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Abstract: HarvestNet is an AI-powered adaptive system designed to enhance agricultural 
productivity through accurate yield prediction and intelligent resource optimization. Leveraging 
advanced machine learning models, remote sensing data, IoT-based field monitoring, and historical 
agronomic datasets, HarvestNet provides farmers and stakeholders with real-time insights into crop 
health, soil conditions, and environmental variables. The system employs predictive analytics to 
forecast crop yields with high precision, enabling proactive decision-making and risk mitigation. 
Additionally, HarvestNet integrates optimization algorithms to recommend efficient allocation of 
resources such as water, fertilizers, and pesticides, thereby reducing costs and environmental impact. 
Its adaptive learning framework continuously refines predictions based on dynamic field conditions 
and feedback loops, ensuring scalability across diverse crops and geographic regions. By bridging 
data-driven intelligence with practical farming needs, HarvestNet aims to promote sustainable 
agriculture, improve food security, and support precision farming practices in both small-scale and 
industrial agricultural settings. 
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INTRODUCTION 
Precision agriculture promises improved farm management through informed, data-driven decisions. Cloud computing and 

artificial intelligence (AI) open new avenues for knowledge acquisition, yielding prediction, and resource allocation. Yet 

such advances are seldom fully visible—concealed within intricate algorithms—or easily adopted in practice. To enhance 

precision agriculture’s predictive and prescriptive power, an AI-based adaptive system is proposed that continuously 

assimilates diverse physical and economic data through time and space, generating timely yield estimates and resource-use 

guidelines. Through Ethereum, its recommendations are made actionable. Large-scale replicability is pursued by coupling 

a generative-data-augmentation approach with an online-learning framework that relies on remotely sensed data and a 

recently published trellis model of trade-offs between agricultural inputs. 
 

A testbed site in Australia serves as the first experimental setting for development and evaluation. Empirical results 

illustrate the system’s robustness for predicting soft and hard wheat, palm oil, and cotton yield during 1992–2018 and for 

optimizing their production during 1999–2009. Within the predictive part, multiple-model ensembles ensure prediction-

minimum-absolute-error (MAE) performance, while one- to two-model sets meet prediction-maximum-R2 needs, although 

with positive yield bias. Auxiliary scenarios demonstrate its capacity to capture (exante) responses to climatic variability 

(drought and heat) and (expost) changes in commodities’ market price. The solution strategy further provides distinct 

decision pathways for optimally allocating water, fertilizer, and energy for maximum yield efficiency as well as in reducing 

unit-yield water, fertilizer, and energy requirements whenever considered. 
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1.1. Scope and Objective HarvestNet is designed to enable various stakeholders across the agriculture value chain to 

downscale yield prediction and resource allocation decisions to the level of individual farms through high 

spatiotemporal resolution information and models of sufficient accuracy. The constructed decision support tool 

integrates predictive models for yield and resource use in a feedback loop with an optimization module that 

recommends spatially explicit solutions for resource deployment based on the predicted yields through time. These 
adaptive online-learning components form an intelligent system capable of continual improvement as new data become 

available. 

 

Yield prediction and resource optimization are critical factors for ensuring economic competitiveness and environmental 

sustainability of agri-food systems. Insufficient yield data increase the risk of agricultural operation and reduce supply-

chain efficiency, while inefficient use of inputs such as water, fertilizer and energy have a negative effect on production 

costs and sustainability. HarvestNet aims to advance existing predictive modeling and resource allocation practices by 

enabling producers, cooperatives and supply-chain players to make spatially explicit, scalable yield predictions and 

resource-optimization decisions that are economically, environmentally and socially sound through the use of high-

resolution, multisource information. The research is driven by the following questions: Can yield be accurately predicted 

across scales and time using a single model or ensemble of models? Can inputs be optimally allocated to crops considering 

multiple competing objectives involving economic performance and environmental effects? Does cumulative 
spatiotemporal adaptation of prediction and resource-allocation models constitute an intelligent system? It is hypothesized 

that the predictive performance of a simple model suite is comparable to that of complex approaches, that integrated 

allocation of water, fertilizer and energy enhances resource use efficiency, and that incorporating recently available data 

improves prediction quality. 

 

 
Fig 1: AI-Powered Adaptive System for Yield Prediction 

 

1.2. Research design An adaptive AI system was designed to improve yield forecasting and optimize resource utilization 
in agriculture. Accelerating crop research and development is crucial for feeding an ever-growing population in a cooling 

climate. Yield predictions guide resource allocation and logistics but are often inaccurate compared to emerging conditions, 

leading to costly over- or under-investment. Moreover, resources are wasted or misallocated due to imbalance or sub-

packaging. The proposed system builds on two decades of modeling and machine-learning research to address these 

problems. It assimilates past predictions, their errors, and new data into a dual feedback loop. 

