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ABSTRACT

Ensemble deep learning (EDL) methods offer an effective way to reduce model structural uncertainty and
improve the reliability of river flow predictions, especially in catchments with limited data. This study evaluated
the performance of a Time-Varying Dynamic Model Averaging (TV-DMA) ensemble for integrating heteroge-
neous machine learning and deep learning architectures, including FFNN, 1D-CNN, LSTM, CNN-LSTM and Diff-
FFNN-LSTM models, for river flow prediction in two hydrologically distinct, data-scarce tropical catchments in
the Upper White Nile Basin. Results show that the heterogeneous, first-order differential processing Diff-FFNN-
LSTM model consistently achieved the highest individual-model river flow predictive performance (NSE >
0.980), due to its ability to stabilise non-stationary river flow time series by mitigating boundary effects asso-
ciated with decomposition methods, thereby improving representation of rapid flow transitions. Additionally, the
TV-DMA resulted in more superior performance in both the Semliki (NSE = 0.910; PBIAS = —0.42%) and Tochi
(NSE = 0.831; PBIAS = —0.34%) catchments when compared to the Bayesian Model Averaging (BMA) ensemble
(Semliki: NSE = 0.848; PBIAS = —0.20% and Tochi: NSE = 0.710, PBIAS = —18.86%). BMA and TV-DMA also
improved computational efficiency by 98-98.4% and 77-81%, respectively, relative to the process-based HEC-
HMS model. The findings highlight the principal value of TV-DMA’s dynamic update of individual model weights
based on predictive error distributions, which enhances river flow predictive performance, particularly in the
rainfall-runoff-dominated Tochi catchment. This EDL approach can improve the accuracy and efficiency of river
flow modelling and support the development of flood forecasting and early warning systems in data scarce
regions.

1. Introduction

model structure which limit their application in data-scarce catchments
(Mount et al., 2016; Pareta, 2023). Consequently, the development and

Accurate and reliable prediction of river flows is essential for
designing resilient water infrastructure in regions experiencing climate
change-induced extremes such as flooding, drought and water scarcity
(Ghimire et al., 2021; Liu et al., 2022; Mugume et al., 2024). Conven-
tional physically based or conceptual hydrological models simulate
runoff using mathematical representations of processes such as evapo-
transpiration, infiltration, effective rainfall and flow routing (Liu et al.,
2022; Mugume et al., 2024; Young et al., 2017). Although widely
applied, these models require extensive observed hydro-meteorological
data, substantial calibration effort, considerable computational re-
sources, higher modeller skill and may contain inherent uncertainties in
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application of machine learning (ML) and deep learning (DL) models
that are more computationally efficient and leverage empirical data to
capture complex nonlinear relationships between hydro-meteorological
inputs and outputs without requiring explicit representation of under-
lying physical processes is a subject of current research (Kratzert et al.,
2019a; Mao et al., 2021; Mugume et al., 2024).

Despite these advances, individual ML and DL models are con-
strained by differences in model structure, predictive skill across hy-
drological conditions and requirement of extensive observed data for
efficient training (Kratzert et al., 2018; Mugume et al., 2024; Staudinger
et al., 2025). Feedforward neural networks have limited capability to
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represent long-term temporal dependencies, while recurrent architec-
tures such as LSTM are constrained by challenges of model interpret-
ability and uncertainties in predicting extreme events (Baste et al., 2025;
Kratzert et al., 2019a, 2019b, 2018; Mao et al., 2021).

Furthermore, hybrid architectures such as CNN-LSTM can improve
the representation of temporal dynamics and peak flow predictions.
However, their performance may decline in catchments characterised by
high flows and extensive irrigation, suggesting that no single architec-
ture performs consistently across contrasting river flow regimes
(Kratzert et al., 2018; Liu et al., 2022; Pokharel and Roy, 2024; Stau-
dinger et al., 2025).

To mitigate the challenges of individual and conventional hybrid ML
and DL models architectures, recent studies have investigated the
effectiveness of heterogeneous hybrid ML and DL models, bootstrapping
and physics-based data augmentation in enhancing river flow predictive
performance (Murungi et al., 2026; Saraiva et al., 2021; Tiwari and
Chatterjee, 2011). Lin et al. (2021) applied a hybrid first-order differ-
ential Feed-Forward Neural Network-Long Short-Term Memory (Diff-
FFNN-LSTM) model for hourly river flow prediction in the Andun
River Basin, China. The Diff-FFNN-LSTM model outperformed the sta-
tistical, FFNN, LSTM, Diff-FFNN and Diff-LSTM models. The superior
performance was attributed to the first-order differential pre-processing,
which stabilised the non-stationary river flow series, avoided the back-
ward induction and boundary effects associated with decomposition
methods, and provided a simpler and more efficient framework for river
flow prediction (Lin et al., 2021).

Recent studies have increasingly explored multi-source heteroge-
neous data fusion, use of larger sets of model input features, hybrid data-
driven model architectures and ensemble learning to improve river flow
prediction and minimise uncertainty (Ding et al., 2026). For example,
recent work has demonstrated that integrating multi-source heteroge-
neous data that included hydro-meteorological, remote sensing, catch-
ment attributes and vegetation data can improve representation of the
spatial-temporal features and enhance the river flow predictive per-
formance of deep learning models (Ding et al., 2026; Modi et al., 2025;
Solanki et al., 2025). Similarly, multi-model frameworks that combine
process-based hydrological models with data-driven ML and DL have
improved streamflow predictions compared with individual models,
although improvements under high-flow conditions remain limited
(Solanki et al., 2025).

However, most recent studies have largely focused on either
enriching the input data or combining model outputs rather than
dynamically integrating heterogeneous deep learning architectures ac-
cording to their time-varying predictive skill. In addition, the applica-
tion of bootstrapping and physics-based data augmentation to improve
individual ML and DL model river flow predictive performance in data-
scarce catchments in Sub-Saharan Africa has shown potential, particu-
larly when training data were limited, but its effectiveness may vary
with data availability and catchment hydro climatic characteristics
(Murungi et al., 2026).

The aforementioned studies demonstrate the value of enriching input
and training datasets, while highlighting the need for dynamic ensemble
modelling approaches (EMAs) that exploit complementary strengths
among heterogeneous architectures under contrasting hydrological
conditions. Consequently, there is a need to evaluate time-varying
ensemble strategies that adapt the contributions of heterogeneous
deep learning models to changing hydrological conditions.

Recent studies have increasingly applied conventional EMAs,
including Weighted Averaging (WA), Simple Model Averaging (SMA),
Linear Stacking (LS), Bayesian Model Averaging (BMA) and Extra Tree
Regression (ETR), to combine predictions from multiple ML, DL and
hybrid models and to reduce their individual performance limitations
and uncertainty (Wegayehu and Muluneh, 2024). These approaches
typically assign fixed model weights during calibration and retain them
throughout the prediction period which allows the ensemble to combine
complementary strengths of heterogeneous base learners and to improve
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river flow prediction accuracy and reliability (Ruan et al., 2022;
Tumushabe and Mugume, 2025; Zhu and Willems, 2025).

Wegayehu & Muluneh (2024) applied WA, BMA and ETR to aggre-
gate the Gated Recurrent Unit (GRU), LSTM, multi-layer perceptron
(MLP), CNN-GRU, support vector regression (SVR), Lasso and Extreme
Gradient Boosting (XGBoost) and linear regression models for riverflow
prediction in the Baro Akobo catchment in Ethiopia. Their results
showed that the Extra Tree Regression Super Ensemble outperformed
the WA and BMA approaches, demonstrating the advantages of
nonlinear ensemble aggregation for capturing complex hydrological
relationships in river catchments.

Tu et al. (2024) utilised AutoGluon, a stacking ensemble machine-
learning model, to reconstruct long-term natural river flows for the
Pearl River Delta and evaluated the performance of these reconstructed
inflows based on observed flow records during undisturbed periods. The
reconstruction suggested superior performance of the AutoGluon model,
when compared to individual Multiple Linear Regression (MLR), Sup-
port Vector Machine (SVM), and Random Forest (RF) models.

Qian et al. (2025) also applied a stacking ensemble that combined
individual MLP, LSTM, and Transformer models for forecasting of river
flows into the Hongze Lake in China. The study results suggested that the
stacking ensemble model outperformed the base models, reducing
forecast RMSE by 17-25% and increasing NSE by 0.12-0.20. The above
EMAs assign fixed or globally optimised time-invariant weights to
competing models, typically estimated during the training phase and
applied unchanged during validation (Zounemat-Kermani et al., 2021).

While effective under stationary conditions, globally optimised
fixed-weight ensembles cannot adapt to temporal changes in model skill
associated with seasonal transitions, rapidly varying rainfall-runoff
processes and non-stationary hydro-climatic conditions, particularly in
tropical catchments with bimodal rainfall patterns (Ajami et al., 2007;
Duan et al., 2007; Raftery et al., 2005; Ruan et al., 2022; Taye and Dyer,
2024). Recent studies have further expanded ensemble hydrological
forecasting through the use of dynamic weighting, feature fusion and
uncertainty-aware frameworks. Dynamic weighting approaches, such as
Time-Varying Dynamic Model Averaging (TV-DMA), overcome the
limitations of fixed-weight EMAs through updating model weights at
each time step throughout the simulation period based on the prediction
error distributions. This approach allows the ensemble to continuously
adapt to changing hydro-meteorological conditions.

This dynamic weighting mechanism improves the representation of
non-stationary rainfall-runoff processes and enhances simulation sta-
bility by leveraging the strengths of diverse base learner architectures
(Ruan et al., 2022). The TV-DMA ensemble modelling approach is
particularly relevant for minimizing prediction biases in tropical
catchments, where hydrological responses are strongly influenced not
only by base flows but also seasonal bimodal rainfall patterns and rapid
runoff generation (Taye and Dyer, 2024).

Sheikh & Coulibaly (2025) developed a dynamic weighting approach
based on time-series features (TSF-Ws) and demonstrated improved
deterministic prediction of high and low flows when compared with
conventional streamflow-based weighting schemes. Similarly, Xu et al.
(2026) developed a Fourier-based Time-Varying Parameter Bayesian
LSTM (F-TV-BLSTM) framework that dynamically updates model pa-
rameters while integrating the FourCastNet precipitation forecasts for
probabilistic flood forecasting in the Yalong River Basin, China. Their
results showed that dynamic parameter adaptation and multi-source
data fusion improved NSE by up to 6.3% and reduced RMSE and MAE
by more than 30%.

