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With the increasing integration of artificial intelligence (AI) in several scientific domains, there is a 
rising demand for advanced AI tools capable of addressing advanced research challenges. A challenge 
of paramount importance lies in accurately predicting the streamflow within river basins. Effective 
river flow prediction holds significant relevance, particularly given the substantial societal implications 
of river usage, encompassing areas such as transportation, agriculture, and power generation. The 
present study introduces a novel approach to streamflow prediction involving the development of a 
Deep Learning (DL) model that combines a convolutional neural network with Transfer Learning (TL) 
techniques to predict streamflow in river systems. With the aim of training the developed DL model, 
the study employed a time-series dataset containing hydrological data related to two distinct river 
basins, i.e., Paraíba do Sul, in Brazil, and Zambezi in the state of Mozambique. The developed DL 
models exhibited the capability to effectively predict the river flow with a one-day horizon, relying on 
the preceding three or seven days of historical data. To overcome the limited availability of training 
data and reduce the training time of DL models, TL was leveraged to incorporate two additional 
distinct time-series datasets, i.e., historical streamflow data from the São Francisco River in Brazil, and 
climate data from Delhi, India. The application of TL significantly reduced training time, leading only 
to a minimal decrease in prediction performance. Indeed, in the case DL models were trained on data 
collected from the Paraíba do Sul River, a substantial reduction in training time was observed - up to 
27% - with a modest percentage decrease of 0.31% in test predictive performance (R2). Similarly, TL 
induced a significant reduction in training time of up to 48%, while resulting in a modest 2% reduction 
in test predictive performance (R2) for the Zambezi dataset. The findings underscore the significance 
of TL as a strategic and viable approach to improve the efficiency of river flow prediction models in the 
context of basins with limited hydrological data available.

Reliable river flow data are critical, as they play a fundamental role in managing the environmental, societal, 
and economic aspects of water resources1,2. Indeed, accurate streamflow data enable hydrologists to assess the 
health of aquatic ecosystems, support flood and drought management, and shape decision-making processes 
in agriculture, industry, and urban development3,4. Additionally, by relying on accurate streamflow data, 
hydroelectric power facilities can regulate water discharge or retention to effectively face energy demand, thereby 
influencing river flow dynamics to support residential, agricultural, and industrial needs5,6.

Streamflow modeling relying on river flow data has been leveraged in several applications, including 
reservoir operations7, predicting hydroelectric energy output8, mitigating flood risks9, planning hydraulic 
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infrastructure10, evaluating human-induced impacts on water resources11, and predicting extreme climatic 
events12. Such applications underscore the importance of reliable streamflow predictions13. As a result, the 
demand for accurate streamflow prediction to enhance water resource management has grown significantly, 
both on short-term and long-term horizons13,14. Nevertheless, ensuring reliability in such remains a significant 
challenge in the field, and such a challenge arises mainly from the dynamic interactions and high spatial and 
temporal variability of the factors governing the hydrological cycle, which drives the conversion of precipitation 
into river flows15. Additionally, the inherently nonlinear nature of rainfall-runoff processes further complicates 
the development of accurate predictive models16.

The latest advancements in water monitoring technologies have significantly improved the ability to collect 
comprehensive daily data across entire watersheds, from primary sources to the smallest tributaries17–19. As a 
result, extensive historical data repositories were created, encompassing data representing basic flow-related 
measurements to more complex data, such as land-use patterns20 and water pollutant concentrations in water21. 
Within the latter datasets, hydrological data are usually recorded periodically to enable effective monitoring, and 
the collected observations can be represented as time series, capturing both typical values and anomalies, such 
as unusually high or low river flow volumes.

The available data supported the development of Machine Learning (ML) based models to predict river 
behavior22–24. However, it must be noted that in past years, streamflow modeling has traditionally relied on 
Physically Based Models (PBMs) that are capable of representing the fundamental equations governing 
the hydrological cycle25,26. Consequently, implementing PBMs necessitates detailed information about the 
considered basin, such as climatic conditions, soil properties, and drainage channel characteristics.

The requirement for such extensive hydrometeorological data can make physically based models impractical 
in poorly monitored basins. While PBMs often achieve high accuracy when sufficient input data are available, 
they typically cannot function reliably in data-scarce contexts until the necessary parameters are provided13. In 
contrast, data-driven models can remain effective and offer reliable predictions even with limited input data27, 
making them attractive alternatives in ungauged or under-monitored basins28,29.

Regarding the employment of the latter method, it is worth noting that TL was already presented in 1976, 
with the publication of an article describing its novel application30. Since then, it has been proven to represent a 
viable solution to contemporary challenges related to the development of effective DL models31, such as the need 
for large amounts of labeled data32 and the high computational cost associated with the efficient training of deep 
neural networks33. In particular, the main idea of TL is to address the previously mentioned issues by reusing 
effective previously trained models and their acquired knowledge to solve similar problems. In this context, only 
the parameters of specific neural network layers are adjusted to fit the new application context, thereby avoiding 
the need to retrain the entire network.

In contrast, data-driven methods have recently emerged as powerful tools for streamflow prediction34–37. 
Unlike PBMs, data-driven models leverage patterns in historical data, often yielding accurate results with lower 
computational costs and without requiring the explicit representation of complex hydrological mechanisms38. 
Indeed, the latter models can identify correlations between input and output data of hydrological systems without 
considering the involved physical processes22,39. In particular, data-driven models can predict the hydrological 
components of interest by employing mathematical equations that only fit the available training data40. In 
addition, DL models have shown promising performance in capturing intricate land-atmosphere interactions, 
making them well-suited for river flow predictions, especially in data-rich regions41,42.