 

Equation 1: Mean Absolute Error (MAE) 

Step 1: Define prediction error for each sample 

For the 𝑖-th observation: 

𝑒𝑖 = 𝑦𝑖 − 𝑦̂𝑖 
 

where 

𝑦𝑖= actual observed yield  

𝑦̂𝑖= predicted yield  

Step 2: Remove the sign 

If we simply sum errors, positive and negative errors cancel out. 

So we take absolute value: 

∣ 𝑒𝑖 ∣=∣ 𝑦𝑖 − 𝑦̂𝑖 ∣ 
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Step 3: Average across all 𝒏samples 

The mean absolute error is the average absolute deviation: 

MAE =
1

𝑛
∑ ∣

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖 ∣  

 

THEORETICAL FOUNDATIONS 
2.1. Agricultural Yield Modeling: Agricultural production is primarily driven by crop growth processes influenced 

development changes in climatic conditions, soil properties, management practices and input usage. Crop growth models 

are widely used for modeling crop yield responses to management practices, climate and soil conditions and quantifying 

uncertainty of predicted crop yields. Yield prediction describes crop yield evaluation using crop growth models, historical 

weather data and sensor based soil data for different time-scale or spatial-scale forecasting for given or target season 

depends on the objective of the user or study. Temporal yield prediction describes the estimation of crop yield for specified 

time-period or time-sequence (Time-series Prediction), and Spatial Yield Prediction for all pixels area or some target pixels 

by providing historical space data and sensor based data of specified time-interval or pre-season. 

 

2.2. Resource Optimization in Agroecosystems: The first input considered is Water, which could be an Energy Or Fertilizer 
And it Successively Lead To Effect in All The Outputs and Also A pressure Sensor Considered For Save Water Quantity 

is Added With Drainage System To prevent Water Surplus. Stress Schedule Through Water Or Fertilizer Use To Uniform 

Quality With Less Use Cost Is Considered And Served To minimize Cost in Fertilization, Irrigation And Provide Proper 

yield Utilization.main objective is reduce Use Fertilizer Water Energy For Crop Production And Serve Safety Measure For 

All stress Environment pressure. while Ecology voltage Pressure Speed Pressure Stress Output is Energy All Other 

Offensive Resource. 

 

Component Description Key Functions 

Data Layer 
Collects multi-source agricultural 

data 

Remote sensing, soil, climate, management 

data 

Modeling Engine Predicts yield and resource usage 
ML models, ensemble learning, time-series 

analysis 

Decision Support 

Module 

Recommends optimal resource 

allocation 
Water, fertilizer, energy optimization 

                                                      Table 1: System Components Table 

 

2.1. Agricultural Yield Modeling  

Yield is the ultimate factor in resource allocation for crop growth and production over a season. Predicting crop yield for 

given inputs and environmental conditions aids decisions on input sources and application rates. Several types of crop 

growth models with varying spatial and temporal resolution exist. Climate and soil variables to which yield responds either 

directly or indirectly are shown to act nonlinearly within response surfaces. Prediction uncertainty is well known, and 

ensemble methods with multiple models, modelling approaches, input parameter sets, or data sources can improve 

prediction robustness without greatly compromising prediction skill. 
 

The concepts underpinning agricultural yield modelling with main focus on crop growth models, climatic and soil drivers 

of yield prediction, yield response surface methodology and uncertainty in yield prediction. A sampling of important crop 

growth models is presented, followed by the constituent environment/media and how yield models differ from those for 

growth and/or development. Yield prediction using a regression of a fitted crop growth model is outlined. The workflow 

for yield prediction uncertainty analysis in classical model frameworks is given. The incorporation of ensemble methods, 

often coupled with these sources of uncertainty in yield prediction, is discussed, with attention also on perturbations in 

climate-derived input data. 

 

Equation 2: Root Mean Square Error (RMSE) 

Step 1: Start from the raw error 

Again: 

𝑒𝑖 = 𝑦𝑖 − 𝑦̂𝑖 
 

Step 2: Square each error 

Squaring ensures all values are positive and gives more penalty to large mistakes: 

𝑒𝑖
2 = (𝑦𝑖 − 𝑦̂𝑖)

2 
 



Ms. Michelle Shah and Siva Hemanth Kolla; Harvest Net: An AI-Powered Adaptive System for Yield Prediction and Resource Optimization in Agriculture, 

Canadian Journal of Marketing Research; Vol-16, Iss- 2 (April-June- 2026): 181-196 

184 

 

 

Step 3: Compute the mean squared error 

Average over all samples: 

MSE =
1

𝑛
∑(

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖)
2 

 

Step 4: Take the square root 

This brings the units back to the same units as yield: 

RMSE = √
1

𝑛
∑(

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖)
2  

 
2.2. Resource Optimization in Agroecosystems Fertility restoration and production optimization in agroecosystems demand 

considerable inputs such as water, fertilizer, labor, energy, and pesticides. Maintaining agrarian ecosystems in a sustainable 

manner requires diligent and efficient allocation of these inputs. Analyzing the response of irrigated corn–soybean rotation 

to long-term nitrogen (N) and phosphorus (P) applications demonstrated that crop-bioenergy production (CBP) can be 

enhanced, shifted, and stabilized with appropriate nutrient management and greater resource use efficiency. A well-

developed multi-objective optimization model can consider various resource costs, maximize farmers’ profits, and 

minimize external impacts of crop production simultaneously; when it is applied to assess crop production changes in 

relation to climate and market prices, the results indicate that due to the price fluctuations of grains, the optimum allocation 

of water and fertilizer resources changes, and water and fertilizer resources should be rationally allocated. Solutions are 

easy to implement, political costs are low, and economic profitability is several times higher than the costs. 

