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Over the millennia, indigenous small tanks (small reservoirs or ponds) have served to store rainwater and surface runoff to irrigate drylands. However, despite their significance, small tanks have been gradually abandoned in drylands over the past decades to expand cultivable areas under modern agricultural interventions, such as dam reservoirs and canal systems. Sole reliance on modern water interventions has intensified freshwater stress and rendered dryland agriculture vulnerable to droughts. Herein, we present a sociohydrological model incorporating the concept of human salience (i.e., attention accorded by farmers based on actual and perceived reservoir water availability and rainfall) and access to small tanks to simulate farmer decisions on cultivation area. By applying the model to a centrally managed modern irrigation system and a quasi-decentralized indigenous irrigation system in the Mahaweli H irrigation scheme of the Sri Lankan dry zone for the 2010–2020 period, we calibrated farmer perception levels to show that indigenous system farmers perceive a significantly low rainfall threshold indicating greater adaptability to dry conditions. Sensitivity of perception levels to cultivation area demonstrate that modern system farmers have an 18% higher dependency on reservoir water availability compared to indigenous farmers when deciding cultivation area. This stark dependency on reservoir water availability of modern system farmers is rooted in lack of accessibility to small tanks, a feature that enhance drought resilience of farmers in the indigenous system. While providing quantifiable insights, this comparative assessment underscores the importance of critically evaluating the efficacy of decentralized indigenous small tanks in current water resource investments.
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1 INTRODUCTION
The escalating demand for food production driven by socio-economic trends has necessitated global agricultural land expansion (Ramankutty et al., 2018; Winkler et al., 2021) and drylands are not exempt from this development (Wang et al., 2023). Although drylands are limited in soil moisture due to high aridity (low precipitation and high evaporation), they cover about half of the earth’s surface and provide ecosystem services to inhabited nearly third of the world population (Millennium Ecosystem Assessment, 2005; Reynolds et al., 2007). Over the last century, drylands have expanded and it is projected to continue the expansion in this century due to changes in aridity (Huang et al., 2017). According to the United Nations (2011), an estimated 25% of drylands are used to irrigated and rainfed farming, where Lewin et al. (2024) predict to experience current dryland natural habitat conversion due to anthropogenic interventions including agricultural expansion. Meanwhile, already critical state of water scarcity in drylands are expected to exacerbate with less rainfall and increased temperature due to climate change, which increases the vulnerability of dryland agriculture (Ahmed et al., 2022; IUCN, 2019; Thomas, 2008). Hence, sustainable agricultural water management interventions in drylands are imperative to confront drought and enhance resilience (Chander et al., 2019; Ward, 2016).
Throughout the history of human civilization, the majority of dryland agriculture has depended on irrigation (Angelakιs et al., 2020). Notable examples of indigenous irrigation systems invented by early societies in drylands could include ancient irrigation canals in Egypt and Mesopotamia (Koç, 2018), Qanat systems in Middle East (Nasiri and Mafakheri, 2015), small tank (pond) cascade systems in South Asia (Panabokke et al., 2002) and Acequia systems in Spain and its colonies (Martos-Rosillo et al., 2019). Such systems have demonstrated intrinsic drought resilience attributes by storing rainfall and runoff to provide irrigation water in dry seasons (Bebermeier et al., 2017; Srivastava and Chinnasamy, 2022), enhancing hydrological connectivity between surface and ground water (Fernald et al., 2015; Wickramasinghe and Nakamura, 2024) and fostering interaction between human and water systems that highlight community values (Gunda et al., 2018).
The Sri Lankan dry zone, the target area in this study is recognized in global dryland classifications, specifically within the dry sub-humid category (Maestre et al., 2021). This region still demonstrates a unique example of resilient indigenous water management practices. These integrate locally managed small tank systems within the large dam irrigation systems, linking small tanks to dam reservoir to supply water for a wider area of farmlands and human settlements (Abeywardana et al., 2018; Brohier, 1937). The sustained communities in these irrigation and domestic water supply systems symbolize human–water interactions from both the total environmental and historical perspectives (Jayasena et al., 2021). Such interlinked systems are polycentric because of their ability to function on different scales and in different spaces adding redundancy and diversity to the system (Carlisle and Gruby, 2019; Yu et al., 2020). The quasi-decentralized nature (a combination of large-scale water resources and distributed local capacities) can increase the flexibility of the system in managing extreme events under accelerating climate change (Gilrein et al., 2019). However, during the past few decades, dryland agriculture has been boosted by centrally managed irrigation systems, including large dam reservoirs and water diversion projects (Chen et al., 2016; Liu et al., 2013; Müller and Hettige, 1995). Such expansion of agricultural lands and canal systems have caused the destruction and abandonment of existing decentralized small tank systems in Sri Lanka and other countries, resulting in unified modern irrigation systems that rely solely on remote freshwater supply (Li et al., 2023; Zubair, 2005).
Although modern irrigation interventions are promising in the short term, a growing body of evidence has shown that they are associated with unintended secondary consequences resulting in unsustainable outcomes (Di Baldassarre et al., 2018; Gohari et al., 2013; Madani and Mariño, 2009). One particular development is the reservoir effect, a typical sociohydrological phenomenon in which overreliance on reservoirs increases vulnerability and reduce drought resilience (Di Baldassarre et al., 2018). This situation calls for a new agenda to integrate small, distributed water infrastructure into dam reservoirs for resilience development (IWMI, 2021). While decentralized irrigation techniques such as water harvesting from small tanks (or ponds and small reservoirs) are well-studied (Bebermeier et al., 2017; Birner et al., 2010; Geekiyanage and Pushpakumara, 2013; Wisser et al., 2010), how integrating distributed local water storages to dam reservoirs can increase drought resilience remains limited in conceptualization and quantification. Yet the impacts of integrated locally managed small storages to dam reservoirs, such as those indigenous water management systems observed in Sri Lankan dry zone, present and important contribution to the resilience of agricultural water interventions.