Several traditional ML-based hydrological models, for instance, based on k-Nearest Neighbors, Support 
Vector Machine, Random Forest, Artificial Neural Networks, and DL, have proven to be effective in predicting 
the streamflow22,39. However, despite ML and DL-based models having proven their effectiveness, a persistent 
challenge in the context of hydrology is represented by the prediction in ungauged basins, where monitoring 
data are limited, sparse, or even nonexistent43. Indeed, nowadays, several world regions still present a low density 
of hydrometeorological stations compared to other data-rich regions44. Moreover, existing station networks 
suffer from issues related to limited historical data, uneven distribution, data series inconsistencies, and limited 
measurement periods36,45. Such data gaps are partly due to the region’s vast size and the inaccessibility of areas 
where monitoring stations are located, such as national parks and indigenous lands.

Convolutional Neural Networks (CNNs), originally inspired by the concept of local receptive fields46, 
have evolved significantly and are now widely applied beyond image analysis. In recent years, CNNs have also 
demonstrated strong performance in time-series prediction tasks, including hydrological forecasting, due to their 
ability to capture local temporal patterns and reduce dimensionality through convolution and pooling layers47,48. 
In this context, the development of data-driven models capable of generalizing beyond data-rich environments 
is of critical importance49. Recent studies36,44,45,50 have demonstrated the effectiveness of machine learning 
and deep learning approaches for daily streamflow prediction in regions with limited hydrometeorological 
data, highlighting their strong performance under data-scarce conditions. Furthermore, it was noted that the 
effectiveness of ML models in streamflow prediction is not only due to their resilience in handling the scarcity 
of available hydrometeorological information but also in dealing with the frequent non-stationary nature of the 
considered data45,51.

In addition to the approaches mentioned above, TL offers a still underexplored but promising approach to 
address the limited availability of hydrological training data in several world regions: the concept of TL in deep 
neural networks allows a model to be trained on well-monitored systems, with calibrated parameters subsequently 
applied to systems where monitoring data are limited or even unavailable52,53. Such an approach facilitates 
knowledge transfer from observed basins to a few measured or unmeasured basins54–56. Indeed, hydrologists 
could transfer learned DL parameters to predict the river flow in basins with limited or no available hydrological 
data through pre-training DL models on well-monitored basins. Thus, the TL technique enables knowledge 
transfer across basins with differing hydrological characteristics, allowing for more robust and widespread river 
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flow predictions55,56. As such, TL not only holds potential for advancing the reliability of streamflow prediction, 
but it also addresses the PBMs drawbacks by supporting model applications across diverse hydrological contexts, 
potentially improving in a significant manner DL predictive capabilities in the context of hydrology54–56.

Research motivations
Despite the significant growth in hydrological modeling research in recent years, the Brazilian literature on 
AI, in particular, related to DL models for streamflow prediction, remains relatively underexplored36,44,45,50. 
Therefore, the present study aims to advance such a field by developing DL models that incorporate TL, which 
can significantly contribute to the field of hydrology research within the considered state.

In particular, the current study relies on the usage of Convolutional Neural Networks (CNNs) as a specialized 
kind of DL model, which has been widely adopted in the past literature22,57,58. Indeed, it is worth noting that, 
while CNNs have predominantly been applied in image classification and facial recognition research59,60, they 
have also demonstrated remarkable performance in the context of time-series modeling, as evidenced by prior 
studies61,62. Moreover, the present study proposes the utilization of TL techniques63, where a pre-trained CNN 
model, trained initially on a specific dataset, is repurposed to predict data from a different context, thus reducing 
the need for retraining the underlying DL model from scratch.

Recent literature on Transfer Learning (TL) has explored its applications in hydrological modeling and 
machine learning adaptation. Studies have categorized and reviewed TL methodologies, examining their 
connections with other machine learning approaches and outlining potential directions for future research54. 
Several works have investigated how pre-trained models can be adapted for use in different geographical regions 
or data-limited environments. One approach demonstrated the effectiveness of leveraging large-scale datasets 
to initialize and fine-tune machine learning models for streamflow prediction across diverse basins in Asia, 
South America, and Europe64. Another study proposed a TL framework based on Transformer architectures, 
enabling accurate flood forecasting in areas with limited data by utilizing models trained on data-rich basins 
without relying heavily on basin-specific attributes65. Additionally, TL techniques have been applied to improve 
the accuracy of Global Hydrological Models through LSTM-based corrections, particularly in ungauged basins, 
where results showed significant improvements over uncorrected models66. Further research has also examined 
the applicability of TL in snow-influenced watersheds using LSTM models trained on U.S. watershed data to 
predict daily streamflow in similar environments55.

Research objectives
The primary objective of the study is to evaluate the effectiveness of CNNs, enhanced by TL, for reliable river flow 
predictions, specifically focusing on applications in both data-rich and data-scarce hydrological environments. 
To achieve the latter aim, the study was guided by the following key objectives:

•	 Investigating how CNN models, pre-trained on hydrometeorological data collected from well-monitored 
basins, could improve streamflow predictions in the context of ungauged basins with limited data available.

•	 Assessing the impact of contextual attributes represented in the pre-training datasets – such as basin-specif-
ic hydrological and climatic conditions – on the transferability and resulting performance of CNN models 
adapted via TL.

•	 Establishing general guidelines for effectively selecting pre-training datasets and implementing TL methodol-
ogies for hydrological modeling in multiple, but even often, data-limited environments.

•	 Analyzing the efficiency improvements in time and computational resources achieved when employing TL 
jointly with CNNs.

The forthcoming part of the article is organized as follows: “Material and methods” section describes the 
leveraged data and applied streamflow predicting methodologies; “Experimental results and discussion” section 
presents and discusses the obtained results, highlighting both their strengths and limitations; and “Conclusion” 
section concludes the present study.

