastewater frequently
induced eutrophication and promoted rapid phytoplankton proliferation. Consequently,
chlorophyll-a (Chl-a), a key indicator of phytoplankton biomass, often exhibited substantial
increases in eutrophic aquatic systems [3,4]. Certain phytoplankton species might further
trigger harmful algal blooms (HABs), releasing cyanotoxins that threatened both aquatic
ecosystems and human health through ingestion, inhalation, or direct exposure. In addi-
tion, total suspended solids (TSS) strongly influenced underwater light penetration and
habitat conditions, while also affecting algal growth dynamics through interactions with
Chl-a concentrations [2]. Therefore, accurate monitoring and prediction of water quality
parameters (WQPs) were essential for environmental protection and sustainable urban
river management.

Fixed monitoring stations and manual water sampling approaches could provide
reliable point-based measurements, but they were constrained by high labor and mainte-
nance costs, limited spatial coverage, and insufficient temporal resolution [5]. They utilized
statistical methods and analyzed WQPs results from some sampling points to estimate ap-
proximate distribution patterns of WQPs, which lacked theoretical foundation and usually
deviated from pragmatic WQPs distributions. Satellite remote sensing technologies have
consequently emerged as effective alternatives for large-scale and dynamic water quality
monitoring [6,7]. Existing satellite remote sensing approaches estimated optically active
constituents (OACs) WQPs such as Chl-a and TSS by featuring spectral band combinations
with an average coefficient of determination (R2) over 0.60 and mean absolute percentage
error (MAPE) less than 30%. They usually suffered from inadequate physical and gener-
alization foundations and needed abundant prior knowledge. A nonlinear multivariate
correlation model was employed to predict Chl-a and TSS concentrations from Sentinel-2
with R2 over 0.80 but suffered prediction instability in various regions [8]. Some methods
utilized indirect inference of non-optically active constituents (non-OACs), including TP,
TN, chemical oxygen demand (COD), and biochemical oxygen demand (BOD), using
statistical relationships with spectral band combinations and correlated OACs, obtaining
relatively low R2 and high MAPE [9,10]. An extreme gradient boosting (BST) machine
learning framework was proposed involving environmental factors analysis to retrieve
TP concentration from different spectral band ratios of Moderate Resolution Imaging
Spectroradiometer (MODIS) Aqua level-1A images, obtaining R2 of 0.31 and MAPE of
52.54% [11]. A two-stage multivariate regression model was established incorporating
WQPs correlation and difference to retrieve TP, TN, and COD from satellite images but
suffered R2 around 0.60 and high MAPE due to low model robustness [12]. However, the
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prediction of non-OACs remained challenging because their spectral responses were often
indirect and highly nonlinear. Spatial distribution calculation accuracy of non-OAC WQPs
remained unstable, causing low efficiency in tracking various non-OACs WQPs and water
quality management.

Satellite-based remote sensing was restricted by long revisit cycles, limited temporal
continuity, and insufficient spectral flexibility, hindering the capture of fine-grained tem-
poral variations and subtle spectral changes associated with dynamic WQPs [13,14]. The
relatively broad spectral bands of Landsat Operational Land Imager (OLI) lacked the fine
spectral resolution and dedicated red-edge bands available in hyperspectral sensors. Un-
manned aerial vehicle (UAV)-based remote sensing enabled high-frequency observations
with flexible deployment and finer spatial resolution, making it increasingly suitable for
urban water quality monitoring [15,16]. UAV-based remote sensing involving more spectral
bands captured more spectral information and feature correlation, which enabled spectral-
spatial relationships and temporal variations of WQPs to be modeled [17,18]. A hierar-
chical clustering analysis (HCA) framework was established with an excitation-emission
matrix and parallel factor extraction to extract spectral features to retrieve Chl-a concen-
trations from UAV hyperspectral images, achieving R2 of 0.82 and MAPE of 27.07% [19].
Deep learning-based UAV remote sensing enhanced correlation among WQPs through
spatio-temporal distribution pattern learning and feature interaction, improving prediction
accuracy and stability on non-OAC WQPs. Transformer and long short-term memory
(LSTM) networks were integrated, introducing a cross-temporal attention mechanism and
adaptive feature fusion module to enhance feature correlation, to predict TN, Chl-a, and
TSS concentrations with R2 over 0.9 and MAPE less than 26% [20]. Graph attention net-
works were proposed with LSTM (GAT-LSTM) to predict spatial distributions of TP and
TN through inconsecutive sampling, which obtained average R2 of 0.65 and MAPE of
15.91% [21]. These methods suffered from an inability to capture variation of WQPs at
fine-grained time scales (e.g., day and month) and to predict WQPs in multiple depths.

Several critical challenges remained unresolved. First, most existing methods primar-
ily focused on surface-level observations while neglecting vertical distributions of WQPs
across multiple depths. Second, current models often exhibited limited generalization
capability when simultaneously predicting both OACs and non-OACs within a unified
framework. Third, deep learning-based UAV remote sensing was unable to capture tiny
variations of WQPs in fine-grained time scales (e.g., day and month). To address these
limitations, this study proposed a feature propagation-based extended long short-term
memory framework (FP-xLSTM) for multi-depth (0.5 m, 2.0 m, 4.0 m) prediction and
visualization of WQPs in spatio-temporal dimensions using UAV remote sensing data. The
proposed framework enhanced temporal feature continuity through feature propagation
across consecutive observations and captured subtle spatial variations in fine-grained
temporal sequences. A multi-layer memory interaction mechanism was introduced to
enable covariance-based information updating and collaborative feature learning among
memory units across different layers. Furthermore, FP-xLSTM adopted differentiated
learning strategies for OACs and non-OACs, improving unified prediction performance
for heterogeneous WQPs. Spatial correlation networks and probability distribution trans-
formation were additionally integrated to model depth-wise relationships and strengthen
robustness in multi-depth prediction tasks. By jointly incorporating spectral characteris-
tics, spatial dependencies, temporal dynamics, and feature interaction information, the
proposed framework reduced dependence on large training sample sizes while improving
prediction stability and generalization capability. The proposed method established an
intelligent UAV-assisted water quality monitoring framework capable of visualizing multi-
depth WQPs distributions on a monthly time scale. The framework provided effective
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technical support for environmental management, pollution assessment, and early-warning
systems in urban river environments.

2. Materials and Methods
2.1. Study Area

We conducted experiments on three watersheds in different regions as shown in
Figure 1 including: (1) the main part of Yamen Watercourse in Jiangmen city, latitudinally
ranging from 22◦13′8′′N to 22◦21′39′′N and longitudinally ranging from 113◦3′43′′E to
113◦5′25′′E, covering 19.79 km2, which is bordered by the western estuary Port area of
Xinhui in the north and Huangmao Sea in the south; (2) the main part of Huangyang River
in Zhuhai city, latitudinally ranging from 22◦14′10′′N to 22◦9′20′′N and longitudinally
ranging from 113◦16′33′′E to 113◦19′13′′E, covering 4.29 km2, which starts from Minyusha
and end at Jitimen; (3) the main part of Fen River in Taiyuan city, latitudinally ranging from
37◦41′39′′N to 37◦48′55′′N and longitudinally ranging from 112◦30′46′′E to 112◦32′41′′E,
covering 4.04 km2, which starts from Guancun Mountain and flows into Yellow River.
Cross-region experiments on these three regions, used as study areas, were conducted to
test the effectiveness and applicability of FP-xLSTM. These regions were representative
(e.g., industrial, aquaculture, agricultural, and residential areas were densely distributed
along the banks of these regions), where the water environment was contaminated in past
years, causing rapid degradation and deterioration of water quality.

Figure 1. Study area. The red polygons cover cross-region watersheds.

2.2. Ground and UAV Data Sampling

In this study, ground and UAV data sampling were implemented simultaneously at
each sampling site from March 2025 to November 2025, at two-month intervals in each re-
gion (Yamen Watercourse, Huangyang River, and Fen River). Water samples were collected
in each region in each time period from March 2025 to November 2025 at three different
depths. Groundwater sampling was implemented by an unmanned water sampling boat
(UWSB). Three 500 mL water samples were collected from 0.5 m, 2.0 m, and 4.0 m below
the water surface at each sampling site in each region, and laboratory chemical analysis
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was performed on each water sample for six WQPs. Additionally, 125 water samples were
collected at each depth in each period for each region, totaling 5625 samples (125 sampling
points, 3 depths, 5 time periods in each of these three regions). Additionally, water samples
were densely collected in relatively small regions and sparsely collected in relatively large
regions so as to improve the self-adapting and transfer learning capability of the proposed
method. By integrating these two sampling strategies with UAV hyperspectral remote
sensing, intensive field measurements could be concentrated in representative areas while
model-based predictions were extended to sparsely sampled regions, thereby reducing the
dependence on large-scale and long-term field sampling. The corresponding chemical anal-
ysis methods were elaborated in Appendix A.2, and water quality classification standards
were demonstrated in Table A1. Hyperspectral reflectance data collected by UAV-carried
Gaia Sky-M imager covered 270 bands from 401 nm to 998 nm at each sampling site. The
flying height of the DJI Matrice 600 Pro UAV was set to 120 m, and spatial resolution was
resampled to 1.0 m. UAV hyperspectral data were calibrated by standard reference panels
with reflectance of 0.1, 0.2, and 0.4.

2.3. Preprocessing of Hyperspectral Data

In this study, independent component analysis (ICA) was utilized to reduce medium
interference such as dust and water vapor between the UAV and water surface to enhance
the signal-to-noise ratio (SNR) [22]. The difference between UAV and ground reflectance
was reduced. Thus, UAV-ground reflectance interpolation and transfer were unnecessary
to denoise data and avoid quadratic error. The real source reflectance, representing the
optical properties of the water body, was extracted as follows.

xi =
k

∑
j=1

αi,jsi,j (1)

xi = Aisi (2)

ŝi = WT
i xi (3)

where xi denotes the UAV-collected hyperspectral reflectance at wavelength i; si,j denotes
the source reflectance at wavelength i; x = (x1, x2, · · · , x270); A is a mixing matrix which
mixed components si including real source reflectance and medium interference; and
s = (s1, s2, · · · , s270); A = (α1, α2, · · · , α270); ŝ is estimated s; W = (W1, W2, · · · , W270).
The element with the greatest absolute value of coefficient was taken as the real source
reflectance of ŝi due to smaller influence on collected reflectance by medium interference
compared to optical properties. Then, the W iterative update process was formulated [23].

W(k+1) = E

⎧⎨⎩x
∂G
(︂

W(k)T
x
)︂

∂W(k)

⎫⎬⎭− E

⎧⎨⎩x
∂2G

(︂
W(k)T

x
)︂

∂W(k)2

⎫⎬⎭W(k) (4)

W(k) =
W(k+1)⃓⃓⃓⃓
W(k+1)

⃓⃓⃓⃓ (5)

where W(k) indicates the result of kth step of W, and G denotes non-quadratic function.
W(k+1) was obtained until <W(k+1), W(k) >= 1. The details for obtaining weight matrix for
ŝi are elucidated in Appendix A.3. Decorrelation operation was conducted on real source
reflectance through principal component analysis (PCA) [24].
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2.4. Model Framework

The proposed model mainly consisted of a model input construction part, predictive
models for WQPs from 0.5 m below the water surface (FP-xLSTMs), and predictive models
for WQPs from more than 0.5 m below the water surface (FP-xLSTMd) as shown in Figure 2.
The input of FP-xLSTMs embraced hyperspectral reflectance, feature interaction, and Eigen-
value matrices. The feature interaction matrix was obtained from the upper-right model
input construction workflow, and a small region scanner was employed to extract eigen-
values of each region in the reflectance matrix. The input to FP-xLSTMd was intermediate
variables from the interaction and shift layer correlating the information from FP-xLSTMs.
The output was the predicted WQPs concentration. Eigenvalue, reflectance, and land cover
embedding matrices worked as input to predict OAC WQPs; Eigenvalue, interaction, and
land cover embedding matrices worked as input to predict non-OAC WQPs due to optical
non-sensitivity. Layers consisted of an interaction layer, shift layer, and fully connected
layer. Each time period went through mLSTM and sLSTM with hidden dimensions of 128,
where the sequence length was four.

Figure 2. Model architecture. The left part is the workflow for predicting WQP concentrations, and
the upper left is model input construction. The right part contains detailed structure of some modules
including sLSTM, mLSTM, shift layer, and PMF. The upper right is a detailed demonstration of model
input construction.

2.5. Model Formulation
2.5.1. Model Development of FP-xLSTMs

In the model input construction part, raw reflectance of each pixel point of the UAV
hyperspectral image was denoised through an ICA-variant module to obtain real source
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reflectance. 2-dimensional convolution layer and an average pooling layer were employed
to extract hyperspectral features from the real source reflectance.

yconv = Conv2d
(︂

W(1)
convX + b(1)conv

)︂
(6)

ypool = Avgpooling
(︂

W(1)
poolyconv + b(1)conv

)︂
(7)

where yconv and ypool indicate the results of the 2-dimensional convolution layer and
average pooling layer, respectively; W indicates the weight matrix; and b indicates bias.
Spectral information was correlated in inner space, where each entry was surrounded by
its adjacent entries to form a region on the reflectance matrix. In each region, a scanner

was utilized to extract eigenvalues to obtain the Eigenvalue matrix Λ =

⎡⎢⎢⎣
λ1,1 · · · λ1,n

...
. . .

