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Annotation. This article explores the use of artificial intelligence (Al) technologies for
analyzing soil humus and nutrient content (mobile forms of phosphorus and potassium) using
machine learning models and remote sensing data. Four datasets, combining archive and
recent data with spectral indices, were used to evaluate model performance. The Ridge Classifier
and Logistic Regression achieved the highest accuracy (75.0%) for humus prediction, while
Random Forest proved most effective for phosphorus (66.7%) and potassium (54.7%). Results
show that Al models, particularly when incorporating both historical and recent data, provide
accurate and scalable solutions for soil analysis, offering significant potential for precision
agriculture and sustainable land management.
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AHHOTaUMS. YWbOy Makonaga CyHbUMM uHTennekTt (CW) TexHonoruanapugad domnoana-
HWO, TYMpOoKOary ryMyc Ba 03yKa Moadanapu (xapakaTdaH wakngarn ¢ocdop Ba Kanmm) MUKOO-
PUHW TaxWa KWW ypraHunrad. MawwvHa ypraHvw mMoaenfnapu Ba MacodagaH 3oHAanalw
Mab/yMOTNapU KyNnaHWamMb, apxmB MablyMOT1apy Ba 6eBOCUTa AHIMM YpraHuUNraH MablyMoT-
NnapHW Y3 wdmra onrad TypTTa gaTaceT ypraHungw. Ridge Classifier Ba Logistic Regression
NYMYCHUM OallopaT KWAMLWOa 3HI IOKOPW aHUKaMKKa (75.0%) spuwaor, Random Forest aca
dochop (66.7%) Ba Kanu (54.7%) yudyH 3HIM axliy HaTUxKanapHW G6epan. HaTuykanap LWyHU
Kypcataguku, CW  mMopmennapu, amHUKCa apxvB Ba GHIM  YpraHuwaraH MablyMOTNapHU
OrpnawTMpratHaa, TYnpoK Taxanan YUYH aHWK Ba KEHT KyNaMiuv edmMMaapHmM Takanm a1agm, Oy aca
AHUK, KMLLTOK, Xy»Kanuri Ba 6apkapop ep 6olwKapyBraa KaTTa UMKOHUATAapHW apaTagu.

Kanut cysnap: Tynpok, rymMycu, o3yka Mogaanap, CyHbUM MHTENNEKT Moaennapu, Macoda-
JaH 30HOMalW, TYNPOK YHYMOOPAWIW, MOOENAaWTUPWLL.

AHHOTAUMA. B naHHOW CTaTbe pacCcMaTpMBaeTCa VCMOAb30BaHME TeXHONOMMIM MCKYCCTBEH-
Horo mHTennekta (MW) ona aHanwsa cogepykaHUa rymMyca W MUTaTelbHbIX BELLEeCTB B Mo4YBe
(moaBwkHbIX hopM docdopa 1 Kanwmd), C MCNONb30BaHMEM MoAeNnew MalMHHOIoO obydeHunsa 1
OAHHbBIX  OUCTAaHUMOHHOIO 30HAMPOBaHMA. bBbink MCMOMb30BaHbl 4YeTblpe Habopa AaHHbIX,
obbeamHaoUIME apXMBHbBIE 1 CBEXME daHHble C BKOUYEHMEeM CreKTpanbHbIX MHOSKCOoB, ANn4
oLeHKM npousBoomTenbHocTM Mogenewn. Ridge Classifier 1 Logistic Regression goctumim
Hambonbllen TouyHocTM (750%) npwv MNPOrHO3MpPOBaHWMKM FymMyca, B TO BpeMa Kak Random
Forest mokaszan Hauydlume pe3ynbraTtel anda docdopa (66,7%) v kanua (54,7%). Pesynbratol
nokasanu, 4to WMKM-mogenu, ocobeHHO Mnpr 06beAMHEHUU UCTOPUUYECKMX WM HOBbIX OaHHbIX,
obecneymBatoT TOYHbIe K MaclTabupyeMble pelleHUa O19 aHanr3a MouBbl, Y4TO OTKPbIBAET
3HaYMTEeNbHbIE MEPCMeKTVBbLI AN9 TOYHOro 3emnegensa M YyCToOMYMBOro yrnpaBneHus 3emMesb-
HbIMUK pecypcamMu.

