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Abstract. Forests play a significant role in the hydrological cycle by increasing water use through tree transpiration, reducing soil 

evaporation, providing local cooling, and altering soil hydrological properties. The nature of these interactions depends on 

individual tree species’ functional traits, intra- and interspecific interactions, and stand age. In the short term, individuals acclimate 20 

to local conditions by adjusting their photosynthetic activity in response to temperature and water availability. As such, over time, 

changes in forest cover, whether through afforestation or deforestation, will affect water availability in the forest and downstream. 

To simultaneously predict basin-level water and carbon dynamics, representations of vegetation in hydrological models must 

capture processes such as soil-water-plant interactions, plant acclimation, forest dynamics, and diversity in forest age and species 

composition.  25 

In this paper we advanced the capability of the Geographical Environmental and Behavioural model (GEB), a hydrological model 

with agent-based representations of management decisions, by coupling it with the Plant Functional Acclimation and Trait 

Evolution model (PlantFATE), a dynamic trait-based vegetation model built on eco-evolutionary principles, to improve 

hydrological response to changes in forest cover and composition. We evaluated the coupling against the default GEB model 

outputs by simulating a portion of the Ghod Sub-basin in Maharashtra, India. We further explored various afforestation scenarios 30 

using the GEB-PlantFATE coupling with two levels of tree species diversity as represented by species richness (low and high 

biodiversity scenarios with 1 and 10 species, respectively). 

We show that GEB-PlantFATE significantly improved the representation of feedbacks between the forests and hydrology with 

respect to the individual models alone. Our results show that the coupled model is able to better represent the changing species 

composition, NPP and size distribution under a changing hydrological and climatological environment, and the feedback from 35 

drought-adapted forest species to soil moisture.  Forests simulated in GEB-PlantFATE could maintain photosynthesis under lower 

soil water content with respect to GEB only, and optimise photosynthesis better when higher water content was available. 
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Accordingly, we found two relatively high-water tolerant species as being the most successful in the high biodiversity scenarios. 

Finally, afforestation generally increased soil water content, with high biodiversity having a larger effect, likely due toindividual 

trees size.Overall, differences in NPP and transpiration rate between the high and low biodiversity scenarios could be primarily 40 

attributed to the faster growth rate of the low biodiversity species. The coupling represents a first step towards investigating forest 

biodiversity and eco-hydrological interactions in a hydrological model. We demonstrate the coupling on a relatively small basin, 

but the model can be applied to other regions to evaluate trade-offs between afforestation, forest use, and other water demands. 

This work indicates the potential that the coupled GEB-PlantFATE can more accurately simulate the advantages and disadvantages 

of afforestation, and the impact of climate change on the ecohydrological system.  45 

1 Introduction 

As our climate changes, we will be confronted with increasing extreme events, such as droughts and floods (Calvin et al., 2023). 

Water stress in particular is predicted to be more severe in a growing number of regions due to increased water demand for 

agricultural, domestic and industrial water use, a warmer climate with longer periods of low precipitation (Kummu et al., 2016; 

Schewe et al., 2014) and reduced natural aquifer recharge (Berghuijs et al., 2024). This combined overexploitation and lack of 50 

recharge is leading to a global depletion of groundwater resources (Wada et al., 2010). Water conservation projects across the 

globe seek to mitigate these issues, for which they require accurate predictions of the hydrological cycle. Afforestation, or planting 

forests in areas previously without tree cover, can be an attractive nature-based solution (NBS) to reduce droughts (Bussotti and 

Pollastrini, 2025; Gupta et al., 2024; Verheyen et al., 2024) and floods (Dittrich et al., 2019), while providing several ecosystem 

services (or co-benefits) such as timber production, cooling during heatwaves, CO2 sequestration, and habitat for species important 55 

to local populations (Debele et al., 2023).  

Forests can dramatically influence the water cycle, both positively and negatively. For example, forests can increase soil moisture 

by forming healthy soils, increasing infiltration and enhancing water retention (Moos et al., 2018; Rüegg et al., 2022). Moreover, 

canopies can reduce soil evaporation (Ilstedt et al., 2016; Jones et al., 2020). However, water losses from increased transpiration 

and rainfall interception evaporation can also lead to an overall decrease in soil moisture, groundwater levels, and stream flow 60 

(Jackson et al., 2005; Khorchani et al., 2021; Stavi et al., 2024). While uncertainties are large and the strength of the aforementioned 

processes can be highly dependent on the local climate and environment, afforestation is often suggested as an effective nature-

based solution to water scarcity in the long run (Kamble et al., 2025). 

Conversely, forests are also affected by the water cycle; species’ hydraulic properties will affect forest composition on adaptation 

to drought (Anderegg et al., 2020). Drought stress in trees can cause embolisms, i.e. the formation of air pockets in the xylem that 65 

break the water column and prevent water from reaching organs for crucial functions (Choat et al., 2012; McDowell, 2011; 

McDowell et al., 2022). Embolisms can cause significant tissue damage in trees and, in extreme cases, lead to the death of the tree. 

To combat water stress, trees may acclimate to local conditions by adjusting their photosynthetic apparatus to maximize carbon 

gain while minimizing water loss (Franklin et al., 2023). Some trees may close their stomata or drop their leaves during drought 

to prevent water loss and potential embolism (Vico et al., 2015). In the long term, some species may become more resistant to 70 

embolism by evolving traits that increase their hydraulic safety margin during drought (McDowell et al., 2008). However, under 

changing conditions, strategies adapted to local water regimes may become maladaptive, leading to mass-drought extinction events, 

especially in locations that are not usually considered water-limited (Allen et al., 2010).  

2

https://doi.org/10.5194/egusphere-2026-5313
Preprint. Discussion started: 9 November 2026
c© Author(s) 2026. CC BY 4.0 License.



Distributed hydrological models allow simulation of water cycle processes over time across spatially varying domains by dividing 

the environment into grid cells typically ranging from 30’ (~60 km at the equator) up to 30’’ (~ 1 km at the equator) (Ai et al., 75 

2020; de Bruijn et al., 2023; Burek et al., 2020). These models integrate various processes, including precipitation, soil water fluxes, 

discharge, and groundwater flow. Some of these models can simulate several distinct land-use types, including forests (de Bruijn 

et al., 2023; Burek et al., 2020; Sutanudjaja et al., 2018). In these models, the forest cover in each grid cell has its own vertical 

fluxes, including interception, evapotranspiration, and vegetation-specific transpiration (Sutanudjaja et al., 2018). However, 

vegetation is largely represented statically, and dynamic changes in species composition, age structure and local acclimation are 80 

generally not captured. 