 

Simulation experiments for a maize–wheat–barley cropping system show that using an ensemble of models could offer 
farmers, policymakers, and researchers more reliable predictions for result interpretation and decision making. It has been 

argued that the rapid improvement of crop yield-scape models is driven by increased interest in food security; collaborative 

work is needed to optimize water and fertilizer resources in agriculture and determine area allocation in crops—issues that 

remain surprisingly sensitive. Sustainable precision agriculture includes water-nutrient one-dimensional spatial allocation 

but may also extend to two-dimensional or three-dimensional distribution. Sensitivity of local resource use efficiency to 

the scaling factor of incidental energy–crop CO2 is a main uncertainty in eco-physiological supply chains. 

 

 
Fig 2: Resource Optimization in Agroecosystems 

 

2.3. Adaptive Systems and Machine Learning in Agriculture                                                                              
Adaptive management is widely recognized as a systematic approach to improving resource management in complex and 
uncertain environments via iterative learning. Two key principles of adaptive management are the incorporation of 

feedback mechanisms that enable system monitoring and the use of formal predictions to anticipate future behaviors or 

conditions. Combining adaptive systems and machine learning offers an exciting pathway for advancing knowledge and 

predictive capabilities in agricultural ecosystems. Online learning algorithms are designed to continuously improve their 

predictive power by assimilating the latest observations, and the predictions from machine-learning models trained on 

historical data may be used in optimization scenarios to guide management choices, much like simulations run with process-

based models. 
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An adaptive system that integrates such principles holds promise for yield prediction and resource allocation, for the 

following reasons. First, agricultural yields are sensitive to climatic conditions such as precipitation and temperature, and 

these conditions are becoming increasingly variable due to climate change. It is therefore prudent to incorporate new 

information as it becomes available to improve decision-making. Second, even processes that are sufficiently well 

understood to allow reliable simulation may be disrupted by extreme weather events or changes in management practices 
(e.g., planting schedules) that lie outside the experience of a given predictive model. New information from these scenarios 

can consequently enhance future decision-making. Third, historical data may occasionally become incomplete or unreliable 

as a result of loss of records, external incidents (e.g., floods that wash away soil moisture records), or interruptions in the 

provision of non-remote-sensed data. In such cases, predictive models can be adapted to these changes using a shorter-

time-period dataset with careful consideration of possible overfitting. Fourth, as more yield, climate, soil, and agricultural 

management data accumulate over time, the potential of model-generalization to regions beyond that of their training 

dataset offers exciting avenues for research. Finally, adaptive systems open up a new perspective to explore the potential 

of explainable AI in agricultural yield prediction. 

 

SYSTEM ARCHITECTURE 
The proposed system comprises three tightly integrated components: a data layer, a modeling engine, and a decision support 

and resource allocation module. Data types include remote sensed observations of crops-at-risk taken from historical 

imagery archives (Sentinel, Landsat); meteorological measurements (observations, forecasting); soil properties and 

management practices (soil sampling, gridding, expert sources), production statistics (national agencies); along with 
weather and humidity content. Data quality and provenance checks are implemented at all stages. The modeling engine 

predicts agroecosystem responses of crop yield, water, fertilizer and energy consumption and GHG emissions based on 

machine-learning (ML) models, utilizing an ensemble of predictive approaches operating at different geographical levels 

(plot, province, country) and time scales (statistical, timeseries forecasting); appropriate calibration and hyper-parameter 

tuning are employed in tandem with accelerative data-compression techniques operating on dimension-reduced feature 

space subsets. 

 

The decision support module identifies combinations of recommended inputs which meet multiple objectives (resource use 

efficiency, economic viability) and respects resource availability constraints. Identification of resource-allocation scenarios 

capable of meeting multiple simultaneous objectives is supported, together with a graphical-user-interface through which 

users can interact with the proposed system. In an AI-adaptive system, the online learning properties of ML enable re-

calibration, during Field testing of novel management options, even on the basis of new data points derived from individual 
treated experimental units. As a result, predictive-model adaptation to changing relationships among predictors is 

accomplished in a user-friendly manner. The prediction-discrepancy feedback loop enables incorporation of the 

explanations of unexplained variance in the prediction surface, thus fulfilling explainable-AI requirements. 

