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Floods are a frequent disaster in Semarang city, Indonesia, requiring an
accurate and real-time forecasting system to support effective risk
management. This study introduces a hybrid long short-term memory-gated
recurrent unit (LSTM-GRU) model with an attention mechanism (attention-
enhanced LSTM-GRU) designed to improve the accuracy of flood
predictions based on multiparameter internet of things (IoT) data. The
novelty of this study lies in the integration of the attention mechanism within
the hybrid LSTM-GRU architecture, which allows the model to provide
adaptive focus on features and time periods that most influence flood
occurrences. The dataset used consists of 1,736 time series samples covering
rainfall and water level data collected every 15 minutes from IoT sensors in
the upstream and downstream areas of Semarang, Indonesia. Experimental
results show that the hybrid model with the attention mechanism provides

recurrent unit model
Real-time flood forecasting

the best performance with a mean absolute percentage error (MAPE) value
of 1.4%, root mean squared error (RMSE) of 1.05, and coefficient of
determination (R?) reaching 0.96. This model also achieves 100% recall for
the “Danger” class, demonstrating its reliability in detecting critical
conditions. The practical implication of this research is the availability of a
flood prediction model that is accurate, adaptive, and can be directly applied
to loT-based early warning systems in flood-prone urban areas.
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1. INTRODUCTION

Serious flooding frequently has impact Semarang, an Indonesian city. Residents are greatly
impacted by these frequent occurrences. The reliance on traditional forecasting techniques, which solely rely
on statistical analysis and historical trends, is a major obstacle. Therefore, they are too inflexible to deal with
abrupt, unforeseen changes in their surroundings. Traditional methods frequently fail in two important areas
when it comes to data management therefore, are unable to model the intricate web of interactions among
environmental factors that are always changing and influencing one another [1]. By leveraging internet of
things (IoT), flood prediction systems can continuously monitor conditions and dynamically update data,
resulting in significantly higher accuracy than conventional models [2], [3]. Proper processing of this data
can significantly improve flood prediction performance. In recent studies [4], [5], IoT were employed to
collect real-time environment data which improves model responsiveness.

Gated recurrent unit (GRU) and long short-term memory (LSTM) models are particularly efficient
for temporal data analysis. Every model possesses distinct strengths and limitations. LSTM outperforms in
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retaining long-term memory [6] and was designed to overcome the issue of vanishing gradient observed by
traditional recurrent neural networks (RNNs) when processing lengthy sequences. LSTM has demonstrated
remarkable success in the field of computational linguistics speech recognition and temporal forecasting [7]-
[9]. Accurate flood forecasting relies on continuous monitoring of hydrological data including precipitation
and water level measurements which form the basis for accurate forecasts. The LSTM architecture is
particularly suitable for this task because it can capture and retain long-term dependencies. [10], [11]. LSTM-
based models are also used to predict water levels and rainfall across diverse locations in some early research
[12], [13]. Combination of convolutional neural networks (CNN) and LSTM have been employed to enhance
the accuracy and spatial temporal analysis of hydrological data [14], [15].

Compared to other algorithms, GRU delivers enhanced performance in short-term flood prediction
particularly when compared to LSTM [16]. Further enhancements are required for long-term forecasting
tasks [17]. The GRU architecture is less complex than other RNN variants due to its simplified gating
mechanisms which optimize computational efficiency. Its practical applications include speech recognition,
spatial prediction [18], temporal forecasting [19]. GRU has also been integrated with other models such as
CNN to optimize performance in tasks like electricity demand estimation [20]. GRU is widely applied across
domains including solar radiation estimation [21], traffic prediction [22] electricity load forecasting [23],
carbon dioxide concentration prediction [24], precision agriculture [25], [26], wind speed and temperature
forecasting [27], [28], and landslide displacement prediction [29].

Several prior studies have investigated hybrid deep learning models for flood prediction. For
example, authors [30], [31] proposed CNN LSTM architectures to extract spatial and temporal features from
hydrological data achieving improved prediction accuracy compared to standalone LSTM models.
Additionally, Kumar ef al. [32] implemented a hybrid GRU bidirectional long short-term memory (BiLSTM)
model that showed superior short-term flood prediction but faced challenges in long-term forecasting. While
these hybrid approaches demonstrate efficacy, they often involve complex feature engineering or
computationally demanding architectures. The proposed LSTM-GRU model combines accuracy and
efficiency by using LSTM for long-term dependencies and GRU for efficient computation.

However, a major limitation of LSTM and GRU lies in their inability to differentiate the relative
importance of temporal features. In flood forecasting, not all-time steps and variables contribute equally to
prediction accuracy. Recent advances in deep learning introduce the attention mechanism, which supports
models to selectively focus on the most relevant features, significantly improving interpretability and
accuracy in sequence prediction. Attention-enhanced architectures have demonstrated superior results in
domains such as energy forecasting and environmental prediction [33]-[35].

In order to forecast floods in real time using IoT hydrological sensors, this study suggests a unique
hybrid LSTM-GRU model that is driven by an attention mechanism. While the attention mechanism cleverly
concentrates on the most noticeable data inputs, we combine the long-term pattern recognition of LSTM with
the processing efficiency of GRU. The anticipated result is a system that provides exceptional accuracy and
stability, sustaining excellent performance even when environmental parameters change quickly, making it
perfect for real-time, practical applications.

