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Abstract: The ability to forecast the annual crop production is of crucial benefit for any country by providing the capability to define their 

import and export policies, as well as to estimate the economic gain of their agriculture planning. The weather conditions during the year 

significantly influence the growth of the crop, and the crop yield quantity is highly affected by the climate conditions in the different 

development cycles of the plant. Recently, the availability of historical climate data benefits the studies in the sector of agricultural sciences 

and food, and in particular the use of Artificial Intelligence methods in the big data analysis offers a significant opportunity to provide 

practicable information and actions. The present work aims to develop Machine Learning (ML) model to forecast the wheat yield based on 

historical climate data in a specific time frame in the Pelagonia valley in North Macedonia, as one of the most important regions for wheat 

production in the country. After pre-processing and selecting the input features, LS Boost regression model was employed as a ML method 

for estimation of the wheat yield from climate data, which resulted in high accuracy of wheat yield prediction even with limited dataset, both 

on the training and on the testing dataset. The research study proved the feasibility of using ML methods to complement the existing models 

for accurate wheat yield forecasting, providing significant advantage due to the ease of calibrating the ML model parameters. 
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1. Introduction 

The weather conditions during the year are crucial factors 

influencing the growth of the crop, and the crop yield quantity is 

highly affected by the climate conditions in the different 

development cycles of the plant. Recently, the availability of 

historical climate data benefits the studies in the sector of 

agricultural sciences and food, and in particular the use of machine 

learning methods in the big data analysis offers a significant 

opportunity to provide practicable information and actions. Machine 

learning (ML) utilizes empirical modelling techniques to detect 

meaningful correlations and patterns from input data, therefore it is 

a suitable choice for crop yield estimation. ML algorithms attempt 

to build a model function that corresponds to the relationship 

between the input features and the output crop yield, which is a 

complex task to be solved with the rigorous assumptions of 

statistical modeling due to the underlying nonlinear patterns of the 

phenomenon. 

Lately there are numerous research papers dealing with crop 

yield estimation employing ML algorithms, as well as literature 

reviews summarizing the methods and results. Klompenburg et al. 

[1] concluded that the most used models are the random forest, 

neural networks, linear regression, and gradient boosting tree, 

although no specific conclusion can be drawn as to what the best 

model is. They also concluded that models with more features did 

not always provide the best performance for the yield prediction. 

Numerous types of ML models for crop prediction have been 

studied in the literature. Artificial neural networks (ANN) are most 

commonly used ML algorithm in the literature [1]. Rao et al. [2] 

used ANN to predict the crop yield and recommend suitable 

fertilizer to gain high yield of crops. Wang et al. [3] applied deep 

neural networks for reliable crop yield prediction in Argentina and 

Brazil using remote sending data. Random forest, gradient boosting 

and support vector machines are ML methods that are also widely 

adopted for the purpose. Filippi et al. [4] combined data over 

multiple years and fields in Western Australia into one dataset and 

successfully utilized random forest to build predictive model of 

crop yield. Sagar et al. [5] performed cotton yield prediction with 

fertilizer recommendation based on location, acreage and fertilizer 

data employing gradient boosting. Gandhi et al. [6] utilized climate 

parameters for predicting the rice yield in India with support vector 

machines. Lately, literature works include research on ensembles of 

several ML methods into one model which was proved to increase 

the prediction accuracy [7–9]. Kundu et al. [10] performed an 

ensemble approach synthesizing several ML models for better 

overall prediction of crop yield, using different data elements 

including weather, soil, farmers, irrigation and fertilizer. 

The present work aims to develop a Machine Learning (ML) 

model to forecast the wheat yield based on historical climate data in 

a specific time frame in the Pelagonia valley in North Macedonia, 

as one of the most important regions for wheat production in the 

country. The advantage of using ML methods for crop forecasting is 

to avoid utilizing numerous parameters used today in the WOFOST 

(WOrld FOod STudies) [11] and other biophysical crop models, as 

well as to avoid the manual calibration of these parameters for 

different regions. Osama et al. [12] conclude that data from 

biological nature is typically complex and vague and machine 

learning techniques can be utilized as adaptive learning methods to 

analyze this data more accurately. The result of this research work 

evaluates whether using ML methods is feasible for this aim, and 

whether it provides any advantage over the currently employed 

methods for wheat yield prediction. 