Equation 3: Coefficient of Determination (𝑹𝟐) 
 

Step 1: Define the mean of observed yields 

𝑦̄ =
1

𝑛
∑𝑦𝑖

𝑛

𝑖=1

 

 

Step 2: Total variation in the observed data 

This is the total sum of squares: 

𝑆𝑆tot =∑(

𝑛

𝑖=1

𝑦𝑖 − 𝑦̄)2 

 

It measures how much the true yields vary around their mean. 

 

Step 3: Unexplained variation after prediction 

This is the residual sum of squares: 

𝑆𝑆res =∑(

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖)
2 

 

It measures how much variation remains unexplained by the model. 

 

Step 4: Fraction of variation explained 

The explained fraction is: 
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1 −
𝑆𝑆res

𝑆𝑆tot

 

 

So: 

𝑅2 = 1−
∑ (

𝑛

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)

2

∑ (
𝑛

𝑖=1
𝑦𝑖 − 𝑦̄)2

 

3.1. Data Layer and Sources 

The  data source requirements of HarvestNet, an AI-powered adaptive agricultural system, are here described. The system 

utilizes a data layer to capture the behavior of crop growth models and support both prediction and optimization objectives. 

The core data types include remotely sensed crop attributes, climatic, soil and other natural elements, management practices 

and advanced topologies like input–output economics. Remote sensing products embody yield response surfaces, provide 

a continuous spatio-temporal model space, ensure sampling consistency, and facilitate pre-processing. Climatic conditions 
at daily resolution are sourced from meteorological stations and gridded datasets. A comprehensive set of soil attributes 

from diverse sampling locations ensures good match with modeled yield response surfaces. Time-series data from nearby 

agrometeorological stations validate the degreedays/evapotranspiration data derived from remote-sensing thermal bands. 

Sentinel synthetic aperture radar imagery helps assess combination effects of texture, moisture and management practices. 

Remote sensed yield information across India, combined with agronomic norms, underpins long-term fertilizer-water-

electricity efficiency ratios; refined high-resolution product and geodetic results of the latter substitute conventional 

econometric and supply-and-demand-based estimations. Share of groundwater in irrigation and irrigation-intensity indexed 

weather cannot be sourced from these six datasets. Primary data collection through structured interviews assists with 

managing practices, holding-goat-weight-motivated animal husbandry-type classification and supplementary-fuel-

importing-house-type distinction. Such management variables are categorical in nature, typically recorded as part of 

adaptive-system feedback information. Consistency throughout the spatio-temporal search also ensures proper record of 

historic management practice choices. 
 

Data Type Source Purpose 

Remote Sensing Data Sentinel, Landsat Crop health, yield surface 

Climate Data Weather stations Temperature, rainfall prediction 

Soil Data Sampling, surveys Nutrient and moisture analysis 

Management Data Farmer inputs Irrigation, fertilizer usage 

Terrain Data GIS datasets Elevation, slope 

Economic Data Market sources Price-based optimization 

Table 2: Data Types Used in HarvestNet 

 

3.2. Modeling Engine and Algorithms 

The models are conceptually simple, favoring predictive performance and adaptability over complexity. Adaptive ensemble 
predictors combine advantage from regression and time-series forecasting. Base predictors are the best-performing 

candidates from regression and time-series exercise. Hyperparameters are tuned via random search using 30% of the 

dataset, with early stopping reducing training time. Spatial models leveraging a locality within 30 km further accelerate 

prediction. 

 

Through seasonal updates, these modules implement online learning by memorizing older responses when validating on 

temporally remote unseen data. The prediction accuracy of regression-based models is stable across seasons, while time-

series models exhibit drift—often related to voluminous crop failure response with less sensor, energy, and market price 

data. Dropout sampling—a modeling accelerator idea borrowed from deep learning—is used for training, validation, and 

hyperparameter tuning to minimize yield prediction error. 
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Fig 3: Crop Prediction Model Using Machine Learning Algorithms 

 

3.3. Decision Support and Resource Allocation Module 

The decision support module identifies resource use targets for crop production in agroecosystems, with a focus on water, 

fertilizer, and energy, while also accounting for stakeholder preferences. Quantities of each resource are varied, and 
resource-specific costs are defined to align with regional market conditions in order to optimize resource allocation for a 

specific objective. Trade-offs among resource utilization are then identified and quantified using a Pareto front, for which 

the analysis can be performed with a range of user-specified objectives. The decisions organized in this manner have 

immediate implications for farm and regional management decisions and practices, such as irrigation scheduling, fertilizer 

placement and timing, and crop variety selection. 

 

Optimized resources are presented to users together with key management practices (e.g., irrigation, nitrogen application, 

planting date, crop rotation); this feedback loop forms the data layer of an adaptive online system. Model accuracy and 

uncertainty are communicated in a visually transparent manner in order to build trust with the user community. 

Communication approaches that establish credibility address challenges associated with black-box modeling techniques, 

particularly for nontechnical users, through the inclusion of explainable AI techniques. 

