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Abstract. Although intermittent rivers exist naturally, climate change along with changes in land use and occupation have

a direct influence on streamflow permanence. Measurements and modelling in non-perennial rivers are still scarce and yet,

essential for prediction and understanding of water scarcity scenarios. Thus, this work aims to map and model the spatio-

temporal dynamics of an intermittent river. The study area is the Umbuzeiro River in the Brazilian Semiarid (∼100 km), whose

spatially coherent streamflow occurs exclusively in the wettest months during the rainy season. We conducted twelve UAV5

surveys between March and November 2022 in selected river reaches. With the imagery from UAV surveys, we classified river

reaches into "Wet","Transition", "Dry" or "Not Determined" with visual inspection of 1.0 m reaches. In order to explain the

observed patterns, we analysed 40 candidate predictors based on static and dynamic landscape attributes and grouped them

into three Random Forest models based on the different source for dynamic predictors. Among these, altitude, drainage area,

distance from dams, and dynamic predictors and one different dynamic predictor per model proved to be the most informative10

in Random Forest models. We selected three Random Forest models based on the different dynamic predictors. The selected

models differ in the source and type of dynamic predictor used to capture the temporal dynamics: (a) series of Sentinel MNDWI;

(b) series of Planetscope NDVI; and (c) accumulated precipitation antecedent precipitation index (30 days). All model variants

successfully described river intermittency with an accuracy of around 80% for both test and training datasets. Models (a) and

(b) captured the temporal dynamics in model extrapolation to the whole river. When analysing the spatial distribution of flow15

intermittency, models (a) and (c) better identified areas more prone to "Wet" or "Transition" classes. This way, model (a) was

identified as the most successful in simulating intermittency both temporally and spatially. The use of Sentinel MNDWI in

model (a) aggregates enough spatial information, so the model can better simulate water occurrence classes. The findings

presented here emphasize the possibility of using this index even in narrow non-perennial rivers, although its performance

may vary depending on local hydrological and environmental conditions. The modelling framework developed in this study20

contributes to a broader understanding of flow intermittency as a spatially complex and highly dynamic process over time. The
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integration of high-resolution predictors demonstrates a scalable and adaptable approach for mapping wetness conditions in

non-perennial rivers using landscape attributes, dam presence, and satellite indices as predictors.
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1 Introduction

The presence of intermittent and ephemeral rivers is increasingly prevalent in drainage networks around the world (Messager

et al., 2021). Although they have always existed naturally, changes in land use and land cover further influence the permanence

of runoff (Shanafield et al., 2021). According to recent research, changes in temperature, precipitation, damming structures, and30

human water demands can increase the irregularity of spatio-temporal characteristics in rivers and make them more intermittent

(Messager et al., 2021). Additionally, regions already prone to flow cessation are likely to present an amplification of drying,

expressed as increase in drying extent and duration under climate change scenarios (Reynolds et al., 2015; Sauquet et al.,

2021).

In semi-arid regions there is a prevalence of intermittent rivers. Surface runoff is largely controlled by low annual precipi-35

tation and intense but short rainfall events (De Figueiredo et al., 2016). Furthermore, high evapotranspiration rates influence

watercourses in these climate zones (Pereira et al., 2019; Costa et al., 2021; Rodrigues et al., 2021). It is of vital importance

to study naturally occurring intermittent rivers due to their impact in local and regional water availability, socio-hydrological

relations, biodiversity, and ecological functions and services (Medeiros and Sivapalan, 2020; Fovet et al., 2021; Pereira et al.,

2025).40

Intermittent rivers are non-perennial rivers or streams with variable cycles of wetting and flow cessation, with surface flow

sustained for periods longer than individual storm events and influenced by groundwater contributions (Busch et al., 2020).

