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2. ABSTRACT 

 
Understanding and quantifying the impacts of droughts is a major challenge given by the complex and 

contextual nature of droughts. This work reports the recent advancements in modelling the direct and indirect 

impacts of droughts on food, urban and energy sectors, and ecosystems. The activities are designed to cover 

all the impacts related to food, ecosystems, urban and energy sector in a diverse set of case studies. The case 

studies cover a diverse set of scales, hydroclimatic and socio-economic conditions from the North to the 

South of Italy. The case studies include the Po, Adige and Arno basins, the whole Sardinia region, the 

Venetian lagoon, and the peri-urban area of Palermo. The types of impact analysis span from observation 

data collection (e.g. section 4.1.1), agro-hydrological modelling (e.g. sections 4.2.1, 4.2.3, and 2.2.4) indices-

based assessments (e.g. 4.3.1). In addition to impact analysis on individual sectors, multi and cross-sectoral 

studies were conducted in the Po and Arno River. Case studies of Southern Italy focus particularly on 

impacts on urban water supply (4.2.11) since it is a major concern in present and future drought conditions. 

Within each case study, the complexity and diversity of methods and approaches varies depending on the 

local complexity of socio-economic and environmental conditions. For example, for the Po basin, the tested 

methods include a range of watershed-scale agro-hydrological models and machine learning techniques, 

while for the Palermo peri-urban case, in-field experiment of the impact of drought and fire conditions 

together with water-supply modeling suits for the urban component. 
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4 Models of the direct impacts on food and energy sectors, human 

health, ecosystems. 

4.1 Alpine Drought impact database.  

Objective 

This work aims at improving the understanding of past and current drought impacts in the Italian Alps by 

collecting unconventional data (e.g., newspaper articles and blogposts) on drought events and related impacts 

into a dataset. In particular, we aim at: 

1.   collecting news from Google News (open access source) 

2.   enrich the collected data though classification and filtering procedures 

3.   retaining a broader spectrum of information that can serve natural and social science applications 

Methodology 

Our methodology is composed of two main phases: data collection and data filtering. Within data collection, 

we tested an initial data scraping which was then refined aiming to collect the largest number of news. For 

the filtering phase, we first defined the four main criteria for making a news relevant by creating a set of 

guidelines for a replicable evaluation by both humans and linguistic models. Finally, we applied the set of 

guidelines using gpt-4o to classify news according to the relevance criteria in an automated way. 

Workflow design and overview 

We initially designed a comprehensive methodological workflow to describe the different phases needed to 

achieve the above-mentioned objectives. The workflow goes from the data collection to filtering procedure, 

the extraction of locations and classification for the impacted sectors (Figure 1). For each of the main phase, 

we also detailed the intermediate steps and specific actions needed (sub-phases) as well as the underlying 

questions guiding the specific activities. Due to the available time and as an initial adopting an incremental 

approach to achieve the full objectives, the work described in this deliverable focuses only on the first two 

phases of the overall workflow (coloured in red in Figure 1). 
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Figure 1: Developed workflow for the creation of a drought impact dataset (red boxes are those addressed in 

this deliverable) 

Data collection 

Initial data scraping 

The collection of data was carried out by developing a script in R to automatically scrape information from 

Google News on a weekly base. 

In order to obtain more numerous and relevant results, the choice of keywords (to enter in Google queries to 

then download respective results) fell on  

1. words referring to the possible drought-damaged sectors, terms belonging to the semantic and 

conceptual area of drought and impact types identified by standard literature, 

2. keywords with spatial markers identifying the Italian Alpine region (i.e., Valle dôAosta, Piemonte, 
Liguria, Lombardia, Trentino-Alto Adige and Friuli-Venezia Giulia) 

with keywords covering a wide range of socio-economic sectors were selected based on the experience 

developed in Madruga De Brito et al., (2020) and Stahl et al., (2016). 

By doing so, the resulting information extracted by this procedure were: the title of the newspaper article, the 

publication time, the url of the news, the news body text and the keywords used. 
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Data scraping improvements 

Given the limited results provided by Google News for each query (up to 100 news), the following activities 

aimed at improving the number of scraped data. Ørmen, (2016) reported that when collecting data from 

Google News, three components play a major role, namely: keywords, time, and location of the search.  

While keywords were selected based on the existing literature and previous attempt to classify sectors and 

impacts of drought, with respect to time variable, the chosen methodology consisted in repeating the research 

several times and cyclically every week to build up a reliable history of news articles. 

The more operational part focused on the location. In this case, we tested the effects of the address from 

which the search is made in terms of number of collected news by repeating queries with the same keywords 

from different IP addresses using a VPN (Bolzano-base, Rome, Palermo, Milan) and comparing the results. 

We hence considered different cases to compare how changing the IP address would affect the number of 

news resulting from three types of keyword combinations:  

1. basic: using ñsiccit¨ò (drought) as a keyword; 

2. containing specific geographical references: using ñsiccit¨+trentinoò (drought+trentino) e 
ñsiccit¨+alto+adigeò (drought+alto+adige); 

3. with references to an affected sector and containing geographical reference: using 

ñscarsit¨+idrica+alpiò (water+scarcity+alps) e ñdanni+siccit¨+agricoltura+alpiò 

(damage+drought+agriculture+alps). 

Data filtering 

Once data was scraped from Google News, we aimed at only keeping relevant items filtered in an automated 

way by using Natural Language Processing techniques. 

To do so, we implemented a first standard operation of removal of identical duplicates by comparing each 

row in the collected data by their url, title and date, and discarding those news with the same values for these 

three variables. 

For those retained data, the following task involved the detection of spam (i.e., news not about droughts) and 

the classification of news relevance. 

In this case, as mentioned, filtering is mainly about determining what to define as relevant news, building a 

spam/relevance grading scale, assigning relevance values to each piece of news and discard irrelevant news, 

in an automated way. 

Relevance attribution 

The attribution of a relevance level (which below a certain threshold qualifies the news as spam) is here 

treated as a problem of multiple binary classifications. The assessment of relevance addresses the question 

óhow close is each news to an article talking about drought impacts?ô. In particular, we approached this 

question breaking it down into four progressive binary criteria: 

1. Checking if the text body actually contains text (ñbodyò) 

2. Checking if the news text refer to droughts (ñdroughtò) 

3. Checking if the news generically referring to drought impacts (ñimpact/generalò) 

4. Checking if the news specifically referring to drought impacts (ñimpact-specificò) 

By doing so, we aim to attribute a score (0/1, as for no/yes) for each criterion (binary classifier) to each 

news. The target dataset is therefore structured as illustrated in Figure 2, with the columns in black 

containing the information available pre-classifications of relevance, and the columns in red corresponding 

to the four criteria of relevance (in this case binary classifiers: presence/absence of body of text, 

presence/absence of drought topic in news text, presence/absence of general mention to drought impacts, and 

presence/absence of specific details on drought impacts).  
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Figure 2: drought news dataset schema with base fields (black columns) and fields corresponding to the 

spam/relevance classifiers (columns in red). 

 Guidelines for relevance description 

Given the high complexity behind the ñrelevanceò concept, we defined a set of guidelines explaining (i) the 

characteristics of the four criteria (body, drought, impact generic and impact specific) and (ii) the rule to 

apply for a news text to be assigned into one or the other binary value. The document was developed and 

hence used as an instruction track for manual classification and later on for automatic machine classification 

(a graphic version of it is reported in Figure 3). To validate the criteria, two people manually annotated a 

subset of 50 news randomly sampled from the original dataset, autonomously and exclusively basing their 

judgement on the instructions described in the guidelines. This procedure was then followed by a comparison 

phase based on the analysis of the cases that, despite the same instructions, had been categorized differently. 

This process, useful to validate the classification indications, also resulted in a manually annotated and 

validated dataset, resulting, disambiguated disagreement cases, from the synthesis of the two annotations. 

This dataset was then used as a reference/gold standard to assess the annotation capacity of models used to 

automate the classification process. 

 

Figure 3: Infographic displaying instructions for the manual annotation of news items, contained in the 

guidelines. The flowchart reproduces the chain of steps and criteria to assign the labels. In addition, since 

the chart was developed having in mind to also provide geographic attributes, the right-hand side of the 

graph refers to phases related to these (this latter not included in the work here reported). 
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 Reference dataset description 

The annotated dataset/gold standard resulting from this procedure appears as shown in Table 1 below, with 

each row corresponding to a news item and each column to one of its distinguishing features, either already 

recorded at the collection stage (first 5 columns, black in Figure 2) or recorded now through manual 

annotation (last 4 columns, red in Figure 2) in filtering stage. 

Table 1 displays a subset of 5 examples out of the 50 randomly drawn items that make up the whole sample. 

The text body of the article is thus reported along with its title, publication date, link, and the keywords by 

which it was searched. In addition to this characterizing information, by manual annotation we added binary 

labels to the newly created fields of body, drought, general and specific impact. 

 

Table 1: The table shows five news examples belonging to the reference dataset, hand-annotated for the 

columns body, drought, impact general and impact specific. The labels are shown in red if the value is 0, in 

green if 1 (red to emphasize that the 0 label indicates the absence of body/drought/impacts, and vice versa 

green signals presence). Highlighted in gray is the one row that has zero in both body and drought, thus 

qualifying the news item as spam and to be discarded. 

 

 Automatic classification with gpt-4o 

The procedure to automatically assign the relevance labels to each of the many news items collected involves 

the use of a natural language processing algorithm. In particular, we here implemented Large Language 

Models for text classification, adapting OpenAI GPT-4o to attribute relevance levels to news through the use 

of different prompts.  

This procedure involved using the GPT-4o model as a multiple binary classifier for target textual data on 

drought. In addition, we tested whether the wording and content of the prompt used to describe each task to 

GPT-4o had any impact on its ability to complete the task. The results of different prompt configurations 

were compared through performance metrics. 

By multiple binary classifier we refer to a model capable of assigning to the news item either 0 or 1 with 

reference to the four categories of interest in section 2.3.1. 

 Model and experimental setting 

The model used for the classifications is GPT-4o (Generative Pre-trained Transformer 4, óoô for óomniô, an 

advanced version of the forthcoming release) a multimodal large language model created by OpenAI. GPT-

4o was deployed in Python, used through the OpenAI API and adapted to the task with a textual prompt 

containing task description and instructions. The model was applied on the same set of data (50, randomly 

selected) within three different scenarios, namely supplying the model with three different prompts:  

1. one containing only the classification instructions without examples, corresponding to the zero-shot 

prompting scenario (base, reported in Figure 4);  

2. one combining the instructions with an example of a news item accompanied by its correct 

classification (one-shot prompting scenario);  

3. one associating the prompts with 4 examples of correctly classified news (few-shot prompting 

scenario).  
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Figure 4: Base case prompt reporting task description and classification instructions. 

Prompts were selected with the following criteria: 

1. the base promptôs instructions are a structured synthetic version of the aforementioned classification 

guidelines (Figure 4 in the SCHEMA section). The prompt contains the request for the 4 

classifications explained above, the results of which, organized in Json format (chosen for 

convenience of access and data transfer) constitute the desired output; the organization of the text 

follows a logical structure (if/else) with punctuation separating the utterances, the presence of which 

is generally considered a performance-relevant detail. 

The comparison prompts, one-shot (b) and few-shot (c), were chosen following the logic of forcing the 

model with examples of correct classification (desired output) in order to extract latent knowledge from the 

model and increase its performance. The examples for nonzero-shot prompts were chosen with the aim of 

selecting information-rich cases. Rather than including borderline cases as examples, we used recurring and 

varied examples, thus providing more cross-cuttingly information. 

2. The one-shot prompt traces the content and structure of the basic prompt, and adds an example of a 

news item classified as ñtrueò across all classifiers, i.e., scoring all 1s in terms of presence (vs 

absence) of article body, drought topic, generic and specific impacts. 

3. The few-shot prompt similarly traces the basic prompt and adds 4 examples, ideally one per 

classifier, i.e., 4 news items taking different values across the 4 classifiers. 

 Performance metrics  

For each of the three developed scenarios, we compared model performance against the manually annotated 

reference dataset. Accuracy, precision, recall, and f1 were chosen as performance metrices (Rainio et al., 

2024), selected for appropriateness to the task type (binary classification) and for relevance (recall above all) 

to the specific needs. In particular, a high recall value (ability to identify relevant news items) for the 

classifiers of ñbodyò and ñdroughtò is particularly relevant since they serve as thresholds for assigning the 

ñspamò label to news. In this case, we prefer to have higher recall values (less risk of discarding as spam a 

relevant news story) at the price of less precision, accepting in the final ñfilteredò dataset a higher rate of 

false positives (news items tagged as relevant that are actually spam). Operationally, for each news item 

annotated via GPT-4o with one of the three prompts, accuracy/precision/recall/f1 were calculated for each 

classifier (body, drought, impact-general, impact-specific). 

Preliminary results 

Initially collected data 

The collected data goes from 2022 until today. During the 2021-2022 and parts of 2023 a drought period 

occurred which was capture by the collected news. In particular, 27000 news were harvested covering 2022 

and 2023. The trend reported in Figure 5 capture drought conditions especially during summer 2022 as well 

as during spring 2023 in the Italian Alps. In particular, the highest peak appeared during July and August 

2022 and March 2023. 
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Figure 5: Time series of collected news during the 2022-2023 period in the Alps 

Refined data collection 

The amount of collected news changing the IP address from which to query Google (4 different locations) 

and not doing so (same location) and across three possible types of keywords combinations led to an overall 

increase of news with a more pronounced increase if it is done from several different addresses. 

If we repeat the request 4 times with same keywords and same search location, and we discard duplicates, we 

get approximately 10% more news items than we would with a single request, with a non-negligible increase 

if the search is made from multiple addresses (15% more than the results of a single request). 

Figure 6 illustrates three pairs of side-by-side boxplots representing the different distributions of the number 

of collected news. In each of the three panels, we compare the distribution of results number obtained by 

searching from 4 different locations (left boxplot in every panel) with the distribution obtained by searching 

repeatedly 4 times from same location (boxplots on the right); moving across panels, we compare 

distributions across the three keywords scenarios, with keywords highlighted in each panelôs header. For 

each graph, hence for each of the individual place-keyword combinations, the average number of news 

obtained from a single get request is plotted in red, as the reference to consistently quantify the increase in 

news obtained due to repetition and change of IP address in that specific scenario. 
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Figure 6: Side-by-side boxplots representing the number of collected news (values), using a VPN to simulate 

searches from 4 different locations (left boxplot in each panel) vs searching repeatedly 4 times from same 

location (right boxplots in each panel), across three keywords scenarios (keywords are reported in each 

graphôs header). Red lines represent the average number of news items obtained from a single request under 

that specific place-keyword combination. 

Filtering results 

For the relevance attribution, 40% of the news items are categorized to be discarded (26% of the total due to 

the absence of a proper body of text, while 14%, despite the presence of text, due to the absence of any 

reference to the topic of drought). Moreover, 60% are categorized as news covering drought events. Of these, 

63% (38% of the total) are recorded as explicitly talking about drought impacts (any news item that mentions 

them, even if only in general terms, falls under this definition here), while a 23% is reported to deal with 

drought damages in details, explicitly regarding their place, time, qualification and quantification (14% of 

the total considering the entire sample).  

For the automatic classification process, the evaluation metrics scores are reported across columns and 

scenarios in Table 2. Recall columns are highlighted because of its importance as we attempt to maximize 

the number of relevant news stories we manage to keep. 

Table 2: Accuracy, precision and recall scores across columns and scenarios. 

  

body drought impact-general impact-specific 

F1 precision recall F1 precision recall F1 precision recall F1 precision recall 

base 0.97 0.96 0.99 0.96 0.96 0.96 0.8 0.75 0.75 0.71 0.71 0.88 

one 0.82 0.81 0.89 0.94 0.93 0.95 0.79 0.79 0.81 0.63 0.63 0.73 

few 0.97 0.96 0.99 0.96 0.96 0.96 0.72 0.80 0.82 0.73 0.69 0.82 

For each of the prompt scenarios (1:base, 2:one-shot, 3:few-shot), their performances and their ranking result 

show that for accuracy, the few-shot case (3) scores better than or equal to the other two in all classifiers. For 

precision, few-shot (3) results in scores equal to base (1) in body/drought, better than base in impact-general, 

slightly worse than base in impact-specific classifier. In any case, few-shot always results better than one-

shot (2) in all classifiers. For recall, few-shot (3) makes equal scores as base (1) in body/drought, better then 

base in impact-general, slightly worse in impact-specific. A similar trend applied to F1, since it is a 

harmonized average of precision and recall. 
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Further developments 

Future developments will address the remaining phases reported in the overall workflow in terms of location 

extraction and impacted sectors (Figure 1). Although these phases might appear as separated, they actually 

are nested in many cases as we experienced during the manual subset annotation. In many cases, drought 

impacts are associated with multiple locations both in negative and positive terms within the same news, as 

well as combining different locations. This complexity will be addressed in the upcoming months, enriching 

the already set guidelines for an effective manual annotation and consequently the application of gpt-4o. 

Finally, extracting information on the severity of each specific drought event will be also explored in order to 

complement information on location and frequency with the magnitude of each event. 

4.2 Modelling drought impacts  

4.2.1 Modelling water scarcity impacts on the food sector. 

Water scarcity is quantified through a relatively diversified set of indicators. The common characteristic of 

these indicators, and the defining trait of water scarcity, is that they all represent an imbalance between a water 

demand and a water availability. Two of these indicators can be particularly useful in evaluating how water 

scarcity propagates and impacts on the food sector, especially if driven by drought: green water scarcity and 

blue water scarcity. Green water scarcity is the degree by which the evapotranspirative demand of a crop is 

satisfied by green water, i.e. soil moisture generated by naturally occurring precipitation. It is of prime 

importance because, following the conceptualization by Dooremboos et al., it is directly proportional to yield 

losses caused by water stress. Moreover, evapotranspirative demand is mainly conditioned by temperature, 

while green water availability is driven by precipitation. Temperature and precipitation are also the two main 

observed signals in drought characterization. Thus, green water scarcity, if assessed through a soil water 

balance modelling that accounts for feedback between green water availability and evapotranspiration, can be 

an efficient indicator of the compound demand- and supply-side impacts of drought on agricultural 

productivity. In this, instead, blue water scarcity is needed when green water deficit is compensated by 

irrigation. Blue water scarcity is the ratio between total cross-sectoral blue water demand and blue water 

availability, net of environmental flow requirements and water used by upstream users. Also in this case, given 

that agricultural irrigation water demand typically accounts for the majority of water demand, blue water 

scarcity incorporates both demand- and supply- driven mechanisms of water scarcity impacts on the food 

sector. 

Therefore, the first step to model water scarcity impacts on the food sector has been to create a high-quality 

quantification benchmark of green and blue water flows (demand, availability), with a particular focus on the 

agricultural sector. Even though the case study is the Po River basin, this part of the activity is in strong synergy 

with the impact product AIDA (agricultural irrigation demand assessment), which is delivered at national scale. 

