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1. J. Junior et al.

1. Introduction

Precipitation forecasting is a very important key in water resource management,
agricultural planning, and disaster preparedness (Moeletsi et al., 2013; Ali et al.,
2020; Piran et al., 2024). Accurate predictions help to mitigate the adverse effects
of extreme weather conditions such as floods and drought which directly impact
the life of the people and economy of the country. Rainfall forecasts are typically
issued in different timescales, including nowcasting (0 to 6 hrs), short-range fore-
cast (6 hrs to 3 days), medium-range forecast (4 to 10 days) and long-range fore-
cast (10 days to several months) (Mason, 2016). Rainfall prediction relies on data
collected from multiple sources, including ground-based observation stations, ra-
dar systems, satellite imagery, and radiosonde measurements. These data are an-
alyzed collectively using different tools such as numerical weather prediction
models to generate reliable forecasts (Wu & Xue, 2024). Short-term rainfall fore-
casting remains a significant operational challenge due to the highly dynamic and
nonlinear nature of precipitation systems. Rainfall events have rapid spatiotem-
poral variability, with localized convective processes capable of intensifying from
negligible to extreme rates within minutes (Barros & Lettenmaier, 1994).

Dar es Salaam is among the cities close to the equatorial coast with over 5 million
people (NBS, 2022), which faces serious flooding problems due to heavy rain sea-
sons. It experiences bimodal rainfall patterns, long rains from March to May (MAM)
and short rains from October to December (OND) (Owiti, 2012). The rain season is
primarily influenced by the Inter-tropical convergence zone (ITCZ) and other con-
tributing factors such as monsoon winds prevailing circulation patterns and cy-
clones (Kai, Ngwali, & Faki, 2021). The rain seasons ensure water supplies but some-
times they flood lowlands like the Msimbazi River basin (Sakijege, Lupala, & Sheuya,
2012). The Msimbazi Basin originates from the Kisarawe Highlands, whose topog-
raphy influences local weather patterns by obstructing coastal winds and sometimes
causing unseasonal rainfall. These devastating floods over the basin bring loss of
lives, destruction of infrastructure, and significant economic setbacks due to trade
disruptions and damage to key revenue-generating sectors (Jerome Glago, 2021).
Accurate and reliable rainfall prediction systems are vital to provide early warn-
ings, enhance disaster preparedness, and mitigate extreme weather events. Tanza-
nia Meteorological Authority (TMA) uses traditional forecasting methods together
with NWP models, which rely on physical equations to simulate atmospheric pro-
cesses, and have long been the standard for precipitation forecasting. However,
these models often require extensive computational resources and struggle with
short-term rainfall prediction, especially in tropical climates (Hess & Boers, 2022).
Recent studies (Waqas & Humphries, 2024; Ebtehaj & Bonakdari, 2024) have
demonstrated that deep learning models, particularly LSTM-based architectures,
can provide more accurate and computationally efficient nowcasting solutions.

In recent years, deep learning techniques have gained popularity, and researchers
have conducted experiments on different models due to their ability to learn com-

