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Abstract: Remote sensing is essential in precision agriculture as this approach provides
high-resolution information on the soil’s physical and chemical parameters for detailed
decision making. Globally, technologies such as remote sensing and machine learning are
increasingly being used to infer these parameters. This study evaluates soil fertility changes
and compares them with previous fertilization inputs using high-resolution multispectral
imagery and in situ measurements. A UAV-captured image was used to predict the spatial
distribution of soil parameters, generating fourteen spectral indices and a digital surface
model (DSM) from 103 soil plots across 49.83 hectares. Machine learning algorithms, in-
cluding classification and regression trees (CART) and random forest (RF), modeled the soil
parameters (N-ppm, P-ppm, K-ppm, OM%, and EC-mS/m). The RF model outperformed
others, with R? values of 72% for N, 83% for P, 87% for K, 85% for OM, and 70% for EC in
2023. Significant spatiotemporal variations were observed between 2022 and 2023, includ-
ing an increase in P (14.87 ppm) and a reduction in EC (—0.954 mS/m). High-resolution
UAV imagery combined with machine learning proved highly effective for monitoring
soil fertility. This approach, tailored to the Peruvian Andes, integrates spectral indices and
field-collected data, offering innovative tools to optimize fertilization practices, address
soil management challenges, and merge modern technology with traditional methods for
sustainable agricultural practices.

Keywords: fertility soil mapping; CART; random forest; precision agriculture

1. Introduction

Human activity is a significant factor in soil formation, influencing the composition
and properties of topsoil and ultimately shaping the process of soil formation [1,2]. Humans
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significantly accelerate processes such as deterioration, nutrient depletion, and erosion
of soil structure, compaction, acidification, alkalization, and salinization [3,4]. Assessing
soil fertility encompasses a multifaceted process reliant upon various indicators, typically
categorized into physical, chemical, and biological parameters [5]. Monitoring changes
in these indicators over time facilitates the evaluation of a soil’s fertility status and the
identification of potential limitations or imbalances, so that informed decisions can be made
regarding factors such as deterioration, nutrient depletion, and soil erosion [6].

In general, the Andean Valley highlands have been utilized for agricultural purposes
for centuries, leading to a decline in soil fertility and associated ecosystem services despite
being managed with minimal inputs that limit productivity [7,8]. Consequently, there is a
continuous demand for mineral and organic fertilizers, the application of which depends
on factors such as demand, implementation efficiency, and logistical distribution [9]. It is
necessary to adjust management practices to improve soil fertility and increase productivity.
This involves evaluating the current state and analyzing quantitative changes in the physical
and chemical components from a spatiotemporal perspective [10]; therefore, recognizing the
effects of management techniques in agriculture is crucial for making informed decisions
and ultimately striving for sustainable utilization of soil resources [11]. Given the intricate
circumstances confronting agriculture, there is an urgent need to monitor the growth and
health of crops across diverse environments and conditions [12]. Additionally, there is an
immediate requirement to produce comprehensive maps detailing the spatial arrangement
of soil attributes and their temporal fluctuations across different crop cycles within the
framework of precision agriculture.

With the rapid development of spatial techniques in smart agriculture and cloud-
based remote sensing [13], implementing a dynamic workflow to produce maps of topsoil
fertility changes has become feasible; these maps are now indispensable for farmers and
operators, allowing precise optimization of fertilization practices [14]. This optimization
not only maximizes crop yields but also significantly improves profitability in agricultural
operations by reducing resource waste and increasing efficiency in the use of inputs such
as fertilizers and water [15]. This combination of precision and efficiency translates into
smarter and more profitable agricultural resource management, providing economic and
environmental benefits to beneficiaries.

In the field of precision agriculture, numerous studies have been conducted to inves-
tigate the spatial variability in various soil parameters using unmanned aerial vehicles
(UAVs) [16-18]. These UAVs are frequently employed to obtain spectral data to estimate a
wide range of parameters in different crops, such as biomass [19-21] and organic matter [22],
predict crop yields [23,24], and assess water stress [25] and soil fertility [26]. Addition-
ally, the generation of digital surface models (DSM) from UAV-collected data enables the
creation of detailed representations of terrain and vegetation surfaces [18].

UAVs have emerged as key tools in agricultural monitoring and management, primar-
ily due to their capability to calculate spectral indices such as the normalized difference
vegetation index (NDVI), the soil-adjusted vegetation index (SAVI), and the enhanced
vegetation index (EVI), among others [27]. These indices, essential for assessing soil and
plant health and vigor, are based on the reflectance of vegetation in various electromagnetic
spectrum regions, including the near-infrared and red wavelengths [28]. This enables the
identification of stress patterns, nutrient deficiencies, and photosynthetic variability in
crops [29]. Notably, SAVI adjusts for soil influence in areas with low vegetation cover,
providing more accurate estimations in high-biomass terrains and supporting informed
agricultural decision-making [30].