KnioyeBble cnoBa: rymMyc MouBbl, MMTaTeNbHble BELECTBa, MOAENMN UCKYCCTBEHHOIO UHTES-
nekTa, ANCTaHUMOHHOE 30HAMPOBaHME, MNOAOPOAME MOYBLI, MOAEIMPOBAHME.
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Introduction. Soil fertility is a key
determinant of agricultural productivity,
and it is largely influenced by the
organic matter (humus) and essential
nutrients like phosphorus (P) and potas-
sium (K) present in the soil. Humus
plays a crucial role in maintaining soil
structure, water retention, and nutrient
availability, making it indispensable for
healthy plant growth. Similarly, phos-
phorus and potassium are vital macro-
nutrients required for various physiolo-

gical processes in plants, including
energy transfer, photosynthesis, and
water regulation. However, traditional
soil testing methods for assessing humus
and nutrient content can be time-
consuming, labor-intensive, and costly,
which limits their scalability, especially

for large agricultural fields.

Recent advancements in artificial
intelligence (Al) technologies offer new
opportunities to overcome these challen-
ges. By leveraging machine learning
algorithms and remote sensing data, Al
can provide a faster, more accurate, and
scalable approach to predicting soil
properties, including humus content
and nutrient levels. Al techniques, such
as regression models, decision trees,
and ensemble learning methods, are
increasingly being wused to analyze
complex soil data, predict nutrient
deficiencies, and assist in precision
agriculture. These innovations allow for
real-time monitoring of soil conditions,
enabling farmers and land managers
to make data-driven decisions that
optimize crop vyields while minimizing
environmental impacts.

The application of Al in soil science
has gained significant attention in recent
years. Researchers have developed
various Al models that integrate remote
sensing data, such as satellite imagery,
with ground-based measurements to
map soil properties across diverse
landscapes. Studies have shown that Al
models, when trained on large datasets,
can predict soil nutrient content with

high accuracy, outperforming traditional
methods. These models can process a
wide range of inputs, including spectral

data, vegetation indices, and environ-
mental factors, to deliver precise
estimates of humus and nutrient
concentrations[1-9].

This paper explores the use of
artificial intelligence technologies for
analyzing soil humus and nutrient
content. We investigate how Al-based

models can enhance the accuracy and
efficiency of soil analysis, focusing on
the integration of remote sensing data
and machine learning algorithms. Our
research highlights the potential of Al
in  supporting sustainable agricultural
practices by providing a deeper under-
standing of soil fertility and helping to
optimize the use of fertilizers and other
soil amendments.

The research object and methodes.

1. Study Area and Data Collection

The study was conducted in the
irrigated agricultural lands of the Syrdar-
ya region, where soil fertility is primarily
influenced by its organic matter (humus)
and essential nutrients, such as phos-
phorus (P) and potassium (K). To evaluate
the humus and nutrient content of the
soil, we collected both in-situ soil samples
and remote sensing data from satellite
imagery.

Soil Sampling: Soil samples were
collected from various points within the
study area at the first arable depth. The
collected samples were then analyzed
in a laboratory to determine humus (%),
phosphorus (P205, mag/kg), and potas-
sium (K20, mg/kg) concentrations.

Remote Sensing Data: Satellite
images were obtained from Landsat
8, which provides spectral data across
various bands. We focused on bands
relevant for vegetation and soil analysis,
including near-infrared (NIR), red, and
shortwave infrared (SWIR) bands, as
well as derived indices such as the
Normalized Difference Vegetation Index
(NDVI) and Soil Adjusted Vegetation Index
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(SAVI).