plex temporal dependencies in weather data. One of the advances is in Recurrent
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Neural Networks (RNNs). These are a class of neural networks designed to process
sequential data (Lipton, 2015). Unlike traditional feedforward networks, RNNs have
recurrent connections that allow them to maintain a memory of past inputs. This
memory enables RNNs to capture temporal dependencies and learn patterns that
evolve over time (Elman, 1990). However, basic RNNs suffer from the vanishing
gradient problem, which makes it difficult to train them on long sequences (Bengio,
Simard, & Frasconi, 1994). Hochreiter & Schmidhuber (1997) addresses the vanish-
ing gradient problem through a special type of RNN called Long Short-Term
Memory (LSTM) networks. LSTMs have a unique gate structure that regulates the
flow of information into and out of the memory cell (Gers, Schmidhuber, & Cum-
mins, 2000; Graves, 2012). These gates allow LSTM:s to selectively remember or for-
get information, enabling them to capture long-range dependencies in time series
data. LSTMs have been successfully applied to precipitation prediction, demonstrat-
ing their ability to learn complex patterns and make accurate forecasts (Priatna &
Djamal, 2020; Xu et al., 2022). One of the key advantages of LSTM is its ability to
retain long-term dependencies, making it particularly useful for rainfall forecasting
(Kratzert et al., 2018). However, even though LSTM has its limit, it can only look at
data in one direction (Sherstinsky, 2020) and thus can miss patterns depending on
the past and the future. To overcome this limitation Bidirectional LSTM (BiLSTM)
was developed. BiLSTM networks are an extension of LSTMs that process the input
sequence in both forward and backward directions (Schuster & Paliwal, 1997) This
allows the BiLSTM to capture both past and future dependencies in the data, provid-
ing a more complete context for prediction. In precipitation prediction, BiLSTMs
can capture the influence of both preceding and subsequent weather events, leading
to improved accuracy (Zhang et al., 2023). The ability to consider both past and
future context makes BiLSTMs particularly well-suited for precipitation prediction
tasks where weather patterns are influenced by a complex integrated factor. In this
paper, BILSTM will be used to improve precipitation accuracy over Dar es Salaam
leading to better preparedness and early warning systems. In Dar es Salaam, these
strategies can help capture the intricate relationships between meteorological factors

driving rainfall.

2. Methodology
2.1. Data Set Description

This study utilized the ERAS5 hourly dataset from the Copernicus Climate Data
Store (CDS) (https://cds.climate.copernicus.eu/datasets). The dataset provides
high-resolution meteorological data, including total precipitation, temperature,
humidity, wind speed, and atmospheric pressure, with a spatial resolution of 0.25"
x 0.25° and a temporal resolution of 1 hour. Data formats include GRIB2 and
NetCDF (Hersbach et al., 2020).

Hourly precipitation data for Dar es Salaam from 2010 to 2023 were extracted
for model training. To enhance the model’s predictive capability, additional vari-
ables including temperature, Uwind and Vwind components, and surface pres-

sure were used as input features.
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2.2. Study Area

The study focuses on Dar es Salaam as in Figure 1, a region characterized by a
subtropical monsoon climate and ITCZ with significant seasonal variations in
precipitation. It lies within latitude 6.6° S - 7.1° S and longitude 39.1° E - 39.5° E.
The region experiences two distinct rainfall seasons: the OND and MAM.

2.3.Model Architecture and Development

LSTM

A special cell structure is used to replace the original hidden neurons in the
LSTM. An illustration of the LSTM is shown in Figure 2, where all the solid
arrows mean that the connection weight is 1. C;is a memory cell, which is a linear
element used to store information to guarantee that information can be stored for
a long time to retain the correlation among elements in a sequence. g; is the input
node, which denotes the comprehensive interaction of the input at the time step ¢
and the information of the previous network status. Its value can be passed on to
a memory cell through the control of an input gate z. If Wis the weight, bis the
threshold (bias), 7;is the input gate, which receives the input at time step tand the
network status information at previous time steps and passes the input value of
node g; into a memory cell C; after the control of the sigmoid function. £ is the
forget gate, which determines whether the value of C;is stored or not: if the weight
is 1, it is stored as it was, and if it is 0, it is cleared. O;is the output gate, which

receives the input at the time step fand the network status information at previous
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Figure 1. The Map of Dar es Salaam showing altitude (m).
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Figure 2. A memory cell of the LSTM.

time step. It controls the output of C; after the sigmoid function. 4 is the output
value. Where X and A vectors to denote the values of each layer.

Forget Gate. The forget gate decides which information from both previous
and current sequence values should be retained or discarded in the network. The
past hidden state [ h,_, ], past cell state [ C_, |, and present value [ X, ] are passed to
this gate. They are combined [ X, +h,_, ] and duplicated. One copy is sent to the
input gate. One copy is directed to the input gate, while the other is passed through
the sigmoid activation function to update the cell’s memory. This updated cell
state [ ¢/, ] is then also sent to the input gate.

Equation in the cell:
f, :d(fo X AW, -y +Dy ))
CLh="%-C,

Input Gate. The input gate determines useful information from the current el-
ement of the sequence. The input to this cell is the updated cell state [ ¢, , ] and the
combined [ X, +h,_, ] from the forget gate. [ X, +h,_, ] is duplicated again, and one
copy is sent through the sigmoid activation function. The other copy is passed
through the hyperbolic tangent function (tanh) and merged with the cell state to
compute the current cell state [ c, ], which is then sent to the output gate along
with [ X, +h_, ].

