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Abstract 

Accurate assessment of aquatic ecological health relies on the effective characterization of 
the temporal dynamics of key water quality and algal indicators. To address challenges 
such as strong non-stationarity, significant noise interference, and complex multivariate 
coupling in water environment monitoring time series, this paper introduces a differential 
attention mechanism (DIFF Transformer) and constructs a time series prediction model 
for key indicators of aquatic ecological health. Taking the Huangtaiqiao monitoring sec-
tion of the Xiaoqing River in Jinan, China, as the study area, multivariate time series pre-
diction research was conducted for key proxy indicators of aquatic ecological health, in-
cluding blue-green algae, chlorophyll, dissolved oxygen, turbidity, total phosphorus, am-
monia nitrogen, permanganate index, and TOC, based on hourly measured data from 
2017 to 2024. The results show that the differential attention mechanism improves bal-
anced forecasting across multiple water quality and algal indicators by reducing isolated 
and unstable high-frequency residual fluctuations and enhancing the reconstruction of 
dominant temporal patterns. Compared with LSTM, GRU, and the standard Transformer, 
DIFF Transformer achieved the highest macro-averaged Nash-Sutcliffe efficiency coeffi-
cient among the learning-based models, with a macro-averaged NSE of 0.93. Per-indicator 
evaluation further showed that DIFF Transformer achieved NSE values above 0.95 for 11 
of the 12 water quality indicators. In addition, DIFF Transformer obtained lower MSE, 
MAE, and RMSE than LSTM, GRU, and the standard Transformer. These results indicate 
that DIFF Transformer can provide continuous, stable, and high-temporal-resolution pre-
dictions of key aquatic ecological proxy indicators, supporting routine water quality trend 
tracking and dynamic aquatic ecological assessment. 
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1. Introduction 
A healthy water environment is essential for the sustainable development of both 

ecosystems and human society [1–3]. Accurately understanding the characteristics of cy-
anobacteria and water quality in rivers plays a crucial role in water environment protec-
tion, as they are closely related to aquatic ecological health [4–6]. Achieving precise pre-
dictions of multivariate water quality indicators and cyanobacteria in rivers is key to as-
sessing aquatic ecological health status [7,8]. However, traditional modeling methods are 
often time-consuming and labor-intensive when handling large volumes of input data 
[9,10]. Machine learning-based time series forecasting techniques offer new solutions for 
predicting water quality or cyanobacteria in rivers [11–13]. 

One of the core challenges in time series forecasting is how to effectively capture 
complex dependencies within the data, especially over long-time spans or across multi-
variate data [14,15]. Traditional machine learning methods perform poorly under condi-
tions of multi-indicator prediction and big data, as their recursive computation patterns 
cause time costs to increase linearly with sequence length, making it difficult to achieve 
accurate and efficient time series forecasting [16,17]. The introduction of deep learning for 
time series prediction has overcome the aforementioned shortcomings and has developed 
rapidly in water quality forecasting [18]. To date, deep learning technologies have been 
applied to forecast water quality in the River Lee (London, UK) [19], Malaysian rivers [20], 
and southern Iran [21], and the Dez River, Iran [22], using models such as recurrent neural 
networks (RNNs) and long short-term memory (LSTM) networks et al. Nevertheless, con-
ventional deep learning models, such as RNNs and LSTM, often fall short when facing 
long-term dependencies and the vanishing gradient problem [23–25]. 

The Transformer model, with its unique self-attention mechanism, has overcome the 
limitations of traditional methods, demonstrating significant advantages in computa-
tional efficiency and the ability to model both short- and long-term dependencies [26,27]. 
This model has been applied in fields such as remote sensing image change detection and 
bearing fault diagnosis, and water quality forecasting [28–31]. However, when processing 
long-sequence or complex time series data, challenges such as noise interference and dif-
ficulty in focusing on key information still remain. 

Recently, the differential attention mechanism (DIFF) has been proposed and applied 
to improve the Transformer model. By computing the difference between two independ-
ent soft attention distributions, it effectively eliminates attention noise, enabling the model 
to focus more on key information while ignoring irrelevant context, thereby optimizing 
the performance of the Transformer model [32]. This mechanism demonstrates significant 
advantages in handling long-term dependencies and multivariate time series. However, 
the DIFF Transformer has been studied only in a few areas, such as autoregressive predic-
tion of new energy power and flood detection in SAR imagery [33,34], and has not yet 
been applied to the field of aquatic ecological health prediction. 

