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Viticulture is increasingly exposed to climate variability and extreme weather events, which affect yield stability and complicate agronomic decision-making. Conventional decision support systems (DSS) increasingly rely on data-driven and machine-learning approaches, but their application may be limited by the availability of large historical datasets and by their difficulty in representing qualitative management decisions and rare events. This work presents a risk-based methodology that integrates a phenomenological model of grapevine development with a logic-stochastic framework based on the Holistic Risk Analysis and Modelling (HoRAM) approach. The model was tested on four Vitis vinifera cultivars (Sangiovese, Barbera, Croatina and Chardonnay) and on a commercial Chardonnay vineyard in Veneto, Italy. Across the cultivar validation cases, the mean percentage error remained below 4%, while the overall Mean Absolute Percentage Error (MAPE) and Root Mean Square Error (RMSE) were 24.5% and 28.5 g vine-1, respectively. In the 2024 field case, the measured yield of 3.0 kg vine⁻¹ was predicted with deviations of −6% and +8% using variable and fixed fruit-set coefficients, respectively. Stochastic simulations further demonstrated the ability of the framework to quantify the effects of spring frost and early basal leaf removal. The results indicate that the proposed approach can provide interpretable yield distributions and scenario-based risk assessment using a relatively limited set of agronomic and environmental inputs.
Introduction
Viticulture is a complex production system in which yield results from the interaction of environmental conditions, plant physiology and agronomic management. Temperature, radiation, water availability and extreme events affect vine development, while cultivar, bud load, pruning and canopy management determine the conditions under which these factors act (van Leeuwen et al., 2019). Climate variability increases uncertainty in vineyard production, with spring frost being a relevant example (Terpou et al., 2024).
Decision Support Systems (DSS) support irrigation, disease management, yield forecasting and other operational decisions. Modern DSS increasingly exploit machine learning, remote sensing, IoT and large environmental datasets (Fountas et al., 2020; Wolfert et al., 2017; Liakos et al., 2018). However, data-driven approaches may require extensive historical datasets and provide limited interpretability for previously unobserved scenarios; qualitative management decisions are also difficult to represent through purely statistical relationships.
This work integrates a phenomenological model of grapevine development and yield formation with a logic-stochastic model describing uncertain environmental, biological and management conditions. The integration follows the Holistic Risk Analysis and Modelling (HoRAM) methodology (Colombo, 2019), implemented through Klarisk®, a digital platform that supports organizations in identifying, assessing, and managing risks, helping them make informed decisions and improve resilience through data-driven risk analysis. (Colombo et al., 2024).
The methodology integrates the main processes contributing to yield, represents environmental, biological and management variability, and propagates these uncertainties into yield distributions for scenario comparison. The aim is not exhaustive calibration of all physiological submodels, but demonstration of the integrated methodology through multi-cultivar validation and a field case study.
Materials and methods
Overall modelling framework
The methodology combines two components (Figure 1). The phenomenological model calculates yield components, while the logic-stochastic model defines possible system states and their probabilities. These scenarios are propagated through the phenomenological model to generate a yield distribution rather than a single deterministic value.
Main user-defined inputs are cultivar, vine vigour, bud number and pruning type, together with shoot tipping, early basal leaf removal and frost-mitigation measures.
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Figure 1: Conceptual architecture of the proposed methodology: interaction between the phenomenological model, the logic-stochastic module and the risk-based output generated by Klarisk®.
2.2. Phenomenological model
The phenomenological model describes the annual grapevine cycle from bud development to berry ripening, using the extended BBCH scale as reference (Lorenz et al., 1995).
It integrates literature on grapevine fertility, flowering, fruit set, canopy development, carbon assimilation and berry growth. Yield calculation follows the decomposition proposed by Coombe and Dry (2001) and is divided into three modules: cluster and berry number, early berry development, and final berry weight and yield.
                         (1)
This bottom-up structure retains uncertainty in individual components when calculating total production.
2.2.1. Cluster number estimation
The first module estimates inflorescences generated by buds after pruning through the Average Potential Fertility (APF). Bud fertility depends on node position, cultivar, vine vigour and conditions during inflorescence initiation (Boss et al., 2003; Vasconcelos et al., 2009; Palliotti et al., 2018). The shoot is therefore divided into functional zones with a fertility profile for each node.
The APF is expressed as:
                                                   (2)

APFgrad represents the positional fertility gradient, while S1 and S2 represent previous- and current-season effects, combining physiological, environmental and controllable factors.
                                                               (3)
                                                                            (4)
where the individual factors are represented as binary indicators. The 60/40 weighting reflects the different contributions of the two seasons to reproductive potential.
Spring frost is introduced by reducing the number of surviving buds:
                                 (5)
Frost damage is generated stochastically according to phenological stage and environmental conditions.
The total number of clusters per vine is finally obtained by summing APF over the surviving buds:

                                                 (6)

Thus, frost or adverse reproductive conditions propagate to subsequent yield components.
2.2.2. Berry number estimation
The number of berries per cluster is calculated from the number of flowers and the fruit-set coefficient:
                                         (7)
Flowers per inflorescence are represented as a discrete stochastic variable from 200 to 500, with maximum probability at 350, accounting for biological variability among cultivars and inflorescences.
The baseline fruit-set coefficient (FS) is 0.35 and can vary with plant physiological status. Carbon availability and shoot competition affect source-sink balance around flowering and fruit set.
                                             (8)
Carbon availability was estimated from radiation interception, photosynthetic assimilation and maintenance respiration, using Oyarzun et al. (2007) and Cola et al. (2014). Meteorological inputs were obtained from regional observations and PVGIS data.
2.2.3. Berry weight estimation
Berry growth was represented using the source-sink framework of Zhu et al. (2019), adapted from hourly ripening to a daily simulation from fruit set to harvest.
Berry fresh weight was calculated as:

                                        (9)
The model accounts for xylem and phloem water transport, dry matter accumulation, transpiration and sugar uptake, with temperature and vapour pressure deficit affecting growth. A 90-day simulation was adopted (60 days of green growth and 30 days of ripening), solved numerically with a daily time step. A cultivar-specific maximum berry weight Wberrymax constrains biologically unrealistic values.
Berry-weight variability is propagated from berry to cluster and vine. A Gaussian distribution with approximately 15% coefficient of variation represents intra-cluster variability; stratified sampling and the Box-Muller transformation generate representative berry populations (Box and Muller, 1958).
2.3. Logic-stochastic model and HoRAM implementation
The second component applies the HoRAM methodology (Colombo, 2019), treating the vineyard as a productive system in which environmental, biological and operational events define alternative configurations. Implementation was performed through Klarisk® (Colombo et al., 2024) that relies on two principal modules:
1. a Logic-Stochastic Module, which generates possible combinations of system events according to their assigned probabilities; 
2. a Consequence Module, which applies the logical relationships between events and propagates their effects towards the final yield. 
Stochastic variables include temperature, radiation, relative humidity, frost, flowers per inflorescence, leaf number, management operations and frost mitigation.
Environmental probabilities were estimated from Agna station records (Province of Padua, 2010–2024), with temperature and radiation classified according to literature thresholds.
The stochastic structure represents both normal variability and extreme events; for spring frost, probability is conditioned on phenological stage to distinguish different levels of vulnerability.
2.4. Representation of management actions
Management decisions such as shoot tipping and early basal leaf removal are represented as binary variables, allowing alternative operation scenarios to be compared. Two frost mitigation strategies were considered: overhead anti-frost irrigation alone and combined with the A.N.Gela early-warning system.
Anti-frost protection was represented through timely-activation probability and assumed frost-damage reduction. Because quantitative effectiveness data were unavailable for all conditions, some reduction parameters were assumed and can later be replaced by calibrated values. Timely activation was assumed to increase from 70% without the warning service to 95% with A.N.Gela.
2.5. Multiphase computational implementation
The direct integration of all stochastic and phenomenological equations generated excessive computational burden; the model was therefore decomposed into three sequential submodels.
Submodel 1 – Cluster and berry number.
Cultivar, vine vigour, bud load and pruning type are used to estimate shoots per bud, clusters per vine and berries per cluster.
Submodel 2 – Early berry development.
Meteorological conditions during June, July and early August are used to estimate preliminary berry weight.
Submodel 3 – Final yield estimation.
Submodel 3 combines the structural information from the first two modules with late-season environmental conditions to calculate the final yield distribution. To reduce computational time, minimum, mean and maximum intermediate values were propagated rather than the complete scenario set. Outputs include the Yield Probability Distribution, descriptive statistics, Risk Distribution Function (RDF), Complementary Cumulative Distribution Function (CCDF) and Critical Function List (CFL).
The RDF describes production or production-loss probability, the CCDF the probability of exceeding a selected threshold, and the CFL the variables contributing most strongly to the final result.
3. Results and discussion
3.1. Multi-cultivar validation
The phenomenological model was first evaluated using four Vitis vinifera cultivars. Experimental production data were obtained from literature studies and complemented by the 2024 Chardonnay case at the Dominio di Bagnoli vineyard in the Province of Padua. The main input parameters used in the validation are summarized in Table 1 (FS has been assumed 0.35 in all the cases).
Table 1. Main input parameters used for phenomenological validation
	Cultivar
	