...
λn,1 · · · λn,n

⎤⎥⎥⎦
from real source reflectance matrix, where each entry represents the largest Eigenvalue for
each small area, with each entry value of the real source reflectance matrix as the center
surrounded by adjacent entries in the scanned region (e.g., a scanned region of 3 × 3
where the center entry was surrounded by its adjacent 8 entries). The Eigenvalue matrices
showed correlation of neighboring points within a certain area and differences among
scanned regions. Interaction between the center point and its adjacent points elucidated
their feature correlation and mutual effect. Real source reflectance matrices of spatially
adjacent pixel points in a spatial neighborhood were correlated to one another through
feature interaction. Furthermore, the feature interaction matrix was obtained through a
model input construction workflow with a multi-dimensional cross product.

yit = f⊗
(︂

yc,r, ya1,r, · · · , yaj ,r

)︂
= yc,r ⊗ ya1,r⊗, · · · ,⊗yaj ,r (8)

where yit denotes the results of feature interaction among the real source reflectance
matrix, eigenvector matrix, and Eigenvalue matrix; f⊗ denotes the multi-dimensional
cross product operation; and yc,r and yaj ,r denote the results of the center point and its
adjacent points after the activation layer. The details to obtain feature interaction results
can be found in Appendix A.4. Non-OACs, including TP, TN, COD, and BOD at 0.5 m
below the water surface, were predicted by FP-xLSTMs using interaction and Eigenvalue
matrices as model inputs since their variation did not affect spectral reflectance directly
and OACs’ variation indirectly affected non-OACs. OACs, including Chl-a and TSS,
were predicted by FP-xLSTMs using reflectance and Eigenvalue matrices as model inputs.
Thus, FP-xLSTMs were trained with different input variables for OACs and non-OACs,
respectively. The Liang–Kleeman information flow framework quantified directional
causal interactions between riparian land features and WQPs, revealing that anthropogenic
land-cover types exerted stronger influences on WQP variability than natural vegetation
because of their greater hydrological connectivity, nutrient export, and pollutant transport
potential [1]. The derived information flow rates were subsequently integrated with spectral
reflectance, Eigenvalue features, and interaction matrices to construct multi-source input
representations, thereby enhancing the interpretability, robustness, and cross-regional
generalization capability of the proposed model.

In the up-projection mLSTM module wrapped inside two multilayer perceptrons
(MLPs) via a convolution and a learnable skip connection, the predicted results were
obtained from the output gate at each time step. mLSTM employed matrix memory,
allowing for parallel processing and improved storage capacity. mLSTM utilized matrices
to store and retrieve information, which enhanced storage capacity and resolved the
limitations of LSTM in handling spectral features that are hard to capture in vector form. Its

https://doi.org/10.3390/rs18203553

https://doi.org/10.3390/rs18203553


Remote Sens. 2026, 18, 3553 8 of 48

covariance update rules are suitable for handling large-scale parallel data, which analyzes
subtle short-term variation.

Ct = ftCt−1 + itvtkT
t (9)

nt = ftnt−1 + itkt (10)

ht = ot ⊙
(︂

Ctqt/max(
⃓⃓⃓
nT

t qt

⃓⃓⃓
, 1
)︂
) (11)

xt = SiLU
(︂

Conv
(︂

wT
x fLN(Xt) + bx

)︂)︂
(12)

x′t = Wsxt + bs (13)

yt =
(︁
GN(ht) + x′t

)︁
⊙ SiLU

(︂
wT

r fLN(Xt) + br

)︂
(14)

qt =
(︁
W′qxt + bq

)︁
⊙
(︂

wT
q Et + bq

)︂
(15)

kt =
1√
d

(︁
W′kxt + bk

)︁
⊙
(︂

wT
k Et + bk

)︂
(16)

vt =
(︁
W′vxt + bv

)︁
⊙
(︂

wT
v Et + bv

)︂
(17)

it = exp
(︂

wT
i xt + bi

)︂
(18)

ft = exp
(︂

wT
f xt + b f

)︂
(19)

ot = sigmoid(Woxt + bo) (20)

where f, i, o, C, n, h, q, k, v, X, E, W, W′, and b denote forget gate, input gate, output gate,
cell state, normalizer state, hidden state, query, key, value, interaction results of model
inputs, Eigenvalue, weight, block diagonal linear projection, and bias, respectively. LN
and GN indicate layer normalization and group normalization. (WXt + b)⊙

(︁
wET + b

)︁
enhance relatedness between reflectance or interaction matrix and Eigenvalue matrix. The
forget gate worked in consistence with decay rate; the input gate worked in consistency
with the learning rate; the output gate scaled the predicted results. The normalizer state
was the weighted sum of key vectors, with each key vector weighted by the input gate and
all future forget gates, and it captured gate strength. The exponential activation function
might obtain a larger value, thereby causing an overflow. Therefore, an additional state mt

was used to stabilize the gating signal.

mt = max(log (ft) + mt−1, log (it)) (21)

i′t = exp(log (it)−mt) (22)

f′t = exp(log (ft)−mt−1 −mt) (23)

where mt is the stabilizer state; i′t is the stabilized input gate; and f′t is the stabilized forget
gate. Thus, it and ft could be superseded by i′t and f′t in the forward pass which changed
neither the output nor the derivatives of the loss with respect to the parameters.

By extending the vector operations in the traditional LSTM to matrix operations, the
memory ability of the model has been greatly enhanced. Thus, mLSTM improved prediction
efficiency and the ability to capture tiny variations between features by incorporating
information from two consecutive time steps. The calculation details were demonstrated in
the mLSTM block diagram of Figure 2. Then, an interaction layer was employed to extract
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the mutual effect of interaction and Eigenvalue matrices of non-OACs or reflectance and
Eigenvalue matrices of OACs:

y(2)
it = f (2)⊗

(︂
wityT

t , WeE
)︂

(24)

yout = σ
(︂

wTy(2)it + bout

)︂
(25)

where y(2)
it indicates interaction results and yout indicates the predicted WQP concentration

at the current time. f (2)⊗ denotes row-wise cross product on multi-dimensional variables.
Row-wise cross product enhanced the capability of capturing significant features and
relatedness between previous and current time. The calculation process details were
elaborated in Appendix A.5. With increasing depth, spectral reflectance scarcely enunciated
the variation of OACs. A spatial neighborhood was determined to form a region (e.g.,
3 × 3) that affected water below (e.g., 2.0 m and 4.0 m below the water surface), as shown
in the Sinkhorn variant part of Figure 2. WQPs at 0.5 m below the water surface (WQPs0.5)
affected WQPs at 2.0 m below the water surface (WQPs2.0), which affected WQPs at 4.0 m
below the water surface (WQPs4.0) due to water flowability and underwater substance
exchange. Thereby, the spatial distribution of WQPs0.5 and that of WQPs2.0 were correlated.
The effect imposed by WQPs0.5 upon WQPs2.0 would follow the easiest way to be achieved
at the lowest cost. The results from the interaction layer were employed to establish a
Sinkhorn network to transport the effect from WQPs0.5 to WQPs2.0 with a cost matrix that
was formulated with respect to spatial distance among pixel points of shallow and deep
levels in the shift layer. Thus, the objective of minimizing the total cost of transporting
impact from WQPs0.5 to WQPs2.0 was formulated as:

obj = min
P

∑ Pi,jCi,j + ϵ∑ Pi,j
(︁
log Pi,j − 1

)︁
(26)

where r ∈ RK denotes WQPs0.5 concentrations distribution; P denotes impact matrix;
C denotes cost matrix; c ∈ RN denotes WQPs2.0 concentrations distribution; constraint
condition of P1N = r and P1k = c hold when effect by WQPs0.5 us imposed upon WQPs2.0.
P and interaction matrices are retained at each time step and used as the input to FP-
xLSTMd. The calculation details of the impact matrix were demonstrated in Appendix A.6
Algorithm A1. Interaction matrices and the impact matrices were combined in the combine
layer and retained to work as the input to FP-xLSTMd. The sLSTM module added a scalar
update mechanism based on the traditional LSTM. Fine-grained control of the internal
memory unit was carried out, optimizing the gating mechanism to make it more suitable
for processing sequence data with subtle time variation. Additionally, interaction matrices
and the impact matrices worked as the input to sLSTM.

ct = ft ⊙ ct−1 + it ⊙ zt (27)

nt = ft ⊙ nt−1 + it (28)

ht = ot ⊙
(︂

ct ⊙ n−1
t−1

)︂
(29)

xt = SiLU
(︂

Conv
(︂

Wx fLN

(︂
y(2)

it

)︂
+ bx

)︂)︂
(30)

zt = tanh
(︁
W′zxt + Rzht−1 + bz

)︁
(31)

it = exp
(︁
W′ ixt + Riht−1 + bi

)︁
(32)

ft = exp
(︂

W′ f xt + R f ht−1 + b f

)︂
(33)
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ot = sigmoid
(︁
W′oxt + Roht−1 + bo

)︁
(34)

yt = Wy(WlGN(ht) + bl)⊙ GELU(WrGN(ht) + br) + Xt (35)

The results kept going through the interaction layer and shift layer, then the combine
layer, which were retained as input to FP-xLSTMd. Finally, the fully connected (FC) layer
took the results from the last mLSTM to calculate the WQPs concentrations. To improve
calculation accuracy, the PMF variant feedback module was engaged to determine resulting
WQPs concentration outliers and recalculate detected outliers, improving explainability
and continuity of spatial distributions of WQPs concentrations. A scanning operation
was implemented on a certain region covering spatially adjacent pixels with the obtained
WQPs concentrations. PMF variant feedback module considered spatially continuous
variation of WQPs concentrations in each scanned region, eliminating sudden changes in
WQPs concentrations between adjacent points. The prediction accuracy was enhanced
with detected outliers being recalculated by the PMF module. The detailed recalculation of
WQPs concentration outliers detected by the PMF module was enunciated in Appendix A.7.

2.5.2. Model Development of FP-xLSTMd

WQPs at more than 0.5 m below the water surface could not be retrieved from spectral
reflectance, and thus, the retained interaction and shift information worked as input
to FP-xLSTMd to predict variation of WQPs2.0. Similarly, retained interaction and shift
information from the prediction of WQPs2.0 variation worked as input to WQPs4.0. A
multi-layer perceptron (MLP) was employed to extract features of interaction and shift
information. Then, mLSTM, sLSTM, interaction layer, and shift layer were utilized to
predict WQPs variation at different time stamps. Features from the interaction layer and
shift layer were retained in the prediction of WQPs2.0 and worked as input to the prediction
of WQPs4.0, the process of which was similar to that of WQPs0.5 as shown in the left part of
Figure 2.

The workflow of prediction of multi-depth spatio-temporal distribution of WQPs
was summarized: (1) extraction Eigenvalue and interaction matrices from hyperspectral
data; (2) utilization of reflectance and Eigenvalue matrices as input to prediction of OAC
WQPs and interaction and Eigenvalue matrices as input to prediction of non-OAC WQPs;
(3) retainment of intermediate information including featuring information from interaction
and shift layer to work as input to prediction of WQPs at more than 0.5 m below water
surface; (4) recalculation of detected WQPs concentration outliers through PMF module in
each scanned region. The detailed algorithm for predicting multi-depth variation of WQPs
over time was elucidated in Appendix A.8 Algorithm A2. FP-xLSTM employed different
strategies to retrieve OAC and non-OAC WQPs and averted calculation instability due to
the insensitivity of non-OAC WQPs to spectral reflection. Moreover, FP-xLSTM established
feature sharing and delivery among WQPs at various depths, efficiently mitigating differ-
ences in calculation accuracy of WQPs at various depths due to optical signal attenuation
with depth augmentation.

3. Results
3.1. Dataset Description

This study conducted multi-depth in-situ water sampling at depths of 0.5 m, 2.0 m,
and 4.0 m, together with UAV image acquisition in March, May, July, September, and
November 2025. Statistical distributions of water quality parameters (WQPs) based on
water quality classification standards are shown in Figure 3.
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Figure 3. Statistical results of classification of WQPs concentrations in different regions from 03/2025
to 11/2025. Different sector colors indicate water quality classes with the darkest color indicative of
the highest class. The darker the color turns, the worse the water quality is.

Temporal variability and consistency of WQPs were further evaluated using coeffi-
cients of variation (CVs) and Pearson correlation coefficients between consecutive mon-
itoring periods, as shown in Figure 4. In Yamen Watercourse, COD and BOD exhibited
relatively strong temporal correlations at all depths, suggesting stable pollution sources
such as domestic sewage and industrial discharge. In contrast, TP, TN, Chl-a, and TSS
showed weaker temporal correlations, indicating stronger seasonal variability. Similar
patterns were observed in Huangyang River, where COD and BOD maintained relatively
high temporal consistency, whereas TP and Chl-a displayed stronger fluctuations, particu-
larly in surface layers. In Fenhe River, TP, TN, and COD demonstrated relatively strong
correlations between May and September, while TP, TN, COD, and BOD at 4.0 m depth
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showed greater temporal consistency than those in shallower layers, likely due to water
stratification and sediment release processes.

 
Figure 4. WQPs distribution from 03/2025 to 11/2025 in three different regions. The number in the
red rectangle indicates the Pearson correlation coefficient value, where the larger the number, the
higher the rectangle position. CV indicates the coefficient of variation, which is located over each
bar. Every five months from left to right on each plot represents one depth; in total, three depths,
including 0.5 m, 2.0 m, and 4.0 m below the water surface on each plot. All digits were rounded to
two decimal places, with the original positive or negative sign kept.

CV analysis revealed significant spatial heterogeneity among WQPs. TN consistently
exhibited the highest CVs across all regions and depths, indicating uneven nitrogen inputs
and heterogeneous mixing conditions. In addition, concentrations of TP, TN, COD, BOD,
and TSS generally increased with depth, whereas Chl-a concentrations decreased because
of reduced light penetration and weaker phytoplankton activity in deeper layers.

Compared with Fenhe River, Yamen Watercourse and Huangyang River exhibited
more uneven point-source pollution distributions according to their CV patterns. Further-
more, deeper water layers appeared to be more strongly influenced by internal processes,
such as sediment release and redox reactions, than by seasonal external inputs. Conse-
quently, WQPs below 0.5 m depth generally exhibited stronger temporal continuity between
consecutive monitoring periods, reflecting the relatively slow response of deep-water en-
vironments to seasonal surface disturbances, including upstream pollutant transport and
rainfall runoff.