In another recent study, He et al. (2026) integrated multi-source
hydroclimatic data with a hybrid Temporal Convolutional Network
(NVWT) framework combining variational mode decomposition and
wavelet threshold denoising for short- to long-term river flow fore-
casting. The NVWT model outperformed GRU and Transformer archi-
tectures and improved uncertainty quantification, highlighting the
growing importance of feature fusion and signal processing in reliable
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prediction of river flows.

In a recent study, Ruan et al. (2022) applied the Time-Varying Dy-
namic Model Averaging (TV-DMA) approach to integrate Back Propa-
gation Feedforward Neural Network (FFNN), Gated Recurrent Unit
(GRU) and Long Short-Term Memory (LSTM) models for streamflow
prediction in the Huaihe River Basin, China. The TV-DMA ensemble
achieved superior predictive performance compared with the individual
base learners. However, to our knowledge, the application of TV-DMA to
a more heterogeneous ensemble comprising of individual and hybrid
deep learning architectures, including differential processing, has not
been investigated for river flow prediction in tropical catchments
characterised by contrasting base flow- and rainfall-runoff-dominated
regimes. This study therefore focuses on investigating the performance
of TV-DMA in integrating the FFNN, 1D-CNN, LSTM, CNN-LSTM and
Diff-FFNN-LSTM models, with the latter incorporating first-order dif-
ferential processing to stabilise non-stationary flow sequences. This
provides a distinct framework for evaluating whether dynamic weight-
ing can exploit complementary model strengths across contrasting hy-
drological regimes.

In view of this, the specific objectives of this study were to:

a) Evaluate the performance of the individual FFNN, 1D-CNN and
LSTM, as well as the hybrid CNN-LSTM and Diff-FFNN-LSTM models
in simulating river flows in two hydrologically distinct catchments
drained by the Semliki and Tochi Rivers, in the Upper White Nile
Basin, East Africa;

b) Assess the predictive accuracy and reliability of TV-DMA ensemble
modelling approach in integrating these models through bench-
marking its performance against the conventional BMA approach
and

c) Examine the model generalisation and transferability across two
hydrologically distinct flow regimes through case studies of the
Semliki and Tochi Rivers.

This paper introduces a novel approach that utilises the Time-
Varying Dynamic Model Averaging (TV-DMA) ensemble framework to
integrate heterogeneous individual and hybrid machine-learning and
deep-learning architectures, including the heterogeneous Diff-FFNN-
LSTM model, for predicting river flow in data-scarce tropical catch-
ments. The Diff-FFNN-LSTM model enhances the ensemble by stabilising
non-stationary river flow series through first-order differential pro-
cessing, thereby reducing backward induction and boundary effects
common in decomposition methods and improving prediction reliability
and accuracy. The study also demonstrates the framework's applicability
through tests on two hydrologically distinct tropical catchments in the
Upper Nile Basin characterised by the base-flow-dominated and the
rainfall-runoff-driven flow regimes. Evaluating the model's generalisa-
tion and transferability across these contrasting regimes provides prac-
tical evidence of its potential for reliable and accurate river flow
prediction in other data-scarce regions with limited hydro-
meteorological data. These results provide a strong basis for devel-
oping future forecasting and flood warning systems in regions with
limited data.

2. Methodology

The study developed and evaluated two ensemble deep learning
(EDL) approaches, namely Bayesian Model Averaging (BMA) and Time-
Varying Dynamic Model Averaging (TV-DMA), to enhance the reliability
and accuracy of river flow predictions. The two ensemble modelling
approaches were applied to integrate predictions from FFNN, LSTM, 1D-
CNN, hybrid CNN-LSTM and Diff-FFNN-LSTM models developed for
river flow prediction in the Semliki and Tochi catchments of the Upper
White Nile Basin. The performance of individual ML and DL models was
also benchmarked against physically based HEC-HMS simulations for
both catchments which provided a consistent reference for model
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evaluation (Fig. 1).

The primary steps in the adopted study approach include collecting
and preprocessing of catchment and hydrometeorological data, feature
engineering and data normalisation, training, validation and testing of
models with five different machine learning and deep learning archi-
tectures, creating two ensemble schemes, namely Bayesian Model
Averaging (BMA) and Time-Varying Dynamic Model Averaging (TV-
DMA), and evaluation of model performance. These methods were
independently applied to the Semliki and Tochi River catchments in the
Upper White Nile Basin, to assess the ensemble's generalisation
capability.

2.1. Study area and data sets

Two tropical river catchments were selected for this study: Semliki
and Tochi. The selection of these two catchments provides an opportu-
nity to evaluate model performance across contrasting hydrological re-
gimes: the baseflow-dominated, high-discharge Semliki River catchment
versus the three-times-smaller, rainfall run-off driven, low-discharge
Tochi River catchment. This approach enables assessment of ensemble
generalisation capability across diverse tropical hydrological
conditions.

2.1.1. Semliki river catchment

The Semliki catchment (Fig. 2a) is located along the Uganda-
Democratic Republic of Congo border, covering an area of approxi-
mately 6,273 km?. The catchment is drained by the 140 km trans-
boundary Semliki River, which discharges into Lake Albert at
coordinates 1.1881°N, 33.0210°E. The average annual rainfall ranges
from about 900 mm in the low lying Semliki Delta to 2,600 mm in the
Rwenzori Mountains. The River Semliki originates from Lake Edward
(913 m above sea level, mASL) and flows through the Rift Valley to Lake
Albert (619 mASL), draining the northern and western parts of the
Rwenzori Mountain ranges, traversing a low-lying flat area whose ge-
ology mainly consists of rift valley sediments, gneisses and argillites and
with gleysols as the predominant soil type (NELSAP-CU, 2020). The
observed river flow data recorded between 1950 and 2011 indicate
interannual variability, ranging from 50 to 150 m®/s during low flow
conditions to 200 to 500 m3/s during flood conditions (NELSAP-CU,
2020).

Semliki exhibits a mixed hydrological regime: predominantly base-
flow dominated under normal conditions but shifting to rainfall-driven
during extreme storm events, a characteristic behaviour of tropical
catchments with significant subsurface storage. The initial flow condi-
tions in the Semliki River are influenced by the upstream Lake Edward
through storage of excess inflows during rainy periods and maintenance
of baseflows during dry periods (Russell and Johnson, 2006). In recent
years, the lower Semliki River catchment has experienced an increasing
frequency and magnitude of catastrophic fluvial flooding events
(Mugume et al., 2026) which underscores the critical need for reliable
flood early-warning systems to minimise anticipated flooding impacts,
losses and damages.

Daily river flow data for the Semliki River were recorded at Bwer-
amule gauging station (Station ID: 85205; 0.958°N, 30.187°E) from 1
March 1950 to 17 June 1978, when hydrological monitoring ceased due
to political instability (MWE, 2013). Measurements resumed from 10
January 2006 to 31 December 2012 (Refer to Supplementary Fig. S1).
Daily rainfall data were obtained from Kyembogo meteorological station
(Station ID: 89300180; 0.683°N, 30.333°E) for the period 1990 to 2021
(Refer to Supplementary Fig. S2). For this study, a five-year overlapping
period (2007 to 2011) with concurrent river flow and rainfall records
was used for further hydrological modelling.

2.1.2. Tochi catchment
The Tochi catchment covers an area of approximately 2,270 km? and
is drained by the Tochi River, with its outlet at 2.226°N, 32.342°E. The
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Fig. 1. Adopted study approach.

catchment is relatively flat with elevations ranging from 1,000 to 1,300
mASL, and it receives substantially higher precipitation than the Semliki
catchment, with mean annual rainfall of 1,274 mm (range: 99-1,546
mm) and mean annual streamflow of 9.7 m3/s. The catchment (Fig. 2b)
exhibits a strongly rainfall-driven hydrological regime characterised by
rapid and pronounced discharge responses following rainfall events.
Recent trends indicate rainfall is more erratic, intensifying both flood
and drought risks (JICA, 2014). Baseflow levels are minimal, often
nearing zero in the dry season, except for some minor groundwater

seepage in wetlands. The soils in the Tochi basin are largely ferrallitic
(lateritic/ferrisols) sandy loams, which have low water storage capacity
(rapid interflow) and erode easily under cultivation (MWE, 2018). This
flashy response pattern reflects the relatively low soil permeability and
limited storage capacity within the catchment, which contrasts sharply
with the Semliki's mixed-regime behaviour. Observed daily rainfall and
river flow measurements spanning nearly 11 years (1999-2009) were
obtained from SW-R Tochi station (Station ID: 83212, 2.226°N, 32.34°E)
and Gulu Meteorological Station (Station ID: 87320000, 2.78°N,
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2.1.3. Data pre-processing and normalisation

Hydro-meteorological time series were subjected to standard quality
control procedures to ensure consistency and reliability prior to model
development. Short data gaps of fewer than five consecutive days were
infilled using linear interpolation to preserve temporal structure and
autocorrelation in the series, a widely adopted approach in hydrological
applications (Teegavarapu and Chandramouli, 2005). Predictor vari-
ables were subsequently normalised to improve numerical stability and
learning efficiency of deep learning models. Min-max scaling was
applied to variables with bounded, approximately uniform distributions,
while robust scaling based on the interquartile range was used for
skewed variables and those containing outliers, following established
deep learning practice in hydrology (Kratzert et al., 2018). The dataset
was split into training, validation, and test subsets using a 70:15:15
chronological split ratio, with all normalisation parameters derived
exclusively from the training data and consistently applied to the
remaining subsets to avoid information leakage.

2.1.4. Physically-based hydrological modelling

The Hydrologic Engineering Center — Hydrologic Modeling System
(HEC-HMS) model was developed and applied to simulate rainfall-
runoff processes in the Tochi and Semliki catchments. HEC-HMS is a
comprehensive semi-distributed hydrologic simulation software devel-
oped by the US Army Corps of Engineers (USACE) for modelling
precipitation-runoff processes in tree-like watershed systems (Bartles
et al., 2023). The model is one of the most widely used in global hy-
drological modelling and was chosen for its flexible ‘toolbox’ approach,
which allows for choice from multiple mathematical methods for infil-
tration losses, surface runoff transformation, base flow representation,

and channel routing across diverse geographic regions and hydrologic
conditions (Bartles et al., 2023).