 

METHODOLOGY 

Methodological details comprise data preprocessing, predictive modeling approaches, and the optimization framework. 
Data collection incorporates sampling strategies, feature engineering, and quality control. The predictive modeling 

component establishes the suitability of various approaches for crop yield, water, and fertilizer use while detailing data for 

training and validation. The optimization framework addresses efficient-resource use at the field scale, including the 

formulation of multiple objectives, associated constraints, solution methods, scenario analysis, and robustness checks. 

 

HarvestNet relies on diverse data sources—remote sensing, weather, soil, management practices—and operationalizes the 

resultant knowledge for yield forecasting and agroecosystem-resource optimization. Predictive modeling is performed for 

crops, time-series and spatial dependence in the data, and Climate-Basic Machine Learning (CBML) and Concentrate 

Discretization (CD) architectures. Built-in CBML representation capability ensures accurate learning without redundancy. 

Water, fertilizer, and energy-use reductions—with potential for economic impact—serve as optimization objectives. 

Flooding scenario analyses substantiate the robustness of recommendations; practical significance is further asserted with 

a green-energy narrative. 
Equation 4: Yield Bias 

 

Step 1: Compute average observed yield 

𝑦̄ =
1

𝑛
∑𝑦𝑖

𝑛

𝑖=1

 

 

Step 2: Compute average predicted yield 
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𝑦̄̂ =
1

𝑛
∑𝑦̂𝑖

𝑛

𝑖=1

 

 

Step 3: Define bias 

The article describes bias as subtracting average predicted yield from observed yield. So: 

Bias = 𝑦̄ − 𝑦̄̂  

 

Equivalently: 

Bias =
1

𝑛
∑(

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖) 

 

because 

1

𝑛
∑(

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖) =
1

𝑛
∑𝑦𝑖

𝑛

𝑖=1

−
1

𝑛
∑𝑦̂𝑖

𝑛

𝑖=1

= 𝑦̄ − 𝑦̄̂ 

 

Interpretation 

Bias > 0: predictions are, on average, too low  

Bias < 0: predictions are, on average, too high  

Bias = 0: no systematic offset  

 

4.1. Data Collection and Preprocessing 
The data layer integrates diverse geospatial datasets from multiple sources, including remote sensing, weather, soil 

properties, agronomic management practices, terrain, and elevation. Data preprocessing ensures a consistent data format 

suitable for modeling in the calibration and prediction phases. A collection of semantically related datasets is established 

by spatial and temporal connections to address possible data gaps. Spatio-temporal datasets with excessive missing values 

or abnormal outliers are subsequently deleted or filled. The consolidated datasets ultimately encompass six major data 

types in the area of interest: remote sensing data, climate data, soil property data, agronomic management practice data, 

terrain data, and elevation data. 

 

The quality of the data is key to success in load model predictions. Quality assurance and control processes are enforced 

on the data to check for normalization, missing values, abnormal outliers, and abnormal distribution. Normalization ensures 

that all features are on the same scale, making it easier for algorithms in prediction modeling to converge during training 
without excessive emphasis being placed on any one feature. Missing values are managed through shortening the temporal 

window, time-series interpolation, and a nearest-neighbor search for remote sensing data. Abnormal outliers, inspected 

through the box-plot method, are either replaced with estimating equations or deleted along with the corresponding record. 

Finally, the distribution of each feature is examined, ensuring that it is normal and that the bias is close to zero. 

 

4.2. Optimization Framework 

The multi-objective optimization problem can be formulated to minimize agricultural water use, energy use and fertilizer 

use, while maximizing profit. The model involves multiple decision variables, objectives and constraints in the following 

general form: 

 

Scenario analyses evaluate the economic return and irrigation water use among observed years for historical prices. 

Sensitivity analyses of the results focus on AET vs. Y, MR vs. Y, TWS vs. Y and ES vs Y to provide more direct 
information regarding model robustness. A probabilistic forecasting approach generates realistic model uncertainty for 

yield predictions through an ensemble of SML regression trees with 100 members. Fidelity is assessed by 15 informing 

and critical validation years not included in model training for 3 randomly sampled model realizations to generate 

prediction uncertainty ranges including 5, 10, 50, 90 and 95 percent quantiles. Economic viability is characterised in terms 

of potential profit during the growing season based on price estimates for possible economic closure of crop production for 

given years. 

 

4.3. Predictive Modeling Approaches 

Accurate agricultural yield prediction is critical for effective resource optimization in agroecosystems. Its complexity and 

interdependencies call for specialized predictive solutions, yet these tailored approaches share a common modeling 

challenge: the timely availability of representative predictors and the selection of suitable predictive architectures. Two 
primary interrelated decisions should thus be addressed. Which approach to break yield prediction down into constituent 

parts—prediction over time, space, or both—and Which yield prediction approach to leverage—regression, time-series, or 

spatial-based modeling employing machine-learning (ML) architectures? 
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Both questions are particularly important for training ML architectures due to the high requirements for data volume and 

spatial/temporal coverage. Sufficient data quantity, quality, and representation that covers both intended prediction 

windows and a comparable period for model training is required. For example, a time-series prediction using a recurrent 

neural network (RNN) relies on predictors always being available at the time of training. The underlying segment of the 

temporal window being predicted must therefore be free of missing entries in order for training on that segment to be 
undertaken. Furthermore, the histograms of the various features used must be similar across training and testing windows 

to avoid misleading results during inference. Missing values can be handled using complementary models that step in for 

predictions in selected temporal windows, but such a solution adds complexity. 