Material and methods
Study sites
The first set of streamflow data on which the current work was focused was collected within the state of Brazil. 
Within such a state, the National Water Agency (Agência Nacional de Águas—ANA)67 is currently responsible 
for overseeing the National Hydrometeorological Network (Rede Hidrometeorológica Nacional—RHN), i.e., a 
comprehensive system comprising 4641 monitoring stations distributed across the whole country. Such stations 
are divided into distinct categories: several stations are responsible for monitoring hydrological parameters 
related to river systems, such as water levels, flow rates, water quality metrics, and sediment transport, while 
other stations primarily measure the evolution of the rainfall.

The available network of the above-mentioned hydrometeorological stations is particularly critical for 
managing water resources in several key regions of the state of Brazil, such as the Paraíba do Sul hydrographic 
basin, which is of significant importance, as it spans three of the country’s most populous states, i.e., Rio de 
Janeiro, São Paulo, and Minas Gerais. Additionally, its strategic location places the basin between Brazil’s two 
major industrial hubs: Rio de Janeiro and São Paulo. Moreover, such a basin is home to an extensive industrial 
complex with over 6,000 manufacturing facilities and 120 hydroelectric power plants, contributing approximately 
11% of the national gross domestic product68.

The second set of considered data, leveraged to carry the present study, was collected from the Zambezi 
watershed, which is located in Southern Africa and spans eight African countries, i.e., Angola, Zambia, Namibia, 
Botswana, Zimbabwe, Tanzania, Malawi, and Mozambique69. Precipitation phenomena play a crucial role in the 
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latter region, and its abundance or eventual scarcity may have significant impacts. Consequently, drought is the 
primary natural disaster affecting such basins. In response to the persisting climatic challenges, the region hosts 
some of the world’s largest dams, including the Kariba Dam, which is the third largest globally, and the Cahora 
Bassa Dam, i.e., the twelfth largest globally70.

Figure 1 illustrates the locations of the river basins employed in the present study, along with the hydrological 
monitoring stations from which the historical streamflow data were collected.

Study scenarios
Moreover, in order to assess the effectiveness of TL methodologies, CNN models were trained using datasets 
collected from additional and distinct hydrometeorological contexts, relying on two extra sets of data, i.e., river 
flow time series from the São Francisco river basin, located in the state of Brazil, and data of a different nature, 
specifically climate time-series data collected from the city of Delhi, India. Relying on the above-described 
datasets, three different experimental scenarios were developed in the present study:

•	 Baseline scenario with basin-specific hydrological data: in this first scenario, the CNN model was trained 
solely with data collected from the investigated basins. In particular, two separate CNN models were trained: 
the first one was trained to rely on data obtained exclusively from the Paraíba do Sul river basin, and the 
second CNN employed data uniquely from the Zambezi River basin. Such a baseline scenario allowed for 
a focused evaluation of the models’ performance within a single data environment, thus enabling a direct 
assessment of the models’ performance without employing the TL method.

•	 TL with analoguous hydrological data: the second scenario aimed to evaluate the effectiveness of TL by 
pre-training a CNN model on hydrologically similar data, recovered from the well-monitored São Francisco 
river basin, before adapting it to the target basins considered within the present study. Such a pre-trained 
CNN model was then fine-tuned to predict river flows within the two target basins on which the present 
research focused. This approach tested whether knowledge gained from hydrologically similar contexts could 
enhance the CNN models’ predictive performance.

•	 TL with climate data: in the third scenario, a CNN model was pre-trained relying on climate time-series data 
recovered from a different geographical and hydrometeorological context. Such a DL model was then adapted 
to the target basins considered in the current study through TL. In particular, by employing climate data, this 
scenario investigated whether CNN models could properly reach remarkable predicting performance even 
when the pre-training dataset differs significantly from the target dataset, providing valuable insights to the 
employed data-driven model.

The overarching objectives of the above-described three scenarios aim to address the following research 
questions: could reliable and computationally efficient DL models be derived using TL methodologies in the 
context of the studied basins? Moreover, to what extent does the contextual disparity between the pre-training 
dataset and the target application context impact the CNN models’ final performance? Such questions have been 
explored and addressed in detail throughout the remaining part of the article.

Historical data used for transfer learning
The datasets leveraged in the present work were divided into two main groups. In particular, the first group was 
composed of time series data that served as the focal point of the present research, for which the objective was 
to generate reliable predictions, i.e.:

•	 River flow data collected from the Paraíba do Sul basin: time series data in this case were composed of 4748 
samples, collected between the years 2002 and 2014, representing the daily flow in cubic meters per second, 
measured at the collection point in the municipality of Campo dos Goytacazes municipality, taken from the 
ANA system71 (refer to the Fig. 2).

•	 River flow of the Zambezi basin: time series composed of 5844 samples, collected from the years 2003 to 2018, 
representing the daily flow in cubic meters per second, measured at the Cahora Bassa dam, Mozambique72 
(refer to the Fig. 3).

•	 River flow at the São Francisco Basin: time series with 4018 samples, collected from the years 2002 to 2012, 
representing the daily flow in cubic meters per second, measured in the Três Marias reservoir and taken from 
the ONS (Operador Nacional do Sistema Elétrico—Brazilian National Electric System Operator)73 (refer to 
the Fig. 4).

•	 Delhi city temperature time series: time series with 1575 samples collected between the years 2013 and 2017, 
representing the average daily temperature in degrees Celsius, measured in Delhi in India74 (refer to the Fig. 
5).