To better understand the bi-directional feedback between the water cycle and forest composition, several models that include both 

hydrology and vegetation dynamics have been developed. For example, the recently developed FORHYCS model (Speich et al., 

2020) couples the existing PREVAH hydrological model (Gurtz et al., 1999) and the TreeMig forest landscape model (Lischke et 

al., 2006). The innovation of the FORHYCS model is that it simulates growth and mortality at the size-class level, accounting for 85 

successional dynamics and interspecific competition (Speich et al., 2020). However, it does not include species-specific responses 

to drought, nor does it model the acclimation of physiological processes in response to environmental conditions.  

Therefore, we present a newly developed coupling of the Geographical, Environmental, and Behavioural (GEB) model (de Bruijn 

et al., 2023) with the Plant Functional Acclimation and Trait Evolution (PlantFATE) model (Joshi et al., 2023a). GEB is a coupled 

socio-hydrological model that combines an agent-based farm decision-making model (ABM) with an adapted version of the 90 

hydrological model CWatM (Burek et al., 2020). It can simulate both large-scale hydrological processes and the interactions (both 

responses and influences) of individual households and farmers with the hydrological cycle. 

PlantFATE is a trait- and size-structured dynamic vegetation model that uses the P-hydro photosynthesis model (Joshi et al., 2022) 

and implements various eco-evolutionary processes, including light competition, vegetation demographics, and trait evolution. The 

advantage of using PlantFATE over other vegetation models is that, in addition to representing species-specific tree growth, 95 

mortality, and succession, it can also capture the short-term acclimation of photosynthesis and transpiration to water-stressed 

conditions using optimality theory, and over longer periods of time, the adaptation of traits to changing environmental conditions 

within an ecological, multi-species context. 

In this work, we present a description and an example application of the GEB-PlantFATE coupling in the Ghod-subbasin, located 

in the Western Ghats and in the upper part of the major Krishna Basin in India. This area is increasingly impacted by droughts and 100 

lower groundwater tables (Surinaidu et al., 2013), and afforestation has been suggested as a potential solution to offset drought 

effects at the basin level, as well as provide other services such as carbon sequestration, timber production, and human well-being 

(Gupta et al., 2024). In this basin, tribal communities form a large part of the population and government programs such as the 

2006 Indian Forest Rights Act (FRA) have been established to reassign ownership of areas to these communities, which have 

traditionally used the forest for their livelihoods pre-colonisation (Aggarwal, 2011; Lee and Wolf, 2018). Using the coupled model, 105 

we:  

(i) Compare the coupled responses of forests and hydrology (simulated by coupling the GEB model with PlantFATE) 

with uncoupled GEB simulations; 

(ii) Demonstrate the capability of the coupled model to simulate the impacts of afforestation on basin-wide hydrology in 

a future climate; 110 
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(iii) Compare the effects of planting a monoculture vs a diverse forest plantation on basin hydrology and carbon 

sequestration potential. 

2 Model description 

2.1 Source models 

GEB (de Bruijn et al., 2023) is a coupled agent-based and hydrological model. It simulates a range of hydrological processes, 115 

including precipitation, discharge, and vertical fluxes (i.e., infiltration and percolation), over space and time at a daily timestep. 

Each 30’’ grid cell (~1 km at the equator) is subdivided into smaller, dynamically sized hydrological response units (HRUs). Each 

HRU represents a single land use type, such as forest or land owned by an individual farming household. These HRUs allow the 

simulation of “vertical” hydrological processes, such as land-use (incl. forests) specific transpiration, although transpiration is 

currently represented only with pre-defined parameters using a crop factor. In addition, it uses crop group numbers (de Wit et al., 120 

2020), where higher crop group numbers indicate a higher drought resistance. Crop group numbers for forests are obtained from 

LISFLOOD (Van Der Knijff et al., 2010).  Hereafter, we refer to this as “simplified transpiration”. In addition, the grid cells 

(containing one or more HRUs) are horizontally connected through the groundwater (simulated with MODFLOW) and river 

routing using the kinematic wave approach. GEB has previously been used to simulate the response to water stress of 12.1 million 

farmers in the Krishna basin of India, showing how irrigation and crop choice can influence the basin-wide hydrological system 125 

and vice versa. The full description of the GEB model is provided in de Bruijn et al. (2023) and Kalthof et al. (2025). 

The PlantFATE model simulates forest establishment and demographics (growth, mortality, and seed production) in a single patch. 

It is designed to model how forest ecosystems adapt to climate change over multiple timescales, based on eco-evolutionary 

principles. It is spatially scale-independent and can be run at a custom timestep, as processes are aggregated to the desired temporal 

resolution. To align with the GEB model, we used a daily timestep for this study. The model employs a physiologically structured 130 

population modelling (PSPM) approach using the libpspm solver (Joshi et al., 2023b) and is both size- and trait-structured, meaning 

that the population is represented by cohorts of different sizes and species represented by variations in their plant functional traits. 

The size-based structure accounts for growth-stage-specific population dynamics and competition for light, whereas trait structure 

allows the species community to change in response to environmental changes.  

Short-term processes: In the short term (i.e. here daily), PlantFATE implements CO2 assimilation, respiration, growth, and other 135 

crucial plant processes. To account for the acclimation of photosynthesis, PlantFATE uses the P-hydro photosynthesis model, 

which maximizes CO2 assimilation based on hydraulic traits, and environmental conditions, such as temperature, CO2, vapor 

pressure deficit, and soil water potential (Joshi et al., 2022). Since P-hydro explicitly represents plant water balance and optimal 

stomatal responses to water stress, it is particularly suited for coupling with hydrological models.  

Medium-term processes: In the medium term (i.e., yearly), species composition in PlantFATE is driven by light competition and 140 

other demographic dynamics such as growth, mortality and establishment.  