Equation in the cell:
g, = tanh (W,, - +W,, -h_, +by),
i, =0 (Wi - X + W, -h_ +D)),
C, =9, +C/,

Output Gate. The past information in the network’s memory, i.e., the cell state
[c, ], is used to process the current element of the sequence. It is passed through a
hyperbolic tangent function ( tanh ) and combined with [ X, +h,_, ] which was
passed through the sigmoid activation function to generate the final cell state [ C, ]
and hidden state [ h]. This can then be forwarded to the output layer or to the

next LSTM neuron for processing the next element in the sequence.
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Equation in the cell:
Ot :O-( o X +Woh 'ht—l +bo) >
h =tanh(C,)-O,

Dropout Layer is a regularization technique that helps prevent overfitting by
randomly dropping out some LSTM units from our network during training. It
reduces the coadaptation of neurons, which can lead to overfitting. By randomly
dropping units in the layer, the network is encouraged to learn more robust rep-
resentations that are less reliant on the specific training data, improving the mod-
el's ability to generalize. This layer is inserted immediately after the LSTM1 layer
when Batch normalization has already been done and input it to LSTM layer 2.
The final model is described in Figure 3.

LSTM MODEL Process

The spitted preprocessing data of Temperature, pressure, Uwind, Vwind and
precipitation are passed in the model. The sequence is then fed to an LSTM layer
with 64 units, which learns patterns over time while maintaining long-term de-
pendencies. To prevent overfitting, batch normalization is applied to stabilize
learning, followed by another LSTM layer with 64 units to further refine temporal
features. The model output is generated through a dense layer, predicting future
precipitation values for the defined forecasting step. The entire network is opti-
mized using the Adam optimizer with a mean squared error (MSE) loss function,
ensuring efficient learning while minimizing prediction errors.

BiLSTM

The Long Short-Term Memory (LSTM) model is a specialized type of recurrent
neural network (RNN) that provides feedback to each neuron. Its distinctive
gating mechanism addresses the issues of vanishing and exploding gradients that
occur when RNNs process long sequences. The process is done by processing
sequences in both directions simultaneously. Forward LSTM processes the se-

quence from start to end as shown in Figure 4 capturing past to present context

Drop out

Model Output

UOTIBZTTRWJON Yd3eg

e———/
LSTM 2 Dense Reshape
Layer Layer Layer

Figure 3. LSTM model architecture for precipitation nowcasting using ERA5 dataset.
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Figure 4. BiLSTM cell.

while the backward LSTM processes the sequence from end to start capturing pre-
sent to past context. Each BILSTM layer contains two sets of gates (input, forget,
output) for both directions. During forward pass at each timestep, the forward
LSTM updates its hidden state based on current input and past memory. During
back pass the backward LSTM processes the sequence in reverse, updating its hid-
den state based on the future inputs and past memory. The outputs of both direc-
tions are concatenated and fed into the next layer. The merged representation
captures temporal dependencies in both directions, enabling richer feature extrac-
tion. BiLSTM takes into account both the preceding and following correlations in
the sequence, while also addressing the prediction lag issue that can occur in uni-
directional LSTM. The structure of BiLSTM.

BiLSTM Model Process

The input data, consisting of temperature, pressure, U-wind, V-wind, and pre-
cipitation, is first processed through a masking layer to handle missing values. The
sequence is then passed through a Bidirectional LSTM layer with 64 units, which
allows the model to learn patterns in both past and future directions simultane-
ously as in Figure 5. To improve stability and convergence, batch normalization
is applied after each BiLSTM layer. The network includes two stacked BiLSTM
layers, each refining the learned temporal features before reaching the dense out-
put layer, which predicts future precipitation values. The model is trained using
the Adam optimizer with mean squared error (MSE) loss and mean absolute error
(MAE) as an evaluation metric.