Additionally, multispectral imagery captured by UAVs delivers high-resolution and
precise data while optimizing time and costs compared to conventional methods [31].
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These features establish UAVs as essential tools in implementing sustainable agricultural
practices and improving the management of agricultural resources [32].

Although UAVs have proven to be flexible and efficient tools in agricultural studies,
they still face significant challenges in integrating spatial and temporal data for longitudinal
investigations of soil fertility. Recent studies have highlighted the use of multispectral
images obtained via UAVs to accurately map soil organic matter, a key indicator of fertility,
using advanced machine learning (ML = algorithms [33-35].

Moreover, both multispectral and hyperspectral images have demonstrated their effec-
tiveness in mapping macronutrients such as nitrogen [36], offering practical, reliable, and
accessible alternatives. Furthermore, the incorporation of ML algorithms has proven valuable
for predicting and analyzing the spatial and temporal variability in soil fertility [37-39]. How-
ever, methodological limitations persist, along with the need to standardize approaches for a
comprehensive evaluation of spatial and temporal effects on soil fertility parameters.

In Peru, traditional agriculture in the valleys do not have adequate fertilization man-
agement; in order to improve yields, it is usual to use a constant formula, resulting in over
or under fertilization [40].

The use of topographic data and spectral indices, in combination with soil property
data across different seasons, allows a better understanding of nutrient extraction and soil
vegetation turnover to optimize management practices according to the specific spatial
variation [41]. By using UAV technology;, it is possible to build soil properties maps at high
spatial resolution [42], to detect changes in soil fertility in consecutive crop seasons and
guide fertilization inputs.

In this context, the goal of the study is to detect changes in fertility-related soil proper-
ties in order to compare these variations with the fertilizer inputs for electrical conductivity
(EC) (mS/m), nitrogen (N) (%), phosphorus (P) (ppm), potassium (K) (ppm), and organic
matter (OM) (%). It is expected that these results will enable the appropriate decisions to
be made regarding the management of soil fertility.

2. Materials and Methods
2.1. Study Area

Soil data collection was carried out at the Santa Ana Agrarian Experimental Center
(hereafter Santa Ana) of the National Institute of Agrarian Innovation (INIA) (75°13/17.60” W,
12°0'42.36" S) (Figure 1), located within agricultural lands in the Mantaro Valley of the central
highlands of Peru. Santa Ana has an altitudinal gradient range from 3303 to 3325 m.a.s.L.
The plain landscape of the mountain valley dominates the physiography. With 477 mm of
precipitation annually, the climate is defined by dry spells from May to August, transitional
seasons from April to October, and rainy spells from November to March. With the lowest
temperatures occurring between May and August and frost episodes occurring between July
and August, the average temperature ranges from 3.90 to 20.2 °C [43,44]. With flood irrigation
canals, the agricultural fields span 49.83 of the 67.08 ha that are divided among 30 parcels.
October through May is when the seeding season takes place.

2.2. Methodological Framework

The whole methodological framework used in this investigation is depicted in Figure 2,
which also offers a summary of the integrative and sequential procedures that were applied.
The framework is elaborated upon in the following six methodological subsections.
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Figure 1. Location of the study area, Santa Ana (Peru).
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Figure 2. Representation of the methodology employed in this investigation.

2.3. Field Sampling of Chemical and Physical Soil Parameters

Composite samples were collected using five subsamples around a central point of
each parcel, at a depth of 30 cm, and were georeferenced using a D-RTK 2-DJI GNSS
GPS (DJI, Shenzhen, China). In October 2022, 46 samples were obtained as part of the
investigation by Pizarro et al. [13] and 103 in September 2023 (Figure 2).

The increase in samples was due to a refinement of the sampling strategy to improve
the spatial representativeness and statistical robustness of our results.
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Because the calculation of the quality measures and their precision is basic and pro-
vides estimates that are somewhat accurate, this approach is easy to execute. The standard
error of the projected quality measurements can be quantified without making any assump-
tions [45]. The Santa Ana “Laboratorio de Suelos, Aguas y Foliares” (LABSAF) conducted
the physicochemical investigations to ascertain the soil’s EC, N, P, K, and OM. The materials
underwent disaggregation, homogenization, and sieving (2 mm) after being dried at room
temperature (15-30 °C). EC was calculated using the ISO 11265:1994/Cor 1 method [46],
while the Mexican Official Standard [47] was used to measure OM, total nitrogen, and K.

2.4. Flight Planning and Image Acquisition Data

Table 1 presents the time and amount of aerial imagery acquired during the period
of analysis. A total of 06 flights were planned to build soil maps for each year. The flights
were executed at noon to minimize shadows and ensure high radiometric quality of the
images captured by the multispectral sensor. To ensure data accuracy, a sensor calibration
was performed before and after each flight.

Table 1. Flight plan and acquisition of photogrammetric images.