As recent modeling approaches have adopted holistic socio-hydrological frameworks which effectively account for the interaction between human and water systems (Sivapalan, 2015), here we present a sociohydrological model to simulate cultivation area and apply it to a quasi-decentralized indigenous and a centralized modern irrigation system in Sri Lankan dry zone to discuss drought resilience comparatively. Our model integrated the concept of human salience, which describes in cognitive dimensions as the process by which individuals prioritize and respond to incoming information based on their existing expectations. These expectations are shaped by the interaction of situational and societal contexts, as well as the individual’s long-term memory and cognitive frameworks (Schmid and Günther, 2016). In our approach, we defined farmer salience as the perceived adequacy of water availability for cultivation. Here we incorporate an average farmers’ perceived seasonal reservoir water availability and rainfall levels as their expectations with observed reservoir water availability and rainfall to conceptualize farmer salience to decide cultivation area. Finally, we quantify farmers’ perceived reservoir water availability threshold and rainfall threshold levels for both irrigation systems by calibrating model parameters using historical data from 2010 to 2020. We utilize these perceived levels and their sensitivity on deciding cultivation area as a proxy to unravel their dependency on water resources, which is crucial for assessing drought resilience. The findings of this study can inform policymakers to better tailor effective agricultural water interventions for enhancing drought resilience in drylands, while protecting indigenous water systems.
2 MATERIALS AND METHODS
2.1 Study area
In this study, the proposed sociohydrological model is applied and validated using the Mahaweli H irrigation scheme in the dry zone of Sri Lanka. Yoda Ela (YE) is an indigenous irrigation water system built in 459 AD that supplies water from the Kalawewa Reservoir to downstream farmlands while feeding small tanks along the way (Brohier, 1937). The capacity to store water in a series of interconnected irrigation tanks in Yoda Ela provides farmers with the flexibility to withdraw water when required (Panapitiya et al., 2008). The small tanks in this quasi-decentralized system were abandoned in some reaches in the 1970s in favor of expanding land to grow rice under a centralized modern irrigation canal named New Jaya Ganga (NJG) (Fernando, 1980), which relies on remote fresh water where Kalawewa reservoir inflow was increased with transbasin water diversion.
At present, both modern and indigenous irrigation systems function separately, where water is withdrawn through separate sluices from the Kalawewa Reservoir (Figure 1). In the modern New Jaya Ganga system, mainly irrigation water from reservoir is directly supplied to farmlands. In contrast, farmers withdraw water from small tanks and small tanks are fed by the reservoir water in the indigenous Yoda Ela system. Characteristics of both irrigation systems are shown in Table 1, details of small tanks connected to Yoda Ela canal are given in Supplementary Table S1 and the schematic representation of water management is shown in Figure 2. Farmers in both systems are involved in rice cultivation in two rainy seasons, namely, Maha (October–March), the wet season, and Yala (April–September), the dry season. The region has faced severe agricultural droughts during the last few decades, particularly in the Yala season (Alahacoon and Amarnath, 2022), resulting in increased freshwater consumption and vulnerability to rice cultivation.
[image: Figure 1]FIGURE 1 | Study area information. (A) The site location in Sri Lankan dry zone. (B) Coexisting quasi-decentralized indigenous Yoda Ela and centralized modern New Jaya Ganga systems in the Mahaweli System H irrigation scheme.
TABLE 1 | Characteristics of two irrigation systems. Data was obtained from WMS, MASL and (Wickramasinghe and Nakamura, 2024).
[image: Table 1][image: Figure 2]FIGURE 2 | Different irrigation water management styles. (A) Direct reservoir water conveyance to the farmland in the centralized modern system and (B) is the quasi-decentralized indigenous water management system where reservoir water first supplied to the small tank and farmers withdraw water from the small tank.
According to historical Kalawewa Reservoir water supply data obtained from seasonal summary reports of the Water Management Secretariat of the Mahaweli Authority of Sri Lanka (WMS, MASL), the modern system (NJG) shows a higher actual water withdrawals from reservoir than planned (Figure 3). This is in contrast to the behavior of the indigenous system (YE), which demonstrates a balance between the predicted and actual water withdrawals from the reservoir. Such high dependency on remote freshwater irrigation makes farming more vulnerable to extreme weather events in the modern system. Thus, the Mahalweli H irrigation scheme represents a case study to evaluate the impact of integrated small tanks to dam reservoir on farmer drought resilience.
[image: Figure 3]FIGURE 3 | Comparison of actual and planned reservoir withdrawals between modern New Jaya Ganga (NJG) and indigenous Yoda Ela (YE) irrigation systems during the Yala (dry) and Maha (wet) seasons. The Y-axis represents the withdrawal ratio (unitless), where values greater than 1 indicate higher withdrawals than planned and values below 1 indicate lower withdrawals than planned. The X-axis denotes irrigation seasons: Yala (April–September) is labeled with a single year (e.g., “2011” for Yala 2011), while Maha (October–March) spans two calendar years and is labeled accordingly (e.g., “2011/12” for Maha 2011–12). Data were unavailable for the 2014 Yala, 2017/18 Maha, 2018 Yala, and 2018/19 Maha seasons.
