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Abstract: This study proposes a flexible and adaptable protocol for the establishment of agricultural 

management zones that utilises remote sensing, ground truthing (apparent electrical conductivity and soil 

sampling), the IRRIGOPTIMAL®  system and machine learning. This protocol could contribute significantly to 

the rational use of inputs (water, fertilizers and pesticides) and to the further efficient development of an 

optimal irrigation system with variable irrigation rates. The methodology to develop this protocol was applied 

to olive and alfalfa plots in Heraklion (Crete, Greece) to monitor soil and crop responses for the period 2022-

2024. Spatial and temporal assessment of selected soil and plant parameters (moisture, photosynthetic activity) 

using ground and vegetation reflectance mapping by satellites and unmanned aerial systems provides 

important information in both the pre- and main phases of the management zone delineation. Geophysical 

methods such as electromagnetic induction, applied in the main phase of management zone delineation, 

provide a robust technique to determine the spatial and temporal distribution of apparent electrical 

conductivity. The Random Forest machine learning model was found to be most suitable for predicting soil 

electrical conductivity based on satellite-derived salinity indices and ground electromagnetic induction. 

Finally, the IRRIGOPTIMAL®  system provides real-time monitoring of a variety of weather and soil 

parameters to determine the optimal cultivation of crops based on the creation of agricultural management 

zones. 

Keywords: precision agriculture; soil and crop response; remote sensing; geophysical mapping; 

machine learning; IRRIGOPTIMAL®  system 

 

1. Introduction 

Precision agriculture (PA) or precision farming is an agricultural management concept that 

utilizes spatial and temporal data representing the variability of the agricultural landscape with the 

aim of a) reducing the cost of managing crops, b) increasing the quality and quantity of production, 

and c) protecting the environment by reducing the use of agrochemicals and water [1–18]. PA relies 

mainly on data obtained from ground sensors and remote sensing (RS) and utilizes Global 

Positioning System (GPS) and Geographic Information System (GIS) technologies to improve the 

accuracy and efficiency of agricultural practices [3,5]. PA addresses, among other things, soil 

variability, which can be caused by a variety of factors. Soil variability is related to the topography of 

the field, e.g. elevation and slope and to factors such as nutrient content (e.g. P, K, N, Ca), soil 

moisture and other physical or chemical properties. Crop variability refers to the quantity and quality 

of production as well as plant health and characteristics such as height. Yield variability refers to 

temporary or permanent differences in crop yields [18]. For example, one plot may consistently 

produce better yields than a neighboring area. Variability in crop management is primarily related 

to human intervention, such as fertilization strategies or weed control methods. Ploughing, for 
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example, can significantly change the behavior of the soil. The way an area is managed can lead to 

variations within the plot. Different areas require different approaches. PA is based on the 

identification and management of variations. Therefore, the plot is subdivided based on its 

characteristics, and areas with common characteristics are referred to as soil management zones 

(MZs) [19–29] or agricultural management zones (AMZs) in this work. AMZs are areas that show 

significant uniformity in certain characteristics. The main objective is to manage each zone according 

to its specific constraints. Two main techniques can be used to delineate these zones. In the first 

method, the data is grouped based on a specific characteristic, e.g. soil conductivity. In the second 

method, the boundaries are derived using an algorithm [25]. In the past, AMZs were often 

determined based on farmers' experience, especially when fields were relatively of small spatial 

extent. Today, AMZs can be determined remotely and without physical presence on the plot using 

techniques known as RS. RS is the acquisition of data and information about an object or phenomenon 

from a distance using sensors that usually detect the electromagnetic radiation that the object absorbs 

or re-emits [30–38]. The returned signals are correlated or converted into variables that are useful in 

agriculture, such as vegetation index, water availability, and plant growth [30]. Numerous studies 

have been conducted to determine the physical and chemical properties of soil using satellite data 

[38]. RS has many applications in agriculture, including monitoring soil moisture, vegetation indices 

and nutrient content. RS is also used for applications related to plant diseases and pests [17]. Several 

parameters can influence the accuracy and cost of RS data. These include spatial resolution and 

spectral range, which can vary significantly depending on the type of sensor used. In many cases, RS 

techniques alone are not sufficient and need to be verified. Therefore, they are often used in 

conjunction with ground methods such as soil sampling, chemical analyses and geophysical mapping 

[29].  

In this work, we combine spatio-temporal data from RS, such as Sentinel-1, Sentinel-2 and 

unmanned aerial vehicle (UAV) flights, and ground techniques (apparent electrical conductivity 

mapping, soil analyses and the IRRIGOPTIMAL®  system) along with machine learning to establish 

an optimum protocol for the delineation of AMZs at field scale for olive trees and an annual alfalfa 

in the prefecture of Heraklion (Crete, Greece). The trees in the olive grove, planted in 2013, are about 

2 meters high and root systems estimated to extend to a depth of about 1.5 meters. 

With this protocol, the site-specific conditions (such as irrigation and fertilization need) of olive 

and alfalfa fields can be easily estimated with a resolution of less than one meter. 