Regarding the above-reported time series, it must be noted that the same time interval could not be employed 
to train the CNN model due to the varying data availability collected from different national operators and 
environmental agencies. Moreover, such time series are typically non-stationary and exhibit distinct components, 
particularly trends reflecting long-term directional changes, seasonal components capturing recurring patterns 
due to periodic influences, and a high degree of stochasticity representing random fluctuations.

To ensure data consistency and mitigate the effects of missing or anomalous values, all time series were 
subjected to a preprocessing pipeline before training. Missing values were treated using linear interpolation 
to preserve temporal coherence while avoiding abrupt discontinuities. Although no explicit normalization of 
seasonality or anomalies was carried out in model inputs, this decomposition allowed us to qualitatively assess 
patterns and informed the windowing process.
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Fig. 1.  Geographical locations of the river basins employed in the present study. The stations from which the 
data were collected are shown in red. The maps depict three river basins’ spatial extents and key hydrological 
features. The top panel shows Brazil’s Paraíba do Sul River Basin, including main watercourses, cities, and 
state boundaries (Espírito Santo, Minas Gerais, Rio de Janeiro, and São Paulo). The middle panel presents 
the Zambezi River Basin in Africa, highlighting monitoring stations, the Cabora-Bassa dam, and country 
boundaries, primarily within Mozambique. The bottom panel illustrates the São Francisco River Basin in 
Brazil, showing main watercourses, tributaries, and the Três Marias Reservoir. Insets in each panel provide a 
broader geographical context for the respective river basins. The reported maps were prepared by the Authors 
relying on the QGIS software, version 3.40.0-Bratislava.
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In addition, a transformation of the time window data was performed relying on a proper function in which 
the size was defined for the input window M and output window N. Such a process is illustrated in Fig. 6, where 
the Paraíba do Sul historical data, initially in format (4748, 1), was transformed into format (4745, 3, 1) after 
applying windowing with M = 3 and N = 1. In particular, the present study conducted tests with M = [3, 7] 
and N = 1. Additionally, it is worth noticing that, owing to the need for M data points to form the input window 
and N data points for the output window, the final number of windows was set as (initial size) − M − N .

The designed CNN and TL models
For each of the considered datasets, a specific CNN model was built. CNNs are highly parametric DL architectures 
in which recursive convolutions are applied to extract patterns from data across multiple computing layers. 
Regarding the structure of the developed CNNs, the KerasTuner optimizer75 from the Keras Python library76 

Fig. 3.  Time series data of the Zambezi basin, collected daily from 2003 to 2018, representing river flow in 
cubic meters per second at the Cahora Bassa dam monitoring station.

 

Fig. 2.  Time series data of the Paraíba do Sul basin, collected daily from 2002 to 2014, representing river flow 
in cubic meters per second at the Campo dos Goytacazes monitoring station.
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was leveraged to define the number of units in each layer and their corresponding hyperparameters. The Mean 
Squared Error (MSE) metric was employed as the evaluation criterion to determine the best configurations 
within KerasTuner. Additionally, the considered datasets were randomly partitioned into training, validation, 
and test sets, which respectively accounted for 75%, 15%, and 10% of the total available data. The Table 1 
specifically presents the search ranges for the architectural details and hyperparameters of each model layer.

In the present study, the development of the DL models was divided into two different stages, as shown in 
Fig. 7.

In particular:

•	 During stage 1, the objective was to evaluate the performance of the DL prediction models without employing 
TL, hence solely training them relying on the time series considered as the focus of this work (refer to section 

Fig. 5.  Time series data of Delhi city, collected daily from 2013 to 2017, representing the average daily 
temperature in degrees Celsius.

 

Fig. 4.  Time series data of the São Francisco Basin, collected daily from 2002 to 2012, representing river flow 
in cubic meters per second at the Três Marias reservoir monitoring station.
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A of Fig. 8). A CNN-based model designed for the Paraíba do Sul river basin and a model for the Zambezi 
river basin was selected for subsequent comparison with CNN-based prediction models that leveraged TL. In 
particular, each selected DL model was obtained through a set of ten independent runs, finally considering 
the best-selected MSE value.

•	 During stage 2, DL models that relied on TL were selected. Relying on such a method, proper experiments 
were conducted for each DL model to determine the number of layers that should have been retrained after 
applying TL to achieve an accurate fit on unseen data. In particular, the performance of the CNN models was 
evaluated relying on two additional groups of data (refer to the Fig. 8), i.e., datasets collected from the same 
context as group A in Fig. 8, in this case hydrological flow data which is labeled as group B in the Fig. 8, and 
datasets recovered from a different context than group A, in this case temperature data labeled as group C in 
the Fig. 8. Finally, the model selection process mirrored that of the preceding stage, involving a series of ten 
runs conducted for each considered model.

Within each of the above-described stages, the CNN-based models leveraged M previous days to predict one 
day ahead for each of the analyzed time series. Furthermore, in each stage, two values of M were evaluated: one 
model by setting M = 3 and another by setting M = 7. The set values of M were chosen empirically in the 
preliminary studies to determine the initial parameters.

Experimental results and discussion
Table 2 reports the values of the performance metrics MSE, Mean Absolute Error (MAE), Root Mean Squared 
Error (RMSE), and R2 for the best-recorded predicted results among the ten runs performed for each considered 
dataset. Such metrics are reported for the CNN model that relied on the previous three days and the model that 
relied on the last seven days (respectively denoted as M = 3 and M = 7 in Table 2). The architecture and 

Parameter Search range

# of convolutional layers [3–6]

# of pooling layers [1, 2]

# of dense layers [1, 3]

# of dropout layers [0, 2, 5]

# of filters in convolutional layer [16–256]

Kernel size [1–3]

Activation function [Linear-Sigmoid-Relu]

# of neurons in dense layer [32–256]

Pool-size in pooling layer [1–3]

Table 1.  Search range provided to KerasTuner to define hyperparameters and architecture.