Long-term processes: Finally, in the long term (i.e., decades to centuries), eco-evolutionary dynamics operate: populations can be 

invaded by randomly generated species, while species already present in the environment can shift their functional trait 

distributions via evolutionary dynamics, capturing the ascent of species towards fitness peaks. 

PlantFATE is forced with five environmental inputs (i.e., temperature, light intensity, vapor pressure deficit, soil moisture and CO2 145 

concentration) to forecast the dynamics of multi-species communities, forest structure, and trait distributions over time.  
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PlantFATE has previously been used to accurately predict multiple emergent ecosystem properties characterizing forest structure 

and function in the Amazon Forest, as well as to predict shifts in community composition in response to elevated CO2 (Joshi et al., 

2023a). A full mathematical description of the Plant-FATE and P-hydro models is provided in Joshi et al. (2023a) and Joshi et al. 

(2022).   150 

2.2 Coupling of the models 

In the coupled model, each individual forest HRU in GEB is linked with an instance of the PlantFATE model, resulting in a total 

of 135 PlantFATE instances in the case-study region. The beginning of each daily timestep in GEB proceeds as default until the 

soil module. Here, for each forest HRU, GEB communicates with the relevant PlantFATE instance, exchanging variables related 

to soil water and transpiration. These include soil water potential, vapor pressure deficit, photosynthetic photon flux density, 155 

temperature, volumetric water content, and net radiation. PlantFATE then uses this information to update the forest state (see 

below) and calculate transpiration. This transpiration is communicated back to GEB, and transpired water is removed from the soil 

water storage (Fig. 1a and b). 

The soil water potential, 𝜓𝜓,  is calculated from soil moisture content, 𝜃𝜃, wilting point, field capacity, and thickness, as described 

by Landsberg and Sands (2011). 160 

𝜓𝜓 = −𝑎𝑎𝜓𝜓𝜃𝜃
−𝑛𝑛𝜓𝜓,             (1) 

Where 𝑎𝑎𝜓𝜓 and 𝑛𝑛𝜓𝜓 are positive parameters based on the wilting point and field capacity of the soil.  

Vapor pressure deficit is calculated from temperature and relative humidity using the method of Buck, (1981). The atmospheric 

inputs to PlantFATE are either passed directly from the forcing data used in GEB, ensuring alignment with the hydrological 

simulations, or are calculated after minor common atmospheric calculations. PlantFATE then performs all short-term processes 165 

(e.g., photosynthesis, growth, and mortality) for each species-cohort combination. Cumulative transpiration is then returned to 

GEB to calculate the remaining water balance in the HRU and the grid cell.   

In addition, the medium- and long-term processes in PlantFATE are performed at annual or larger timesteps. This includes adding 

new cohorts once a year to represent the establishment of seedlings and invasion dynamics, in which a new species is introduced 

to the community every 50 years.  170 

Because an HRU can have a dynamic size, some forests and their associated HRUs only cover a very small percentage of a grid 

cell (e.g., a row of trees). To limit the computational demands of these small HRUs, we used PlantFATE only in grid cells with at 

least 25% forest cover, applying the GEB-default Penman-Monteith transpiration to all remaining cells with lower forest cover. In 

addition to the existing forest, the user can supply a map of new afforestation areas, which will be initialized during a new run. In 

this case, we did not limit PlantFATE use based on a minimum area threshold, as young forests have fewer cohorts and are thus 175 

less computationally demanding. Therefore, all these newly afforested areas become Forest HRUs with a PlantFATE instance upon 

the start of the run. This implies that a grid cell can contain more than one PlantFATE instances with forests of different ages. 

Currently, the coupling allows one set of species to be used as input for mature PlantFATE instances and another for afforestation 

PlantFATE instances. While unrealistic to have only these two possible compositions in a larger basin, this simplification is 

acceptable on a smaller scale, such as the study region used in this study.  180 

Note that for other non-forest land-use types, transpiration is calculated using the simplified model already implemented in GEB. 
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Figure 1 a) Schematic overview of the coupled GEB-PlantFATE model; b) Detailed schematic of PlantFATE, including meteorological 185 
forcing and hydrological model integration; c) Schematic for the derivation of mature PlantFATE instance parameters. In green 
processes, processes represented in PlantFATE are captured. In light blue, processes run by the CWatM-derived hydrological model 
module are captured. In orange, the agent-based model is captured; finally, in dark blue, the hydrodynamics model (SFINCS) is captured 
(not used in this study).  
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 190 

2.3 Coupling Set-up  

A PlantFATE instance can be started as a bare patch for the newly planted forest or initiated with a more mature forest for locations 

where forest already exists. To obtain parameters for mature forests, we run a separate “spinup” process involving several steps 

(Fig. 1c). We first run GEB without PlantFATE over a 30-year simulation period to obtain basin-wide climate and hydrology. The 

resulting climatic and hydrological data are then averaged across the basin and used together with local plant trait data as input to 195 

a PlantFATE-only run. Here, in step 2, a single PlantFATE instance, starting as a bare patch, is run independently of GEB for at 

least 500 years with a timestep of approximately 15 days and using average environmental conditions from across the basin. This 

results in a mature forest patch. Finally, in step 3, the final state from the previous PlantFATE outputs is used to initiate a mature 

forest in each PlantFATE patch in the coupled GEB-PlantFATE model and run for 30 years. This process allows each forest patch 

to acclimate independently to local conditions consistent with coupled hydrology. In this work, step 3 is not run long enough to 200 

capture variations in species composition across the basin, consistent with the purpose of the current study. This is sufficient for 

the current application which focuses on short-term impacts. In cases where spatial species variation and local adaptation are 

critical, the coupled spin-up can be run for longer (~5000 years) to allow vegetation to independently adapt to climatic conditions 

of each PlantFATE instance using the evolution setting of the PlantFATE model. Since this was not the objective of this study we 

had not done this at this instance. Once the initialization is completed, the coupled model can be used for each simulation of interest.  205 

2.4 Technical implementation 

GEB is implemented in Python, while PlantFATE is a C++ native application. Therefore, a Python interface for PlantFATE (py-

pFATE) was developed using the pybind11 library (Jakob et al., 2017). This exposes PlantFATE to GEB and allows direct in-

memory communication between GEB and multiple PlantFATE instances. The interface allows for multi-core parallel processing.  