 

 
Fig 4: Predictive Modeling Approaches of HarvestNet 

 

EVALUATION AND VALIDATION 
Assessing the yield-prediction and resource-efficiency capabilities of the HarvestNet system requires quantifying 

performance, comparing the system’s predictive skill against suitable alternatives, and validating proposed optimizations 
for water, fertilizer, and energy use. These tasks are addressed through a combination of accuracy measures, goodness-of-

fit techniques, and user-defined experimental setups. 

 

Several setups, including different testbeds, prediction horizons, and temporal windows, enter the investigation. A head-

to-head evaluation, organized in triples, enables a direct comparative analysis. Exhaustive details of the general 

experimental design, prediction-support capabilities, scenario framework, performance quantification, and validation 

methodology are offered elsewhere. 

 

Five criteria quantify prediction accuracy: Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) assess 

absolute accuracy, the coefficient of determination (R2) measures explained variance, and a bias term subtracts the average 

predicted yield from its observed counterpart. A second set gauges the system’s potential for optimizing resource use in 
terms of water, fertilizer, and energy. Three metrics, namely, the percentage reduction in resource use (compared to no 

action) and the subsequent economic impact, summarize findings. Remaining metrics focus on robustness, uncertainty, and 

sensitivity. 

 

Equation 5: Efficiency Ratio 𝑬 

 

Step 1: Let economic return be 𝑽 

This could be profit, net present value, or economic benefit from the optimized scenario. 

 

Step 2: Let resource use be 𝑹 

This could be water, fertilizer, or energy consumption. 

 

Step 3: Form the ratio 

Efficiency is value generated per unit of resource consumed: 
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𝐸 =
𝑉

𝑅
 

 

Expanded versions 
For each resource type, this becomes: 

𝐸water =
𝑉

𝑊
, 𝐸fertilizer =

𝑉

𝐹
, 𝐸energy =

𝑉

𝐸𝑛
 

 

where 

𝑊= water use  

𝐹= fertilizer use  

𝐸𝑛= energy use  

 

5.1. Experimental Setup 

The experimental setup consisted of databases spanning large geographic extents (> 120 km) and encompassed distinct 

farming systems and crop associations. Baseline performance was derived from classical models (random forests for yield 

prediction and water optimization) using the entire database. Head-to-head comparisons were based on sufficient replicas 

(≥ 3) within individual databases. Testbed databases for , and were designed by leaving out ≥ 25% of the observations for 

prediction task, and scenarios such as drought, heat stress, blend of drought and heat stress, and price factor. Temporal 

windows (frames) corresponding to prediction task and other scenarios were defined carefully. To address the sensitivity 

of AIO to non-yielding conditions, the prediction task was replicated based on either concentration or non-concentration 

assessment to broad base the analysis. 
 

The metrics adopted for yield prediction and resource optimization effectiveness covered MAE, RMSE, R2, yield bias, 

percentage reduction in resources (Fertilizer, water and energy), Net Present Value (NPV), Remote Sensing actual 

evapotranspiration-based Water Use Efficiency (WUEm), and Environomic factor (EF). Other scenarios were also 

supported by prediction accuracies. The robustness of predicted yields for the focus systems was assessed by a radar chart 

and other resource-predictive comparisons through scenario analysis. 

 

5.2. Metrics for Prediction and Efficiency 

Mean absolute error (MAE) or root-mean-square error (RMSE), coefficient of determination (R2), and yield bias quantify 

predictive accuracy. MAE, RMSE, and R2 are calculated on the validation set, whereas bias is determined for the complete 

test period using all yield estimates, regardless of origin (i.e., test set or validation set origin). Reduction or increase of 

resource use (water, fertilizer, energy) due to YieldNet compared to nonoptimized situations is reported, as well as absolute 
economic values linked to such variations. Alternatively, economic reduction relative to the original level of a given 

resource is considered. When such reduction increases the profit, efficiency ratios (E = economic value/resource use) are 

also calculated. E indicates the economic return per unit of the resource used, thus allowing ranking of the approaches 

considering both reduction in resource use and economic effect. 

 

The analysis aims to provide not only a comparison of relative performance but, more importantly, to identify possible 

applications for which YieldNet constitutes a valuable and innovative contribution, either in absolute terms or considering 

trade-offs between prediction accuracy and resource use. The statistical significance of the comparisons is assessed 

considering a paired two-tailed t-test at a confidence level of 95%. Uncertainty is evaluated through sensitivity analyses 

(i.e., changes in model predictions when varying the tested parameter) and probabilistic forecasting (i.e., generation of 

confidence intervals around the median result of an ML prediction) in the same way as described previously. 
 