ID Flight Date Flight Extension (ha) Flight Height (m) Images Acquired
01 12 August 2022 137.3430 150 8355
02 28 August 2022 123.9733 150 5365
03 14 September 2022 126.6630 150 4972
04 15 August 2023 161.9183 150 1715
05 27 August 2023 165.9676 150 1845
06 8 September 2023 166.8823 150 1840

2.5. Soil Fertility Parameters Classification

To carry out the classification and interpretation of soil parameters, we used (Table 2)
the thresholds provided according to the Mexican Official Standard [47] and the guide for
the interpretation of soil and water analysis [48]. These data encompassed various key
parameters, such as OM, EC, total nitrogen content, available phosphorus, and potassium.
A detailed classification has been established for these parameters using a standardized
scale, which allows for precise interpretation of the results and facilitates meaningful
comparisons across different geographical areas, time series, and agricultural contexts.
Therefore, adopting it ensures that interpretations and comparisons adhere to the study
area’s specific conditions.

Table 2. Soil parameter interpretation scale.

Parameter Range
Very Low Low Medium High Very High
Total nitrogen (N) (ppm) <0.10 0.10-0.20 0.20-0.40 0.40-0.60 >0.60
Phosphorus (P) (ppm) <55 5.5-11 >11
Potassium (K) (ppm) <120 120-240 240480 >480
Electrical conductivity (EC) (mSm~1) <2.0 2.0-4.0 4.0-8.0 8.0-16.0 >0.16
Organic matter (OM) (%) <0.5 0.6-1.5 1.6-3.5 3.6-6.0 >6.0

Note: adapted classification [47,48] regarding soil parameter evaluation ranges.

2.6. Fertility Input Addition Information Survey

The inputs added to the study area (Figure 2) during the 2022-2023 agricultural
cycle were fundamental to understanding the percentage variations observed through
multispectral image analysis. Based on the results obtained from a survey conducted
among the representatives and decision-makers of the 30 agricultural plots that make up
Santa Ana, these variations were compared, validated, and discussed.



AgriEngineering 2025, 7, 70

60of 18

The survey was conducted in January and February 2024. It included questions about
the use and application of organic and inorganic fertilizers such as nitrogen, phosphorus,
potassium, and organic matter to the soils of the plots, the prioritized crop, and the
quantities (bags or kilograms) of these inputs used. In total, 30 surveys were completed,
which allowed for the collection of detailed information about the inputs used to prepare
the crop fields. Notably, some inputs are chemical compounds, so a separation of the
components was performed using the molar mass of the compound and calculating the
mass fraction of each element. This procedure was applied to diammonium phosphate and
potassium chloride (the most used and representative compounds) to record the quantities
of kilograms applied and standardize the units in the elements.

2.7. Gathering and Analyzing Multispectral Images

A DJI Matrice 300 RTK UAV (DJI, Shenzhen, China) equipped with a multispectral cam-
era (MicaSense, Inc., Seattle, WA, USA) has 3.2 megapixels of resolution (2064 x 1544 pixels)
and five spectral bands (blue (475 &+ 20 nm), green (560 £ 20 nm), red (668 £ 10 nm), NIR
(840 £ 40 nm), and RE (717 £ 10 nm). The specifics of the UAV, camera, and flight plan are
displayed in Figure 3.

' (@)

iAoncroA v

80-560Z02Z-90dY

Figure 3. (a) Micasense Red Edge P camera, (b) CRP Panel, (c) Matrice 300 UAV integrated with
multispectral sensor serving as the imaging platform used in this study, (d) flight plan for the study
image, (e) DJI RTK V2 GNSS for marking soil plots, and (f) GCP.

The flight plan was executed roughly at noon local time, at a height above the ground
of 150 m. The photos were taken every 2.0 s with 75% front and side overlap. Finally,
these photos were stored in 16-bit.tiff format and calibrated using sun irradiance data and
calibration reflectance panel to obtain reflectance values.

Pix4D Pro Mapper (Prilly, Switzerland) was used for the photogrammetric processing.
The starting parameters are dependable for building the ortho-mosaic, as seen by the small
(0.42%) relative variations between the original and optimized internal values. To increase
the topographic accuracy of the point cloud and reflectance bands, we gathered 34 ground
control points using a D-RTK 2-DJI GNSS GPS (horizontal: 1 cm + 1 ppm (RMS); vertical:
2 cm + 1 ppm (RMS). We then incorporated these points into the processing flow, resulting
in a final ground surface distance (GSD) of 15.00 cm. Using triangulation, a digital surface
model (DSM) was created from the point cloud at the same resolution as the reflectance
map. It was then converted into a raster and exported in.tiff format.
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2.8. Model Development and Statistical Analysis for Variable Extraction

Based on earlier research, we created a collection of 14 spectral indices that are frequently
utilized in vegetation and soil studies in order to create the spatial soil parameters distribution
models [13]. These indices consist of soil, water, and vegetation indexes. The reflectance
values of each pixel were transformed into an observation replica that contrasted with the
concentration value of the soil parameter of interest at each sampled site, which was a circular
buffer with a diameter of 0.5 m. In order to forecast the soil’s fertility qualities, spectral indices
that were chosen based on earlier research [13,49,50] were computed using various reflectance
combinations and assembled as predictors alongside the pure spectral bands.

