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Abstract—Accurate prediction of water quality parameters is
essential for proactive environmental management and informed
resource allocation. It also provides a scientific foundation for
protecting aquatic ecosystems. Traditional prediction method-
ologies often struggle to capture seasonal fluctuations and long-
term trends in water quality data. They also fail to effectively
incorporate external factors such as precipitation. To address
these challenges, this work proposes a novel model called Fusion
Multimodal Patch Transformer (FMPT). This model improves
water quality prediction accuracy through three innovative
mechanisms: First, the model employs convolutional neural
networks to process spatial precipitation patterns and Trans-
formers to analyze temporal water quality data, enabling the
extraction of spatio-temporal features. Second, FMPT applies
patch-based decomposition to both modalities. This enhances
the capture of local semantic information and expands the
receptive field for more effective representation. Finally, it
utilizes a low-rank multimodal fusion approach to integrate
features from image and time series data, thereby obtaining
a comprehensive representation of information from different
modalities. Empirical validation was conducted using real-
world hydrological datasets. The results show that the FMPT
model performs better than existing state-of-the-art unimodal
methods in water quality prediction tasks. It achieves an average
improvement of 5.38% in prediction accuracy compared to
other benchmark models.

Index Terms—Water quality prediction, Multimodal fusion,
Transformer, Spatiotemporal feature extraction, Low-rank ten-
sor fusion

I. INTRODUCTION

Water is one of the most precious natural resources on
earth, and a healthy aquatic environment plays a crucial
role in maintaining ecological balance, ensuring human
health, and promoting sustainable socioeconomic develop-
ment. However, the acceleration of industrialization and
urbanization led to increasingly significant issues related to
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water pollution and quality. Therefore, establishing accurate
and reliable water quality prediction models [1] to promptly
monitor dynamic changes in the aquatic environment has
significant practical implications.

Among the numerous factors influencing changes in water
quality, precipitation is a critical element that cannot be over-
looked [2]. Precipitation processes directly affect watershed
runoff, hydraulic scouring, and the loading and transport-
diffusion of pollutants. Furthermore, the increasing frequency
and intensity of extreme precipitation events, driven by global
climate change, have heightened the difficulty and uncertainty
of predicting water quality. Consequently, effectively integrat-
ing precipitation information with water quality monitoring
data and exploring their dynamic coupling mechanisms has
become a focal point and challenge in contemporary water
quality prediction research.

In an era characterized by the rapid proliferation of infor-
mation and data, multimodal fusion [3] prediction emerges as
a crucial approach for analyzing complex water environmen-
tal systems. This approach enhances prediction accuracy and
stability through feature extraction, data fusion, and model in-
tegration. For instance, Zhang et al. [4] propose NowcastNet,
an end-to-end neural network prediction model that leverages
radar observation data to forecast rainfall over the next three
hours. In water quality prediction, multimodal approaches
can integrate precipitation remote sensing imagery with
traditional water quality monitoring data to create a more
comprehensive and multidimensional data support system.
By integrating these heterogeneous information sources, the
complex dynamic processes of the water environment can be
characterized more comprehensively.

When collecting water quality data, multimodal datasets
often exhibit various representations and scales of charac-
teristics. Traditional fusion strategies typically use simple
feature concatenation and linear transformations [5]. These
methods often ignore the potential correlations among mul-
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timodal data. This oversight results in the loss of valu-
able information, reduces predictive accuracy, and limits the
broader application of deep learning in water environment
decision support. Currently, few methods can effectively
align and adaptively fuse multimodal data [6]. Developing
robust alignment and fusion techniques has become a critical
research priority in modern water environment management.
Integrating water quality data from diverse sources helps
improve predictive precision. It also reduces heterogeneity
caused by inconsistent data collection times and methods,
achieving optimal matching across different feature spaces.

To solve these problems, this work proposes a Fusion
Multimodal Patch Transformer, called FMPT for short, to
forecast time series of water quality. The primary contribu-
tions of this work can be summarized as follows:

1) FMPT employs convolutional neural networks to extract
spatial features from remote sensing images while uti-
lizing Transformers to capture temporal features.

2) FMPT constructs patches for both spatial and temporal
features, thus improving the capture of local semantic
information and expanding the receptive field to improve
feature extraction.