	APF 
	
	  [g]

	Sangiovese
	16
	High
	200-500
	2.05

	Barbera
	13
	Moderate
	200-500
	2.05

	Croatina
	38 (19 per cane)
	Low
	200-500
	1.7

	Chardonnay
	9
	Moderate
	200-500
	1.49

	Chardonnay
“Dominio di Bagnoli”
	13
	Moderate

	200-500
	1.52



Simulated yields were compared with observed production. Mean percentage error remained below 4% for all cultivars; aggregate MAPE and RMSE were 24.5% and 28.5 g vine-1, respectively. Higher errors occurred for Croatina and Chardonnay, associated with high bud load, uncertainty in flower number and the representativeness of climatic data. These results indicate the importance of cultivar-specific fertility parameters and site-representative meteorological data.

3.2. Field case study: Chardonnay vineyard
The integrated framework was tested with 2024 production data from the Dominio di Bagnoli Chardonnay vineyard (Bagnoli di Sopra, Veneto). The vineyard had medium vigour, 13 buds per vine and long pruning; shoot tipping was performed, while early basal leaf removal and anti-frost protection were absent. Measured yield was 3.0 kg vine⁻¹.
Using observed 2024 meteorological conditions, the predicted yield differed from measurement by −6% with variable fruit set and +8% with fixed FS = 0.35, demonstrating that the model can reproduce field-scale production with limited inputs.
3.3. Full stochastic simulation
Under full stochasticity, deviations from the observed 3.0 kg vine⁻¹ were −16% for variable fruit set and −2% for fixed fruit set.
The larger deviation with variable fruit set reflects additional uncertainty in a key reproductive component. Rather than suppressing variability to obtain a single prediction, the framework propagates it to provide a range of outcomes that can be interpreted as a production-risk indicator.
3.4. Spring frost risk and mitigation
Spring frost was simulated under three configurations: (1) no mitigation, (2) anti-frost irrigation, and (3) irrigation combined with the A.N.Gela warning system.
Mean damaged shoots decreased from 9.71 without mitigation to 4.46 with irrigation and 2.55 with irrigation plus early warning. The corresponding CFL contribution decreased from 7.51×10⁻¹ to 3.47×10⁻¹ and 2.00×10⁻¹.
The framework therefore represents the chain: environmental event → phenological vulnerability → damage → management response → final production.
The warning system does not directly prevent frost but increases the probability of timely mitigation; risk reduction thus results from the interaction among event, plant vulnerability, management response and intervention probability.
3.5. Effect of early basal leaf removal
The effect of excessive early basal leaf removal was also evaluated. A 20% probability of incorrect implementation was assumed, defined as removal exceeding 60% of basal leaf area. Excessive defoliation reduces photosynthetic source capacity during flowering-to-fruit set and affects fruit set.
The simulated mean number of berries per cluster decreased from 84 to 58, while mean yield decreased from:
2.53  kg vine-1 to 1.43  kg vine-1.  This corresponds to an average production reduction of approximately 43%.
The result demonstrates that the stochastic model can evaluate both environmental risks and management decisions, supporting ex-ante assessment of agronomic operations.
3.6. Methodological implications
The results highlight three complementary capabilities: phenomenological representation of yield formation, stochastic propagation of biological and environmental variability, and logical scenario analysis of management and mitigation strategies.
Prediction quality depends mainly on representative climatic data, calibrated cultivar-specific reproductive parameters such as APF and flower number, and biologically consistent management inputs.
An incorrect definition of bud load, pruning type or flower number may produce a logically coherent but agronomically unrealistic simulation. Model improvement therefore requires not only equations or data, but also consistent and representative inputs.
4. Conclusions
A risk-based methodology integrating phenomenological and logic-stochastic modelling has been developed for yield prediction and decision support in viticulture.
The framework combines a process-oriented description of grapevine development with HoRAM and its Klarisk® implementation. The phenomenological model estimates yield, while the logic-stochastic component represents uncertainty in environmental conditions, biological variability and management decisions.
Its main advantage is the conversion of these heterogeneous uncertainties into production probability distributions and alternative scenarios, providing information on both expected production and production risk.