This study focuses on key proxy indicators within the aquatic ecological health as-
sessment system and employs a differential attention mechanism to construct a DIFF 
Transformer prediction model for the aquatic ecological health of the Xiaoqing River. 
Aquatic ecological health is a comprehensive concept, typically characterized indirectly 
through multiple water quality indicators such as algae, biological oxygen demand, and 
nutrients. Rather than directly predicting a comprehensive health index, this study centers 
on key proxy indicators, with an emphasis on exploring the applicability and advantages 
of the differential attention mechanism for multivariate time series prediction in complex 
aquatic environments. 

The constructed model offers the following advantages: ① Long-term dependencies: 
The DIFF Transformer leverages the differential attention mechanism to focus on contex-
tual information at critical time points, enhancing the model’s ability to model long time 
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series, thereby significantly improving the processing of long-span data from the Huang-
taiqiao station on the Xiaoqing River. ② Multivariate modeling: The DIFF Transformer 
effectively captures complex correlations among multivariate time series data, such as 
blue-green algae and various water quality indicators, avoiding the signal loss caused by 
variable mixing in traditional models, and thus improving the accuracy of multivariate 
time series prediction. ③ DIFF Transformer noise suppression and information extraction: 
By reducing isolated and unstable high-frequency attention responses, the DIFF Trans-
former emphasizes dominant temporal features and improves the stability and balance of 
multi-indicator forecasting without treating all local variability as noise. 

2. The Principle of DIFF Transformer 
To improve the performance of the attention mechanism, Tianzhu Ye et al. proposed 

the Differential Transformer in 2024 [32]. Its core idea is to separate the underlying noise 
embedded within the data through a differential operation, thereby optimizing the atten-
tion mechanism and enhancing the model’s data modeling capability. The differential at-
tention mechanism is illustrated in Figure 1. 

 

Figure 1. Schematic diagram of the differential attention mechanism. 

Figure 1 illustrates the core architecture of the differential attention module, whose cen-
tral structure is the differential multi-head attention mechanism, as expressed in Equation (1). 

DIFFAttnሺ𝑋ሻ ൌ ሺsoftmaxሺ𝑄ଵ𝐾ଵ்√𝑑 ሻ െ 𝜆 ⋅ softmaxሺ𝑄ଶ𝐾ଶ்√𝑑 ሻሻ𝑉 (1)

In the formula, two independent Query inputs (Q1, Q2) and Key input mappings (K1, 
K2) are used to construct two parallel attention pathways, enabling the model to extract two 
distinct attention patterns from the data. These two patterns share the same set of value 
information, while their outputs are differentially integrated through a balancing coefficient 
λ, which is itself a learnable parameter. Its specific definition is shown in Equation (2): 𝜆 ൌ expሺ𝜆௤భ ⋅ 𝜆௞భሻ െ expሺ𝜆௤మ ⋅ 𝜆௞మሻ ൅ 𝜆init (2)

where 𝜆௤భ , 𝜆௞భ , 𝜆௤మ , 𝜆௞మ ∈ Rௗ are all learnable parameters. In addition, to better align with 
the statistical characteristics of the data in specific application scenarios, some of these 
parameters can also be predefined as fixed values in order to achieve improved model 
performance. 

3. Construction Process of the DIFF Transformer Time Series  
Prediction Model 
3.1. Framework 

Figure 2 presents the overall framework of the proposed multivariate forecasting 
model. Multi-year hourly observations from the Huangtaiqiao monitoring section, 
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including water quality, algal, rainfall, and discharge variables, were first subjected to 
temporal consistency checking, invalid value screening, missing value imputation, detec-
tion limit treatment, and standardization. The processed dataset was then divided into 
training, validation, and test sets, and sliding time windows were used to construct his-
torical input sequences and future prediction targets. LSTM, GRU, the standard Trans-
former, and DIFF Transformer were trained under consistent experimental settings, while 
the key hyperparameters of DIFF Transformer, including input sequence length, predic-
tion length, and number of attention layers, were calibrated using grid search based on 
validation performance. The final models were evaluated using NSE, MSE, MAE, and 
RMSE, together with residual and frequency domain analyses, to assess overall forecast-
ing accuracy, cross-indicator performance balance, and the ability to reconstruct dominant 
temporal patterns. 