Figure 5 showed the association of each WQP with spectral bands, where the Mann–
Kendall (MK) Z-score was employed to test the changing trend of spectral difference
of maximum and minimum concentration of each WQP from 401 nm to 998 nm. The
spectral difference of TP scarcely showed resemblance across different regions, and large
differences among MK Z scores of various months existed, indicating an inconspicuous
changing trend [25]. There were spectral difference peaks of TP near 750 nm, 800 nm, and
950 nm, which might respond to variation in TP concentration. MK Z scores of TN differed
significantly over different months and failed to demonstrate an upward or downward
changing trend. Spectral difference peaks of TP near 600 nm, 900 nm, and 990 nm might
correspond to TN variation to some extent, which might explain that TN varied by month.
MK Z scores of COD were negative, indicating that a downward trend existed. Spectral
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difference peaks of COD occurred near 580 nm and 630 nm, followed by a spectral difference
drop near 750 nm, consistent with COD feature bands. Furthermore, the spectral difference
of BOD near 950 nm possibly responded to the variation of BOD. Large differences in MK
Z scores of BOD over various months showed that spectral reflectance differed from one
another. Tiny differences in MK Z scores of Chl-a in three regions illustrated the consistency
of spectral differences over various months, which proved stronger optical sensitivity of
Chl-a compared to other WQPs. Spectral differences attained some peaks near 400 nm,
700 nm, 750 nm, 820 nm, and 950 nm, which might respond to Chl-a variation. MK Z
scores of TSS differed little from one another, signifying a stable changing trend. Spectral
difference peaks of TSS were presented near 750 nm, 830 nm, and 900 nm, which might
correspond to TSS variation.

Figure 5. Spectral difference of maximum and minimum concentration of each WQP over wave-
lengths from 03/2025 to 11/2025. Z of different colors represents the Mann–Kendall Z-score with
respect to the spectral reflectance difference of maximum and minimum concentration of each WQP
at the same month.

3.2. Evaluation Metrics

In this study, we conducted performance experiments to test FP-xLSTM performance
with respect to root mean squared error (RMSE), coefficient of determination (R2), and
mean absolute percentage error (MAPE). Welch’s t-test, MK, and χ2 test were employed to
further verify the performance of FP-xLSTM by comparing the spatio-temporal distribution
of obtained results by FP-xLSTM with that of ground truth. The null hypothesis of Welch’s
t-test was that the center of predicted values was equal to that of measured values, given
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that measured and calculated values were independent with unequal variances [26]. Water
samples were collected at different sampling sites and were collected in a certain order
such that the MK test was applied to test if the dataset of each WQP in each period
followed a certain changing trend [27]. χ2 was utilized to compare the classification result
distributions of measured and predicted values, which provided the overall consistency
between measured and predicted WQPs distributions and discovered problems with the
model in terms of category bias or imbalance. The null hypothesis assumed that the
distribution of predicted classification results did not significantly deviate from that of
the measured values [28]. The formulation of the aforementioned statistical tests was
demonstrated in Appendix A.10.

The significance level of Welch’s t-test, MK, and χ2 was set to 0.05. FP-xLSTM was
trained using the AdamW optimizer with an initial learning rate of 0.001 and a weight
decay of 1 × 10−4. The batch size was set to 16. The random seed was 100. The number of
training epochs was 100, and early stopping with a patience of 15 epochs was employed
based on validation loss. Activation functions included SiLU, GeLU, tanh, and Leaky-
ReLU, as shown in Figure 2. Training, validation, and testing data accounted for 60%,
20%, and 20% of the total dataset. A total of 125 fixed sampling locations were monitored
repeatedly in 03/2025, 05/2025, 07/2025, 09/2025, and 11/2025. These locations were
divided into training, validation, and testing sets at 75, 25, and 25 unique sampling locations
through a forward-validation approach, respectively, covering five time periods. All
observations collected from the same sampling location across the five sampling campaigns
were assigned exclusively to the same subset. Thus, no sampling location was shared
among the training, validation, and testing sets, preventing spatial information leakage
while preserving the temporal observations within each location.

3.3. Baseline Models

The state-of-the-art baseline models of FP-xLSTM employed information from previ-
ous time periods in time series, including spectral features and spatio-temporal features,
as model inputs to predict WQPs concentration distributions of the next time period, and
their descriptions are shown below.

• GCN [29]: A graph convolutional network was proposed for dynamic prediction of
WQPs that leveraged spatial relatedness of each joint.

• ST-GCN [30]: A spatio-temporal graph convolutional network model was proposed to
predict WQPs concentration distributions based on the spatio-temporal correlation
between river stations.

• SpecFormer [31]: Spectral graph neural networks learned graph representations via
spectral domain graph convolutions, which were utilized to couple WQPs and spec-
tral features.

• CNN-Transformer [32]: The synergistic integration of an efficient compression CNN
and transformer with a pooling strategy efficiently extracting spectral features was
leveraged to predict WQPs concentrations.

• MSM-Transformer [33]: A multi-scale modeling transformer architecture with a decom-
position attention mechanism in the time series integrated information from different
scales to capture distribution patterns and dynamic changes of WQPs.

• LSTM [34]: LSTM extracted WQPs based on their respective pollution share rates and
employed the Spearman method to identify the influential factors impacting each
key parameter.

• Bi-LSTM [35]: A bidirectional LSTM method combined with a multi-layer perceptron
was proposed to predict spatial-temporal variation of water quality.
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• ConvLSTM [36]: Convolutional LSTM network extended traditional LSTM archi-
tecture by replacing fully connected layers with convolutional operations during
input-to-state and state-to-state transitions to retrieve WQPs.

• CNN-LSTM-Attention [37]: The CNN-LSTM-Attention method with an attention
mechanism extracted short-term abstract features of water quality data by CNN and
selected an LSTM model to capture long-term dependencies between variables to
detect water quality.

• xLSTM [38]: A method with xLSTM architecture integrated the scaled dot-product
attention (SDPA) mechanism to improve the effectiveness of retrieving WQPs.

3.4. Model Evaluation

Traditional methods might be inaccurate in prediction due to insufficient samples in
the target area. Transfer learning alleviated the problem of insufficient data in the target
area by leveraging the feature representation of a large amount of data in other areas. Water
bodies in different regions were affected differently by pollution sources, climate, rainfall,
and river basin characteristics. Transfer learning enabled the model to quickly adapt to the
environmental characteristics of the new region through the fine-tuning method. Model
Training directly in a single area might overfit the environmental features of that area (e.g.,
water body types and seasonal variations). Transfer learning enabled the model to learn
more general water quality patterns through cross-regional knowledge sharing.

A model evaluation experiment of FP-xLSTM was conducted to verify cross-region
transfer learning capability through leave-one-basin-out cross-basin validation, which
tested FP-xLSTM performance on one region dataset by training the model on two datasets
from other two regions (e.g., the model was tested on the Yamen Watercourse dataset
by being trained on other two datasets from Huangyang and Fenhe River). The model
predicted WQPs concentration distributions in 11/2025 through the datasets of the first
four periods in the time series. The randomly selected sampling points of each watershed,
with sampling over five periods and three depths at each point, worked as the training
dataset, and the rest of the sampling points of each watershed worked as the testing dataset
due to the spatio-temporal variation continuity of water quality in the time series in each
watershed. Prediction of WQPs concentration distributions for the next period in the time
series was conducted based on information sharing and delivery of past periods. The
proposed method design considered external and internal environmental variations in
different regions, which enhanced generalization ability. MK Z-score of predicted values
was approximated to that of measured values, indicating prediction effectiveness through
analogous changing trends of predicted and measured values. The results of comparison
between predicted values and measured values are shown in Figure 6. The prediction
of Chl-a and TSS by FP-xLTSM outperformed that of other WQPs due to the direct and
efficient response of OACs to spectral variation involved in FP-xLTSM at 0.5 m depth. The
prediction of TP, TN, COD, and BOD was based on the interaction and Eigenvalue matrices
of the spatial neighborhood. The average R2 of OAC WQPs increased by 6.95% compared
to that of non-OAC WQPs at 0.5 m depth in three regions, and the difference between
OACs and non-OAC WQPs was insignificant to some extent, which proved the calculation
stability and efficiency of FP-xLSTM.

Optical penetration decayed with increasing depth, which caused FP-xLSTMs to out-
perform FP-xLSTMd in predicting OAC WQPs. Moreover, the fitting degree of FP-xLSTM
to measured values gradually decreased with increasing depth for non-OAC WQPs with
respect to R2 s, which illustrated that spatial relatedness and feature representation accuracy
attenuated during information sharing and delivery. As the number of network layers
increased, the input features went through multiple linear and nonlinear transformations,
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and the useful original feature information might be diluted, which lowers prediction
accuracy for WQPs. The average R2 of OACs and non-OAC WQPs decreased by 8.72%
and 17.10%, respectively, from 0.5 m to 4.0 m depth, indicating the difference in predic-
tion accuracy decline between OACs and non-OAC WQPs, which further illustrated that
spectral penetration decayed more slowly than the dilution of interaction information
delivery and sharing. The signals of non-OACs were inherently weak, and attenuation
during the gradient propagation process would make it more difficult for the previous
layer to learn these weakly correlated features. The changing trends of predicted values for
OAC WQPs were more closely aligned with the measured values than those of non-OAC
WQPs, as indicated by smaller differences in MK Z scores between predicted and measured
values [39].

Furthermore, the MK Z-score difference between predicted values and measured
values increased with depth, increasing more for OAC WQPs than non-OAC WQPs. This
was likely because OCAs were biologically and optically active, subject to more complex,
nonlinear fluctuations influenced by light availability and biotic interactions. The confi-
dence ellipse showed the population mean concentration of each WQP, and correlation
existed among points near the long axis of the confidence ellipse owing to their similar
spatial and spectral features. Predicted WQPs mainly aggregated inside the confidence
ellipse of 1 standard deviation at the depth of 0.5 m and aggregated inside confidence
ellipses of 2 and 3 standard deviations at depths greater than 0.5 m due to decreased R2 and
increased MAPE. Almost all points stayed inside these three circles, which further proved
that the population mean of predicted WQPs approximated that of measured WQPs well,
and prediction of each WQP was efficient at different confidence levels.

The predicted values of WQPs were classified into six classes according to the water
quality classification standards shown in Table A1. Predicted WQPs concentrations were
compared with measured values at various depths with respect to classification results
as shown in Figure 7. The overall prediction performance of OAC WQPs was superior
to that of non-OAC WQPs. The performance of FP-xLSTMs on OAC WQPs differed
insignificantly from that of non-OAC WQPs in terms of classification results at 0.5 m
depth. Additionally, the classification results of predicted concentrations exhibited closer
correspondence to those of measured concentrations for TP and TN than for other WQPs
due to a narrow range of predicted and measured values. The R2 s of COD and BOD
were less than those of other WQPs, signifying relatively low fitting degree to measured
values and significant fluctuation around each measured value at a depth greater than
0.5 m. Moreover, the classification interval spans of TSS were wider than others, which
gave rise to small classification differences between its measured and predicted values,
improving classification accuracy and stability of predicted results to some extent. Marked
differences in classification interval spans from class I to class VI led to relatively large
discrepancies between measured and predicted Chl-a concentrations despite the resulting
R2 being greater than other WQPs. The differences between measured and predicted COD,
BOD, and Chl-a in higher classes became more pronounced with depth increasing owing
to the decreasing prediction accuracy and stability.
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Figure 6. Model performance evaluation by comparison between predicted values and measured
values at various depths in three regions. The blue line denotes the regression line. ZMK,1 denotes the
MK Z-score of the measured value. ZMK,2 denotes the MK Z-score of the predicted value. Red, purple
dashed, and blue dashed circles denote confidence ellipses of three types of standard deviation σ,
1 σ for 68.27% confidence in red dashed line, 2 σ for 95.45% confidence in purple dashed line, and
3 σ for 99.73% confidence in blue dashed line. The red dot denotes the center of the measured and
predicted WQPs.
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Figure 7. Comparison between predicted and measured WQP concentrations at various depths
through water quality classification. The class accounting for the largest portion is digitally annotated.

4. Discussion
4.1. Model Comparison

Taylor diagram was employed to investigate the model performance difference among
FP-xLSTM and its baseline models with respect to standard deviation, R2, and centered
root mean squared error (CRMSE), as shown in Figure 8. CRMSE quantified the deviation
of predicted values from observed values and was related to the model’s capability to
capture patterns or variability of measured data. FP-xLSTM outperformed its baseline
models with respect to the aforementioned evaluation metrics at various depths of the three
regions. xLSTM showed the second-best performance due to smaller CRMSE and higher
R2 compared to other baseline models, signifying that it captured the variability of the mea-
sured values. Additionally, the ConvLSTM and CNN-LSTM-Attention resembled xLSTM
in correlation but underperformed xLSTM in CRMSE, where they showed discrepancies in
the variation trend of predicted values. ConvLSTM, CNN-LSTM-Attention, and xLSTM
had similar design architecture but different embedded modules and connection modes,
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such that they resembled each other in correlation with measured values. ConvLSTM and
CNN-LSTM-Attention involved additional spatial convolutions and attention mechanisms,
assuming data to have pronounced correlation among spatial features, whereas WQPs
lacked direct spatial correlation and feature interaction. Thus, their convolutional layers
might attenuate important signals or introduce additional noise. Under conditions of high
data noise, short sequence lengths, or simple temporal patterns, ConvLSTM, CNN-LSTM-
Attention, and xLSTM might fail to extract relevant features, potentially resulting in bias.
FP-xLSTM was established based on the basic architecture of xLSTM and involved spatial
correlation, feature interaction, substance transport mechanism, and feedback mechanism,
making it more suitable for capturing dynamic variation of multi-depth WQPs in short
time scales. The predicted values by ConvLSTM, CNN-LSTM-Attention, and xLSTM were
evenly distributed, resembling those of FP-xLSTM with respect to standard deviation at
0.5 m depth, but their changing patterns were dissimilar to FP-xLSTM due to relatively
high CRMSE. Bi-LSTM outperformed LSTM in terms of R2 and CRMSE due to its bidi-
rectional feature delivery, which enhanced calculation accuracy and stability. LSTM and
Bi-LSTM underperformed ConvLSTM, CNN-LSTM-Attention, and xLSTM owing to a lack
of spectral feature extraction and spatial correlation learning.