To this end, we have created refined crop-specific land cover data by harmonizing very-high resolution 

satellite-borne datasets with survey-based statistics at the municipal scale. More specifically, we used the 10m 

spatial resolution EUCROPMAP 2022 (Ghassemi et al., 2024) dataset and incorporated information on tree 

crops and vineyards from the 100m CORINE land cover dataset (European Environment Agency, 2018), as 

well as statistics on fruit orchards and horticultural crops from the ISTAT agricultural census (ISTAT, 2020). 

After this merging, we have attributed irrigation to each crop starting from GMIE (Tian et al., 2024) and GMIA 

(Siebert et al., 2013) maps and basing on priorities derived from irrigation intensities provided by ISTAT 

(ISTAT, 2014). We have iteratively refined the procedure using time-averages of ISTAT statistics as validation 

data, finding a linear correlation higher than 75% and an error lower than 20% for more than 80% of the 

mapped areas (Figure 7). The results have a resolution of 30 arcseconds over the entire national territory. To 

compute associated water flows, we have used the WATNEEDS spatially distributed dynamic agro-

hydrological model on a daily timestep, aggregated monthly and/or yearly. We have tested several climate 

input datasets, among which the temperature and precipitation dataset by CIMA, also part of the RETURN 

impact product. The first version of the dataset (both areas and water flows) is currently under review. Testing 

of CIMA-based WATNEEDS outputs against subnational irrigation statistics is in progress. 
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Figure 7: Mapped crops and irrigation areas performance against ISTAT statistics. On the left graph, green 

crops have linear correlation >75% and percentage error <20%, yellow crops respect only one of these two 

criteria, red crops none. Each dot represents a province, the confidence interval ranges from the second lowest 

to the second highest value in the istat database. 

Here, we are testing these results to assess correlation between water scarcity and registered yield losses. 

Moreover, given the prime importance of livestock, especially ruminants, in the Po river basin, we are 

working to better incorporate water demand dynamics on this sub-sector in the analysis. The results we 

already have include fodder, maize, wheat and soybean, the main feed sources in the region, which are also 

among the best-mapped crops in our results, with good accuracy also in terms of irrigation (Figure 7). Thus, 

propagating water scarcity impacts from these components to livestock, along the food supply chain, can 

provide a better characterization of water scarcity impacts on the food sector of northern Italy. This can be 

furtherly aided by the presence of data such as Malek et al. (2024), which, for this region, is based on ISTAT 

agricultural census data, coherent with what we are already using. 

4.2.2 Impact of water scarcity on the energy sector 

Water scarcity impacts the energy sector in many ways. The most common and most studied ways are impacts 

acting through the reduced water availability for water intensive power production processes, such as 

hydropower generation, thermal power plant cooling, and bioenergy cultivation. 

An interesting but often overlooked aspect of how water scarcity impacts the interactions between water and 

energy is the increase in energy demand for irrigation, and water extraction in general, through the lowering 

of subsurface water tables and surface reservoir levels. To explore this issue, we have developed an energy 

module for WATNEEDS that computes the energy requirement for irrigation. We compute the energy 

requirement for lifting and distributing the water over the field, considering the field dimension and the water 

source for surface, sprinkler, and drip irrigation systems. The quantification of energy demand is specific for 

crop, field size, irrigation system, and water source. The analysis is based on the quantification of the volume 

of water withdrawn and the hydraulic head necessary to lift the withdrawn water and distribute it over the field. 

Depending on the irrigation system adopted, the amount of water withdrawn is different due to the different 

irrigation efficiency of each system. For what concerns the hydraulic head, we considered it as the sum of the 

initial head to transport the water from the source to the field and the distribution head associated with the 

irrigation system used. More in detail, for surface water sources the head has been fixed to 3m to uptake the 

water from the source plus the energy losses due to transportation in an open channel from the source to the 
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application point. When groundwater is used, the initial head is considered equal to the depth of the 

groundwater table, meaning that the water has to be pumped from the groundwater table to the surface. The 

distribution head for surface irrigation is 0 because water is distributed over the field thanks to gravity. On the 

contrary, in the case of sprinkler irrigation, we assume 30bar as operating pressure plus the losses due to 

transportation of water into the laterals that have been assumed not to exceed 20% of the operational pressure 

as in Dacchache et al., 2014. 

Some preliminary results show that the total energy demand for irrigating maize in the Po plain is around 21TJ 

per year, corresponding to an average of roughly 11kWh necessary for the whole irrigation season on one 

hectare of land. While we have worked on global pre-existing datasets at 10km resolution, the procedure is 

going to be adapted to the Po basin study area based on the data coming from previous impact product. This 

will make it possible to refine the analysis and to assess spatiotemporal changes in energy demand as a response 

to changes in water demand and availability in the agricultural sector. These results could furtherly inform a 

multisectoral interactions between the food and energy sectors that can be impacted by situations of water 

scarcity. 

A novel technology that is often seen as a solution to water-energy trade-offs in agriculture and in land use in 

general is agrivoltaics, the superposition on the same land of photovoltaic power plants and agriculture. In 

Italy, this strategy is seen with both growing enthusiasm and skepticism, with PNRR funds being devoted to 

the installation of agrivoltaics on one side and regional normative barriers becoming more and more restrictive 

on the other side. Agrivoltaics appear to be particularly promising in water scarce situations, since the 

microclimate that the panels create over the cropped surface can reduce crop water stress (Barron-Gafford et 

al., 2019). In the light of our considerations on energy requirements for irrigation in water scarcity conditions, 

agrivoltaics could therefore provide a dual mitigation by simultaneously reducing irrigation requirements and 

increasing the availability of clean energy. To better explore this opportunity, we have developed a 

WATNEEDS module to evaluate crop water stress responses to reduced radiation, accounting for both changes 

to potential yield due to reduced radiation availability to photosynthesis and changes in potential and actual 

evapotranspiration. The module uses the Agro-ecological method from FAO paper 33 to compute potential 

yield in response to solar irradiance and the yield response to water equation from the same source to compute 

the reduction in yield associated with crop water stress. 

Some preliminary results obtained by running the model on pre-existing 10km resolution global datasets also 

used in Chiarelli et al. (2020) show that, in the Po river basin, agrivoltaics could be implemented with virtually 

no yield losses on 13% to 23% of rainfed croplands, depending on the photovoltaic power plant characteristics. 

The remaining areas would suffer from yield losses due to the reduction in solar irradiance. Also in this case, 

the reimplementation of the methodology with refined data produced within RETURN is planned, as well as 

the expansion of the analysis from rainfed to irrigated areas, to understand how agrivoltaics can work for 

mitigating water-energy tradeoffs such as the one on energy use for irrigation. 

 

4.2.3 Use of watershed-scale agro-hydrological model to evaluate impacts of droughts and salinity 

on crop production   

Using brackish water in agriculture can alleviate the existing stress on freshwater resources, but care should 

be taken during its application. When used in acceptable amount and under favorable conditions, it can work 

well to reduce water stress, but if used in excess and under non suitable conditions, it can destroy the soil's 

capabilities to sustain crop growth leading to cases of heavy yield reduction or in many cases, droughts (over 

a long period). To ensure that this doesnôt happen, we need to follow a set of steps and precautions to ensure 

that we do not destroy the soil and in turn, induce droughts. Firstly, a salt tolerant crop should replace the 

existing crop for a better yield and lower stress on the agriculture in the area. Some of the salt tolerant crops 
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are shown in Table 3 below which should be used as a reference for selection of the crop to be cultivated under 

brackish water irrigation.   

Table 3: Tolerance of different crops (FAO paper 61, W. Wenyong) 

Salt Tolerance 

Grade 

Salt-tolerant 

Threshold ECe 

(dS/m) 

Crops 

Salt-tolerant  

(T) 

6 < ECe < 12 Barley, beet, cotton, asparagus, rapeseed, rye, triticale, 

wheat, oat, etc. 

Medium-level 

salt-tolerant 

(MT) 

3 Ò ECe < 6 Sorghum, soybean, cowpea, safflower, alfalfa, oilseed 

grape, sunflower oil, pumpkin, pomegranate, fig, olive, 

pineapple, sunflower, etc. 

Medium-level 

salt-sensitive  

(MS) 

1.3 Ò ECe < 3.0 Corn, flax, chestnut, peanut, rice, sugarcane, cabbage, 

celery, cucumber, eggplant, lettuce, muskmelon, pepper, 

potato, tomato, radish, spinach, watermelon, grape, etc. 

Salt-sensitive  

(S) 

ECe < 1.3 Kidney bean, sesame, carrot, onion, pear, apple, orange, 

plum, apricot, peach, strawberry, etc. 

 For using brackish water in irrigation, both its availability and the impacts on crop production should be 

assessed to check the feasibility and ease of application. For the impacts on the soil water balance, we have 

developed a WATNEEDS module that performs the soil salinity balance and provides the associated variation 

in water requirements. The additional inputs with respect to WATNEEDS are the initial soil salinity, the actual 

irrigation water salinity and the type and combination of irrigation. This allows a detailed analysis on the soil 

salinity and its influence on the crop yields. For saline water availability, the saline aquifer map from 

WHYMAPS (Richts et al., 2011) has been used as a preliminary input. Identification of brackish water sources 

in Italy is in progress. Water salinity determines if there is a need for a desalination plant before the application 

of the brackish water or not. Processes such as reverse osmosis and desalination can reduce the salinity of the 

irrigation water to a great extent transforming it to a freshwater-like salinity. Although brackish water irrigation 

is extremely fruitful in alleviating the stress on freshwater, it also has its own dependency on this freshwater 

to maintain the optimum salinity of the soil in the form of leaching water. This leaching water is computed as 

the product of LR and the applied brackish water in irrigation where the equation of leaching ratio (LR) is 

taken from FAO (Ayers and Westcot, 1985).   

LR =ECirr/( 5ECe – ECirr )  

Where ECirr is the electrical conductivity of irrigation water and ECe is the threshold value of the crop. This 

Leaching water is applied to not only control the salinity of the soil, but in turn also to help in reducing the 

salinity stress and increase the yield of the crop. Here we consider the brackish water to have electrical 

conductivity of 5 dS/m since there exists no dataset with the actual salinity at the Mediterranean scale and the 

electrical conductivity of the freshwater as 0.4 dS/m. Table 4 shows the comparison of the water required for 

a few crops including the leaching water applied to keep the crops under stress-free or a very little stress 
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(average Ks > 0.9) for most of the growing period. These 15 crops were selected as they were the ones with 

all the necessary data at the Mediterranean scale. The total irrigation volume increases from 44.9 km3 in the 

freshwater scenario to 52.49 km3 in the saline water scenario, of which 34.26 km3 are saline irrigation water 

and 18.23 km3 are leaching freshwater. Thus, while total water use increases, the total use of freshwater 

decreases significantly. 

Table 4: Results obtained for different crops under a saline water irrigation scenario at Mediterranean scale. 

Crop Number Total GW (km³) Total BW (km³) Leaching Water (km³) 

Wheat 12.46 8.19 3.11 

Rice 9.51 5.83 6.94 

Barley 1.24 1.23 0.32 

Maize 13.29 8.86 3.36 

Sorghum 0.58 0.29 0.14 

Potato 3.25 2.04 1.26 

Sweetpotato 0.15 0.07 0.03 

Sugarbeet 1.98 1.10 0.48 

Bean 0.51 0.29 0.15 

Soybean 0.13 0.08 0.04 

Sunflower 0.70 0.49 0.23 

Rapeseed 0.03 0.02 0.01 

Cotton 2.76 1.90 0.59 

Vegetable 4.27 2.86 1.56 

Otherfibre 0.03 0.01 0.01 

Total 50.89 34.26 18.23 

This model can become valuable to check not only the variation of the salinity of the soil by the implementation 

of saline water but can also become a decision-making tool to preserve the quality of the soil for crop growth. 

In the areas, such as Italy, where brackish water aquifers do not exist, saline drainage water, wastewater 

(municipal and industrial) with proper pretreatment and other forms of water which are saline in nature can be 

used by knowing their properties before their application in the field. Refining this model for Italy, 

implementing different scenarios will help us understand more the feasibility and viability of using saline water 

in irrigation and if there is a need to adopt desalination or reverse osmosis in this form of irrigation. How this 

type of irrigation interacts with droughts, both as a mitigation strategy but also as a potential vulnerability-

increasing practice is also a research question we plan to explore. 
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4.2.4 Modelling the impact of droughts on crop production and ecosystem services 

Objectives   
Droughts are increasingly affecting natural ecosystems and human activities. The objective of this activity is 

to map the spatial and temporal evolution of droughts in the Arno basin. Droughts can be defined differently 

according to the sectoral, disciplinary, and socio-economic domains and they can be characterized differently 

depending on the spatial scale of analysis. For large-scale assessments, the Standardized Precipitation 

Evaporation Index (SPEI) is one of the most common indicators used to characterize spatial and temporal 

dynamics of droughts. 

We present the spatial and temporal occurrence of droughts in the Arno Basin ï one of the largest Italian river 

basins ï which has deep implications for environmental, economic, and social activities in the most populated 

areas of Tuscany. 

Methods 

To characterize drought in the Arno basin, with a special focus on agroecosystems in mind, we used the agro-

hydrological model Soil and Water Assessment Tool (SWAT). We first set-up the model using observed 

climate data from 15 rain gauge stations across the basin and spatial data of soil, elevation and land cover from 

freely available global datasets. We then calibrate and validate the model by using a 10-year time series of 

runoff at the outlet in Pontedera (PI). We then run the model in the period 1994-2023 to simulate the water 

balance conditions with the calibrated model. Finally, we calculate the SPEI in the 30-year period at the 

landscape units (130 sub-basins) 

 

Figure 8: Location of the Arno basin, with the modeled area in gray and the weather stations considered in 

the calibration in red. 

Preliminary results 

The intensity and duration of droughts across the diverse landscapes of the Arno Basin are diverse. Over the 

30 years of the analysis, the upstream part of the basis has been more impacted by droughts, especially 

considering SPEI 3, 6 and 24. The highest magnitude of all SPEI is in the Appennine side of Arezzo province 

for SPEI 48 and on the Empoli agricultural plain for SPEI 12. These results highlight the need to contextualize 

the SPEI conditions on the local agro-ecosystems 
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Figure 9: Temporal variation of SPEI3, SPEI12 and SPEI48 in 2 exemplary landscapes of Tuscany. Val di 

Pesa is a well-known wine production area, while Rincine is a headwater basin in the heart of the Appennines. 

The plots show how the SPEI3 captures the 2022 drought, while SPEI48 shows two different long-term 

conditions of prolonged water scarcity in Val di Pesa, while above average water availability conditions in 

Rincine over the 30 years of analysis. 

  

Figure 10: SPEI magnitude, computed as the sum of below -1 SPEI values over the 30-year period 1994-2023. 

 

Further analysis 

To understand the impacts of drought, especially in agriculture, we will further: 

1.  The actual impact of the major droughts depends on the local context. To provide a more reliable large-

scale impact estimate we will use a news-based drought impact database under development by EURAC. 

2.  The basin-scale assessment will be used to select a suitable sub-basin local case study to further 

explore the meaning and implications of SPEI-based drought assessment and move towards a knowledge co-

creation of drought impact assessments. 
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4.2.5 Water scarcity assessment using watershed-scale agro-hydrological model   

This is a proof of concept for the refinement and the convergence of results coming from previous activities 

and from impact products. The aim is to perform a water scarcity assessment for the Arno River basin, 

accounting for the different sectoral water demands, as well as environmental flows. 

Thus, the results produced at national scale in can be used as input data on the food sector, and the same holds 

in relation to the energy sector. A preliminary assessment of blue water scarcity in the Arno River basin can 

be already performed using the results of these activities at their current state. Specifically, water scarcity 

incorporating irrigation demands can be seen in Figure 11 opposed to water scarcity from a previous study. 

The incorporation of dynamic agricultural energy demands is in progress. 

In addition to that, the resolution and accuracy of domestic and industrial water demands can be furtherly 

improved. Gridded data on domestic and industrial water demands are typically available at very coarse (e.g. 

0.5°) resolutions. We have tested a downscaling from 50km to 10km of demand rasters by Mekonnen & 

Hoekstra, based on the 100m settlements maps by yy. The assumption for the downscaling is that domestic 

water demand occurs in residential settlements and industrial water demand occurs in non-residential 

settlements. Preliminary results are shown in Figure 11. We plan to further downscale the data to 30 arcseconds 

using municipal scale statistics by ISTAT. 

 

Figure 11: Preliminary downscaling of domestic and industrial gridded data from 50km to 10km. 

In this way, the water scarcity assessment can improve thanks to the improved resolution of input data, as 

well as the dynamicity of non-agricultural water demands, which are typically considered as static. 

Figure 12 shows the improvement in water scarcity results when using the impact product data described 

earlier and the downscaled non-agricultural demands, compared to an existing water scarcity produced with 

non-downscaled non-agricultural demands and standard WATNEEDS model outputs by Chiarelli et al. 

(2020). Further developments that could also benefit from other RETURN activities include a refined 

consideration of environmental flow requirements. 
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Figure 12. Preliminary results of blue water scarcity (right) compared to an analogous map applying the same 

algorithm to pre-existing datasets. 
 

4.2.6 Effects of droughts on the ecological status of water bodies 

Freshwater is vital for hygiene, agriculture, and industry. However, population growth, climate change, and 

declining water quality threaten food and energy security. Sustainable water resource management is essential 

for meeting human needs and maintaining ecological balance. 

The concept of environmental flow (e-flow) in the EU defines the amount, timing, and quality of water 

necessary to sustain aquatic ecosystems. Three main approaches are used to establish e-flow: 

1. Hydrological methods analyze river flows statistically but lack direct ecological relevance. 

2. Hydraulic-habitat methods focus on habitat conditions for specific species but require extensive 

field data. 

3. Holistic methods consider entire ecosystems and are exemplified by the ELOHA model, which 

assesses hydrological changes on a regional scale. 

Since water quality often impacts ecosystems more than water quantity, current methods focusing only on flow 

alterations are limited. This study introduces a diagnostic tool that integrates ecological and hydrological 

indicators to evaluate deviations from theoretical e-flows on a regional scale. Key goals include establishing 

theoretical e-flow thresholds, using geospatial proxies for unmonitored basins, and developing an Eco-

Hydrological Distance index (EHDI) to detect both quality and quantity pressures. Finally, the Eco-

Hydrological Distance index is calculated in conditions of drought for evaluating the deviation from the 

average conditions to understand how the ecological status of rivers can be affected by a drought of different 

severity. 

In the EU, the Water Framework Directive 60/2000 provides standardized definitions for classifying the 

ecological status of water bodies. A river is considered to have a "good" ecological status if its biological 

quality shows minimal alteration due to human activities, meaning that biological communities differ only 

slightly from their natural, undisturbed state. Conversely, a "bad" ecological status indicates that large parts of 

the typical biological communities are missing compared to their undisturbed condition. Numerous studies 

demonstrate that bioindicators used in ecological assessments, such as benthic invertebrates, are sensitive to 

pollution but show limited correlation with flow parameters. 