 

Figure 2. Framework of the DIFF Transformer-based multivariate forecasting model for key indica-
tors of aquatic ecological health. 

3.2. Case Study 

Water quality data were collected at the Huangtaiqiao monitoring section (Figure 3) 
using a suite of online water quality analyzers and sampling systems. These included a 
Hach GLI 5500 five-parameter probe (Hach Company, Loveland, CO, USA, measuring 
temperature, pH, dissolved oxygen, conductivity, and turbidity), a Hach COD-203A per-
manganate index auto-analyzer (Hach Company, USA), a Hach NPTW-1600 nutrient 
auto-analyzer (Hach Company, USA, for ammonia nitrogen, total phosphorus, and total 
nitrogen), a Hach FP360 petroleum hydrocarbons monitor (Hach Company, USA), a Hach 
Astro TOCTM UV online total organic carbon (TOC) analyzer (Hach Company, USA), a 
Hach Hydrolab multi-parameter probe (Hach Company, USA, for blue-green algae and 
chlorophyll a), and a Greyspray FC-9624YL refrigerated autosampler (Beijing Grasp Tech-
nology Development Company, Beijing, China), supported by auxiliary modules (water 
intake/distribution, pre-treatment, and data transmission systems manufactured by ZTE 
Instruments), according to the Technical Specification for Surface Water Environmental 
Quality Monitoring (HJ 91.2—2022) [35]. Sensor calibration via low- and high-concentra-
tion standard sample verification was conducted monthly, and quality control followed 
the Technical Specification for Operation and Maintenance of Surface Water Quality Au-
tomatic Monitoring Stations (HJ 915.3—2024) [36]. Discharge and precipitation data were 
obtained from the Jinan Hydrology Center, with hourly rainfall records from catchment 
rain gauges and continuous discharge measurements at the Huangtaiqiao hydrological 
station adhering to the Specifications for Precipitation Observation (SL 21-2015) [37], the 
Code for Liquid Flow Measurement in Open Channels (GB 50179-2015) [38], and the 
Standard for Stage Observation (GB/T 50138-2010) [39]. The dataset consists of 62,013 
hourly records from 3 May 2017 to 30 May 2024. Twelve water quality indicators and two 
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hydrometeorological variables were used. As shown in Table 1, the original water quality 
records had missing rates of 6.23–10.53%, depending on the indicator, while the final 
aligned modeling dataset contained no missing values. The indicators showed distinct 
dynamic ranges and seasonal patterns. Water temperature and precipitation peaked in 
summer, dissolved oxygen and pH were higher in winter, and nutrient-related variables 
showed variable-specific seasonality. These characteristics indicate strong multi-scale var-
iability and cross-indicator heterogeneity, which motivated the use of multivariate se-
quence forecasting models. 

 

Figure 3. Location map of the Huangtaiqiao Hydrological Monitoring Station. 

Table 1. Descriptive statistics of hourly water quality and hydrometeorological variables at the 
Huangtaiqiao monitoring section. 

Variabl Unit Missing_Rate Minimum Maximum Mean Variance Standard_Deviation Seasonal_Mean 
BLUEGREEN µg/L 10.53%  0.00  743.25  309.46  18,423.37  135.73  65.2 
CHA µg/L 10.53%  0.00  141.95  11.32  531.60  23.06  16.48 
DO mg/L 6.23%  2.21  14.20  5.97  6.36  2.52  2.07 
COD mg/L 6.23%  0.25  12.48  5.36  3.61  1.90  1.39 
ELE µS/cm 6.23%  561.87  1795.42  1044.31  54,494.24  233.44  105.90 
PH unitless 6.23%  5.25  8.79  7.36  0.58  0.76  0.46 
NH4 mg/L 7.81%  0.03  8.03  1.08  2.57  1.60  0.66 
TN mg/L 6.23%  0.05  29.99  8.10  24.25  4.92  0.99 
TP mg/L 6.23%  0.01  0.93  0.10  0.02  0.13  0.06 
TUR NTU 6.23%  0.00  59.90  7.77  60.62  7.79  1.75 
TEMP deg C 6.23%  −0.40  28.98  18.38  55.57  7.45  17.40 
TOC mg/L 6.23%  30.00  49.27  39.96  3.07  1.75  0.61 
Flow m3/s 97.89%  17.85  79.06  40.29  253.56  15.92  33.08 
Prec mm/h 97.82%  0.00  68.00  0.07  0.91  0.95  0.23 