3) To effectively integrate data from various dimensions,
FMPT employs the Low-Rank Multimodal Fusion
(LMF) method.

The remainder of this work is organized as follows. Section
II presents the details of the proposed FMPT, Section III dis-
cusses the experimental results, and Section IV summarizes
and concludes the findings of this study.

II. MODEL FRAMEWORK

This section introduces the FMPT model for predicting
future water quality based on historical data. Fig. 1 illustrates
the structure of the FMPT model. This model employs a
foundational framework composed of spatial and temporal
patches to concurrently process multimodal inputs, including
time series data X and remote sensing image data X%
For remote sensing imagery, spatial patches are inspired by
the Vision Transformer [7]. This approach segments the 2D
image into non-overlapping grid patches of fixed size. Each
patch retains local spatial information and texture features,
functioning as an individual visual token. Meanwhile, tem-
poral patches focus on time series data by grouping multiple
consecutive time steps into subsequence patches, thereby
capturing local temporal dependencies [8]. This approach
improves the recognition of time-dependent features such as
seasonal variations, trends, and periodic events. Following
patch processing, both image and time series patches undergo
temporal embedding. After alignment and fusion, they are
linearly projected to generate queries (Q)), keys (K), and
values (V'), which are subsequently fed into a multi-head self-
attention mechanism [9]. Finally, the output Y is produced
through a feed-forward network [10].

A. Notations and Problem Statement

Let X={x;}_, denote water quality time series, where
x; € R¥ is the F-dimensional observation at time ¢, and T
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Fig. 1. The structure of FMPT.

is the sequence length. Rainfall remote sensing images are
XEB={xFYT | with 2F € RE*W>C representing the image
at time ¢, where H x W is the resolution and C' is the number
of channels. Other notations are summarized in Table I.

TABLE I
MAIN NOTATIONS

Definition
Indicator value of the water quality
Remote sensing image data
Number of features
Height of remote sensing image
Width of remote sensing image
Number of input time steps
Patch length
Stride length
Number of patches
Size of the prediction step
Hidden size
Number of layers
Number of heads
Input value at time step ¢

Notation
X eRTXF

Mg meﬂ%mﬁﬁ;

.’EteRF

Y € R™  Predicted values in next 7 time steps

B. Spatial & Temporal Patching

1) Spatial Patching: To effectively align with temporal
patches, the model divides remote sensing images into fixed-
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size segments, linearly embeds each segment, and incorpo-
rates positional embeddings.

Since the Transformer accepts an input 1D sequence of
token embeddings, FMPT reshapes the remote sensing im-
age 2FcRH*WXC into a sequence of flattened 2D patches
ZReRPI*C where P2 indicates the resolution of each patch.
The number of image patches N is expressed as:

HW

No="pz-

After flattening the patches, we apply a learnable linear

projection to map them into D dimensions. The output of

this projection is referred to as the patch embeddings. The
trainable linear projection is defined as follows:

()]

20=MLP[z{,Wr; 25 Wg;.. ;28 Wrl+Wpos  (2)

where WrERP*D g g trainable projection matrix, and
Wpos ERN: XD represents the relative position of the image
patch in space.

2) Temporal patching: Following spatial patching, we
segment the input time series X into overlapping patches
to capture local temporal semantics. The number of patches
N is calculated as follows:
% 3)
where P represents the patch length and S denotes the
stride between adjacent patches. Each patch is represented
as 1, RTXNXF We pad the sequence by replicating the
terminal value x7 to ensure complete coverage. This process
transforms the original sequence length 7" to %, thereby re-
ducing the computational complexity of the Transformer and
optimizing memory utilization during training. Furthermore,
this approach expands the effective receptive field, enhances
the capture of temporal dependencies, and ultimately im-
proves prediction performance.