This study proposes an attention-enhanced hybrid LSTM-GRU model for real-time flood
forecasting using loT-based rainfall and water level data. Unlike previous studies that mainly focus on single
recurrent models or offline prediction settings, this work integrates an attention mechanism with multi-
parameter loT inputs to improve temporal feature representation and real-time applicability. Furthermore, the
proposed approach provides practical value by enabling accurate multi-class flood risk classification and
supporting early warning systems in flood-prone urban areas.

2. METHOD

In this article, we present the research methods employed in this study and describe the steps taken
to collect data and analyse the results. Figure 1 illustrates the detailed flow of the study process. In the
feature-level hybrid approach, different input variables are processed through LSTM and GRU layers
separately. The encoded features are then combined and passed to subsequent layers for final prediction. This
structure is particularly effective when input features vary in temporal importance or source, such as rainfall
vs. water level data.

2.1. Study area

The study was performed in Pucanggading Dam Semarang, located within the Dolok Penggaron
river basin which is supplied by the Dolok and Penggaron rivers. The dam regulates water flow into three
channels: Dombo Sayung River, the East Flood Canal, and Babon River. Structural modifications to the dam
and supplementary infrastructure were necessary to mitigate flooding. The Penggaron River, which supplies
several downstream rivers, has historically caused flooding due to overflow. Figure 2 illustrates the spatial
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distribution of rainfall and water-level sensors within the Dolok—Penggaron watershed in Semarang,
Indonesia. The map shows the upstream Pucanggading Dam and the downstream Banjir Kanal Timur
channel, along with the flow direction and watershed boundaries. This spatial information helps clarify how
upstream downstream hydrological interactions are captured by the monitoring system.
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In this research, the primary goal is to measure water levels. Automatic sensors for water levels and
rainfall were set up and integrated into an IoT network for real-time monitoring of water level changes. A total
of approximately 1,736 data records were collected from a network IoT sensors installed in the Pucanggading
Dam area. The monitoring system consisted of one rainfall (precipitation) sensor and two water level sensors
positioned at the upstream and downstream of the dam. These sensors continuously measured rainfall intensity
and water level variations every 15 minutes, resulting in data covering an observation period of about 18 days.
This data is fundamental in recognizing the movement of water which acts as an early warning signal for
upcoming flooding. In addition, rainfall and water level sensors were installed around the East Canal Flood
River. Rainfall sensors captured data on the rainfall intensity and time span in the region. Then, data from these
points were transferred to a server continuously, facilitating water status observation. By integrating data, a
thorough knowledge of hydrological processes within the region was achieved. This data was then utilized in a
prediction model, which aimed to offer more precise flood forecasts.

The analysis of the sensor data installed at the upstream (Bendung Pucanggading) and downstream
(Banjir Kanal Timur) locations reveals that upstream water level and rainfall exert a dominant influence on
downstream flow behavior. When heavy rainfall occurs in the upstream area, the increased discharge
substantially raises the downstream water level, often leading to flooding events even when local rainfall at the
downstream site is relatively low. This indicates that hydrological responses in the downstream region are
primarily driven by upstream inflow dynamics. Conversely, downstream rainfall affects upstream flow only
under specific conditions, such as when the catchment experiences saturated soil conditions or backwater effects
due to high tidal influence. In such cases, localized rainfall at the downstream site may temporarily increase
water level gradients, causing a feedback effect observable in upstream measurements. However, these
interactions are less frequent and have a smaller overall impact compared to the dominant top-down influence
from the upstream system. Figure 3 represents the architecture of an IoT-based flood prediction system, which
shows the data flow starting from data collection (rainfall and water level) via the [oT gateway to the process of
analyzing and monitoring data in real-time to generate flood warnings.
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Figure 3. System architecture of loT-based flood monitoring

Table 1 summarizes the functional relationships among rainfall and water level sensors. It can be
observed that upstream rainfall and water level primarily drive downstream flow variations, whereas
downstream rainfall contributes marginally and only under certain hydrological or tidal conditions. These
relationships confirm the dominance of upstream dynamics in determining flood risk levels in the Banjir Kanal
Timur catchment.

These findings are consistent with the physical layout of the Semarang watershed, where the Banjir
Kanal Timur functions as a downstream outlet, and hydrological responses are mainly governed by the runoff
contribution and elevation gradient from the upstream Bendung Pucanggading area. Therefore, the proposed
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IoT-based model appropriately considers both upstream and downstream parameters, enabling more accurate
real-time flood forecasting that reflects actual flow dependencies within the basin.

Table 1. Functional roles of sensor parameters in flood prediction system

Sensor Influence on system

Type Location Primary function dynamics Key insights

Rainfall Pucanggading Measures rainfall Strongly affects upstream High upstream rainfall is a major
sensor (upstream) intensity and duration to water level, which in turn driver of rising water levels at Banjir

estimate inflow potential influences downstream flow  Kanal Timur
Water Monitors water elevation Upstream water level correlates highly
level Pucanggading entering the downstream Acts as a predictor for with downstream rise, indicating
sensor (upstream) channel downstream flood risk propagation of flow
Downstream level responds mainly to

Water Banjir Kanal Measures real-time river Reflects the combined upstream discharge; local rainfall only
level Timur stage in flood-prone effects of upstream inflow affects under saturated or tidal
sensor (downstream) urban areas and local rainfall conditions

After gathering data through sensors, the next step was to create scenarios. Eight experimental
scenarios (S1-S8) were designed using different deep learning models, including LSTM, GRU, LSTM-GRU,
and LSTM-GRU with attention. Scenarios S1-S4 used rainfall at downstream and water level at upstream as
inputs, while Scenarios S5-S8 incorporated an additional variable, rainfall at upstream. The details of the
experiment are provided in Table 2.