 

2. Definition of model inputs and output 

The feasibility of employing machine learning for predicting the 

annual wheat yield was analysed and validated in the Pelagonia 

valley in North Macedonia. The prediction of the wheat yield was 

performed based on the historical climate parameters; thus, the 

model input is the climate data taken in a specific timeframe, 

whereas the model output is the estimated wheat yield. In the 

specific investigated region, seven climate parameters per day were 

provided in the year range 2005 – 2019, as follows: maximum daily 

temperature (Tmax), minimum daily temperature (Tmin), average 

daily temperature (Tavg), vapour pressure, precipitation, reference 

evapotranspiration (ET0), and radiation.  

The input parameters in the model are defined as the climate 

parameters calculated as average in a moving window of 10 days 

with an overlap of 5 days, between 01st of January and 27th of June 

of every year. Thus, there are 43 separate time windows (see Fig. 

1), and per each of them the average of the climate data is 

calculated using the equation: 

𝑝 =
 𝑝(𝑛)𝑛+9
𝑛
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where n represents the date index, p(n) is the considered climate 

parameter on the date n, and  𝑝  is the average of the climate 

parameter in the 10-day window investigated. 

 
 

Fig. 1 Definition of time windows and their corresponding dates, used for 

model input definition 

 

The output parameter of the model is the annual wheat yield in 

kg per hectare. 

2.1. Selection of model input 

The influence of the variability of the climate parameters to the 

variability of the output was investigated in order to select the 

model inputs which are significantly relevant to the output. To 

perform this investigation two different methodologies were used: 

univariate feature ranking for regression using F-tests, and 

Neighbourhood Component Analysis (NCA). 

 

    

a) 

 

b) 

Fig. 2 Feature importance ranking based on: a) univariate feature ranking 
for regression using F-tests; b) Neighbourhood Component Analysis (NCA) 

With the univariate feature ranking using F-tests, the individual 

importance of each input feature to the output is analysed based on 

F-tests. Each F-test examines the hypothesis that the response 

values grouped by predictor variable values are drawn from 

populations with the same mean against the alternative hypothesis 

that the population means are not all the same. A small p-value of 

the test statistic indicates that the corresponding predictor is 

important. Therefore, a large score value indicates that the 

corresponding predictor is important. The resulting scores of the 

individual features considered are shown on Fig. 2 a), where the test 

ranked the precipitation, vapour pressure, and minimum daily 

temperature as features with highest importance to the output.  

The NCA algorithm is a non-parametric method for selecting 

features, where it is performed feature selection with regularization 

to learn feature weights for minimizing an objective function that 

measures the average leave-one-out regression loss over the training 

data [13]. Unlike the univariate feature ranking, NCA analyses and 

considers the mutual significance between the input features to the 

output variable. The result from the NCA feature ranking is 

presented on Fig. 2 b) where the higher score value denotes feature 

with higher importance. It can be concluded that employing both 

analyses, identical results were achieved: proving that the 

precipitation, vapour pressure, and minimum daily temperature are 

input features with the predominant important to the wheat yield. 

The impact of these significant features can be explained 

evidently. North Macedonia has water-limited agriculture, therefore 

crop production relies on the water amount. Thus, precipitation 

represents an important factor for the plant, especially in its 

growing season. Furthermore, the temperature at which the plant is 

subjected to has significant impact on the crop production since if 

the slope of the temperature accumulation is too steep, the crop 

growing stages will be shorter than usual, thus the period for 

biomass production will be shortened and lower amount of biomass 

will be accumulated during the stage/s. The vapor pressure is 

important driver for evapotranspiration. The reduced 

evapotranspiration rate will utilize less of the readily available 

water into the soil thus there will be available water for a longer 

period (between two rainfall events) what is of high importance in 

water limited agriculture. 

2.2. Selection of time frame 

As aforementioned, the input in the model are the climate data 

taken and averaged in a specific range of dates. Each time frame is 

ten days long, with an overlap of five days, resulting in a total of 43 

time frames starting from 01st January until 27th June. 

Agrometeorological parameters are frequently presented and 

elaborated for the decade (10 days period). The decadal periods 

give better view on the crop response to the weather variations and 

anomalies. Moreover, the values from the current decade can be 

meaningfully compared to its long-term averages, minimum and 

maximum, normalized by the historical range of values for the same 

decade, thus used for early season crop yield forecasting. To select 

the appropriate time window for predicting the wheat yield, the 

correlation of each window to the output was investigated 

employing the Pearson method. The Pearson correlation measures 

the strength of the linear relationship between two variables. It has a 

value between -1 to 1, with a value of -1 meaning a total negative 

linear correlation, 0 being no correlation, and 1 meaning a total 

positive correlation.  