3 Model application 210 

To demonstrate the use of the model, we applied it to a part of the Ghod subbasin, a 628km2 area in the Pune District, Maharashtra, 

western India (Kanade et al., 2023). The Ghod subbasin is part of the Upper Bhima basin, which in turn lies within the heavily 

managed Krishna basin. The Ghod river originates in the Western Ghats at 1090 m above sea level and flows eastward for c. 200 

km before joining the Bhima river. The climate of the region is sub-tropical, ranging from semi-arid to sub-humid, with most 

rainfall (circa 85%) coming from the South-West monsoon (June to mid-October). Rain is more abundant closer to the Western 215 

Ghats and decreases towards the southeast (Kanade et al., 2023; Rajguru and Kulkarni, 2018). The forested area in the Ghod 

subbasin is mostly confined in the northern Western Ghats (Kanade et al. 2023), where our study area is located (Fig. 2). Currently, 

18% of the examined area is forested. Like the rest of the Upper Bhima basin, the focus area has a complex socio-ecological system 

related to water resources and land management (Kanade et al., 2023). There is a strong demand for water resources to irrigate 

crops, as the basin is important for agricultural production. Still, it is also increasingly exposed to floods, droughts and declining 220 

groundwater levels (Surinaidu et al., 2013). There is an interest in increasing the forested areas to 1) mitigate the negative effects 

of drought on basin-wide water availability, and 2) create a biodiverse forest to provide for forest-dependent tribal communities in 

the area (Kanade et al., 2023). An additional 18% of the subbasin area (118 km2) could be returned to tribal communities under the 

Indian Forest Rights Act. In parts of these areas (Fig.2a, purple regions), referred to hereafter as FRA areas, could potentially be 
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used for afforestation or forest restoration, in consultation with local stakeholders. These regions were obtained from the 225 

Maharashtra Forest Department, Government of India in 2023. 

To explore afforestation dynamics and identify trade-offs between biomass production and forest water use under future climate 

conditions, we used the coupled GEB-PlantFATE model across various afforestation scenarios in this area. 

For this purpose, we created 3 model setups: 

(i) GEB-PlantFATE with low biodiversity (1 species)  230 

(ii) GEB-PlantFATE with high biodiversity (10 species) 

(iii) GEB without PlantFATE 

For the first two model setups we run six afforestation scenarios over the period 2020-2049 (with a spin-up period of 1990-2020). 

These areas correspond to 0, 20, 40, 60, 80 and 100% of the total potential FRA areas, and are randomly selected from the total 

potential area for afforestation (Fig. A1). For each afforestation scenario, the two model setups explore two cases of low and high 235 

biodiversity to investigate how species richness affects the forest resilience. For GEB without PlantFATE, only the unforested 

scenario was run. Combining the three model setups and biodiversity cases, this resulted in a total of 12 scenarios simulated. 
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Figure 2 Map of the simulated part of the Ghod subbasin. (a) The region is located east of Mumbai, India, within the Northern Western 
Ghats. Map data © OpenStreetMap contributors. (b) The dark green spots represent locations of current forests, and the purple areas 240 
are pre-selected regions for potential afforestation (FRA areas). 

3.1 Input data 

To implement GEB hydrology in the Ghod subbasin, reservoir data were obtained from the HydroLAKES dataset (Messager et al., 

2016), and land use was obtained from ESA WorldCover 2021 at 10 m resolution, downscaled to 1.5′′ and mapped to GEB land 

use types. Forcing data was obtained from ISIMIP 3b (Frieler et al., 2024) for the SSP3-7.0 scenario from the GFDL-ESM4 general 245 

circulation model. SSP3-7.0 is characterized by moderate warming and medium-to-high greenhouse gas emissions, driven by 

strong regional rivalries worldwide. We used the historical and scenario-specific projections of CO2 concentration (Meinshausen 
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et al., 2020) to run the third step of the model initialization and the coupled model runs. Soil data (e.g., percentages of sand, silt, 

and clay) were obtained from the SoilGrids dataset (Poggio et al., 2021) and used to derive hydrological variables such as saturated 

hydraulic conductivity and porosity (Rawls and Brakensiek, 1989). For other inputs, we refer to the model documentation (de 250 

Bruijn et al., 2025). 

PlantFATE requires species-specific input on the following plant functional traits: wood density (ρ), the xylem pressure inducing 

50% loss of hydraulic conductivity (P50), maximum height (Hmax), and leaf mass per area (LMA). We used the ten most abundant 

species present in a study conducted nearby in the Bhimashankar Wildlife Sanctuary (Jezeera, 2016), as this satisfied the trade-off 

between species representation and plant trait data requirements. The P50 value for each species was found either from a nearby 255 

site (Sunny, 2020) or from a global database of P50 values generated using phylogenetic relationships between species (Knighton 

et al., 2025). The remaining traits for each species were obtained from the TRY Database (Kattge et al., 2020) and other databases 

or publications where necessary (see Table A1 for a full citation list). For other plant-related parameters, PlantFATE’s default 

values were used.  

3.2 Initialization  260 

To initialize the coupled model, the three steps described in Section 2.3 (Fig.1c) were followed. In the first step, the GEB model 

initialization was run on its own using climate data for the period of 1960-1990. Then, using the environmental outputs from GEB, 

a synthetic 500-year climate data set was generated by first spatially averaging the mean monthly climatic data across the domain 

and then randomly resampling the 30 years of climate data. Using this synthetic climate data and the plant trait data for the locally 

most abundant tree species (according to Sunny, 2020, Fig. A2), a single instance of PlantFATE was run for 500 years, to obtain 265 

the establishment of a steady multi-species forest with invasion dynamics allowed. In the third step, the PlantFATE saved state 

data from the previous run was used as the starting point for PlantFATE instances in the coupled GEB-PlantFATE initialization. 

The third step was run for the 1990-2020 period, using atmospheric CO2 from the SSP3-7.0 scenario (Meinshausen et al., 2020). 