2. The Study Area 

The environment  

Crete is in the southernmost part of Greece and separates the Aegean Sea from the Libyan Sea 

(Figure 1a). It is characterised by a distinct geographical relief, with 56% of the area being semi-

mountainous (200 m - 800 m) and about 26% lowland (<200 m) [39,40]. This pronounced 

morphological relief, combined with the geographical location, has a significant influence on Crete's 

Mediterranean climate, which is characterised by mild winters and relatively hot summers. The 

average annual rainfall on Crete is around 750 mm, but there are significant differences in both the 

spatial distribution and the amount of rainfall on the island. The western part of Crete receives 

significantly more precipitation, about 2188 mm, which is up to five times more than the eastern part, 

which receives only about 440 mm [41,42]. Groundwater covers 92% of Crete's water needs, with the 

majority, 81%, being used for irrigation [39]. Most of the island is covered by olive groves and 

vineyards. Besides the important agricultural sector, Crete is also a well-known tourist destination. 
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(a) 

 
(b) 

 
(c) 

Figure 1. a) Map of Greece showing the location of this study, coordinates in Greek Geodetic 

Reference System 1987, b) orthomosaic of the study area showing the two plots (in red colour) 

cultivated with alfalfa while purple colour corresponds to the plot of olive trees. In addition, S1 and 

S2 show the locations where IRRIGOPTIMAL®  sensors have been installed, c) the corresponding 

Digital Surface Model (DSM). 

The study area (85350.603 m2) of this work is in the central part of Crete, west of Heraklion 

(Figure 1a, b), which is considered representative of Cretan cultivated land. It is covered by Holocene 

sediments corresponding to river and closed basin deposits [29]. The altitude ranges from 35 m to 

about 80 m above mean sea level (Figure 1c) and the relief is predominantly flat with slopes between 

0 and 73% (rare). There are extensive agricultural plots in the wide area of this study, mainly 

cultivated with vineyards, olive trees and alfalfa (Figure 1b). 
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The soil analyses [43] for the study area to calibrate the IRRIGOPTIMAL®  sensors characterise 

the soil as clay soil (clay - 41.93%, silt - 25.81%, sand - 32.86% and water holding capacity - 125 mm/m) 

for the olive grove and sandy clay loam soil (clay - 27.27%, silt - 27.27%, sand - 45.45% and water 

holding capacity - 110 mm/m) for the alfalfa plots. Previous soil analyses of an alfalfa plot in the same 

area showed that the soil was slightly alkaline, with a pH of about 7.5 and organic matter between 

2.34% and 2.8%. The potassium content varied considerably between 162 mg/kg, which is considered 

sufficient for the crop, and 283 mg/kg, which is considered high. The phosphorus content varied 

between 6.3 mg/kg and 14.9 mg/kg at the maximum. Potassium levels ranged from 142 mg/kg to 231 

mg/kg. The boron content showed no significant differences and was between 0.223 and 0.262 mg/kg. 

These results show that soil composition can vary considerably even within a single plot, making the 

delineation of AMZs particularly useful. 

Weather data 

The Hellenic National Meteorological Service (HNMS) has been collecting meteorological data 

for Heraklion since 1955. Figure A1 (Appendix A) shows the weather data for each month based on 

the data from 1955 to 2010. The ombrothermal diagram (Figure A1a) shows the mean monthly 

temperatures for the same period in relation to the mean monthly precipitation, while Figure A1b 

shows the annual wind frequencies in terms of wind intensity and direction. Figure 2a,b and Table 

A1 (Appendix A) show the weather data (December 2023 – May 2024) for the study area using the 

IRRIGOPTIMAL®  system with the following weather parameters: a) air temperature (oC), b) dew 

point (oC), c) solar radiation (W/m²), d) vapor pressure deficit (VPD) in kPa, e) relative humidity (%), 

f) precipitation (mm) and g) delta T (oC). 

 
(a) 

 
(b) 

Figure 2. Weather data for the study area according to recordings from IRRIGOPTIMAL®  sensors. a) 

air temperature (oC), dew point (oC), c) solar radiation (W/m²), d) vapor pressure deficit (VPD) in kPa, 

e) relative humidity (%), f) precipitation (mm), and g) delta T (oC). 

The air temperature rarely dropped below 10°C from December 2023 to May 2024, while the 

dew point closely follows the changes in air temperature (Figure 3a, Table A1, Appendix A). At 

higher temperatures, the air can generally absorb more moisture, resulting in a higher dew point. 
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Crete is an island with abundant sunshine and has one of the highest solar potentials in Europe. The 

average sunshine intensity was around 90 W/m² in December 2023 and January 2024, gradually 

increasing to 278 W/m² in May 2024 (Figure 3a, Table A1, Appendix A). High temperatures 

fluctuating between 14.7°C (December 2023) and 20.4°C (May 2024) and prolonged solar radiation 

combined with water scarcity create a stressful environment for plants (Figure 3a, Table A1, 

Appendix A). In addition, a high vapor pressure deficit (VPD), which is directly related to the 

movement of water from the surface to the atmosphere, in combination with water scarcity, 

contributes to water stress (Figure 3a, Table A1, Appendix A). Specifically, the average VPD in 

December 2023 was 0.52, while in April and May 2024 it was 1.13 and 1.17, respectively. This increase 

in VPD is to be expected due to the rise in temperature and the decrease in precipitation. However, 

the VPD shows clear peaks of over 2 kPa in April 2024 and May 2024 (Figure 2a), which indicates 

potential water stress. 