3.3. Data Preprocessing 

To ensure temporal consistency and data quality, a unified preprocessing workflow 
was applied before model training. First, all monitoring records were aligned to an hourly 
time index. After temporal alignment, the dataset contained 62,013 hourly records. Con-
tinuous missing timestamps were identified in the original water quality series. Most in-
dicators had 3863 missing hours, accounting for 6.23% of the full time series, while 
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chlorophyll and blue-green algae had 6531 missing hours, accounting for 10.53%. Short 
gaps were filled using causal forward filling with a maximum duration of six hours. 
Longer gaps were imputed using the median value from the same month and hour calcu-
lated from the training period, thereby reducing the risk of future information leakage. 

Second, observations outside physically reasonable or instrument-defined ranges were 
treated as invalid values. The main screening ranges were as follows: pH, 5–10; dissolved 
oxygen, 2–15 mg/L; electrical conductivity, 500–3000 µS/cm; CODMn, 0–20 mg/L; ammonia 
nitrogen, 0–15 mg/L; total nitrogen, 0–40 mg/L; total phosphorus, 0–1 mg/L; turbidity, 0–
1000 NTU; water temperature, −8–38 °C; total organic carbon, 0–50 mg/L; chlorophyll, 0–
1000 µg/L; and blue-green algae, ≤1000 µg/L. Values outside these ranges were marked as 
abnormal and subsequently imputed. In total, 48,475 water quality data cells were identified 
as range-based abnormalities, accounting for 6.51% of all water quality cells. 

Third, values below the detection limit were processed using the half-detection-limit 
substitution method, which is commonly used in environmental monitoring data pro-
cessing. Specifically, CODMn values below 0.5 mg/L were replaced with 0.25 mg/L, am-
monia nitrogen values below 0.05 mg/L were replaced with 0.025 mg/L, total nitrogen 
values below 0.1 mg/L were replaced with 0.05 mg/L, and total phosphorus values below 
0.01 mg/L were replaced with 0.005 mg/L. This procedure affected 25,819 data cells, ac-
counting for 3.47% of the water quality data cells. 

Fourth, isolated spikes were screened using a historical window robust criterion. If a 
value showed an excessively high robust score relative to the median of the previous 72 h 
and did not belong to a temporally continuous process variation, it was replaced by the 
corresponding 72 h historical median. Hydrometeorological variables were processed 
separately according to their data characteristics. Precipitation was treated as an event-
based variable: hours without rainfall records were set to zero, while observed rainfall 
amounts were retained without smoothing. Discharge observations were relatively sparse; 
therefore, short gaps were filled by causal forward filling, and longer gaps were imputed 
using the training period month–hour median. Discharge and precipitation were used as 
auxiliary input variables but were excluded from the per-indicator water quality perfor-
mance evaluation. 

Before model training, all input variables were standardized using StandardScaler 
(scikit-learn 1.9.0). The scaler was fitted only on the training set and then applied to the 
validation and test sets. The dataset was split chronologically into training, validation, 
and test subsets with a ratio of 70%/10%/20%, avoiding random splitting and reducing the 
risk of temporal information leakage. 

3.4. Model Hyperparameter Calibration 

To improve the forecasting performance under varying water quality conditions and 
seasonal fluctuations, this study conducted a focused grid search analysis for the main 
temporal and structural parameters of the DIFF Transformer model. The calibration was 
designed around the practical forecasting question of how much historical information 
should be used and how far ahead the model can reliably predict. Therefore, the grid 
search focused on three key parameters: input sequence length, prediction length, and 
number of attention layers. 

The input sequence length determines the historical information available to the 
model. Candidate values ranged from 96 h to 288 h. The prediction length controls the 
forecasting horizon and was evaluated within the range of 48 h to 120 h. The number of 
attention layers determines model depth and representation capacity, with a candidate 
range of one to eight layers. For each parameter combination, the model was inde-
pendently trained and evaluated on the validation set using NSE as the main criterion, 
with the proportion of samples with NSE > 0.5 used only as an auxiliary stability indicator. 
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Other training and architectural hyperparameters were kept fixed across experi-
ments to ensure controlled comparison and reduce confounding effects. Specifically, the 
learning rate was set to 1 × 10−4, the batch size to 32, the embedding dimension dmodel to 64, 
the number of attention heads to two, the feed-forward dimension to 64, and the dropout 
rate to 0.1. These settings were used consistently across the compared models to maintain 
comparable model capacity and training conditions. Thus, the grid search should be in-
terpreted as a focused calibration of the temporal forecasting configuration, rather than 
an exhaustive optimization of all possible hyperparameters. 