 

Fig. 6.  Windowing process employed on the time series data. The river flow time series are shown in blue, and 
three different windows are displayed with Ids 1, 2, and 3. In this example, M = 3 means a temporal window 
with three preceding steps. The window with Id=3 has input data as entries (d, e, f); its target is the output g, 
which stands one day ahead.
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hyperparameters of the developed CNN models for which performance results were reported in Table 2 were 
optimized within the specified search ranges outlined in Table 1.

As shown in bold characters within the Table 2, the CNN model with set M = 3 achieved the best 
performance on the data collected from the Paraíba do Sul basin, whereas the model with M = 7 yielded the 
best results when trained on the Zambezi basin data. To analyze the obtained results, it is worth noting that the 
Paraíba do Sul basin usually exhibits well-defined dry periods far from flood peaks. Thus, a larger input window 
M may introduce more noise during drought periods, affecting the performance of the DL model. The latter 
point could explain why the model in which M = 3 achieved better results for the basin considered. In contrast, 
the Zambezi basin usually displays less predictable dry periods; thus, a more significant amount of information 
could be beneficial for the underlying DL model. As a result, the CNN model that relied on M = 7 performed 
better for the latter basin.

As reported in Fig. 8, two different datasets were used to apply TL in the second stage of the present study, 
i.e., data collected from the So Francisco basin and climate data from Delhi, India. Table 3 presents the results of 

Fig. 8.  Historical data used in the first stage. The diagram shows the flow of data from initial collection to 
model training and validation for CNN-based streamflow prediction. It also illustrates the use of TL with data 
from different domains.

 

Fig. 7.  Processes involved in the stages of prediction and TL models. The diagram illustrates the workflow 
from the initial data collection and preprocessing to the development and evaluation of CNN-based prediction 
models, followed by enhancing these models using TL techniques.
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the predictive CNN models trained on the São Francisco and Delhi datasets. The possibility of applying TL was 
confirmed due to the remarkable performance observed on the two different datasets considered. In addition, 
it is worth noticing (in bold characters within the Table 3) that for the São Francisco basin, the best performing 
CNN model was the one with M = 7, whereas for the Delhi dataset, the best prediction model relied on M = 3.

TL was then applied to the DL models trained on the Paraíba do Sul and Zambezi river datasets, i.e. by 
retraining the last two layers. It was noted that retraining the previous two layers showed improved prediction 
performance concerning the top DL models for both the São Francisco and Delhi datasets, as well as for the 
Paraíba do Sul and Zambezi datasets, as reported in Table 4.

In the context of TL applied to CNNs, it is an established practice to reuse the initial convolutional layers, 
which capture low-level spatiotemporal features (e.g., edges, textures, periodic patterns) transferable across 
domains. In contrast, the final Fully Connected (FC) layers learn task-specific representations tied to the source 
domain’s output distribution. As a result, retraining only the last two FC layers is supported by both theoretical 
principles and empirical evidence77–79. The theoretical rationale is that convolutional layers extract generic, 

Dataset Metric 1 layer retrained 2 layers retrained

São Francisco (M = 7)

  Paraíba do Sul

MSE 0.00164 0.00070

MAE 0.02781 0.02062

RMSE 0.02834 0.02653

R2 0.69845 0.73700

  Zambezi

MSE 0.00172 0.00157

MAE 0.02994 0.02847

RMSE 0.04153 0.03961

R2 0.53048 0.57300

Delhi (M = 3)

 Paraíba do Sul

MSE 0.00040 0.00025

MAE 0.01097 0.00871

RMSE 0.02010 0.01572

R2 0.84829 0.90764

 Zambezi

MSE 0.00146 0.00154

MAE 0.02990 0.02846

RMSE 0.04127 0.03930

R2 0.53232 0.57956

Table 4.  Performance of transfer learning models with different numbers of retrained layers for São Francisco 
(M = 7) and Delhi (M = 3) datasets.

 

Traning dataset MSE MAE RMSE R2

São Francisco
M = 3 0.00201 0.02211 0.04486 0.94741

M = 7 0.00170 0.02047 0.04126 0.95593

 Delhi
M = 3 0.00256 0.03977 0.05064 0.91716

M = 7 0.00292 0.04221 0.05406 0.90779

Table 3.  Result of the average value of the metrics MSE, MAE, RMSE, and R2 of the ten runs for base San 
Francisco and Delhi using M = 3 and M = 7. Top prediction performance results for the trained models are 
highlighted in bold.

 

Training dataset MSE MAE RMSE R2

Paraíba do Sul
M = 3 0.00024 0.00085 0.01547 0.91052

M = 7 0.00026 0.01017 0.01642 0.89924

Zambezi
M = 3 0.00154 0.02733 0.03925 0.58061

M = 7 0.00145 0.02722 0.03809 0.60526

Table 2.  Result of the mean value of the metrics MSE, MAE, RMSE, and R2 of the ten runs for Paraíba do Sul 
and Zambezi bases using M = 3 and M = 7. Top prediction performance results for the trained models are 
highlighted in bold.
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hierarchical features, while fully connected (FC) layers near the output encode domain-specific mappings. 
Fine-tuning the latter preserves transferable, low-level knowledge while adapting high-level abstractions 
to the target task80. Empirical studies further validate the latter approach, demonstrating that retraining FC 
layers effectively balances computational efficiency and accuracy81,82. In particular, selectively tuning FC layers 
maintains the utility of source-domain features while realigning outputs to the target distribution. Last, but not 
least, techniques for automated optimization of these layers (e.g., via AutoFCL83) underscore the effectiveness of 
this selective fine-tuning strategy.