GCN and ST-GCN underperformed other baseline models with respect to R2 and
CRMSE since WQPs data were continuous time series or grid-like spatial data based on
spatial positions and feature correlation without direct information flow and external
connectedness. If the spatial correlation among water sampling points was weak, or the
data mainly consisted of deep-water time series, their spatial convolution component
contributed little and might even introduce noise. GCN-based models were designed
to exploit graph structures, but the construction of a water quality graph introduced
assumptions that might not reflect actual spatial interactions. The graph structure and node
features needed to be fully enriched to capture more detailed correlation features during
information sharing and delivery. Additionally, the higher complexity and parameter count
of GCN and ST-GCN increased the risk of overfitting, especially with short and noisy time
series. Thus, GCN and ST-GCN might not be suited to capturing temporal dynamics and
local spatial patterns without direct information connectedness.

MSM-Transformer outperformed SpecFormer and CNN-Transformer as MSM-Transformer
modeled both short-term and long-term changes simultaneously through multi-scale con-
volution and branching structures. Additionally, MSM-Transformer focused on the in-
formation at all positions in the sequence and iterated without relying on time steps.
MSM-Transformer captured the potential dependencies and characteristic patterns within
the sequence and multi-scale features, modeling extracted information through sequences
of different time or space scales. Thereby, MSM-Transformer simultaneously captured
short-term fluctuations and long-term trends, and was suitable for complicated multi-scale
sequences. SpecFormer and CNN-Transformer showed similar performance with respect
to R2 and CRMSE due to the transformer encoding and decoding mechanism, which en-
hanced learning capability for spectral and temporal correlation. FP-xLSTM outperformed
MSM-Transformer, SpecFormer, and CNN-Transformer, as effective training of these base-
lines required a large dataset, and excessive noise in the data hindered feature extraction,
limiting the model performance. FP-xLSTM showed the best performance among baseline
models with respect to R2 and CRMSE for all WQPs in three regions, which further proved
the reasonableness of the model’s design architecture and applicability to various WQPs at
multiple depths.

Multiple evaluation metrics were utilized to investigate and compare the performance
of FP-xLSTM and baseline models shown in Table 1, with evaluation metrics of RMSE,
MAPE, R2, and the p-value of χ2 test as pχ2 , and the p-value of Welch’s t-test as pt. The
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averaged statistical results of FP-xLSTM and its baseline models showed their performance
in three different regions. The best result of each row was shown in boldface corresponding
to each WQP at different depths. FP-xLSTM outperformed its baseline models with respect
to RMSE, MAPE, and R2, the performance of which explicated high prediction accuracy and
stability for each WQP in different regions. MAPE and R2 were employed to compare the
FP-xLSTM performance variation across different WQPs due to significant differences in
magnitude and range of different WQPs. Table 1 shows model performance for FP-xLSTM
and its baseline models with respect to the average RMSE, R2, MAPE, and statistical metrics
over all regions and depths. The average R2 for TP, TN, COD, BOD, Chl-a, and TSS by
FP-xLSTM was 0.81, 0.86, 0.80, 0.76, 0.91, and 0.88 respectively across three different regions,
and their individual differences of R2 from 0.5 m to 4.0 m were 0.15, 0.11, 0.14, 0.19, 0.07,
and 0.10. The corresponding descent of R2 s for WQPs by FP-xLSTM was 17.05%, 11.96%,
16.09%, 22.35%, 7.37%, and 10.75%, respectively, the mean and standard deviation of which
were 14.26% and 4.86%, illustrating stable prediction accuracy variation across different
depths. MAPEs of FP-xLSTM increased by 5.11%, 5.60%, 5.47%, 5.13%, 4.88%, and 4.48%
for TP, TN, COD, BOD, Chl-a, and TSS, respectively, from a depth of 0.5 m to 4.0 m, which
averaged 5.11%, showing efficient prediction over multi-depth WQPs.

Moreover, MAPE of FP-xLSTM increased by 2.85% from 0.5 m to 2.0 m and 2.27%
from 2.0 m to 4.0 m. R2 of FP-xLSTM decreased by 0.07 from 0.5 m to 2.0 m and 0.06
from 2.0 m to 4.0 m. This elucidated that FP-xLSTM performance declined as depth
increased. Ablation analysis was conducted by removing spatial correlation, transport
impact, feature interaction, and PMF mechanisms from FP-xLSTM, which were denoted
as Fx/SC, Fx/TI, Fx/FI, and Fx/PMF. The corresponding statistical results are shown in
Table 1. MAPE of Fx/SC increased by 2.63%, 3.45%, and 5.47%, and R2 of Fx/SC decreased
by 0.08, 0.09, and 0.11 on average at the depths of 0.5 m, 2.0 m, and 4.0 m compared
to FP-xLSTM. MAPE of Fx/TI increased by 2.34%, 5.78%, and 8.67%, and R2 of Fx/SC
decreased by 0.06, 0.13, and 0.16 on average at the depths of 0.5 m, 2.0 m, and 4.0 m
compared to FP-xLSTM. MAPE of Fx/FI increased by 2.87%, 4.63%, and 7.06%, and R2

of Fx/FI decreased by 0.10, 0.11, and 0.14 on average at the depths of 0.5 m, 2.0 m, and
4.0 m compared to FP-xLSTM. MAPE of Fx/PMF increased by 1.38%, 2.39%, and 3.18%,
and R2 of Fx/PMF decreased by 0.04, 0.05, and 0.08 on average at the depths of 0.5 m, 2.0
m, and 4.0 m compared to FP-xLSTM. The impact imposed upon model performance by
removing each module according to MAPE and R2 was ranked: Fx/TI > Fx/FI > Fx/SC >
Fx/PMF. Fx/TI had a relatively weak influence on model performance at a depth of 0.5
m, whereas Fx/SC and Fx/FI exerted stronger influences. This might be attributed to the
fact that feature interaction and spatial correlation facilitated more effective information
sharing and propagation among neighboring features than feature impact transport at the
horizontal level. Fx/TI exerted a stronger influence on model performance than Fx/SC and
Fx/FI at depths of 2.0 m and 4.0 m, which might be attributed to the attenuation of optical
signals with increasing depth, thereby reducing the effectiveness of information sharing
and propagation across the vertical dimension. PMF variant module imposed the least
impact on model performance since detected outlier concentrations accounted for a small
fraction of all resulting concentrations. The effectiveness of all the aforementioned modules
in improving model performance was demonstrated by the corresponding changes in
MAPE and R2.
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Figure 8. Taylor diagram of FP-xLSTM and baseline models. The blue radial dashed line denotes cor-
relation between measured and predicted values, and the green dashed line denotes CRMSE between
measured and predicted values. The reference denotes the standard deviation of measured values.
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Table 1. Performance comparison between FP-xLSTM and baseline models.

WQPs Depth Evaluation
Metrics GCN ST-

GCN SpecFormer CNN-
Transformer

MSM-
Transformer LSTM xLSTM Bi-LSTM ConvLSTM

CNN-
LSTM-

Attention
Fx/SC Fx/TI Fx/FI Fx/PMF FP-

xLSTM

TP

0.5 m

RMSE
(mg/L) 0.08 0.07 0.07 0.07 0.06 0.08 0.06 0.07 0.07 0.06 0.05 0.05 0.05 0.04 0.04

MAPE (%) 25.8 23.68 22.88 22.76 22.18 24.87 18.09 20.9 22.3 19.34 14.65 14.94 15.32 13.27 11.90

R2 0.49 0.53 0.57 0.56 0.61 0.48 0.72 0.62 0.61 0.69 0.79 0.81 0.76 0.85 0.88

pχ2 0.21 0.24 0.14 0.07 0.51 0.41 0.47 0.33 0.08 0.38 0.55 0.48 0.52 0.79 0.82

pt 0.65 0.84 0.73 0.51 0.64 0.66 0.63 0.58 0.40 0.56 0.62 0.55 0.49 0.70 0.75

2.0 m

RMSE
(mg/L) 0.11 0.10 0.09 0.10 0.09 0.11 0.08 0.09 0.10 0.09 0.06 0.07 0.07 0.05 0.05

MAPE (%) 30.12 28.00 26.55 26.34 25.72 28.27 22.86 26.15 28.51 25.35 18.66 21.75 20.98 17.59 14.91

R2 0.26 0.39 0.40 0.39 0.44 0.31 0.56 0.43 0.36 0.45 0.71 0.65 0.68 0.76 0.81

pχ2 0.28 0.28 0.21 0.10 0.22 0.24 0.40 0.32 0.25 0.35 0.55 0.46 0.53 0.57 0.63

pt 0.64 0.69 0.27 0.42 0.47 0.61 0.66 0.45 0.76 0.39 0.62 0.42 0.56 0.51 0.56

4.0 m

RMSE
(mg/L) 0.14 0.12 0.13 0.12 0.11 0.13 0.11 0.12 0.13 0.11 0.08 0.10 0.09 0.07 0.06

MAPE (%) 35.46 32.4 32.76 31.13 30.1 34.55 29.41 30.49 33.62 29.68 22.08 24.87 23.38 20.53 17.01

R2 0.23 0.25 0.3 0.26 0.31 0.24 0.36 0.32 0.24 0.34 0.64 0.59 0.61 0.66 0.73

pχ2 0.01 0.07 0.11 0.25 0.09 0.14 0.16 0.20 0.09 0.26 0.68 0.63 0.66 0.75 0.82

pt 0.31 0.44 0.45 0.54 0.59 0.61 0.33 0.52 0.43 0.56 0.64 0.59 0.62 0.42 0.58

TN 0.5 m

RMSE
(mg/L) 0.72 0.65 0.70 0.68 0.62 0.69 0.53 0.62 0.57 0.54 0.38 0.38 0.39 0.36 0.34

MAPE (%) 23.36 22.54 25.06 24.84 21.88 24.48 18.23 21.44 18.97 18.87 14.53 14.27 15.73 13.25 11.85

R2 0.64 0.70 0.64 0.65 0.73 0.64 0.80 0.73 0.77 0.79 0.83 0.84 0.78 0.87 0.92

pχ2 0.42 0.66 0.40 0.43 0.57 0.46 0.82 0.57 0.75 0.78 0.73 0.70 0.68 0.75 0.80

pt 0.67 0.84 0.92 0.69 0.79 0.76 0.75 0.59 0.56 0.93 0.69 0.65 0.63 0.66 0.70
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Table 1. Cont.

WQPs Depth Evaluation
Metrics GCN ST-

GCN SpecFormer CNN-
Transformer

MSM-
Transformer LSTM xLSTM Bi-LSTM ConvLSTM

CNN-
LSTM-

Attention
Fx/SC Fx/TI Fx/FI Fx/PMF FP-

xLSTM

TN

2.0 m

RMSE
(mg/L) 0.95 0.95 1.02 1.03 0.94 1.07 0.84 0.88 0.81 0.82 0.57 0.60 0.59 0.54 0.51

MAPE (%) 27.49 27.06 31.44 31.04 28.29 30.7 25.44 26.81 24.9 24.58 18.99 21.25 20.16 17.82 15.37

R2 0.48 0.49 0.41 0.42 0.49 0.44 0.60 0.56 0.63 0.66 0.77 0.72 0.74 0.80 0.85

pχ2 0.62 0.46 0.28 0.55 0.46 0.32 0.76 0.64 0.25 0.65 0.75 0.69 0.73 0.79 0.87

pt 0.70 0.79 0.71 0.83 0.87 0.61 0.73 0.87 0.65 0.85 0.49 0.46 0.53 0.51 0.56

4.0 m

RMSE
(mg/L) 1.25 1.25 1.36 1.34 1.29 1.32 1.14 1.26 1.2 1.24 0.82 0.90 0.85 0.77 0.72

MAPE (%) 32.75 31.46 36.28 35.96 33.51 36.07 30.15 33.02 29.41 30.57 22.19 25.23 24.05 20.89 17.45

R2 0.40 0.40 0.29 0.31 0.35 0.32 0.49 0.38 0.45 0.42 0.70 0.65 0.67 0.73 0.81

pχ2 0.54 0.75 0.32 0.44 0.41 0.31 0.87 0.29 0.53 0.68 0.73 0.69 0.64 0.81 0.85

pt 0.48 0.69 0.77 0.78 0.77 0.58 0.66 0.74 0.44 0.71 0.42 0.39 0.37 0.44 0.46

COD

0.5 m

RMSE
(mg/L) 6.38 5.95 5.87 5.76 5.58 6.58 4.44 5.29 5.39 4.91 4.08 3.93 4.02 3.72 3.35

MAPE (%) 25.96 23.64 23.38 23.03 22.34 26.1 18.68 20.53 22.04 19.86 15.78 15.43 15.62 14.87 13.59

R2 0.52 0.58 0.59 0.60 0.62 0.48 0.77 0.67 0.65 0.72 0.79 0.82 0.81 0.84 0.87

pχ2 0.15 0.29 0.58 0.58 0.76 0.16 0.67 0.61 0.20 0.56 0.63 0.66 0.64 0.68 0.72

pt 0.79 0.77 0.61 0.76 0.73 0.60 0.79 0.49 0.60 0.48 0.77 0.74 0.72 0.79 0.81

2.0 m

RMSE
(mg/L) 8.38 7.52 7.64 7.48 7.04 8.67 6.21 7.12 7.5 6.85 5.29 5.92 5.52 4.96 4.43

MAPE (%) 30.08 28.37 28.24 27.99 26.97 31.01 23.29 26.41 28.25 25.33 19.33 21.96 20.19 18.89 16.54

R2 0.26 0.4 0.38 0.41 0.43 0.25 0.59 0.47 0.41 0.51 0.72 0.66 0.69 0.74 0.79

pχ2 0.02 0.04 0.20 0.07 0.11 0.03 0.39 0.26 0.06 0.28 0.58 0.55 0.57 0.61 0.64

pt 0.63 0.81 0.56 0.87 0.77 0.53 0.57 0.4 0.45 0.47 0.44 0.46 0.41 0.55 0.62
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Table 1. Cont.