 
(a) 

 
(b) 

Figure 3. UAS data (a) Initial image position acquired by the DJI Mavic 3M, (b) basic processing flow 

of the UAV data. 

Precipitation is a particularly important factor as it directly influences plant growth. During the 

analysed period (December 2023 – end of May 2024), there were significant fluctuations in 

precipitation followed by a decrease in Delta T (Figure 2b, Table A1, Appendix A). In December 2023, 

the total amount of precipitation was 53.2 mm (Figure 2b, Table A1, Appendix A), while in January 

2024 there was more than three times higher precipitation at 174 mm (Figure 2b, Table A1, Appendix 
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A). March 2024 did not match the expected precipitation amounts as only 38.4 mm was recorded 

compared to the usual 53.4 mm (Figures 2b and A1a, Appendix A). It is noteworthy that 20 mm of 

this total precipitation was measured on a single day (20 March 2024). April 2024 was remarkably 

dry with only 1.6 mm of precipitation compared to the expected 28.2 mm (Figure A1a, Appendix A). 

In other words, the total precipitation in April was in line with what is normally expected in a single 

day. Of the four days with precipitation in April 2024, 0.6 mm was measured on three days and only 

one day was close to 1 mm. These values were also confirmed by the local weather station, which 

reported 1.2 mm of precipitation for April 2024. Finally, 15.2 mm of precipitation was measured in 

May 2024 (Figure 2b, Table A1, Appendix A). Of the total 353 mm of precipitation in the six months 

in which the IRRIGOPTIMAL®  system was installed, 228 mm was recorded on 10 days, which 

accounts for more than 60 % of the total precipitation (Table A1, Appendix A). 

Humidity expresses the moisture content of the atmosphere and is linked to vapor pressure and 

dew point (Figure 2b). Low humidity leads to partial or complete closure of stomata in plants, 

resulting in reduced transpiration, photosynthesis and overall plant productivity. In the study area, 

humidity in the period from December 2023 to March 2024 was between 60 % and 80 % with a sudden 

drop from the end of March 2024 to the end of May 2024 (Figure 2b). 

3. Materials and Methods 

3.1. Remote Sensing/G.I.S 

Satellite data (Sentinel-1 and Sentinel-2) and UAV data were collected to support the delineation 

of the AMZs in this work [44–49]. Sentinel-1 data were used to calculate the median soil moisture (%) 

for the period from January 2024 to June 2024 using QGIS [50]. Grids were created for the olive (a 

total of 18511 points every 0.562 m) and alfalfa (a total of 19630 points every 0.728 m) plots. Then the 

.tif raster file values from the Google Earth Engine were assigned to the points of the plots. The 

interpolation was then performed using the Kriging method. Sentinel-2 data, L2A with cloud cover 

<= 5% were recovered using QGIS and the SCP plugin, Semi Classification Plugin [51] from 1 January 

2024 to 30 June 2024. The Sentinel-2 data were used to calculate the Normalized Difference Moisture 

Index (NDMI) [52] and the Green Normalized Difference Vegetation Index (GNDVI) [53] for the plots 

of this work (Figure 1b). 

Finally, UAV data (RGB, green, red, red edge, near-infrared) were collected during three flights 

for the dry period in August 2023 and the wet period in January and March 2024 (Figure 3a). The 

UAV data was processed using the Pix4D Mapper software (accessed on 30 June 2024) to obtain the 

orthomosaic, the digital surface model (DSM), and the digital terrain model (DTM) (Figure 3b). The 

products resulting from the photogrammetry were then imported into QGIS (version 3.30.3 

Hertogenbosch) for further processing to a) digitize the boundary of the total area (85350.603 m2), b) 

digitize the boundaries of the olive and alfalfa plots, c) export the orthomosaic, DTM, DSM (Figure 

1b, c green, red, red edge, near infrared) for each of the three flights, d) merge the products of the 3 

flights to generate uniform data backgrounds, e) complete the export for the whole area and f) 

calculate the vegetation indices together with the terrain attributes (Figure 3b). 

3.2. Geophysical Prospecting 

In PA, electromagnetic scanning (Figure 4) is often used to delineate AMZs because it is a cost-

effective, fast and non-invasive method [54–64]. The GEM-2 from Geophex 

(https://geophex.com/hand-held-gem-2-ski/), often referred to as a "ski" because of its shape, is a 

lightweight, portable electromagnetic sensor that was used in the present work. It has a wide 

frequency bandwidth from 30 Hz to 90000 Hz, allowing the operator to select up to 5 frequencies 

during the survey. At lower frequencies, the primary electromagnetic field can penetrate deeper, 

while at higher frequencies shallower. The skin depth monogram [65] can be used to determine the 

penetration depth of each frequency. In the present work, GEM-2 was used to map the spatial 

distribution of soil apparent conductivity (mS/m) in both the olive and alfalfa plots in the wet and 

dry seasons of 2022 and 2023. The electromagnetic survey was carried out at frequencies close to 
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90000 Hz, corresponding to a penetration depth of about 1 m - 1.5 m, with the sensor held about 1 m 

above the ground. The processing of the data to create the colour maps of the apparent electrical 

conductivity of the soil was carried out according to the specifications of the device manufacturer 

(https://pages.mtu.edu/~jdiehl/Homework/GEM2%20Manual.pdf). 