3) Embedding Patch Time Series: Conventional Trans-
former architectures typically encode time steps indepen-
dently. They often fail to capture comprehensive temporal
representations across the entire sequence. This limitation
weakens the model’s ability to extract essential patterns. It
also restricts generalization across diverse temporal distri-
butions. To address this deficiency, we implement learnable
positional embeddings. These embeddings encode structural
information from the patched and filtered sequences. The
mathematical formulation of this embedding process is ex-
pressed as follows:

N=| |+2

Zp=WpZp+Wpos 4)

where Z,ERP*N represents the embedding result, and this
embedding is then input into the Transformer. W, ERP*N
is a learnable position encoding. It captures the sequential
ordering across patches. W), is a trainable linear projection
matrix. It transforms the input patches from their original
feature dimension to the embedding dimension D.

4) Aligning of images and temporal patches: Aligning
time series data with remote sensing images is essential. This
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integration enhances the richness of contextual information.
The LMF method retains significant information after fusion.
It also improves computational efficiency. This approach
allows us to minimize the excessive parameterization of the
models. It applies cross-modal attention to all modality-to-
modality combinations for each modality. The fused tensor
B is computed as follows:

Z
B=0; @03 ® - @ vz=(X) v ®)
z=1

where ®f:1 denotes the tensor outer product of a set of
vectors indexed by z, and v, represents the expanded one-
dimensional tensor input. Multimodal fusion is expressed as:

f=9(B;U,¢c)=U-B+c f,ccRP (6)

where U denotes the multimodal fusion weight and c rep-
resents the bias term. However, as the number of input
modalities increases, the dimensionality and weight scale
of the tensor can lead to model overfitting. To mitigate
these issues, low-rank multimodal fusion is employed to de-
compose high-order weights into low-order weights, thereby
reducing the computational complexity of the model. Uti-
lizing LMF, the weight vector U is decomposed into Z
groups of modality-specific factors, simplifying the calcu-
lations. The vector U consists of dy Z-order tensors, U, €
Ré1x..xdz f—1 d, where d; and dz represent the fea-
ture dimensions of the first and Z-th modalities respectively,
dy denotes the dimension of the fusion output, and Z=2
represents the number of modalities (spatial and temporal).
Each Uy, is decomposed as follows:

E 7 _
Ui=d Qo) ol € R:

i=1 z=1

@)

where E represents the smallest variable that can be de-
composed, it defines the rank of the tensor. The term ¢>S)k
refers to the decomposition factor of the original tensor rank.
By initializing the rank to e and parameterizing the model
with e decomposition factors, the base rank U is constructed,
forming a low-rank weight tensor.

Further, simplify by parameterizing the entire weight ten-
sor U directly. By initializing a smaller rank e (where e < E)
and parameterizing the model with these e decomposition
factors, we construct a more efficient low-rank weight tensor:

e Z
U= @t

(3
i=1 z=1
Finally, the fusion vector f is redefined as follows:
e Z )
(L @at) a1 o
i=1 2z=1

C. Transformer Architecture

After the multimodal fusion, the combined features X are
processed through a multi-head attention to capture various
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aspects of relationships. The output is subsequently processed
through a feed-forward network:

FEN(M)=ReLU(MW,+b,)Wa-+b, (10)

where M represents the output of the Transformer, Wy, Wa,
b1, and b, are the parameters of the network.

Residual connections with layer normalization [11] are
implemented throughout the network to enhance gradient
flow during training:

M = LayerNorm(M + FFN(M)) (11)

To capture both long-term trends and short-term fluctu-
ations, the residual network output M is decomposed into
trend and detrended components using linear transformations:

Mp = WrM + bp (12)

M, = W, M +b, (13)

where Wr, br, W,,, and b, are learnable parameters for trend
and detrended component extraction, respectively.

Ultimately, the model integrates the trend M and the
detrended component Mﬂ, for prediction:

V=W, (Mp+M,)+b, (14)

where W, and b, serve as trainable parameters in this
linear projection, this fusion mechanism enables the model to
account for both long-term trends and short-term fluctuations
simultaneously.

D. Training Methodology

To accurately quantify the discrepancy between predicted
values Y and actual values Y, the Mean Squared Error (MSE)
is employed as the loss function:

L’:HY—Y z (15)

For efficient parameter optimization and faster conver-
gence, the Adam optimizer [12], [13] is utilized to minimize
the loss function of the Transformer.