This work redefines the environmental flow (e-flow) as the water flow needed to maintain a safe marginðan 

Eco-Hydrological Distance Index (EHDI)ðfrom conditions that would result in a bad ecological status. 
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Traditionally, e-flows are defined by low-flow statistics, but this study proposes using metrics that capture 

broader seasonal and annual flow patterns, thereby better reflecting the average flow regime needed for 

ecological health. By comparing good and bad ecological status data, the study develops regression models 

that correlate flow statistics and watershed stressors, predicting theoretical e-flow thresholds. These thresholds 

identify flow levels below which bad ecological status is likely and above which good status is achievable. 

The model is calibrated with observed data and then applied across river networks lacking ecological status 

data to define potential e-flows. A dimensionless ECFI index is calculated to compare the actual flow against 

e-flow thresholds and natural flow levels, allowing assessment of whether the current hydrological conditions 

can feasibly support the ecological needs identified by theoretical e-flows. Figure 13 summarizes the steps to 

identify the diagnostic indicator EHDI. 

For the drought scenarios, as a simple indicator which does not require modeling but just data analysis, we 

adopted the Standardized Precipitation Index (SPI). SPI is used to identify the occurrence of droughts in a 

timeframe to extract respective flow statistics evaluated through a water balance model. The research 

hypothesis is that depending on the characteristics of the catchment in terms of (i) hydrological functioning, 

(ii) water abstraction, (iii) amount of pressures acting on water quality, there will be a specific critical value of 

SPI that pushes the river towards the limits of bad ecological status. Approaching the threshold of bad 

ecological status means to have an impact on the overall river ecosystems with a potential influence of the 

main ecosystem services provided by the river itself.  

 

Figure 13: Conceptual framework for the evaluation of EHDI. 

 

The effect of drought on the ecological status of the river bodies has been assessed by evaluating the SPI index 

with precipitation retrieved by the rain gauge network of the Tuscany Region. The dataset is composed of rain 

gauges with at 20 years of daily data in the 2001-2020 period. Moreover, the consistency of the dataset was 

evaluated to select just the time series with high quality, i.e., the fewest number of missing data. A step with 

two thresholds has been used: first, the months in the time series are classified as ñgoodò if at least 90% of 

data is available; then, just the rain gauges with a time series in which the 90% of the months are good are 

selected (Figure 14). The final dataset is composed of 78 rain gauges. 
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Figure 14. Selection of high-quality rain gauges to evaluate SPI in Tuscany. 

The SPI6 and SPI12 have been evaluated in each selected rain gauge (green dots in Figure 14). The SPI6 and 

SPI12 maps were obtained using spatial interpolation with the Inverse Distance Weighting (IDW). The maps 

allow the identification of the more extreme droughts that occurred in the region in the last years. Figure 15 

shows as an example one of the most extreme droughts that occurred in 2012. 

 

Figure 15: SPI12 maps of one of the most extreme droughts that occurred in Tuscany recently.  

Six river basins in the Arno River have been selected to investigate a possible correlation between SPI and 

EHDI: Bisenzio, Greve, Ombrone Pistoiese, Orme, Pesa and Sieve. The results of this comparison are shown 

in the next Figure, where the left y-axis shows the average SPI12 over each river basin area, and the right y-

axis illustrates the mean EHDI evaluated with the MOBIDIC model in the outlet of the river basin. The average 

SPI12 is on the spatial scale, and it is obtained with zonal statistics from the SPI maps; the mean EHDI is 

averaged in time in the same time window of the SPI since a value is available in each month. The result shows 

how the time series of SPI12 and EHDI have the same seasonality, demonstrating the impact of droughts on 

the ecological status of the river basins. 
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Figure 16: The average SPI12 (blue - left axis) in each river basin is compared with the EHDI (red - right 

axis) of the outlet. 

The correlation between EHDI and SPI12 is shown in the next figure. SPI12 and EHDI are well correlated in 

all the river basins, with a correlation coefficient greater than 0.82 in all the case studies. 

 

Figure 17 Correlation between SPI12 and EHDI in six river basins of the Arno River. The green dashed line 

represents the linear regression between the two variables. The red SPI value in the upper left corner 

represents the climate conditions that, on average, cause a bad ecological status in the river basin. The blue 

value in the bottom right corner indicates the maximum SPI value that historically is associated with a bad 

condition. 

The lower correlation coefficient is found in the Orme River, which is the smallest one, suggesting a possible 

better correlation with SPI6. The green dashed line in each subplot represents the linear regression between 
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SPI12 and EHDI. The red SPI value in each subplot is the intersection between the linear regression and the 

horizontal red line that crosses zero, which identifies the threshold under which the river basin is in bad 

conditions. Therefore, this value is the SPI value that, on average, leads the river basin into bad ecological 

status. The value is different in all the river basins as there are also other drives that impact the ecological 

status, such as anthropogenic activities. Indeed, as an example, the Ombrone Pistoiese had a bad ecological 

status only when SPI was around -1.3, while just a value of SPI12 equal to -0.1 leads the Pesa River basin into 

bad ecological status. The blue value of SPI12 in the bottom right corner shows the maximum value that has 

been associated with bad ecological status in each river basin. Therefore, if the SPI value is greater than this 

threshold, the river basin has never been in bad ecological status historically. 

4.1.7 The impacts of agricultural and hydrological drought on mountain watersheds and their 

floodplains 

Objectives 

a)      Identification of hydrological drought events, and estimation of their intensity and duration from 

streamflow anomalies over the Adige catchment.  

b)      Estimation of an evaporative stress index from time series of high-resolution evapotranspiration 

to estimate drought impact on root zone soil moisture. 

The methodological report and processed output for contributions a) and b) are written in two separate sections. 

Methodological report (objective a) 

Data source, resolution, time window 

Observed streamflow time series were retrieved from the ADO hydrological database (ADO description - 

Projects Database Documentation (eurac.edu)). The dataset contains streamflow records for over 1400 gauging 

stations spread across the Alps. The portion of stations located in the upper Adige catchment amount to 39. In 

general, observations are at a daily time step and span the 1986ï2023-time window, however some stations 

present prolonged gaps due to station malfunctioning, maintenance, or decommissioning. 

Quality control 

Only stations with enough data were considered in the analysis. Stations with less than 20 years of data 

(considering as complete every year with at least 300 valid measurements) were discarded. No further 

gapfilling was performed even on small gaps to preserve the original quality of data. All data are used under 

the hypothesis that the measurements are correct. An outlier detection analysis showed that no outliers exist 

within the set bounds of (0;20µ], µ being the long-term average flow at each station. 

Drought definition and analysis 

Drought analysis resorted to the Standardised Streamflow Index: this index is applied at a monthly scale and 

determines the deviation of the current state from its average state. In order to do this, the daily flow time series 

undergo several steps: 

1.      Aggregation to monthly series: all daily values are aggregated into monthly-averaged time series, 

following the standard definition of SSI. 

2.      Fitting of PDF to each month: an independent log-logistic distribution is fitted to the data 

pertaining to each month 

3.      PDF standardization: each PDF is transformed into a Gaussian PDF with zero mean and standard 

deviation equal to one. 

After these steps, the SSI for each month can be computed, and represents the difference in terms of standard 

deviations between the current value and the mean. The calculation of SSI allows the definition of a timescale 

parameter. With timescales greater than 1 it is possible to incorporate the influence of the past values of the 

variable in the computation, enabling SSI to provide information about the memory of the system under study. 

For example, a value of 3 would imply that data from the current month and of the past two months will be 

used for computing the SSI value for a given month. Timescale 3 is usually adopted for evaluating seasonal 

hydrological drought conditions, while the default value for this parameter is 1. 

https://edp-portal.eurac.edu/cdb_doc/ado/ado/
https://edp-portal.eurac.edu/cdb_doc/ado/ado/
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Following the common interpretation of SSI, it is possible to define a threshold under which the system is 

considered to be in a drought state. Here, we will assume the threshold value to be -1 (moderate drought); we 

then assume that each drought event started with SSI < -1 continues until SSI > -0.5, to reduce the instability 

of the signal. 

Drought duration, intensity, and severity are also characterized relatively to the computed SSI series. Duration 

is defined as the number of consecutive months over which SSI falls below the given threshold. Intensity is 

defined as the average SSI value over the duration of the drought event. Severity is defined as the cumulative 

SSI value over the duration of the drought event and can be considered a direct proxy of the drought magnitude 

in terms of cumulative runoff anomaly. 

Processed Output 

The filtered stations based on data availability (>20 years of data available after 1990) together with their 

summary flow and drought statistics are summarized in Table 5, 24 out of the 39 initially identified. 

 

Table 5: Filtered stations based on data availability (>20 years of data available after 1990) together with 

their summary flow and drought statistics. 

River - location_site Average 

flow 

[m3/s] 

Average 

duration 

[months] 

Average 

severity 

[SSI] 

Average 

intensity 

[SSI] 

Std 

duration 

Std 

severity 

Std 

intensi

ty 

Schwarzenbach - 

Kaltenbrunn 

0.284 3.941 -5.067 -1.311 2.358 3.017 0.275 

Villnasserbach - St 

Peter 

0.930 3.286 -4.066 -1.202 2.648 3.461 0.237 

Sextnerbach - Sexten 1.573 3.846 -5.573 -1.268 3.338 7.014 0.358 

Antholzerbach - 

Salomonsbrunn 

2.039 3.667 -4.574 -1.238 2.972 4.087 0.319 

Pfeldererbach - 

Eschbaum 

2.198 3.208 -4.075 -1.267 2.570 3.410 0.263 

Gsieserbach - Pichl 2.574 3.154 -3.847 -1.216 2.292 3.114 0.246 

Pflerscherbach - 

Gossensass 

3.018 2.917 -3.942 -1.245 3.216 5.397 0.284 

Gader - Pedraces 3.225 3.053 -3.815 -1.203 1.810 2.656 0.209 

Drau - Vierschach 3.287 3.889 -5.235 -1.258 2.654 4.254 0.220 

Pfitscherbach - Ried 4.118 4.227 -5.069 -1.229 4.185 5.146 0.278 

Rienz - Welsberg 4.647 9.889 -13.905 -1.325 11.795 17.840 0.161 

Reinbach - Kematen 4.948 2.613 -3.365 -1.299 1.783 2.368 0.281 

Ahr - Steinhaus 6.186 2.500 -3.447 -1.342 1.834 3.088 0.274 

Mareiterbach - 

Sterzing 

7.330 3.259 -3.976 -1.217 2.490 3.752 0.307 

Gader - Montal 8.115 4.000 -5.463 -1.275 3.889 6.167 0.208 

Passer - Saltaus 11.892 3.043 -3.800 -1.257 2.184 2.732 0.240 

Etsch - Spondinig 12.358 2.758 -3.470 -1.216 2.463 3.731 0.253 

Ahr - Kematen 15.423 2.926 -4.005 -1.349 1.960 2.987 0.365 

Ahr - St Georgen 20.525 2.394 -3.116 -1.300 1.853 2.652 0.317 

Etsch - Tell 33.169 3.957 -4.921 -1.215 3.820 5.133 0.212 

Rienz - Vintl 45.417 3.308 -4.181 -1.222 2.429 3.627 0.274 

Etsch - Sigmundskron 55.310 4.304 -5.219 -1.196 4.466 6.003 0.165 

Eisack - Brixen 72.786 3.722 -4.512 -1.167 2.782 3.680 0.224 

Etsch - Branzoll 146.574 3.250 -3.934 -1.195 3.002 4.037 0.262 
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AVERAGE 19.497 3.630 -4.691 -1.251 3.116 4.556 0.260 

 

The distributions of drought duration, average severity per event, average intensity per event are summarized 

in the following violin plots (violin plots depict the fitted empirical PDF based on the available population of 

drought events). Drought duration distribution is slightly more skewed towards longer events in water bodies 

with lower flow, as they are more susceptible to shifts in the precipitation patterns, while moving downstream 

the compensating effect of the catchment compresses average drought duration towards 3-4 months. The 

distribution of drought intensity per event is rather even throughout the catchment, showing no relationship 

between the intensity of a drought and the sheer size of a water body. Consequently, intensity acts as a more 

or less constant scaling parameter between drought duration and drought severity, which ends up following a 

spatial pattern similar to that exhibited by drought duration.  

 

 

 



 

29 
 

 

 
Figure 18: Drought duration, intensity and severity distributions in the 24 stations. 

Methodological report (objective b) 

Motivation 

Drought indexes, like the Evaporative stress index (ESI, Anderson et al. 2011), provide information on the 

availability of water in the root zone. The great advantage of these products is that they can implicitly consider 

unknown processes such as irrigation and groundwater dynamics as they result in a footprint on satellite 

imagery. These indexes could be complementary to those based on precipitation or on surface soil moisture. 

Furthermore, a high spatial resolution index would potentially allow a field-scale drought analysis. 

A meaningful estimation of such an index requires a reliable estimation of high-resolution evapotranspiration 

(ET), a challenging task over complex terrain. For this reason, this section focuses on the work that has been 

done to improve ET modeling over complex terrain, with a specific focus on the Alpine region, starting from 

the Sen-ET model as a baseline (Guzinski et al. 2020). A description of the Sen-ET model can be found in 

Guzinski et al. (2020), as well in the methodological report of the project submitted at month 12 (hereafter this 

report will be mentioned as MR312). 

Methodology 

An accurate estimation of the incoming solar radiation is crucial for the model performance since it strongly 

affects the net radiative flux, which is a main driver of both the canopy and the soil latent heat fluxes (Castelli 

et al. 2018). As described in MR312, Sen-ET implements ERA5 clear-sky radiation (ssrdc) without 

considering any topographic effect or cloud shadowing. The lack of topographic effects, together with the low 

spatial resolution of ERA5, can lead to strong mismatches especially over sloped surfaces. To improve this 

variable, we decided to adopt the downwelling shortwave radiation (all sky) generated from Meteosat Second 

Generation (MSG) by LSA-SAF (Land Surface Analysis Satellite Application Facility, 

http://landsaf.meteo.pt/). This product is available with a spatial resolution of about 3.5 km and a temporal 

resolution of 15 min and provides both direct and diffuse radiation components. The topographic correction 

was performed on the direct component following the methodology proposed by Müller and Sherer (2005) as 

implemented in the Python package HORAYZON (available at 

https://github.com/ChristianSteger/HORAYZON). The diffuse component was topographically corrected by 

scaling by the sky view factor (computed using HORAYZON as described in Steger et al. (2022)). 

 

http://landsaf.meteo.pt/
http://landsaf.meteo.pt/
http://landsaf.meteo.pt/
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Figure 19: Comparison between observed and estimated 

shortwave incoming radiation for 19 eddy covariance 

stations spread across the Alpine region. 

 
Figure 20: Comparison between observed and estimated 

shortwave radiation for at the i-BOX eddy covariance 

station in Hochhauser (Rotach et al. 2017) 

Figure 19 shows a comparison between ERA5 clear-sky (ERA5 ssrdc) and the proposed implementation (MSG 

corrected) at 19 eddy covariance (EC) stations spread across the Alpine region. The comparison took place at 

the acquisition time of Sentinel-3, which provides the land surface temperature needed to run the model (more 

information in MR312), in absence of clouds in the satellite line of sight. Figure 20 shows the comparison at 

an EC site located on a north-facing slope. These figures show how the proposed dataset can generally improve 

the radiation estimation (Fig. 19), especially over particularly complex terrain (Fig. 20), where few EC stations 

are available. 

Longwave radiation is another critical component impacting the net radiative flux. We decided to retain the 

method implemented in Sen-ET, which estimates longwave radiation from elevation-corrected ERA5 

meteorological variables (Guzinski et al. 2020). This method considers the pronounced elevation dependency 

of the variable (strongly related to the temperature of the air close to the ground), which may not be well 

captured by lower resolution longwave radiation products from both ERA5 and LSA-SAF. The estimated 

longwave radiation is further improved by topographical correction ( ) to consider the impact of the 

surrounding terrain, following: 

ȟȟ  ȟȟẗ ȟ ȟ ȟ
4 ẗ1 ȟ  , 

where ȟȟ is the estimated variable for the pixel i,j, SVF is the sky view factor, ‐ȟ is the surface 

emissivity, „ is the Stefan-Boltzmann constant, and LST is the land surface temperature, under the assumption 

that the LST at the pixel i,j is representative of the surrounding area. 

Biophysical parameters are of key importance in estimating the soil and canopy temperature from LST 

(Norman et al. 1995).  Fernandes et al. (2023) reported a bug in the SNAP Biophysical Processor (available in 

SNAP 9.0.0, https://step.esa.int/main/) used in the Sen-ET model. For this reason, we decided to apply a bug-

fixed implementation of the same algorithm, freely available at https://github.com/djamainajib/SL2P-

PYTHON. Furthermore, with forest being the predominant land cover type in the Adige Basin, it is in the 

interest of this study to perform a sensitivity analysis with a further algorithm specifically developed for forests 

by Fernandes et al. (2023, 2024). 

Finally, vegetation structural parameters are determined by Sen-ET using the Climate Change Initiative land 

use land cover (CCI LULC) map. This is done by means of a look-up-table (LUT) in which all the required 

structural parameters for each class are set a priori. Among these parameters, of particular importance is the 

vegetation height (VH), used in the computation of the sensible heat flux, for aerodynamic roughness and 

displacement height (more information in MR312). We improved this methodology by both using a high-

https://step.esa.int/main/
https://step.esa.int/main/
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resolution LULC map and by improving the estimation of VH over forest. Firstly, the CCI LULC map is 

replaced by a static map with a spatial resolution of 5-m and a temporal extent from 2015 to 2020 (Marsoner 

et al. 2023). This map covers the entire Alpine region (European Alps macro region) and it was created 

aggregating 15 high-resolution layers, with a total of 65 land use/cover classes. The map was partially 

reclassified to Corine LULC classes. Orchards and classes derived from the High-Resolution CORINE Tree 

Cover density layer are retained even if not in the standard CORINE classes due to their particular interest in 

the study area. Secondly, the VH is replaced by a 30-m static canopy map derived from Global Ecosystem 

Dynamics Investigation (GEDI). Two different datasets will be tested, one developed with a deep learning 

model fusing GEDI sparse data with Sentinel-2 imagery (Lang et al. 2023) and one using GEDI and Landsat 

imagery (Potapov et al. 2021). These datasets will be used only over forest ecosystems, while for orchards and 

vineyards a LUT approach is thought to provide a more reliable estimate due to their homogeneity. 

Preliminary output 

Figure 21 shows an example of high-resolution ET calculated by implementing the proposed improvements. 

Figure 21a shows the estimate for the entire Adige basin, while Fig. 3b shows the ET in the area marked with 

a black rectangle in Fig. 21a. Figure 21c shows the location of the Adige basin. Points in Fig. 21a indicate the 

location of the EC stations closest to the study area and their land cover type.  

 
Figure 21: Daily evapotranspiration (ET) estimated for the 25th September 2018 using the improvements 

proposed in óMethodologyô. Subplot (a) shows the estimated ET over the Adige basin, (b) shows the ET in the 

area marked with a black rectangle in (a), (c) shows the position of the Adige basin within Italy. The points in 

(a) show the location of the eddy covariance (EC) sites closest to the study area, the colors show the associated 

land cover type. 