The individual catchments were delineated into sub catchments from
30 m DEMs using the GIS capabilities of the HEC-HMS modelling
environment to create the basin models. The meteorological models
were created using pre-processed precipitation, discharge, and evapo-
transpiration data. Various parameterisation methods were employed to
analyse the impact of canopy and land surface interference on hydro-
logical processes. These methods included simple canopy, simple sur-
face, linear reservoir analysis, Soil Moisture Accounting (SMA), Clarke
unit hydrograph, and Muskingum routing, respectively, for assessing
canopy interference, surface loss, baseflow, runoff loss, hydrograph
transformation, and river routing. Initial values for model calibration
were estimated based on soil characteristics extracted from the FAO
digital soil map database, land use data generated using GIS based
spatial analysis of Landsat imagery and the physical characteristics of
each catchment.

2.1.5. Feature engineering

Feature engineering was performed to represent catchment memory,
seasonality and delayed hydrological responses, using variables derived
from available meteorological inputs. Seasonal variability was captured
using cyclic temporal features based on the day of year, encoded with
sine and cosine transformations to avoid artificial discontinuities at
annual boundaries (Kratzert et al., 2019a; Schutte et al., 2024). Ante-
cedent catchment wetness conditions were represented using the Ante-
cedent Precipitation Index, which accounts for rainfall persistence
through an exponential decay formulation (Descroix et al., 2002). Lag-
ged rainfall variables and rolling precipitation statistics over short and
extended windows were included to characterise both rapid runoff
generation and longer-term storage effects (Jain and Srinivasulu, 2006).
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For the rainfall-runoff dominated Tochi catchment, rainfall inputs were
log-transformed by a log(1 + x) formulation to reduce skewness asso-
ciated with extreme events and improve model training stability (e.g.,
Chadalawada et al. 2020).

2.2. Base machine learning and deep learning models

In this study, the FFNN, 1D-CNN, LSTM, hybrid CNN-LSTM, and Diff-
LSTM-CNN models were developed and independently trained as base
learners for the Semliki and Tochi catchments. During training, hyper
parameter optimisation (HPO) was conducted using the random search
method, which involves independent draws from a defined search space
until the specified values giving optimal performance are achieved
(Bergstra and Bengio, 2012; KannengieBer et al., 2025). The random
search method has demonstrated superior efficiency compared to grid
search because it explores the hyper parameter space more thoroughly,
resulting in highly accurate model performance both empirically and
theoretically with fewer computational resources (Bergstra and Bengio,
2012). All random searches were conducted in a deterministic Google
Colab environment using Numpy’s legacy global random number
generator (numpy.random.seed) alongside Python’s built-in random
module, both of which implement the Mersenne Twister (MT19937)
algorithm. A fixed seed value of 42 was used to initialise Numpy’s
random state (np.random.seed(42)) (Bergstra and Bengio, 2012; Hos-
seini et al., 2025).

The pre-defined set of architectural configuration values that
dictated the HPO search space in each trial for testing, presented in
Supplementary Information Table S1, was based on commonly tested
literature-based ranges for machine learning. The sampling was done for
a number of trials (40-50 trials) per model architecture, with validation
loss/performance as the primary selection criterion, as it directly reflects
model generalisation capacity and helps avoid overfitting (Apicella
et al.,, 2026). For each trial, a configuration was drawn from the
search space using the seeded RNG, the corresponding model architec-
ture was constructed, trained and evaluated on the validation period.
The optimal configuration for the final model performance evaluation
on the unbiased test set was selected based on the minimum validation
loss, achieved when the early stopping process halts training after the
validation loss fails to improve for a specified number of epochs
(patience). The underlying theory and model architecture of the inves-
tigated ML and DL models are described in detail in subsections 2.2.1,
2.2.2,2.2.3,2.2.4 and 2.2.5.

2.2.1. Feed-forward neural network (FFNN)

The FFNN algorithm has a non-recurrent model architecture and
results in superior performance in capturing non-linear hydrological
processes, including river flows (Mugume et al., 2024; Rahman et al.,
2022; Tibangayuka et al., 2022). The architecture of the FFNN model
used comprises an input layer, a hidden layer, and an output layer
(Tibangayuka et al., 2022). The process of determining the ANN model
architecture includes specifying the number of network layers, neurons
in the layers, iterations, the learning rate, the activation function, the
momentum of the coefficient, and the determination of the normal-
isation method (Koycegiz and Buyukyildiz, 2022). The mathematical
representation of the ANN model based on FFNN is presented in Eq. (1)
and was based on earlier studies on the standard artificial neuron
(Rumelhart et al., 1986). A detailed description of the conventional ANN
model architecture is provided in recent studies (Rahman et al., 2022;
Tibangayuka et al., 2022; Turhan, 2021). The detailed description of the
catchment-specific FFNN model configuration is provided in Supple-
mentary Information Table S2.

N
y—f(Zwijwa}-) @
i=1

where
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y is the output of the jz neuron;

wjj represents the connection weight from the iy, neuron in the pre-
ceding layer to the jy neuron of the current layer;

x; represents the sequence of inputs, b; is the bias of the ji neuron,
and;

f represents the activation function.

2.2.2. Long short-term memory (LSTM) model

LSTM network is a special Recurrent Neural Network (RNN) variant
developed to solve the vanishing gradient and explosion problems
during training of long sequences (Fu et al., 2022; Liu et al., 2022). In
LSTM models, multiple repeated memory blocks are connected through
a special chain structure. In each memory block, three special gate
structures, i.e. forget, input and output gates, are designed to protect and
control the cell state. These gating mechanisms enable LSTMs to main-
tain long-term dependencies while selectively forgetting irrelevant in-
formation, which is crucial for capturing both immediate rainfall-runoff
responses and longer-term base-flow contributions. The underlying
LTSM equations are specified in Egs. (2), (3), (4), (5) and (6) (Liu et al.,
2022). Detailed descriptions of LSTM models are provided in earlier
studies (Kratzert et al., 2019b, 2018; Staudinger et al., 2025)

C.=f x Coq+i, x C, (2)
fi = o(Wyr X X, + Wi X he_y +by) 3)
ir = o(Wyi X X¢+Wpy X he_q +by) 4
C = 6(Wye X X¢ +Whe X he_1 +bc)hy = 0, x tanh(C;) 5)
0y = 6(Wyo X X¢ +Who X he_1 +bo)h 6)

Where: f; is the forget gate in the current period; i; the input gate in the

current period; O; the output gate in the current period; C~[ the abstract
cell state in the current period; C; and C,_; the cell state in the current
and previous periods; h; and h,_; the output of the hidden layer in the
current and previous periods; x; the input of the input layer in the cur-
rent period; w, the weight matrices and b the bias vectors and tanh the
hyperbolic tangent function and ¢ the sigmoid function.

The detailed description of the catchment-specific LSTM model
configuration is provided in Supplementary Information Table S3.

2.2.3. One-Dimensional Convolutional Neural Network (1D-CNN) model
Convolutional Neural Network (CNN) models were initially devel-
oped to process 2D signals, which are widely used in image and video
processing (Fu et al., 2022; Kabir et al., 2020; Lecun et al., 2015).
Kiranyaz et al. (2015) proposed the first 1D-CNN to handle sequential
data (1D signals). 1D-CNNs efficiently extract spatial features from time-
series data and can identify key patterns that influence river flow dy-
namics. CNNs consist of an input layer, a convolution with an activation
function layer, a pooling layer, a fully dense connected layer, and a final
output layer (Gao et al., 2024). Convolutional layers apply filters to local
regions of the input data to extract features, analogous to how receptive
fields in the visual cortex of the human brain respond to localised visual
stimuli (Tsangaratos et al., 2023). The convolution and pooling layers
extract and map features from the input data to the hidden layer. The
fully dense connected layer integrates extracted features and maps them
to the final output layer for prediction. The output feature map of a 1D
convolution layer can be written using Eq. (7) (Ishida et al., 2024).

N M-1

V=" kb un(i+m)+by %)

n=1 m=

Where:V/ is the output feature value at time step i for output channel p; i
the time index of the output sequence ;kb,, the convolution kernel
weight for position m, input channel n, and output channel p; u, (i +m)
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the input value of channel n at time (i+m);N the number of input
channels/observations ; M the kernel size (length of convolution filter)
and b, the bias term for output channel p. The detailed description of the
catchment-specific 1D-CNN model configuration is provided in Sup-
plementary Information Table S4.

2.2.4. CNN-LSTM model

The hybrid CNN-LSTM model uses CNN layers to extract features
from streamflow time series, while LSTM networks utilise these features
for temporal prediction (Ghimire et al., 2021; Pokharel and Roy, 2024).
Hybrid models integrating CNNs and LSTMs have demonstrated supe-
rior accuracy compared to standalone models across various forecast
horizons, as they combine CNN’s feature extraction capabilities with
LSTMs’ temporal modelling strengths. The CNN-LSTM model utilises
Equation (8) to predict river flows (Hu et al., 2024).

Q.= LSTM(CNN(X,)) )

Where Q; is the predicted river flow at time t;X; is the input meteoro-
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logical variable at time t; CNN( e ) denotes the convolutional feature
extraction process and LSTM(e) is the sequential learning process
capturing temporal dependencies.

The detailed description of the catchment-specific CNN-LSTM model
configuration is provided in Supplementary Information Table S5.

2.2.5. Diff-FFNN-LSTM model

The Diff-FFNN-LSTM is a novel architecture designed to address
streamflow prediction through differencing, targeting the change in
flow (AQ) rather than absolute values. In this research, the first-order
difference (Eq. (9)) was applied to stabilise the river flow time series
(Lin et al., 2021).

AQt+1 = Qt+1 - QL (9)

Where: n is the length of data series; Q; and Q;; are the recorded data at
time t and t +1 respectively; AQ;.; the first order difference based on Q;
and Qq; that are used as inputs for the prediction model.

The differencing strategy offers several theoretical and empirical
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* Hydro-meteorological variables (compute first-order differenced discharge, rainfall)
» Feature engineering parameters (cyclical encoding, lagged inputs, antecedent

indices)
e Scaling, data splitting

v
Parallel FFNN branch

¢ Input, hidden dense layer(s)

« BatchNorm, dropout rate

« RelU activation, Adam optimiser

v
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e LSTM layer(s): units, return_sequences
e BatchNorm, dropout rate
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!