 

Figure 4. GEM-2 operation principle. 

3.3. IRRIGOPTIMAL® System 

IRRIGOPTIMAL®  is an integrated system designed, developed and patented by the Maltese 

company WES TRADE LTD to support agricultural processes such as predicting water requirements 

in the coming days, predicting diseases and pests and monitoring the harvest. Prediction integrates 

a variety of agronomic, soil, sensor and weather data to provide a comprehensive prediction of crop 

water needs. The system's data processing methodology for predicting irrigation needs includes two 

main machine learning (ML) models that work in parallel to ensure high accuracy in predicting 

irrigation. The system starts by collecting detailed agronomic data for the crop being grown. This 

includes information on plant growth stages, stage-specific water requirements and drought 

sensitivity, as well as plant coefficient (kc) values. In addition, soil properties such as the proportion 

of silt, clay and sand, as well as critical soil properties such as saturation point, wilting point and bulk 

density are considered. This agronomic and soil data is then combined with real-time sensor data 

from the field and weather data from local stations and forecasts. The sensor (Figure 5a, b) data 

includes measurements of soil moisture, soil tension, humidity, temperature, soil temperature, 

precipitation, wind direction and wind speed. These inputs are crucial for accurately estimating the 

plants' current and future water requirements. The first ML model works daily, while the second ML 

model processes data on an hourly basis. The first model compares these sensor readings with total 

crop evapotranspiration (ETc) values calculated from solar radiation data to estimate daily water 

consumption. The second model combines the hourly sensor data with weather forecast data to 

predict soil moisture dynamics for the next three days. This short-term prediction helps to accurately 

adjust irrigation schedules and ensures optimal water utilisation and plant health. By integrating 

these two models, the IRRIGOPTIMAL®  system can provide irrigation recommendations three days 

in advance, significantly increasing water management efficiency and crop yield. The 

IRRIGOPTIMAL®  system can be flexibly configured so that the settings can be adjusted as required. 

In this study, sensors (Figure 5a, b) were placed in olive trees (3 m away to minimise the influence of 

the root system) and alfalfa to measure precipitation, solar radiation, air temperature, soil 

temperature at six depths, soil moisture, relative humidity, wind speed and wind direction. The 

measurements were carried out from December 2023 to May 2024, while the alfalfa harvest took place 

at the beginning of May 2024. 
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(a) (b) 

Figure 5. The sensors (imetos) installed in the field on 20/11/22023. (a) the autonomous meteorological 

station that was installed in the olive grove (Imetos IMT280-USW). The solar panel and the cables 

connected to the ground sensors are visible. (b) sensor installed in the alfalfa plot prior cultivation. 

The solar panel and cables connected to the ground sensors are visible (Imetos-IMT200). 

3.4. Machine Learning 

Machine learning has so far proven to be indispensable in PA [66–75]. In this work, our machine 

learning pipeline (Figure 6) consists of several structured steps to ensure a thorough evaluation and 

selection of the most effective model for predicting soil electrical conductivity (EC) based on salinity 

indices from satellite data (Sentinel-2, on 1 September 2023 and 2 September 2023) and mapping of 

the apparent electrical conductivity of an alfalfa plot (performed on 1 September 2023, Figure 1b). 

The data set from 1 September 2023 was used to train and select the best model, while the data set 

from 2 September 2023 was used to test the model's ability to fit new data. The pipeline starts with 

the data from the first partition (on 1 September 2023), which is split 80/20 into training and test 

datasets. This split allows us to train the models and then evaluate their performance on an unknown 

portion of the data to ensure that the results are not biased by overfitting. The next step is to fit the 

data from the training set to the selected models. We explored three different algorithms: Linear 

Regression (LR), Random Forest (RF) and XGBoost (XGB). For each of these models, we performed 

extensive parameter fine-tuning and cross-validation to determine the best combination of 

hyperparameters. Cross-validation not only helps in selecting optimal parameters, but also provides 

a robust assessment of the generalization ability of the model by splitting the training data into 

multiple folds and evaluating the performance across these folds. Following parameter optimization, 

we evaluated the performance of each model using key metrics such as the coefficient of 

determination (R2) and the mean squared error (MSE). The R2 metric provides insight into how well 

the model explains the variability of the response data, while MSE provides a quantitative measure 

of predictive accuracy by averaging the squared differences between predicted and actual values. 
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Figure 6. Machine learning flow chart. 

4. Results 

4.1. Remote Sensing Imagery 

To check the soil's ability to retain moisture, Sentinel-1 data were used for both the olive and 

alfalfa plots. An example of the distribution of median soil moisture from January 2024 to June 2024 

is shown in Figure 7a. The surface soil moisture ranges from 36% to 70% for both the olive and alfalfa 

plots. The lowest moisture values (36% - 55%) are observed in the north-western part and in the centre 

of both the olive and alfalfa plots. In addition, the Normalized Difference Moisture Index (NDMI), 

which is used to assess water content in crops with possible water stress, among others, shows values 

above 0.64 for both the olive and alfalfa plots in our study, indicating a high canopy cover and no 

water stress. The altitudinal difference (Figure 1c) seems to affect the NDMI’s distribution. An 

example of the distribution of mean NDMI from January 2024 to June 2024 for the olive grove is 

shown in Figure 7b. 