WQPs Depth Evaluation
Metrics GCN ST-

GCN SpecFormer CNN-
Transformer

MSM-
Transformer LSTM xLSTM Bi-LSTM ConvLSTM

CNN-
LSTM-

Attention
Fx/SC Fx/TI Fx/FI Fx/PMF FP-

xLSTM

COD 4.0 m

RMSE
(mg/L) 11.09 10.77 10.46 10.59 10.16 11.6 9.43 9.85 10.6 9.98 7.83 8.87 8.24 7.22 5.94

MAPE (%) 34.81 32.83 32.97 32.73 32.23 36.96 29.8 31.41 33.38 30.81 24.36 26.95 25.12 22.58 19.06

R2 0.09 0.12 0.16 0.23 0.17 0.19 0.32 0.24 0.15 0.23 0.61 0.57 0.60 0.66 0.73

pχ2 0.13 0.18 0.11 0.18 0.17 0.09 0.34 0.21 0.14 0.24 0.38 0.33 0.36 0.41 0.45

pt 0.67 0.82 0.54 0.62 0.77 0.69 0.61 0.73 0.51 0.56 0.49 0.45 0.48 0.53 0.62

BOD

0.5 m

RMSE
(mg/L) 2.01 1.9 2.04 1.94 1.88 2.12 1.48 1.76 1.67 1.63 1.23 1.21 1.26 1.13 1.04

MAPE (%) 26.17 25 26.66 24.76 24.09 27.03 20.6 23.99 22.63 22.15 15.42 15.21 15.68 14.97 13.63

R2 0.44 0.50 0.43 0.48 0.51 0.39 0.69 0.56 0.60 0.63 0.79 0.81 0.77 0.82 0.85

pχ2 0.20 0.34 0.10 0.31 0.33 0.17 0.49 0.27 0.51 0.30 0.56 0.58 0.53 0.59 0.62

pt 0.48 0.58 0.47 0.60 0.55 0.76 0.50 0.46 0.56 0.59 0.60 0.61 0.59 0.64 0.70

2.0 m

RMSE
(mg/L) 2.49 2.4 2.6 2.45 2.52 2.56 2.13 2.34 2.25 2.16 1.75 1.88 1.83 1.62 1.39

MAPE (%) 30.1 29.61 31.4 29.82 30.02 31.25 25.86 29.42 27.76 27.22 19.83 21.52 20.37 18.72 16.44

R2 0.23 0.26 0.16 0.24 0.19 0.19 0.43 0.29 0.36 0.38 0.68 0.64 0.67 0.70 0.76

pχ2 0.07 0.11 0.03 0.09 0.1 0.07 0.17 0.04 0.06 0.27 0.74 0.69 0.72 0.77 0.83

pt 0.72 0.5 0.38 0.71 0.38 0.75 0.38 0.29 0.62 0.69 0.45 0.39 0.43 0.48 0.50

4.0 m

RMSE
(mg/L) 3.8 3.66 3.96 3.55 3.27 3.79 3.32 3.57 3.46 3.39 2.59 2.93 2.68 2.39 1.97

MAPE (%) 35.92 35.11 37.05 35.44 34.98 36.9 31.26 35.04 34.19 33.83 24.29 26.87 25.58 22.31 18.76

R2 0.24 0.22 0.27 0.2 0.28 0.35 0.39 0.36 0.33 0.37 0.55 0.51 0.53 0.58 0.66

pχ2 0.02 0.01 0.02 0.03 0.02 0.03 0.10 0.01 0.07 0.10 0.41 0.36 0.39 0.44 0.49

pt 0.48 0.21 0.47 0.45 0.50 0.78 0.39 0.17 0.27 0.31 0.17 0.15 0.14 0.18 0.20
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Table 1. Cont.

WQPs Depth Evaluation
Metrics GCN ST-

GCN SpecFormer CNN-
Transformer

MSM-
Transformer LSTM xLSTM Bi-LSTM ConvLSTM

CNN-
LSTM-

Attention
Fx/SC Fx/TI Fx/FI Fx/PMF FP-

xLSTM

Chl-a

0.5 m

RMSE
(ug/L) 6.88 6.57 6.63 6.34 6.05 6.94 5.04 5.49 5.37 5.28 3.31 3.19 3.24 3.02 2.82

MAPE (%) 23.51 22.37 22.55 21.42 20.99 23.24 17.3 19.09 18.58 18.29 12.59 11.87 12.24 10.65 9.33

R2 0.68 0.71 0.71 0.73 0.75 0.67 0.83 0.78 0.77 0.79 0.86 0.89 0.87 0.91 0.95

pχ2 0.48 0.66 0.77 0.24 0.56 0.31 0.83 0.79 0.44 0.60 0.59 0.62 0.60 0.64 0.67

pt 0.75 0.85 0.81 0.58 0.96 0.55 0.82 0.77 0.76 0.92 0.32 0.35 0.34 0.36 0.39

2.0 m

RMSE
(ug/L) 8.09 7.75 7.38 7.16 7.04 7.98 6.28 7.34 7.31 6.97 4.19 4.99 4.53 3.68 3.33

MAPE (%) 28.71 28.05 27.86 26.72 26.2 28.48 22.15 25.61 25.16 24.55 15.27 17.89 16.37 13.95 11.81

R2 0.47 0.52 0.56 0.57 0.59 0.51 0.68 0.56 0.58 0.62 0.81 0.73 0.78 0.85 0.91

pχ2 0.61 0.71 0.28 0.37 0.65 0.57 0.59 0.74 0.6 0.67 0.69 0.58 0.64 0.74 0.78

pt 0.83 0.72 0.77 0.53 0.86 0.70 0.83 0.76 0.51 0.52 0.48 0.42 0.49 0.55 0.59

4.0 m

RMSE
(ug/L) 7.35 7.27 7.62 7.04 6.95 7.68 6.78 7.41 7.07 6.99 4.68 5.65 5.13 3.99 3.30

MAPE (%) 32.65 31.06 33.85 30.68 30.52 33.30 29.05 32.42 31.43 30.19 19.95 24.73 22.52 17.39 14.21

R2 0.40 0.39 0.35 0.42 0.44 0.35 0.48 0.39 0.44 0.46 0.77 0.69 0.71 0.81 0.88

pχ2 0.35 0.27 0.10 0.29 0.23 0.28 0.21 0.22 0.31 0.22 0.65 0.62 0.67 0.72 0.78

pt 0.59 0.79 0.76 0.56 0.67 0.72 0.73 0.78 0.76 0.95 0.18 0.22 0.16 0.23 0.26

TSS 0.5 m

RMSE
(mg/L) 17.52 16.81 17.6 16.56 16.2 18.72 13.2 14.87 15.71 15.18 9.78 9.55 9.67 8.98 8.32

MAPE (%) 22.9 21.62 22.32 21.29 20.92 23.16 17.13 18.89 19.82 18.61 13.69 13.21 13.52 12.16 10.59

R2 0.68 0.70 0.68 0.72 0.73 0.64 0.82 0.76 0.74 0.77 0.85 0.87 0.84 0.89 0.93

pχ2 0.35 0.79 0.62 0.51 0.49 0.51 0.87 0.85 0.78 0.84 0.81 0.83 0.84 0.87 0.91

pt 0.84 0.92 0.88 0.86 0.92 0.65 0.68 0.66 0.88 0.79 0.62 0.64 0.66 0.69 0.70

https://doi.org/10.3390/rs18203553

https://doi.org/10.3390/rs18203553


Remote Sens. 2026, 18, 3553 26 of 48

Table 1. Cont.

WQPs Depth Evaluation
Metrics GCN ST-

GCN SpecFormer CNN-
Transformer

MSM-
Transformer LSTM xLSTM Bi-LSTM ConvLSTM

CNN-
LSTM-

Attention
Fx/SC Fx/TI Fx/FI Fx/PMF FP-

xLSTM

TSS

2.0 m

RMSE
(mg/L) 26.03 24.7 23.89 23.97 23.47 24.27 20.76 24.09 23.43 22.92 15.43 16.95 16.33 14.39 12.06

MAPE (%) 27.71 26.66 25.58 26 25.57 27.38 22.41 25.32 24.98 24.53 16.58 18.23 17.69 15.32 12.89

R2 0.41 0.47 0.50 0.49 0.52 0.49 0.61 0.47 0.51 0.55 0.78 0.73 0.76 0.82 0.87

pχ2 0.40 0.60 0.47 0.37 0.39 0.28 0.64 0.45 0.63 0.51 0.82 0.71 0.78 0.87 0.89

pt 0.82 0.82 0.69 0.95 0.86 0.74 0.68 0.77 0.86 0.85 0.58 0.52 0.55 0.61 0.64

4.0 m

RMSE
(mg/L) 33.85 31.93 31.56 30.59 30.25 34.3 27.91 31.14 30.71 29.56 22.37 25.62 24.39 19.58 15.65

MAPE (%) 33.99 32.93 31.97 31.09 30.6 33.77 28.46 30.92 30.25 29.39 21.87 24.92 23.25 18.95 15.07

R2 0.22 0.32 0.35 0.36 0.38 0.2 0.46 0.39 0.37 0.39 0.69 0.65 0.66 0.75 0.83

pχ2 0.25 0.37 0.32 0.34 0.33 0.17 0.47 0.34 0.27 0.39 0.77 0.72 0.75 0.82 0.86

pt 0.60 0.76 0.77 0.84 0.81 0.86 0.85 0.60 0.78 0.64 0.55 0.51 0.47 0.57 0.61
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The overall performance of FP-xLSTM on OAC WQPs was prioritized over that on
non-OAC WQPs, indicating that spectral features were conducive to establishing infor-
mation flow and correlating spatial neighborhoods, which further improved prediction
accuracy and model robustness. The decline in model performance on OAC WQPs (Chl-a
and TSS) with increasing water depth could be primarily attributed to the attenuation of
optical signals within the water column. As depth increased, light underwent progressively
stronger absorption and scattering, progressively attenuating the spectral information
originating from deeper water layers before it reached the water surface and the UAV
sensor. Consequently, the spectral information related to WQPs became weaker and more
difficult to distinguish from background optical effects. Meanwhile, the reduced availability
of depth-dependent spectral information limited the effectiveness of feature interaction
and information propagation across the vertical dimension. These effects become more
pronounced at greater depths, leading to increased prediction errors and a gradual de-
cline in model performance. The depth-dependent decline in prediction performance for
non-OAC WQPs (TP, TN, COD, and BOD) was mainly associated with their weak and
indirect spectral responses. Because these parameters did not exhibit strong and distinctive
optical signatures, their spectral information was largely represented through indirect
relationships with optically active substances and other water quality characteristics. With
increasing depth, absorption and scattering progressively attenuated the optical signals
originating from deeper water layers, thereby weakening these indirect spectral relation-
ships. The reduced reliability of depth-specific spectral information consequently limited
the effectiveness of feature interaction and information propagation across the vertical
dimension. This effect was particularly important for non-OAC WQPs, for which the
available spectral information was already relatively weak, ultimately leading to greater
prediction uncertainty and a decline in model performance at greater depths.

All pχ2 s of FP-xLSTM were greater than 0.05, and the null hypothesis was not rejected,
indicating that there was no significant difference between the distributions of classification
results for measured and predicted values. Additionally, pts were greater than 0.05, and
the corresponding null hypothesis was not rejected, demonstrating that the center of
predicted values by FP-xLSTM was equal to that of measured values. pχ2s of baseline
models were greater than 0.05 at the depths of 0.5 m and 2.0 m, but some were less than
0.05 at the depth of 4.0 m. This signified that there was no significant difference between
distributions of classification results for predicted values by baseline models and measured
values at the depth of 0.5 m, and predicted values of baseline models deviated significantly
from measured values as depth increased. pts of baseline models were greater than 0.05,
indicating the center of predicted values by baseline models was equal to that of measured
values. These two hypothesis tests showed model performance on predicting WQPs in one
region by using datasets from two other regions to train the model, which proved strong
cross-region transfer learning capability of FP-xLSTM.

Moreover, xLSTM and CNN-LSTM-Attention models outperformed other baseline
models with respect to RMSE, MAPE, and R2 since they were extensions of the classic
LSTM and were used to handle multivariate time series (multi-channel data). They were
relatively flexible for multi-variable interaction and dynamically focused on important
time steps or variables, which automatically assigned weights to key time steps or key
variables. Thus, they were able to capture independent features of multiple variables
and were suitable for applications with diverse parameters and pronounced differences
in water quality attributes. Additionally, xLSTM and CNN-LSTM-Attention established
spatio-temporal correlation and interaction of spectral features using information sharing
and delivery. The MAPEs of xLSTM and CNN-LSTM-Attention were raised by 11.35%
and 11.23%, respectively, on average for all WQPs from a depth of 0.5 m to 4.0 m, and
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their performances were analogous. Their R2 s decreased by 0.36, which showed relatively
unstable prediction accuracy and low transfer learning capability compared with FP-
xLSTM. Their best performance was observed on OAC WQPs, including Chl-a and TSS
at the depth of 0.5 m, with performance declining sharply at greater depths, reflecting
their dependence on optical information and its attenuation with depth. Their prediction
accuracy on non-OAC WQPs was lower than that on OAC WQPs at the depth of 0.5 m but
gradually approached that of OAC WQPs as depth increased. This was because optical
characteristics did not directly reflect the variation of OAC WQPs, and prediction of all
WQPs might be contingent on spectral feature correlation and interaction at depths greater
than 0.5 m.