Future development 

The next step is the validation of the improved version of the method at EC sites both in and out of the Adige 

Basin, at different elevations and over various land use types. Given a positive outcome, this will lead to the 

creation of daily evapotranspiration maps over the Adige Basin. ESI estimates will be then computed. Special 

attention will be needed in dealing with the relatively short period of time requested by the project (2017-

2022), insufficient for implementing ESI as described in Anderson et al. (2011). Possible solutions will be 

either to use a slightly modified methodology as in Yang et al. (2016) or integrating lower resolution ET maps 

available from MODIS to increase the length of the timeseries to increase statistical significance. 
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4.1.8 Modelling the vulnerability of water supply systems to long-term droughts   

Introduction and Objectives 

Urban development and population growth have several consequences connected with designing and managing 

water distribution systems. The contemporary increase in water consumption and reduced availability of water 

resources produce unbalanced water demand and offer, leading to water shortage scenarios. This happens even 

when water resources procurement was not historically an issue. 

Water shortage situations are commonly solved by discontinuous water distribution and rationing the available 

water resources. This approach is widely adopted in developing countries (Vairavamoorthy et al., 2001) and 

developed ones for solving short-term scarcity conditions, which can be caused by drought periods (Cubillo 

Gonzales et al, 2003; McIntosh et al. 1997; Hardoy et al. 2001; Totsuka et al. 2004). 

Droughts can significantly impact urban water supply systems in various ways, affecting both water 

availability and socio-economic aspects of cities. Drought events reduce freshwater resources, severely 

threatening urban water supply systems and limiting sustainable urban development (SzaliŒska et al., 2018). 

This water shortage can affect multiple socio-economic sectors and urban ecosystems. In water-stressed 

regions, droughts force water providers to invest in additional supplies or implement expensive emergency 

measures, often increasing water fees and household taxes (Rachunok & Fletcher, 2023). This can 

disproportionately affect low-income households, altering their water consumption patterns and exacerbating 

water affordability issues. Interestingly, the impact of droughts on urban water supply can vary significantly 

even between geographically close regions due to differences in adaptive capacities and water resource 

management strategies (Chuah et al., 2018). For instance, despite their proximity, Singapore and Johor, 

Malaysia show distinct variations in drought impacts and responses. 

In conclusion, droughts can severely stress existing water supply/demand budgets in urban areas, requiring 

considerable conservation efforts to balance demand with available supply (Morehouse et al., 2002). The 

impacts extend beyond just water scarcity, affecting aquatic ecology, energy production, waterborne 

transportation, tourism, and recreation (Stahl et al., 2023). To mitigate these impacts, cities need to develop 

comprehensive drought resilience strategies that consider both short-term and long-term measures, integrating 

physical, socio-economic, and political aspects in their implementation (Dewi & Prihestiwi, 2022; Li et al., 

2022). 

Intermittent Water Supply (IWS) is also quite frequent in Mediterranean countries. In this area, the lack of 

natural resources management and network maintenance plans, explicitly considering the possibility of 

scarcity scenarios, produces unexpected water shortage situations that can be handled only by means of 

emergency interventions. Intermittent water distribution has the advantage of requiring small financial efforts, 

but it leads to network operating conditions that are very far from the usual design. The network is subjected 

to cyclical filling and emptying periods, and users need to collect water during distribution periods to cover 

their needs when supply service is not available. 

IWS is characterised by regular flow restarting and pipe draining, significantly impacting water quality and 

service reliability (Kumpel & Nelson, 2016). In IWS systems, water utilities typically supply water to different 

zones or neighbourhoods on a rotational basis, with varying supply schedules. For example, in Delhi and 

Bengaluru, India, water schedules can range from continuous supply to as little as 30 minutes per week (Meyer 

et al., 2023). This inconsistent supply forces consumers to adapt by storing water in intermediate storage 

facilities, such as underground tanks and overhead tanks, for use during non-supply periods (Abhijith et al., 

2023). The operation of IWS systems presents several limitations in terms of water quality and service quality. 

Firstly, the intermittent nature of supply increases the risk of microbial and chemical contamination through 

multiple mechanisms, particularly in areas with inadequate sanitation infrastructure (Kumpel & Nelson, 2016; 

Sakomoto et al., 2020). The regular draining and refilling of pipes can lead to intrusion of contaminants through 

leaks, compromising water quality and posing public health risks. Additionally, IWS systems often result in 

unfair distribution among users, low reliability, and poor water quality (Nyahora et al., 2020). The inequitable 

distribution of water is evident in many cities, where affluent neighborhoods may receive better service in 

terms of supply continuity and frequency (Meyer et al., 2023). This inequality is further exacerbated by the 

need for consumers to store water, with some areas requiring significantly more storage than others (Meyer et 

al., 2023). The hydraulic instability during the filling transition from non-supply to pressurized supply periods 

also negatively impacts water quality, deteriorates infrastructure integrity, and intensifies social inequalities 

(Weston et al., 2022). Factors such as elevation differences within the network can further complicate the 
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distribution and exacerbate these issues (Weston et al., 2022). In conclusion, while IWS systems are a reality 

for millions of urban dwellers, particularly in the Global South, they present significant challenges in terms of 

water quality and service reliability. Improving these systems requires a multifaceted approach, including 

infrastructure upgrades, better management practices, and consideration of alternative water sources to 

augment supply (Mohapatra et al., 2022). 

In intermittent distribution, the users try to compensate water service intermittency by searching new local 

resources, when available (as an example by perforating private wells), or, more commonly, by building private 

reservoirs, used for collecting water during serviced periods and distributing it when public water service is 

not available. During intermittent distribution periods, the public network is greatly influenced by the presence 

of such reservoirs that are usually filled in a very short period after the reactivation of water service, leading 

to very high peak flows and, consequently, inequity in water resources allocation among population. Moreover, 

those local reservoirs are often over-designed in order to take into account higher water consumption and 

possible leakages. In these cases, the intermittent distribution is useful to limit water losses due to 

pressurization more than to limit water consumption by users. 

Intermittent distribution systems are affected by several problems connected with inconsistence between 

design and operational conditions. In the design phase, in fact, it is supposed continuous operational conditions 

and sufficient water resources to match the volumes required by the users and the available ones. When a 

continuous system is managed as an intermittent one, pressure and flow distributions are inadequate and not 

homogenous. 

Intermittency generates inequitable water distribution due to pressure dependent flow conditions, with obvious 

disadvantages for consumers located far away from the supplying nodes or at higher elevation in the network. 

In distribution systems designed for continuous water supply, the consumers exposed to intermittent supply 

conditions are likely to collect as much water as possible in their reservoirs whenever the service resumes [6]. 

In this condition, consumer reservoirs are filled once the supply has been restored and this contemporary use 

of water service generates larger peak flows than predicted in the network design process, increasing the 

pressure losses in the network. Consequently, disadvantaged consumers will always collect less water than 

those nearer to the source. Intermittent distribution can also have a large impact on water quality, allowing for 

the introduction of soil in the pipes when they are empty (Yepes et al., 2003). 

For these reasons, it is essential to design and manage water distribution systems according to their operational 

conditions to improve system performances and to deliver equitably the available water resource. Intermittent 

distribution networks, therefore, have to be designed in a particular way, absolutely different to those applied 

to systems delivering water 24-hours per day (Batish, 2003). 

To efficiently analyse urban distribution networks in scarcity conditions, it can be helpful to evaluate how 

water scarcity and intermittent service affect water consumption. The study proposes a methodology for 

identifying those users that are more disadvantaged by the intermittent distribution condition providing a useful 

tool to be used when managing a network in such a delicate operational condition. The identification of 

disadvantaged users is carried out by the mean of network performance indicators specifically defined for 

intermittent distribution and described in the next paragraph. In the study, a real distribution network has been 

analysed, proposing some indexes for assessing the equity of water service in intermittent distribution 

conditions. 

 

Mathematical model 

The primary objective of a water distribution system is to provide water at a sufficient pressure and quantity 

to all its users. In traditional demand-driven analysis, the network solution is achieved by assigning the 

assumed demands for all nodes and computing the nodal pressure heads. Link flows from the equations of 

mass balance and pipe friction headloss. For networks operating under intermittent conditions, a demand-

driven analysis can yield nodal pressures lower than the minimum required service level or even become 

negative. In real networks, the design demands would not be met. Although this is a well-known problem that 

has been tackled by many researchers, it is still sometimes ignored. Since the 1980s, researchers have proposed 

various methods to compute the actual water consumption, node pressures and flows of networks operating in 

conditions different from design ones (such as intermittent systems). Most proposed methods assume the 

relationship between pressure and outflow at the demand nodes. These methods are generally termed head-

driven analyses. 

Bhave (1981) was the first who acknowledged demand driven analysis does not behave well when node heads 

are lower than required service standard ones. The cited study proposed the following pressure-consumption 

relationship: 
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where 
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 is the actual outflow at node j, 
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 is the required outflow at that node (water demand), 
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the available head and 
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 is the minimum head required to have outflow at the node. 

Germanopoulos (1985) suggested the use of an empirical pressure-consumption relationship to predict the 

outflows at various nodal head: 
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 is a calibration 

parameter ranging from 1 to 5. 

Then, Wagner et al. (1985) proposed the use of a parabolic curve to represent the pressure-consumption 
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where n is a calibration parameter ranging from 2 to 1. 

Reddy and Elango (1989) introduced a method completely different from the others previously referred to. 

The authors suggested a pressure-consumption function without above boundary as the following equations 

show: 
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and being p a coefficient ranging from 0.5 to 1. 

This method has been introduced to evaluate the node consumptions in water distribution networks operating 

in intermittent conditions. In this case, all the users are endowed with private reservoirs and the node outflow 

is the maximum taken by the network, only related to the available nodal head. The outflow stops when the 

reservoir is just completely full. 

Where water distribution is periodically provided on intermittent basis, the users often provide private 

reservoirs with pumps to collect as much water as possible even if nodal pressure is lower than minimum 

required to have outflow at the node. In such situations, the method proposed by Reddy and Elango (1989) has 

to be modified to take into account the pressure-consumption relationship in the range of node head lower than 

the minimum value. In order to do this, eqn. (6) has been defined setting 
min

jH
 equal to zero in eqn. (4b): 

p

j

avl

j Hkq Ö=
         (6) 

where k and p are calibration coefficients. 

This algorithm has been readily implemented into an existing hydraulic network solver, EPANET 2. 

Furthermore, a private reservoir under the roof and a pump have been associated with each node (fig. 1) thus 

providing a complete model for analysing intermittent distribution networks. 
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Figure 22: Distribution node numerical scheme 

 

The reservoir has been designed according to nodal daily water demand and a pump has been chosen being 

able to fill the reservoir in 4 or 5 hours. The pump is turned on if the reservoir is empty and turned off if the 

reservoir is full or the pressure on the network is negative. 

In order to evaluate the equity in the distribution during intermittent operational conditions, two performance 

indexes have been proposed in the present study: 

the ratio between the water volume supplied to the users in a service cycle (if the service is intermittent on 

daily basis, the service cycle is correspondent to two days) and the user demand: 

D

V
1EQ int=

         (7a) 

where Vint is the water volume supplied to the users in a service cycle and D is the user water demand in the 

same period. 

the ratio between the water flow discharged to the user during a service day in intermittent and continuous 

distribution conditions: 

i,cont

iint,

Q

Q
2EQ =

         (7b) 

where Qint,i is the water volume supplied to the users in a service cycle and Qcont,i is the user water demand 

in the same period. 

The index EQ1 represents the ratio between supplied and demanded water volumes in intermittent distribution 

and it is able to identify the users that will obtain less water than their needs and advantaged users that have 

available volumes even higher than their needs. But even if globally in a service cycle water volumes 

distributed at the users do not greatly differs among the users, wide differences may be possible during the 

distribution period because advantaged users can fill their reservoirs much faster than disadvantaged ones. This 

aspect can create difficulties in the water supply of disadvantaged users, and it can modify the userôs perception 

of the water service reliability. For this reason, the index EQ2 can be useful for analysing the behaviour of the 

network in different operational periods (at the start or at the end of the distribution service after a 24-hour 

stop). 

 

A preliminary case study 

 

An analysis has been conducted on one of the 17 distribution networks of Palermo city (Sicily) to provide a 

more adequate description of the proposed methodology. This network has been chosen because it is recently 

built and it is precisely known all its geometric characteristics, the number and the distribution of user 

connections, the water volumes delivered and measured, and pressure and flow values in a few important 

nodes. 

The network is fed by two tanks at different levels that can store up to about 40.000 m3 per day and supply 

around 35.000 inhabitants. It has been designed to deliver about 400 l/capita/d but the actual mean consumption 

is about 260 l/capita/d. Pipes are made of polyethene and their diameters range from 110 to 225 mm. The 

network is about 40 km long and usersô elevation ranges between 47 m and 3 m above sea level. Figure 23 

shows the distribution network adopted in the present study. 

PRESSURE ALARM DEVICE

WATER LEVEL ALARM DEVICE

PRESSURE ALARM DEVICE

WATER LEVEL ALARM DEVICE
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Figure 23: Case study network scheme 

 
However, because of the great amount of water losses occurring in the pipe connecting the tanks with the 

network and the recurrent lack of water resources, the water service manager has decided to operate the 

network on an intermittent basis and introduced pressure reduction valves at the network inlets in order to 

reduce pressures and consequently leakages.  

 

Preliminary results 

The network has been simulated by the mean of EPANET model in which each supply node has been simulated 

according to the scheme provided in figure 23. The model has been calibrated by the mean of a large set given 

by six months of continuous water flow data at the two network inflow nodes and correspondent pressure and 

flow data in 6 nodes distributed inside the network. The data has been collected on hourly basis. 

The only parameter that has been considered in the calibration process was the pipe roughness and the 

calibration has been performed by the least square method fitting the simulated pressures and flows in the 

network internal nodes with the measurements. Figure 24 shows the calibration results. The relative pipe 

roughness obtained from the calibration was equal to 0.64 mm. 

 

Figure 24: Modelling calibration results 

 

The model has been firstly run in order to analyse pressures distribution over the network in continuous and in 

intermittent distribution condition in order to identify the different network behaviour in the two situations. 

Afterwards a long term analysis has been performed over a service cycle in order to estimate the inequities in 

water distribution when the network has been subjected to intermittent distribution. 

As discussed above, network diameters are largely overestimated with respect to the real need of population. 

The design user water demand is in fact almost two times of the real population needs. For this reason, in 
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ordinary conditions the network is characterised by low water velocities and correspondently high pressures. 

The high pressures on the network caused in the past high leakages and, for this reason, pressure reduction 

valves have been introduced for reducing the problem (figure 25). As discussed above, the level of leakages 

did not allowed to maintain continuous distribution (at least in summer period) in the last 5 years and 

intermittent distribution on daily basis was introduced as a common practice convincing the users to build up 

local private reservoirs with schemes presented in figure 25. 

 

 

Figure 25: Water head distribution over the network 

 

The network was analysed by the mean of a long-term simulation, with a time step equal to one hour, involving 

a whole service cycle in intermittent distribution condition. In this simulation, water resources availability is 

considered equal to the demand (intermittent distribution is adopted only for leakages reduction) so the 

iniquitous water supply is due to wrong distribution of resources among users. Index EQ1 was computed for 

the whole period and for each network node. The index EQ2 was computer for each node and each analysis 

time step. 

The analysis of equity index EQ1 shows that in intermittent conditions the inequity in water volumes 

distributed to users are limited within 15% (figure 26). This number can be considered acceptable because it 

does not generate a great compression of user water consumption, but it has to be stressed that this value has 

been generated in a condition where water supply would be able to fully satisfy users demand. 

 

 

Figure 26: Distribution of EQ1 values over the network 

 

The analysis of index EQ2, on the contrary, demonstrated that, in the first part of the service day (just after the 

restart of the water service), the lower nodes drain the most part of the available resources for filling their local 
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reservoirs showing values of EQ2 near to 250%; in the meantime, at higher elevated nodes, water is still not 

available and EQ2 values are near to zero (figure 27a). When lower reservoirs are filled (figure 27b), water 

resources are available for elevated nodes that show high values of EQ2 while lower nodes (where reservoirs 

are filled) show low EQ2 values. EQ2 is highly variable and it demonstrates that the network subjected to 

intermittent distribution will work in conditions that are quite far from the design ones and also from the 

operating conditions that take part in continuous distribution. 

 

 

 

(a) (b) 

Figure 27: EQ2 values at the beginning (a) and at the end (b) of the service period  

 

Preliminary Conclusions and future work 

The methodology defines two performance indicators able to identify inequalities in water supply both 

considering long term effect with user consumption compression and short term during the service cycle with 

large variations in network hydraulic behaviour. 

The application of the methodology to a real case study showed that intermittent distribution can greatly affect 

both water availability for the users and the behaviour of the network. In the case study, even if water supply 

would be sufficient for fulfilling user demand, intermittent distribution will create inequalities among users by 

reducing water supply to high elevated nodes and increasing supply to lower nodes. The effect on the short-

term behaviour of the network is much higher with differences with the ordinary continuous distribution 

condition than can be higher than 200%. 

The intermittent distribution has thus a great impact on users and networks. Users change their water supply 

patterns with higher peaks (connected with the filling of local reservoirs) and large periods with very low 

discharges, and they can also receive higher or lower water volumes depending on their elevation and position 

in the network. Intermittent distribution changes radically the behaviour of the network with parts of it that are 

interested by flows that are much higher than the design ones and parts that are interested by almost null 

discharges. 

The next steps will focus on the application of a much larger network: Parma water distribution network that 

was adopted in the RETURN project as the water POC. 

Equality indicators will be validated and verified on the case study to understand their reliability on a larger 

scale. 
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4.1.9 Predicting the impact of drought on potable water quality 

Drinking water distribution systems are vulnerable to external contaminant entry if there is a loss of physical 

integrity, e.g. a crack in a pipe.  

Water pipe contamination due to breaches is a significant concern for water supply systems, posing various 

risks to public health and infrastructure integrity. Multiple factors contribute to this issue, including pipe 

deterioration, pressure fluctuations, and external contaminants. Pipe breaches can lead to microbial and 

chemical contamination through multiple mechanisms, particularly in developing countries where leaky pipes 

and inadequate sanitation systems are more prevalent (Sakomoto et al., 2020). These breaches allow intrusion 

of contaminated water, potentially causing public health hazards. Internal pipe corrosion is another major issue, 

leading to iron oxide deposits on pipe walls that can contaminate the water supply and cause health problems 

such as gastrointestinal infections and dermatological issues (Sung et al., 2024). Interestingly, the arrangement 

of water and sewer pipes in close proximity or in the same trench can exacerbate contamination risks, especially 

when high vacuums are created in water mains (Brownell, 1935). Additionally, the degradation of water 

supplies is linked to poor anthropogenic activities, with contamination occurring due to the destabilization of 

pipe material and deposits in the water distribution system (Saqib et al., 2022). This contamination can result 

in serious health issues, contributing to a global death rate of 3.4 million people. In conclusion, addressing 

water pipe contamination requires a multifaceted approach. Solutions include improved water quality 

monitoring, interventions such as booster chlorination (Sakomoto et al., 2020), and the use of advanced 

technologies like ultrasound and convolutional neural networks for pipe corrosion detection (Sung et al., 2024). 