 
(a) 
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(b) 

Figure 7. Distribution of (a) soil moisture based on Sentinel-1 data for the time January – June 2024 

for both olive and alfalfa plots, (b) mean Normalized Difference Moisture Index (NDMI) of the olive 

grove based on Sentinel-2 L2A (cloud cover<= 5%) for the time January – June 2024. 

Next, we present the spatial distribution of the Green Normalized Difference Vegetation Index 

(GNDVI) of the alfalfa plot (Figure A2a, b, Appendix A) for two UAV flights on 25 January 2024 and 

22 March 2024 (Figure 8a, b) and a more general distribution of the GNDVI based on Sentinel-2 data 

for the period April to June 2024 (Figure 8c). The GNDVI index, which varies between -1 and 1, is 

related to the “greenness" or photosynthetic activity of plants and is often used to determine water 

and nitrogen uptake [53]. GNDVI values between -1 and 0 are associated with the presence of water 

or bare soil, while GNDVI values above 0 are associated with more vigorous vegetation and 

vegetation cover. The spatial distribution of the GNDVI (-0.25 – 0.7) regarding the UAV flight on 25 

January 2024 is clearly influenced by the furrows created by ploughing to plant the alfalfa (Figure 

8a). On the other hand, the spatial distribution of the GNDVI (-0.25 – 0.9) for the UAV flight on 22 

March 2024 indicates the presence of low (-0.25 – 0.33), moderate (0.34 – 0.66) and vigorous (0.67 – 

0.99) vegetation cover (Figure 8b). The presence of this GNDVI zonation (Figure 8ab) is also 

confirmed by the calculation of the mean GNDVI (0.265 – 0.375) based on Sentinel-2 data for the 

period April to June 2024 (Figure 8c). 

 
(a) 
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(b) 

 
(c) 

Figure 8. Distribution of Green Normalized Difference Vegetation Index (GNDVI) of the alfalfa plot 

(Figure A2a, b, Appendix A) for (a) and (b) two UAV flights on 25 January 2024 and 22 March 2024, 

and (c) Sentinel-2 based data for the time April to June 2024. 

4.2. Electromagnetic Mapping 

Figure 9 shows examples of the intra-plot soil zones for the olive (Figure 9a) and the alfalfa plots 

(Figure 9b, c) based on the mapping of apparent electrical conductivity (mS/m) with GEM-2 [29]. 
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(a) 

 
(b) (c) 

Figure 9. Electomagnetic response of GEM-2 corresponding to apparent conductivity (mS/m) of the 

soil for (a)  the olive grove in the wet season 2022, (b) the alfalfa plot (prior the cultivation) in the wet 

season 2022 (left) and dry season 2023 (right). 

The apparent conductivity of the soil in the olive plot measured in the 2022 wet season ranges 

from 50 mS/m to 240 mS/m (Figure 9a) exhibiting three zones, namely the low apparent conductivity 

zone (50 mS/m – 90 mS/m), the moderate apparent conductivity zone (91 mS/m – 155 mS/m) and the 

high apparent conductivity zone (151 mS/m – 240 mS/m). The plot corresponding to the alfalfa was 

also mapped in the 2022 wet season, before the alfalfa was planted. Within the plot, two main soil 

zones were identified based on the apparent conductivity of the soil, namely the low apparent 

conductivity zone (20 mS/m – 43 mS/m) and the moderate apparent conductivity zone (44 mS/m – 93 

mS/m), while the high apparent conductivity zone (94 mS/m – 120 mS/m) has a very small spatial 

extent in the north-east. The same alfalfa plot was also mapped in the 2023 dry season (Figure 9c). 

Both the spatial extent and the range of apparent conductivity values showed the same distribution 

of soil zones within the alfalfa plot (Figure 9b, c). The fact that the soil zones are stable in both the 
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wet and dry seasons confirms the robustness of the apparent conductivity mapping to define the soil 

zones with high accuracy (Figure 9b, c). 

4.3. Soil Temperature and Moisture for the Olive Grove and Alfalfa Plots 

Of the soil parameters recorded by the IRRIGOPTIMAL®  sensors, we selected the temperature 

and moisture records for this work as they are closely related to the remote sensing and geophysical 

data collected for this same area. 

Soil Temperature 

Figure 10a shows the distribution of soil temperature in the olive plot measured at different soil 

depths (10 cm, 20 cm, 30 cm, 40 cm, 50 cm, 60 cm) from the beginning of December 2023 to the end of 

May 2024. More specifically, soil temperature 1 (oC) corresponds to 10 cm, soil temperature 2 (oC) to 

20 cm and so on. As expected, the temperature variations were more pronounced at shallower depths. 