Table 5 compares the best DL architectures and hyperparameters obtained for the four different datasets 
considered, i.e. Paraíba do Sul, Zambezi, São Francisco, and Delhi. The CNN model architectures reported in the 
table were trained on such datasets with and without applying TL. Additionally, Table 6 compares the training 
times of CNN models with and without the application of TL. Such a comparison includes scenarios where TL 
was implemented using pre-training datasets from similar and different hydrological contexts. Moreover, the 
reported comparison was based on the top-performing CNN models, selected relying on the top MSE, MAE, 
RMSE, and R2 values. The reported tests can be divided into two blocks, i.e. one with M = 3 and another with 
M = 7. In comparing training times, although both TL applications resulted in a reduction of at least 14% with 
M = 3 and 3% with M = 7, the most significant time savings were observed when the pre-training dataset was 
more similar; regarding the context, to the final dataset. As a final result, TL leads to a training time reduction of 
54% with M = 3 and 20% with M = 7, as shown in Table 6.

The top prediction performance results for the trained models are highlighted in bold in Table 7. As a final 
result, such performance offers a comparative perspective on the impact of TL on processing efficiency under the 
considered specific conditions, in particular:

•	 For the Paraíba do Sul Basin, best results are noted for M = 3, which suggests a sensitivity to the basin’s 
characteristic behavior, including well-defined dry periods distant from flood peaks. In hydrological terms, 
shorter time windows, such as M = 3, may be more suitable for capturing the rapid changes in flow due to 
short-term rainfall events or minor fluctuations in river flow, which are typical during dry periods. Longer 
windows, like M = 7, might capture broader trends and introduce noise during these dry periods, impairing 
the model’s predictive accuracy.

Using M = 3

Training time in seconds

With TL
% reduction in 
training time

 Datasets Without TL São Frascisco Delhi São Frascisco Delhi

Paraíba do Sul 661.53 307.06 496.12 54% 25%

Zambezi 504.13 301.62 431.23 40% 14%

Using M = 7

Training time in seconds

With TL
% reduction in 
training time

 Datasets Without TL São Frascisco Delhi São Frascisco Delhi

Paraíba do Sul 841.60 816.66 811.74 3% 4%

Zambezi 928.36 743.27 765.68 20% 18%

Table 6.  Result of the tests performed to present the processing time with and without TL using M = 3 and M 
= 7.

 

Best architectures hyperparameters

Without TL With TL

Paraiba do Sul Zambezi São Francisco Delhi

M 3 7 7 3

# of Conv. Layers 5 5 6 5

# of pooling layers 1 1 1 1

# of dense layers 3 2 2 1

# of dropout layers 0 0 0 0

M 3 7 7 3

# of filters in Conv. Layer 112 176 48 240

Kernel size 2 2 2 2

Activation function Relu Relu Relu Relu

# of neurons in dense layer 256 128 224 256

Pool-size in pooling layer 1 1 1 1

Table 5.  Best hyperparameters found for each model.
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•	 In contrast, the Zambezi Basin, with its less predictable dry periods, benefits from a larger input window, i.e. 
M = 7. Such a longer time window allows the model to capture better seasonal variations and hydrological 
patterns that span longer periods, including potential flood events and the complex interactions of the basin’s 
tributaries. Hydrologically, this makes sense, as the model can integrate more data points, reflecting a broader 
understanding of the flow dynamics over time.

Regarding the above two points, within the comparison regarding the employed training time of the developed 
CNN models, it is possible to observe that the value of M directly influenced the performance of the TL model. 
Indeed, when setting M = 3, the pre-training dataset with a different context achieved better results, with a 
reduction of up to 40% in training time and a 4% improvement in performance, as measured by the R2 metric, 
when using the Zambezi dataset. Similarly, when employing the Paraíba do Sul dataset, a 25% reduction in 
training time was achieved, with only a 2% decrease in performance in terms of the R2 metric. On the other 
hand, in the case of M = 7, datasets from similar contexts outperformed in almost all cases, with a reduction of 
up to 20% in training time and a 0.2% improvement in the R2 metric when using the Zambezi dataset. Relying 
on the Paraíba do Sul data, a 4% reduction in training time was achieved, with a 2% decrease in performance 
concerning the R2 metric.

Furthermore, it is worth noting that for a value of M = 3, the context of the TL pre-training datasets 
had no significant impact on the final performance, with datasets from different contexts yielding the best 
results. However, for a higher value of M = 7, the context of the pre-training dataset directly influenced the 
final performance, with pre-trained TL models using datasets from the same context outperforming others. 
Additionally, it is worth noting that the use of TL consistently resulted in a reduction in computational cost, 
which was particularly significant in some cases.

The findings of this study align with recent advancements demonstrating the effectiveness of deep learning 
models in hydrological forecasting. One study applied an AutoML framework in conjunction with remote-
sensing rainfall data to predict streamflow in the Amazon basin, achieving strong predictive performance, 
although data scarcity was not specifically addressed36. Another study implemented Informer-based TL models 
for forecasting in data-limited regions, reporting outcomes similar to those of this work in terms of reduced 
training time and reliable accuracy52. In comparison, the approach presented here offers a more streamlined 
and computationally efficient architecture by utilizing convolutional neural networks (CNNs) with shorter input 
sequences. Furthermore, unlike previous efforts that relied on LSTM-corrected global hydrological models66, 
the CNN-based TL method proposed in this study eliminates the need for large-scale model calibration while 
maintaining competitive performance, particularly in ungauged basins. These comparisons highlight the 
potential of CNN-based TL as a practical and effective solution for hydrological forecasting under limited data 
and computational constraints.