2.9. Spatial Analysis

The entire set of soil sample data was randomly split into training data (70%) and
validation data (30%), and it was connected by coordinates with the predictor dataset
(spectral bands, spectral indices, and DSM). In order to forecast fertility soil attributes,
a number of models were created utilizing logic-based algorithms that are accessible
on the GEE platform [50] and applied selectively to four dataset stacks: spectral bands,
spectral bands + DSM, spectral indices, and spectral indices + DSM. Random forest (RF)
and classification and regression trees (CART) were the ML regression techniques used.
The versatile CART algorithm is effective for classification or regression analysis [51]. It
organizes data into binary partitions via decision trees, mitigating data noise and handling
missing or abnormal data. However, its stability is limited, making it a foundational model
for more complex models like RF, which improves classification accuracy by aggregating
predictions from independently built decision trees, making no assumptions about data
distribution, handles discrete and continuous variables simultaneously and has robust
nonlinear data extraction and generalization capabilities [52].

For random forest, we defined the number of decision trees generated as 100, leaving
the other parameters default as in the other classifiers. Furthermore, a total of 120 models
were built using a combination of predictors and input data. The models developed in
GEE were assessed using accuracy metrics like R?, root mean square error (RMSE), and
mean absolute error (MAE). These metrics helped us identify the combination of predictors
that most effectively predicted soil fertility properties. For N, OM, and EC, we used CART,
and spectral indices as predictors. The stack of spectral indices and DSM were optimal for
predicting K and P through the RF model. These predictive models were used to create
maps of soil properties in the study area.

Finally, to evaluate the evolution of agricultural soil properties, a percentage variation
analysis was conducted. The annual percentage variation was calculated by determining
the difference between the values of both periods and dividing this result by the value
of the first year. These results, at the raster level, were represented on a final variation
map. This analysis made it possible to identify the soil parameters that showed the greatest
changes over time and to understand trends in soil quality.

3. Results
3.1. Descriptive Statistics and Change Detection of Soil Parameters

The descriptive statistics of the soil parameters for 2022 [13], and 2023, based on
46 and 103 samples respectively, are presented in Table 3. In 2023, the average concentration
of all parameters, except EC (electrical conductivity), increased, as did their range of
variation. The range of OM (organic matter) concentration in 2022 (2.295%) was somewhat
narrower, with lower average values compared to 2023 (2.349%). Additionally, the mini-
mum value of all parameters increased in 2023, while the maximum value decreased for
OM and EC.
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Table 3. Descriptive statistics and variation in soil parameter values between 2022 and 2023.
Mean Maximum Minimum Standard Deviation Change (%)
Parameter

2022 2023 2022 2023 2022 2023 2022 2023 Mean

N (ppm) 0.115 0.12 0.229 1.19 0.074 0.04 0.02 0.076 0.002

P (ppm) 30.121 44987 57.881 192.61 7.761 6.619 7.473 22.091 —0.538

K (ppm) 109.342 100.409 335.42 292.7 57.88 5.4 41171 48.974 0.998

OM (%) 2.295 2.349 4.57 7.99 1.48 0.7 0.403 1.54 0.992
EC (mS/m) 3.786 2.832 9.37 6.8 1.58 14 1.553 0.693 0.14

Note: min = the minimum values of the pixels assigned by the best modeling with respect to the soil parameters
evaluated for each year; max = the maximum values of the pixels assigned by the best modeling with respect to
the soil parameters evaluated for each year. The variation refers to the percentage difference, obtained by dividing
the difference between the values of both years by the value of the first year.

A particular case is potassium (K), which presents a high standard deviation, in-
dicating a great heterogeneity in the sampled values. This high variability is probably
attributable to irregular fertilization, resulting in marked differences in potassium con-
centrations between samples. Similarly, phosphorus (P) exhibits wide dispersion in the
data. This variability is associated with differences in the retention capacities and availabil-
ity of phosphorus between the different areas, which are influenced by the textural and
compositional heterogeneity of the soil.

The data presented in Table 3 show the quantification of the N content in the soil,
an essential nutrient for plant development, measured in ppm. During 2022, the average
concentrations recorded were 0.115 ppm. However, in 2023 a higher concentration range
was observed, with an average of 0.120 ppm. It should be noted that the average level of N
increased considerably compared to the previous year, reflecting an average increase of
0.002%. On the other hand, total P concentrations in the soil experienced a considerable
increase between the two years by an average of —0.538%. Regarding K, a key macronutri-
ent in plant metabolism, a downward trend was observed in the maximum and minimum
values between both years.

Unlike the previous parameters, there was a reduction in both the maximum and
minimum values of potassium in the year 2023, with a decrease of 0.146 times for the
maximum values and 0.906 times for the minimum values compared to 2022, noting a
percentage variation of 0.998. For the OM parameter, measured as a percentage, which
influences the physical, chemical, and biological parameters of the soil, the minimum
values were 1.480% in 2022 and 0.700% in 2023, while the maximum values were 4.570% in
2022 and 7.999% in 2023, presenting reduced variations and an average variation of 0.992%
between both years.