Thus, the temperatures in the olive plot at a depth of 10 cm ranged from a minimum of 8°C to a 

maximum of 24.4°C, with an average of 15°C and a fluctuation of 13.2°C. At a greater depth (60 cm), 

the average temperature was 16.7°C ranging from a minimum of 12.6°C to a maximum of 22.5°C, 

with a smaller fluctuation of 6.1°C. This indicates that temperatures remain relatively stable at greater 

soil depths. At intermediate depths, slight fluctuations were observed, possibly due to the 

heterogeneity of the soil or the distribution of plant roots. In general, temperatures show less 

fluctuation at depths greater than 40 cm. At the end of February 2024, for example, the soil 

temperature did not fall below 12°C at a depth of 60 cm, while it reached 8°C at shallower soil depths. 

These temperature fluctuations could have a significant impact on plant health, particularly by 

affecting the circulation of fluids in the root system. Figure 10b shows the comparison of soil 

temperatures for the olive and alfalfa plots up to 20 cm soil depth from the beginning of December 

2023 to 30 April 2024. The distribution of temperatures for the olive grove and alfalfa plots shows a 

similar pattern with slight deviations until 21 February 2024. After 21 February 2024, the soil 

temperature distribution of the alfalfa plot up to a depth of 20 cm tends to increase faster than the 

soil temperature distribution of the olive grove. This difference could be due to local factors such as 

shading by the olive tree canopy, the ability of the olive root system to retain moisture and the relief 

slope. 

 
(a) 
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(b) 

Figure 10. Temperature (oC) distribution a) at different soil depths (10 cm, 20 cm, 30 cm, 40 cm, 50 cm, 

60 cm) for the olive grove from the beginning of December 2023 to 30 May 2024, (b) for the olive grove 

and alfalfa plots up to 20 cm soil depth from the beginning of December 2023 to 30 April 2024. 

Soil Moisture 

Figure 11a shows the distribution of soil moisture in the olive grove, measured at different soil 

depths (10 cm, 20 cm, 30 cm, 40 cm, 50 cm, 60 cm) from the beginning of December 2023 to the end of 

May 2024. More precisely, soil moisture 1 (%) corresponds to 10 cm, soil moisture 2 (%) to 20 cm and 

so on. In general, the soil at a depth of more than 30 cm tends to keep the moisture content relatively 

stable, while the moisture at a depth of less than 30 cm is subject to strong fluctuations. In addition, 

the increase in precipitation in January 2024 to 174 mm (Figure 2b) contributed to the increase in 

moisture at all depths (Figure 10a). Figure 11b shows the comparison of soil moisture for the olive 

and alfalfa plots up to 20 cm soil depth from the beginning of December 2023 to 30 April 2024. The 

distribution of soil moisture up to 20 cm depth in the olive grove is generally more stable than the 

moisture in the alfalfa plot. 

 
(a) 
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(b) 

Figure 11. Moisture (%) distribution a) at different soil depths (10 cm, 20 cm, 30 cm, 40 cm, 50 cm, 60 

cm) for the olive grove from the beginning of December 2023 to 30 May 2024, (b) for the olive and 

alfalfa plots up to 20 cm soil depth from the beginning of December 2023 to 30 April 2024. 

4.4. Machine Learning for Predicting Soil Electrical Conductivity 

Machine learning is an emerging field with numerous potential applications in agriculture [66–

75]. The results of the model evaluation phase summarized in Table 1, which are based on the test 

set, show significant differences in model performance. As expected, the linear regression model had 

difficulty capturing the relationships between the salinity indices and the electrical conductivity (EC) 

of the soil, which is reflected in its high mean square error (MSE). The Root Mean Squared Error 

(RMSE) and Mean Absolute Error (MAE) were also remarkably high at 26.79 and 18.99, respectively, 

indicating poor predictive accuracy and significant deviation from the actual EC values. In contrast, 

both ensemble methods,Random Forest and XGBoost showcased strong and comparable 

performance. Random Forest, achieving an R2 value of 0.97, indicating an excellent ability to explain 

variability in the data set. The MSE for Random Forest was significantly lower at 27.97, with 

corresponding RMSE and MAE values of 5.28 and 3.0, respectively. These results indicate that the 

Random Forest model provides more accurate predictions with fewer errors. The XGBoost model 

also performed well, with an R2 of 0.97 and an MSE of 26.21. The RMSE and MAE values for XGBoost 

were 5.12 and 3.22, respectively, suggesting that it was also a strong predictor,as accurate as Random 

Forest. Despite the fact that Random Forest and XGboost display similar performance, we are going 

to select Random Forest as the best model, because it’s simpler and more suited to the data in this 

implementation. These results emphasize the superior performance of ensemble methods, 

particularly Random Forest, over simpler models such as linear regression for this particular case. 

The higher accuracy and lower error rates of Random Forest make it the most suitable model for 

predicting the EC value of soils based on salinity indices and thus a reliable tool for the further 

development of precision agriculture techniques. 

  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 August 2024                   doi:10.20944/preprints202408.1118.v1

https://doi.org/10.20944/preprints202408.1118.v1


 16 

 

Table 1. Evaluation of Linear Regression, Random Forest and XGBoost model, based on the test set. 