For the differential attention module, λinit was not treated as an empirical calibration 
parameter. Following the original Differential Transformer design, λinit is a layer-depend-
ent initialization constant used to initialize the learnable differential balancing coefficient 
λ. The effective λ was learned during training through its re-parameterized learnable vec-
tors. Therefore, λinit was fixed according to the original formulation to preserve the in-
tended gradient-flow behavior and avoid introducing an additional manually tuned de-
gree of freedom. 

As shown in Figure 4, the calibration results showed that longer input sequences 
generally improved validation performance, indicating that the model benefited from ex-
tended historical context. A 288 h input window provided the best balance between his-
torical information and computational cost. Prediction lengths around 48–72 h achieved a 
practical compromise between short-term accuracy and medium-term forecasting capa-
bility. Increasing model depth beyond the optimal range did not consistently improve 
validation performance but increased computational cost. Therefore, the final experi-
mental setting used an input length of 288 h, a prediction length of 48 h, and one attention 
layer for the comparative validation experiments. 

 

Figure 4. Performance evaluation of the DIFF Transformer for aquatic ecological health prediction 
in the Xiaoqing River. 

4. Model Validation and Mechanism Interpretation 
4.1. Comparative Experiment Design 

To evaluate the predictive performance of the proposed model, five models were 
compared under the same data partition and forecasting horizon: Persistence, LSTM, GRU, 
Transformer, and DIFF Transformer. The dataset contained 14 input variables, including 
water quality indicators and hydrometeorological variables. As mentioned above, the 
data were split chronologically into training, validation, and test sets, with a ratio of 7:1:2, 
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respectively. The standardization parameters were fitted only on the training set to avoid 
information leakage. 

All learning-based models used an input length of 288 h and predicted the following 
48 h. The batch size was 32, the learning rate was 1 × 10−4, and MSE was used as the train-
ing loss. For Transformer and DIFF Transformer, the main hyperparameters were set to 
dmodel = 64, nheads = 2, elayers = 1, dlayers = 1, and dff = 64. These values were explicitly specified 
during the experiments. The LSTM and GRU baselines used one recurrent layer with hid-
den size 64, followed by a linear projection layer to produce the 48-step multi-variable 
forecast. The Persistence model was included as a naive baseline, where the future value 
was assumed to be equal to the last observed value. This baseline is necessary because 
hourly water quality series usually have strong short-term autocorrelation. 

Model performance was evaluated using NSE, MSE, MAE, and RMSE. Global met-
rics were used to compare overall error levels, while per-indicator metrics were calculated 
to evaluate the stability of each model across different water quality variables. Flow and 
precipitation were treated as auxiliary inputs and were excluded from the per-indicator 
water quality comparison. Macro-averaged NSE was calculated by first computing NSE 
for each indicator and then averaging across indicators, so that each variable contributed 
equally to the final score. 

4.2. Training and Validation Loss Analysis 

To evaluate the convergence behavior and potential overfitting risk of the proposed 
model, we conducted a training and validation loss analysis for DIFF Transformer. As 
shown in Figure 5, the training loss decreases rapidly during the first few epochs and then 
converges to a stable level. The validation loss also decreases initially and reaches its min-
imum at epoch 11, after which it fluctuates within a narrow range. This indicates that the 
DIFF Transformer training is stable and convergent, with no evident severe overfitting, 
although a persistent gap between training and validation losses suggests moderate gen-
eralization discrepancy. 

 

Figure 5. Training and validation loss curves of DIFF Transformer. The loss is computed as MSE in 
the normalized data space, and the best validation loss is obtained at epoch 11. 