2.2 Conceptualization
The sociohydrological model simulates the interplay among water resources (reservoir storage, rainfall, and small tanks) and determines the cultivation area for modern and indigenous irrigation systems. Primary qualitative data for model development were collected through 37 interviews conducted at the target site between February and March 2024. Farmers, local irrigation managers, and national water-allocation engineers were interviewed. The semi-structured interviews focused on cultivation decision making, water management processes (including water application), and reservoir operations. The interview participants were selected across diverse spatial locations, such as those cultivated under small tanks in Yoda Ela and those who depended directly on the Kalawewa reservoir in New Jaya Ganga.
To translate seasonal hydrological conditions (i.e., reservoir storage and rainfall) to farmer responses (deciding cultivation area), we apply the concept of human salience, which is defined as a cognitive process of assessing incoming information based on existing expectations of individuals, which are shaped by long term memory based cognitive context, situational and social contexts (Schmid and Günther, 2016). In our model, farmer salience is defined as the perceived adequacy of water availability to support cultivation. Based on long term cultivation experiences, farmers have developed their own perception (expectation) thresholds on reservoir water availability and rainfall to decide cultivation area. We utilize actual and perceived seasonal reservoir water availability and rainfall values to conceptualize farmer salience and consequently decide cultivation area. Modelling farmer salience is explained in detail in Section 2.2.2.
At the target site, the irrigation authority first announces cultivation plans to both systems prior to the season, based on their internal weather predictions. In parallel, farmers in both systems observe reservoir storage and rainfall as the main influences in determining their cultivation area based on salience levels. In the indigenous system, small tanks provide flexibility to farmers, which can compensate for the balance cultivation area if available reservoir and rainfall water is perceived to be inadequate. The proposed sociohydrological model consists of sub-models of reservoir storage, cultivation area, and irrigation water demand, and is linked to account for feedback between subsystems (Figure 4).
[image: Figure 4]FIGURE 4 | Causal loop diagram of the relationships among reservoir storage (red), cultivation area (green), irrigation water demand model (blue) and small tank storage (black). Here, salience refers to the perceived adequacy of water availability for deciding the cultivation area, whereas flexibility generated by small tank storage compensates to balance cultivation area. Solid arrows denote direct influence and dashed arrows demonstrate indirect effects.
2.2.1 Reservoir storage sub-model
In the case study, both the modern and indigenous systems withdraw water from the same reservoir using separate sluices. Our model explicitly determines a seasonal water balance for each system. A season equals to 6 months for a given cultivation year (October–March for the Maha season and April–September for the Yala season). For the considered irrigation canal system, the model assumes that the water supply is sourced from reservoir storage (including inflow), rainfall, and small tank storage. The model utilizes the observed reservoir storage, inflow from diversions, spillage, and total other allocations (total water allocation to other canal systems except the considered system) as seasonal inputs for the water balance calculation. For simplicity, the catchment inflow and evaporation losses were included within the diversion inflow component by conducting a preliminary water balance. For a given isolated system, the reservoir storage at the end of the season Vt+1 (m3) is calculated using Equation 1 as follows:
[image: image]
where Vt (m3) is the reservoir storage at the beginning of the season, QI (m3) is the total observed seasonal reservoir inflow, QA (m3) is the observed other total allocation, QS (m3) is the observed seasonal spill flow, and QO (m3) is the seasonal reservoir outflow to the considered irrigation system through the sluice. Since reservoir storage cannot exceed its physical storage capacity, a capping mechanism was applied to ensure consistency with real-world operations. Here, we divided the sluice outflow into agricultural water and environmental flow requirements in the Equation 2 as follows:
[image: image]
where QE (m3) is the canal environmental flow and W (m3) is the water withdrawal for water supply to the irrigation system (Equation 3). Because both irrigation systems finally rely on the reservoir for their net irrigation water demand, we estimated the irrigation withdrawals by employing reservoir operational rules. The model simulates withdrawal using linear hedging, which is used to reduce the risk of severe shortages by imposing conservation, although storage and inflow remain available (Shih and ReVelle, 1994; You and Cai, 2008).
[image: image]
where D (m3) is the seasonal irrigation water demand of the irrigation system and kh is the slope of the hedging release function. When kh is equal to 1, the standard operation policy is replicated, in which the demand is always met until water is available in the reservoir. When kh exceeds 1, withdrawals are reduced if the available water is below khD (Cancelliere et al., 1998). A visualized explanation of the standard operation policy and hedging policy is provided in Supplementary Figure S1 and application of the hedging policy to simulate seasonal reservoir operation as explained in Equation 3 is visualized in Supplementary Figure S2.
Canal environmental flow (QE) was calculated based on a water budget approach in which fixed allocation volumes were provided (Granco et al., 2019). This method prioritizes satisfying human demands, and establishes limits based on the percentage of natural inflow, and does not directly satisfy downstream ecological demands (Stein et al., 2022). Based on this mechanism, we calculated the canal environmental flow as a percentage of the remaining reservoir storage after satisfying the irrigation demands. This assumption was verified through interviews with water managers. To support in understanding the behavior of Equation 4, a visual plot illustrating their functionality is provided in Supplementary Figure S3.
[image: image]
where en is the environmental flow factor of the remaining storage.