3. Experiment
3.1. Data Preprocessing

Deep learning models rely heavily on the quality and consistency of input data to
make accurate predictions. To ensure high-quality data before training, several
preprocessing techniques were applied, including handling missing values, outlier
detection, normalization, and sequence generation. These steps help improve

model stability, reduce bias, and enhance generalization.
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Figure 5. BILSTM model architecture for predicting Dar es Salaam rainfall.

Missing values. Missing values in time-series data can introduce bias or disrupt
learning in deep learning models. To ensure data continuity linear interpolation
was used to estimate missing values by fitting the linear relationship between the

near points.
“(% %)

where:

X, and X, are the nearest valid values before and after ¢ respectively.

t and & are their respective time indices.

X, is the interpolated value at time «

Outlier Detection and Removal. Isolation Forest algorithm was applied to
Identify and remove outliers that might lead to poor predictions. The algorithm
works by detecting rare values by evaluating how easily they can be separated. A
contamination parameter of 0.01 was set to limit the fraction of detected anoma-
lies. And lastly, identified outliers were removed before further preprocessing.

Normalization. Since deep learning models work better when features are on
similar scales, all five features are normalized using min-max scaling of the data
between [0, 1] also negative precipitations do not exist.

Minmax equation:

X=X

’ min

max min
where:
X': The normalized value, which is scaled between 0 and 1.
x : The original value from the dataset.

Xmin © The minimum value in the dataset.
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Xpax . The maximum value in the dataset.

Temporal sequence generation to enable deep learning models to learn tem-
poral dependencies, data was converted into sequences using sliding window pro-
cessing (Nambirajan & Rajalakshmi, 2024). Past time steps were used as input,
and future steps were predicted. Sequence generation ensured the model learned
both short- and long-term dependencies. For a given past window size P and fu-
ture step size F, the sequences were constructed as

X =% X0 % +P =LY =% +P,- X +P+F -1

where X represents input features over past P timesteps, and Y represents the fu-
ture values the model learns to predict. Then the data will be divided into training
80% and validation 20%.

3.2. Evaluation Indicators

To evaluate the BILSTM and LSTM model’s performance in rainfall nowcasting
for flood-prone Dar es Salaam, three metrics were prioritized based on their rele-
vance to operational forecasting and disaster preparedness:

Threat Score (TS) TS measures the model’s ability to correctly predict rainfall
events exceeding critical thresholds (0.1 mm, 3.0 mm, 5.0 mm). For flood regions
like Dar es Salaam’s Msimbazi Basin, TS at 5.0 mm is particularly important, as it
reflects the model’s skill in detecting heavy rainfall events that trigger urban flood-
ing. A higher TS indicates fewer missed alarms (e.g., undetected storms) and re-
duced false alerts, which are critical for maintaining public trust in early warnings.

s hits
hits + falsealarms + missed

Mean Absolute Error (MAE) MAE quantifies the typical deviation between
predicted and observed rainfall amounts. This metric is essential for water re-
source planners, as even small persistent errors (e.g., 1 - 2 mm) in daily rainfall
accumulation can lead to incorrect reservoir management or crop irrigation deci-

sions.

1 N
MAE =—
NP

i=1

i

Root Mean Squared Error (RMSE) RMSE penalizes large errors dispropor-
tionately, making it sensitive to extreme rainfall mispredictions. In Dar es Salaam,
where short-duration, high-intensity rains (e.g., 10 mm/hour) overwhelm drain-
age systems, RMSE directly correlates with the model’s ability to mitigate cata-

strophic flood losses.

13 N\
RMSE = \/W;(yfrge - y;(Jr)ed)
Coefficient of Determination (R?): R* measures the proportion of variance in

observed precipitation that is explained by the model predictions. A higher R in-

dicates better alignment between predicted and actual rainfall values. In the con-
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text of Dar es Salaam, where rainfall variability is high due to convective systems
and localized weather events, a strong R reflects the model’s ability to capture key
temporal patterns and improve forecast reliability for early warning and flood pre-

paredness.

where:

Yy, = reanalysis values.

37i = Model prediction.

y = Mean of reanalysis values.

n = number of data points.