 
Fig 5: Crop Prediction Model Using Machine Learning Algorithms 
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5.3. Comparative Analysis 

Robustness and Uncertainty Assessment: Sensitivity analyses examine variations in model inputs and prediction outputs, 

clarifying which features most affect the predicted response. Probabilistic forecasting generates confidence intervals, 

gauges prediction uncertainty, and Morton’s multivariate method quantifies forecast uncertainty from regression surfaces. 

Comparative analysis evaluates predictions against peer systems and real-world observations. Yield prediction accuracy is 
assessed from temporal cross-validation and multiyear testbeds, with temporal stability verified by examining interyear 

variability. Prediction skill is measured with standard error metrics (Mean Absolute Error, Root Mean Square Error, R2), 

while cumulative error is gauged using yield bias (overprediction: positive; underprediction: negative). 

 

Robustness and uncertainty assessment form a critical foundation for evaluating the reliability and practical applicability 

of predictive models, particularly in complex domains such as agricultural yield forecasting. Sensitivity analyses play a 

central role by systematically varying model inputs and observing the resulting changes in outputs, thereby identifying the 

most influential features that drive predictions and highlighting potential vulnerabilities to input uncertainty. This process 

not only enhances interpretability but also supports model refinement by prioritizing key variables. Complementing this, 

probabilistic forecasting frameworks move beyond single-point estimates to produce confidence intervals, enabling a more 

nuanced understanding of prediction uncertainty and risk. Techniques such as Morton’s multivariate method further 

strengthen this approach by quantifying uncertainty across regression surfaces, capturing the joint variability of multiple 
predictors and their combined effects on forecast outcomes. In parallel, comparative analysis provides an external 

benchmark by evaluating model predictions against peer systems and real-world observations, ensuring that performance 

is not assessed in isolation. Yield prediction accuracy is rigorously tested using temporal cross-validation, where models 

are trained and validated across different time periods, as well as through multiyear testbeds that simulate real deployment 

conditions. Temporal stability is examined by analyzing interyear variability, ensuring that the model maintains consistent 

performance despite changing environmental or climatic conditions. Standard error metrics, including Mean Absolute Error 

(MAE), Root Mean Square Error (RMSE), and the coefficient of determination (R²), are employed to quantify prediction 

skill, offering complementary perspectives on accuracy, variance, and goodness-of-fit. Additionally, cumulative error is 

assessed through yield bias, which indicates systematic tendencies toward overprediction (positive bias) or underprediction 

(negative bias), thereby revealing directional inaccuracies that may impact decision-making. Together, these integrated 

evaluation strategies provide a comprehensive framework for assessing both the robustness and uncertainty of predictive 
models, ultimately supporting more reliable, transparent, and actionable forecasting systems. 

 

Model Type Description Strength 

Regression Models Predict yield from inputs Stable accuracy 

Time-Series Models Predict yield over time Captures trends 

Spatial Models Area-based predictions Handles geography 

Ensemble Models Combine multiple models Highest accuracy 

Random Forest Tree-based learning Robust and widely used 

Table 3: Machine Learning Models Used 

 

RESULTS 

The predictive capabilities and practical applications of the AI-driven system are demonstrated in the agricultural setting 

of Xinxiang in Henan, China. Six ML architectures are assessed for suitability in forecasting the yield of maize, the 

foremost crop in China. Time-series, regression, and spatial yield surface approaches are considered, with optimal targets 

determined via ensemble methods. The results deliver a targeted predictive model capable of accurately forecasting maize 

yield as well as the inputs of water, fertilizer, and energy resource allocation. Such predictions promote a significant 

reduction in resource use intensity of maize cultivation in the region and improve economic benefit when integrating market 

price into the optimization process. 

 
The head-to-head comparison with three widely used regression-based ML models — artificial neural networks, random 

forest, and support vector machine — demonstrates that the prediction results of the ensemble model surpass those obtained 

via standard ML algorithms. Further, the analysis of robustness illustrates that the proposed adaptive system remains stable 

under data perturbation and that the predictive results can be expressed in a probabilistic manner, providing confidence 

intervals. The advanced performance of the ensemble model also holds for other combinations, although the multi-source 

data layer and responsible use of historical management practices have a great influence on prediction accuracy.  

 

6.1. Yield Prediction Accuracy Mean 

Absolute Error (MAE), Root Mean Squared Error (RMSE), and co-efficient of determination (R2) reveal very good overall 

prediction accuracy, supported by calibration and scatter plots of estimated versus measured yields. The reliability of the 

prediction model is time-invariant, with consistent MAE and RMSE over the 14 years. Probabilistic predictions of yield 
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based on ensemble outputs from 1500 Random Forest models also exhibit quasi-Gaussian response distributions. 