Table 2. Experiment description

Scenario Model Input parameter
S1 LSTM Rainfall at downstream, water level at upstream
S2 GRU Rainfall at downstream, water level at upstream
S3 LSTM-GRU Rainfall at downstream, water level at upstream
S4 LSTM-GRU with attention ~ Rainfall at downstream, water level at upstream
S5 LSTM Rainfall at downstream, water level at upstream, rainfall at upstream
S6 GRU Rainfall at downstream, water level at upstream, rainfall at upstream
S7 LSTM-GRU Rainfall at downstream, water level at upstream, rainfall at upstream
S8 LSTM-GRU with attention __ Rainfall at downstream, water level at upstream, rainfall at upstream

2.2. Data normalization

The IoT sensor data, such as rainfall and water level, are normalized using min-max scaling to a 0—1
range to ensure balanced contribution during model training. The min-max scaling is performed using (1).
Meanwhile, outliers were detected utilising the interquartile range (IQR) method, and zny data points outside
1.5 times the IQR are considered outliers and are discarded.

- xomin
Xscaled 7 max (X)-min (X) (1)

To evaluate the robustness of the proposed model, two additional experiments were conducted by
adding artificial noise to the IoT sensor data.

a. Noisy data test: Gaussian noise with a mean of 0 and a standard deviation (o) of 0.05 was added to 10%
of the rainfall and water level data to simulate sensor inaccuracy.

b. Missing data test: 5-15% of the sensor data was randomly removed to simulate packet loss in the IoT
network. The missing values were then re-estimated using linear interpolation before the prediction
process was performed.

These additional tests aimed to assess the model’s ability to maintain predictive accuracy when faced with

imperfect IoT data in real-world conditions.

2.3. Data split

Data were split into 80% training and 20% hold-out testing. On the training portion, we applied
time-series cross-validation (rolling origin). Validation metrics report the mean across folds, while the test set
remained unseen until final evaluation, preventing information leakage. Figure 4 illustrates the data splitting
and validation process.
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To minimize overfitting during model training, several regularization and validation strategies were
applied. Dropout layers with a rate of 0.3 were added between LSTM and GRU layers to prevent co-
adaptation of neurons. Early stopping was employed by monitoring validation loss, ensuring training was
halted once convergence was achieved. In addition, a five-fold rolling-origin cross-validation was
implemented to test the model’s generalization capability across different time segments. The similarity
between training and validation performance indicated that overfitting was effectively controlled.

Train on k-1 Folds ——»| Validate on 1 Folds
T MNo HL
Select Best Model
(Avg Performance
across k Folds)
) : - . " Yes
Data Split Time Split Training Data Has K iteration been
Series 80:20 into k Folds completed? “L

Test Data using 20%
Test Data Set

Figure 4. K-fold cross-validation process

2.4. Hyperparameter tuning

Following the data splitting and validation setup, hyperparameter optimization was performed to
achieve the best predictive performance. To enhance model accuracy and reduce overfitting, two
optimization strategies were applied. Initially, a grid search was conducted to explore combinations of key
parameters. Subsequently, Bayesian optimization was used to refine the search space around the most
promising configurations, improving efficiency. Table 3 summarizes the parameters explored during the
tuning process, the tested value ranges, and the final optimal configuration selected for model training. The
combined approach of grid search and Bayesian optimization provided stable convergence, minimized
validation loss, and maintained good generalization across different test scenarios.

Table 3. Hyperparameter tuning summary

Parameter Tested values Optimal value  Optimization method
Learning rate 0.001, 0.0005, 0.0001 0.001 Grid search
Batch size 16,32, 64 32 Grid search
Epochs 50, 100, 150 100 Grid search

Hidden units 32,64, 128 64 Bayesian optimization

Optimizer Adam, RMSprop Adam Bayesian optimization

Validation method  5-fold time series CV — —

2.5. Configuration

The hybrid model integrates LSTM and GRU layers within a single architecture which is applied
sequentially. In (2)-(5) define the reset and update gates used in GRU for modelling sequence learning tasks
These equations are used to model the reset and update mechanisms in the context of the GRU for sequence
learning tasks. These equations are used to model the reset and update mechanisms in the context of the GRU
for sequence learning tasks.