FFNN embedding output layer
(Predicted AQ from static mapper)
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« Concatenation of embeddings
* Shallow dense network (1-2 dense
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:
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!
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!

Evaluation
* Metrics computation
« Visualisation plots

Fig. 3. Diff-FFNN-LSTM model workflow.
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advantages for river flow prediction (Fig. 3). These include prediction of
changes rather than absolute values which places emphasis on dynamic
flow transitions such as rising limbs during storm events and recession
curves following peak flows that are critical for flood forecasting ap-
plications. The strategy also shifts the model's focus toward rapid
changes, which are characteristic of flood responses, and improves
model generalisation to flow regimes not well represented in the
training data. The detailed description of the catchment-specific Diff-
FFNN-LSTM model configuration is provided in Supplementary Infor-
mation Table S6.

2.3. Ensemble modelling strategies

The study implemented two averaging ensemble strategies: a regu-
larised Bayesian Model Averaging (BMA) scheme, and the Time-Varying
Dynamic Model Averaging (TV-DMA) method, following established
ensemble modelling theory (Dion et al., 2021; Gelete et al., 2023; Raf-
tery et al., 2010; Ruan et al., 2022).

2.3.1. Bayesian Model Averaging (BMA)

The BMA strategy blends predictions from multiple models by
assigning weights based on their posterior probabilities, effectively
integrating model performance with uncertainty (Raftery et al., 2005;
Ajami et al., 2007). The predictive distribution for a hydrological vari-
able of interest, y, relies on these posterior weights and is expressed by
Eq. (10).

POAD) = 3 we x py\My. D) (10)
k=1

where wy is the posterior probability (weight) of model k; p(y:\Mk, D),
the prediction from model, k; My, D, the kth candidate model; k the
number of models and D the training data, with the constraint Zl,fjlwk X
p=1

Predictions from the base models are first temporarily aligned to a
common period by trimming initial time steps to accommodate the
maximum lookback which ensures consistent training data across ar-
chitectures with different sequence lengths.

Prior to BMA calibration, a two-stage pre-processing was applied.
First, slope-intercept bias correction (f.orrx = axfx + bx) was applied in
the original discharge space only when it improved the NSE relative to
the uncorrected model, k and |ax| > 0.05. Here, f; denotes raw pre-
dictions from the base model, k, while ax and by are the slope and
intercept of the corresponding linear regression, respectively. This cri-
terion limited unnecessary bias correction for skilful models while
supporting the Gaussian error assumption of normal likelihood used in
EM-BMA. Secondly, the Box-Cox transformation, with the trans-
formation parameter, A optimised using observed river flows was
applied to further satisfy the Gaussian errors required by the expect-
ation-maximisation (EM) algorithm.

Model weights and competent variances were then estimated using
the EM algorithm applied in the original prediction space, with log-sum-
exp stabilisation and a variance floor (10 to 5 x 10™) to prevent nu-
merical collapse during M-step updates. Post-EM, predictive variances
were scaled by an empirically calibrated factor (1.0-2.0, targeting 90%
coverage on calibration data) to achieve nominal reliability. In the E-
step, posterior responsibilities z; were computed for each observa-
tion-model pair, and in the M-step, weights were updated using the
Dirichlet-regularised formula specified in Eq. (11) (Vrugt; and Robinson,
2007).

(new) _ D1 Zik + @

11
Wi n+akK an

where z; represents the posterior probability that observation i comes
from model k; a the Dirichlet regularisation parameter ;n the total
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number of observations/training data ; wy the weight assigned to model
k and k the number of models.
Effective model diversity was then quantified as K = lez. The
k

final operational weights were obtained using a hybrid scheme that
combines pure BMA weights with validation-performance-based
weights through a convex combination (Eq. (12)).

Whina,k = (1 — ) X Wemak + f X Wyark 12)

where # = 0.3 is the adaptation strength; wgys x the pure BMA weights,
and; wyq the validation performance-based weights

Predictive uncertainty was characterised using Monte Carlo sam-
pling from the fitted BMA mixture distribution (Huang and Merwade,
2023). For each lead time, component models were selected based on
BMA weights, Wpnqk, and realisations were drawn from their Gaussian
predictive distributions, yielding an ensemble of river flow trajectories
from which point forecasts, prediction intervals, and coverage statistics
(e.g., 90% credible intervals) were derived. Ensemble predictions were
calculated as weighted means of the bias-corrected and transformed
forecasts. Predictive uncertainty was estimated using 10,000-20,000
Monte Carlo samples drawn from Gaussian mixture distribution, fol-
lowed by inverse transformation and truncation at zero to ensure non-
negative river flow values.

2.3.2. Time-Varying Dynamic Model Averaging (TV-DMA)

Time-Varying Dynamic Model Averaging (TV-DMA) extends
Bayesian Model Averaging by allowing model weights to evolve in
response to changes in predictive performance and hydrological regime.
Unlike static averaging, which assumes time-invariant relationships
between predictors and streamflow, TV-DMA updates the contribution
of each base model as new observations become available, making it
well-suited for non-stationary systems with seasonal shifts, structural
changes, or evolving catchment conditions (Ruan et al., 2022). The
ensemble prediction at time, t is given by Eq. (13).

Ye= iwk.t X (fk.t + ﬂk> (13)
k=1

Where wy, is the time-varying weight for model k; fi , the raw prediction,
and y, the bias correction term and k the number of models

The first stage of the TV-DMA workflow involves characterising re-
siduals from each model using summary statistics and distributional
fitting. Mean error, standard deviation, Kolmogorov-Smirnov statistics,
and sum of squared errors are computed, and several candidate distri-
butions (Gaussian, Student-t, and Cauchy) are fitted to the error series.
This step forms the basis for future adjustments to reduce bias and
quantify uncertainty.

In the second stage, model-specific additive bias corrections are
applied, and initial static weights are derived from bias-corrected per-
formance. Bias terms, 4, are estimated as the mean residual over the
calibration period. (Gelete et al., 2023). Initial ensemble weights, wy o,
are then set proportional to the inverse of the bias-corrected sum of

4
squared errors (SSE), that is, wy o <SSS§E;"> which ensures that higher-

skill models received larger starting weights, while other models still
retain non-zero influence.

The TV-DMA, with its dynamic weight evolution algorithm that ad-
justs wy, according to recent absolute prediction errors, follows the
outlined steps below while applying regime-adaptive factors (Duan
et al., 2007; Raftery et al., 2010; Ruan et al., 2022). At each time step, t,
the ensemble:

a) Applied flow-regime adjustment: low flows (Q < 33rd percentile):
best model x 1.2; high flows (Q > 67th percentile): other models x
0.6, best model x 1.8; then normal flows: uniform) (e.g. Arsenault
et al. 2015).
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b) Computed a weighted prediction:y, = > Wi, X fi:

c) Calculated individual model errors:ex, = y; —fis

d) Using a fast-learning rate,a, tracked model performance, perfy,, via
exponential smoothing: perfy, = alex,| + (1 —a)perfi,1,

e) Updated the weight,wy .1 <#>

perfi+e

f) Enforces constraints: best-model floor and variance floor, then
g) Renormalises Y w =1

The percentile-based flow-regime adjustment is a novel approach
that enhances the TV-DMA framework in this study and is conceptually
consistent with the broad regime-aware ensemble, following work by
Arsenault et al. (2015), and Oudin et al. (2006), which showed that
different averaging schemes can improve performance differently across
different flow states and highlighted the necessity of time-varying
indices to maintain accuracy across the hydrograph’s wet and dry
periods.

The value of 1.2 was selected to reflect a moderate increase of
approximately 20% in the weight of the best-performing model during
low-flow conditions in order to strengthen its contribution without
allowing it to dominate the ensemble. In addition, the values of 1.8 and
0.6 were selected to reflect controlled asymmetric adjustment during
high-flow periods, comprising an 80% increase (1.8) for the best-
performing model and a 40% reduction (0.6) for the remaining
models. These were applied to minimise the tendency for under-
prediction of peak flows in multi-model simulations and to limit unre-
liable individual model contributions to the ensemble (e.g. Wan et al.,
2021).

The fast-learning rate provides gradual adaptation, preventing
excessive volatility, while the regime factors and floors ensure stability
across hydrological conditions, both of which are crucial characteristics
for operational forecasting applications.

2.4. Model performance evaluation

Standard hydrologic performance metrics were employed to
comprehensively assess the predictive performance and reliability of the
individual ML and DL, hybrid and ensemble models (Moriasi et al., 2007
and Singh et al., 2007). The Nash Sutcliffe Efficiency (NSE) Index, Mean
Absolute Error (MAE), Coefficient of Determination (Rz), Root Mean
Square Error (RMSE) and Percent Bias (PBIAS) (Egs. (14), (15), (16),
(17) and (18), respectively) were computed and used to evaluate the
performance of the developed models (Gupta and Kling, 2011; Legates
and Mccabe Jr, 1999; Ritter and Munoz-Carpena, 2013). The perfor-
mance of the models, as assessed by the NSE criteria, was classified
according to the following thresholds: “Very Good” (NSE > 0.75),
“Good” (0.65 < NSE < 0.75), or “Satisfactory” (0.50 < NSE < 0.65), with
values < 0.50 considered “Unsatisfactory”. Following the guidelines by
Singh et al. (2007) for the RSR logic (RMSE-observations standard de-
viation ratio), the error indices (RMSE and MAE) were judged relative to
the observed data’s standard deviation (o,ps), Where an error < 0.5 645
was considered “Very Good”. The rating was expanded to include a
“Good” classification for errors between 0.5 6, and 0.6 o5, and a
“Satisfactory” rating for errors between 0.6 o,ps and 0.7 64p5. The errors
exceeding 0.7 o, Were classified as “unsatisfactory”.

_ Zf’:1 (Qubs.t - Qsim.t)2

NSE=1 = 14)
Z?’:] (Qabs.t - Qobs)2
1 N
MAE = N ; |Qabs,t - Qsim.t| (15)
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where Qs and Qsim are the observed and simulated river flows at time

t Qops is the mean observed river flows; Qg is the mean of the simulated
river flows and N is the number of time steps.