Proactive pressure control in water supply networks may also significantly impact the reliability and 

sustainability of these systems (Jara-Arriagada & Stoianov, 2021). Ultimately, upgrading water supply systems 

and implementing water purification technologies are crucial steps in reducing water supply contamination and 

protecting public health (Saqib et al., 2022). 

The main driver for an intrusion event to occur is the failure to maintain an adequate pressure in the 

distribution system. Low and negative pressure events have the potential to result in intrusion of pollutants: 

negative pressures create a suction effect inside the pipe and the contaminant intrusion through pipe leaks 

(Collins et al.,2013). These adverse pressure conditions may take place as consequence of pressure transients 

and/or interruption of water supply and depressurisation of the system. Pressure transients (or water hammer) 

are caused by abrupt changes in the velocity of water; these are short duration events (typically last from a few 

milliseconds to a few minutes) and may be caused by sudden pump shutdowns, power outages, and rapid 

changes in demand. Distribution systems most vulnerable to intrusion events are those with intermittent water 

supply (Vayravamorthy et al, 2001). Water distribution systems are often operated on an intermittent basis 

during water shortage period. This approach is widely adopted not only in developing countries that suffer 

from chronic water shortage and lack of funds to invest in water supply (, but also in developed ones for solving 

short-term scarcity conditions, which can be caused by drought periods (Cubillo, 2004; Cubillo 2005). 

Although intermittent distribution has some advantages in that it requires little financial efforts and reduces 

background water losses, it leads to network operating conditions that are very far from the usual ones (De 

Marchis et al. 2010; De Marchis et al 2011). The network is subjected to cyclical filling phase and emptying 

period during which the distribution system is unpressurised, and it may occur that pollutants enter the pipes 

often characterised by integrity problems. In this period of stagnation, the microbial re-growth can be 

promoted, further compromising water quality (Cohelo et al. 2003). During distribution periods, these 

pollutants are carried through the network to the point-of-use when the pipes become completely full,  and the 

distribution system is in steady state conditions. For this reason, water is usually heavily chlorinated to maintain 

it potable. 

Lindley and Buchberger (2002) introduced three requirements to be met for stating risk conditions to human 

health due to contaminant intrusion: adverse pressure conditions (the driving force), a pathway (leakage points, 

badly fitted joints, air valves, cross connections), and contaminant source. Previous researches found out that: 

transient pressure waves and depressurisation period are the driving force of the intrusion process (Walski et 

al., 1994; Gullick et al. 2004; Flemming et al. 2007; Besner et al. 2007)  and the existence of contaminant in 

the environment surrounding the water distribution network (LeChevalier et al. 2003; Karim et al. 2003). 

Low/negative pressure drives the contaminant in water distribution system through the most common pathway: 

pipe cracks. The existence of the three requirements is not sufficient to quantify the risk of contaminant 

intrusion: the interaction between them needs to be understood. In previous studies, the pathway has been 
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considered a circular orifice, open to atmosphere, and the interaction (the contaminant intrusion flow rate) has 

been simply modelled using the well-known orifice equation (Kirmeyer et al., 2001). The intrusion occurs as 

soon as network water head drops below external head. This model results very simple but not exhaustive 

because it does not take into account the effects of the surrounding soil conditions and of pressure changes on 

the orifice size; the transient nature of the flow through the orifice, the coupling of the intrusion flow and the 

driving pressure, the re-intrusion of water that was lost during the leak process. Collins and Boxall (2003) and 

Collins et al. (2010) modelled the intrusion of fluids into a pipe system through a circular orifice under steady-

state conditions using Computational Fluid Dynamics (CFD). The pipe is buried in a homogeneous isotropic 

saturated porous media and the intrusion has been considered from both water and soil surrounding the pipe. 

The modelling and experimental results showed an excellent agreement with the orifice equation for water 

surrounding the pipe, giving confidence in the CFD approach and that the presence of a surrounding porous 

media decreases the intrusion flow rate from that predicted by the standard orifice equation. The steady-state 

intrusion rate remained proportional to the square root of the driving pressure but the results also suggested a 

greater dependency on the size of the orifice and that a more complicated function than a single discharge 

coefficient is required in the orifice equation. 

The brief literature review above reported denotes that intrusion of contaminant in water distribution system 

resulting from low/negative pressures is a complex phenomenon that has been theorised and it is an active area 

of research still now. The main difficulty is the lack of understanding regarding the interaction between the 

pipe, the crack and the surrounding water and soil. 

To improve understanding of the intrusion process, this research presents the results of tests carried out on 

a high-density polyethylene looped distribution network at the Environmental Hydraulic Laboratory of the 

University of Enna. The tests, aiming at appraising how and how much a contaminant entering the network 

through a pipe crack spreads out until the point-of-use, were performed producing network operating conditions 

that aid a contaminant enters the system (negative pressure due to a water hammer and atmospheric pressure 

due to network emptying in intermittent service). Samples of water volumes were taken at points-of-use after 

the contamination and the temporal pattern of the concentration of the contaminant used was obtained.  

Lab experiments and setup 

UKE Experimental setup: the laboratory network 

The tests were carried out on a high-density polyethylene (HDPE 100 PN16) looped distribution network 

(Figure. 28) at the Environmental Hydraulic Laboratory of the University of Enna. This laboratory network 

has three loops, nine nodes and eleven pipes DN 63 mm, and it is fed by three water tanks that can store up to 

6 m3 overall. Each pipe is about 45 m long and is arranged in almost horizontal concentric circles, with bends 

having a radius of 2.0 m, thus ensuring that the form-resistance losses due to pipe bend can be neglected. Four 

pumps (P in Figure. 28) supply the needed discharge from the recycling reservoir to the upstream air vessel 

(AV in Figure. 28), which behaves as a constant head tank, keeping the pressure constant and equal to a value 

set by varying the speed of the pumps (total water head ranging from 10 to 60 m). The system is monitored 

by: 7 electromagnetic flow meters (M in Figure. 28); pressure cells and multi-jet water meters that are at each 

node position where demands are assumed to occur. Four hand operated sphere valves are installed in pipe 1-

2, 4-3, 6-7, and 10-9 to control the flow of each loop. Node water demand is set by a regulation system by 

Bürkert (electropneumatic positioner controller, pneumatically actuated control valve, and water flow rate 

transmitter) installed at each network node. 
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Figure. 28. Layout of the network. 

In the scope of distribution network pollution analysis, the effect of a leak discharge into the atmosphere in 

pressurised pipe systems was obtained by substituting a small portion of the pipe 4-6 with a trunk, about 70 

cm long, sliced with longitudinal rectangular-shaped incision 20 mm x 1.5 mm. The pipe where the cracked 

trunk is installed is horizontal. The leak discharges into a free surface tank. Thanks to a recirculation system 

the leak discharges are pumped to supply water tanks. To evaluate the water volume lost, two electromagnetic 

flow meters are placed 1 m upstream and downstream the leak trunk (UD and DD in Figure. 28). Pressure is 

measured by means of a piezoresistive pressure transducer, located about 1 m upstream the leak. Pressure data 

was used to evaluate the time history of water head values. At the same position of the piezoresistive pressure 

transducer, another pressure cell is installed to exclude measurement errors. The correct calibration of the 

instruments was checked before each test. The pressure and discharge were acquired simultaneously for all the 

tests. 

 

1.1. Contamination tests 

Two sets of tests were carried out to analyse the intrusion of contaminant through a pipe leak in water 

distribution system resulting from low/negative pressures. In the first set (experiment 1), the intrusion of the 

contaminant chosen (a solution of water and NaCl with concentration equal to 105 g/l) occurred as a result of 

a pressure transient (water hammer) that caused negative pressures. In the second (experiment 2), the intrusion 

took place because of intermittent supply. 

The water hammer was produced closing very quickly the valve installed in the pumps outlet pipe and then 

turning off the pumping system beginning from network steady state condition. Two values of pressure at the 

network inlet node were set to perform the test twice: 2.0 and 4.5 atm (experiment 1a and 1b). 

As above-mentioned, water supply may be periodically interrupted and the water resources rationed to cope 

with chronic water shortage, lack of capital to invest in water service or for solving short-term scarcity 

conditions. These distribution systems with intermittent supply (commonly found both in developing countries 

and in developed one) are most vulnerable to intrusion events: the system is subjected to cyclical filling phase 

and emptying period during which it is unpressurised, and it may occur that pollutants enter the pipes. This 

condition was performed turning off the pumping system that supplies the network in steady state condition at 

the beginning of the test and usersô connection closed for 24 hours. The pressure at the inlet node was set equal 

to 2.0 bar. The network emptied during the interruption of the supply and when the pressure became lower than 

the water head in the free surface tank the contaminated water volume inside the tank, a solution of water and 

NaCl having a constant concentration of 105 g/l, enters the pipe through the leak. After 24 hours, the pumping 

station was turned on, the pipes became completely full, the network reached the steady state conditions, and 

the contaminant was carried through the network to the point-of-use. 
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During the tests, the network was sectioned to get a linear path about 400 m long. Sampling of water volume 

at different temporal intervals was carried out in two different nodes (point-of-use) of the network and the 

contaminant concentrations were measured: the node 9 and 3, about 50 and 250 m from the leak tank, 

respectively. The solution of water and NaCl was dosed in two different way. In the first sets of tests, a gradual 

release gear was adopted: it was made up of a vessel, that held the solution, connected with a flexible pipe and 

a valve controlling which the solution was dosed close to the rectangular crack. In the second sets of tests, the 

solution was put in the leak tank. 

The pipe flow ranged from 7.5 to 8.5 m3/h as a function of the pressure during the tests. The node water 

demand was set equal to 0.72 m3/h. The sampling at the nodes was discontinuous: 73 and 76 samples were 

picked up in 40 minutes in the first and second sets of tests, respectively. During the first 14 minutes the 

sampling was carried out at node 9, then, during the last 26 minutes, the sampling was performed at node 3. 

These temporal ranges that characterised the total and partial duration of the sampling are a result of the study 

of the traveler time of a water particle from the leak tank to the nodes 9 and 3. Sampling was performed with 

different time step: the time step was shorter (1 sample/15 sec) when the concentration peak was expected; the 

time step was longer, ranging from 30 seconds to 2 minutes, otherwise. 

The contaminant concentration of each sample was derived by the direct measure of the conductivity. A 

sampling of water volume before the contamination was carried out to get ñthe whiteò as reference. After the 

contamination, the electric conductivity of the water volumes sampled was measured by means of a multi-

parametric bench meter. The concentration of the solution of NaCl was taken from the calibration line that 

expresses the concentration-conductivity relationship. This curve was experimentally obtained measuring the 

conductivity of solutions of concentration known. 

 

2. Results 

The results of the experimental campaign described above are here presented. In the experiment 1, pressure 

at the pumping station mains was set up to 2.0 atm (experiment 1a) and an instantaneous pump block was 

simulated (the valve installed in the pumps outlet pipe was closed very quickly and then the pumping system 

was turned off). In a similar experiment (experiment 1b), pressure was set at 4.5 atm and, similarly, an 

instantaneous pump block was simulated. In both cases, negative pressure transients were experienced. Figure 

29 shows the water head recorded in node 4 and node 6, upstream and downstream of the cracked pipe, and 

node 7 on the other side of the network at a distance of more than 300 m considering the length of enveloped 

pipes. In the first case, the transient had an higher peak and shorter temporal evolution; in the second case, the 

transient was longer with a lower peak. 

 

 

 (a) (b) 

Figure. 29. Pressure transients in nodes 4, 6 and 7 during experiment 1a (a) and 1b (b). 

Figures 29 and 30 show the conductivity and the correlated salt concentration in the two nodes during the 

experiments. The transient process took part in a few seconds after the instantaneous stop of the pumps; the 

contamination process started immediately with the suction of contaminants from the groundwater and the 
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following propagation to the users node. Node 9 is only about 50 m downstream of the cracked pipe and the 

contamination reached the node only 5 minutes after the beginning of the experiment. The concentration graph 

is characterised by a sharp peak with concentration equal to 600 mg/l. After 200 seconds, node 9 is no more 

interested by contamination. After 28 minutes, contamination reached the node 3 (on the other side of the 

network) with much lower concentrations even if the contaminants reside at the node for more than 8 minutes. 

 

 

 (a) (b) 

Figure 30. Water conductivity (a) and contaminant concentration (b) in nodes 3 and 9 during experiment 1a. 

During experiment 1b, contamination at node 9 presented characteristics similar to experiment 1a even if 

with lower peak due to the smaller mass of contaminant that entered the network during the transient. The 

longer transient and the high pressure oscillation produced more intense mixing of the contaminants inside the 

pipes. As a consequence, contaminants reached node 3 after only 13 minutes residing at the node for more than 

20 minutes. 

The analysis of transient episodes demonstrated that contaminants can enter the water system through pipe 

cracks. The magnitude of contamination events is strictly related to the characteristics of the pressure transient 

especially in the parts of the network that are far from the contaminant inlet. 

 

 

 (a) (b) 

Figure 31. Water conductivity (a) and contaminant concentration (b) in nodes 3 and 9 during experiment 1b. 

A following analysis was carried out considering intermittent network supply. As mentioned above, such 

practice is adopted by water managers in water scarcity and water distribution networks are operated 

intermittently in order to reduce leakages. Usually intermittent supply is operated on daily basis so leaving 

pipes empty at atmospheric pressure for 24 hours. Experiment 2 was designed to simulate such condition: after 

normal operation, the pumps were shut off and usersô connection closed for 24 hours; during such period, the 
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tank containing the cracked pipe was filled with water, having a NaCl concentration of 105 g/l, in order to keep 

the water level constantly 10 cm higher than the pipe. After 24 hours, the system was started again and users 

reconnected collecting data about contaminant concentration. Figure 32 shows the contaminant concentrations 

in the same two nodes considered in experiments 1a and 1b: 

¶ concentrations peaks are higher due to the larger mass of contaminants that entered the network in 24 

hours; 

¶ the contamination process is similar to experiment 1a with the contaminant reaching node 3 after 28 

minutes and lasting for 12 minutes; 

¶ the mixing process inside the pipe is not relevant due to the slow inflow process of contaminated waters 

into the pipes. 

 

 

 (a) (b) 

Figure 32. Water conductivity (a) and contaminant concentration (b) in nodes 3 and 9 during experiment 2. 

 

Conclusions and future work 

The present research shows the results of an experimental campaign aimed to the evaluation of potable water 

contamination in water distribution network due to the presence of leakages. Contaminants, coming from the 

soil, can be introduced in the pipe during transients with negative pressures or during periods in which pipes 

are not supplied and partially empty (for maintenance or intermittent distribution). Two series of experiments 

were carried out considering the two possible phenomena. 

Experimental results showed that intermittent distribution can allow a large amount of contaminants inside 

the pipes. Contaminants got into the pipe by means of infiltration when the pipe was partially empty and the 

service was discontinuous. The pressurisation of pipes ejected part of the contaminants from the pipe but a 

large amount remained in the pipe and it was supplied to the users. The physical process was similar in the 

case of transients involving negative pressures but the temporal scale of the process was much smaller and the 

amount of contaminants flowing into the pipe was smaller. The contamination was still present and it could 

produce risks for the users but it was strictly related with the extension and the magnitude of the negative 

pressure transient. 

Intermittent supply is surely the most relevant cause of distribution network contamination because of the 

longer time in which contaminants can enter the pipes and mix with potable ones: peak contaminant 

concentrations and masses was much higher than those obtained during transients. On the other side, transient 

contamination may be mitigated by positive pressure oscillation that may eject contaminants through the pipe 

cracks. The effects of the surrounding soil conditions is not considered during these tests. 

In the present experimental campaign, a soluble contaminant was used but further analyses have to be carried 

out including non soluble contaminants and suspended contaminants in order to evaluate the possible impact 
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on population. Moreover, the fate of contaminants in the looped network will be investigated by testing several 

demand patterns at the point-of-use. 

In the future, the experimental campaign in lab will be expanded and a more realistic an reliable model will 

be implemented in order to better represent the real processes. 

4.1.10 Establishing the impact of drought and wildfires on soil physical quality, including soil water 

repellency.  

Soil water repellency (SWR) affects soil hydrological properties and processes such as soil water retention, 

water infiltration, runoff and, consequently, soil erosion. Many factors have been shown to influence local 

measurements of SWR, such as soil water content, organic matter content, clay and sand percentages and depth 

along the soil profile. Wildfire is also reported to be an important factor that determines an increase of SWR 

not only at the soil surface but also in the first centimeters of the soil profile. Consequently, determining the 

vertical profile of SWR after a wildfire is essential for understanding post-fire dynamics and implementing 

effective land management strategies. In this context, four areas in the Natural Reserve (RNO, Riserva Naturale 

Orientata) of Monte Pellegrino, in Palermo, were selected. A large portion of the RNO of Monte Pellegrino 

was affected by a wildfire in 2016 and parts of the RNO were affected by anothing wildfire in summer 2023. 

The aim of this investigation was to characterize SWR in different areas of the RNO by the WDPT (Water 

Drop Penetration Time) technique. 

  

Materials and Methods 

Undisturbed soil samples were collected in October 2023 from four areas within the Monte Pellegrino RNO, 

located in the municipality of Palermo. In particular, the following areas were sampled: 1) area A, already 

investigated by Tinebra et al. (2019) and Bagarello et al. (2020), in which the wildfire occurred exclusively in 

2016; 2) area B, in which a wildfire only occurred in 2023; 3) area AB, in which wildfires occurred both in 

2016 and 2023; and 4) area C, that was not affected by any recent wildfire. 

 

Table 6: Location and characteristics of the wildfire areas 

  area A area B area AB area C 

Coordinates 38Á09ô23ôôN 

13Á21ô18ôôE 

38Á10ô38ôôN 

13Á20ô26ôôE 

38Á09ô08ôôN 

13Á21ô23ôôE 

38Á10ô17ôôN 

13Á20ô38ôôE 

Elevation 282 m a.s.l. 325 m a.s.l. 289 m a.s.l. 353 m a.s.l. 

Exposure S-W W E W 

Wildfire 2016 2023 2016 and 2023 NO 

Forest cover Present Present Absent Present 

Vegetation 

species 

C. sempervirens, 

P. halepensis 

C. sempervirens, 

P. halepensis 

P. setaceum, A. 

alba 

P. halepensis 

Litter Present Present (burned) Absent Present 

  

After manually removing the litter, with efforts to preserve the integrity of the soil surface, undisturbed samples 

were collected using stainless steel cylinders with a diameter of 8 cm and a height of 5 cm from the top 5 cm 

of soil. Fifteen samples were collected at each area. The soil samples were sealed on both ends with plastic 

caps and wrapped in plastic film. Once transported to the laboratory, they were air-dried until they reached 

equilibrium. During transport, a soil sample collected at the area B was lost, so only 14 samples were 

considered for this area. Nearly 4-5 kg of disturbed soil were also collected at each area at the same depth for 
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then performing other laboratory analyses such as textural analysis and determination of soil organic matter 

content. 