2.2.2 Cultivation area sub-model
Field interviews revealed that, as the cultivation season approaches, farmers begin to monitor rainfall—either visually or referring to weather reports 1 month prior to the established season’s starting month (April or October). At the onset of the season, the management authority declares the start of cultivation and initiates transbasin water diversion to the reservoir. From this point onward, farmers not only continue observing rainfall but also begin assessing reservoir storage and inflows. Farmers at different locations along the main canal (head, mid and tail) initiate sowing at different times. The sowing activities are guided by farmers’ perceived adequacy of available water for cultivation (i.e., salience) and sowing is primarily conducted within the first four months and rarely initiated during the final two months of the season.
To represent this observed behaviour in the model, we conceptualize a representative average farmer, whose seasonal cultivation response is determined by the saliency level. Here it is assumed to be a homogeneous farming community within the irrigation system, where all farmers respond similarly, without explicitly accounting for variations in farm size or socio-economic conditions. First, we estimate the cropping intensity (percentage of cultivation area from the available land) of an average farmhold. In our model, farmer remains flexible in initiating cultivation within the first four months, adjusting their decisions based on perceived water adequacy. Since exact sowing times are unknown, we estimate farmers’ cultivation behavior retrospectively by assessing cumulative hydraulic conditions (reservoir inflow and rainfall) over this period. Salience, representing perceived water adequacy, is computed as a single retrospective assessment after four months and determines the cropping intensity of this average farmer and then it is scaled up to the command area to reflect the total cultivation area of the irrigation system.
Until the fourth month of the season, the conceptualized average farmer asses cumulative reservoir water availability Vs (m3) and cumulative rainfall RS (mm) as key sources of information to develop their salience levels are given in Equations 5, 6:
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where Qt (m3) is the monthly observed reservoir inflow (includes catchment inflow and transbasin diversions) and Rt (mm) is the monthly observed rainfall. As farmers assess adequacy of reservoir and rainfall conditions separately during the decision-making period, we first explicitly modeled farmer salience to the cumulative reservoir water availability (Vs), termed reservoir salience (SV), and to cumulative rainfall (RS) as rainfall salience (SR).
We conceptualized the growth of SV and SR as arising from the interplay between dynamic growth promotion (reservoir water availability and rainfall) and inhibiting forces (land constraints). Farmers’ perception of water adequacy is highly influenced by their perceived thresholds on reservoir water availability and rainfall, which developed by their past experience and other social contexts. This determines how sensitive farmers are to changes in water availability, influencing their cultivation decisions. As positive feedback mechanisms commence, growth accelerates, and eventually limiting factors cause growth to taper off. Consequently, each of these farmer salience growths often follow an S-shaped curve, ranging from 0 (no attention when water availability is far below the perceived threshold) to 1 (full attention when water availability exceeds the threshold). To represent this phenomena mathematically, we deployed the well-known logistic function of Verhulst in Equations 7, 8, as it is the simplest mathematical function capable of reproducing the S-curve (Bacaër, 2011; Kucharavy and De Guio, 2011).
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where Vs (m3) is the cumulative reservoir water availability in the cultivation period, vC (m3) is the perceived threshold reservoir water availability, kv is the storage curve steepness, RS (mm) is the cumulative rainfall during the monitoring period, rc (mm) is the perceived threshold rainfall, and kr is the rainfall curve steepness. The perceived threshold value in the logistic growth curve determines the inflection point at which the perceived adequacy of water availability shifts to accelerate or decelerate. A higher threshold value indicates a higher level of reservoir water availability or rainfall is required to observe significant farmer salience. Curve steepness indicates the rate of function transition from low to high saliency around the threshold. The steeper the curve, the more rapidly the salience response changes once the threshold is reached, whereas a gentle slope indicates farmers gradually adjust salience responses.
In practice, neither rainfall nor reservoir storage alone fully determines farmer behavior; rather, it is their interaction that shapes decision-making. If either reservoir storage or rainfall is low in a given season, farmers’ willingness to cultivate decreases significantly. To capture this interdependence and measure overall perceived adequacy of water availability on cultivation, we define integrated saliency (S) in Equation 9, calculated as the product of reservoir saliency (SV) and rainfall saliency (SR).
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Here, a value of S close to 0 indicates extremely low perceived adequacy of water availability, suggesting less motivation to cultivation. Whereas a value close to 1 suggests higher perceived adequacy of water availability with highly favorable conditions for cultivation. Based on the overall perceived adequacy of water availability, the conceptualize average farmer determines the cropping intensity. Finally, the calculated seasonal cropping intensity for this average farmhold is then scaled up to the command area of the irrigation system to obtain seasonal cultivation area A (m2) of the irrigation system as in Equation 10:
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where ac (m2) is the command area of the system and F is the flexibility generated by the small tank system connected to the reservoir. As Panapitiya et al. (2008) argued, with the stationary nature of the water supply from small tanks adding the benefit of flexibility, this conceptualization allows small tanks to compensate for lower overall farmer saliency in water-scarce periods in a nonlinear manner. This agrees well with the argument of Gilrein et al. (2019) that decentralized infrastructure systems can increase flexibility owing to their small scale. In this study, flexibility is conceptualized in Equations 11, 12 as a function of seasonal small tank storage and the average farmer access to small tanks as follows:
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where VT (m3) is the total seasonal storage of the small tank system, aT (m2) is the total surface area of small tanks, R (mm) is the observed seasonal rainfall and λ is the model parameter representing net inflow of seasonal rainfall to the small tank cascade system. v (m3) is the maximum storage of the small tank cascade system, and r is the normalized distance of an average farmer to the small tank cascade system.