4.3. Global Performance Comparison 

The global comparison shown in Figure 6 indicates that DIFF Transformer achieved 
the highest macro-average NSE, indicating the best balanced predictive skill across indi-
cators. Persistence obtained the lowest MSE, MAE, and RMSE, confirming that the hourly 
series has strong short-term continuity and that the naive baseline is highly competitive. 
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However, among learning-based models, DIFF Transformer clearly outperformed LSTM, 
GRU, and Transformer in NSE and error-based metrics. 

 

Figure 6. Global performance comparison of different forecasting models. The four subplots report 
(a) macro-average NSE, (b) MSE, (c) MAE, and (d) RMSE, respectively. For NSE, larger values indi-
cate better predictive performance, whereas for MSE, MAE, and RMSE, smaller values are better. 
Negative NSE values are compressed in the plot to emphasize positive model performance, while 
the original values are retained as text annotations. The DIFF Transformer achieves the highest 
macro-average NSE among all models and shows substantially lower error than LSTM, GRU, and 
Transformer, although the persistence baseline remains competitive in absolute error metrics. 

4.4. Variable-Wise Forecasting Performance Comparison 

The per-indicator comparison shown in Figure 7 indicates that DIFF Transformer 
achieved NSE values above 0.95 for 11 of the 12 water quality indicators, with TOC being 
the main exception. The relatively low NSE of TOC is mainly caused by its low temporal 
variability and near-constant values in many samples after preprocessing. Since NSE nor-
malizes the squared error by the variance of the observed series, a small observational 
variance makes NSE highly sensitive to even small absolute prediction errors. Therefore, 
the low TOC NSE does not necessarily indicate large absolute prediction errors, but rather 
reflects the limited variability of TOC in the test set. Electrical conductivity showed rela-
tively large absolute errors because of its larger numerical scale, although its NSE re-
mained high. 
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Figure 7. Variable-wise forecasting performance of different models. The four panels show (a) NSE, 
(b) MSE, (c) MAE, and (d) RMSE for each water quality variable, excluding precipitation and flow. 
NSE values below −0.2 are compressed for visualization. The blue bars denote DIFF Transformer, 
and their exact metric values are annotated in the MSE, MAE, and RMSE panels. Higher NSE and 
lower MSE, MAE, and RMSE indicate better performance. 

Overall, these experiments support the conclusion that DIFF Transformer provides 
the best balanced performance among the learning-based models. At the same time, the 
strong Persistence baseline indicates that the results should be interpreted with multiple 
metrics rather than relying only on NSE threshold statistics. 

4.5. Biological Indicators Time Series Prediction 

Figure 8 presents the representative time series prediction results for blue-green al-
gae, chlorophyll, dissolved oxygen, and turbidity. It can be observed that the DIFF Trans-
former effectively tracks the dynamic variation characteristics of each indicator on an 
hourly scale. For biological indicators such as blue-green algae and chlorophyll, the model 
not only accurately captures the overall trend but also maintains synchronous responses 
to peak periods during most fluctuation phases, demonstrating the model’s strong ability 
to capture temporal features associated with biological processes. For physicochemical 
indicators such as dissolved oxygen and turbidity, which fluctuate frequently over short 
time scales, the prediction results still maintain good consistency with the observed se-
quences, indicating that the differential attention mechanism plays a positive role in sup-
pressing high-frequency noise and enhancing effective signals. 

It should be noted that during certain short-term periods of sharp fluctuations, the 
prediction results exhibit a certain degree of deviation from the observed values. Such 
deviations mainly occur during intervals with rapid changes in the indicator values, 
which may be related to sudden external inputs or local variations in hydrodynamic con-
ditions. Nevertheless, the model as a whole maintains correct judgment regarding the di-
rection of change and the main trends, demonstrating high reliability in characterizing the 
evolution of water quality status. 
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Figure 8. Representative time series prediction results for (a) blue-green algae, (b) chlorophyll, (c) 
dissolved oxygen, and (d) turbidity. 

4.6. Nutrient and Organic Pollution Indicators Time Series Prediction 

The prediction results for nutrient and organic pollution indicators, including total 
phosphorus, ammonia nitrogen, permanganate index, and TOC, are shown in Figure 9. 
The DIFF Transformer demonstrates relatively stable fitting performance on these indica-
tors, with low overall error levels. These indicators typically exhibit relatively stable back-
ground variations in the monitoring sequence, with periodic increases occurring during 
specific time periods. The model can effectively identify and reproduce these variation 
characteristics, reflecting its efficient utilization of long-term dependency information. 