In the laboratory each sample was weighed to then determine the soil water content at the sampling time. Then, 

the SWR was measured by the WDPT technique. Measurements were carried out at the soil surface but also 

at established depths of the profile. In particular, WDPT was measured at 0, 1, 2, 3 and 4 cm. At this aim, the 

cylinders were placed on a plastic plunger and held upright by wooden supports of varying heights depending 

on the considered depth. The excess soil was removed with a knife after performing the measurements at a 

given depth. For each depth, 10 drops of water were placed on the exposed soil surface and the infiltration 

time of each drop was measured. Therefore, for a given area, a total of N = 150 WDPT values were collected 

for each depth. In some samples it was not possible to characterize all depths due to the presence of large rock 

fragments that obstructed the proper cutting procedure. During each phase, all material was gathered to 

preserve the integrity of the sample content after testing. Subsequently each sample was dried in an oven at 

105°C for 24 hours to determine its initial water content. The soil was classified as wettable, WET, WDPT <5 

s; slightly water repellent, SLI, WDPT = 5-60 s; strongly water repellent, STR, WDPT = 60-600 s; severely 

water repellent, SEV, WDPT = 600-3600 s; and extremely water repellent, EXT, WDPT >3600 s. Additionally, 

the four soils were characterized for their clay, sand, and organic matter content. 

 

Table 7: Soil characteristics of the areas.  

area Clay % Sand % O.M % 

A 26.0 21.8 6.1 

B 12.2 35.8 16.5 

AB 26.5 13.3 5.5 

C 27.6 14.9 13.9 

  

Time effects 

The soil of the area A was sampled in two previous investigations on water repellency following the 2016 

wildfire, aimed at evaluating the effects of the fire on SWR and the subsequent temporal changes. Specifically, 

WDPT tests were conducted in the field, first in August 2016 and then in two experiments in May 2017 

(Tinebra et al. 2019). During the 2016 investigation, the area exhibited high levels of water repellency (EXH 

and SEH classes), a condition that persisted in 2017. The authors suggested that the time required for the soil 

to return to its initial wettable conditions depends on the severity class of the fire. For the soil of the area A, 

which experienced a particularly severe fire, a year was insufficient for a return to undisturbed conditions. 

In 2018, additional experiments were conducted in the same area by Bagarello et al. (2020), revealing water 

repellency in only two cases, although at a lower level (STR), whereas in five out of seven cases the soil was 

wettable (WET). The results from Bagarello et al. (2020) suggested that the wildfire effects tended to disappear 

or at least to appreciably decrease two years after the wildfire. 

The 2023 sampling supported this interpretation since the soil exhibited a complete wettability (WET class). 

Seven years after the fire, a complete return to conditions of full wettability can be expected. The conditions 

altered temporarily by the 2016 fire, whose effects extended for at least a year, had largely disappeared by 

2018 and were completely gone by 2023. 

  

Water repellency profiles 

To characterize the water repellency profiles of the soil at each sampled area, the WDPT data were grouped 

into 20 subsets according to both the area (A, B, AB, C) and the sampled depth along the profile (0, 1, 2, 3, 4 

cm). Initially, the Lilliefors (1967) test was applied to each data subset to determine whether the distribution 

of the WDPT values was normal. Additionally, the same test was applied to the logarithmically transformed 

variable to assess lognormality. In both cases, the null hypothesis of normality and lognormality was 

consistently rejected. Due to these results, each subset was characterized by a median value, which was 

assigned to a water repellency class considered representative of the area-depth combination. The interquartile 

range was also calculated to provide an indication of data variability within each subset. 
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Table 8: The interquartile range of the areas 

Depth 

(cm) 

area A (2016)   area B (2023) area AB (2016 and 

2023) 

area C (NO) 

Median 

(s) 

IQR Median (s) IQR Median (s) IQR Median (s) IQR 

0 1 (WET) 5.75 2610 (SEV) 6405 4 (WET) 5 1020 

(SEV) 

5370 

1 1 (WET) 1 13020 

(EXT) 

13245 15 (SLI) 27 2220 

(SEV) 

6705 

2 1 (WET) 2 9900 (EXT) 17505 30 (SLI) 105.25 900 (SEV) 4212.5 

3 1 (WET) 5 2970 (SEV) 12772.5 35 (SLI) 167.5 30 (SLI) 145.5 

4 1 (WET) 3 195 (STR) 4422 32 (SLI) 100.5 12 (SLI) 37 

  

Notable differences between the four areas were noticed. In particular, the area B exhibited the highest water 

repellency (generally SEV or EXT at the different depths), followed by the area C (SEV; SLI only at the largest 

depths), the area AB (SLI or WET) and finally the area A which was entirely wettable (WET). The interquartile 

range (IQR) values revealed a substantial variability across all soils except for the area A. 

Differences between SWR levels for the four areas did not appear explainable by soil textural characteristics 

since soils with a similar clay content (A, AB and C; cl = 26-28%) differed appreciably by the SWR level 

(negligible for the soil A, moderate for the soil AB and appreciable for the soil C). Moreover, high SWR levels 

were detected for both high and low sand percentages (B and C soils: 36% and 15%) but not for intermediate 

sand content values (A soil: 22%). 

Instead, the two soils with the highest water repellency, B and C, also had the highest organic matter content 

(16.5% and 13.9%, respectively). The two less water-repellent soils, A and AB, exhibited lower organic matter 

contents of 6.1% and 5.5%, respectively. Therefore, an effect of the soil organic matter content on the SWR 

cannot be excluded. These observations are consistent with prior research, which identifies organic matter as 

a critical factor in soil water repellency due to its hydrophobic particles (Wallach 2005, Taumer 2005, 

Nashrolla 2017, Fu 2021). 

The investigation also showed that SWR may affect a rather large upper layer, 3-4 cm thick, although the soil 

was burned or not.  

  

Future activities 

·         Improving the analysis of the vertical profiles of SWR; 

·         Testing the effect of the soil water content on SWR; 

·         Analysing the sample size effects on determination of SWR; 

·         Repeating field sampling at some of the already considered areas to improve description of time 

effects on SWR. 
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4.3 Indices-based drought assessments 

4.3.1 Impact-based drought indices  

Drought indices are quantitative tools used to characterize drought by integrating data from one or more 

variables into a single numerical value, reflecting aspects such as intensity, onset, termination, duration, and 

severity. These indices are operationally valuable for drought detection, real-time monitoring, impact 

assessment, forecasting, and supporting the declaration of drought levels, which trigger risk management 

actions (Zargar et al., 2011). Given the absence of a universally accepted drought definition, no single index 

is applicable to all drought types, climate conditions, or affected sectors (Svoboda et al., 2016). Statistical 

indices are the most widely used tools for detecting drought events. However, they often overlook key factors 

that may drive actual impacts, which are ultimately shaped by a complex mix of social, economic, and 

environmental factors. This Activity aims to enhance traditional drought detection by developing new impact-

based drought indices through machine learning algorithms. These indices are designed to better correlate 

observed impacts of extreme droughts with potential drivers of these events, including climatic, 

meteorological, and hydrological variables across various spatial and temporal scales. The methodology is 

demonstrated using a case study of the Adda River basin, focusing on the multisectoral impacts of drought on 

agricultural production, hydroelectric generation, and the recreational and ecosystem services associated with 

Lake Comoôs low water levels. 

 

The Adda River basin 

The Adda River Basin, located in northern Italy, consists of the catchment area upstream of Lake Como, 

covering approximately 45,000 km², and the agricultural districts downstream, which rely on irrigation from 

the Adda River, encompassing about 1,300 km² of cultivated land. Like most sub-alpine regions, the basin 

experiences two dry seasons in winter and summer, with wetter periods in late spring and autumn, driven by 

snowmelt and rainfall, respectively. Snowmelt from May to July is the primary contributor to the seasonal 

storage of Lake Como, which is crucial for meeting irrigation demands during the summer peak that typically 

exceeds natural water availability (Figure 33). Since 1946, the lake has been regulated by the Consorzio 

dell'Adda, which operates the dam at Olginate (southeast branch of the lake), trying to balance two main, 

competing objectives: water supply (primarily for irrigation and hydropower generation in nine run-of-the-

river power plants) and flood control along the lakeôs shores. In addition, local authorities recently started to 

consider the regulation as a means for preventing extremely low lake levels that negatively impact on 

recreation (e.g., tourism, navigation) and ecosystems services. 

 
Figure 33: Main components of the hydrological cycle in Adda River basin. 

 

The FRIDA method 

The definition of impact-based drought indices relies on the Framework for Index-based DroughtAnalysis 

(FRIDA; Zaniolo et al., 2018), which is structured in three main steps: 

1. Identification of basin characteristics 
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The initial step involved selecting a target variable and gathering potential predictor variables. The 

target variable is a representative proxy for drought impacts within the basin. The predictor dataset 

comprises candidate features to replicate the target variable, including observed hydro-meteorological 

variables across various spatial and temporal scales. 

2. Feature extraction 

The second step focused on selecting relevant subsets of variables that best explained the target 

variable. This was achieved using an advanced feature extraction algorithm, specifically the Wrapper 

for Quasi-Equally Informative Subset Selection (W-QEISS; Karakaya et al. 2015). A multi-objective 

evolutionary algorithm, Borg MOEA (Hadka and Reed, 2013), was employed to recursively explore 

the input space of candidate predictors and identify Pareto-efficient subsets based on four objectives: 

(i) accuracy, (ii) cardinality, (iii) relevance, and (iv) redundancy. A regression model based on Extreme 

Learning Machines (ELM, Huang et al., 2012) was used to compute the predictive accuracy of each 

subset, with the iterative process continuing until the termination criterion (number of iterations) was 

met. Low-accuracy solutions were discarded, resulting in a set of quasi-equally accurate subsets from 

the W-QEISS algorithm.  

3. Drought index modeling 

After selecting the preferred efficient solution within the set of quasi-equally accurate subsets, an 

appropriate model is fitted to the sample of selected inputs and target variable. 

 

Experimental Settings 
The pool of possible predictors consists of time series of different hydroclimatic variables over the Adda River 

basin, subdivided into upstream and downstream areas with respect to the lake. Specifically, we consider: 

- Level and inflow data of Lake Como obtained from the Adda Consortium (authority in charge of the 

lake regulation). 

- Snow depth and snow density, obtained from ERA5-Land. 

- Precipitation data from the APGD (Alpine Precipitation Grid Dataset). 

- Temperature data from E-OBS, a daily gridded land-only observational dataset over Europe. 

 

Regarding the target variables, 3 variables are used as proxy of drought impacts across 3 different sectors:  

- HYDROPOWER: the deficit between the lake release and the maximum water allocated to the run-

of-the-river hydropower plants equal to 150 m3/s, subject to the minimum environmental flow required 

along the Adda River. 

- RECREATION: the water level deficit computed every time the lake level falls below a specific 

threshold (-0.2 m). 

- AGRICULTURE: the Fraction of Absorbed Photosynthetically Active Radiation (FAPAR) anomaly 

index. FAPAR is a biophysical variable derived from satellite observations and monitored by the 

European Drought Observatory (EDO), which measures the proportion of incoming solar radiation in 

the photosynthetically active radiation (PAR) range (400-700 nm) that is absorbed by the vegetation 

canopy of a particular area. Hence, the higher the FAPAR, the higher the photosynthetic activity, 

indicating a better state of vegetation. In this sense, the FAPAR anomaly (FAPAN) can be considered 

a proxy for drought impact. In this case, only the downstream area has been taken into account, where 

the agricultural districts are located.  

                   

Summarizing, the resulting dataset is composed of 26 features, as listed in Table 9. All the data are resampled 

to 1-month temporal resolution. Because the FAPAN index (target variable for the agricultural sector) is 

available only from 2001, the length of the time series is equal to 216 samples (monthly values between 2001 

and 2018). 
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Table 9: Set of candidate input features and target variables for W-QEISS. 

 
  

For what concerns the W-QEISS, the experimental setup was as follows: 

- The Borg MOEA conducted 50,000 function evaluations. 

- The ELM used 30 hidden neurons with a sigmoidal activation function. 

- A 10-fold cross-validation process was repeated 10 times, and the average Symmetric Uncertainty values 

from the 10 experiments were used to estimate model accuracy. 

- The W-QEISS experiment was run 10 times to account for the random components in the search, with the 

final results obtained by merging the Pareto fronts from each run into a final set of non-dominated solutions. 

 

Numerical results 

The Selection Matrices obtained by running W-QEISS are reported in Figure 34 for each impacted sector (i.e., 

hydropower, recreation, agriculture). They include subsets of predictors with accuracy values within a 20% 

range with respect to the highest one. The alternative subsets are sorted in ascending order of cardinality (from 

top to bottom), and accuracy (within each cardinality level). A colored marker is placed at the intersection 

between the row identifying a given subset and the columns corresponding to the selected predictors. The 

marker color varies with the cardinality of the subset, with lighter shades of gray indicating smaller subsets. 

The highest accuracy is reported in red and recorded for subsets number 10, 2 and 5 in the three experiments. 

Moreover, the vertical bars traced by joining markers across multiple rows provide information about the 

relevance of a predictor. For instance, the uninterrupted bar associated with inflow3 for the hydropower sector 

(Figure 34a) indicates that this variable is a strongly relevant predictor that cannot be substituted by other input 

combinations without incurring a substantial drop in predictive accuracy.  

Among the quasi-equally informative subsets reported in Figure 34, we selected the most accurate ones as  

they have a relatively low cardinality and include highly relevant predictors.  

Starting from the hydropower sector (see Figure 34a), the selected variables include level1, inflow1 and inflow3, 

which are the most relevant ones that are the most directly connected to the considered impacts that depend on 

the water release by the lake. Besides, two temperature-related variables (temp1-down and temp3-down) are 

selected as they improve the model accuracy with respect to the first subset in the selection matrix which rely 

only on three predictors. 

For the recreation sector (Figure 34b), the most relevant variable is level1. This is not surprising since the 

considered impact is computed as a function of lake level. In addition, W-QEISS suggests selecting snow 

density6-up as a second predictor, likely because this latter relates to the daily variability of the lake level and 

the corresponding impact on recreation since the deficit of lake level has been computed comparing the daily 

values to the threshold.    

Lastly, the selected variables for the agricultural sector (Figure 34c) are the following: inflow3, prec3-up, 

temp1-down and snow depth1-down. The first two variables are likely capturing the water availability for 

irrigation, while the temperature and snow information in the downstream area are directly influencing crop 

growth processes. It is important to highlight that in this case the accuracy of W-QEISS is much lower than 

for the two other sectors. This anomaly can be explained by the considered impact variable, i.e. the FAPAN 

index derived from satellite information, which is less connected with the available candidate predictors. 
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Figure 34: W-QEISS selection matrices for the hydropower (panel a), recreation (panel b) and agriculture 

(panel c) sectors. 

 

The new impact-based drought index is represented by the best model structure that uses the variables selected 

by W-QEISS to reproduce the target trajectory as closely as possible to the observed one. Concerning model 

class choice, on one hand Artificial Neural Networks (ANNs) provide a good balance between accuracy and 

flexibility. However, since they are black-box models, their interpretation is not intuitive. On the other hand, 

interpretability of linear models is easy and immediate to be understood in its physical meaning, though at the 

price of lower approximation skills. For these reasons, in the third step of FRIDA we explored both models. 

For the ANNs, hyperparameters were tuned via trial and error for determining the best architecture in terms of 

number of nodes and layers: in the case of hydropower and recreation sectors, we used a 3-layers network with 

five nodes in each layer; conversely, for the agricultural sector, we preferred a single-layer architecture with 

30 nodes. 

 

The accuracy of the new impact-based drought indices is measured in terms of Pearson correlation (PCC) and 

coefficient of determination (R2) using the same 10-fold cross-validation scheme of W-QEISS (see Table 10). 
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Even if the linear model performs well for the hydropower sector, in general the ANN architectures outperform 

the linear indices in both metrics for all the sectors. The trajectories of the ANN-based indices are illustrated 

in Figure 35. It is clear that the FAPAN index (Figure 35c) is the most difficult one to reproduce, with the 

FRIDA index that tends to return negative peaks exceeding the observed data. However, it seems to have an 

acceptable accuracy in the range of values between -1 and 0, thus suggesting some potential for detecting 

months with drought-induced stress on the vegetation albeit being approximated in estimating the intensity of 

such stress. 

 

Table 10: Performance in cross-validation of the FRIDA indices with alternative model structures across the 

three considered sectors. 

 HYDROPOWER RECREATION AGRICULTURE 

Model PCC R2 PCC R2 PCC R2 

Linear 0.88 0.77 0.53 0.28 0.25 0.04 

ANN 0.97 0.95 0.95 0.90 0.59 0.15 

 

 

  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
Figure 35: Trajectories of the observed target and of the predicted one for the hydropower (panel a), 

recreation (panel b) and agriculture (panel c) sectors. 
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Conclusions and Next Steps 

Drought indices integrate multiple variables to quantify drought events, facilitating detection, monitoring, and 

impact assessment across sectors. Traditional statistical indices, while commonly used, often overlook key 

socio-economic and environmental factors that influence drought impacts. The FRIDA methodology 

developed in this study introduces impact-based drought indices for the Adda River basin, applying Machine 

Learning to link drought impacts with relevant variables like lake levels, snow depth, and temperature. The 

FRIDA indices for hydropower, recreation, and agriculture shed light on sector-specific connections between 

drivers and impacts, while providing good accuracy in detecting drought impacts. Future research will focus 

on better understanding the role of the variables selected by the feature extraction algorithm and on exploring 

the potential for predicting/projecting the FRIDA indices to support drought management in the region. 

4.3.2 Multi -temporal assessment of drought dynamics across Sardinia from 1922 to 2023 

Drought is a natural disaster, occurring locally or regionally, that impacts agricultural, hydrological, and 

socioeconomic groundwater systems (Dracup et al., 1980; Wilhite and Glantz, 1985; Mishra and Singh, 2010). 

Climate change is expected to intensify climate-meteorological-hydrological processes that can trigger severe 

drought episodes in certain environments (Longobardi et al., 2021). Consequently, the progression of drought 

has become a topic of extensive discussion and analysis in recent years across various regions worldwide. Italy 

is vulnerable to drought, yet data from rain gauge stations often lack the temporal consistency and spatial 

resolution needed for effective drought analysis. While global weather datasets provide additional data, their 

coarse resolution is insufficient to capture the high precipitation variability in southern Europe. In this context, 

long-term in situ measurements are essential for understanding past drought conditions, including their severity 

and recovery time, aiding in forecasting and planning mitigation and adaptation strategies for future climate 

change (Bonaccorso and Aronica, 2016; Marini et al., 2019; Longobardi et al., 2021). 

Monitoring drought dynamics across multiple time scales enables the identification of both immediate impacts, 

like quick-onset droughts that can damage crops, and longer-term water shortages that impose ongoing stress 

on water resources. 