The quantitative statistical performance measures above were sup-
plemented with graphical analysis using box plots. Graphical techniques
are essential in hydrological model evaluation as they provide a visual
comparison of simulated and measured data, offering a first overview of
model performance. They go beyond the aggregated indices (e.g., NSE),
which can mask specific errors in variability and enable diagnostic
evaluation of flow variability (Gupta et al., 2009). Specifically, box and
whisker plots are used to examine data distributions and seasonal var-
iations which allows for a robust assessment of how well the model re-
produces the statistical characteristics of observed streamflow. This
graphical approach provides a visual summary that includes the five
conventional values: the extremes (maximum and minimum), the upper
and lower hinges (quartiles), and the median (Mcgil et al., 1978). The
box plots use a central mark within each box to represent the median
(50% exceedance) forecast; the upper and lower boundaries of the box
indicate the 25% and 75% exceedance forecasts, respectively; the
whiskers (horizontal lines) above and below the box denote the 10% and
90% exceedance forecasts, respectively; and the circular markings
illustrate the outliers. Flow duration curve (FDC) analysis was per-
formed to complement the metric-and-hydrograph-based evaluation of
the ensemble model forecasts by assessing the full river flow distribution
and the ability of the ensemble to reproduce extreme flow conditions. A
FDC expresses the percentage of time that a flow value is equalled or
exceeded by ranking flows in descending order, and assigning each
ranked value an exceedance probability using the Weibull plotting-
position formula (Eq. (19)) (Ridolfi et al., 2020)

P, = x 100 19

n+1

where i is the rank after sorting flows in descending order, and n is the
total number of observations.

The FDCs were developed for the unbiased test period ensemble
predictions, and comparison was done against the corresponding
observed flow, and contributing individual models (Westerberg et al.,
2011).

To evaluate model predictive performance under extreme flow
conditions and assess tail-fitting accuracy on FDC, two regime-specific
metrics proposed by Yilmaz et al. (2008) were utilised: the percentage
bias in the low-flow volume, %BiasFLV (Eq. (20)) and percentage bias in
the high-flow volume, %BiasFHV (Eq. (21)).

log(Qs1) — 10g(Qs) ] — Zlel [log(Qor) — 1og(Qov) |

. z ::‘:1 [
0, =
%BiasFLV S [10g(Qo) — log(Qor)]

x 100
(20)

Ef:l Qn —

Qon o
lej:l Qon

%BiasFHV = 100 21
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The %BiasFHV quantifies the model's ability to predict peak flow
conditions, defined as flows exceeding the 2% exceedance probability of
the FDC. In contrast, the %BiasFLV evaluates model performance during
low flow conditions corresponding to the 70%-100% exceedance
probabilities of the FDC (Yilmaz et al., 2008).

3. Results
3.1. Physically-based HEC-HMS model performance evaluation

The HEC-HMS model calibration and validation results for the
Semliki catchment are adopted from Mugume et al. (2026) while in the
present study, the HEC-HMS model was newly developed, calibrated
and validated for the Tochi River catchment. For the Semliki HEC-HMS
model, the Nash Sutcliffe Efficiency (NSE) and Percentage Bias (PBIAS)
values during calibration were computed as 0.67 and —5.7%, respec-
tively. Furthermore, the computed NSE and PBIAS values during vali-
dation were computed as 0.62 and + 10.6% respectively (Mugume et al.,
2026), which suggested good performance of the developed HEC-HMS
model during calibration and validation. The results also showed that
the HEC-HMS model tended to underestimate the peak flows during the
validation period (Fig. 4).

For the Tochi River catchment, NSE and PBIAS values during cali-
bration and validation were computed as 0.60 and +3.3%, respectively.
In addition, the NSE and PBIAS values during validation were computed
as 0.60 and —20.5%, respectively. These NSE results suggest satisfactory
performance of the developed Tochi HEC-HMS model during calibra-
tion. The NSE results also suggest satisfactory model performance during
validation (Moriasi et al., 2007). Furthermore, the PBIAS results of
+3.2% and —20.5% suggest satisfactory performance of the developed
HEC-HMS model. The results also show that the HEC-HMS model tended
to overestimate low flows and underestimated peak flows during both
calibration and validation periods (Fig. 5).

3.2. Machine learning and deep learning model performance evaluation

3.2.1. Semliki river catchment

The performance of individual ML and DL models in predicting the
Semliki River flows was investigated. Among individual models, LSTM
achieved the best performance (NSE = 0.891). The hybrid Diff-FFNN-
LSTM model produced the highest overall performance (NSE = 0.980)
(Table 3). Models generally achieved higher NSE values in the baseflow-
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dominated Semliki catchment (0.842-0.980), likely due to inclusion of
3-day flow lags representing base flow persistence (Table 1). The study
results also suggest that FFNN captured general temporal trends and low
flows but underestimated peak flows. The 1D-CNN improved peak
timing and magnitude, while LSTM demonstrated stable generalisation
without overfitting. The hybrid CNN-LSTM improved the representation
of peak flows and recession behaviour and generally outperformed in-
dividual CNN and LSTM models, although slight peak flow underesti-
mation remained. The heterogenous hybrid differential Diff-FFNN-
LSTM model showed strong agreement between observed and simu-
lated flows across flow conditions (Fig. 6).

The box plot analysis shows that all models reproduced observed
median flows across calibration, validation and testing, with errors
below 5%, although FFNN showed minor systematic bias during the
testing period (Fig. 7). In addition, the interquartile range ratios were
close to 1.0 for all models, indicating good representation of flow vari-
ability. High flow representation was generally adequate but was
underestimated by FFNN and LSTM models. Furthermore, the low flow
predictions were most accurate during model testing. Representation of
extreme outliers was strongest during model calibration and declined
during the testing phase. The largest reduction in extreme outliers was
observed for LSTM and 1D-CNN models (Fig. 7).

3.2.2. Tochi river catchment

The performance of five individual ML and DL models in simulating
the Tochi river flows was investigated. The results suggest that the FFNN
achieved the best performance (NSE = 0.698). The hybrid Diff-FFNN-
LSTM model produced the highest overall performance (NSE = 0.984)
(Table 2). Model performance in the rainfall-driven Tochi catchment
ranged from NSE values of 0.600 to 0.984 (see Fig. 8).

The results further suggest that FFNN captured overall temporal
patterns and mean flow conditions but underestimated peak flows and
produced timing errors during transitional phases (Fig. 8). The 1D-CNN
improved peak flow predictive performance and recession curve repre-
sentation, reducing overall error relative to FFNN. LSTM further
improved flow regime and peak representation, outperforming both
FFNN and 1D-CNN. The CNN-LSTM hybrid combined local pattern
recognition with sequential memory, thereby improving peak timing
and the simulation of recession flow. The Diff-FFNN-LSTM model
showed the best performance, accurately reproducing peak magnitudes,
stable baseflow conditions and recession behaviour in the Tochi
catchment.
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Fig. 4. Observed and simulated Semliki river flows during the calibration (2007-2009) and validation (2009-2011) periods (Mugume et al., 2026).
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Fig. 5. Observed and simulated Tochi river flows during the calibration (1999-2005) and validation (2005-2008) periods.

Table 1

Performance of the developed FFNN, 1D-CNN, LSTM, CNN-LSTM and Diff-FFNN-LSTM models for the Semliki River catchment during model calibration, validation

and testing.

Model IPn Z’ifga’:‘;f““ Calibration Validation Test
NSE 0.750 0.448 0.842
FFNN MAE 3.65 8.14 471
RMSE 6.10 13.63 8.19
NSE 0.875 0.693 0.887
1D-CNN MAE 2.81 6.47 479
RMSE 4.20 9.77 6.96
NSE 0.886 0.550 0.891
LSTM MAE 2.62 7.88 4.04
RMSE 4.06 10.64 6.52
NSE 0.859 0.641 0.900
CNN-LSTM MAE 2.81 6.74 3.89
RMSE 4.42 10.37 6.47
NSE 0.985 0.958 0.980
Diff-FEFNN-LSTM | MAE 1.00 2.40 1.15
RMSE 1.42 3.76 2.07

Rating | Very Good

Good | Satisfactory | Unsati y

Color

[ |

The box plot analysis shows that the Diff-FFNN-LSTM model repro-
duced median flows with errors below 5% across all periods, indicating
stable generalisation, while other models showed systematic over-
estimation exceeding 20% (Fig. 9). The river flow variability was
generally preserved across models, with interquartile range ratios close
to 1.0. However, the results also showed that the CNN-LSTM and LSTM
models under-predicted the river flows. The Diff-FFNN-LSTM provided
the most consistent variability representation.

The whisker analysis showed strong high-flow representation during
calibration, but increasing underestimation during validation and
testing. LSTM underestimated high flows across all periods, whereas
Diff-FFNN-LSTM maintained near-observed high river flow values. Most
models, except the Diff-FFNN-LSTM model, underestimated low flows.
Extreme high-flow outliers during testing were poorly captured by all
models except Diff-FFNN-LSTM, indicating that other models had
limited ability to predict the variability of extreme flood flows (Fig. 9).

11

3.3. BMA ensemble modelling strategies

3.3.1. Semliki river catchment

The BMA ensemble model implementation involved pre-processing
and calibration steps to ensure robust probabilistic forecasts (Ajami
et al., 2007; Raftery et al., 2005). To satisfy the Gaussian error
assumption required by the EM algorithm, the Box-Cox transformation
applied optimal power transformation parameter, 1 =—0.703 for the
Semliki catchment. This transformation normalised the error distribu-
tions of all base model predictions. Bias correction was applied in the
original space using linear regression between the base model pre-
dictions and the observed set to remove systematic errors that could
distort likelihood-based weighting (Table 3).

The EM algorithm converged after 414 iterations with a log-
likelihood of 9.95 x 10°® and an effective model count, K_eff, of 2.53
(out of 5 models). The convergence showed successful probabilistic
model combination, while the low K_eff indicated more weight con-
centration toward superior-performing models (Fig. 10).

The BMA weight distribution results suggest that the FFNN model
(variance = 3.7 x 10™) was the most dominant model (BMA weight =
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the median.

85.6%), followed by the 1D-CNN model (6.4%). On the contrary, the
Diff-FFNN-LSTM model received minimal weight (1.4%). The BMA’s
adaptive weighting demonstrates the BMA’s ability to automatically
reduce the influence of poorly performing models.