The significant input features obtained in Section 2.1. were 

correlated to the output through the Pearson method, up to their 

third mutual interaction, and their correlation was calculated. The 

absolute values of the correlation coefficients are graphically 

demonstrated on Fig. 4, shown with a colormap where the darker 

color represents higher absolute value of the correlation coefficient. 

The theoretical results show highest correlation in the 29th and 40th 

period. However, when the process was modelled with machine 

learning methods (described below in Section 3) and their 

prediction accuracies were tested, the model with the highest 
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accuracy was obtained in the time frame number 24 which 

corresponds to the dates from 3th until 12th  

 

   Fig. 3 Pearson correlation colormap of input features in separate time 
windows 

 

April. Furthermore, this model as input contained only the three 

most significant features (precipitation, vapour pressure, and Tmin), 

without any mutual interaction between them. The period between 

3th and 12th April is in fact the phase of the late vegetative and early 

generative growth of the plant in North Macedonia. Thus, as water-

limited agriculture, evidently the amount of precipitation in the crop 

late vegetative and early generative growth stage contributes to the 

amount of the annual production of winter wheat. 

 

3. Estimation of output – modelling and results 

The modelling of the process, i.e., the correlation of the input 

and output features is performed using Least Squares (LS) boosting 

algorithm which fits regression ensembles by creating and growing 

weak learners (decision trees) using the boosting method to build a 

robust model [14]. The ensemble sequentially fits a new learner to 

correct the prediction error between the observed response and the 

aggregated prediction of all learners grown previously, until the 

mean-squared error is minimized. This particular model was chosen 

for its accurate performance when the dataset is limited: in this case, 

only one output parameter per year.  

The model is trained using historical datasets, where the 

outcomes are represented based on past experience. During the 

training phase, the parameters of the model are determined and 

progressively optimized such that the predictive ability of the model 

is gradually improved. On the other hand, part of the historical data 

which has not been used for training is used to evaluate the 

performance of the model. Therefore, the data set was separated in 

training and testing set, where 80 percent of the data was used as a 

training set to determine the model parameters, and 20 percent was 

used to test the model prediction accuracy.  

The model is trained in the period of late vegetative and early 

generative growth of the wheat: 3 April – 12 April. The model 

inputs are the three significant features, as selected in Section 2.1. 

The training set from 2005 until 2016 was used to train the model, 

whereas for the testing phase the years 2017, 2018 and 2019 were 

applied. The model prediction accuracy on both known (training) 

and unknown (testing) dataset is visualized in the graphs on Fig. 4, 

where the measured data is presented with red dots and the 

estimated data with the model is with blue dots. Small errors 

between the measured and estimated data are noticeable, proving 

the model precision. 

Using machine learning LS boosting method proved to be 

efficient for modelling the wheat yield based on the annual weather 

conditions. 

 

 

 

 

a) 

 

b) 

Fig. 4 Performance of the LS boosting model when using significant features 

as input on: a) training dataset, b) testing dataset 

 

4. Conclusion and future work 

The ability to predict the annual crop production is of crucial 

benefit for any country by providing the capability to define their 

import and export policies, as well as to estimate the economic gain 

of their agriculture planning. Machine Learning methods offer the 

capability to extract meaningful information and identify 

correlations from raw data, without the assistance of human 

intellect, therefore are particularly suitable for constructing 

prediction models based on historical datasets. 
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The research study proved the feasibility of using ML methods 

to complement existing models for accurate wheat yield prediction, 

providing significant advantage and convenience due to the ease of 

calibrating the ML model parameters. By using two different 

feature selection methods, univariate feature ranking for regression 

using F-tests, and Neighbourhood Component Analysis (NCA), it 

was demonstrated by both that the precipitation, vapour pressure, 

and minimum daily temperature significantly influence the wheat 

yield. LS Boost regression model was employed as a ML method 

for estimation of the wheat yield based on climate data, which 

resulted in high accuracy of wheat prediction even with limited 

dataset, both on the training and on the testing dataset. Further 

research will be done on testing the model in different regions in the 

country, increasing the rather modest dataset by using historical 

data prior to 2005, as well as developing more sophisticated 

machine learning models. 
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