The R2 values highlight variations in performance across different datasets and model configurations. To 
better understand these differences, we provide a comprehensive discussion of the key factors influencing the 
impact of TL. Specifically, we examine why TL enhanced performance in certain cases while leading to a slight 
reduction in others.

Using M = 3 With TL

 Datasets Metrics Without TL São Frascisco Delhi

Paraíba do Sul

MSE 0.000239 0.00056 0.00027

MAE 0.000859 0.01193 0.00814

RMSE 0.01653 0.02373 0.015474

R2 0.810523 0.78809 0.89722

Zambezi

MSE 0.001541 0.00179 0.00138

MAE 0.027332 0.03135 0.02582

RMSE 0.039259 0.04234 0.03724

R2 0.580611 0.51146 0.62209

Using M = 7 With TL

 Datasets Metrics Without TL São Frascisco Delhi

Paraíba do Sul

MSE 0.00026 0.00034 0.00036

MAE 0.00982 0.01308 0.01019

RMSE 0.01635 0.01864 0.01912

R2 0.89999 0.87013 0.86333

Zambezi

MSE 0.00134 0.00133 0.00168

MAE 0.02604 0.02559 0.02931

RMSE 0.03661 0.03654 0.04107

R2 0.63530 0.63654 0.54084

Table 7.  Comparison of results with TL and without TL, using M = 3 and M = 7. Top prediction performance 
results for the trained models are highlighted in bold.
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•	 Contextual Similarity of Datasets: TL performs well when the pre-training dataset shares hydrological charac-
teristics similar to the target dataset. Our study found that for M = 3, datasets from different hydrological con-
texts (such as the Zambezi and São Francisco basins) provided better results, likely because the CNN models 
could adapt to short-term flow dynamics more easily. However, for M = 7, the models performed better when 
the context of the pre-training datasets was more similar to the target data (such as the Paraíba do Sul and 
Zambezi basins). This suggests that TL is more effective when the hydrological processes governing the river 
flows are similar, such as rainfall patterns, seasonal variability, and flow regimes, which can aid the model in 
extracting relevant features more effectively.

•	 Model Configuration and Input Window Size (M): The difference in performance between M = 3 and M = 7 is 
partly attributed to the nature of the basins. For example, the Paraíba do Sul basin, with well-defined dry pe-
riods, performed better with M = 3, which helps avoid the inclusion of noise from longer periods. Conversely, 
with more unpredictable dry periods, the Zambezi basin benefited from the longer time window M = 7, which 
allowed the model to capture more complex, longer-term hydrological patterns, improving performance.

•	 Noise and Overfitting: In cases where TL was applied with datasets from dissimilar contexts (e.g., Delhi’s 
climate data), the model could introduce more noise, leading to slight performance reductions. This may be 
due to the model’s attempt to adapt to irrelevant or mismatched features, which could affect its generalization 
capacity, particularly with the longer input window (M = 7).

Figure 9 compares the time series computed with and without TL for the Paraíba do Sul and Zambezi River 
datasets. Even as depicted by the latter figure, as a final result, the usage of TL for the São Francisco and Delhi 
datasets suggests that the trained DL models were capable of leveraging pre-trained weights and features, leading 
to improved predicting performance, if compared to the DL models trained from scratch.

The findings of this study align with recent advancements demonstrating the effectiveness of deep learning 
models in hydrological forecasting. One study applied an AutoML framework in conjunction with remote-
sensing rainfall data to predict streamflow in the Amazon basin, achieving strong predictive performance, 
although data scarcity was not specifically addressed36. Another study implemented Informer-based TL models 
for forecasting in data-limited regions, reporting outcomes similar to those of this work in terms of reduced 
training time and reliable accuracy52. In comparison, the approach presented here offers a more streamlined 
and computationally efficient architecture by utilizing convolutional neural networks (CNNs) with shorter input 
sequences. Furthermore, unlike previous efforts that relied on LSTM-corrected global hydrological models66, 
the CNN-based TL method proposed in this study eliminates the need for large-scale model calibration while 

Fig. 9.  Comparison of streamflow predictions with and without TL for the Paraíba do Sul and Zambezi River 
datasets. The left panels show the actual and predicted streamflow, while the right panels present RMSE values 
for both configurations. The results highlight that, although TL slightly increased the error in these cases, it still 
provided competitive predictions by reusing pre-trained features, reducing training time and computational 
effort.
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maintaining competitive performance, particularly in ungauged basins. These comparisons highlight the 
potential of CNN-based TL as a practical and effective solution for hydrological forecasting under limited data 
and computational constraints.

Model strengths and limitations
The present study proved that TL may be viable for optimizing hydrological models under data constraints, 
particularly when pre-trained on similar environmental datasets. The method effectively balances model 
accuracy and computational efficiency, offering practical implications for streamflow prediction in data-scarce 
world regions.

TL showed remarkable prediction performance when applied to the São Francisco and Delhi datasets, which 
helped improve predictions for the Paraíba do Sul and Zambezi River datasets. This success can be attributed 
to TL’s ability to leverage previously learned hydrological features from related datasets. Indeed, São Francisco 
and Delhi likely share common hydrological patterns, such as seasonal variations and extreme events, which the 
TL models can use to improve predictive performance on new datasets. From a hydrological perspective, such a 
result indicates that the model can generalize better by learning standard features relevant across different basins.

The effectiveness of TL with datasets from similar and different contexts further emphasizes that the model 
performs better when pre-trained on datasets from the same hydrological context. Indeed, hydrological processes 
governing river flows, such as rainfall patterns, evaporation, and seasonal variability, tend to be more similar 
between datasets from the same region or basin type. Conversely, datasets from different hydrological contexts, 
such as Delhi’s temperature data, introduce additional variability, which explains the reduced performance. 
Nevertheless, the latter point also highlights the DL models’ flexibility in adapting to diverse environmental 
conditions.