—  Reset gate:
rt = o(W,[hi_y,x: ]+ b,) 2)
ht = tanh(Wy,[r, * h,,x.] + by, 3)
—  Update gate:
ze = o(W,[he—q, %] + by) 4)

Real-time flood forecasting with attention-enhanced hybrid deep learning using ... (Rissal Efendi)



872 a ISSN: 1693-6930

ht = tanh(Wy[r; * he,x.] + by) (5)

In this research we also used LSTM. In LSTM model, an input gate allows for the selection of
information entering the process. A forget gate enables the unit to discard its current value. An output gate
permits the unit to selectively deactivate itself. An LSTM unit consists of a basic linear unit with a self-
recurrent link that has a weight of 1. When there is no other input, this link sustains the current cell state. In
addition to self-recurrent connections, cells obtain input from input units and from other gates. While cells
are responsible for maintaining information over a period of time, they determine what information to store
and utilize information relies on the input and output gates of the unit. The workings of an LSTM unit are
described in (6) to (11), which define the input gate, forget gate, output gate, candidate memory, cell state,
and final output.

() = o(W3x(t) + Wreeay(t — 1) + (Wp3c(t — 1)) (6)
f(@®) = o(Wox(t) + Wyeey (t — 1) + (Wpoc(t — 1)) (7
0(t) = a(Wix(t) + Wrea1y(t — 1) + (Wp1c(t — 1)) (®)
() = tanh(Wyx(t) + Wreeay (¢ — 1)) 9
c@®) =f®)ct—-1) +i(OLE) (10)
y(t) = tanh(c(t))o(t) (11)

2.6. Attention mechanism

To enhance the learning capacity of the hybrid LSTM—GRU architecture, an attention layer was
incorporated after the GRU layer. The attention mechanism allows the model to assign different importance
weights to past hidden states, enabling it to focus on critical rainfall or water level patterns that have a
stronger influence on flood events. Formally, given the hidden states h, produced by the recurrent layers,
attention scores a; are computed using a soft alignment function as represented in (12).

Ttk Wb B m P 12
e, = v tanhWyph, +b), a, Yhoqexp (ex) "

where W), and v are learnable parameters, and a; represents the normalized importance of each time step t.
The final context vector c is then calculated as a weighted sum of the hidden states as represented in (13).

c= Ni-iache (13)

This context vector captures the most relevant temporal dependencies and is subsequently passed to the
output layer for flood prediction. By integrating attention, the model can adaptively prioritize extreme rainfall
and sudden water level changes, which are crucial for accurate real-time flood forecasting.

2.7. Evaluation
In this research, five main evaluation metrics to assess the effectiveness of the combined LSTM and

GRU model in flood prediction.

a. Mean absolute percentage error (MAPE): evaluates the mean error which provides an indication of the
accuracy. In (14) represents MAPE, which calculates the average absolute percentage error between the
actual and predicted values, providing a measure of the model’s prediction accuracy relative to the true
values.

(14)

b. Mean squared error (MSE): computes the average of the squared errors between the actual and
predicted values, this method is usually used to check the estimated error value in a prediction. In (15)
represents MSE:
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1 ~
MSE =157 ,(Y, - 1,) (15)

c.  Root mean squared error (RMSE): computes the square root of the mean squared differences between
actual and predicted values. In (16) represents RMSE:

RMSE = [L3i,(% ~¥.)? (16)

d. Mean absolute deviation (MAD): is a statistical metric used to quantify variability in data. MAD is the
average of the absolute values of the deviation of each data from the mean or median of the data. In (17)
represents MAD:

MAD = |yn (X, - X,)* (17)

n

e. Coefficient of determination (R?): assesses the model performance in predicting water level changes in
comparison to the average water level. In (18) indicates the extent to which the model can produce
water level variation, helping to measure the extent of agreement between predicted and actual values.

S (A= F?
R2 =1 — 2=t Fi 18
T4 Ap)? (1%)

3. RESULTS AND DISCUSSION

In this study, we conducted a series of experiments utilizing LSTM-GRU models, to predict flood
events using time series data. We then examine the results of the LSTM-LSTM hybrid model, which
leverages the advantages of both approaches.

3.1. Results
3.1.1. Architectural design and hyperparameters

The architectural configurations of the three implemented models, namely LSTM, GRU, and the
hybrid LSTM GRU model. The models contain 100 units in the first layer and 50 units in the second layer.
This configuration is also applied in the hybrid model, with the LSTM layer having 100 units and the GRU
layer having 50 units. All models use a dropout rate of 0.3 and L2 regularization with a coefficient of 0.01.
Each model was trained for 300 epochs using the Adam optimizer to adjusts the learning rate dynamically. A
complete summary of these architectural settings is provided in Table 4.

Table 4. Architectural settings of LSTM, GRU, and hybrid models

Model Layer type Nul{ar;beirs of Units per layer Dr;;}zgut Reguéirzliatlon Epochs  Optimizer
LSTM LSTM 2 100, 50 0.3 0.01 300 Adam
GRU GRU 2 100, 50 0.3 0.01 300 Adam
LSTM-GRU LSTM + 2 (1LSTM, 1 100 (LSTM), 50
hybrid GRU GRU) (GRU) 03 0.01 300 Adam
Attention- LSTM + 3(1LSTM, 1 100 (LSTM), 50
enhanced GRU + GRU, 1 (GRU), attention 0.3 0.01 300 Adam
LSTM-GRU Attention attention) layer (context vector)

3.1.2. Training process and performance

Performance evaluation of the proposed models was conducted by splitting the dataset into three
subsets: training, validation, and testing. Each subset was assessed using common evaluation metrics,
including MAPE, MSE, RMSE, MAD, and R? Training results represent the model’s effectiveness in
recognizing patterns from the input data, validation results indicate generalization performance during
hyperparameter tuning, and testing results demonstrate predictive accuracy on unseen data. The outcomes of
each phase are summarized in Tables 3, Table 4, and Table 5, respectively.