The second and third steps were used to generate highly biodiverse, established forests to use as a starting point to simulate the 

afforestation scenarios in both low and high biodiversity cases.  For the high biodiversity case, the same multi-species list used for 270 

the initialization was used for the new forest patches in all afforestation simulation. For the low biodiversity scenarios, newly 

afforested areas used a different species list with only a single species, which was taken to be the pioneer, fast-growing species 

Aglaia lawii, which dominated the initial 200 years of the steady multi-species forest from step 2 (Fig. A3). In these cases, A. lawii 

was initialised at a similar density as the combined density of the high biodiversity species. 

4 Results 275 

Forest photosynthetic response in the model is primarily driven by soil moisture, vapour pressure deficit (VPD), irradiation and 

temperature. As expected, we observe that when considering the yearly cycle, net primary productivity (NPP) was highest during 

the March-June period, at the start of the monsoon season, coinciding with the period with the highest temperature and with the 

highest irradiation (Fig. A4). 
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 280 

Figure 3 Total and average basin daily forest net primary productivity (NPP) in 2049. (a) Total daily NPP summed across the basin in 
2049; and (b) average daily forest NPP, calculated across the basin in 2049. In both (a) and (b), values are smoothed by averaging over 
a 14-day period. Colours indicate the level of afforestation, continuous line indicate the high biodiversity case (10 spp.) and the dashed 
line the low biodiversity case (1 spp.). Note: the default GEB model formulation does not produce NPP outputs. 

The basin had significantly higher soil moisture in the northwest part, which corresponds to the most mountainous region with 285 

higher rainfall and afforestation (Fig. A5). Correspondingly, transpiration was also higher in those regions and exhibited a clear 

seasonal cycle, as expected for the Bhima basin’s monsoon-driven climate (Fig. A6).  

4.1 Comparing model formulations 

We compared the two model formulations (default GEB and GEB-PlantFATE) in a non-afforested scenario and examined water 

dynamics in the basin’s forest grid cells throughout the runs. When examining normalised soil water content, default GEB showed 290 

higher soil moisture values in the lower-range, while GEB-PlantFATE consistently simulated higher values in the mid-range. At 

high soil moisture levels, both models performed similarly (Fig. 4a). Groundwater recharge and transpiration showed greater 

variability, with no clear patterns between the runs (Fig. 4b and c). Groundwater recharge showed greater disagreement closer to 

zero, where most points are clustered, while transpiration reached higher maximum values in GEB than in GEB-PlantFATE, which 

exhibited a narrower range. When averaged across the basin, we found marginally higher soil moisture in the GEB-PlantFATE for 295 

all values (Fig. 5a), no discernible difference in groundwater recharge (Fig. 5b) and higher transpiration in the default GEB model 

for higher value range and in GEB-PlantFATE for lower transpiration value range (Fig. 5c). The differences between the runs can 

be primarily identified in the northwest part of the basin, which is also the wettest, with GEB-PlantFATE consistently showing 
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higher moisture content, especially under drier conditions (March and June), while months following the higher precipitation from 

the monsoon season (June-August) appeared more homogeneous between runs (Fig. 6).  300 

 

Figure 4 Comparison between default GEB and GEB-PlantFATE model formulations across the basin throughout 2031-2049 years of 
the simulation for a) normalized soil moisture, b) groundwater recharge and c) forest transpiration. Each point represents a single cell 
and time step (day), considering forest cells only. The dashed line is a one-to-one line. Points falling exactly on the one-to-one line are 
cells where forests occupy <25% and, therefore, PlantFATE is not used. 305 

 

Figure 5 Comparison between default GEB and GEB-PlantFATE model formulations across the basin throughout 2031-2049 years of 
the simulation for average a) normalized soil moisture, b) groundwater recharge and c) forest transpiration. Each point represents a 
basin average value across all forest cells for a single time step, considering only forest cells. The dashed line is a one-to-one line. 
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 310 

Figure 6. Basin map showing averaged monthly soil moisture content (m) in the default GEB (left column) and GEB-PlantFATE (right 
column) runs. The results from four months are presented to show the yearly seasonality between wet and dry seasons. 

4.2 Effects of afforestation 

Afforestation led to higher yearly average soil moisture in forested cells (Fig. 7a) and, to a lesser extent, in the entire basin (Fig. 

A5). When comparing within a year, soil moisture differed significantly primarily in the driest periods of the year, whereas during 315 

the monsoon season, soil moisture remained similar between different afforestation levels (Fig. 7b). 
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Figure 7 a) Average annual soil moisture in forest cells across the Ghod Sub-basin over the entire simulation period and b) rolling (14-
day) average soil moisture (mm-1), averaged spatially across the forest cells in the Ghod Sub-basin in 2049, the last year of the simulation. 
In each scenario, only forest cells (both preexisting and newly afforested) are represented, and therefore, with increasing afforestation, 320 
the average accounts for increasingly larger forest areas. Colors indicate the level of afforestation, and continuous and small dashed lines 
correspond to the high (10 ssp.) and low (1 ssp.) biodiversity cases, respectively. The long-dashed line indicates the default GEB run.  

As expected, with forest growth, the total transpiration generally increased over the course of the simulation (Fig. 8a) as afforested 

areas expand, with higher afforestation levels showing a stronger increase in total forest transpiration. However, when looking at 

the average transpiration per unit area (m2), average forest transpiration appeared to be lower in higher afforested scenarios, 325 

probably reflecting the lower contribution to total transpiration of newly afforested areas compared to established forests (Fig. 8b).  
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Figure 8 a) Total forest transpiration per year. b) Average daily transpiration per m2 in a single year.  Colors indicate the level of 
afforestation, and continuous and small dashed lines correspond to the high (10 spp.) and low (1 spp.) biodiversity cases, respectively. 
The long-dashed line indicates the default GEB run. 330 

4.3 Biodiversity effects 

GEB-PlantFate runs with scenarios of high biodiversity (10 species) and low biodiversity (1 species) showed variable responses 

in the immature, newly afforested cells for photosynthesis and subsequently, for biomass.  NPP was higher under low biodiversity 

(Fig. 9a), which resulted in more growth and biomass accumulation over the simulation period, except in the lowest afforestation 

scenario (Fig. 9b). Accordingly, also transpiration levels were higher for less biodiverse afforestation scenarios than for higher 335 

biodiverse ones (Fig. 8a and b). Simultaneously, soil water moisture was higher in the higher biodiversity scenarios (Fig. 7a).  