The study results also suggest that the BMA ensemble improved
performance relative to most individual models (Table 4), achieving
NSE = 0.848 and the lowest bias (—0.2%) among all models, demon-
strating strong simulation skill for the Semliki catchment (Fig. 11). The
simulated peak discharge is close to the observed, but with a slight time
lag for all peaks. The model also showed strong uncertainty quantifi-
cation, with 90% and 95% prediction interval coverages of 94.2% and
97.8% (Fig. 11). The time series analysis indicates that BMA combines
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complementary model strengths and widens the prediction interval
during peak flow events which suggests higher forecast uncertainty
during extreme conditions.

The flow duration curve, presented in (Fig. S3), showed that the
ensemble model closely reproduced the catchment’s flow regime, with
good agreement between the observed and simulated river flows across
both the upper and lower flow tails of the curve. Furthermore, the curve
generated by the ensemble model more effectively replicated the
observed trend across the entire flow range when compared with the
base models which demonstrated its superior performance.
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Table 2

Performance of the developed HEC-HMS, FFNN, 1D-CNN, LSTM, CNN-LSTM and
Diff-FFNN-LSTM models for the Tochi River catchment during model calibra-
tion, validation and testing.

Model Performance Indicator Calibration Validation Test
HEC-HMS NSE 0.603 0.592
MAE 4.65 5.36
RMSE 6.31 7.73
FFNN NSE 0.582 0.422 0.698
MAE 4.26 6.85 3.93
RMSE 6.48 9.01 6.76
1D-CNN NSE 0.674 0.520 0.650
MAE 3.74 6.43 3.11
RMSE 5.73 8.33 5.80
LSTM NSE 0.744 0.536 0.600
MAE 3.36 6.11 3.65
RMSE 5.06 8.09 6.57
CNN-LSTM NSE 0.754 0.662 0.694
MAE 3.71 5.61 4.18
RMSE 4.98 6.89 6.80
Diff-FFNN-LSTM NSE 0.981 0.980 0.984
MAE 0.41 0.36 0.38
RMSE 0.63 0.61 0.79

3.3.2. Tochi river catchment

The implementation of the BMA ensemble involved systematic pre-
processing to ensure robust probabilistic forecasts in the hydrological
environment. A Box-Cox transformation with optimal 1 = 0.099 was
applied to normalise error distributions. The EM algorithm converged
after 268 iterations which indicated greater difficulty in achieving stable
weight estimates due to the variable flow regime. The final weight dis-
tribution showed a strong concentration toward the Diff-FFNN-LSTM
(84.9%) (Fig. 12).

The remaining weight was distributed among CNN-LSTM (9.6%),
LSTM (5.4%), FENN (0.1%), and 1D-CNN (0%). The ensemble recorded
an effective model count K_eff, of 1.43 (out of 5), indicating low model
diversity. However, the non-zero weights of CNN-LSTM and LSTM still
showed that BMA’s likelihood formulation did not fully converge on the
best-performing base model but retained contributions from multiple
models.

The ensemble slightly outperformed the best individual model across
several metrics (Table 5), with NSE improvement and RMSE reduction of
0.42% and MAE reduction of 7%, indicating that modest improvement
resulted from the ensemble model combination. The uncertainty anal-
ysis showed well-calibrated prediction intervals, with 90% and 95%
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coverage rates of 93.1% and 95.0%, which closely match nominal tar-
gets for reliable probabilistic operational hydrological forecasting. The
study results also suggest that the prediction intervals widened during
high flow events and narrowed during base flow periods (Fig. 13), which
reflected the expected uncertainty patterns under extreme conditions. In
Fig. 13, the time series comparison shows strong ensemble model per-
formance in capturing rapid flow dynamics, including rising limbs, peak
timing and magnitude, and recession behaviour. Despite reproducing
the observed flow distribution reasonably well, with good agreement in
normal and low flows, as seen in the FDC (Fig. S4), the ensemble tended
to under predict the extreme peaks in the left tail of the curve. The in-
dividual model curves exhibited a similar pattern, remaining clustered
around the ensemble curve, which shows that the ensemble combines
the complementary strengths of the base model while improving overall
consistency with the observed flow regime.

3.4. TV-DMA ensemble modelling

3.4.1. Semliki river catchment

The TV-DMA ensemble was implemented to enable adaptive model
weighting that responds to changing hydrological conditions. Based on
an initial performance screening (NSE > 0.7), all five models were
selected for the combination so as to balance model diversity with
computational efficiency. The static initial weights computed based on
inverse bias-corrected sum of squared errors (SSE) were as follows:
FFNN: 0.2578 (26%); LSTM: 0.1496 (15%); 1D-CNN: 0.1440 (14%);
CNN-LSTM: 0.1585 (16%); and Diff-FFNN-LSTM: 0.2902 (29%).

The dynamic weight update mechanism incorporated two key fea-
tures: a regime-adaptive learning rate (a_fast = 0.15) to enable rapid
weight adjustment in response to changing model performance, and a
minimum weight constraint (0.6) to ensure that the superior model
maintained dominant influence. The weight evolution analysis repre-
sents the adaptive nature of the ensemble (Fig. S1), with the FFNN
model generally dominating, especially during high flow periods
(August-October), the CNN-LSTM given slightly more weight during
rising flows (June-July), the 1D-CNN and Diff-FFNN-LSTM with higher
weights during low flows (April-May), and stable weighting during the
recession period (October).

The results of the ensemble modelling suggest that the TV-DMA
exhibited strong adaptive performance, with near-zero bias and accu-
racy close to the results obtained using the hybrid Diff-FFNN-LSTM
model (Table 6). The ensemble's lower bias compared to the
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Fig. 8. Daily rainfall, observed and simulated Tochi River flows during model calibration, training and testing periods for HEC-HMS, LSTM, CNN-LSTM, 1D-CNN,

Diff-FFNN-LSTM, and FFNN models.
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Fig. 10. Final BMA weights and model contributions for the Semliki
River catchment.

Table 3

Bias correction results — Semliki BMA.
Model Slope Intercept  NSE before NSE after ANSE

BC BC
FFNN 1.15 —4.49 0.745 0.769 +0.0244
LSTM 1.08 —2.03 0.673 0.683 +0.0095
1D-CNN 0.92 3.95 0.669 0.675 +0.0054
CNN-LSTM 0.95 2.92 0.657 0.660 +0.0036
Diff-FFNN- 0.91 4.25 0.745 0.752 +0.0075
LSTM

Table 4

BMA ensemble performance comparison for the Semliki River catchment.
Model PBIAS (%) NSE RMSE MAE (m®/s)
FFNN -1.85 0.847 8.37 5.11
LSTM —0.94 0.771 10.25 6.32
1D-CNN -3.05 0.730 11.12 6.73
CNN-LSTM —4.03 0.749 10.74 6.42
Diff-FFNN-LSTM -1.99 0.841 8.55 4.88
BMA ensemble —0.20 0.848 8.34 4.94

individual models demonstrates the effectiveness of the continuous
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adaptive weighting utilised by the TV-DMA method.

The hydrograph analysis showed good performance in capturing
both the timing and magnitude of flow variations of the catchment
(Fig. 14). This predictive accuracy was further supported by the FDC
analysis (Fig. S5), which showed that the ensemble curve reproduced
the general trend of the flow regime and reduced divergence from the
observed by the base models, with only slight underestimation of
extreme peaks.

3.4.2. Tochi river catchment

The TV-DMA ensemble was implemented using targeted model se-
lection to balance performance and computational efficiency. Based on
preliminary screening (NSE > 0.5), the CNN-LSTM and Diff-FFNN-LSTM
models were retained while weaker models were excluded. The results
of the weight evolution (Supplementary Information Fig. S11) showed
dynamic redistribution, with Diff-FFNN-LSTM model dominating major
peak events (January to February 2008), the CNN-LSTM model gaining
influence during transition periods, and stable dominance of the best
model during moderate flows (March to May 2008).

The study results also suggest that the TV-DMA ensemble out-
performed all individual models (Table 5), achieving an NSE value of
0.831, which was higher than the NSE values for the BMA (ANSE =
+0.047) and the Diff-FFNN-LSTM models (ANSE = +0.012) (Table 7).
The ensemble maintained near-zero bias and improved log-space NSE by
1.6%, indicating improved low-flow prediction. The comparison of river
flow hydrographs during the test period showed improved representa-
tion of multi-peak events and rapid recession behaviour typical of flashy
river catchment regimes (Fig. 15). The ensemble model’s ability to
improve prediction accuracy was also demonstrated by the flow-
duration-curve analysis (Fig. S6), in which near-perfect agreement
with the observed curve was obtained.

3.5. Extreme river flow analysis

Tables 8 and 9 present the FHV and FLV calculations for the Semliki
and Tochi River flows. The computed FDC bias indicates clear differ-
ences in the ability of the evaluated models to reproduce the observed
streamflow regime. For Semliki, the FFNN and Diff-FFNN-LSTM indi-
vidual models resulted in slightly low (acceptable) underestimation of
peak and low flows. The TV-DMA model also resulted in the lowest
overall bias and the closest agreement with the observed flow-duration
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Fig. 12. Final BMA weights for the Tochi River catchment.

Table 5

BMA ensemble performance comparison for the Tochi River catchment.
Model PBIAS (%) NSE RMSE MAE
FFNN —22.41 0.640 5.93 3.48
LSTM —17.43 0.605 6.21 3.10
CNN-LSTM —4.78 0.641 5.92 3.76
Diff-FFNN-LSTM —6.75 0.707 5.34 2.47
BMA ensemble —-18.86 0.710 5.32 2.30

curve. Furthermore, the performances of the TV-DMA and BMA
ensemble models were comparable. For Tochi, only the Diff-FFNN-LSTM
individual model resulted in excellent estimation of peak and low flows.
Furthermore, the TV-DMA model also resulted in very low (acceptable)
underestimation of peak flows and moderate overestimation of low
flows and its performance was superior when compared to corre-
sponding results obtained using the BMA ensemble model. These results
demonstrate that dynamic ensemble weighting improves representation
of both flood and low-flow conditions while reducing individual model
structural prediction errors.