Validation against four cultivars showed a mean percentage error (MPE) below 4%, indicating a low overall prediction bias, while the mean absolute percentage error (MAPE) was 24.5%. The RMSE was 28.5 g vine⁻¹, indicating the magnitude of the prediction error in absolute terms. The 2024 Chardonnay case showed deviations of −6% and +8% for variable and fixed fruit-set coefficients, respectively.
The stochastic tests represented extreme events and management actions: combining anti-frost irrigation with early warning reduced damaged shoots from 9.71 to 2.55, while excessive early basal leaf removal reduced simulated yield by approximately 43%.
The framework therefore shows potential as a low-input, interpretable DSS for vineyard management under uncertainty and can be progressively updated as new observations become available.
Further work should focus on cultivar-specific calibration, improved flower-number estimation, site-specific climatic and pedoclimatic information, and experimental calibration of management and mitigation probabilities.
The methodology provides a foundation for a more comprehensive vineyard digital twin combining deterministic physiological modelling with stochastic risk analysis and field observations.
Acknowledgments
Support from Ing. Massimiliano Bosini and Giorgio Cassala is gratefully acknowledged.
References
Boss, P.K., Buckeridge, E.J., Poole, A., Thomas, M.R., 2003. New insights into grapevine flowering. Functional Plant Biology 30(6), 593–606.
Box, G. E. P., & Muller, M. E., 1958. A Note on the Generation of Random Normal Deviates, Annals of Mathematical Statistics, vol. 29, no. 2, pp. 610–611
Cola, G., Mariani, L., Salinari, F., Civardi, S., Bernizzoni, F., Gatti, M., Poni, S., 2014. Description and testing of a weather-based model for predicting phenology, canopy development and source–sink balance in Vitis vinifera L. cv. Barbera. Agricultural and Forest Meteorology 184, 117–136.
Colombo, S., 2019. The Holistic Risk Analysis and Modelling (HoRAM) method. Safety Science, 112, 18–37.
Colombo, S., Ciotola, A., Piazza, L., 2024. Logic-driven, simulation-based risk engineering to ensure the sustainability of productive processes even with data scarcity. Expert Systems with Applications 255, 124735.
Coombe, B.G., Dry, P.R. (Eds.), 2001. Viticulture, Volume 2: Practices. Winetitles, Adelaide.
Fountas, S., Mylonas, N., Malounas, I., Rodias, E., Hellmann Santos, C., Pekkeriet, E., 2020. Agricultural robotics for field operations. Sensors 20(9), 2672.
Liakos, K.G., Busato, P., Moshou, D., Pearson, S., Bochtis, D., 2018. Machine learning in agriculture: A review. Sensors 18(8), 2674.
Lorenz, D.H., Eichhorn, K.W., Bleiholder, H., Klose, R., Meier, U., Weber, E., 1995. Growth stages of the grapevine: Phenological growth stages of the grapevine (Vitis vinifera L. ssp. vinifera)—Codes and descriptions according to the extended BBCH scale. Australian Journal of Grape and Wine Research 1(2), 100–103.
Oyarzun, R.A., Stöckle, C.O., Whiting, M.D., 2007. A simple approach to modeling radiation interception by fruit-tree orchards. Agricultural and Forest Meteorology 142, 12–24.
Palliotti, A., Poni, S., Silvestroni, O., 2018. Manuale di viticoltura. Edagricole, Milano.
Terpou, A., Arvaniti, O.S., Afratis, N., Athanasiou, G., Binard, F., Zahariadis, T., 2024. Sustainable solutions for mitigating spring frost effects on grape and wine quality: Facilitating digital transactions in the viniculture sector. Sustainable Food Technology 2, 967–975.
van Leeuwen, C., Destrac-Irvine, A., Dubernet, M., Duchêne, E., Gowdy, M., Marguerit, E., Pieri, P., Parker, A., de Rességuier, L., Ollat, N., 2019. An update on the impact of climate change in viticulture and potential adaptations. Agronomy 9(9), 514.
Vasconcelos, M.C., Greven, M., Winefield, C.S., Trought, M.C.T., Raw, V., 2009. The flowering process of Vitis vinifera: A review. American Journal of Enology and Viticulture 60(4), 411–434.
Wolfert, S., Ge, L., Verdouw, C., Bogaardt, M.J., 2017. Big Data in smart farming—A review. Agricultural Systems 153, 69–80.
Zhu, J., Génard, M., Poni, S., Gambetta, G.A., Vivin, P., Vercambre, G., Trought, M.C.T., Ollat, N., Delrot, S., Dai, Z., 2019. Modelling grape growth in relation to whole-plant carbon and water fluxes. Journal of Experimental Botany 70(9), 2505–2521.
image3.png
O
(N

User
Input data

Phenomenological
Model

r—
—

dc _
G =G th.

dT

_ Qn=Qu
dt eV

Logic-Stochastic Model

S

Kiarisk
J

L Scenario 1 \ r\ Scenario 2 ]

Scenario n





image1.jpeg




image2.jpeg
AIDIC