Finally, the EC measured in dS/m showed a minimum value of 1580 dS/m, a max-
imum of 9370 dS/m, and an average of 3786 dS/m in 2022, while in 2023, the values
were 1400 dS/m for the minimum, 6800 dS/m for the maximum. This parameter pre-
sented a slight reduction in its maximum value, with a decrease of at least 0.377 times,
varying by 0.140 percent. The analyzed parameters are key indicators of soil fertility and
quality, whose spatiotemporal variability can influence crop yields and require specific
management practices.

Table 4 shows the metrics that were used to evaluate the accuracy of the prediction
models. It was observed that, for 2023, the values of R-squared N, P, K, OM and CE are
explained by 71%, 81%, 65%, 70% and 73% for the CART model and 72%, 83%, 87%, 85%
and 70% for the RF model, respectively, of data variability, indicating a good fit of the
model. Likewise, for 2022 the values explain a good fit of the model, with ranges between
82%, 83%, 55%, 81% and 89% for the CART model and 82%, 89%, 71%, 82% and 87% for RF,
respectively. On the other hand, the square root of the mean RMSE errors in 2023 explains
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a low error magnitude for nitrogen (N) (0.20), OM (0.56), EC (0.48), and considerably larger
for P (3.25) and K (2.91).

Table 4. Performance of the predicted physical-chemical parameter models.

Soil Property N P K oM EC
Model CART RF CART CART CART

R-squared 0.82 0.89 0.55 0.81 0.89

2022 RMSE 0.01 3.68 27.70 0.20 0.51

MAE 5.36 1.20 0.00 0.05 0.03

R-squared 0.71 0.83 0.65 0.70 0.73

Training 2023 RMSE 0.20 5.65 15.41 0.56 0.48
MAE 4.28 0.97 0.03 0.01 0.08

R-squared 0.63 0.64 0.58 0.68 0.64

2022-2023 RMSE 0.02 17.47 29.74 0.43 0.64

MAE 0.01 10.69 18.62 0.29 042

R-squared 0.84 0.89 0.72 0.84 0.86

2022 RMSE 0.01 3.71 28.49 0.22 0.53

MAE 6.18 1.17 0.00 0.04 0.03

R-squared 0.77 0.88 0.65 0.79 0.74

Testing 2023 RMSE 0.07 221 23.17 0.12 0.44
MAE 4.20 0.97 0.13 0.08 0.07

R-squared 0.53 0.58 0.59 0.56 0.54

2022-2023 RMSE 0.03 18.86 33.30 0.57 0.80

MAE 0.02 11.84 21.16 0.37 0.55

Note: N = total nitrogen; P = phosphorus; K =potassium; OM = organic matter; EC = electrical conductivity;
RF = random forest; CART = classification and regression trees; RMSE = root mean square Error; and
MAE = mean absolute error.

Therefore, the model would be quite accurate for N, OM and EC. While for 2022, the
RMSE shows a low squared error in N (0.01) and OM (0.20) and considerably higher in K
(27.70). Additionally, regarding the MAE values, they indicate that the errors in N, P, K,
OM and EC are 4.28, 0.25, 0.03, 0.01 and 0.08 for 2023, and for 2022, they are 5.36, 0.40, 0.001,
0.05 and 0.03, respectively. This indicates that, on average, the model predictions in N, OM
and EC are very close to the observed values. Finally, the combination of the two datasets
resulted in the lowest accuracy metrics for both the training and test partitions. For this
reason, we decided to use the individual datasets for 2022 and 2023 separately, as they
demonstrated better performance metrics.

3.2. Information on Fertility Inputs

Figure 4 presents a detailed pie chart illustrating the specific input of fertilizers ap-
plied on each parcel at the Santa Ana Center during 2023. This information provides a
comprehensive overview of the fertilization strategy implemented, including the nutrients
supplied, the applied doses, the types of fertilizers used, and the timing of application. It
also shows the doses of N, P, K, and OM applied to each plot.

It is worth noting that fertilizer doses vary according to the crop and its developmental
stage. For example, plots with corn, potatoes, pastures, and forages received higher doses
of nitrogen in the form of urea during fruit or tuber development, a critical period for
nutrient absorption and biomass generation.

Carefully selected fertilizers were used based on the specific requirements of each crop
and soil characteristics. Among the most used compounds are diammonium phosphate
(source of N and P), potassium chloride (source of K), and urea (source of N). The applica-
tion was carried out in kg/ha, following recommendations from specialists with extensive
experience in fertilization management.