MSM-Transformer outperformed CNN-Transformer, SpecFormer, GCN, and ST-GCN
with respect to RMSE, MAPE, and R2 since it leveraged multi-channel data to establish an
independent channel for each feature, and its self-attention mechanism captured complex
nonlinear correlations among WQPs with multi-scale feature extraction. Thereby, MSM-
Transformer was applicable to retrieve short-term variation of WQPs with high efficiency.
CNN-Transformer and SpecFormer showed similar prediction performance due to their
analogous architectures, which extracted spectral features and analyzed spatio-temporal
correlations of WQPs via convolution and feature coupling. ST-GCN showed superiority
over GCN since it considered spatio-temporal correlation of each WQP and spatial distribu-
tion resemblance of different WQPs. Above all, FP-xLSTM outperformed baseline models
since the model structure design established internal and external multi-feature interac-
tion, information flow in spatio-temporal distribution, multi-depth substance transport
mechanism, and feedback mechanism. pχ2s of some methods for WQPs at depths greater
than 0.5 m were smaller than 0.05, indicating that significant deviation existed between the
distributions of classification results of measured and predicted values, and corresponding
methods might not be suitable for predicting these WQPs [40,41].

4.2. Impact of Land Cover Features upon WQPs Retrieval

Based on the inverse distance-weighted land cover density (idLCD) index, the Liang–
Kleeman information flow framework exhibited directional information transfer between
dynamic variables and was employed to quantify causal information transfer between
riparian land features and WQP concentrations. The idLCD assigned greater weights to
land-cover objects closer to water bodies, reflecting stronger hydrological connectivity and
pollutant transport potential. Different riparian land features exhibited varying information
flow rates with WQPs due to differences in runoff generation, nutrient export, pollutant
retention, and ecological buffering capacities. Consequently, anthropogenic land-cover
types generally showed stronger causal influences on WQP variability, whereas natural
vegetation features exhibited relatively weaker impacts. In this study, we conducted an
extensive experiment to investigate the influence of riparian spatial features on multi-depth
WQP retrieval through Liang–Kleeman information flow.

idLCDi = ∑
Sj

Disj · St
(36)

Tj→i =
Cxi ,

.
xi

Cxj ,xi − Cxj ,
.
xi

Cxi ,xi

Cxi ,xi Cxj ,xj − C2
xi ,xj

(37)

where j refers to an individual patch belonging to land-use type i; Disj denotes the distance
from the land feature object to the water body; Sj denotes the area of the corresponding
land feature object; and St indicates the total land area. The idLCD values for different
riparian land features could then be derived at various spatial scales. Tj→i is the information
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flow rate from riparian land features xj to WQPs concentrations xi; Cxj ,xi is the covariance
between xj and xi;

.
xi is gradient in xi; x is a series derived from idLCD; and a non-zero

Tj→i is a causal relationship between xj and xi where a zero value indicates the relational
absence. The magnitude of Tj→i indicated the strength of the causal relationship, with larger
values indicating stronger causal influences. A 1 km riparian buffer zone was established
according to the Technical Guidelines for Protection and Restoration of River and Lake
Ecological Buffer Zones issued by the Ministry of Ecology and Environment of China.
Based on this buffer setting, the relationships between riparian spatial features and WQP
concentrations were systematically investigated, providing scientific support for urban
land-use planning and ecological management optimization as shown in Figure A1. The
details about the impact of land cover features on WQP retrieval at depths of 0.5, 2.0, and
4.0 m were demonstrated in Appendix A.11.

4.3. Visualization of Multi-Depth WQPs Distributions

The spatial distribution of multi-depth WQPs through FP-xLSTM was shown in
Figure A2a. In Yamen Watercourse, water flowed from north to south during October to
December. TP and TN were rapidly accumulated in the lower stream, where residential and
agricultural areas were densely distributed, causing domestic waste, including phosphate-
containing laundry detergent, farm waste, and phosphate and nitrogenous fertilizer, to
enter the river. The accumulation of TP and TN gradually increased from 0.5 m to 4.0 m
since strong sunlight, direct atmospheric contact, and wind-induced agitation promoted
thorough mixing at the surface layer (0.5 m), enhancing nutrient redistribution in the
water column. Additionally, abundant sunlight at the water surface promoted vigorous
photosynthesis by phytoplankton, which strongly absorbed nitrogen and phosphorus,
resulting in decreased TP and TN concentrations. At depths greater than 0.5 m, limited light
and weak water disturbance usually occurred, while slow water flow allowed sediment
accumulation and the release of organic matter and nutrients, resulting in nutrient-rich
areas. Under anoxic conditions in deep water, sediments released TP and NH4+, leading to
increased concentrations of TP and TN.

COD represented total organic matter, including non-biodegradable components,
while BOD reflected the biodegradable fraction. Concentrations of COD and BOD were rel-
atively high in the upper stream where industrial areas, agricultural areas, and fishing areas
were densely distributed. Water volume was usually small, and the flow rate was unstable,
causing weak dilution capacity and consequently leading to increased concentrations of
COD and BOD. Meanwhile, COD and BOD were massively accumulated near riverbanks
because urban surface runoff, slow flow rate, areas of backflow or stagnation, human
disturbances, plant residues, and soil organic matter flow near riverbanks caused retention
of organic matter and increased degradable organic matter. Furthermore, lower COD and
BOD concentrations in the surface layer (0.5 m) could be attributed to higher DO levels,
stronger hydrodynamic mixing, and enhanced microbial degradation. Additionally, low
DO conditions in the deeper layer can inhibit microbial degradation, further contributing
to higher organic matter concentrations. In contrast, the elevated concentrations in the
deeper layer (e.g., 2.0 m and 4.0 m) were mainly associated with sediment release, weaker
water exchange, and DO-limited conditions that inhibited organic matter decomposition,
facilitating the accumulation of organic pollutants.

Chl-a of high concentration mainly aggregated near the lower stream, as large masses
of TP and TN serving as essential nutrients for phytoplankton growth promoted quick
accumulation of Chl-a. The proposed method presented high capability of feature capturing
and learning, insomuch as predicted values of Chl-a concentration by FP-xLSTM covered
a wider range than the measured values of the training dataset. This signified that the
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proposed method was capable of predicting Chl-a of high and low concentration beyond
the range of sampled data. The sunlight penetration in the water body decayed in the upper
stream due to high turbidity, but sedimentation occurred in the lower stream, causing
clearer water, which was beneficial to sunlight passage through the water body. Tidal
action in the lower stream close to the estuary caused water bodies to flow back and forth,
increasing retention time. Thus, Chl-a accumulated quickly near the lower stream, the
spatial distribution of which resembled that of TP and TN to some extent. The concentration
of Chl-a decreased with increasing depth because reduced sunlight penetration, low DO
volume, and low biological activity inhibited the growth of phytoplankton in the deeper
layer, leading to decreased Chl-a concentrations. As a result, Chl-a concentrations were
significantly higher in the surface layer, while TN and TP were relatively lower due to
biological consumption. This indicated a clear vertical decoupling, where the deeper
layer acted as a nutrient regeneration zone, and the surface layer functioned as a primary
production zone.

The concentration of TSS was higher near the upstream, corresponding to Chl-a of
lower concentration near the upper stream since high TSS concentration caused high tur-
bidity, lowering sunlight penetration in the water body, which reduced Chl-a accumulation.
The higher TSS concentrations observed in the upstream region could be attributed to
stronger soil erosion and enhanced resuspension, which increased the sediment load and
runoff particles in suspension. The concentration of TSS increased with depth due to
carried-away particles in surface water [42], gravitational settling of particles, and accu-
mulation and resuspension in deeper water. The spatial distribution of TSS was partially
analogous to that of COD and BOD, reflecting the association between organic matter and
suspended particles. A significant portion of COD and BOD originated from particulate
organic matter (POM), which was itself a component of TSS, highlighting the coupling
mechanism between sediment release and organic pollutant distribution. However, there
were some parts of the watercourse where TSS of higher concentration and COD of lower
concentration concurred. This was mainly because dissolved organic matter (DOM) domi-
nated, and BOD was rapidly depleted due to the highly degradable conditions caused by
industrial effluents in the upstream region.

In Figure A2b, water of the Huangyang River flowed from north to south and ulti-
mately discharged into the Pearl River Estuary. TP and TN showed similar concentration
distributions. TP and TN of relatively high concentration occurred in the middle and
lower stream due to densely distributed agricultural and residential areas discharging
effluent from riverbanks into the river. Non-point-source pollution was mainly discharged
into the river in the upper stream due to relatively high altitude. The higher TN and TP
concentrations at the depth of 0.5 m were mainly driven by external inputs. The elevated
concentrations observed at depths greater than 0.5 m were associated with sediment accu-
mulation and the subsequent release of nutrients under weaker hydrodynamic conditions.
Tidal action near the estuary at deeper layers in the middle and lower stream caused
back-and-forth flow of water and extended retention time, which promoted nutrient salt
deposition and released sediment, elevating TP and TN levels.

The concentration distribution difference between COD and BOD was mainly at-
tributed to the concentration distribution difference of non-biodegradable organic matter.
COD aggregated at relatively high concentrations near the upper stream and riverbanks in
shallow water due to the aggregation of large masses of non-biodegradable organic matter
near the upper stream. Quick accumulation of COD along riverbanks of the middle and
lower stream at a depth of 0.5 m was attributed to plastic, chemical fertilizer, and dye plants
mainly distributed near the middle and lower stream. Additionally, water flow rate near
riverbanks was slower than in the river center, causing retention of discharged organic
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matter and elevating COD levels. Profuse accumulation of BOD occurred in the middle
and lower stream owing to enhanced microbial degradation and the transformation of
organic matter into more biodegradable forms during downstream transport. The similar
distribution patterns of COD and TN were attributed to their common sources, coupled
transport processes, and shared association with suspended particles. Both were influ-
enced by sedimentation–resuspension dynamics and hydrodynamic conditions, resulting
in consistent spatial variations along the river.

Chl-a concentrations peaked at 0.5 m and gradually decreased with depth because
favorable light conditions in surface waters promoted phytoplankton growth, whereas light
limitation in deeper layers restricted algal production despite relatively higher nutrient
availability. The vertical distribution of Chl-a was consistent with those of TP and TN,
reflecting their roles as essential nutrients for phytoplankton growth. In contrast, TSS exhib-
ited a different distribution pattern because it was primarily controlled by hydrodynamic
conditions and sediment transport rather than light and nutrient availability. Elevated TSS
reduced light penetration, thereby suppressing phytoplankton growth. Higher TSS concen-
trations in the middle and lower reaches were likely associated with industrial discharges
from concrete, machinery, and textile plants. The co-occurrence of high TSS and Chl-a in
deeper waters may result from sediment resuspension, flocculation between suspended
particles and algae, and hydrodynamic retention in estuarine, reflux, and tidal zones.

In Figure A2c, high-level TP and TN in the Fenehe River occurred near the middle and
upper stream, where untreated wastewater, agricultural waste, and fishery farm waste were
mainly discharged into the river. TP and TN concentrations gradually increased overall
with increasing depth, but TN level rose slowly from 0.5 m to 2.0 m, indicating unclear
stratification of the water body in this range. Sediment release, weaker hydrodynamic
mixing, low flow rate, and oxygen-limited conditions near the bottom were beneficial
for TN and TP concentrations at deeper layers. Nitrogen- and phosphorus-containing
particulate matter (organic debris, flocs) kept sinking, which caused TP and TN levels to
increase with increasing depth. While the surface layer acted as a nutrient consumption
zone due to active phytoplankton uptake, the deeper layer served as a nutrient regeneration
zone, resulting in higher nutrient concentrations.

COD of high concentration mainly aggregated near the middle and upper stream
and increased with increasing depth due to sediment resuspension, release of organic
matter from bottom sediments, and reduced degradation under low DO conditions. In
contrast, stronger mixing and higher microbial activity in the surface layer promoted
the removal and dilution of organic matter. The concentration distribution difference
between COD and BOD was mainly caused by varying composition and biodegradability of
organic matter. While COD represented total organic matter including non-biodegradable
components, BOD reflected the biodegradable fraction, which was strongly influenced by
microbial activity, hydrodynamic conditions, and in-stream transformation processes. The
higher BOD concentrations observed near the riverbanks could be attributed to enhanced
external inputs, including domestic sewage discharge, agricultural runoff (e.g., fertilizer
and organic matter), and runoff carrying organic debris. Furthermore, granular deposition
and accumulation of organic debris usually occurred near riverbanks due to a lower water
flow rate compared to the river center. Riverbanks were abundant in organic substrate
and aquatic plants beneficial to microbial attachment and biofilm formation, enhancing the
degradation process of organic matter and increasing BOD level.

High-level Chl-a mainly occurred near the upper stream, the spatial distribution of
which resembled that of TP and TN, as they served as main nutrients for algal growth.
Chl-a level gradually descended from a depth of 0.5 m to 4.0 m, mainly resulting from less
sunlight availability constraining algal photosynthesis and growth. The co-occurrence of
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high TSS and Chl-a concentrations in the upper stream region was attributed to strong
external inputs (e.g., soil erosion, agricultural runoff including nutrients for algae, and
sewage discharge including organic matter and microorganisms), sediment resuspension
(e.g., TSS, deposited algae or organic flocs), and rapid hydrodynamic transport. Chl-a
was not solely controlled by in-situ phytoplankton growth but also reflected the input
and redistribution of algae-associated particles. Vertically, TP, TN, COD, BOD, and TSS
concentrations were consistently higher in the deeper layer (2.0 m and 4.0 m), while Chl-a
concentrations were higher in the surface layer (0.5 m) for all regions.

4.4. Limitations and Future Work

FP-xLSTM successfully predicted the spatial distributions of multi-depth WQPs at a
fine-grained time scale with high accuracy and stability. The proposed framework effec-
tively captured subtle short-term variations in WQPs and reduced temporal and financial
costs by leveraging short-term observations from multiple regions, thereby enabling effi-
cient cross-regional transfer learning. Experimental results demonstrated that FP-xLSTM
consistently outperformed state-of-the-art baseline models across multiple evaluation
metrics and achieved robust prediction performance for all investigated WQPs at differ-
ent depths. Despite these advantages, several limitations remained. First, uncertainties
associated with spectral unmixing, laboratory chemical analysis, and environmental incon-
sistencies during data acquisition might reduce prediction accuracy. Second, the framework
relied on high-quality UAV remote sensing data, which might limit its applicability un-
der adverse weather conditions or in regions with insufficient monitoring frequency and
limited data availability. Third, the dependence on spectral features might constrain predic-
tion performance for non-OAC WQPs under complex environmental conditions. Fourth,
although the multi-layer mixing and spectral interaction mechanisms enhanced spatio-
temporal feature learning, they also increased model complexity and computational cost,
potentially restricting large-scale deployment in resource-constrained environments [43].
In addition, the spatial correlation network and feature propagation strategy might require
further adaptation when applied to highly heterogeneous environments, such as heavily
polluted rivers or coastal waters [44]. Finally, external factors including vegetation cover,
topography, and solar radiation conditions might influence the spectral consistency and
radiometric quality of UAV imagery.