We also found, after investigating a random subset of PlantFATE instances across the basin (Fig. A8), that species composition 

within PlantFATE changed over time in newly afforested areas for high biodiversity scenarios (A10). In the low biodiversity runs, 

we used only the pioneer species for afforestation, the fast-growing A. lawii (Fig. A11). Mortality rate in the new forests was higher 

for low biodiversity than for high biodiversity (Fig. A12), potentially due to differences in biomass rather than competition or 340 
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water stress. In contrast, in existing, mature forests species appear to have occasionally experienced larger water stress, as indicated 

by very negative soil water potential, which led to higher mortality rates (Fig. A13). 

 

Figure 9 Total forest yearly NPP and biomass in the GEB-PlantFATE simulations. a) Total NPP over each year in the GEB-PlantFATE 
simulations for the forest cells. b) Total biomass over each year in the GEB-PlantFATE simulations for the forest cells.. Colors indicate 345 
the level of afforestation in the different scenarios, and line type represents biodiversity cases> continuous line indicates high biodiversity 
(10 species), and dashed line indicates low biodiversity (1 species). 

5 Discussion 

In this paper, we present a coupling between a dynamic hydrological model and a dynamic vegetation model capable of 

investigating the effects of different forest composition, age, and structure on basin-wide hydrology. We apply the coupled model 350 

to investigate varying levels of afforestation and species composition in the Ghod subbasin of the Upper Bhima Basin. Below, we 

outline how the coupling performed against the default GEB model formulation, afforestation and biodiversity effects and discuss 

limitations and possible improvements on the models.  

5.1 Comparison to the existing forest model 

Our application to the Ghod subbasin of the coupled model revealed differences in water dynamics, as indicated by soil moisture 355 

content, and to a lesser extent by transpiration, between the default GEB and GEB-PlantFATE models formulation. In all runs, 

both transpiration and soil moisture follow a clear seasonal cycle with lower values during the drier months, and higher values in 

the period following the intense precipitation of the monsoon season (June-August). Differences between GEB and PlantFATE-

enabled versions were generally more evident under dry conditions and pre-monsoon months (between March and June), with 

PlantFATE forested areas maintaining higher transpiration and higher soil moisture content in comparison with default GEB forests. 360 

On the contrary, in wet monsoon months, when soil moisture is higher, transpiration in PlantFATE forested areas appears lower 
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than that of default vegetation. Overall, GEB-PlantFATE forests display lower interannual variability in soil water moisture and 

transpiration. Taken together, these results suggest a higher water use efficiency of the GEB-PlantFATE simulated forests 

compared to the default GEB forests throughout the simulation. A higher water used efficiency has been suggested to enhance 

forest resilience and alleviate the effects of water extremes, especially drought (Hu et al., 2022; Zhang et al., 2024).  365 

This result might be because PlantFATE uses an optimisation-based approach to model photosynthesis of forests based on 

hydraulic traits. In contrast, in GEB, the much simpler approach with static crop group numbers (de Wit et al., 2020) is used. 

Because of this, the GEB-PlantFATE is able to simulate the ability of drought-tolerant species to photosynthesise under lower soil 

moisture values, including the change in species composition over time. Notably, the most drought-resistant species, Garcinia 

talbotii as indicated by its highly negative P50 value (i.e., the xylem pressure corresponding to 50% loss of conductivity; see Table 370 

A1), was the most abundant species in the basin in mature forest cells at the end of the simulations with Aglaia Lawaii second. 

The capacity to capture drought resistance in tree speciescan explain the higher photosynthesis (and so higher transpiration) under 

lower water availability of forests in the GEB-PlantFATE run, and optimisation-based photosynthesis may explain the higher 

efficiency of photosynthesis (and therefore less transpiration) in high water availability scenarios. 

5.2 Effects of afforestation 375 

In the afforestation simulations, even scenarios with just 20% of the suitable areas afforested were associated with higher average 

soil moisture, primarily in forested areas but also across the entire basin. Not unexpectedly, differences were more evident during 

the drier months, when water is scarcer, and lower or negligible during the monsoon season, when basin-wide water availability 

increases. Also total forest transpiration showed an increase with expansion of area afforested, due to the presence of more forest 

surface, but showed a decrease in average transpiration per unit area, likely due to the lower transpiration rates of younger trees in 380 

the newly afforested areas with respect to older and more mature forest patches.  

Capturing variable forest composition and age along with species’ traits is crucial in examining the response of forests to drought 

and its effect on water availability. Water use efficiency changes throughout forest age (Delzon and Loustau, 2005; Skubel et al., 

2015), and younger forests generally have higher soil moisture than older ones because they are not yet established (Rabbai et al., 

2023). Simultaneously, older forests may retain more rainfall due to more conducive soil properties (Ren et al., 2025). While our 385 

results show that younger forest did indeed have higher soil moisture and lower transpiration, we are currently unable to fully 

explore age dynamics in our model, due to the lack of a mechanism for capturing soil organic carbon and the associated water 

dynamics (see also 5.4 Limitations below). 

Afforestation and reforestation are popular strategies to increase carbon sequestration and lower the country’s carbon emissions. 

Moreover, these strategies can have significant effects on local water dynamics, with decreased runoff and increased 390 

evapotranspiration, though their effects are less pronounced at the regional and national scale (Trabucco et al., 2008). Our results 

show that even small, afforested areas can improve basin-wide soil water availability. In India, afforestation has been shown to be 

an effective strategy, increasing water availability in agricultural areas and increasing yield (Kamble et al., 2025). Beyond water 

availability, afforestation and reforestation can increase downstream water quality (Keller and Fox, 2019) and potentially increase 

access to non-timber forest products crucial for local populations (Kanade et al., 2023; Lowore et al., 2018). 395 

5.3 Effects of biodiversity 

In the high biodiversity scenarios, the functional trait diversity of species led to variable growth rates and hydraulic resistance. In 

more mature forest cells, light competition and water availability resulted in some mortality and changes in forest composition in 
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both the initial PlantFATE spinup simulation and subsequent coupled model runs. Moreover, mature forests experienced more 

negative soil water potential compared to newly afforested areas, which indicates higher water stress. This led to increased 400 

mortality rates (Fig. A13), which might reflect the higher overall water use of more mature trees, although this association has not 

been explicitly tested. 