2.2.3 Irrigation water demand sub-model
Irrigation water demand was calculated using a crop water requirement sub-model. Field interviews with farmers and irrigation managers revealed that during the Maha (wet) season, almost all farmers typically cultivated rice, as water was sufficiently available. This can change in the Yala (dry) season, during which the rice cultivation area is reduced compared to Maha season, and other field crops are introduced as the perceived water availability is low. However, rice is the main crop cultivated by most Sri Lankan farmers because of its role as a staple food, cultural attachment, lower input cost and care during the growing period than other crops, easy market access, market stability, and strong institutional support (Burchfield and Poterie, 2018). Therefore, in this model, for simplicity in the calculation of crop water requirements, we neglected crop diversification, limiting to a single crop, which was rice. The seasonal crop water requirement was calculated using the single-crop coefficient method proposed by the FAO (Allen et al., 1998) in Equation 13 as follows:
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where ETc (mm) is the crop evapotranspiration (crop water requirement), i is the growth stage of the crop, kc is the crop coefficient, d (days) is the length of the crop growth stage, and ET0 (mmday−1) is the reference crop evapotranspiration. The model considers 105 days (seeds to maturity) of rice cultivation (Water Management Secretariat, 2022) and the relevant growth stages and corresponding kc values were obtained from local irrigation guidelines (Ponrajah, 1984), as shown in Table 2.
TABLE 2 | Growth stages and crop coefficients.
[image: Table 2]Up on deciding cultivation area in Section 2.2.2, it was assumed that cultivation period may differ within the season. Therefore, this sub-model uses the seasonal average ET0 value to calculate crop evapotranspiration, replicating the seasonal behavior of the irrigation system. The average ET0 was calculated using the relevant daily reference evapotranspiration data obtained from the U.S. Geological Survey (Hobbins et al., 2023). Model accounts for water requirement for land preparation, farmer efficiency in water application, available water from rainfall, and small tanks storage. We assumed that, at the start of each season, small tank storage is to be zero and all the accumulated water throughout the season is fully consumed by farmers. Then, the seasonal field irrigation water requirement, FIR (m3), is calculated using Equation 14 as follows:
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where lp (mm) is the water depth required for land preparation, ea (%) is the water application efficiency to the farmland, ETc (mm) is the crop evapotranspiration (crop water requirement), A (m2) is the seasonal total cultivation area, VT (m3) is the total seasonal storage of the small tank system and Pe (mm) is the effective seasonal rainfall calculated using Equation 15 according to local guidelines (Ponrajah, 1984):
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where R (mm) is seasonal rainfall.
Finally, the seasonal irrigation water demand D (m3) from the reservoir was calculated using the systems water conveyance efficiency (ec) as in Equation 16. ec considers the overall efficiency of water transmission through different levels (main, branch, and field canals).
[image: image]
After integrating the sub-models, this sociohydrological model simulates the cultivation area, water withdrawals, and reservoir storage at seasonal time steps. Each season spans 6 months, where farmers engage in cultivation across two rainy seasons: April to September and October to March. The model is applied to both modern and indigenous irrigation systems, covering the period from 2010 to 2020.
2.3 Model parameterization
We fit the cultivation area, reservoir storage, and reservoir water outflow modules, as explained in the conceptualization to the historical dataset of our modern and indigenous irrigation systems separately. The parameterization process aimed to accurately represent historical data by ensuring that the simulated outputs closely matched the observed patterns in both systems and to understand unique characteristics of each irrigation system. We specified reservoir initial storage as the first observed storage and set boundary conditions from observed data to fit above parameters to each of the irrigation system.
When dealing with complex systems, such as socio-hydrological models, equifinality, having more than one set of parameters that equally results in good model performance, must be avoided (Beven and Freer, 2001; Kelleher et al., 2017). A promising approach to overcome this problem and achieve robust model performance is to adopt multivariable optimization (Koltsida and Kallioras, 2022; Sirisena et al., 2020). Here, we used the cultivation area, reservoir storage, and reservoir outflow variables for model calibration and employed the Nash–Sutcliffe Efficiency (NSE) as a multivariable objective function, assigning equal weights to each variable. Finally, the automatic Dual-Annealing optimization algorithm, implemented in Scipy library (available at https://github.com/scipy/scipy/blob/main/scipy/optimize/_dual_annealing.py) within the Python ecosystem was used to fit the social and hydrological parameters for each irrigation system by maximizing the multivariable NSE between the model and observed data.
During automatic optimization, the algorithm proposes a value for the parameter constrained by the user-defined range values. The parameter ranges were obtained from local reports, irrigation guidelines, and field interviews. For example, in Ponrajah’s (1984) local irrigation guideline, it is assumed 7-inch water depth for land preparation (lp) and 55%–60% for application efficiency (ea) of water applying in general. In previous studies and local estimates, it is used system conveyance efficiency (ec) for modern and indigenous systems as 60% and 70% respectively (Wickramasinghe and Nakamura, 2024). Regarding the normalized distance of an average farmer to the small tank system (r), we assumed that farmers in the modern system do not have access to small tanks (i.e., r equals to 1), whereas up to 80% of farmers in the indigenous system benefit from them (i.e., r between 0.2 and 1). This information was retrieved from interviews with farmers and irrigation managers in both systems. However, discussions with farmers and irrigation managers revealed that water requirements for land preparation and environmental flow release vary considerably across seasons. To replicate uncertainty and these observations, we set ranges for each parameter, as shown in Table 3. Additionally, water requirement for land preparation (lp) and the environmental flow factor of the remaining storage (en) were calibrated seasonally to distinguish between Maha and Yala seasons, to improve model accuracy. Model calibration was carried out in 50 iterations, with each iteration consisting of 1000 simulation runs suggesting best parameter set for each iteration. For a given parameter cluster, we select the median as the representative optimal value, as it best represents the cluster centroid. The observed values of the seasonal cultivation area, reservoir storage, and reservoir outflow for each irrigation system were retrieved from the Water Management Secretariat of the Mahaweli Authority of Sri Lanka.