In addition to this temporal discontinuity, flow intermittency interrupts hydrological connectivity along the river and produces
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spatial discontinuity as well. This happens both by the formation of disconnected river reaches and the contraction of the entire

network (Godsey and Kirchner, 2014; van Meerveld et al., 2019; Prancevic et al., 2025).45

The temporal and spatial discontinuity of stream �ow strongly affects the patterns of physical, chemical, and ecological

processes (Costigan et al., 2016; Shana�eld et al., 2021). An example is the assessment of the ecological status of intermittent

rivers that depends on the duration of the drying phase (Mazor et al., 2014). In addition, metacommunity assembly mechanisms

can have a seasonal response to changes in hydrological conditions of intermittent rivers (Sarremejane et al., 2017). The

evaluation of spatio-temporal patterns of water occurrence throughout the river is also important for studies on water supply to50

diffuse populations, global changes, and extreme events (Jaeger et al., 2023; Mimeau et al., 2024).

The drying and re-wetting cycles create complex hydrological patterns of diverse water occurrence patches. Extrapolating

point data from �uviometric stations is not enough to characterize the spatio-temporal variation of these patterns throughout a

drainage network (Snelder et al., 2013; Costigan et al., 2017; Beaufort et al., 2019; Mimeau et al., 2024). Usually, �uviometric

measurements record the characteristics of only one transect. They can be useful to study the frequency of low �ow events in55

that part of the river network (Eris et al., 2019), but not to understand how the dry and wet patches are distributed in a reach. The

wetting and drying patterns of intermittent rivers are important to quantify the amount of �owing, pooled and dry conditions

which directly affects the habitats for aquatic and terrestrial species (Sefton et al., 2019). Data collection along a river reach can

be used to estimate water occurrence dynamics in similar parts of the drainage network. Therefore, it is necessary to investigate

ways to collect and extrapolate available measurements in space and time, particularly for unmonitored areas.60

Unmanned aerial vehicles (UAVs) represent an accurate approach to study water resources on a detailed scale (Acharya et al.,

2021) and have already been used as a tool to observe water surface areas and river stages (Niedzielski et al., 2016; Simplício

et al., 2021). The high spatial resolution of most UAV-acquired images makes it possible to detect even small changes in water

surface areas. For intermittent rivers, this is important because of the natural characteristics of these rivers that can be complex

and very dynamic (Borg Galea et al., 2019). Water occurrence patterns can change very quickly in semi-arid climates due to65

very concentrated rainfall events, so through the use multi-temporal UAV surveys we can map dynamic patterns in detail.

Random Forest models have been applied to forecast the spatial distribution of drying patterns in intermittent rivers by

researchers (Snelder et al., 2013; González-Ferreras and Barquín, 2017; Beaufort et al., 2019; Price et al., 2021; Mimeau

et al., 2024). However, these studies usually focus on �ow/non-�owing classi�cation of river segments. It still lacks attempts to

classify different spatio-temporal dynamics of water occurrence in intermittent rivers (i.e. disconnected patches). The predictors70

used in Random Forest models for intermittent rivers are usually related to the river physical characteristics (slope, width,

drainage area, etc) and climate variables (precipitation, temperature, etc) (Beaufort et al., 2019; Mimeau et al., 2024). However,

most of the time it is dif�cult to identify the main drivers of intermittency in a smaller reach and acquire suitable data. That is

why the use of satellite images is being implemented in prediction models to extrapolate the observational characteristics of

water occurrence in an area (González-Ferreras and Barquín, 2017; Mimeau et al., 2024).75

This study addresses a critical knowledge gap on spatial patterns of intermittency in a river. Although the general role of

topographic and climatic drivers is well established, little is known about how proximity to human modi�cations, such as farmer

dams, may in�uence the presence of water in river reaches. Furthermore, methodological approaches capable of integrating
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multiple data sources (e.g., UAV, landscape attributes, and machine learning) are still limited, particularly in intermittent rivers

where wet patches are hard to map.80

Here, we explore how different environmental and anthropogenic variables contribute to the occurrence of water in inter-

mittent reaches. When we combine �eld-based classi�cations with Random Forest modelling, we investigate not only the

prediction accuracy of different data sources, but also the relative importance of physical attributes and land use drivers on

river wetness patterns.