Table 5 presents the performance of the models during the training phase across different scenarios.
The LSTM—GRU with attention (S4) achieved the best results, with a MAPE of 1%, MSE of 0.95, RMSE of
0.97, MAD of 0.7, and an R? of 0.90. In comparison, single LSTM models (S1 and S5) recorded significantly
higher errors, with MAPE values reaching up to 14.5%. The LSTM—-GRU with attention in S8 also
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demonstrated strong accuracy, yielding the highest R? of 0.96 despite requiring slightly longer training time
than the GRU. Overall, the results confirm that integrating attention significantly enhances model accuracy
during training.

Table 5. Training performance metrics for scenarios S1-S8.

Scenario Model MAPE (%) MSE RMSE MAD R?  Training time (s)
S1 LST™M 7.5 25 1.58 1.6 0.8 90.51
S2 GRU 2.5 1.65 1.28 1 0.85 46.24
S3 LSTM-GRU 1.3 1.1 1.05 0.8 0.81 50.24
S4 LSTM-GRU + Attention 1 0.95 0.97 0.7 0.9 57.6
S5 LST™M 14.5 35 1.87 2.3 0.88 87.14
S6 GRU 9.8 2.7 1.64 1.9 0.92 56.58
S7 LSTM-GRU 13.2 32 1.79 1.9 0.95 42.74
S8 LSTM-GRU + Attention 8.9 2.3 1.51 1.7 0.96 49.8

3.1.3. Validation process and performance

Table 6 shows the performance of the models on validation data. The LSTM—GRU with attention
(S4) delivered the most accurate results, with a MAPE of 1.3%, MSE of 1.05, and R? of 0.89, indicating
strong generalization capability. In contrast, the single LSTM in S5 performed the worst, with a MAPE of
15% and RMSE of 1.92. Scenario S8 (LSTM-GRU with attention) achieved the highest R? of 0.95,
confirming stable validation performance. These findings demonstrate that hybrid models with attention
consistently outperform single LSTM or GRU models during validation.

Table 6. Validation performance metrics for scenarios S1-S§

Scenario Model MAPE (%) MSE RMSE MAD R?
S1 LSTM 8.2 2.7 1.64 1.7 078
S2 GRU 29 1.8 1.34 1.1 0.83
S3 LSTM-GRU 1.6 1.3 1.14 0.9 0.8
S4 LSTM-GRU + Attention 1.3 1.05 1.02 0.8 0.89
S5 LSTM 15 3.7 1.92 24 0.87
S6 GRU 10.3 29 1.7 2 0.91
S7 LSTM-GRU 13.7 34 1.84 2 0.94
S8 LSTM-GRU + Attention 9.3 2.5 1.58 1.8 0.95

3.1.4. Test process and performance

Table 7 summarizes the model performance during the testing phase. Once again, the LSTM—-GRU
with attention (S4) produced the best outcomes, achieving a MAPE of 1.4%, MSE of 1.1, RMSE of 1.05, and
R? of 0.88. On the other hand, the single LSTM in S5 showed the weakest performance, with a MAPE of
15.2% and MAD of 2.5, highlighting its limitations on unseen data. Although the LSTM-GRU (S7)
performed slightly better, it was still inferior to the attention-based models, with S8 reaching an R? as high as
0.94. The consistent superiority of attention-enhanced LSTM—GRU models in testing highlights their
robustness and reliability. Figure 5 presents the performance comparison of the model across eight scenarios
(S1-S8) based on MAPE, MSE, RMSE, MAD, R?, and training time. The results indicate that model
performance varies across scenarios, with S4 and S8 showing a better balance between prediction accuracy
and training efficiency. Overall, the test results reinforce the conclusion that incorporating attention
mechanisms significantly improves model effectiveness.

Table 7. Testing performance metrics for scenarios S1-S8

Scenario Model MAPE (%) MSE RMSE MAD R?
S1 LST™M 8.5 2.8 1.67 1.8 0.77
S2 GRU 3 1.9 1.38 1.2 0.82
S3 LSTM-GRU 1.7 1.4 1.18 1 0.79
S4 LSTM-GRU + Attention 1.4 1.1 1.05 0.9 0.88
S5 LST™M 15.2 39 1.98 25 0.86
S6 GRU 10.5 3 1.73 2.1 0.9
S7 LSTM-GRU 14 3.6 1.9 2.1 0.93
S8 LSTM-GRU + Attention 9.5 2.6 1.61 1.9 0.94
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3.1.5. Attention visualization and interpretability

Figure 6 shows the temporal distribution of attention weights for rainfall and water level data. The
peaks in the curves indicate the times when the model pays the most attention during the flood prediction
process. It can be seen that the model places greater emphasis on sudden changes in rainfall and fluctuations
in water levels upstream before a flood occurs. This demonstrates that the attention mechanism is able to
identify the time periods most influential on flood events, thereby improving prediction accuracy and
enhancing the model’s interpretability.
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Figure 6. Temporal attention distribution

3.1.6. Comparison with non-deep learning baselines

To demonstrate the added value of the proposed deep learning model, two non—deep-learning
baselines auto regressive integrated moving average (ARIMA) and random forest (RF) were implemented for
performance comparison. Both models are widely used for time-series prediction but have limited ability to
capture long-term temporal dependencies and nonlinear dynamics present in hydrological IoT data. Table 8
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shows that the proposed attention-based hybrid model significantly outperforms conventional non-deep-
learning baselines (ARIMA and RF) in terms of all evaluation metrics.