During certain peak phases, the predicted curve exhibits a degree of smoothing com-
pared to the observed values, indicating that the model tends to capture the overall trend 
rather than instantaneous extremes under conditions of extreme fluctuation. This charac-
teristic helps, to some extent, to reduce the influence of random noise on the prediction 
results but also suggests that there remains room for further improvement in the refined 
characterization of extreme pollution events. Overall, the DIFF Transformer demonstrates 
good stability and consistency across most time periods, meeting the practical require-
ments for predicting key indicators of aquatic ecosystem health. 

 

Figure 9. The representative time series prediction results for (a) total phosphorus, (b) ammonia 
nitrogen, (c) permanganate, and (d) TOC. 
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4.7. Interpretation of the Differential Attention Mechanism 

To directly verify the contribution of the differential attention component, we con-
ducted an architecture-controlled ablation experiment. Specifically, we compared two 
variants with identical Transformer backbones, training settings, input variables, and pre-
diction horizons: one using standard FullAttention and the other using the proposed dif-
ferential attention. As shown in Figure 10, the residual time series and power spectrum 
provide representative evidence that DiffAttention suppresses high-frequency residual 
fluctuations. Compared with FullAttention, DiffAttention yields smoother residual trajec-
tories and substantially lower residual spectral power in the high-frequency band for both 
NH4 and TP samples. 

 

Figure 10. Residual-based noise suppression comparison between FullAttention and DiffAttention 
on representative test samples. Panels (a,c) show the residual time series for NH4 sample 0 and TP 
sample 10, respectively. Panels (b,d) show the corresponding residual power spectra. The vertical 
dashed line denotes the 24 h frequency threshold. Compared with FullAttention, DiffAttention pro-
duces residuals with smaller amplitudes and lower spectral power, especially in the high-frequency 
range, indicating reduced short-term fluctuation errors. 

5. Discussion 
5.1. Differential Attention Improves Balanced Multi-Indicator Forecasting 

Hourly water quality monitoring data are challenging to forecast because they sim-
ultaneously reflect long-term seasonal variation, short-term hydrological disturbances, 
sensor noise, and complex interactions among biological, chemical, and physical variables. 
These characteristics make it difficult for a single model to maintain both high accuracy 
and stable performance across multiple indicators. To address this challenge, this study 
developed a DIFF Transformer-based multivariate forecasting framework for hourly wa-
ter quality and algal indicators at the Huangtaiqiao monitoring section of the Xiaoqing 
River. The results show that DIFF Transformer effectively reconstructed the dominant 
temporal patterns of most indicators, including algal variables, nutrients, oxygen-related 
variables, physicochemical properties, and organic pollution indicators. Compared with 
LSTM, GRU, and the standard Transformer, DIFF Transformer achieved more balanced 
performance across variables and obtained the highest macro-averaged NSE among the 
learning-based models rather than being concentrated in only a few highly predictable 
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variables. Therefore, its practical value lies in improving balanced multi-indicator fore-
casting among learning-based models and providing a flexible framework for exploiting 
multivariate dependencies in complex hourly water quality time series. 

5.2. Interpretation of the Differential Attention Mechanism 

The differential attention mechanism is designed to subtract two attention distribu-
tions, thereby reducing redundant or unstable attention responses. In the residual analysis, 
DIFF Transformer produced smoother residual trajectories and lower residual power in 
high-frequency bands than the corresponding FullAttention model under the same archi-
tecture. This provides evidence that the differential mechanism can suppress isolated 
high-frequency residual fluctuations. 

This finding is particularly relevant for automatic water quality monitoring data, 
which often contain measurement disturbances, sensor instability, and short-term irregu-
lar fluctuations. By reducing unstable high-frequency residual components, differential 
attention can improve the robustness of trend reconstruction and reduce the influence of 
irrelevant short-term perturbations. 

However, the interpretation of “noise suppression” requires caution; short-term fluc-
tuations in environmental monitoring data should not be automatically treated as noise. 
In environmental systems, not all high-frequency or local fluctuations are noise. Abrupt 
variations may represent real ecological or hydrological processes, such as storm runoff 
responses, intermittent pollutant inputs, rapid algal growth, or local hydrodynamic 
changes. Therefore, the role of differential attention should be understood as suppressing 
isolated and redundant fluctuations rather than eliminating all local variability. The 
model is more effective in reconstructing dominant temporal patterns than in reproducing 
all short-duration peaks. 