III. EXPERIMENTAL EVALUATION
A. Experimental Setup

The FMPT model and other benchmark models are im-
plemented in PyTorch. All experiments are conducted on a
server with an RTX 3090 GPU and an Intel Xeon 6248R
CPU. The experiments involve two types of data sources.
The first data source includes hydrological data from nine
national-level surface water automatic monitoring stations.
These stations are located in the Haihe River Basin within
the Beijing-Tianjin-Hebei region. Specifically, the models are
tasked with forecasting dissolved oxygen (DO) levels at the
Huairou Reservoir station and total nitrogen (TN) concentra-
tions at the Shawo station. Detailed information is presented
in Table II. The second source comprised high-precision
remote sensing precipitation data. This data is provided by
the National Aeronautics and Space Administration.
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To construct a multimodal prediction framework, remote
sensing data originally sampled every 30 minutes are re-
sampled into a six-point mode, synchronized with the water
quality monitoring times at 00:00, 04:00, 08:00, 12:00, 16:00,
and 20:00. This process established a one-to-one mapping
between the hydrological and remote sensing datasets. Both
datasets cover the same period and are divided into training,
validation, and test sets in a 7:1:2 ratio to facilitate the
analysis of multi-source information fusion.

TABLE 11

STATISTICS OF THE DATASETS

Parameter : Dataset
Huairou Shawo

Time span Jun. 2019-Aug. 2023  Jun. 2019-Aug. 2023
Time interval 4 hours 4 hours
Data length 2,760 2,760
Water indicator DO TN

B. Evaluation Metrics

This work evaluates the performance of FMPT and other
baseline models using three metrics: Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), and Mean Abso-
lute Percentage Error (MAPE).

C. Hyperparameter Setting

FMPT uses a batch size of 32. Key hyperparameters,
including input time steps (7'), hidden size (D), number of
layers (L), number of heads (£), and patch length (P), are
selected from predefined candidate sets. The Adam optimizer
is adopted with an initial learning rate of 0.01, which decays
by 1 x 105 every 20 epochs.

To optimize model performance, we conduct extensive hy-
perparameter tuning across various dimensions. When 7=12,
we compare the RMSE performance of FMPT for different
values of D and T, as shown in Fig. 2 and Fig. 3. The optimal
performance is achieved with a dimensionality of D=128 and
a historical context window of T'=64. Table V quantifies
the relationship between model depth and prediction error,
with L=4 providing the best balance between expressiveness
and computational efficiency. This study evaluates various
numbers of attention heads, with {=2 heads yielding supe-
rior performance, as demonstrated in Table IV. Finally, we
optimize the extraction of temporal patterns through patch
length experiments, as shown in Table VI, which indicates
minimal error metrics at P=8.

D. Comparative Experimental

A comparative analysis against benchmark models demon-
strates the superior efficacy of the FMPT. Table III presents
the long-term water quality prediction results across 12,
36, and 64 time steps,where bold values indicate the best
performance and underlined values represent the second-
best performance. The FMPT model consistently outperforms
baseline models on the Huairou DO dataset across all eval-
uation metrics. For Shawo TN datasets, FMPT is slightly
lower than the optimal model in short-term prediction, but
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TABLE III