Model R2 MSE RMSE MAE MAPE 

LR 0.31 717.87 26.79 18.99 16.43 

RF 0.97 27.97 5.28 3.0 2.39 

XGB 0.97 26.21 5.12 3.22 2.48 

When analyzing the performance of the Random Forest model, the visualization of actual versus 

predicted values in Figure 12a shows that the data points are closely aligned with the perfect 

prediction line. This alignment indicates that the model predicts the target values well and deviates 

only minimally from the ideal scenario, where the predicted values correspond exactly to the actual 

values. Furthermore, the presentation of the residuals in Figure 12b complements this observation. It 

shows that the residuals —the differences between the observed and predicted values — are scattered 

around the value zero without any recognisable pattern. This random distribution of the residuals 

indicates that the errors of the model are unbiased and consistent over the entire range of predicted 

values. The plot of the distribution of the residuals in Figure 12c underlines this result by showing a 

distribution centered around zero, which is a further indication that the predictions of the model are 

reliable and the errors are normally distributed. Overall, these plots confirm that the Random Forest 

model effectively captures the underlying patterns in the data and provides robust predictive 

performance.  

 
(a) 

 
(b) (c) 

Figure 12. Visualization of the Random Forest model results, a) actual vs predicted EC values as 

depicted from the Random Forest model, b) residuals from the model, c) the distribution of the 

residuals of the model. 

After selecting the Random Forest model as the best model based on these evaluation metrics, 

we used the second partition (on 2 September 2023) for a final evaluation. This step ensures that our 
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chosen model maintains its predictive accuracy in a fully independent dataset, further confirming its 

robustness and applicability. With this rigorous methodology, we aimed to develop a reliable soil EC 

prediction model that utilises satellite-based salinity indices to modify agricultural practises with 

more efficient and scalable soil monitoring methods. 

To assess the adaptability of our model, we extended the evaluation beyond the initial training 

data. After demonstrating strong predictive capability on the training and validation datasets, the 

model was tested on new data from the following day, on 2 September 2023. This temporal test was 

performed under the assumption that soil electrical conductivity (EC) does not show significant 

fluctuations within a single day and thus provides a reliable basis for evaluating the model. The 

evaluation of the new data resulted in a mean EC error of 25.16, indicating that the predictive power 

of the model remains consistent even under slightly varying conditions. This small margin of error 

indicates that the model accurately captures the underlying relationships in the data and can be relied 

upon for practical applications. 

Further experiments were conducted to investigate the effects of feature selection on model 

performance. Using the Random Forest model, which had proven to be the best performing model 

in the first phase of testing, we systematically reduced the number of features to investigate how this 

reduction affected the predictive accuracy and efficiency of the model (Table 2). In the experiments, 

we varied the number of features, considering sets with the 27, 20, 15 and 10 most important features 

as well as a separate set with 8 features - indices that can be derived from UAV data. The original 

training dataset was used for this purpose. The results showed that the Random Forest model 

maintained a high level of accuracy with minimal performance degradation when the number of 

features was reduced from 27 to 15. Remarkably, the R² of the model remained relatively high, around 

0.97 (Table 2),  for 20 and 15 features, while the MSE increased only slightly, indicating a strong 

resilience to feature reduction. In fact, there was a slight increase in performance when reducing from 

27 to 15 features, as evidenced by the improvement in R2 and a decrease in MSE and RMSE, indicating 

that the model became more efficient without compromising accuracy. However, a significant drop 

in performance was observed when the number of features was further reduced to 10, with the R² 

dropping to 0.91 (Table 2) and the MSE increasing to 87.51 (Table 2). This trend continued for UAV-

derived features, where the R² decreased to 0.7 (Table 2) and the MSE increased to 266.6 (Table 2). 

These results emphasise the importance of feature selection and highlight that although a smaller 

subset of features can be computationally efficient, there is a trade-off in prediction accuracy, 

especially when the feature set becomes limited. 

Table 2. Results revealed by the application of Random Forest model. 

#Features R2 MSE RMSE MAE MAPE Time(s) 

27 0.9732 27.97 5.28 3.0 2.39 97 

20 0.9786 22.37 4.72 2.65 2.09 67 

15 0.9799 20.95 4.57 2.53 2.00 54 

10 0.9161 87.51 9.35 5.2 4.08 37 

Drone (8) 0.7094 266.6 16.32 9.49 7.97 31.19 

5. Discussion 

Site-specific farming systems promise to increase the efficiency of agriculture by attempting to 

optimise the AMZs that are uniform in their soil, weather and water supply patterns [8,9,21,24–29,31]. 

As an example of the temporal distribution of water patterns, we show in Figure 13 the comparison 

of watermarks (kPa) for the olive grove and alfalfa plots of the study area up to 20 cm soil depth from 

the beginning of December 2023 to 30 April 2024. A watermark value above 30 kPa means that the 
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soil is starting to dry out and the plants must therefore make more effort to extract water from the 

soil. In addition, the water requirement of the olive grove is higher than that of the alfalfa until 10 

January 2024. 

 

Figure 13. Watermark (kPa) distribution for the olive grove and alfalfa plots up to 20 cm soil depth 

from the beginning of December 2023 to 30 April 2024. 