As climate change intensifies these challenges, the need for robust, scalable drought assessment methods 

becomes increasingly apparent (Xu et al., 2024). To further capture these dynamics, the MannïKendall and 

Sen's slope tests were applied to evaluate the significance and magnitude of both annual and monthly 

precipitation as well as SPI patterns across multiple time scales. Furthermore, spatial patterns of drought 

characteristics were analyzed by assessing the probability of occurrence, drought duration, severity, and peak 

values across different SPI thresholds, following the run theory (Yevjevich, 1967). 

The study's findings, offering detailed spatial and temporal characterization of drought conditions in the 

Sardegna region, provide crucial information for developing sustainable and efficient water resource 

management strategies.  

 

Objectives 

The first aim of this study is to provide a detailed assessment of drought dynamics across Sardinia by 

integrating the Standardized Precipitation Index (SPI) over multiple temporal scales. The SPI is widely 

recognized for its adaptability across time scales (Mishra and Singh, 2010; Van Loon, 2015, Longobardi et al., 

2021) making it ideal for capturing the various drought types that impact Sardiniaôs agriculture, water 

management, and ecosystem health. Through this multi-temporal approach, the study aims to enhance our 

understanding of the frequency, severity, duration, and peak conditions of drought events across 120 

catchments over a centennial period from 1922 to 2023. 

The specific objectives of the study are as follows: 

Å To calculate SPI over eight temporal scales (1, 3, 6, 9, 12, 24, 36, and 48 months) for Sardinian 

catchments, allowing for the assessment of short-term to long-term drought impacts (Corbari et al., 2024). 

Å To analyze the variability in drought metrics, such as duration, severity, and frequency, across different 

temporal and spatial scales, providing insights into how drought affects various sectors differently 

(Gebremichael et al., 2024). 

Å To explore the implications of these drought patterns for water resource management and the potential 

integration of SPI-based assessments into drought early warning systems (DEWS). 
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By addressing these objectives, this study contributes to a deeper understanding of Sardiniaôs drought 

dynamics, which is essential for developing responsive drought mitigation strategies and supporting adaptive 

water management under changing climatic conditions. 

 

Methodology 

Data Collection 

The dataset used in this study encompasses precipitation data from 120 catchments across Sardinia (Figure 

36), covering a period from 1922 to 2023. This extensive temporal coverage allows for an in-depth analysis of 

long-term drought trends and patterns within the region. Data quality control measures were rigorously applied 

to ensure the reliability and accuracy of the precipitation records. These measures included cross-checking 

data consistency, identifying and handling missing values, and removing any anomalous entries that could 

skew the drought analysis (Corbari et al., 2024). The quality-controlled dataset serves as the foundation for 

calculating drought indices and performing trend analysis, providing a reliable basis for evaluating drought 

dynamics over nearly a century. 

 

  
Figure 36. Studied Area 

 

Drought Assessment Tool - Standardized Precipitation Index (SPI) 
The Standardized Precipitation Index (SPI) was selected as the primary tool for drought assessment due to its 

adaptability and effectiveness across various temporal scales. The SPI quantifies drought by measuring 

deviations in precipitation from the historical average, allowing for straightforward comparisons across 

different periods and regions (Ukkola et al., 2020). This index was chosen for its ability to capture different 

types of droughts (e.g., meteorological, agricultural, and hydrological) based on the selected timescale 

(Gebremichael et al., 2024). SPIôs flexibility makes it particularly valuable in semi-arid regions like Sardinia, 

where both short-term and long-term droughts pose significant challenges for water management and 

agriculture. By calculating SPI values over multiple time scales, this study can comprehensively evaluate how 

drought impacts vary over time and across different regions of Sardinia. 
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To capture the diverse nature of droughts and their varying impacts, SPI was calculated over eight temporal 

scales: 1, 3, 6, 9, 12, 24, 36, and 48 months. Shorter time scales, such as 1 and 3 months, are used to capture 

rapid-onset drought conditions that primarily affect agriculture and short-term water availability (Leng et al., 

2022). Intermediate time scales, like 6 to 12 months, reflect seasonal and annual drought trends, which are 

relevant for evaluating agricultural planning and water resource allocation (Xu et al., 2024). The longer time 

scales of 24 to 48 months capture prolonged drought conditions, which can impact regional water storage and 

long-term ecosystem health (Villegas et al., 2024). This multi-temporal approach provides a holistic view of 

drought dynamics, from immediate effects to prolonged water deficits. 

To assess long-term trends in precipitation and drought characteristics, a trend analysis was conducted using 

the Mann-Kendall test, a non-parametric method commonly used for detecting monotonic trends in time series 

data. This was applied to both annual and monthly precipitation records from 1922 to 2024. Additionally, the 

SPI at each of the eight selected time scales (1, 3, 6, 9, 12, 24, 36, and 48 months) underwent a trend analysis 

to evaluate changes in drought conditions over time (Ukkola et al., 2020; Gebremichael et al., 2024). 

The Senôs slope estimator was used alongside the Mann-Kendall test to quantify the magnitude of these trends. 

This robust, non-parametric technique calculates the slope of each pairwise data point, providing a median 

value that indicates the trend's magnitude without being overly sensitive to outliers. Together, these analyses 

allow for a comprehensive understanding of precipitation and drought patterns across Sardinia, contributing 

valuable insights into both seasonal and long-term trends that are crucial for drought management (Corbari et 

al., 2024). 

Key drought metrics were calculated to provide a detailed profile of drought characteristics across Sardinia. 

These metrics include: 

Å Duration: The length of time a drought event persists, which affects water resource planning and 

agricultural resilience. 

Å Severity: The intensity of drought conditions, measured by the degree of deviation from normal 

precipitation levels, indicating the potential impact on ecosystems and water supplies. 

Å Peak: The maximum intensity reached during a drought event, which is critical for understanding the 

worst-case scenarios and preparing for extreme conditions. 

Å Frequency: The recurrence rate of drought events, which influences the planning and allocation of 

resources for drought-prone areas. 

These metrics allow for an in-depth examination of how droughts vary across time and space, providing 

insights into the potential impacts of drought on agriculture, water resources, and broader environmental 

sustainability. By analyzing these metrics at different temporal scales, the study offers a comprehensive 

perspective on drought patterns in Sardinia, facilitating the development of tailored management strategies 

(Leng et al., 2022). 

 

Results 
 

The SPI plots across various timescales (1, 3, 6, 9, 12, 24, 36, and 48 months) reveal both short-term and long-

term drought patterns across Sardinia, highlighting spatial and temporal diversity. Short-term SPI (1-3 months) 

captures quick-onset droughts that irregularly affect specific areas, posing challenges for agriculture by 

impacting crop resilience and irrigation. Medium-term SPI (6-12 months) shows sustained drought periods 

that affect broader agricultural cycles and intermediate water management, with certain regions consistently 

experiencing more severe droughts. Long-term SPI (24-48 months) reflects extended drought conditions, 

impacting regional water resources like groundwater recharge and reservoir levels. Together, these maps 

(figure 37) indicate that Sardinia faces both acute and chronic drought risks, which are essential for 

policymakers to consider in adaptive water and agricultural management strategies. 
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Figure 37. SPIôs patterns over different time scales 

 

For the selected catchments over 100 km² in Sardinia, annual precipitation trends display a mix of increasing 

and decreasing slopes, with significant and non-significant patterns across the island (Figure 38). Significant 

trends, marked in red, predominantly show a decline in annual rainfall, especially in larger catchments. The 

magnitude of these negative slopes indicates a heightened drought risk over time for these extensive areas, 

where a consistent reduction in precipitation could lead to prolonged water scarcity. In contrast, a few 

catchments exhibit slight positive trends, suggesting relative stability, though these cases are less common. 

The widespread negative trends across large catchments underscore the need for targeted drought resilience 

strategies in vulnerable regions. 

 

  
Figure 38. Slopes of annual total precipitation for catchments over 100 km2 

 

Larger catchments with significant negative slopes may require proactive drought management, such as the 

development of alternative water sources, enhanced storage infrastructure, and the adoption of water-saving 
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technologies. Given the extensive area of these catchments, the impacts of declining rainfall are amplified, 

posing a challenge for maintaining water reliability across large populations and agricultural zones. In contrast, 

non-significant trends in some catchments indicate stable rainfall patterns; however, ongoing monitoring is 

essential to capture any future shifts. Policy considerations involve supporting water conservation and efficient 

irrigation practices, particularly in catchments with negative trends, and improving drought early warning 

systems targeted to these large areas. 

The monthly precipitation trends reveal seasonal variability that is particularly impactful in larger catchments. 

Winter months, notably December and February, show significant negative slopes across many large 

catchments, indicating a consistent reduction in early and late winter rainfall (Figure 39). This decline could 

reduce the initial storage levels and groundwater recharge in these high-demand areas. Spring also shows 

negative trends in large catchments, especially in March, potentially affecting soil moisture crucial for 

agriculture. Summer months generally show non-significant slopes, aligning with Sardiniaôs typical low 

summer rainfall, while autumn (particularly October) shows negative slopes in large catchments, reducing 

water recharge opportunities before winter. 

 

  
Figure 39. Slopes of Monthly precipitation for catchments over 100 km2 

 

The negative trends in winter and spring rainfall, especially in larger catchments, indicate reduced water 

availability during key recharge periods. This is particularly concerning as these catchments support large 

agricultural and population areas that rely on consistent water supplies. The decline in October rainfall shortens 

the wet season, which is critical for replenishing reservoirs and groundwater in expansive catchments. Stable 

summer rainfall trends underscore the importance of maximizing winter and spring precipitation to sustain 

Sardinia's water needs across these large regions year-round. 

35 highlights the results of the conducted analysis using Mann-Kendall test and Senôs slope estimator, showing 

a clear pattern of significant negative SPI slopes across different timescales (1, 3, 9, 12, 24, 36, and 48 months) 

in many of Sardinia's larger catchments, indicated by red circles. This visual representation shows a reduction 

in SPI values over time, indicating an increase in drought intensity and frequency, particularly affecting 

expansive catchments over 100 km² that are vital for regional water resources. The results indicate a persistent 

negative slope across all SPI periods, reflecting increasing drought conditions on both short- and long-term 

scales. 
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Figure 40. SPI MMK and senôs slope test significance (Ŭ=꜡5꜡%) for the different accumulation scales. 

 

Short-term SPI trends (1 and 3 months) in Figure 40 capture quick shifts in moisture, impacting agricultural 

cycles and immediate water availability. Furthermore, the longer SPI timescales (24 to 48 months) reveal 

prolonged drought conditions that threaten water storage and groundwater recharge. The significant slope 

magnitudes in larger catchments imply substantial reductions in precipitation, posing a risk to water security 

for broad areas. The long-term declines in SPI values, particularly in the 24-, 36-, and 48-month timescales, 

depicted in Figure 40, emphasize the urgency for comprehensive drought preparedness and water conservation 

strategies to address chronic water shortages in these critical catchments. 

Based on the drought condition results shown in figure 41, we can summarize the patterns observed in drought 

duration (DD), drought severity (DS), and drought peak (DP) across various SPI timescales: 

In terms of duration, figure 41 indicates that drought duration tends to be longer in the central and southern 

parts of Sardinia, where areas are shown in darker red, representing extended drought periods. As the SPI 

timescale increases, the duration of droughts also increases, particularly in the 24-, 36-, and 48-month maps, 

signifying more prolonged dry conditions in these regions. This trend highlights the cumulative impact of 

persistent rainfall deficits over longer periods, particularly in larger catchments. Additionally, central and 

southern Sardinia experience the most intense droughts, with higher severity values indicated by dark brown. 

Severity intensifies at longer SPI timescales, with the 24-, 36-, and 48-month maps displaying darker areas, 

suggesting that these regions suffer from sustained, severe droughts. The increasing severity in these areas 

implies that both water resources and ecosystems are more likely to experience stress, especially in larger 

catchments where water demands are higher. Moreover, as with severity, central and southern Sardinia show 

the highest peaks, represented in darker red on longer SPI timescales (24, 36, and 48 months). These intense 

peaks highlight the critical risk of severe drought impacts in larger catchments, which could strain water 

storage and groundwater recharge. 
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Figure 41. Drought characteristics for different accumulation periods 

 

Droughts in central and southern Sardinia, especially in catchments larger than 100 km², are more likely to be 

severe and experience for a long time. As SPI timeframes increase, the duration and intensity of droughts 

intensify, demonstrating the cumulative impacts of prolonged low precipitation on water supplies. Drought 

resilience methods must be targeted, with a focus on long-term water storage, conservation, and adaptive 

management in large, high-demand catchments most affected by these alterations. 

 

Conclusion  
The comprehensive analysis of SPI patterns and drought features in Sardinia reveals a clear and concerning 

trend toward increased drought intensity, frequency, and duration, particularly in large catchments over 100 

km². The SPI slope results across multiple timescales show persistent negative trends, with significant declines 

indicating both short-term and long-term increases in drought conditions. These patterns are significantly 

correlated with observed drought characteristics, where mean drought duration, severity, and peak values 

intensify as SPI timescales increase, highlighting cumulative impacts of prolonged low precipitation. Central 

and southern Sardinia are revealed as the most vulnerable regions, with large catchments experiencing longer 

drought durations, more severe conditions, and serious drought peaks. This spatial distribution of drought 

features indicates that water supplies in these areas face sustained stress, affecting not only agriculture but also 

overall water supply security. Short-term SPI trends reflect quick onset droughts, impacting immediate 

agricultural needs, while long-term SPI trends highlight chronic water shortages that affect reservoir levels 

and groundwater recharge. 

The findings highlight the urgent need for integrated, multi-scale drought management strategies in Sardinia. 

Measures such as improving water storage infrastructure, promoting water conservation, and enhancing 

drought preparedness through early warning systems are essential to build resilience in the most affected 

regions. Furthermore, long-term adaptation strategies, such as artificial aquifer recharge, inter-basin water 

transfers, and drought resistant agricultural practices, will be crucial for sustaining water security in Sardiniaôs 

largest and most at-risk catchments. This analysis provides a critical foundation for policymakers and water 
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managers to prioritize and implement targeted actions, ensuring Sardiniaôs resilience in the face of intensifying 

drought conditions. 
 

4.3.3 Assessing Drought Dynamics in Sardinian Reservoirs 

Drought is among the most impactful climate-related hazards, affecting ecosystems, agriculture, water 

resources, and human societies, leading to significant socio-economic and environmental challenges (Vicente-

Serrano et al., 2020; Mukherjee et al., 2018; Cook et al., 2015; Wilhite, 2016). Socio-hydrological drought, a 

multifaceted hazard originating from prolonged meteorological droughts, escalates as precipitation deficits 

propagate through catchment hydrology, compounding with seasonal societal water demands (Vörösmarty et 

al., 2000; Sivapalan et al., 2012). While substantial research has explored meteorological and hydrological 

droughts, the cumulative nature of socio-hydrological drought remains underexplored, particularly in regions 

dependent on reservoirs for water security (Chen et al., 2016; Di Baldassarre et al., 2015). This study addresses 

this gap by focusing on reservoir storage dynamics as indicators of socio-hydrological drought, dissecting the 

interwoven effects of precipitation deficits, catchment responses, and human water demands. This 

understanding is pivotal for developing effective drought management strategies that enhance resilience in 

water-stressed areas, thereby supporting both ecological balance and water security (Van Loon et al., 2016; 

Xu et al., 2019). 

Widely used indices, such as the Standardized Precipitation Index (SPI), Palmer Drought Severity Index 

(PDSI), and Standardized Runoff Index (SRI), quantify meteorological and hydrological drought (McKee et 

al., 1993; Palmer, 1965; Keyantash and Dracup, 2002). However, these indices do not fully capture the 

behavior of reservoir storage, which reflects not only accumulated precipitation deficits but also hydrological 

processes and societal demands (Van Loon and Van Lanen, 2013; Döll et al., 2009). This study introduces the 

Standardized Storage Dynamics Index (SSDI), a novel metric tailored to capture the socio-hydrological 

drought characteristics of reservoirs. The SSDI is inspired by the SPI methodology, adapted to reflect reservoir-

specific attributes, and offers a standardized measure for drought severity in reservoir systems, thereby 

enhancing reservoir management potential (García et al., 2021; Hao et al., 2018). While many drought studies 

rely on hydrological models or simulated data, these methods may not fully capture the complexity of real-

world socio-hydrological drought dynamics (Freeman et al., 2015; Zhou et al., 2013). This study addresses 

this limitation by using only observational data from Sardinian reservoirs, grounding findings in authentic 

drought propagation patterns that better represent local dynamics (Tallaksen et al., 2009; Brocca et al., 2014). 

This approach provides a solid basis for crafting region-specific drought management strategies informed by 

historical responses. 

Sardiniaôs dependence on reservoirs, combined with its Mediterranean climate characterized by seasonal 

rainfall variability and extended dry spells, presents an ideal case for examining socio-hydrological drought 

dynamics (Italian National Institute of Statistics, 2020; Bergaoui et al., 2015). Although global drought studies 

provide valuable insights, drought impacts differ significantly across regions due to local climate, topography, 

and water management practices (IPCC, 2021; Dai et al., 2011; Maghami et al., 2020). By focusing on 

Sardinia, this study provides a region-specific perspective that highlights the unique challenges associated with 

water management in Mediterranean climates, offering insights applicable to other water-stressed areas facing 

similar conditions. 

Reservoirs vary in their operational configurationsðstandalone versus interconnected systemsðleading to 

distinct resilience profiles under drought stress. Standalone reservoirs, which lack water transfer options, are 

more susceptible to drought effects compared to interconnected systems that can redistribute water during 

periods of high demand (Maghami et al., 2020). Research indicates that interconnected reservoirs typically 

provide greater resilience during moderate droughts, yet they may still struggle under prolonged, multi-year 

drought conditions due to cumulative depletion (Freeman et al., 2015; Sardinia Regional Water Authority, 

2018; Lo et al., 2022). This study examines the differing responses of standalone and interconnected reservoirs 

in Sardinia, elucidating the thresholds at which each system type may be vulnerable (Van Loon et al., 2016; 

Chen et al., 2016). 

Multi -year droughts impose considerable challenges for water management because of their extended nature, 

which strains storage systems over time. While the buffering capacity of interconnected reservoirs during 

seasonal droughts is well documented, limited research has explored their resilience over consecutive dry years 

(Döll & Schmied, 2012; Cook et al., 2015; Barker et al., 2016). This study investigates how both standalone 
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and interconnected reservoirs in Sardinia respond to prolonged dry conditions, assessing their resilience under 

severe drought scenarios. By identifying key vulnerability points, our research aims to support proactive 

management strategies to mitigate future multi-year drought impacts. In summary, this study integrates the 

SSDI development, an observational data-driven analysis, and a comparative evaluation of reservoir responses. 

Through these contributions, we aim to enhance the understanding of socio-hydrological drought dynamics, 

strengthen regional decision-making, and ultimately improve the resilience of Sardinian water resources 

against future droughts. 