A notable advantage of TL has been noted in experimental results as its ability to reduce the training time, 
particularly when the pre-training dataset comes from the same hydrological context. This efficiency is attributed 
to the model’s ability to reuse learned features, avoiding the need to start training the DL models from scratch. By 
adapting faster to new datasets, the learning process becomes more efficient. From a hydrological perspective, the 
latter result suggests that CNN models can leverage basin-specific dynamics, such as flow regimes and seasonal 
variability, to expedite training and enhance performance even with limited data.

The reported results also reveal that TL-based models reduce training time and maintain robust performance, 
even under challenging transfer scenarios. For instance, the proposed approach employed CNNs trained on 
data-rich regions, including streamflow data from the São Francisco Basin and climate data from Delhi, to 
enhance model adaptability in new river basins with limited data. These pre-training datasets created distinct and 
challenging scenarios to evaluate the model’s generalization capacity across domains with varying environmental 
characteristics. The findings demonstrate that the model effectively optimizes its predictive capacity in the target 
basins, Paraíba do Sul and Zambezi, while maintaining manageable computational demands.

Nonetheless, one significant limitation of TL is the potential for negative transfer, particularly when there is 
a significant divergence between the pre-training dataset and the target domain84–86. Moreover, it must be noted 
that discrepancies in feature space, temporal dynamics, or underlying climatic and hydrological processes can 
result in decreased model performance87–89. In our study, for example, pre-training using climate data from 
Delhi led to a modest reduction in accuracy when the model was applied to the Paraíba do Sul basin (Table 7). 
Furthermore, there remains a lack of well-established strategies for determining what knowledge to transfer 
and how to transfer it: In practice, these decisions are often made through empirical testing and trial-and-error 
approaches52,89,90. Although recent studies have proposed automated and adaptive transfer mechanisms, these 
methods are still in the early stages of development and have not yet been broadly implemented87,89,90. The 
previously discussed challenges underscore the importance of:

	1.	 Selecting pre-training datasets with strong hydrological or climatic similarity to the target domain;
	2.	 Applying adaptive transfer techniques to mitigate the risk of negative transfer;
	3.	 Avoiding the use of noisy or corrupted pre-training data, which can lead to overfitting to irrelevant features 

and degradation in downstream task performance;
	4.	 Ensuring structural compatibility between source and target domains to maximize the effectiveness of fea-

ture transfer.

Finally, such hydrological insights underscore that the models’ prediction performance is influenced not only 
by ML techniques but also by the extent to which the hydrological characteristics of each basin are represented 
in the training data. Understanding the underlying hydrological processes can guide future model development 
and improve the applicability of machine learning approaches to hydrological modeling. The ability to achieve 
reduced training times without significant performance loss positions TL-based models as a practical solution 
for large datasets, where extensive training times might otherwise render their use impractical.

Conclusion
In the present study, DL models were developed relying on TL to analyze their performance regarding training 
time and predictive performance. The central research questions guiding the carried investigation were: Can 
accurate DL models with low computational overhead be obtained by implementing TL? To what extent does 
the context of the pre-training data influence the final DL model prediction performance? To address such 
questions, this study explored the predictive capabilities of TL models for streamflow prediction within river 
basins, an issue of substantial environmental, economic, and societal importance.

The DL models were also constructed without using TL as a basis for comparing training time and 
performance. Thus, it can be asserted that the incorporation of TL resulted in notable reductions in training 
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time, with a decrease of up to 54% observed while incurring only a slight 2% decrease in the model performance, 
as indicated by the R2 metric. Furthermore, it is worth noting that in most cases, pre-trained TL models within 
contexts aligned with the target domain yielded significantly greater reductions in training time than using pre-
training data from unrelated contexts. Such a difference ranged from a minimum of 3 to 54%.

It must be noted that, despite the promising results, it is important to acknowledge the limitations of TL. 
Indeed, a primary concern is negative transfer, where knowledge from divergent pre-training domains adversely 
impacts performance in the target domain84–86. Such a risk arises from domain mismatches in feature spaces, 
temporal dynamics, or hydrological processes, thereby degrading model efficacy87,88. Compounding this issue, 
the absence of systematic methods to determine transferable knowledge often requires empirical trial-and-
error52,89. The latter limitations highlight the critical need for both selecting pre-training datasets with strong 
hydrological/climatic similarity to target domains and employing adaptive techniques to mitigate domain-
mismatch risks87,88.

While the present study focused on CNNs due to their ability to extract spatial and temporal features 
effectively in time series data, it is important to acknowledge that other deep learning architectures, such as 
Long Short-Term Memory (LSTM) networks or hybrid models (e.g., CNN-LSTM), have also demonstrated 
strong performance in hydrological forecasting. A direct comparison between CNN-TL and these alternative 
models was not included in this work, as our aim was to evaluate the viability of TL using CNNs under different 
contextual datasets. Nevertheless, future work should explore such comparative studies to assess the relative 
advantages of CNN-based TL against other architectures, particularly in terms of training efficiency, prediction 
accuracy, and robustness in data-scarce environments.

As outlined throughout this study, the relevance of TL is underscored by the notable reductions in the 
training time it provides while simultaneously minimizing any substantial performance degradation in the 
models. Nonetheless, several avenues for future research remain open, including but not limited to examining 
model performance when confronted with incomplete or noisy data, exploring training time efficiencies with 
larger datasets, and investigating the influence of additional temporal lags on the predictive model.
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