In newly afforested areas, because of the short timescale of our simulations, we observed only limited competition among species, 

as this tends to occur after multiple decades. Nonetheless, we still observed some differences in species’ biomass accumulation 

over the 30 years simulation; while the majority of the species increased their biomass (Fig. A10), others either remained constant 405 

(e.g., Syzygium cumini and Mangifera indica) or decreased it (Syzygium gardneri). Overall, the lower biodiversity scenarios had 

higher photosynthesis and, therefore, overall higher growth than the high biodiversity scenarios. This result likely reflects the 

composition of new afforested area in the low biodiversity scenario, which are composed by only one fast growing species, A. 

lawii. Nevertheless, under the most afforested scenarios, NPP more than doubled for both the low and high biodiversity scenarios 

during the timescale of the simulation.  410 

In general, results across biodiversity scenarios confirmed the previous observation that the ability to capture different species 

traits, as enabled by PlantFATE, is crucial to simulate the capacity of forests to respond to limited water availability. In both 

biodiversity scenarios, plants showed a higher capacity to photosynthesise in low-water conditions, which likely contributed to 

high photosynthesis in the pre-monsoon period when plants can take advantage of higher temperatures and radiation. However, in 

our afforestation simulations, we did not observe any instances of drought conditions that could led to high forest mortality, thus 415 

preventing us from comparing difference in capability to cope with drought conditions between the two biodiversity scenarios. 

However, previous papers showed that higher tree diversity can increase a forest’s resilience or adaptive capacity to drought 

(Fajardo and Piper, 2021; Pretzsch et al., 2014; Sousa-Silva et al., 2018). This may be due to facilitation and complementarity of 

species (Haberstroh and Werner, 2022), as well as niche partitioning, allowing different species to use nutrients and water at 

different soil depths (Brassard et al., 2013; Richards et al., 2010). Further development of soil dynamics and other methods of 420 

capturing diversity of forest-water interactions in our model would help capture these effects in the future (see also 5.4 Limitations 

below). 

5.4 Limitations 

In the non-afforested scenarios, we observed a decline in current forest biomass that stabilized towards the end of the simulation 

in 2050, as well as a loss of two species, changes that cannot be fully explained by climate changes and water dynamics. This 425 

suggests that the forest dynamics between the PlantFATE-only run and the final simulations might have not yet fully stabilized. 

However, our choice of the time frame  (2020-2050) was limited by the need to align our simulations with the SSP scenario. In the 

future, with more data availability, this may be remedied with improvements on the initial spin-up operation, such as increasing 

the length of the spin-up period as well as running each cell separately. Such changes would also allow multiple forest compositions 

to be implemented in the run. However, these changes would need to be balanced with computational requirements of the model 430 

and further testing would be necessary to determine feasibility. 

Beyond technical improvements, further work would be necessary to couple other integral processes relevant to forest-water 

interactions. For example, forests are positively associated with soil organic carbon (SOC), which, in turn, has long been 

documented to aid in water retention. Including SOC information improves the prediction of soil water characteristics (Rawls et 

al., 2003), and adequate SOC reduces runoff and soil erosion (Rugendo et al., 2023). Moreover, the relationship between forests 435 

and water retention is not static: mixed and older forests generally show higher levels of soil organic matter (Devi, 2021), and 
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conversion of primary forests to plantations or secondary forests is often associated with decreased soil organic carbon pool (Zhang 

et al., 2024). Extending the coupling to better represent the soil organic carbon accumulation and associated hydrological dynamics 

would greatly benefit the accurate representation of forest successional growth stages from secondary to old-growth forest stands.  

Finally, in our model, we currently lack the capacity to capture storage of non-structural carbohydrates (NSC), which have been 440 

shown to maintain cell turgor and prevent water loss (Hesse et al., 2019) and thus would be required for improved tree drought 

response. Specifically, representing NSC and carbon storage in model simulations (Stefaniak et al., 2026c) may allow capturing 

climate seasonality by mechanistically representing forest survival in response to seasonal droughts.  

6 Conclusion 

In our study, we demonstrate a coupling of an agent-based hydrological model, GEB, with a dynamic vegetation model, PlantFATE, 445 

to examine the relationship between forest growth and catchment hydrology. We model a range of afforestation scenarios in a part 

of the Ghod Subbasin in the Upper Bhima Basin using a variable species-diversity scenario. By using a dynamic, optimisation-

based and vegetation trait-based forest model, we can simulate forest development (including younger or older forest stands) and 

hydraulic responses over time, including adaptation to drought and water. Vice versa, we simulate how those forests affect drought 

and water availability. 450 

We show that the coupled model decreases local water availability under low moisture conditions, likely due to a combination of 

species drought tolerance and higher transpiration, but increases it under high moisture conditions, likely because of improved 

representation of plant water-use efficiency. Together these two effects allow for smaller and more realistic year to year variations 

between soil moisture as compared to the default formulation and ultimately more water availability during the dry and pre-

monsoon periods. Under scenarios of afforestation, higher afforestation increases forest soil moisture availability, likely due to 455 

lower forest water use in immature forest cells. High biodiversity scenarios had lower NPP and growth than the low biodiversity 

ones and therefore had higher soil moisture availability, though longer scenario runs would be needed to evaluate the subsequent 

effects of competition and self-shading in the new forests. 

Further work will involve technical and scientific development of both PlantFATE and the coupled model. Capturing additional 

hydrologic responses, including non-structural carbohydrate storage to account for periods of low photosynthetic activity, would 460 

be crucial to account for more accurate representation of drought response. Moreover, soil organic carbon dynamics, which can 

significantly alter soil runoff and infiltration, are another avenue for exploring forest-hydrology relationships, especially as it may 

relate to flooding in addition to droughts. We also envision that in the future our coupled model can be used to further investigate 

trade-offs between afforestation, forest use, and agricultural demands, especially when the full functionality of the agent-based 

model, which simulates the behaviour of households and reservoir operators, is utilized.  465 

Overall, our work shows that afforestation in the Ghod Subbasin can have a strong positive effect on soil water availability at the 

basin-scale, and that high tree diversity can increase tree biomass production. This is particularly important in a future climate 

when periods of drought are more likely to occur. 