Table 8. Performance comparison between NON-DEEP learning baseline with proposed model

Model Type MAPE (%) MSE RMSE __R®
ARIMA (2, 1,2) Statistical 12.8 242 1.56  0.74
RF Machine learning 8.9 2.15 1.47 0.81

For reference, the best-performing deep learning model, LSTM—GRU + Attention, achieved a
MAPE of 1.4% and R* of 0.88, as reported in Table 7. This indicates a significant improvement of
approximately 83% lower MAPE and 10% higher R? compared to traditional baselines.

3.1.7. Class threshold definition

To ensure clarity in interpreting the model’s output, explicit class thresholds were defined based on
water level observations at the downstream monitoring point (Banjir Kanal Timur). According to field
measurements and hydrological observations, the maximum riverbank height before overflow occurs is 298
cm. The risk levels were therefore categorized as presented in Table 9:

Table 9. Flood risk class thresholds based on downstream water level

Class Description Water level range (cm) Interpretation
Normal (0)  Safe condition <180 cm River within normal capacity
Alert (1) Increasing flow, potential attention needed 180-238 cm (= 60—-80% of max) Early warning zone
Caution (2)  Critical level, likely flooding if rainfall continues ~ 238-298 cm (= 80-100% of max) Pre-flood condition
Danger (3)  Overflow condition >298 cm Flood event likely or ongoing

3.1.8. Per-class evaluation metrics

The performance of the proposed attention-enhanced LSTM—GRU model (scenario S8) was further
evaluated by calculating precision, recall, and Fl-score for each class based on the confusion matrix. This
analysis provides a detailed understanding of the model distinguishes among flood risk levels. Table 10
presents the per-class evaluation metrics derived from the confusion matrix, including precision, recall, and
F1-score for each flood risk level. The results show that the model achieves 100% recall for the danger class
on the current dataset, indicating promising performance in detecting critical conditions within the scope of
this study.

Table 11 presents the distribution of flood risk classes in the dataset. The normal class dominates the
dataset with 61.18% of the samples, while the danger class represents only 0.58%, indicating a highly
imbalanced class distribution. This imbalance highlights the limited number of critical flood events and
should be considered when interpreting the classification performance. Although the danger class achieved
perfect precision, recall, and fl-score, this result should be interpreted cautiously due to the extremely limited
number of samples (0.58% of the dataset), which may affect the robustness and generalizability of the model.

Table 10. Per-class evaluation metrics (scenario 8)

Class Precision  Recall  Fl-score
Normal (0) 0.98 0.99 0.98
Alert (1) 0.93 0.94 0.93
Caution (2) 0.91 0.9 0.91
Danger (3) 1 1 1

Table 11. Class distribution of flood risk levels (scenario 8)
Class Label Number of samples  Percentage (%)

Normal 0 1062 61.18
Alert 1 318 18.32
Caution 2 337 19.41
Danger 3 10 0.58
Total - 1736 100
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3.1.9. Confusion matrix

The confusion matrix is an evaluation tool in machine learning that assesses the performance of a
classification model by comparing its predictions against the actual class labels. It comprises four main
components: true positive (TP), true negative (TN), false positive (FP), and false negative (FN). The
confusion matrix summarizes model performance by detailing correct and incorrect classifications, and
serves as the basis for key metrics such as accuracy, precision, recall, and F1-score.

Table 12 summarizes the performance metrics of six modelling scenarios for flood prediction,
including accuracy, precision, recall, and fl-score. Scenario 3 (S3) achieved the highest accuracy (94%) and
Fl1-score (93%), indicating a balanced and reliable performance. Scenario 6 (S6) showed the highest recall
(93%), suggesting superior detection of flood events, with comparable precision (89%) and accuracy (92%).

Table 12. Performance metrics by class for classification model
Scenario  Accuracy  Precision Recall Fl-score

S1 0.85 0.9 0.9 0.86
S2 0.85 0.88 0.88 0.9
S3 0.92 091 0.89 0.93
S4 0.94 0.93 0.9 0.93
S5 0.89 0.85 0.88 0.83
S6 0.93 0.92 0.9 0.89
S7 0.92 0.89 0.93 0.93
S8 0.95 0.93 0.96 0.94

Other scenarios demonstrated moderate results, with accuracy ranging from 85% to 89%. Overall,
S3 is the most robust model, offering an optimal balance between precision and recall, while S6 is preferable
when prioritizing flood detection sensitivity. These results highlight important considerations for effective
flood forecasting and risk management.