The aim of this work is to map and model the spatio-temporal dynamics of an intermittent river. For this, we acquire suitable85

�eld data to map different water occurrence patterns in the Brazilian semi-arid region. With Random Forest models, we model

river intermittency using remote sensing-derived data and climate variables. We also identify the most important variables that

affect intermittency.

2 Study area

The Umbuzeiro River is the main stream of the Benguê catchment, which comprises an area of approximately1;000 km2. The90

Benguê Reservoir (18 hm3) is located at its outlet and was built in 2000. This catchment is located in one of the driest parts

of the Brazilian semi-arid region (Fig. 1): Its mean annual potential evaporation is approximately 2.500 mm and mean annual

rainfall amounts to around 560 mm with high temporal variability (Medeiros and de Araújo, 2014). Vegetation is predominantly

Caatinga, a dry forest that is endemic to Brazil.

Figure 1. Umbuzeiro River in the Benguê catchment with the monitored river reaches used in UAV surveys: upstream, middle, and down-

stream. Precipitation is measured in the Aiuaba Experimental Basin (AEB) and it is shown the monthly data for 2022. Stream�ow is measured

in Aroeira section with no stream�ow observed during the year of 2022.
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There is a large number of reservoirs in the area, which may impact river intermittency by modifying water permanence and95

downstream drying patterns. According to Mamede et al. (2018), 114 reservoirs can be found in the catchment, most of them

( 75%) in its lower portion. Since 2011 the stream�ow has been monitored at the Aroeira section. According to measured data

(2011–2020), the average stream�ow occurred on 40 days/year with an average discharge of0:63 m3s� 1, considering only the

years with any stream�ow at all (7 years out of 10) (Lima et al., 2022). In Fig. 1, we can observe the three monitored reaches

(upstream, middle, and downstream) and the monitoring pluviometric and �uviometric stations. The panel at the bottom of the100

�gure illustrates the seasonal rainfall pattern, which characterizes the intermittent nature of surface water in the region.

3 Materials and methods

3.1 Modelling work�ow

Work�ow follows the �owchart shown in Fig. 2. There are three main steps: (1) UAV data collection and mapping, (2) model

training, and (3) application to the whole river. Step 1 encompasses the river course visual mapping. Then, we conduct UAV105

surveys multiple times in river reaches, producing high-resolution orthomosaics. We use the images to classify 1.0 m reaches

in water occurrence classes, which are used as ground-truth data for model training and evaluation. In step 2, input data from

predictor variables is used during the training of Random Forest classi�cation models in order to obtain the same class as in the

observed data (UAV-derived classi�cation). Training includes the use of static and dynamic landscape attributes as candidate

predictors to explain the observed patterns of water occurrence. In a recursive process, we compute the importance of the110

candidate predictors (or features). We test three models based on predictor subgroups and select the most important predictors

in each model The Random Forest models are retrained with the selected predictors in order to obtain the best models. In step

3, the models are applied to the entire river. Analyses were performed using custom R scripts and datasets archived on Zenodo

(Soares et al., 2026).

3.2 Data collection115

3.2.1 Modelling units

For our modelling approach, we divided the river into segments of equal size which constitute spatial modelling units (Fig.

3). Circular areas are chosen to represent these segments to better follow the river's sinuosity. The modelling units have 50%

overlap, so that adjacent conditions are considered when determining the water occurrence of each area. Analyses of stream

habitats are usually measured by wetted width, where a sampling reach has a length of 20 times the maximum mean wetted120

width, with a recommended minimum of 50 m (Datry et al., 2021; Fencl et al., 2015). In order to make our models useful for

these analyses, modelling units are also spaced every 50 m and have a diameter of 100 m.
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