AgriEngineering 2025, 7, 70

10 of 18

T 149.00 6225 25.06

2 3100 43100 19922 70.29

3 100 22500 12452 20.08

4 + 4325 3735 2259

5 - 13200 17432 7029 Kg/ha

6 - 14425 12452 3264 B Nitrogen- N

7 - 12800 149.42 40.17 Potasaini

BB & 11800  99.61 8033 W ‘Picephionas=P

9 + 13200 19922 70.29 -

10 < 82.00 99.61 40.17 Boiitidades

11 + 18.00 2450 20.08 [ __} Agricultural plot
12+ 73.00 226 30.13

13 = 73.00 6226 30.13

) 73.00 6226 30.13

15+ 110.00 + 2008

16 * *

17 B B * B

18 < 13000 87.16 5523 g S

19 1000 - - = SN\ =
20 < 82.00 6226 40.17 L N P T \
21 * * * £ \,://2,' \\‘ e
32 - 50.00 7471 3013 \ 3/\\» ///
23+ 20.50 2490 10.04 g

24+ 7.20 1245 8.03 e

25 500 11900 7471 3013

:6 Kl * < *

:',‘ * * -« *

28 ~ 63.50 6226 45.19 0.2km

29 =+ 55.00 + 1004

30 + 55.00 + 1004

(") Agricultural plot at rest

|+ Mot tertilized

Figure 4. Survey regarding the addition of fertilizers (kg/ha) for the period 2023.

Recognizing the critical role of organic matter in soil fertility and health, this study
incorporated organic material from various sources, including composted waste from
camelids, sheep, cows, and guinea pigs. The selection of these materials was based on
their local availability and their potential to improve the physical, chemical and biological
parameters of the soil. It is important to note that plots 16, 17, 21, 26 and 27 did not receive
any fertilization during the year 2023 because they were in a resting phase as part of a crop
rotation system. This practice allows for the restoration of soil fertility, reduction in pest
and disease incidence, and diversification of agricultural production.

Figure 4 offers a valuable graphical representation of the fertilization strategy imple-
mented at the Santa Ana Station during the year 2023, showing in the summary table the
total quantities of compounds and elements supplied specifically, reaching 144.25 kg /ha of
nitrogen on the 06 plot and as low as 7.20 kg /ha on the 24 plot. The detailed information of the
nutrients supplied, applied doses, types of fertilizers used, and timing of application provides
fundamental insights for evaluating the efficiency of fertilization and its impact on crop yield.
Furthermore, the incorporation of organic matter and the implementation of crop rotation
demonstrate a comprehensive and sustainable agronomic approach to soil management.

3.3. Spatial Model of Nutrient Addition to Agricultural Soils

A comprehensive analysis of the soil fertility over two years is presented in Figure 5
through the creation and comparison of five thematic maps of fertility parameters. The
first five maps in the first column correspond to the year 2022, which can also be found
in the study by Pizarro et al. [13]. These maps show the spatial distribution of essential
nutrients such as N, K, P, and OM, as well as EC, which are related to necessary parameters.
These maps provide a detailed view of the heterogeneity of soil fertility in the study area,
highlighting the concentrations of each analyzed element. Additionally, these data can be
examined in greater detail in Table 1, facilitating a deeper understanding of the distribution
and variability of these parameters.



AgriEngineering 2025, 7,70 110f18

<*> Year one Year two Percentage Change %
Nirogen (N) | Y“'m \
Epin 0.10 : ,“ g wz "‘Qjﬁ; Joss %E (@)
010-020 .0 1w P mad
0.20 - 0.40 |
: 21)9600.60?? g’ i 00 01 p(')):' 03 04 ‘ !;e I -4.057 !!
SRV el o i g

! v
otie ol \
uz

0.0 f \
B 22 ﬁ n . “
" 2023 A ‘-ﬁ;.‘;\ '0.817 -
T ‘

ppm i (b)
0.02
=< 5.50 ne : 7,
= 5.50 - 11.00 gﬁ B 0 10 150 5E | !‘
> 11.00 _,%;:za;* ppm ) ?’% -9.4803

SRS N ISP CWREREN

<0 o2 e paitinE g
TR A
'

' 0.999

= 3
i\

Potassium (K)

ppm s‘ (c)
=< 120 | |

120 - 240
=240 - 480

“> 480

| 1
|0.979 ‘e‘
“\." il N
Yy 8
W

Organic Material .
(OM)% ; ‘1)‘
=< 0.50 -
~0.60-150 @% 0s
160-350

= 3.60 - 6.00 " i% obooo 25 50 7 1

= > 6.00 :%

wetBLE 0w
Sy B

W~

Electric

Conductivity “ o o ‘
(EC) mS/m o m I = W (e)
m<=20 “- 0.00 - .‘

.= - W s el

' 2.905
10

-= (d)
Sa
A!g'" o O

I -4.405

>

= 2.0-4.0 0 25 50 75
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In 2023, five additional maps were submitted, revealing temporal changes in the
concentrations of nutrients and key soil parameters in the Santa Ana plots. These maps were
generated by extracting a larger number of soil samples from diverse areas, creating more
robust and complex models. The temporal comparison between the 2022 and 2023 maps
allows a detailed assessment of soil nutrient dynamics and the identification of notable
patterns of change. Variations in concentrations are observed to be mainly influenced by
anthropogenic activities, such as the use of fertilizers, which is corroborated by surveys on
the addition of different types to each plot (Figure 4). The percentage change refers to the
difference between the pixels generated for each year, divided by the value of the first year.