The model was developed and evaluated using observations collected under the
environmental conditions represented in the study period and did not explicitly include
winter observations characterized by low solar elevation, reduced solar radiation, low
water temperature, potential ice formation, and substantial changes in phytoplankton
and suspended-matter conditions. These factors might alter the optical properties of
water and reduce the consistency between the spectral features learned by the model
and those observed under winter conditions. In regions where field observations were
sparse, seasonal conditions differed substantially from the training domain, or UAV data
acquisition was constrained by low solar elevation, cloud cover, snow, or ice, model
performance might deteriorate, and additional local calibration or transfer learning might
be required. Therefore, the practical application under winter and high-latitude data-
scarce scenarios remained a constraint requiring further validation with seasonally and
geographically expanded datasets.

Several improvements could therefore be considered in future studies. Advanced
preprocessing approaches, including improved spectral unmixing, radiometric correction,
and standardized laboratory protocols, could reduce measurement uncertainty and en-
vironmental bias. Multi-source data fusion strategies integrating UAV imagery, satellite
observations, in-situ measurements, and numerical simulation outputs could further im-
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prove data availability and model robustness under diverse environmental conditions. In
addition, integrating physical mechanisms with data-driven approaches, such as physics-
informed neural networks, may enhance prediction reliability for non-OAC WQPs by
incorporating hydrodynamic, meteorological, and watershed-related variables. To improve
computational efficiency and scalability, lightweight architectures and model compression
techniques, including pruning and knowledge distillation, could be explored. Furthermore,
transfer learning and domain adaptation strategies might improve model generalization
across heterogeneous environments, while radiative transfer correction and bidirectional re-
flectance normalization could mitigate the influence of illumination and surface conditions
on remote sensing observations.

Future research should further investigate the mechanisms through which environ-
mental factors influence WQP distributions and extend data acquisition to estuaries, highly
polluted rivers, and coastal environments to enhance model generalization. Long-term
monitoring datasets could also be incorporated to analyze WQP dynamics under varying
hydrological and climatic conditions. Moreover, integrating physical and biogeochemical
constraints, uncertainty quantification, and explainable artificial intelligence techniques
would improve model interpretability and predictive reliability. Finally, coupling the
proposed framework with intelligent decision-support and early-warning systems could
facilitate practical applications in environmental monitoring, water resource management,
and policy-making. These efforts would further advance the integration of intelligent
informatics and physically informed modeling for next-generation water quality monitor-
ing systems.

5. Conclusions
In this study, an intelligent UAV remote sensing framework, FP-xLSTM, was devel-

oped for spatio-temporal prediction of multi-depth WQPs. The proposed framework
effectively captured fine-grained temporal dynamics and spatial heterogeneity by strength-
ening feature propagation across consecutive time periods. Through the integration of
multi-layer memory interaction and spectral feature fusion mechanisms, FP-xLSTM en-
abled efficient information sharing and adaptive feature learning in both temporal and
spatial domains, thereby improving prediction robustness and stability for heterogeneous
WQPs. In addition, differentiated learning strategies were designed for OACs and non-
OAC WQPs, while spatial correlation networks and depth-wise probability distribution
modeling further enhanced multi-depth prediction capability and representation of vertical
WQP distributions. By jointly incorporating spectral characteristics, spatial dependencies,
and interaction features at the pixel level, the proposed framework reduced dependence on
large long-term training datasets and improved cross-regional transferability. Experimental
results demonstrated that FP-xLSTM consistently outperformed state-of-the-art baseline
models across multiple evaluation metrics, highlighting its effectiveness, robustness, and
generalization capability in complex water environments. The proposed framework not
only improved prediction accuracy and computational efficiency, but also reduced temporal
and financial costs associated with large-scale water quality monitoring.

Compared with the relatively low-latitude Yamen Watercourse and Huangyang River,
where WQPs showed relatively gradual vertical variations from 0.5 m to 4.0 m, the higher-
latitude Fenhe River exhibited greater depth-dependent changes in WQPs, indicating
greater vertical heterogeneity under different climatic and environmental conditions. The
model’s applicability under winter and high-latitude, data-scarce conditions might be
constrained by seasonal changes (summer and winter) in water optical properties and
limited UAV acquisition conditions, requiring further validation with seasonally and
geographically expanded datasets.
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Several limitations remained. Uncertainties in spectral unmixing, laboratory analysis,
and environmental variability during data acquisition might reduce prediction accuracy.
The framework also relied on high-quality UAV imagery, limiting its applicability under
adverse weather or sparse monitoring conditions. Furthermore, dependence on spectral
features might restrict the prediction of non-optically active constituents (non-OACs),
while the multi-layer mixing mechanism increased computational cost despite improving
spatio-temporal feature learning. In addition, further validation was needed in highly het-
erogeneous waters, where environmental factors such as vegetation cover, topography, and
solar radiation might affect spectral consistency and model robustness. The experimental
conditions evaluated in this study covered three representative urban river systems, namely
the Yamen Watercourse, Huangyang River, and Fenhe River, and included repeated UAV
hyperspectral observations and water quality measurements across multiple sampling
periods and water depths. Six WQPs were measured: TP, TN, COD, BOD, Chl-a, and
TSS. The experiments specifically examined spatio-temporal variations in WQPs across
sampling locations, monitoring periods, and water depths, with particular attention to
the differences in vertical WQP distributions among the three river systems. At a depth
of 0.5 m, the overall WQP distributions among the three study areas showed relatively
small differences, whereas more pronounced differences emerged with increasing depth.
In general, the concentrations of TP, TN, COD, BOD, and TSS increased with depth, while
Chl-a decreased, which was associated with reduced light availability for algal growth
at greater depths. In addition, cross-regional experiments were conducted to assess the
model’s ability to transfer learned spectral and spatio-temporal representations across
heterogeneous river environments. These experiments therefore focused on the conditions
directly represented by the collected UAV hyperspectral and field-measured datasets. The
results demonstrated the effectiveness of FP-xLSTM under the tested combinations of
spatial heterogeneity, temporal variation, and multi-depth water quality conditions.

This study provided both methodological and practical contributions to intelligent
environmental informatics and UAV-assisted monitoring systems. The proposed frame-
work offered effective technical support for environmental assessment, water quality
management, and early-warning applications in urban river systems. Furthermore, the
framework established an intelligent and data-driven solution for visualization and pre-
diction of multi-depth WQPs across heterogeneous spatio-temporal conditions. More
broadly, the integration of spatio-temporal deep learning, multi-source feature interaction,
and adaptive transfer learning advanced the development of scalable, interpretable, and
intelligent monitoring frameworks for next-generation environmental management and
decision-support systems.
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Appendix A
Appendix A.1. Information About Classification Standards of Water Quality

Table A1. Classification standards of water quality.

Water Quality
Classification TP (mg/L) TN (mg/L) COD (mg/L) BOD (mg/L) Chl-a (µg/L) TSS (mg/L)

I (0, 0.02] (0, 0.2] (0, 10.0] (0, 2.0] (0, 1.0] (0, 10.0]
II (0.02, 0.1] (0.2, 0.5] (10.0, 15.0] (2.0, 3.0] (1.0, 4.0] (10.0, 20.0]
III (0.1, 0.2] (0.5, 1.0] (15.0, 20.0] (3.0, 4.0] (4.0, 10.0] (20.0, 30.0]
IV (0.2, 0.3] (1.0, 1.5] (20.0, 30.0] (4.0, 6.0] (10.0, 30.0] (30.0, 50.0]
V (0.3, 0.4] (1.5, 2.0] (30.0, 40.0] (6.0, 10.0] (30.0, 65.0] (50.0, 70.0]
VI (0.4, ∞) (2.0, ∞) (40.0, ∞) (10.0, ∞) (65.0, ∞) (70.0, ∞)

Appendix A.2. Chemical Analysis Methods on WQPs

Laboratory chemical analysis methods included: TP was analyzed using ammonium
molybdate spectrophotometry [45]; TN was measured through alkaline potassium persul-
fate ultraviolet spectrophotometry method [46]; COD was measured through dichromate
oxidation method [47]; BOD was measured through microbial electrode method [48]; Chl-a
was measured through high-performance liquid chromatography method [49]; TSS was
measured through weighing method [50]. The measured concentration value of each WQP
at each sampling site was determined by averaging the concentrations of each WQP. Re-
searchers can request temporary database access through the local water supplies bureau
and environmental protection department.

Appendix A.3. The Update Rule for Weight Matrix Involved in ICA Variant

Whitening transformation and singular value decomposition were utilized for x and A:

A = UΣVT (A1)

xxT = AssT AT (A2)

where U is the left singular matrix, Σ is the rectangular diagonal matrix, and V is the right
singular matrix.

xxT = AssT AT = AAT (A3)

xxT = UΣVTVΣUT = UΣ2UT (A4)

where s is an orthogonal matrix. Eigenvalue decomposition was then conducted on E
{︁

xxT}︁:

xxT = UΣ2UT = FDFT (A5)

where F is the orthogonal matrix of eigenvectors of E
{︁

xxT}︁, and D represents the diagonal
matrix of its eigenvalues λs; U = F; Σ = D1/2. The observed x was linearly transformed,

and a new whitening matrix
∼
x could be obtained. E

{︃
∼
x
∼
x

T
}︃

= I where I represents the

identity matrix. Whitening could be formulated as:

∼
A = FD−1/2FT A (A6)
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∼
x = FD−1/2FTx = FD−1/2FT As =

∼
As (A7)

where Σ = D1/2 is a diagonal matrix and all diagonal entries are λ−1/2
1 , λ−1/2

2 , · · · , λ−1/2
270 .

∼
A is a new mixing matrix, and its orthogonality could be demonstrated as:

E
{︃
∼
x
∼
x

T
}︃

= E
{︃∼

AssT
∼
A

T}︃
=
∼
AE
{︂

ssT
}︂∼

A
T
=
∼
A
∼
A

T
= I (A8)

Moreover, maximization of negentropy based on the information-theoretic quantity of
(differential) entropy determined s, and the maxima of the approximation of negentropy
of WTx was determined at certain optima of E

{︁
G
(︁
WTx

)︁}︁
. Thus, W could be formulated

through maximization of the negentropy estimate:

J
(︂

WTx
)︂
≈

t

∑
i=1

γi

[︂
E
{︂

G
(︂

WTx
)︂}︂
− E{G(δ)}

]︂2
(A9)

J
(︂

WTx
)︂

∝
[︂

E
{︂

G
(︂

WTx
)︂}︂
− E{G(δ)}

]︂2
(A10)

where γi is a constant; G(x) is a non-quadratic function; and δ is a Gaussian random
variable with zero mean and unit variance. The optimum of E

{︁
G
(︁
WTx

}︁
and the maximum

of J
(︁
WTx

)︁
were determined since E{G(δ)} was independent of W. As the Kuhn–Tucker

conditions [51] were satisfied, the optimum of E
{︁

G
(︁
WTx

)︁}︁
with E

{︂(︁
WTx)2}︁ = ||W||2 = 1

was defined as:

∂
{︂
J
(︁
WTx

)︁
− β

(︂⃓⃓⃓⃓⃓⃓
W||2 − 1

)︂}︂
∂W

= 2E

{︄
x

∂G
(︁
WTx

)︁
∂W

}︄
− 2βW = 0 (A11)

where β is a coefficient of W. Then, Newton’s method could be applied:

∂

{︃
E
[︃

x
∂G(WTx)

∂W

]︃
− βW

}︃
∂W

= E

{︄
xxT ∂2G

(︁
WTx

)︁
∂W2

}︄
− βI (A12)

E

{︄
xxT ∂2G

(︁
WTx

)︁
∂W2

}︄
≈ E{xxT}E

{︄
∂2G

(︁
WTx

)︁
∂W2

}︄
≈ E

{︄
∂2G

(︁
WTx

)︁
∂W2

}︄
I (A13)

W(n+1) = W(n) −
E
{︃

x
∂G(W(n)Tx)

∂W(n)

}︃
− βW(n)

E
{︃

∂2G(W(n)Tx)
∂(W(n))

2

}︃
− βI

(A14)

W(n+1) = E

⎧⎨⎩x
∂G
(︂

W(n)Tx
)︂

∂W(n)

⎫⎬⎭− E

⎧⎨⎩∂2G
(︂

W(n)Tx
)︂

∂
(︁
W(n)

)︁2

⎫⎬⎭W(n) (A15)

W(n) =
W(n+1)⃓⃓⃓⃓
W(n+1)

⃓⃓⃓⃓ (A16)

where W(n) is W at nth iterative step; I denotes the identity matrix. W(n+1) was obtained
until convergence (i.e., <W(n), W(n+1) >= 1). ŝi = WT

i x̂i was demonstrated in Equation (3).
Therefore, W(n+1) was updated through an iterative process with respect to W(n).
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Appendix A.4. Multi-Dimensional Cross Product in Feature Interaction Layer

The details to calculate the multi-dimensional cross product among the resulting
matrices could be obtained as follows:

yit = f⊗
(︂

yc,r, ya1,r, · · · , yaj ,r

)︂
=
(︂

yc,r ⊗ ya1,r ⊗ ya2,r, · · · ,⊗yaj ,r

)︂

=

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎝
|

e1 · · · en

s(o)1,1 · · · s(o)1,n

s(1)1,1 · · · s(1)1,n
... · · ·

...

s(j)
1,1 · · · s(j)

1,n

|

T

, · · · , |

e1 · · · en

s(o)n,1 · · · s(o)n,n

s(1)n,1 · · · s(1)n,n
... · · ·

...

s(j)
n,1 · · · s(j)

n,n

|

T
⎞⎟⎟⎟⎟⎟⎟⎟⎟⎠

=

⎛⎜⎜⎜⎜⎝
det(U1,1) · · · det(Un,1)

det(U1,2) · · · det(Un,2)
... · · ·

...
det(U1,n) · · · det(Un,n)

⎞⎟⎟⎟⎟⎠

(A17)

where det
(︁
Ui,j
)︁

denotes the determinant of a matrix with jth column eliminated; e is the
standard basis vector with a magnitude of 1.