TABLE 3 | Model calibration information.
[image: Table 3]2.4 Quantifying relative dependency using sensitivity analysis
It is crucial to understand the relative importance of different parameters in influencing model outcomes (farmer cropping intensity). This will lead to informing key drivers of system dynamics and consequently prioritizing management interventions. Sensitivity analysis allows the identification of the parameters that have the greatest influence on the model output. We thus conducted a sensitivity analysis for the parameters using Soboĺ’s (1993) global sensitivity analysis method, which was developed based on the concept of variance decomposition. This method enables the calculation of the first order (direct effect) and the total order (interaction effect) sensitivity of each parameter. The total order calculation estimates include the effect of the interaction of a parameter with other parameters on the model output (Saltelli et al., 2010). This popular global sensitivity analysis technique has been widely applied to parameter sensitivity analysis in hydrological studies (Chen et al., 2021; Wang and Solomatine, 2019; Zhang et al., 2013). In this study, we used the open-source Sensitivity Analysis Library (SALib) in Python (available at https://github.com/SALib/SALib) to perform the Sobol sensitivity analysis. By specifying parameter ranges as outlined in Table 3, all parameters are varied simultaneously over the entire parameter space, enabling the simultaneous assessment of the relative contributions of each individual parameter and their interactions to the output variability. Through 2000 unique parameter combinations, we calculated the total order parameter sensitivity (ST) of a parameter to the representative farmers’ cropping intensity variability. Based on how much each parameter contributes to model variability, we measure relative dependency of cropping intensity on each parameter using Equation 17.
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where Dp (%) is the relative dependency of cropping intensity on parameter p, ST,p is the total order parameter sensitivity of parameter p, and n is the number of parameters.
2.5 Scenario analysis
If small tanks are converted into cultivable land or if they are abandoned under modern irrigation expansion projects, the increased water demand must be met by additional reservoir withdrawals. This can be replicated in the model by changing farmer access to small tanks. To evaluate how farmer accessibility to small tanks contributes to changing farmers’ dependency on reservoir in deciding cultivation area, we conduct a scenario-based Sobol sensitivity analysis by systematically fixing the normalized distance to small tanks (r) at different levels and analyzing its impact on the sensitivity of other key parameters in the indigenous system. Since there is no variation in the normalized distance, direct parameter influence and interactions it had with other parameters in the original sensitivity analysis will be zero. This could lead to increased or decreased sensitivity of other parameters to model variability, depending on how strongly they were interacting with normalized distance. Fixing normalized distance allows us to isolate how other parameters behave without its influence, while our model is able to measure the contribution of small tanks to cropping intensity variability via the model parameter related to small tanks storage (λ). Finally, we observed relative dependency (Dp) of cropping intensity on perceived threshold reservoir water availability (vc), rainfall (rc) and small tank storage parameter (λ) under different small tank access levels (r).
3 RESULTS AND DISCUSSION
3.1 Different farmer perceptions in modern and indigenous irrigation systems
The sociohydrological model uses a modern centralized (NJG) and an indigenous quasi-decentralized (YE) irrigation system in Sri Lankan dry zone to provide an overview of how farmers weigh on different factors on deciding the cultivation area. Farmers in the NJG system solely depend on reservoir water, while farmers in the YE have access to small tank water in addition to reservoir water. Table 3 summarizes the fitted parameters for each irrigation system and Figure 5 shows the quantified goodness-of-fit of the modelled cultivation area, reservoir storage, and reservoir outflow for the historical time series of the modern and indigenous irrigation systems at seasonal (6 months) intervals. The model exhibited satisfactory performance across both irrigation systems after parameter optimization, achieving an NSE ≥ 0.6 for all variables except reservoir outflow to the indigenous irrigation system (Figure 5F). The disparity may have been caused by the assumption of zero small tank storage at the beginning of each season. In addition, seasonal reservoir outflow to the irrigation system can vary based on downstream demands and reservoir water availability, whereas our assumptions were fixed across seasons. Nevertheless, Figure 5F successfully reproduced the general trend of reservoir outflow, particularly during most drought years.
[image: Figure 5]FIGURE 5 | Observed and simulated variables in the reproduction of reservoir operations for each system including goodness-of-fit metric (NSE): Cultivation area of the (A) modern and (B) indigenous system, reservoir storage when simulating the (C) modern and (D) indigenous system, and reservoir outflow for the (E) modern and (F) indigenous system. In the x-axis, labeled years represent dry seasons, whereas the intermediate points represent wet seasons.