The benefits and challenges of AMZs delineation are related to the techniques and methods used 

[76–84]. In situ and laboratory soil analyses can provide very accurate data, but they are expensive 

and time-consuming, especially when large-scale experiments are carried out, for which an RS system 

is usually available (Figures 7a, b and 8a, b, c). In contrast, geophysical methods focussing on 

agricultural fields [29,85,86], namely electromagnetic mapping in the present case (Figure 9a, b, c), 

are time-saving and provide non-destructive data [54–64]. They allow the user to collect data with 

high spatial resolution over relatively large areas. These methods are a very useful option for 

obtaining data on physical soil properties [54–64]. Finally, machine learning [87–92] is the optimal 

and cost-effective technique to make reliable predictions about selected soil properties. 

Detailed mapping of soil variability and delineation of AMZs [76–84] is even more necessary 

nowadays as climate change is present worldwide and farms need to become sustainable while 

protecting the environment. The first step in formulating a site-specific management system requires 

the subdivision of the field into AMZs that are as uniform as possible in terms of soil properties 

(Figures 8a, b, c and 9a, b, c). Managing the spatial variability of fields through the development of 

AMZs can be successfully applied to many site-specific agricultural management practises. The 

process of developing AMZs usually involves three main steps: preliminary observations, 

characterization of the spatial and temporal distribution of soil properties, and validation of the 

proposed management zones. In this work, we present a flexible and adaptable protocol for 

Mediterranean areas to delineate AMZs based on satellite remote sensing (Sentinel-1 and 2) for pre-

observation, electromagnetic mapping (GEM-2) and UAV flights to characterize the spatial and 

temporal soil structure, machine learning and targeted soil analysis for validation and real-time 

recording (IRRIGOPTIMAL®  system) of different soil parameters to determine soil and crop 

requirements. The proposed protocol can a) define temporally and spatially stable AMZs, b) promote 

targeted soil sampling for further soil analyses to accurately determine cropping practises, and c) 

define water patterns (Figures 11a, b and 13). 

6. Conclusions 

In this work, satellite-based and unmanned aerial systems together with geophysical 

prospection, machine learning and real-time monitoring of weather and soil parameters with the 

IRRIGOPTIMAL®  system for the period 2022-2024 were combined for olive and alfalfa plots to 

establish a protocol regarding the robust delineation of agricultural management zones. This protocol 
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could be important nowadays and, in the future, as it can contribute significantly to the rational use 

of cultivation inputs and the establishment of optimal irrigation systems. The ability to know the 

spatial variability of the soil within the field and the associated crop response through monitoring 

technologies and/or spatial and temporal analyses requires the correct functional use of these 

observations in terms of solving management system problems in the field. In conclusion: 

• Satellite data (Sentinel-1 and Sentinel-2) and unmanned aerial vehicle (UAV) data were used 

to calculate a) the median soil moisture, b) the Normalized Difference Moisture Index, c) the Green 

Normalized Difference Vegetation Index, d) terrain attributes and e) vegetation indices for olive and 

alfalfa plots, comprising the first crucial phase in the delineation of agricultural management zones. 

• Spatial and temporal electromagnetic scanning of the plots proved to be ideal for determining 

the distribution of the apparent conductivity of the soil to a) determine the exact boundaries of the 

soil management zones and b) define the locations for soil sampling and subsequent soil analyses. 

• Real-time monitoring of weather parameters (air temperature, dew point, solar radiation, 

vapor pressure, relative humidity, precipitation and delta T) and soil parameters (temperature, 

moisture, watermark) at different soil depths down to 60 cm ensures the rational use of inputs (water, 

pesticides, fertilizers) and the planning of optimal irrigation considering agricultural management 

zones. 

• Random Forest model of machine learning for predicting the electrical conductivity of the soil 

performs well and deviates only minimally from the ideal scenario. It shows a strong predictive 

ability in the training and validation datasets. 
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Appendix A 

  
(a) (b) 

Figure A1. MeteoroMetereological conditions in Heraklion according to stations installed by the 

Region of Crete and the Hellenic National Meteorological Service, (a) the ombrothermic diagram 
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shows the normal values of temperature and precipitation for the period 1955-2010. Two climatic 

seasons are clearly visible: a dry season with high temperatures and a wet season with low 

temperatures, (b) wind intensity and direction for the period 1955-2010. 

 
(a) 

 
(b) 

Figure A2. (a) 25 January 2024 alfalfa, orthomosaic view, 2.0cm/px, (b) 22 March 2024 orthomosaic 

view, 2.0cm/px. 

Table A1. Αverage monthly values of meteorological parameters for the study area. 

Month 

Air 

Temperature 
OC 

Dew 

Point 
OC 

VPD 

Solar 

Radiation 

w/m2 

Precipitation 

(total) 

mm 

Precipitation 

(average) 

mm 

Precipitation 

days 

December 

23 

       

14.7 9.5 0.52 96.2 53,2 1.7 11 

       

January 24 

       

12.1 6.7 0.52 88.7 174 5.6 12 
       

February 

24 

       

12.2 7.7 0.49 126.9 71 2.4 14 
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March 24 

       

13.6 7.8 0.67 181,0 38.4 1.2 12 
       

April 24 
       

16.6 8.6 1,13 248,0 1.6 0.1 4 

        

        

May 24 20.4 11.5 1,17 278.1 15.2 0.5 7 

        

min 7.6 0.9  8,0  0  

max 26.8 16.8  354.0 Total=353.4 33 Total=60 

mean 15.6 8.6  169.8 58.9 3.83  
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