Appendix A.5. Multi-Dimensional Row-Wise Cross Product

y(2)it = f (2)⊗
(︂

withT
t , withT

t−1

)︂
=

(︃∼
ht,1→p ⊗

∼
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)︃
=

(︃∼
ht,1 ⊗

∼
ht−1,1, · · · ,

∼
ht,p ⊗

∼
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)︃
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∼
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∼
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∼
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det
(︁
Uj,1

)︁
, · · · , det

(︁
Uj,p

)︁ )︂T

p×1

(A18)
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Appendix A.6. Calculation Algorithm of Impact Matrix in Shift Layer

Algorithm A1: Impact matrix calculation algorithm

Input: Interaction vectors of each obtained WQP0.5 as Mr, cost vectors of WQPs1.0 as C,
the impact distribution of WQPs0.5 upon WQPs1.0 as Mc, the number of iterations as n,
entropy regularization coefficient as ϵ, the number of vectors in Mr as k, and
convergence threshold as δ.
Output: Impact of each obtained WQP0.5 upon WQPs1.0 as matrices P
for i in k do

Initialize scaling factors u and v for Mr and Mc.

Construct kernel matrix as K = exp
(︂Ci,j

ϵ

)︂
.

for j in n do
uj ← Mr/Kvj ;
vj ← Mc/KTuj ;
uprev ← uj ;
if
⃓⃓
uj − uprev

⃓⃓
< δ then

break.
end

end
f⋇(u, K, v)← diag

(︁
uj
)︁
Kdiag

(︁
vj
)︁

.
Pi ← f⋇(u, K, v) .
end

return P.

Appendix A.7. Calculation Process of PMF Variant Module

A PMF variant utilized to improve calculation accuracy and stability was formulated
as:

Q− Q̂ ∼ N
(︂

0, ν2
)︂

(A19)

Q ∼ N
(︂

Q̂, ν2
)︂

(A20)

p
(︂

C
⃓⃓⃓
H, G, ν2

)︂
=

L

∏
i=1

M

∏
j=1

[︂
N
(︂

Qij|HT
i Gj, ν2

)︂]︂Iij
(A21)

where Q, Q̂, N , I, H, and G indicate the ground truth of WQPs concentration, calcu-
lated WQPs concentration, Gaussian distribution function, indicator function that was
equal to 1 if the calculated concentration was not 0, hidden matrix for scanned points,
and hidden matrix for WQPs concentrations. H ∈ RM×K and G ∈ RM×L where
p
(︁

H
⃓⃓
ν2

H
)︁
= ∏K

i=1N
(︁

Hi
⃓⃓
0, ν2

HI
)︁

and p
(︁
G
⃓⃓
ν2

G
)︁
= ∏L

j=1N
(︁
Gj
⃓⃓
0, ν2

GI
)︁

where ν denotes the
standard deviation. A resulting WQP concentration outlier was detected if Q̂ was outside
the range of 3 standard deviations of the mean of WQP concentrations in the scanned
region. The posterior distribution concerned with scanned points and WQP concentration
features was formulated as:

p
(︁

H, G
⃓⃓
Q, ν2, ν2

H , ν2
G
)︁

=
p(Q|H,G,ν2)p(H,G|ν2

H ,ν2
G)

p(Q,ν2,ν2
H ,ν2

G)
∝ p
(︁
Q
⃓⃓
H, G, ν2)︁p

(︁
H
⃓⃓
ν2

H
)︁

p
(︁
G
⃓⃓
ν2

G
)︁

=
K
∏
i=1

L
∏
j=1

[︁
N
(︁
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(︁
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⃓⃓
0, ν2

HI
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∏
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0, ν2

GI
)︁ (A22)
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The log of the posterior distribution for the scanned points and WQPs concentration
features was obtained:

lnp
(︁

H, G
⃓⃓
Q, ν2, ν2

H , ν2
G
)︁

=
1
−2ν2

K
∑

i=1

L
∑

j=1
Iij
(︁
Qij − HT

i Gj
)︁2 − 1

2ν2
H

K
∑

i=1
HT

i Hi −
1

2ν2
G

L
∑

j=1
GT

j Gj

−1
2

(︄(︄
K
∑

i=1

L
∑

j=1
Iij

)︄
lnν2 + KMlnν2

H + LMlnν2
G

)︄
+ const

(A23)

Furthermore, maximizing log-posterior over H and G was equivalent to minimizing
the sum-of-squared-errors objective function:

obj =
1
2

K

∑
i=1

L

∑
j=1

Iij

(︂
Qij − HT

i Gj

)︂2
+

ν2

2ν2
H

K

∑
i=1
||Hi||2Fro +

ν2

2ν2
G

L

∑
j=1
||Gj||2Fro (A24)

where Fro indicates the Frobenius norm. Minimization of obj was conducted through
gradient descent:

Hi = Hi − γ
∂obj
∂Hi

= Hi + γ
(︁
Qij − HT

i Gj
)︁
Gj +

ν2

ν2
H

Hi
(A25)

Gi = Gj − γ
∂obj
∂Gj

= Gj + γ
(︁
Qij − HT

i Gj
)︁

Hi +
ν2

ν2
G

Gj
(A26)

Thereby, the detected WQP concentration outlier could be obtained as Q̂:

Q̂ij = HT
i Gj (A27)

Appendix A.8. Prediction Algorithm of Depth-Wise Variation of WQPs over Time

Algorithm A2: Prediction of multi-depth variation of WQPs

Input: Hyperspectral reflectance data R; multi-depth WQPs concentrations Φ; the
number of iterations as n; the batch size as k.
Output: Predicted multi-depth WQPs concentrations.
Employ an ICA variant to extract real source reflectance Rrs from R.
Obtain Eigenvalue matrices E through Eigenvalue decomposition of Rrs.
Obtain interaction matrices T through the interaction operation f⊗ from Rrs.
Initialize all parameters Θ.
for i in n do

for j in k do
Train FP-xLSTMs with Rrs,j, Ej, and label Φj for OAC WQPs0.5, and with Tj, Ej,

and label Φj for non-OAC WQPs0.5 using Equations (9)–(35);

Combine and retain f (2)⊗ (·) and f⋇(·) at each time stamp;

Input f (2)⊗ (·) and f⋇(·) to FP-xLSTMd to predict WQPs1.0 and WQPs2.0.
end

end
Predict WQPs0.5, WQPs1.0, and WQPs2.0 by their corresponding FP-xLSTM.
Employ the PMF variant to recalculate concentration outliers using Equations
(A22)–(A27).
Return predicted multi-depth WQPs concentrations.
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Appendix A.9. Impact of Land Cover Features upon WQPs Retrieval at Multiple Depths

(a) Yamen Watercourse 

Figure A1. Cont.

https://doi.org/10.3390/rs18203553

https://doi.org/10.3390/rs18203553


Remote Sens. 2026, 18, 3553 41 of 48

(b) Huangyang River 

Figure A1. Cont.
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(c) Fenhe River 

Figure A1. Impact of land cover features upon WQPs retrieval at depths of 0.5, 2.0, and 4.0 m.
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Appendix A.10. Formulation of Statistical Metrics

Welch’s t-test was formulated as below:

tstat(y, ŷ) =
(ŷmean − ymean)(︃

σ2
ŷ

nŷ
+

σ2
y

ny

)︃ 1
2

(A28)

d ft−test(y, ŷ) =

(︃
σ2

ŷ
nŷ

+
σ2

y
ny

)︃2

σ4
ŷ

n2
ŷ(nŷ−1)

+
σ4

y

n2
y(ny−1)

(A29)

where y and ŷ indicate measured values and calculated values; d ft−test(y, ŷ) indicate the
degrees of freedom; σ was the standard deviation (SD); n indicates the number of samples.
MK test was a non-parametric statistical method to detect upward or downward trends in
data, where the null hypothesis was that the data did not show a monotonically changing
trend. Water samples were collected at different sampling sites and in a certain order
such that the MK test was applied to test whether the dataset of each WQP in each period
followed a certain changing trend. The corresponding statistical information was obtained
as below.

sgn
(︁

xj − xi
)︁
=

⎧⎪⎪⎨⎪⎪⎩
+1, xj − xi > 0

0, xj − xi = 0

−1, xj − xi < 0

, i < j (A30)

S =
n−1

∑
i=1

n

∑
j=i+1

sgn
(︁
xj − xi

)︁
(A31)

Var(S) =
n(n− 1)(2n + 5)

18
(A32)

Z =

⎧⎪⎪⎪⎨⎪⎪⎪⎩
S−1√
Var(S)

, S > 0

0, S = 0
S+1√
Var(S)

, S < 0

(A33)

where sgn denotes the sign function; S is the MK statistical value; Var(S) is the variance;
and Z is the normalized Z score. χ2 was utilized to compare the classification result
distributions of measured and predicted values, which provided the overall consistency
between measured and predicted WQPs distributions and discovered problems with the
model in terms of category bias or imbalance. The null hypothesis assumed that the
distribution of predicted classification results did not significantly deviate from that of the
measured values.

χ2 =
k

∑
i

(Oi − Ei)
2

Ei
(A34)

where Oi denotes the number of predicted values classified as class i; Ei denotes the number
of measured values classified as class i; and k denotes the total number of classes.

Appendix A.11. Impact Analysis of Land Cover Features upon WQPs Retrieval

High SHapley Additive exPlanations (SHAP) values of impervious surfaces and
croplands indicated their dominant contributions to TP variability. Impervious surfaces
enhanced runoff-driven phosphorus transport from urban and industrial areas, whereas
croplands supplied substantial phosphorus through fertilizer application, soil erosion,
and agricultural drainage, resulting in stronger Liang–Kleeman information flow rates
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and higher model importance. The declining SHAP variation with increasing water depth
suggests that land-cover effects weakened vertically due to hydrodynamic mixing, sediment
interactions, and internal biogeochemical processes. Although wetlands exhibited high
feature values, their SHAP values remained low because they primarily functioned as
ecological buffers that retained and transformed phosphorus, thereby reducing direct
impacts on TP fluctuations. Bareland and shrubland showed the lowest SHAP values
owing to limited phosphorus loading and weak hydrological connectivity [52]. Similarly,
grassland exhibited low SHAP values for TN despite relatively high feature values, as dense
vegetation reduced runoff, enhanced nitrogen retention and infiltration, and promoted
microbial assimilation, leading to weaker Liang–Kleeman information flow and limited
contribution to model prediction.

High SHAP values of impervious surface and cropland in COD and BOD prediction
indicate their strong influences on organic pollutant transport and accumulation. Impervi-
ous surfaces enhance runoff-driven delivery of urban and industrial organic contaminants,
while croplands contribute organic matter through agricultural drainage, fertilizer residues,
and soil erosion. These processes strengthen the Liang–Kleeman information flow rates
with COD and BOD concentrations, resulting in higher feature importance. In contrast,
wetlands and grasslands exhibit relatively low SHAP values because they mainly func-
tion as ecological buffers that promote pollutant retention, filtration, and biodegradation,
thereby weakening their direct contributions to COD variability.

High SHAP values of impervious surfaces and croplands in Chl-a prediction indicated
their dominant contributions to nutrient enrichment and algal growth. Impervious surfaces
accelerated runoff-driven transport of nutrients and pollutants, whereas croplands sup-
plied substantial nutrient inputs through fertilizer application and agricultural drainage,
resulting in stronger Liang–Kleeman information flow rates with Chl-a concentrations. In
contrast, bareland, forest, and shrubland exhibited lower SHAP values because of their lim-
ited nutrient export and weaker hydrological connectivity. Wetland and grassland showed
similar positive effects on Chl-a at 0.5 m, reflecting stronger influences of ecological nutrient
retention and surface runoff. However, these relationships became inconsistent at greater
depths owing to hydrodynamic mixing, light attenuation, sediment interactions, and depth-
dependent biogeochemical processes that altered causal information transfer. Likewise,
positive Liang–Kleeman information flow rates between impervious surfaces, croplands,
shrublands, barelands, and TSS indicated that these land-cover types enhanced sediment
transport and suspended particle inputs. Impervious surfaces intensified runoff-driven
erosion, whereas croplands, barelands, and shrublands increased sediment mobilization
through soil disturbance and precipitation-induced erosion, thereby strengthening their
contributions to TSS variability [52].

Above all, SHAP analysis revealed that impervious surface and cropland exerted
the strongest influences on WQPs due to enhanced runoff generation, nutrient export,
organic pollutant transport, and sediment delivery, resulting in higher Liang–Kleeman
information flow rates. In contrast, wetlands and grasslands generally exhibited lower
SHAP values because of their ecological buffering capacities, including pollutant retention,
filtration, sediment stabilization, and nutrient assimilation. Bareland, forest, and shrub-
land showed relatively weak impacts owing to limited anthropogenic disturbance and
weaker hydrological connectivity. Additionally, depth-dependent variations indicated that
hydrodynamic mixing, sediment interactions, and biogeochemical processes progressively
weakened surface-derived land-cover influences on subsurface WQP dynamics.
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Appendix A.12. Spatial Distributions of WQPs at Multiple Depths

 
(a) Yamen Watercourse  

 
(b) Huangyang River 

Figure A2. Cont.
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(c) Fenhe River 

Figure A2. Concentration distributions of multi-depth WQPs in various regions through FP-xLSTM.
Ring-shaped bars represent the proportions of each WQP of various classes and start from class I to
VI from the inside out.
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