According to Table 3, an average farmer in the modern system perceives a higher threshold reservoir water availability and rainfall (vc = 228 mcm, rc = 232 mm) compared to a farmer in the indigenous system (vc = 218 mcm, rc = 100 mm). Although both systems have closer perceived threshold reservoir water availability values, the perceived rainfall threshold is significantly high among modern system farmers. To further explain, we quantified integrated farmer salience (S) by using calibrated parameters and shown in Figure 6. It shows the integrated farmer salience (S) heat maps for the two systems, which illustrates how critical inputs of reservoir water availability, and rainfall interact with farmer perceptions to develop perceived adequacy of water availability for cultivation. In the modern system (Figure 6A), when rainfall reaches its perceived threshold, salience gradually increases in response to reservoir water availability. However, once reservoir water availability exceeds its perceived threshold, salience increases sharply around the rainfall threshold. This suggests that farmers in the modern system rely more on reservoir storage for cultivation decision-making, while showing high rainfall requirement to trigger cultivation. In contrast, farmers in the indigenous system (Figure 6B) exhibit a sharp increase in salience in response to reservoir water availability once observed rainfall reaches its perceived threshold. Notably, their response to rainfall differs from that of modern system farmers. When reservoir water availability exceeds its perceived threshold, salience increases gradually around its much lower perceived rainfall threshold compared to modern system farmers, indicating that indigenous system farmers are more comfortable to start cultivation with lower rainfall. This distinction highlights key differences in drought resilience—farmers in the indigenous system appears more adaptable to rainfall variability, while the modern system remains more rigidly dependent on reservoir storage.
[image: Figure 6]FIGURE 6 | Integrated farmer salience of an average farmer in the (A) modern and (B) indigenous system. The color scale indicates salience values, with blue representing low salience (0) and red representing maximum salience (1). Dash lines represent calibrated perceived threshold values.
Farmers’ perceptions of rainfall and reservoir water availability act as mental benchmarks in decision making. Such human perceptions may shaped by past experience of rainfall, reservoir operations, community influence and institutional policies (Hubertus et al., 2023; Plakandaras et al., 2025; Simelton et al., 2013). In sociohydrological models, capturing these perceptions helps to bridge the gap between hydrological realities and human decision-making, leading to more realistic simulations of agricultural dynamics (Elshafei et al., 2014). Our sociohydrological modelling approach aligns with acknowledging that historical experiences shape farmer’s decisions by incorporating fixed perceived threshold values for rainfall and reservoir water availability, which influence cultivation choices based on past water availability and irrigation reliability. Previous researchers also have incorporated such time invariant parameters in dynamic sociohydrological models (Di Baldassarre et al., 2015). Knowing the extent of perception levels of environmental conditions can support the adaptation of farmers for extreme events such as droughts (Howe et al., 2014). Policymakers can use these values to propose realistic system specific strategies. For example, in this case study, introducing supplementary irrigation methods, soil moisture retention techniques or promoting drought-tolerant crops can enhance modern system farmers’ confidence to cultivate with lower water conditions while reducing perceived threshold of rainfall and reservoir water availability in long term. On the other hand, implementing policies like imposing water restrictions without considering such farmer perception levels can lead to resistance and aligning policies with these thresholds ensure they are more likely to be adopted by local farmers.
3.2 Reservoir dependency on deciding cropping intensity
We further investigated how average farmers’ cropping intensity is dependent upon each of the input parameters using relative dependency values, which measured based on total order sensitivity indices (sensitivity indices are shown in Supplementary Figure S4). Figure 7A demonstrates relative dependency of cropping intensity on each parameter for a modern system farmer, where dependency on perceived threshold reservoir water availability (vc) is 70%, and dependency on perceived threshold rainfall (rc) is 23%. However, in the indigenous system (Figure 7B), small tank system parameters moderated the behaviour. However, perceived threshold reservoir water availability (vc) remained as the top contributor for the cropping intensity with 52% and small tank storage parameters ranked in second as normalized access parameter (r) with 16% and pond storage factor (λ) with 16%. While perceived threshold rainfall (rc) accounted for 11% of the cropping intensity variability.
[image: Figure 7]FIGURE 7 | Relative dependency of cropping intensity on different parameters, where (A) represents a modern system farmer and (B) represents an indigenous system farmer. Information on other parameters for both systems is shown in Supplementary Figure S5.
Based on the relative dependency analysis results, the perceived threshold for reservoir water availability has the highest impact on farmers’ cropping intensity variation, which indicates farmers in both systems critically evaluate reservoir water conditions in deciding cultivation. This is confirmed by the site information that farmers in both systems initiate sowing after only the management authority announced the reservoir water issuing dates. Our quantification demonstrates that cropping intensity dependency on perceived threshold reservoir water availability is 18% higher, whereas cropping intensity dependency on perceived rainfall is 12% higher in a modern system farmer compared to an indigenous farmer. This indicates that modern system farmers not only perceive higher reservoir water availability and rainfall but also rely more on it when making cropping decisions compared to indigenous system farmers.
This stronger dependency on reservoir water availability suggests that modern system farmers are more influenced by centralized reservoir operations, whereas indigenous system’s lower dependency on reservoir water availability and diversified reliance on other water sources, point to a more polycentric resilience strategy. Therefore, relative dependency results in this study emphasize resilience-enhancing principles for infrastructure-dependent systems, where incorporating polycentric attributes, such as redundancy and flexibility, through a combination of large-scale centralized infrastructure and decentralized capacities strengthens ability to cope with changing weather conditions (Garcia et al., 2022; Yu et al., 2020). Our simulation results support the call of IWMI (2021) for a new agenda to integrate small, distributed water infrastructure into dam reservoirs to overcome reservoir over-reliance and reduce potential vulnerability in drought periods. In parallel studies, it is proposed that reactivating traditional small water bodies (ponds) for irrigation could decrease the water footprint of rice production and reduce freshwater consumption (Li et al., 2023) and conjunctive use of canals and ponds in rice irrigation to support the optimum use of scarce water in dry regions (Noory et al., 2019).