Table 13 presents the confusion matrix for the four-class risk classification. Among 1,736 time
series samples, the model correctly identified all 10 actual instances of the “Danger” class, achieving 100%
recall. Of these, 9 were verified flood events, while one represented a non-flood critical condition. Most
samples were correctly classified, indicating that the model effectively distinguishes between normal and
warning conditions. However, a few false positives and false negatives were observed, particularly between
the “Alert” and “Caution” classes. This misclassification is likely caused by overlapping sensor readings
during transitional hydrological conditions, where rainfall intensity and water level changes are moderate and
fluctuate near the alert thresholds. Another source of error may come from sensor noise or delayed response
in water-level changes, leading the model to predict a lower or higher class than the actual condition. Despite
these misclassifications, the number of critical errors (e.g., “Danger” predicted as “Normal”) remains very
low, suggesting that the system maintains reliable early warning performance. The model produced 7 false
positives for “Danger”, mainly misclassifying samples from the “Normal” and “Alert” classes. These results
indicate high sensitivity to critical events, with acceptable overprediction.

To assess the robustness of the proposed model, simulated noise and missing values were introduced
into the input time-series to emulate common field issues such as sensor errors and intermittent data
transmission losses. The attention-based hybrid model (LSTM-GRU-attention) demonstrated stable
performance, with accuracy decreasing by less than 3% compared to the baseline test. This indicates that the
model is resilient to data imperfections and can maintain reliable predictive capability under real-world
conditions where noisy or incomplete data may occur.

Table 13. Confusion matrix of flood prediction model based on best scenario (S8) using water level
Actual/predicted  Normal (0)  Alert (1)  Caution (2) Danger (3)  Total

Normal (0) 1050 (TN) 5 (FP) 3 (FP) 4(FP) 1062
A_lle” 6(FN)  300(TN) 10 (FP) 2 (FP) 318

Caution (2) 4 (FN) 5(FN)  327(TN) 1 (FP) 337

Danger (3) 0 (FN) 0 (FN) 0 (FN) 10 (TP) 10
Total 1060 310 340 17 1,736

3.1.10. Comparison of observed and predicted water levels (sample period)

Figure 7 illustrates a comparison between observed water levels and eight prediction scenarios (S1-
S8). The sample covers the period of 22 January 2025, 2:00 pm to 7:30 pm, with water levels ranging from
9.7 to 10.3 meters. The results show that Scenarios 1, 2, 4, and 8 closely follow the observed data with
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relatively stable patterns and only minor deviations of approximately +0.05—0.1 m. In contrast, scenarios 3, 5,
6, and particularly 7 exhibit larger fluctuations, with maximum deviations reaching up to 0.3 m from the
actual measurements. This indicates that while all scenarios are able to capture the general trend of water
level variations during the selected timeframe, the predictive accuracy differs, with the more stable scenarios
(S1, S2, S4, and S8) providing a closer representation of the observed conditions.

Comparison of Observed and Predicted Water Levels (Extended Period)
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Figure 7. Comparison of observed and predicted water levels (sample period)

3.2. Discussion

The results clearly show that the attention-enhanced LSTM-GRU outperforms single LSTM and
GRU models as well as the hybrid LSTM-GRU without attention. Across training, validation, and testing,
scenarios with attention (S4 and S8) consistently achieved the lowest errors and the highest R2, confirming
that attention improves the ability of sequence models to capture critical temporal dependencies in flood-
related data. Classification results further reinforce this conclusion, as S8 achieved 95% accuracy and
detected all dangerous events with 96% recall, which is highly valuable for flood risk management where
missed detections are unacceptable.

Table 14 provides a comparative summary between the proposed model and recent studies that
employed deep learning for flood forecasting. Prior research has consistently demonstrated the advantage of
hybrid and attention-based approaches over single recurrent architectures. For example, Wang et al. [36]
utilized a dual-stage attention LSTM for multi-step flood forecasting in China and achieved stable
predictions, while Atmaja et al. [37] applied LSTM with multi-head attention to the Ciliwung River in
Indonesia, reporting significant reductions in RMSE and MAPE for short-term flood prediction. In
comparison, this study extends the scope of existing research by integrating attention into a hybrid LSTM-
GRU framework specifically designed for real-time IoT-based flood forecasting in Semarang, Indonesia. The
proposed model not only achieved higher predictive accuracy (MAPE as low as 1.4%, R? up to 0.96) but also
proved effective in multi-class risk classification, reaching 100% recall in the Danger category. These
findings highlight that while prior studies validated the benefits of hybrid or attention-based models, our
work advances the field by demonstrating their application in a real-time IoT context, thereby improving both
predictive reliability and practical utility for early warning systems.

Recent studies have shown that combining attention mechanisms with deep learning architectures
can significantly enhance flood forecasting performance. For example, Wang et al. [36] and Atmaja et al.
[37] reported improved reliability and accuracy when applying attention-based LSTM models in China and
Indonesia, while Vizi et al. [38] demonstrated that an encoder—decoder LSTM model using long-term daily
water level data from multiple gauging stations achieved superior 7-day-ahead water level prediction
accuracy for a lowland river compared to traditional statistical, MLP, and operational hydrological models,
particularly during low and flood stages. Similarly, Cho et al. [39] confirmed the effectiveness of hybrid
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LSTM-GRU models with hydrometeorological inputs in Korea, and Dehghani et al. [40] highlighted the
importance of spatio-temporal models such as ConvLSTM for short-term streamflow forecasting in
Malaysia. The present study shows that an attention-enhanced LSTM-GRU using IoT-based rainfall and
water level data can deliver robust real-time forecasting, achieving R* up to 0.96 and perfect recall for the
danger class, thus providing a practical contribution to flood early warning systems. In contrast to prior
studies that mainly emphasized either short-term or long-term forecasting accuracy, this study contributes a
novel integration of attention-enhanced LSTM—GRU with IoT-based multiparameter inputs, enabling reliable
real-time flood forecasting and multi-class risk classification.