To ensure transparency and reproducibility, we provide the detailed parameter
settings used in our experiments. As shown in Table 1, the data were divided
into training and testing sets using an 80:20 ratio and sequence length of 175,296
time steps, representing data from 2010 to 2023 provide an appropriate founda-
tion for the model’s temporal learning capabilities. The models were trained to
predict 30 hours into the future. The selected learning rate of 0.0001 falls within
the optimal range for LSTM/BiLSTM architectures, as demonstrated by Siami-
Namini, Tavakoli, & Namin (2019) in their comparative analysis of time series
prediction models. The batch size of 64 has an effective balance between compu-
tational efficiency and model stability, supported by recent findings in batch size
optimization research (Hwang et al., 2024). Z-score normalization was applied to
all input features to ensure consistent scaling (Kim et al., 2025). The architecture’s
use of two recurrent layers with 64 hidden units each, combined with a masking
layer (mask value is 0.0) for handling missing values, follows established best prac-
tices documented by Che et al. (2018). The 200-epoch training duration and 30-
hour prediction horizon represent a well-balanced approach to achieving model

convergence while maintaining forecast accuracy.

Table 1. BiILSTM and LSTM parameters settings.

CATEGORY DESCRIPTION CONFIGURATION
DATA & TRAINING Split fraction (train/test) 0.8
Sequence step size 1
Input sequence length (past) 175,296
Prediction horizon (future step) 30
Learning rate 0.0001
Batch size 64
Training epochs 200
DATA PREPROCESSING Target variable precip (precipitation)
Scaling method Z-score

(Z-score normalization)
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Continued
MODEL 2 LSTM LAYERS
ARCHITECTURE LSTM MODEL (64 UNITS EACH)
Masking layer (mask 0.0)
BiLSTM Model 2 Bldlrectlon.al LSTM
layers (64 units each)
METRICS LSTM: MSE loss

BiLSTM: MSE loss, MAE metric

SPATIAL PARAMETERS Bounding box (Dar es Salaam) [39.1, -7.1, 39.5, —6.6]

TEMPORAL

PARAMETERS Date range 2019 to 2024 (Hourly)

4. Results and Discussion
4.1. Training Loss Curves

The training loss curves for LSTM and BiLSTM models in Figure 6, indicate a clear
difference in learning efficiency and overall performance for precipitation predic-
tion. The BiLSTM model consistently achieves a lower loss compared to the LSTM
model throughout the 200 training epochs. Initially, both models exhibit a steep
decline in loss, indicating effective learning, but BILSTM converges faster, reducing
its loss at a more rapid rate than LSTM. This suggests that BILSTM benefits from
its bidirectional structure, capturing dependencies from both past and future time
steps, making it more effective in learning precipitation patterns. The training
curves for both models are relatively smooth, indicating stable learning without
severe fluctuations or instability. Overall, BILSTM outperforms LSTM by demon-

strating better convergence, lower training loss, and improved learning efficiency.

4.2. Prediction Curves

The graph in Figure 7 presents a comparative analysis of precipitation forecasting
using LSTM and BiLSTM models against the true precipitation values. The x-axis
represents the forecast hours, while the y-axis denotes the precipitation. The true
precipitation is depicted as a solid blue line, while the LSTM and BiLSTM forecasts
are represented by dashed red and magenta lines, respectively.

The reference precipitation pattern is relatively stable values between 1 and 16
hours, followed by a sharp decline beyond 16 hours. This suggests a period of
consistent precipitation then possibly the precipitation stopped and started again.
The LSTM model successfully tracks general fluctuations in precipitation but
tends to underestimate sudden drops and exhibits lag in responding to sharp tran-
sitions. Its forecasts are relatively smoothed, particularly around the sharp dip at
hour 17 and during the rising trend beyond hour 20, indicating potential difficulty
in adapting to abrupt atmospheric changes.

In contrast, the BiLSTM model displays a more stable and align with the refer-
ence precipitation timeline across most forecast hours. Even during the sharp
drop around hour 17 and the rise that follows, BiLSTM adjusts well without big

errors. This shows that it can handle sudden changes in weather while still giving
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reliable forecasts. This improved performance can be attributed to bidirectional

processing, which allows the model to integrate information from both past and

future time steps.