 

Materials and Methods 

This study examines two contrasting reservoir systems in Sardinia, ItalyðBau Pressiu and the Flumendosa 

basin (Figures 42 and 43). Sardiniaôs Mediterranean climate, characterized by dry summers and wet autumn-

winter seasons, exerts considerable stress on water resources, particularly during prolonged dry periods (Lo et 

al., 2022; Vicente-Serrano et al., 2020). Bau Pressiu operates as a standalone reservoir, relying solely on its 

own catchment inflows, whereas the Flumendosa basin is an interconnected system comprising three major 

dams: Bau Maggeris, Nuraghe Arrubiu, and Monte Su Rei. This interconnected setup allows for strategic water 

transfers to alleviate shortages during peak demand, contrasting the operational flexibility of interconnected 

systems with the vulnerabilities of standalone reservoirs (Maghami et al., 2020; Sardinia Regional Water 

Authority, 2018). Analyzing these distinct systems provides valuable insights into how different reservoir 

types manage socio-hydrological droughts and respond to climatic variability, contributing to a nuanced 

understanding of water resilience in Mediterranean settings (Bergaoui et al., 2015; Van Loon et al., 2016). 

Precipitation data were obtained from high-resolution observational datasets provided by the Civil Protection 

of Sardinia Region Authority, covering the periods 1990-2020 for Bau Pressiu and 2007-2020 for Flumendosa. 

Data from three rainfall stations near each reservoir were averaged to obtain a representative monthly time 

series for each basin, capturing seasonal and long-term patterns. Bau Pressiuôs precipitation was measured at 

Rosas Miniera, Narcao, and Nuxis, while the Flumendosa basin used data from Bau Mandara, Flumendosa 

Meteo, and Mulargia Meteo stations. 

 

 
Figure 42: Study area of Bau Pressiu basin with the location of rainfall stations and Dam 
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Reservoir level data were provided by the Sardinia Water Authority (ENAS), Enel S.p.A., and the Regional 

Basin Authority of Sardinia. Reservoir levels were converted to volume data using reservoir-specific rating 

curves. This conversion allowed the standardization of storage volumes for both basins for subsequent monthly 

analysis. To analyze the overall system behavior in Flumendosa, a virtual reservoir was created by combining 

the storage volumes of the three reservoirs, reflecting interconnected flows and overall storage dynamics. This 

virtual reservoir facilitated a holistic view of the storage response, accounting for inter-reservoir transfers 

active within the basin. 

For both basins, high-resolution precipitation and reservoir volume data were aggregated to a monthly scale, 

standardizing the temporal resolution to enable consistent comparison. In Bau Pressiu, precipitation data from 

the three monitoring stations were averaged to create a single monthly precipitation time series, which was 

paired with the corresponding reservoir volume time series. In Flumendosa, precipitation data were similarly 

averaged to generate a unified series for the basin, which was then compared to the monthly volume of the 

virtual reservoir system. The data were processed to ensure temporal coherence, enabling an accurate 

comparison of how precipitation patterns influence storage responses in both standalone and interconnected 

reservoir settings. 

 

 
Figure 43: Study area of Flumendosa Basin with rainfall stations and interconnected dams 

 

Methodology 
 

The methodological approach for this study, illustrated in Figure 44, involved three primary steps: calculating 

the n-month Standardized Precipitation Index (n-SPI) to assess meteorological droughts, developing the 

Standardized Storage Dynamics Index (SSDI) for reservoir storage, and examining the correlation between 

these indices to understand drought propagation dynamics. Additionally, we extracted drought event 

characteristicsðduration, severity, and intensityðto analyze and compare the impacts of meteorological and 

socio-hydrological droughts across the reservoirs. 

The SPI was used to evaluate deviations in precipitation from the historical average, calculated across multiple 

temporal scales (n = 1, 3, 6, 12, 24, and 48 months) to capture short- to long-term drought effects (McKee et 
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al., 1993; Guttman, 1999; Wu et al., 2007). Precipitation data were fitted to a gamma distribution, then 

transformed to a standard normal distribution, providing a comparable measure across timescales and regions 

(Stagge et al., 2015). The SPI was computed for both Bau Pressiu and Flumendosa to evaluate how 

accumulated precipitation deficits impacted each basin differently over time (Vicente-Serrano et al., 2012). 

 To evaluate drought in reservoir storage, we developed the SSDI, a new index specifically tailored to reservoir 

dynamics. SSDI captures deviations in reservoir volume by employing a non-parametric Kernel Density 

Estimator (KDE), identified as the best-fitting distribution via the Kolmogorov-Smirnov (KS) test at a 5% 

significance level (Vörösmarty et al., 2000; Tallaksen & Van Lanen, 2004; Seiller & Anctil, 2016). Unlike 

month-specific distributions, SSDI employs a single distribution for the entire time series, avoiding biases and 

ensuring consistency in capturing storage deficits over time, making it comparable to n-SPI (Stagge et al., 

2015; Huang et al., 2020). SSDI was calculated for both reservoirs on a 1-month timescale to capture 

immediate changes in storage and to emphasize the accumulation effects inherent to reservoir operations 

(Moreno et al., 2020). 

Kendall's Tau correlation was employed to examine drought propagation from meteorological conditions to 

reservoir storage by analyzing the relationship between n-SPI and SSDI across different timescales (Kendall, 

1948; Modarres, 2007; Cammalleri et al., 2017). The highest correlation value indicated the SPI timescale 

most closely related to SSDI, providing insights into how precipitation deficits translate to storage reductions 

in each basin, a relationship crucial for understanding drought transmission (Vicente-Serrano et al., 2012). 

Drought Event Extraction 

Drought event characteristics, including duration, severity, and intensity, were derived using the theory of runs, 

defining events as consecutive months below a threshold set at the 20th percentile of each index (Yevjevich, 

1967; Vicente-Serrano et al., 2010). This analysis was applied to both n-SPI and SSDI, facilitating an 

evaluation of how each reservoir system experienced and responded to drought across various timescales, 

which is essential for strategic drought management (Hisdal & Tallaksen, 2003). 

 

 
Figure 44: Schematic diagram of the methodology 

  

Results 
Understanding multi-scale drought using meteorological forcing in Bau Pressiu and Flumendosa Basins 
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Figure 45: Anomaly plot of n-SPI time series for the Bau Pressiu basin 

 

 
Figure 46: Anomaly plot of n-SPI time series for the Flumendosa basin 

 

This section presents drought characteristics in Bau Pressiu and Flumendosa basins using the Standardized 

Precipitation Index (SPI) across multiple timescales (1, 3, 6, 12, 24, and 48 months). These timescales allowed 

us to understand variations in drought severity, duration, and frequency, providing insights into each basin's 

hydrological response (Table 11, Figures 45 and 46). In Bau Pressiu, SPI-1 recorded 58 drought events with a 

mean severity of -1.42 and a maximum of -3.15, with an average duration of 1.5 months. Significant events 

include March 1994 (SPI = -2.96) and January 2000 (SPI = -3.26), reflecting intense short-term dry spells. 
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Flumendosa had 25 SPI-1 drought events, with notable occurrences in August 2008 (SPI = -5.99). The SPI-3 

timescale identified 34 drought events in Bau Pressiu, with a mean severity of -2.53 and maximum of -6.75. 

Notable droughts include December 1994 (SPI = -5.34) and October 2007 (SPI = -6.97). Flumendosa 

experienced 14 seasonal droughts, with significant stress in October 2015 (SPI = -5.15). The 6-month SPI 

showed 23 drought events in Bau Pressiu, with mean severity of -4.78. Notable prolonged droughts occurred 

in November 1994 (SPI = -10.75) and July 2001 (SPI = -20.49). Flumendosa recorded seven drought events, 

including July 2016 (SPI = -11.34). For SPI-12, Bau Pressiu recorded 12 droughts, characterized by a mean 

severity of -12.12. Notable events were September 1994 (SPI = -21.89) and February 2008 (SPI = -13.27). 

Flumendosa had eight droughts, with significant impacts observed in August 2017 (SPI = -20.70). 

Multi -year droughts (SPI-24) in Bau Pressiu recorded ten events, including the severe 1994-1996 drought (SPI 

= -23.96) and March 2017 (SPI = -19.36). In Flumendosa, only three events were recorded, with August 2017 

being the most severe (SPI = -20.70). The SPI-48 captured long-term drought trends. Bau Pressiu experienced 

six events, with the most severe being in September 2000 (SPI = -67.29), indicating extreme prolonged 

drought. Flumendosa recorded four events, with notable droughts in August 2017 and July 2016. The SPI 

analysis across different timescales highlights critical differences between the two basins. Bau Pressiu showed 

higher drought frequency and severity, indicating vulnerability due to its standalone configuration. Conversely, 

the Flumendosa basin showed fewer and less severe droughts, emphasizing the role of its interconnected 

system in redistributing water during periods of deficit. The results underscore the importance of proactive 

water management policies to mitigate the effects of both short-term and long-term water scarcity. 

 

Table 11: Some statistics of drought characters of calculated from n-SPI for Bau Pressiu and Flumendosa 

Location n-SPI No of Events Severity Duration 

Mean Median Max Mean Median Max 

Bau Pressiu 1 58 -1.42 -1.05 -3.15 1.5 1 5 

3 34 -2.53 -1.7 -6.75 2.2 2 7 

6 23 -4.78 -2.05 -18.25 3.04 2 12 

12 12 -12.12 -10.85 -19.8 6.8 7 15 

24 10 -10.85 -9.7 -21.65 7.15 6 14 

48 6 -19.02 -7.1 -59.1 11.7 8 35 

Flumendosa 1 25 -1.5 -1.18 -5.62 1.32 1 3 

3 14 -2.85 -1.92 -16.88 2.14 2 10 

6 7 -6.87 -4.03 -18.4 4.29 4 10 

12 8 -5.89 -4.7 -14.84 3.63 3 9 

24 3 -13.43 -15.77 -23.73 9 11 15 

48 4 -8.94 -2.19 -27.42 5.5 4 16 
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Figure 47: Anomaly plot of new developed index Standardized Storage Dynamics Index (SSDI) for a. Bau 

Pressiu and b. Flumendosa 

 

 

The characterization of reservoir low storage in Bau Pressiu and Flumendosa basins was performed using the 

newly developed Standardized Storage Dynamics Index (SSDI), specifically designed to capture the dynamics 

of reservoir storage influenced by hydrological accumulation and societal demand. Unlike the SPI, which 

assumes a gamma distribution, SSDI employs a non-parametric Kernel Density Estimator (KDE) to capture 

the complexity of reservoir volumes more effectively. KDE was selected based on the Kolmogorov-Smirnov 

(KS) distance test at the 5% significance level. Figures 47a and 47b provide visual comparisons of SSDI and 

SPI for Bau Pressiu and Flumendosa, respectively, illustrating the propagation of low storage from 

meteorological deficits. 

The SSDI-1 was calculated for each basin to capture immediate low storage dynamics. Table 12 summarizes 

the results, showing distinct differences in the characteristics of low storage events. Bau Pressiu experienced 

eleven low storage events, with an average severity of 9.70 and a maximum of 29.73 during the prolonged 

event that started in July 1994, lasting nineteen months. The average duration was 7.18 months, with events 

such as March 2002 (severity of 14.88, duration of eleven months) and October 2007 (severity of 16.65, 

duration of fourteen months) demonstrating prolonged stress. Other events, including those in August 1998, 

July 2000, and October 2017, were shorter, with severities ranging from 3.11 to 6.03. 

Flumendosa had fewer events, with seven low storage occurrences. The mean severity was 6.96, with the most 

significant event in August 2017 reaching 20.70 and lasting fifteen months, indicating vulnerability despite its 

interconnected design. The average duration was 5.14 months, with notable events in July 2016 (severity of 

11.34, duration of seven months) and shorter but significant events in October 2015, August 2008, and 

December 2014, reflecting its ability to buffer short-term deficits. SSDI-1 analysis revealed that Bau Pressiu, 

as a standalone reservoir, experienced more frequent and severe events, indicating higher vulnerability to 

prolonged droughts. Its lack of interconnectivity limited its ability to recover, particularly during multi-year 

droughts. Conversely, the interconnected Flumendosa basin experienced fewer and generally less severe 

events, highlighting the benefits of water redistribution. However, prolonged events, such as those in 2017, 

indicate that even interconnected systems can be overwhelmed during extreme droughts, underscoring the need 

for adaptive strategies to manage cumulative impacts. The SSDI-1 analysis underscores the critical role of 

interconnectivity in enhancing resilience to low storage conditions, while also highlighting the limitations of 

standalone reservoirs during prolonged deficits. 
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Table 12: Some statistics of drought characters calculated from SSDI for Bau Pressiu and Flumendosa 

Location Indicator No of 

Events 

Severity Duration 

Mean Median Max Mean Median Max 

Bau Pressiu SSDI-1 11 9.7 5.91 29.73 7.18 5 19 

Flumendosa SSDI-1 7 6.96 5.15 20.7 5.14 5 15 

 

 
Figure 48: Kendallôs Tau correlation between n-SPI and SSDI for Bau Pressiu 

 

 
Figure 49: Timeseries plot of  12-SPI and SSDI with significant drought intensity which caused low reservoir 

storage in Bau Pressiu 

 

 

The response of the Bau Pressiu basin to accumulated meteorological droughts was assessed by analyzing 

correlations between various SPI timescales and SSDI. The highest correlation was found with SPI-12, 

indicating that one-year accumulated deficits most significantly influence drought propagation to reservoir 

storage (Figure 48). The time series comparison between SPI-12 and SSDI (Figure 49) shows that the 

standalone reservoir could absorb short-term and seasonal meteorological deficits to some extent. However, 

during multi-year droughts, such as the 1994-1996 event, the severity recorded in SSDI (29.72) was notably 

higher than SPI (21.89), with extended durations (19 months for SSDI vs. 16 months for SPI), highlighting the 

reservoir's limited capacity to buffer prolonged drought impacts. 
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For significant drought events like those in 2002 and 2007, SSDI showed higher severity and longer durations 

than SPI, indicating that although the reservoir managed to buffer some intensity, extended low storage 

conditions persisted. In contrast, during shorter droughts, such as the 2017 event, SSDI indicated a reduced 

severity (4.65) compared to SPI (8.77), demonstrating the reservoir's capacity to manage moderate drought 

events effectively. Overall, Bau Pressiu exhibited moderate resilience to short-term droughts but showed 

vulnerability to prolonged multi-year droughts, leading to amplified storage deficits. 

 

 
Figure 50: Kendallôs Tau correlation between n-SPI and SSDI for Flumendosa 

 

 

The Flumendosa basin's interconnected reservoir system demonstrated distinct characteristics compared to 

Bau Pressiu. The correlation between SSDI and n-SPI was strongest with SPI-48, indicating a long-term 

influence of accumulated meteorological deficits on reservoir storage (Figure 50). The high correlation 

coefficient (0.454) suggests the system's capacity to mitigate drought impacts over extended periods. The time 

series comparison of SPI-48 and SSDI (Figure 51) showed that SSDI drought events were generally less severe 

than those from SPI-48, reflecting the interconnected system's ability to absorb shocks. 

For instance, the 2017 event had an SPI-48 severity of 14.1, while SSDI recorded a lower severity of 20.7. 

Despite high meteorological deficit severity, the system managed to distribute water resources, reducing the 

impact on storage. Additionally, extended low storage durations, such as in the 2017 event (15 months for 

SSDI vs. 9 months for SPI), illustrate the time required for system recovery and resilience. The interconnected 

system provides more consistent water availability, even during severe droughts, due to its ability to transfer 

water between reservoirs, thereby mitigating individual storage deficits. The long-term persistence and gradual 

drought propagation underscore the interconnected reservoir's critical role in enhancing water security under 

increasing climate variability. 
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Figure 51: Timeseries plot of 48- SPI and SSDI with significant drought intensity which caused low reservoir 

storage in Flumendosa 

 

Discussion and conclusions 
The analysis of drought characteristics and reservoir low storage in the Bau Pressiu and Flumendosa basins 

offers crucial insights into the impact of accumulated meteorological deficits on water resources in Sardinia. 

Using SPI across multiple timescales provided a comprehensive view of drought propagation, while the SSDI 

allowed a more refined understanding of reservoir-specific dynamics in socio-hydrological drought responses. 

In Bau Pressiu, frequent and severe droughts were observed, particularly at shorter SPI timescales, 

emphasizing its vulnerability to meteorological droughts. Short-term and seasonal droughts identified by SPI-

1 and SPI-3, such as those in 1994 and 2007, highlighted the basinôs sensitivity to precipitation deficits and its 

limited buffering capacity (Vicente-Serrano et al., 2012). Multi-year droughts observed in SPI-24 and SPI-48 

resulted in prolonged low storage levels, suggesting limited resilience to extended dry periods. SSDI-1 further 

illustrated this vulnerability, revealing severe and prolonged low storage during events like 1994-1996 and 

2007, indicative of the standalone reservoir's struggle to cope with prolonged drought effects. 

Conversely, Flumendosa exhibited a different drought response, benefiting from its interconnected system. 

Fewer drought events across SPI timescales and lower severity in short-term droughts underscored the 

advantage of water redistribution during dry periods (Maghami et al., 2020; Seiller & Anctil, 2016). The 

highest correlation between SSDI and SPI-48 in Flumendosa suggested a more gradual response to long-term 

droughts, while SSDI-1 showed fewer and shorter low storage events compared to Bau Pressiu, reflecting 

increased resilience. However, the 2017 drought underscored that even interconnected systems face significant 

challenges during multi-year droughts, as SSDI reached a severity of 20.70, highlighting the need for continued 

adaptive management (Lo et al., 2022; Bergaoui et al., 2015). 

Comparing the basins, Bau Pressiu showed a higher frequency and severity of droughts across all SPI 

timescales, emphasizing its vulnerability in the absence of water transfer capabilities. SSDI results for Bau 

Pressiu revealed notable discrepancies with SPI, especially during major droughts like 1994-1996 and 2007, 

indicating the amplification of drought impacts in a standalone reservoir (Vicente-Serrano et al., 2020). In 

contrast, Flumendosaôs interconnected system enabled a moderated response, reducing the severity and 

frequency of short-term droughts, though prolonged events like the 2017 drought tested the system's limits. 

These findings highlight the need for adaptive water management strategies tailored to each basinôs unique 

characteristics. For Bau Pressiu, increasing storage capacity, enhancing conservation practices, and exploring 

inter-basin water transfers could improve resilience. For Flumendosa, sustaining interconnectivity and 

developing strategies to manage prolonged dry periods are essential for continued resilience. These variations 

in drought response reflect broader challenges in water management under climate variability, particularly in 

Mediterranean climates where droughts are projected to intensify (Chen et al., 2016; IPCC, 2021; Barker et 

al., 2016). 

In conclusion, interconnected reservoirs like Flumendosa demonstrate better drought mitigation capabilities 

compared to standalone reservoirs such as Bau Pressiu. However, even interconnected systems remain 

vulnerable to prolonged droughts, necessitating ongoing strategic planning to bolster resilience. The SSDI 

emerges as a valuable tool for understanding socio-hydrological drought propagation and supports targeted 

interventions to reduce vulnerability and enhance the resilience of water resources under changing climate 

conditions. 
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