Appendix A Supplementary Figures and Tables 

Table A1 Trait data used for PlantFATE tree species parameterisation. Values rounded to two decimal places (heights rounded to nearest 470 
metre, using the upper bound where a range was reported in the source). Superscript indicates the source of the value:  a Kattge et al., 
2011; Kattge et al., 2020 (TRY Plant Trait Database); b Knighton et al., 2025; c Chakrabarty & Balakrishnan, 1990; d Pati et al., 2022; 
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e Sunny, 2020; f Flowers of India (accessed 30 June 2025); g Bally, 2006; h Green, 2003; i Singh et al., 2019; j Zanne et al., 2009 (Global 
Wood Density Database); k Tropical Plants Database, Ken Fern (accessed 30 June 2025); l eFlora of India (accessed 30 June 2025); m 
Manohan et al., 2023 475 

Species Name  
Wood density  
𝜌𝜌 [𝑔𝑔𝑔𝑔𝑚𝑚−3] 

Xylem pressure 
corresponding to 50% 
loss of conductivity  
P50 [𝑀𝑀𝑀𝑀𝑀𝑀] 

Maximum Height 
𝐻𝐻𝑚𝑚𝑚𝑚𝑚𝑚 [𝑚𝑚] 

Leaf Mass per Area 
𝐿𝐿𝐿𝐿𝐿𝐿 [𝑔𝑔𝑚𝑚−2] 

Dimorphocalyx lawianus   0.72a -1.78b 6c 65.84a 

Memecylon umbellatum 0.64d -1.61e 2f 140.07a 

Mangifera indica  0.52a -1.43e 30g 111.11a 

Olea dioica   0.66a -1.77e 15h 75.98a 
Syzygium cumini   0.64a -2,88e 30i 107.86a 

Litsea stocksii   0.42j -2.46b 20k 77.88b 
Lepisanthes tetraphylla   0.81a -2.40b 13f 140.75a 

Garcinia talbotii   0.72a -3.18b 20f 94.36a 
Syzygium gardneri   0.73a -1.85b 60l 61.98a 

Aglaia lawii 0.64a -2.70b 15f 60.00m 
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Figure A 1 Afforestation scenarios. Dark green areas are locations of existing forests. The purple polygons are the locations 
selected for each afforestation scenario, which increase sequentially. 
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 480 

Figure A 2  Relative density and cover comparison (log10 scale) of tree species of the Northern Western Ghats, as reported by Jezeera 
(2016). A threshold value of 0.009 for both density and coverage was applied in order to include species in the present study. The 10 
species with both relative density and coverage above 0.009 were selected for the high biodiversity scenario.  
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Figure A 3 Species properties during the solo PlantFATE run to establish mature forest. Colours refer to individual species.  485 
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Figure A 4 Intraannual climatic and soil variables averaged across the basin for the year 2046. Temperature (a), photosynthetically 
active radiation (PAR, b), vapour pressure deficit (VPD, c) and soil water potential (d) are the primary climatic inputs to PlantFATE 
model driving tree responses. 
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 490 

Figure A 5 Average daily soil moisture in forest cells in 2049 (example result for GEB-PlantFATE with no afforestation and high 
biodiversity ). 
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Figure A 6 Basin map showing the difference in the averaged monthly forest transpiration for the GEB only run 

 495 

26

https://doi.org/10.5194/egusphere-2026-5313
Preprint. Discussion started: 9 November 2026
c© Author(s) 2026. CC BY 4.0 License.



 

Figure A 7 Non-normalized soil moisture averaged across the entire basin (forest and non-forest areas). Colors indicate the level of 
afforestation, and lines correspond to the number of species (10 high biodiversity and 1 low biodiversity, no species in the default GEB 
formulation) modelled with PlantFATE. 
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 500 

 

Figure A 8 Location of the 20 randomly selected PlantFATE forest cells used to explore forest growth dynamics in the highest 
afforestation scenario. Dark green areas are locations of existing forests. The purple polygons are the locations selected for each 
afforestation scenario, which increase sequentially. Pink dots are existing and, therefore, mature forest cells and blue dots are new forest 
cels.  505 
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Figure A 9 Total biomass per unit area of individual species throughout the simulation in randomly selected cells representing mature 
forests. Colours refer to individual species. Black line indicates the total biomass for all species. Some of the original 10 species did not 510 
survive the spinup period.  
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Figure A 10 Total biomass per unit area of individual species throughout the simulation in randomly selected cells of the high biomass, 
100% afforestation scenario in new forest cells only. Colours refer to individual species. 515 
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Figure A 11 Total biomass per unit area of individual species throughout the simulation in randomly selected cells of the low biomass, 
100% afforestation scenario in new forest cells only.  
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Figure A 12 Mortality rate under different soil water potential values throughout the simulation for randomly selected new forest cells 520 
(Fig A8) in the most afforested scenario for high biodiversity (left) and low biodiversity scenarios (right). More negative soil water 
potential indicates higher water stress. Color indicates kernel density with brighter colours indicative of more points in that part of the 
plot. 
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Figure A 13 Mortality rate under different soil water potential values throughout the simulation for randomly selected cells in existing 525 
forests (Fig A8) in the most afforested scenario. More negative soil water potential indicates higher water stress. Color indicates kernel 
density with brighter colours indicative of more points in that part of the plot. 
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The code for the GEB and PantFATE models must be installed separately and ran through the GEB interface. The codebase is 

available here: 

GEB: https://doi.org/10.5281/zenodo.22094305 (Stefaniak and de Bruijn, 2026) 540 

PlantFATE: https://github.com/treehouse-iitb/PlantFATE  

The code for the analysis of the results is published separately to accommodate clean software release: 

Analysis and model results processing: https://doi.org/10.5281/zenodo.22146184 (Stefaniak et al., 2026a) 

Finally, the simulation input data and simulation outputs for the Ghod Subbasin can be found here: 

Model settings and model outputs: https://doi.org/10.5281/zenodo.18457345 (Stefaniak et al., 2026b) 545 
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