4. Results discussion
The presented study combined individual ML, DL and hybrid model

architectures (FFNN, LSTM, 1D-CNN, CNN-LSTM, and Diff-FFNN-LSTM)
using the Time-Varying Dynamic Model Averaging (TV-DMA) approach,
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which was evaluated through case studies of the Semliki and Tochi
catchments in the Upper White Nile basin. In addition, the performance
of the TV-DMA was benchmarked against corresponding results ob-
tained using the BMA approach. This discussion interprets the main
findings on the reliability of physically-based HEC-HMS, the individual
ML, DL and hybrid ML models, and the comparative performance
evaluation of the developed EDL methods.

4.1. Performance evaluation of individual base learner models

The HEC-HMS model for the Semliki River catchment, which was
developed in an earlier study (Mugume et al., 2026), demonstrated
reliable performance in predicting the prevailing river flow conditions in
the base flow-dominated Semliki River catchment. The study findings
for the rainfall-runoff dominated Tochi River catchment showed less
satisfactory performance of the developed HEC-HMS model, particularly
in simulating peak flows. Overall, the HEC-HMS model performance for
both catchments was less superior when compared to the tested data-
driven models. The current study’s findings agree with Murungi et al.
(2026), who demonstrated that the length of training data tended to
influence the performance of individual ML and DL models: i.e., ML and
DL models can outperform physically-based models as data availability
increases. However, in instances when the training data is limited,
process-based models or hybrids of process-based and data-driven
models become more reliable. In addition, integration of ML models
with data augmentation approaches has also been shown to improve the
reliability of river flow predictions (Kratzert et al., 2018).

The study results also suggest that in the Semliki River catchment,
the LSTM model (NSE = 0.891) outperformed other individual models.
The superior performance of the LSTM model in the Semliki catchment
may be attributed to its ability to learn long-term temporal dependencies
and catchment storage dynamics (e.g., groundwater and snowmelt)
which could have enabled it to gain hydrological memory. Base flow-
dominated catchments such as those with snowmelt contributions
exhibit stronger hydrological memory and flow persistence, character-
istics that are well suited to the memory architecture of LSTM networks
(Kratzert et al., 2019b; Sabzipour et al., 2023). In contrast, rainfall-
runoff-dominated catchments are characterised by rapid hydrological
responses and flashy flow regimes that are generally more difficult to
represent using recurrent architectures alone (Kratzert et al., 2019b,
2018).
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Fig. 13. BMA comparison during the test period for the Tochi River catchment.

Table 6
TV-DMA ensemble performance comparison for the Semliki River catchment.

Model PBIAS (%) NSE MAE (m®/s) RMSE (m®/s)
FFNN —5.14 0.911 4.20 6.37
LSTM —-4.33 0.808 5.82 9.39
1D-CNN -2.33 0.797 6.35 9.45
CNN-LSTM —4.56 0.823 5.83 9.01
Diff-FFNN-LSTM —0.54 0.925 3.31 5.85
TV-DMA Ensemble —0.42 0.910 3.81 6.42

In contrast, the study findings showed that the FFNN model resulted
in superior performance (NSE = 0.698) when compared to other base
learner models in the rainfall-runoff dominated Tochi catchment. These
findings reflect the rapid hydrological response of the Tochi catchment,
where rainfall-runoff generation is driven primarily by short-term
meteorological inputs rather than long-term flow persistence. These
findings agree with previous studies which have shown that FFNN
model performance is influenced by catchment characteristics and that
these models can effectively represent nonlinear rainfall-runoff re-
lationships in rapidly responding catchments (Shamseldin et al., 2002;

Toth and Brath, 2007). The present findings are also consistent with
Staudinger et al. (2025), who demonstrated that ANN models can
effectively exploit the strong autocorrelation inherent in hydrological
time series through lagged input windows, despite lacking an explicit
memory mechanism.

Furthermore, the superior performance of the FFNN in the Tochi
catchment could also be attributed to the longer observational record,
which comprised approximately 11 years of concurrent rainfall and
river flow data compared with 5 years for the Semliki catchment. A
larger training dataset provides a more comprehensive representation of
hydrological variability, thereby improving model calibration and pre-
dictive performance (Toth and Brath, 2007).

The study findings also demonstrated superior performance of the

Table 7

TV-DMA ensemble performance comparison for the Tochi River catchment.
Model PBIAS (%) NSE NSE _log MAE RMSE
CNN-LSTM -3.20 0.651 0.729 3.30 5.69
Diff-FFNN-LSTM -0.24 0.819 0.891 1.61 4.10
TV-DMA Ensemble —0.34 0.831 0.905 1.63 3.96
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Fig. 14. TV-DMA test period comparison for the Semliki River catchment.
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Table 8
Percentage Bias (%Bias) in FHV and FLV for Semliki River Flows.
Model % % Model Performance
BiasFHV BiasFLV
FFNN —15.833 —8.805 low (acceptable) underestimation
of peak and low flows
LSTM —32.016 —18.601 large underestimation of peak
flows, very low (acceptable)
underestimation of low flows
1D_CNN —15.064 18.104 low (acceptable) underestimation
of peak and low flows
CNN_LSTM —13.354 —-6.172 low (acceptable) underestimation
of peak and low flows
DIFF_FFNN_LSTM —4.374 0.08 Excellent reproduction of high and
low flows
TV_DMA_Ensemble —15.251 16.571 low (acceptable) underestimation
of peak flows and low (acceptable)
overestimation of low flows
BMA_Ensemble -7.612 —-19.699 low (acceptable) underestimation

of peak and low flows

Table 9
Percentage Bias (%Bias) in FHV and FLV for Tochi River Catchment.

Model %
BiasFHV

%BiasFLV ~ Model Performance

FFNN —58.353 23.541 large underestimation of peak
flows, moderate overestimation of
low flows

large underestimation of peak
flows, large overestimation of low
flows

large underestimation of peak
flows and large overestimation of
peak flows

large underestimation of peak
flows, large overestimation of low
flows

Excellent reproduction of peak and
low flows

very low (acceptable)
underestimation of peak flows,
moderate over estimation of low
flows

moderate underestimation of peak
flows, large underestimation of
low flows

LSTM —52.828 34.208

1D_CNN —39.331 98.299

CNN_LSTM —43.870 94.741

DIFF_FFNN_LSTM 0.730 1.455

TV_DMA _Ensemble —7.997 44.329

BMA _Ensemble —26.945 —380.304
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heterogeneous Diff-FFNN-LSTM hybrid model in both catchments (NSE
> 0.980). Our study findings agree with Yin et al. (2022), Liu et al.
(2024), and Feng et al. (2026), which demonstrated the potential of
recent hybrid and attention-based deep learning architectures in
improving river flow predictions by combining temporal modelling with
enhanced feature extraction. These results also agree with the findings of
Lin et al. (2021), Mugume et al. (2024) and Pokharel & Roy (2024), who
attributed the superior performance of hybrid models to their ability to
combine the strengths of individual models, resulting in superior river
flow predictive performance in data-scarce regions. Furthermore, the
Diff-FFNN-LSTM model also provided more consistent reproduction of
observed river flow distributions (central tendency, flow variability,
peak and low flows, and extreme events), as indicated by the flow
duration curve analysis. This improved performance can be attributed to
the first-order differential processing algorithm, which stabilises input
time series by reducing non-stationarity and enhancing the representa-
tion of dynamic flow transitions, as well as the independent training of
the FFNN and LSTM sub-models (Kratzert et al., 2019a; Lin et al., 2021).
These Diff-FFNN-LSTM model features likely improved simulation of
rapid flow transitions, including rising limbs, peak flows and recession
behaviour, which are critical for reliable river flow prediction in
data-scarce catchments.

4.2. Performance and reliability of ensemble modelling strategies

The results demonstrate the value of combining diverse ML, DL and
hybrid architectures using dynamic ensemble weighting. TV-DMA ach-
ieved high deterministic accuracy and near-zero systematic bias in both
Semliki (NSE = 0.910; PBIAS = —0.42%) and Tochi (NSE = 0.831;
PBIAS = —0.34%). By updating model weights based on time-varying
prediction errors, TV-DMA adapted the ensemble contribution to
changing flow conditions, improving model reliability under non-
stationary conditions. This finding is consistent with Ruan et al.
(2022) who reported superior rainfall runoff predictive performance
and lower prediction uncertainty for TV-DMA compared to individual
FFNN, LSTM, and GRU models. However, their study used three indi-
vidual neural architectures. In our current study, we have demonstrated
through the use of TV-DMA to integrate diverse and heterogeneous
model architectures that included the hybrid first order differential
processing Diff-FFNN-LSTM model, which incorporates first-order dif-
ferential processing, greatly enhances river flow predictive
performance.
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In addition, the dynamic weight evolution also showed hydrologi-
cally plausible behaviour, with greater contributions from Diff-FFNN-
LSTM during low flows and FFNN during peak flows, indicating that
TV-DMA can exploit complementary model strengths across flow re-
gimes. Ruan et al. (2022) similarly reported that TV-DMA maintained
lower error rates than individual models in both flood and non-flood
seasons, although performance declined during high-flow periods.

In contrast, BMA produced lower deterministic performance, with
NSE values of 0.848 and 0.710 for Semliki and Tochi, respectively.
Nevertheless, BMA reduced prediction errors relative to most individual
models and resulted in PBIAS values of —0.20% for Semliki and
—18.86% for Tochi River catchments, respectively. These results are
consistent with Darbandsari and Coulibaly, (2020) who showed that the
entropy-based BMA approach can improve both the deterministic and
probabilistic peak river flow predictions while accounting for uncer-
tainty arising from differences among model structures. The study
findings also agree with Huang et al. (2019) who showed that the BMA
outperformed individual Random Forest (RF), Artificial Neural Network
(ANN) and Support Vector Machine (SVM) models for daily river flow
forecasting.

However, the BMA uncertainty bands widened during peak flows
and narrowed during sustained low flows, indicating greater predictive
uncertainty under extreme conditions. This behaviour agrees with
Moknatian and Mukundan (2023), who showed that despite the high
uncertainty, BMA substantially improved the proportion of observations
contained within prediction intervals compared with individual
objective-function-based simulations during high-flow periods when
model divergence is greater (Darbandsari and Coulibaly, 2020;
Moknatian and Mukundan, 2023). These findings indicate that BMA
may provide useful probabilistic information even when its determin-
istic performance is lower than that of TV-DMA.