For P, a reduction is noted in 2023, with most pixels concentrated between 5.50 and
11 ppm. Organic matter shows little notable variation, decreasing on average from a range
of 2.5% in 2022, to more spaced values of 0.50 to 6% in 2023, due to the addition of compost
in some lots (Figure 4). Regarding N, changes are also observed in plots 03, 04, 24, 29 with
variations from 0.10 ppm in 2022 to 0.20-0.40 ppm in 2023, but with greater dispersion. This
was anticipated due to low seasonal fertilization with urea to promote growth in pastures
and forage crops. The variation in K is almost uniform in 2023, with all plots approaching
their average of 120-240 ppm, compared to peaks higher than 480 ppm in 2022.

Finally, five percentage variation maps comparing 2022 and 2023 are included, along
with histograms that visualize the distribution of values and trends in soil fertility variability.
The latter shows a negative variation in 2023 for most of the studied plots. This integrated
approach provides a comprehensive understanding of the dynamics of soil fertility, serving
as a basis for decision-making in agricultural resource management.

4. Discussion

UAV-based fertility monitoring in areas where agriculture needs sustainable intensi-
fication to meet global food demands will assist in efficient water and soil management,
integrated with crop practices for enhanced productivity to reduce environmental im-
pacts [53]. This study illustrates that it is feasible to monitor soil fertility-related properties
through UAV multispectral imagery, alongside platforms like GEE and machine learning
models such as RF and CART.

The values estimated for the soil properties show noticeable changes in the soil fertility
for the period from 2022 to 2023, for N, K, and P, while variations in soil EC and OM
were less pronounced. These changes can be attributed to a variety of factors affecting the
chemical properties of the soil and their spatial distribution, including soil management
practices such as crop type, fertilization, and irrigation [54,55].

The range of N concentrations varied between years, reflecting the typical variability in
agricultural environments and highlighting the complexity of the biogeochemical nitrogen
cycle in these ecosystems [56]. This variability is influenced by various factors, such as
agricultural practices and soil biological activity [57]. The decrease in N concentration
suggests the loss of soil nutrients that should be replaced to avoid negatively impacting
crop health and soil quality [58] In the case of K, most plots showed a reduction in con-
centration, attributed to its extraction during harvesting [59,60], which could affect soil
productivity if not properly compensated [61]. On the other hand, P concentrations showed
no significant changes between the two years, remaining within the range of 120-240 ppm,
which is considered optimal or high for agricultural soils [62]. OM content showed minor
fluctuations, with a notable increase in some plots. This increase is due to the incorporation
of large amounts of manure from alpacas, sheep, and guinea pigs managed in Santa Ana
as part of strategies to improve soil health and agricultural productivity [61], within a
circular economy approach [63]. Regarding EC, a slight decrease was observed, indicating
a reduction in soil salinity. This could benefit agricultural production by improving water
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and nutrient absorption, as well as helping to maintain a balanced pH, which is essential
for efficient nutrient translocation in the soil [64].

The interannual variability in soil fertility properties and their spatial distribution
represent a significant challenge for the accuracy of the developed predictive models.
While machine learning models can be adjusted to specific datasets and generate precise
predictions, combining data from different sources and periods increases the dispersion of
predictor variables and the range of responses. This introduces greater variability into the
modeling process, which may compromise model accuracy [65,66].

This phenomenon is related to transfer learning, which seeks to improve a model’s
predictive capability in a target domain by utilizing information from a source domain,
but its effectiveness depends on the similarity between both domains [67], including
considerable variations in the accuracy [68].

Our results showed that, for 2022, in most parameters (N, P, OM, and EC), the CART and
random forest models performed slightly better compared to 2023, with R-squared values
ranging from 55% to 89% for CART and from 70% to 89% for RE For N, P, OM, EC, the obtained
metric values for both RF and CART demonstrated good fit, considering that models with the
highest R-squared values, and RMSE and MAE values closest to zero, are deemed the best for
predicting soil properties [69]. These findings align with previous studies reporting similar
values when using RF for soil property prediction [70], outperforming other models such
as XGBoost, PLSR, and SVRM, whose results showed lower predictive performance [37,71],
suggesting that these models exhibit greater variability in prediction errors.

Various studies have focused on identifying the most efficient models for estimating
soil fertility. For example, RF combines multiple decision trees to predict soil nutrients [72],
while XGBoost, an optimized decision tree algorithm, has proven efficient in evaluating
total nitrogen content [73]. In the case of K, the CART model showed a lower explanatory
capacity for variability compared to RF, similar to another report [74]. Regarding soil
spectroscopy, studies indicate that partial least squares regression (PLSR) [71] and support
vector regression machine (SVRM) [74] are the most intuitive models. In this study, RF
and CART efficiently managed the complexity of multispectral data based on fertility
parameters, making these results robust and accurate.