Table 14. Summary of related works and the contribution of the proposed attention-enhanced LSTM—-GRU

model
Study / Model Input data Domain / case Key metrics Main findings
year study
Wang et Dual-stage Rainfall, river flow Multi-step flood RMSE Attention improved multi-step prediction
al. (2024) attention forecasting, decreased, reliability
[36] LSTM China R? improved
(encoder-
decoder)
Atmajaer LSTM + multi-  Rainfall, water level Ciliwung River, RMSE Multi-head attention improved short-
al. (2024) head attention Jakarta decreased, term flood prediction.
[37] MAPE
decreased
Vizi et al., LST™M Daily river water Hydrology - MAE, The LSTM  model significantly
2023 [38] (encoder- level time series from lowland river RMSE, R?,  outperformed baseline, linear regression,
decoder 12 gauging stations water level Willmott’s  and MLP models for 7-day-ahead water
architecture) (1951-2020) forecasting Index level forecasting. It achieved high
(Tisza River, accuracy for low and flood water stages,
Central Europe) with 68.5-76.1% of predictions within
acceptable error ranges, and surpassed
the operational hydrological model
(DLCM) used by authorities.
Choetal.  Hybrid LSTM-  Rainfall, water level, Flood level MSE 3.92,  Hybrid model with meteorological input
(2022) GRU temperature, prediction, Korea  NSE 0.942, & LSTM-GRU performs best across all
[39] humidity (Yeojubo) MAE 2.22 metrics
Dehghani LSTM, CNN, Rainfall, streamflow Short-term RMSE, Supports need for spatio-temporal
etal. ConvLSTM streamflow, MAPE,R>  modelling techniques in real-time
(2023) Malaysia forecasting
[40]
This study Attention- IoT-based rainfall Real-time flood MAPE Attention-enhanced hybrid consistently
(2025) enhanced (up/downstream) + forecasting, 1.4%,R?>up  superior across training, validation,
LSTM-GRU Water Level Semarang t0 0.96 testing; high recall (100%) for Danger
(Indonesia) class

In addition to accuracy, the real-time feasibility of the proposed model was evaluated. On an Intel
Core i7 CPU (16 GB RAM), the inference time for a single prediction sequence averaged 0.08 seconds,
which indicates that the model can operate efficiently within the 15-minute [oT data sampling interval. The
model’s memory footprint during inference was approximately 120 MB, making it feasible for deployment
on standard edge devices or cloud-based servers. These results demonstrate that the attention-enhanced
LSTM-GRU not only achieves high predictive accuracy but also maintains computational efficiency suitable
for real-time flood forecasting applications. Future implementations may consider lightweight model
compression or quantization techniques to further optimize performance for embedded IoT systems.

To evaluate the real-time feasibility of the proposed attention-enhanced LSTM-GRU model, both
training and inference times were measured using a standard computing environment with CPU runtime.
Each training scenario (S1-S8) required approximately 2-3 minutes per epoch, with convergence typically
achieved after 30-40 epochs. During inference, the model was able to generate flood risk predictions for new
15-minute data intervals in under one second per sample that indicates the system can provide near real-time
alerts when deployed on an IoT-based monitoring platform. These results confirm that the proposed
architecture is computationally efficient and suitable for real-time IoT-based flood forecasting, where fast
response is essential for early warning systems.

The findings of this study have direct implications for real-world flood risk management. The
proposed attention-enhanced LSTM—GRU model demonstrated high predictive accuracy (R* up to 0.96,
MAPE as low as 1.4%) and perfect recall in the danger class. When integrated into an IoT-based monitoring
network, the model can process real-time rainfall and water level data every 15 minutes and issue early
warnings through a local alert system or web-based dashboard. This enables authorities to respond more
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quickly to rising water levels, optimize the operation of floodgates, and reduce potential damage in
downstream areas. Furthermore, because the model can be deployed on low-cost edge devices, it provides a
scalable solution for community-based early warning systems, particularly in flood-prone regions with
limited infrastructure. Therefore, the proposed model not only advances flood prediction research but also
provides a practical foundation for developing an automated, real-time flood early warning system in
Indonesia.

4. CONCLUSION

This study introduces an attention-enhanced LSTM—GRU model for real-time flood forecasting
using loT-based rainfall and water level data in Semarang, Indonesia. The proposed model demonstrates
superior performance compared to single architectures, with a MAPE of 1.4%, an R? of up to 0.96, and 100%
recall. The model demonstrates perfect recall in the Danger class on a limited dataset, indicating its potential
reliability for early warning applications.

This study has several limitations, such as the use of data from a single monitoring location and the
failure to consider other hydrometeorological factors such as temperature, humidity, and soil moisture. Future
research should expand the data coverage to multiple watersheds, integrate rainfall data from satellites or
radar, and explore advanced spatio-temporal architectures such as ConvLSTM or Transformer to improve the
model’s generalizability and robustness.
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