The differences between the ensemble approaches also highlight the
importance of model diversity and relative predictive skill. Ensemble
gains were modest where Diff-FFNN-LSTM already provided the stron-
gest deterministic predictions (Sharma et al., 2019). The stronger TV-
DMA improvement in Tochi may therefore reflect greater variation in
model skill under its rapidly changing rainfall-runoff regime. TV-DMA
reproduced the observed flow-duration curve more accurately and
reduced predictive bias, suggesting that adaptive weighting may be
particularly useful where rainfall-runoff relationships vary rapidly over
time.

The contrasting results between Semliki and Tochi further indicate
that ensemble performance is influenced by catchment hydrological
characteristics. TV-DMA resulted in greater improvement in Tochi,
whereas BMA achieved stronger bias reduction and prediction-interval
performance in Semliki. The substantially lower BMA bias in Semliki
may reflect its stronger flow persistence and base flow contribution,
which favour probabilistic averaging of individual models with similar
temporal behaviour.

However, the current study was limited to two tropical, data-scarce
catchments with contrasting flow regimes, and the relative advantages
of the two ensemble strategies may depend on rainfall variability,
catchment storage, data availability, diversity and predictive skill of the
constituent ML and DL models. Future research work, considering, a
larger set of hydro-climatic regions is therefore required to establish the
transferability of these findings.

It should also be noted that the Tochi observational record was
approximately twice as long as that of the Semliki catchment, which
likely improved model training, parameter-tuning stability and
ensemble calibration, resulting in more robust predictive performance.
In contrast, the shorter Semliki record may have constrained model
exposure to flow variability and reduced the stability of uncertainty
estimates.

With respect to computational efficiency, the BMA and TV-DMA
ensemble model runs utilised approximately 0.07 and 0.80 min. Rela-
tive to the process-based HEC-HMS model, the BMA ensemble reduced
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computational time by 98.0-98.4%, while the TV-DMA ensemble ach-
ieved a reduction of 77-81%. Although the TV-DMA ensemble incurred
a longer runtime because model weights were updated at each time step,
it remained substantially more computationally efficient than HEC-
HMS, supporting its application in near real-time operational river
flow forecasting where both prediction accuracy and computational
speed are critical (Refer to Supplementary Information Table S8).

4.3. Model transferability and generalisability

The study results suggest that transferability of the individual ma-
chine learning (ML) and deep learning (DL) models from the Semliki to
the Tochi catchment was constrained by differences in hydrological
regimes and data availability. The best-performing individual LSTM
model trained on Semliki's hydrological conditions underperformed, on
the unbiased test set, when applied to Tochi's rainfall-driven flow con-
ditions. This aligns with findings by Ma et al. (2024), who reported
limited spatial transferability of ML and DL models in river flow pre-
diction without local data integration.

However, the individual Diff-FFNN-LSTM model and the TV-DMA
ensemble model resulted in comparable performance in Semliki and
Tochi catchments, respectively. These findings further suggest that use
of the differential processing approach facilitates reduction of
catchment-specific non-stationarity in data-scarce environments. In
addition, the TV-DMA demonstrates enhanced adaptability by adjusting
model weights in response to local hydrological conditions, thereby
improving transferability across catchments. However, to further
enhance model generalisability and transferability, future research is
required to improve dynamic weighting ensemble model training using
diverse data sets that encompass a wide range of hydrological conditions
that include arid, snow-dominated and regulated rivers (e.g., Ueda et al.,
2025).

4.4. Ensemble modelling constraints

Sequence-based deep learning models such as LSTM and CNN-LSTM
utilised different optimised lookback window lengths during pre-
training, necessitating temporal alignment of base model predictions
before ensemble generation. This required the trimming of early time
steps based on the longest lookback length to obtain a common, valid
window consistent across all base learner models.

In this study, ensemble calibration was undertaken using prediction
windows aligned with the maximum lookback lengths of 30 days for
Tochi and 28 days for Semliki to establish a common-day evaluation
period for consistent comparison with ensemble predictions (e.g. Krat-
zert et al. (2019) and Ruan et al. (2022). This adjustment reduced the
effective ensemble training dataset which decreased the recomputed test
performance metrics by approximately 0.3-13% for most models, with
larger reductions of 20-30% for the FFNN model. These findings high-
light the sensitivity of performance metrics to evaluation window har-
monisation which is an important consideration in ensemble
hydrological modelling.

4.5. Study limitations and future research directions

The key study limitations included limited observed hydro-
meteorological data, potential uncertainty in input data quality, and
evaluation using two tropical catchments, which may constrain gen-
eralisability and transferability of the developed dynamic weighting
EDL approach to other catchments. Similar hydrological deep learning
studies have shown that model reliability and transferability improve
when trained on larger multi-basin datasets with more diverse hydro-
climatic conditions and expanded predictor sets (Kratzert et al.,
2019b; Nearing et al., 2021). In addition, the ensemble evaluation was
limited to a specific set of ML, DL and hybrid base learners (i.e. FFNN,
1D-CNN, LSTM, CNN-LSTM and Diff-FFNN-LSTM). However, other
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advanced deep learning architectures may yield different ensemble
behaviour. Additionally, to the authors’ knowledge, no previous studies
have reported specific multiplier ranges for adjusting river flow regime
responses in ensemble deep learning frameworks, which necessitated
use of a conservative range so as to maintain numerical stability while
accounting for model structural and parameter uncertainty (e.g. Shu
et al., 2023). In view of the identified study limitations, future
research should evaluate TV-DMA transferability across broader hydro
climatic regions and incorporate predictors derived from bias-corrected
reanalysis datasets. Furthermore, future research should investigate the
effect of dynamic weight evolution and model prediction uncertainty in
TV-DMA approaches, and develop state-dependent functions to sys-
tematically calibrate regime-dependent multipliers through hyper
parameterisation of different multiplier combinations. Future work
could also extend model predictive capabilities to multi-day lead times
through encoder-decoder model architectures and investigate the
effectiveness of hybrid physics-informed ensemble deep learning ap-
proaches in enhancing river flow predictive accuracy and reliability in
data-scarce environments.

5. Conclusions and recommendations for future research

Accurate river flow prediction is essential for resilient and sustain-
able water resources management including the design, operation or
rehabilitation of hydraulic infrastructure for water supply, irrigation,
flood control and hydropower dams, particularly in regions that are
increasingly exposed to climate change induced extreme events. This
study evaluated an ensemble deep learning approach that integrates
FFNN, 1D-CNN, LSTM, CNN-LSTM and the heterogenous Diff-FFNN-
LSTM models using the Time-Varying Dynamic Model Averaging (TV-
DMA) ensemble in two hydrologically contrasting, data-scarce tropical
catchments in the Upper White Nile Basin. The results demonstrate that
model diversity can improve prediction reliability when individual ar-
chitectures exhibit complementary strengths across flow regimes.

The Diff-FFNN-LSTM model consistently provided the strongest
individual-model performance, with NSE values of 0.980 and 0.984 for
Semliki and Tochi, respectively. Its performance indicates that first-
order differential processing can provide a useful strategy for stabilis-
ing non-stationary flow sequences and improving the representation of
changing flow conditions. This suggests that differential processing is
particularly relevant where rapid transitions in river flows constrain the
performance of conventional deep learning model architectures.

Furthermore, the TV-DMA provided the strongest overall ensemble
performance, achieving NSE values of up to 0.910 and PBIAS below
0.5%. Its principal practical value is its ability to update model contri-
butions as predictive skill changes over time, rather than relying on fixed
model weights. This adaptive formulation provides a basis for opera-
tional forecasting systems in which different models can contribute ac-
cording to prevailing hydrological conditions. Previous ensemble
forecasting research similarly identifies adaptive model combination
and uncertainty treatment as important directions for improving the
reliability and operational usefulness of river flow forecasts (Ruan et al.,
2022; Troin et al., 2021).

The findings show that the benefits of dynamic ensemble modelling
depend on catchment characteristics and the predictive diversity of the
constituent models. TV-DMA performed particularly well in the rainfall-
runoff-dominated Tochi catchment, whereas BMA provided competitive
probabilistic performance in Semliki. Therefore, the results do not imply
universal superiority of TV-DMA or BMA, but indicate that adaptive
weighting can be advantageous where model skill varies with hydro-
logical conditions. The proposed framework is consequently most rele-
vant as a flexible forecasting strategy for catchments where non-
stationary flow behaviour and limited observations make reliance on a
single model or fixed ensemble weights less desirable.

However, this research faced several limitations. First, the analysis
relied on a relatively short observed hydro-meteorological data from
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only two catchments, making the results sensitive to input data quality,
sampling period and the representation of extreme hydrological condi-
tions. Deep learning models can be particularly sensitive to observa-
tional errors and out-of-sample extremes, while limited observations can
constrain model transferability across catchments (Murungi et al.,
2026). Second, the ensemble was restricted to five base learner archi-
tectures, namely FFNN, 1D-CNN, LSTM, CNN-LSTM and Diff-FFNN-
LSTM, and therefore did not assess newer architectures such as Trans-
formers or Graph Neural Networks. Third, although TV-DMA dynami-
cally adjusted model contributions, the weighting mechanism tended to
concentrate weights on the strongest-performing models, potentially
reducing the diversity of the ensemble and limiting the benefits of model
combination when one architecture dominates predictive skill. Finally,
the findings were evaluated in only two contrasting tropical catchments
and therefore should not be assumed to be transferable to other hydro-
climatic regimes without further validation.

Furthermore, future research should: (a) Evaluate the transferability
of TV-DMA across a broader range of tropical and non-tropical hydro-
climatic regimes using predictors derived from bias-corrected reanalysis
datasets; (b) Investigate the relationship between time-varying model
weights and prediction uncertainty and assess its performance using of
real-time observations and meteorological forecasts to support opera-
tional river flow forecasting; (c) Extend model predictive capabilities to
multi-day lead times using encoder-decoder architectures and (d)
Investigate the effectiveness of hybrid physics-informed ensemble deep
learning approaches in enhancing river flow predictive accuracy and
reliability in data-scarce environments.

Overall, the study demonstrates that reliable and accurate river flow
prediction in data-scarce tropical catchments benefits from combining
catchment-sensitive pre-processing, heterogeneous hybrid deep
learning model architectures with differential processing to capture
rapid flow transitions, non-stationarity-aware network design, and dy-
namic ensemble modelling strategies. The developed approach can
enable reliable, computationally efficient simulation of river flows and
inform future development of river flow forecasting and flood early-
warning systems in data-scarce regions.
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