COMPARISON OF FMPT AND

OTHER BASELINE MODELS

12 Steps 36 Steps 64 Steps
Dataset Models RMSE MAE MAPE | RMSE MAE MAPE | RMSE MAE  MAPE
LSTM 2.7084 2.1488 21.4689 | 3.0465 2.4756 23.5523 | 2.5370 2.0646 20.2229
Seq2Seq 3.2228 2.6146 25.6064 | 3.2475 2.6990 25.8344 | 3.3297 2.7991 26.2231
Transformer | 2.7335 2.4944 23.2397 | 3.2006 2.8257 26.5618 | 2.5370 2.0646 20.2229
Huairou DO Informer 2.3906 2.1177 20.1764 | 2.3961 1.9839 19.4573 | 2.3259 1.8210 18.3352
Autoformer | 2.1531 1.8850 20.4328 | 2.2459 1.8161 19.3638 | 2.4629 1.9592 21.2614
PatchTST 1.9014 1.5955 17.4529 | 1.9938 1.5592 17.0455 | 2.1806 1.6759 18.2617
FMPT 1.7736 1.5200 16.6280 | 1.9069 1.5075 16.3166 | 2.0132 1.5326 16.7507
LSTM 1.6057 1.2437 18.4595 | 1.8011 1.4688 22.8862 | 1.6260 1.3103 19.2860
Seq2Seq 22713  1.8248 28.1051 | 1.9430 1.5891 24.4670 | 1.6592 1.2601 17.9217
Transformer | 1.3250 1.1938 17.6286 | 1.5412 1.3338 20.1397 | 1.6337 1.4013 21.3893
Shawo TN Informer 1.3460 1.2175 17.4413 | 1.3556 1.1311 15.5677 | 1.6691 1.4359 21.9534
Autoformer | 1.8521 1.6711 23.2816 | 2.0013 1.7476 25.0074 | 1.9580 1.6651 23.5358
PatchTST 1.1270 0.9884 13.5492 | 1.5101 1.2649 17.2871 | 1.6965 1.4069 19.2792
FMPT 1.1722 1.0444 15.0554 | 1.3457 1.1375 16.3807 | 1.3510 1.1095 16.1658
-~ FMPT TABLE V
1.86 : RMSE WITH DIFFERENT NUMBERS OF LAYERS
1.84 L RMSE
§ 1.82 1 1.9241
2 e 2 1.7736
. 3 1.8894
178 e — < 4 1.7539
32 64 128 256
Hidden size (D)
. . . o TABLE VI
Fig. 2. Performance comparison concerning different D RMSE WITH DIFFERENT PATCH LENGTH
--e-- FMPT P RMSE
1.800 J— 8 1.7350
1775 ° A 16 1.7736
o 32 1.7663
% 1750
1.725 -=- LSTM —+— Seq2Seq === Autoformer FMPT
. Transformer —as— Informer —»— PatchTST
16 32 64 96

Number of input time steps (T)

Fig. 3. Performance comparison concerning different 7"

TABLE IV
RMSE WITH DIFFERENT NUMBERS OF HEADS

¢ RMSE
2 17151
4 17516
8 1.7736

performs best in long-term prediction. As shown in Fig. 4,
the prediction error increases with the forecast horizon for all
models. Transformer-based architectures, including FMPT,
Autoformer, and PatchTST, perform superior than other deep
learning approaches. The enhanced accuracy of FMPT can be
attributed to its multimodal fusion of remote sensing imagery
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Fig. 4. Performance comparison with respect to different 7.

and time series data.

Fig. 5 illustrates FMPT’s multi-step predictions compared
to baseline methodologies, demonstrating an enhanced ability
to capture cyclical patterns and long-term trends in hydro-
logical time series data. These results underscore FMPT’s
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accuracy in predicting water quality.

Actial  —— Prediction

FMPT

0 3 10 25 30 35

15 20
Time slot count

(a) Predicted curves from 1 to 36 steps for the Huairou DO.

Actual Prediction

FMPT

TN (mg/L)

(b) Predicted curves from 1 to 36 steps for the Shawo TN.

Fig. 5. Comparison of ground-truth ones and predicted values

IV. CONCLUSIONS

Accurate prediction of water quality parameters is crucial
for sustainable environmental management and the protec-
tion of aquatic ecosystems. This work proposes a model
called Fusion Multimodal Patch Transformer (FMPT). FMPT
leverages convolutional neural networks to analyze spatial
precipitation patterns and extract local spatial correlations. It
also employs Transformers to capture long-term dependen-
cies in temporal water quality data. This combination enables
a comprehensive understanding of spatio-temporal dynam-
ics. Additionally, a patch-based decomposition mechanism
segments complex temporal data into local fragments. This
enhances the model’s sensitivity to local features and reduces
information loss caused by global smoothing. The Low-Rank

Multimodal Fusion method efficiently integrates multiple
data modalities. It preserves key associative information and
further enhances the robustness and accuracy of predictions.
Experimental results show that the FMPT model outperforms
traditional methods on real-world hydrological datasets. It
performs especially well in long-term predictions, achieving
an average improvement of 5.38% in prediction accuracy
compared to other benchmark models.

In the future, FMPT will focus on enhancing its adaptabil-
ity to a wider range of water quality parameters. It will also
explore the integration of additional external environmental
variables and large models [14] to further improve the
comprehensiveness and reliability of its predictions.
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