5.3. Implications for Water Quality and Aquatic Ecological Assessment 

Continuous prediction of key water quality and algal indicators can provide useful 
support for aquatic ecological assessment. Compared with low-frequency manual moni-
toring, hourly forecasting can help characterize short-term trends and provide more con-
tinuous information on ecological proxy indicators such as algal biomass, oxygen condi-
tions, nutrient levels, turbidity, and organic pollution. 

The results suggest that DIFF Transformer is suitable as a data-driven component for 
routine trend tracking and multi-indicator forecasting. Its strength lies in providing stable 
predictions across several indicators and reconstructing the main temporal evolution of 
water quality conditions. Such predictions may support dynamic assessment of aquatic 
ecological status and provide auxiliary information for water-environment management. 

At the same time, its application to early warning should be carefully defined. The 
model may smooth short-duration peaks during abrupt fluctuations, which limits its di-
rect use as a standalone warning tool for algal blooms or sudden pollution events. For 
operational warning, the model should be combined with event-oriented modules, hy-
drological forcing information, threshold-based detection, and expert quality control rules. 
In its current form, DIFF Transformer is better suited for continuous trend prediction than 
for independent extreme event detection. 

5.4. Limitations and Future Work 

Several limitations remain. First, the study is based on one monitoring section. Alt-
hough the dataset spans multiple years, the spatial generalization ability of the model has 
not been fully evaluated. Multi-section validation and cross-basin testing are needed to 
determine whether the learned temporal dependencies are transferable to other hydro-
logical and ecological settings. 
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Second, the model evaluation focuses mainly on general forecasting metrics, includ-
ing NSE, MSE, MAE, and RMSE. These metrics are appropriate for overall predictive per-
formance, but they do not fully characterize extreme event forecasting. Future studies 
should include event-oriented metrics, such as peak magnitude error, peak timing error, 
exceedance event hit rate, false alarm rate, and high-percentile prediction error. 

Third, the preprocessing strategy may influence model behavior. Although invalid 
observations were screened using physical ranges, instrument limits, and temporal conti-
nuity criteria, the distinction between measurement artifacts and true environmental dis-
turbances is not always straightforward. Future work should combine statistical anomaly 
detection with hydrological forcing, cross-variable consistency, and monitoring quality 
control records to better preserve ecologically meaningful abrupt changes. 

6. Conclusions 
Accurate forecasting of hourly water quality dynamics remains challenging because 

monitoring series simultaneously contain long-term temporal dependence, short-term 
disturbances, measurement uncertainty, and heterogeneous interactions among biologi-
cal, chemical, and physical indicators. To address this problem, this study developed a 
DIFF Transformer-based multivariate forecasting framework and evaluated it using 
multi-year hourly observations from the Huangtaiqiao monitoring section of the Xiaoqing 
River. The principal finding is that differential attention improves balanced forecasting 
across multiple water quality and algal indicators rather than merely enhancing the pre-
diction of a few highly predictable variables. Compared with LSTM, GRU, and the stand-
ard Transformer, DIFF Transformer achieved the highest macro-averaged NSE among the 
learning-based models and reproduced the dominant temporal patterns of algal, nutrient, 
oxygen-related, physicochemical, and organic pollution indicators with greater con-
sistency across variables. Residual and frequency domain analyses further indicated that 
differential attention reduced isolated and unstable high-frequency residual components, 
thereby improving the robustness of temporal-pattern reconstruction. This effect should 
be interpreted as the suppression of redundant fluctuations rather than the removal of all 
short-term variability, because abrupt changes may represent genuine hydrological or 
ecological events. Overall, DIFF Transformer provides a flexible data-driven approach for 
continuous multi-indicator trend prediction and can support dynamic water quality as-
sessment and routine aquatic ecological monitoring. However, its tendency to smooth 
some short-duration peaks limits its direct use as a standalone detector of algal blooms or 
sudden pollution events. Future research should therefore validate the framework across 
multiple monitoring sections and watersheds, evaluate extreme event performance using 
event-oriented metrics, examine sensitivity to alternative preprocessing strategies, and in-
tegrate hydrological forcing, quality control information, and physical or ecological con-
straints to improve spatial transferability and the representation of ecologically meaning-
ful abrupt changes. 
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