3.3 Impact of small tanks accessibility on reservoir dependency
The scenario analysis presented for the indigenous system in Figure 8 demonstrates a sharp decline in the cropping intensity dependency on pond storage (λ) from 66% to 0%, when the distance to small tanks (r) increases from 0 to 1. Meanwhile, the relative dependency of cropping intensity variability on perceived reservoir water availability (vc) shows a steeper increase from 25% to 78%, whereas the relative dependency on rainfall perception threshold (rc) increases at a slower rate from 6% to 14%. This suggests that cropping intensity is mostly dominated by the reservoir water availability, while rainfall is always a factor but does not compensate for a lack of small tank access as effectively as reservoir storage.
[image: Figure 8]FIGURE 8 | Scenario analysis. How the changes in normalized average distance to small tanks in the indigenous system affect cropping intensity dependency on perceived threshold reservoir water availability (vc), perceived rainfall threshold (rc), and small tank storage (λ). Here, normalized average distance of 0 indicates full access to small tanks, whereas 1 indicates no access to small tanks. Higher relative dependency value indicate greater dependency of cropping intensity on the respective parameter.
These findings highlight the critical role of small tanks in buffering farmers from over-reliance on dam reservoirs. As a result, targeted water management interventions, such as preserving and rehabilitating small tank networks, can help to reduce the vulnerability of farmers to fluctuations in reservoir water levels, particularly in drylands where reservoir water availability is uncertain. If small tanks are converted into cultivable land, the increased water demand must be met by additional reservoir withdrawals and this trade-off can be evaluated by suggesting optimal conditions using our scenario analysis. In Figure 8, increasing cultivable land demonstrates by increasing farmer normalized distance to small tanks (r). Here, r ≈ 0.4 appears to be the transition zone where reservoir dependency starts increasing sharply. Keeping r ≤ 0.4 (i.e., at least 60% of lands have access to small tanks) would ensure moderate dependence on reservoir on deciding cropping intensity while retaining the buffering capacity of small tanks. As the Sri Lankan dry zone is home to millennia-old traditional small tanks that continue to function as vital components of local water management, a lack of knowledge of their resilient attributes can lead them to be demolished and overlooked in favor of expanding cultivable land using modern agricultural interventions, as has occurred in post-colonial land colonization projects (Panapitiya et al., 2008; Zubair, 2005). Although the legacy of dam reservoirs can, in some cases, exacerbate water crises during droughts (Di Baldassarre et al., 2021), the development of large dam reservoirs and water transfer infrastructure remains a top priority in the fight against water scarcity, not only in Sri Lanka (Birendra et al., 2023) but also in other developing countries located in tropical and semi-tropical regions (Biswas and Tortajada, 2001; Wheeler et al., 2020). Hence, the insights that this study provides on integrating indigenous systems to modern irrigation systems are highly important to avoid water users being trapped in unintended consequences.
4 CONCLUSION
Over the past few decades, dryland agriculture has expanded with centrally managed modern irrigation infrastructure (dam reservoirs, canals, and diversions), contributing to rising global food demand. This expansion has prompted the destruction of decentralized indigenous irrigation systems (small tanks and ponds) in many nations, resulting modern irrigation systems to heavily rely on remote freshwater. However, locally managed small storages integrated to dam reservoirs, such as those indigenous water management systems present and important contribution to the resilience of dryland agriculture. Yet, it remains elusive in conceptualization and quantification of how integrating distributed local water storages to dam reservoirs can increase drought resilience in dryland agriculture.
This study presents a sociohydrological model to simulate farmers’ cropping intensity dependency on water sources and apply it to indigenous and modern irrigation systems in Sri Lankan dry zone to discuss drought resilience comparatively. Our assessment integrates farmers’ perception levels on reservoir water availability and rainfall as well as access to small tanks to conceptualize their seasonal cropping intensity. By calibrating farmer perception levels, first we have shown here, particularly indigenous system farmers’ expectation on rainfall to initiate cultivation is significantly lower than that of modern system farmers. This shows a greater adaptability of indigenous farmers to dry conditions indicating drought resilient attributes. Second, by quantifying the relative dependency of cropping intensity variability on water sources, our simulation demonstrates that modern-system farmers have an 18% higher dependency on reservoir water availability and a 12% higher dependency on rainfall compared to indigenous farmers. Third, our conceptualization shows that reservoir dependency is sharply increased by abandoning small tanks. These confirm that integrating small tanks significantly reduce farmers being over-reliance on dam reservoir, which in turn reduce vulnerability to reservoir depletions induced by droughts or reduced transbasin diversions.
In our conceptualization, we came across several assumptions. We assumed that an average farmer would always cultivate rice, given the hydrological conditions, regardless of the season. However, in Yala (dry season), farmers may reduce their rice cultivation area and diversify it by cultivating other field crops. In addition to hydrological conditions, other factors such as market conditions and institutional decisions may also influence indirectly to farmers’ decision making in cultivation areas (Weerahewa et al., 2010) and crop types. Difference in farmers’ authority to access the water source (water management in small tanks and modern canal) and farmers’ social behavior also can be investigated. As the early steps, this approach considered uniform perceived threshold hydrological conditions across wet and dry seasons and future work can focus on season-specific dynamic perceived thresholds. Nevertheless, our comparative assessment provides a framework to capture not only sociohydrological dynamics in perception-based decision making and evaluate drought resilience, but also it suggests policy insights to agricultural water management in drylands.
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