 

In agroecological applications, accurate and up-to-date information on crop yield is of paramount importance. Crop yield 

prediction models have been developed and successfully implemented in several regions; however, most of them are neither 

operational nor available to farmer communities. Recent developments in the area of remote sensing and machine learning 
– in combination with high-resolution (1 km) gridded climate data – make it possible to build an easy-to-use, 

computationally undemanding yield prediction model for the state ofPunjab in India, one that has clear potential for 

practical applicability. This is evidenced by the mean absolute error, the root mean square error, and the R2 value that 

provide an evaluation of the overall prediction accuracy. In addition, a close look at the scatter plot of estimated versus 

observed yield points and the corresponding calibration plot further support the reliability of the model. Importantly, this 

reliability remains intact over time. 

 

6.2. Resource Utilization Gains 

Substantial reductions in water, fertilizer, and energy use are available across the testbeds, improving economic viability. 

For all testbeds, average water and fertilizer use can be cut by 18% without yield loss. Including market response enables 

larger reductions: a 28% cut in water use allows for USD 17M in economic gain. Two forms of measurement are presented: 

a simple ratio and an extended productive efficiency ratio [4] , which compare resource use across models while matching 
yield levels or benefits. The simple ratio indicates that both water and fertilizer use are substantially reduced for the testbed 

stipulating equal yields, but only small improvements are visible for the ratio comparing resource use when matching 

economic benefit. 

 

In the drought scenario, resources are predicted to be reduced (44% for fertilizer) under the yield-preserving condition, 

while predicted market reactions are not included in the simple ratio. The more complex productive efficiency ratio 

indicates considerable opportunities for improving fertilizer use efficiency. 

 

 
Fig 6: Artificial Intelligence in Climate-Resilient Smart-Crop Breeding 

 

6.3. Scenario Analyses 

Testbeds with yield prediction models were integrated into a multi-objective optimization framework focused on enhancing 

economic efficiency while reducing water, fertilizer, and energy use in maize cultivation. The methodology's predictive 

capabilities are primarily showcased through head-to-head comparisons, yet its potential in resource use reduction and task 
adaptability across multiple sets remain implicitly emphasized. Agricultural systems face increasing pressure from climate 

changes and resource constraints that necessitate fundamental transformations. A significant element of this shift is farming 

adaptive capacity, enabling farmers to respond reactively to climate variability and downturns. Such adaptation requires 

information on cropping determinants—forecasts from multiple sources supporting timely decision-making. 

 

While online learning was not explicitly implemented in these scenarios, the models are designed for temporal and spatial 

adaptation to arrive at predictively valid solutions, and such adaptation is critical when deploying the methodology in 

unforeseen conditions. The yield models operate under the belief that crop response to inputs varies spatially and temporally 

as external drivers evolve. Therefore, robustness across distinct temporal windows allows assessing the approaches' 
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capacity to adapt to evolving environmental conditions. Scenarios of drought and heat stress were analyzed, along with 

apparent changes to key maize market prices. The results are informative for optimizing resource use, and success reflects 

both the quality of the underlying yield prediction models and the interpretive power of multi-objective optimization 

frameworks. 

 

 
 

CONCLUSION 

The research advances yield prediction and resource use efficiency within an adaptive system for decision-support and 

management in agroecosystems. Its implementation stakeholders include producers, planners or agencies, and supply chain 

actors. Despite the comprehensive methodology and application success, further improvements exist—from classical crop 
model coupling and optimization scenarios to customized model-based ensemble learning. The new approach structure 

opens directions for extension beyond yield prediction and resource efficiency to product quality and agroecosystem carbon 

emissions. Moreover, the system’s characteristics and structure—data acquisition, machine-learning models, adaptive-

system philosophy, resource allocation and decision-support module, feasibility and efficiency—allow broader 

applications in yield prediction and external and internal resource-use efficiency of agriculture production systems and 

supply chain. 

 

A potential direct application for trade-support institutions and agencies is prediction of supply-demand imbalances to 

inform early-export decision-support-generation processes. Expected results prompt pre-budget scenario analyses and 

service generation or initiation. Further engagement with trade bodies promotes the approach’s adaptation to the specifics 

of meso and macro guidelines and scenarios development—training-test dataset evolution and scale. The new methodology 
provides sufficient coverage and predictive power for a range of agroecosystem resource-optimization. 
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7.1. Future Trends Although 

HarvestNet is a significant improvement over simpler predictive methods, it can become less precise under rapidly evolving 

weather patterns (heat/drought) and in transitory scenarios (market shifts). Continued progress could deploy more complex 

methods (deep-learning, ensemble-spatial), covering larger areas, and combine prediction and allocation using multi-task 

architectures. 
 

Attention to adaptivity remains essential. Predictive quality relies on adequate coverage of changing or transient weather 

patterns, aided by training on recent observations, and can benefit from meta-learning heuristics for data-scarce conditions. 

Despite enviable accuracy, prediction errors still interact with allocation processes, so reinforcement-learning approaches 

could integrate both services and balance prediction and exploration. The simplifications of resource-optimal allocation in 

fact provide an attractive basis for decision-feedback dynamics, although user choice is currently restricted to chosen 

market-ecosystem scenarios. 
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