Additionally, in proximal spectrometry like multispectral microsensors mounted on
UAVs, reflectance measurements are highly sensitive to factors such as illumination and
observation geometry, which can cause variations in the captured radiance [75], including
soil roughness variability and crop residues. Even with the use of calibration panels used
commonly to correct these effects, their adjustments are approximate and do not ensure
complete reflectance correction [76], making the integration of multiple multispectral photo
sources complicated, given the variations in reflectance corrections.

Therefore, it is necessary to develop more robust methods to reduce the influence of
these variations in spectral measurements [77], and use harmonization techniques in the
same way that they are used to merge multisource satellite imagery, knowing that systematic
sampling for small-scale variability is time-consuming and costly, and that field evaluations
are necessary for reducing uncertainty and enhancing predictive model accuracy.

The findings underscore the importance of continuously monitoring the concentrations
of nitrogen, potassium, phosphorus, and other key parameters in agricultural systems.
Various factors, such as crop absorption, human activities, and agricultural management
practices, including the use of agrochemicals and fertilizers, influence variations in these
nutrients. These results highlight the need to implement sustainable agricultural practices
that reduce nutrient loss and promote a healthy balance in soil biogeochemical cycles, a
concept supported in the work of [78].
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The incorporation of new technologies in agriculture is emerging as a solution to
challenges in agricultural production. One of the remote sensing tools increasingly used
in various studies for soil fertility prediction is satellite imagery from platforms such
as ZH-1 or Sentinel-2 [73], which enables the monitoring of large areas. Additionally,
other techniques, such as Vis—-NIR reflectance spectroscopy, facilitate rapid soil parameter
evaluation [74]; however, they require specialized and costly equipment. In this study,
unmanned aerial vehicles (UAVs) were used to predict soil nutrient variability during the
period 2022-2023. These UAVs are characterized by providing high-quality, high-resolution
images of small agricultural areas [79,80], such as Santa Ana, which consists of small plots.
Furthermore, integration was performed with platforms such as Google Earth Engine
(GEE) and machine learning models, including random forest (RF) and classification and
regression trees (CART), to predict soil properties. The predictive model performance was
similar to that reported in similar studies [81-83].

This study validates a workflow that integrates machine learning and field data within
a cloud computing environment to map soil properties across multiple seasons, based on
the reflectance of bare soil composites of agricultural plots. A key finding is that models
developed in different years, despite showing high accuracy when trained and validated
independently, are not interchangeable due to interannual variations in soil conditions [84].
This highlights the importance of year-specific modeling for achieving accurate predictions.
Nevertheless, this approach enables effective interannual monitoring of soil fertility.

Additionally, before conducting field data collection via photogrammetry, it is crucial
to establish control points in the study area to ensure data accuracy. It is recommended to
conduct UAV flights between 10:00 a.m. and 3:00 p.m. to minimize the impact of shadows
in images, which could distort reflectance values and affect analysis quality.

Finally, traditional soil analysis methods remain fundamental, as they provide essential
reference data for validating and calibrating ML-based models. In particular, studies
have demonstrated that visible and near-infrared (Vis—-NIR) spectroscopy combined with
machine learning techniques can improve the prediction of soil properties such as cation
exchange capacity. However, it is still necessary to validate these models with conventional
analyses to ensure their reliability [84].

5. Conclusions

The present study demonstrates that monitoring soil fertility parameters using multi-
spectral imagery obtained with UAVs, in combination with machine learning algorithms
such as CART and random forest, constitute a robust and efficient methodology for
evaluating soil fertility properties. The results highlight the ability of this approach to
identify significant changes in fertility parameters, including concentrations of phospho-
rus (—0.538 ppm), nitrogen (0.002 ppm), potassium (0.998 ppm), electrical conductivity
(0.992 mS/m), and organic matter (0.140%) during the 2022-2023 period.

UAVs equipped with multispectral sensors have become essential tools in preci-
sion agriculture due to their ability to generate high-resolution spectral indices, enabling
real-time monitoring of soil properties. This technology facilitates the early detection of
deficiencies of nutrients in soil and the implementation of adaptive management plans
aimed at optimizing productivity. However, the study also highlights certain limitations,
such as the need to standardize analytical methods and reflectance correction improvement
to model the spatial distribution of soil properties. The integration of additional data
sources, such as satellite imagery and ground-based sensors, along with the extension of
the monitoring period and the inclusion of a greater diversity of soil parameters, could
deepen the understanding of soil dynamics and significantly enhance the accuracy of
predictive models.
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The integration of UAVs and machine learning represents a significant advancement in
soil fertility monitoring, contributing to the development of more efficient, sustainable, and
resilient agriculture. Future research should focus on reflectance harmonization techniques,
optimizing the models used and incorporating emerging technologies for continuous
monitoring of changes in soil properties, to expand the scope and applicability of these
systems in diverse agricultural contexts.
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