Training Loss Comparison: Precipitation
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Figure 6. This figure compares the training loss of LSTM and BiLSTM models for precipitation prediction

over 200 epoch.

Multi-Model Forecast Comparison: Precipitation
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Figure 7. This Plot shows the comparison between True values, BILSTM and LSTM hourly forecast for 30 hours.
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A significant deviation occurs beyond 26, where both models struggle to accu-
rately represent the observed precipitation drop-off. The LSTM model fails to cap-
ture the rapid decrease, while the BILSTM model overshoots the decline, leading
to higher variability. This suggests that while BILSTM is more adaptive to sudden
changes, it may also introduce excessive fluctuations in relatively stable condi-

tions, potentially indicating overfitting to short-term variations.

4.3. Statistical Evaluation Indicators

The performance of LSTM and BiLSTM models is evaluated using key error met-
rics: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and Threat
Scores (TS) at different precipitation thresholds (1.0 mm, 5.0 mm, and 10.0 mm)
as shown in Figure 8. These metrics provide insight into the overall accuracy, er-
ror distribution, and skill in predicting different rainfall intensities.

Error Metrics (MAE & RMSE) The Mean Absolute Error (MAE) for BiLSTM
(0.465) is lower than that of LSTM (0.496), indicating that BiILSTM produces more
accurate precipitation forecasts on average. Similarly, the Root Mean Squared Er-
ror (RMSE), which penalizes larger errors more heavily, is also lower for BILSTM
(0.888) compared to LSTM (0.931). This suggests that BiILSTM not only provides
a better overall fit to the data but also reduces the impact of extreme errors, mak-
ing it more reliable for operational forecasting.

Threat Scores (T'S) for Different Rainfall Thresholds. Threat Scores (TS) meas-
ure the model’s ability to correctly identify precipitation events at different inten-
sity levels:

TS1.0 (Light Rain Detection): BILSTM (0.554) outperforms LSTM (0.544), show-
ing a slightly better skill in detecting light precipitation. This indicates that BILSTM
is better at capturing weak but significant precipitation events, which are often
influenced by small-scale atmospheric processes like moisture convergence.

TS5.0 (Moderate Rain Detection): BiLSTM (0.320) performs better than LSTM
(0.313) at detecting moderate rainfall events. This is crucial in meteorology, as

moderate rainfall is often associated with frontal systems, convective clusters,

Model Performance Metrics: Precipitation
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Figure 8. Different evaluation metrics for LSTM and BiLSTM models.
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and mesoscale dynamics. The improvement suggests that BILSTM’s ability to pro-
cess bidirectional information allows it to better track the development and dissi-
pation of such precipitation systems.

TS10.0 (Heavy Rain Detection): Interestingly, for heavy precipitation (>10
mm), BiLSTM (0.167) outperforms BiLSTM (0.157). This suggests that BILSTM
captures well temporal features when there are enough heavy rainfall patterns in
the data to prevent the model from introducing noise or overfitting. Bidirectional
architecture likely enhances the model’s ability to recognize complex rainfall pat-
terns by incorporating both forward and backward dependencies, which are par-
ticularly important for identifying the build-up and dissipation phases of heavy

rainfall.

5. Conclusion

In this article, LSTM and BiLSTM architectures were developed and compared for
precipitation nowcasting using ERA5 hourly data over Dar es Salaam region. The
models were trained with an extended dataset from 2010 to 2023 to better capture
long-term precipitation patterns and improve performance on extreme events.
The results demonstrated that the BILSTM model consistently outperforms the
standard LSTM in terms of overall accuracy, mainly due to its ability to capture
both past and future temporal dependencies. However, in smaller datasets, the
bidirectional nature of BILSTM may introduce noise and increase the risk of over-
fitting. With the extended training period, BILSTM demonstrated improved gen-
eralization.

A significant improvement in results could be achieved by incorporating fea-
tures at different pressure levels to better represent the atmospheric influences.
The use of BILSTM is scientifically supported due to its lower error rates and bet-
ter TS scores for precipitation. However, attention should be paid to prevent over-
fitting when training with limited data. Future improvements may include inte-
grating attention mechanisms to strengthen the model’s ability to capture extreme

rainfall events while preserving generalization.
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