2. Data Preprocessing

The raw data from both the soil
samples and remote sensing imagery
were preprocessed before model
development. This involved the following
steps:

Standardization: The soil properties
(humus, phosphorus, and potassium)
were normalized to ensure all features
had a uniform scale, preventing any
single variable from disproportionately
influencing the models.

Data Cleaning: Any missing or outlier
values in the dataset were handled using
interpolation methods and outlier removal
technigues to ensure the dataset was
complete and accurate.

Feature Selection: From the remote
sensing data, spectral bands and vegeta-
tion indices most correlated with humus
and nutrient content were selected as
inputs for the Al models. Key features
included Band 5 (NIR), Band 7 (SWIR), NDV/,
and SAVI.

3. Dataset Description

The analysis was performed using
four datasets, each designed to test
different combinations of data sources
and features:

All Data Full: A combination of both
archive data and newly studied data,
including all spectral bands and vegeta-
tion indices.

All Data Bands: A combination of
archive data and newly studied data, but
only including spectral bands without
vegetation indices.

Last Data Full: Only newly studied
data, including all spectral bands and
vegetation indices, with no archive data.

Last Data Bands: Only newly studied
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data with spectral bands, but no archive
data or vegetation indices.

These datasets were used to train
various machine learning models, allo-
wing for the comparison of performance
under different conditions.

4. Al Algorithms

To analyze the soil humus and
nutrient content, a range of machine
learning algorithms were employed.
The models were trained to predict
humus (%), phosphorus (P205 mg/
kg), and potassium (K20, mg/kg) based
on the features extracted from both

remote sensing and  ground-based
measurements.

5. Model Evaluation

Each model was trained and

evaluated using 5-fold cross-validation,
with an 80/20 train-test split. Perfor-
mance metrics such as accuracy, mean
squared error, and R? were used to
assess the effectiveness of the models.

The research results.

1) Soil analysis data

The content of humus in the irrigated
soils of the "Yunusov' massif, Mirzaabad
district, Syrdarya region is in the range
of 0143-17, and the average is 1%. Accor-
ding to the level of provision of humus,
it mainly consists of middle, low and
high groups. The amount of mobile
phosphorus in these soils ranges from
195 to 789 mg/kg, and the average is
1115 mg/kg. According to the level of
prosperity, they are mainly very few
and few groups. The amount of
exchangeable potassium ranges from
18 to 576 mg/kg, with an average of
1489 mg/kg. According to the level of
income, there are mostly very few, low gv
middle groups (Table ).

Table .

The amount of humus and nutrients in the arable layer of irrigated soils of the "Yunusov"
massif in the Mirzaobod district of the Syrdarya region

Soil sample Ne Humus (%) P,0, (mg/kg) K,O (mg/kg)
1 0,67 10,00 240
6 1,18 7,33 275




Soil sample Ne Humus (%) P,0, (mg/kg) K,O (mg/kg)
9 1,28 16,27 30
13 1,43 4,60 160
17 1,42 4,57 28
20 1,2 4,67 70
28 1,01 3,33 70
34 1,08 15,60 275
41 0,99 7,33 20
47 1,34 6,00 68
52 1 4,00 45
54 0,143 15,69 451
56 1,61 6,60 28
57 1,214 8,00 103
60 1,19 8,67 18
63 1,02 8,42 63
68 1,17 8,00 40
69 1,13 9,47 40
71 1,23 6,00 20

107 1,700 78,99 292
156 1,171 13,54 576
162 0,529 1,95 189
164 0,429 7,23 324

2) Data Analysis
Humus Content Prediction

For humus content, the Bagging
Classifier was used on both the full
dataset and the dataset with only

spectral bands. The accuracy was 62.7%
and ©61.7%, respectively. However, when
using the last data full dataset (without
archive data), the Logistic Regression and
Ridge Classifier models outperformed
others, achieving 75.0% accuracy. This
indicates that more recent, localized
data combined with all relevant features,
including vegetation indices, provided
the most accurate predictions.
Phosphorus (P,O.) Content Prediction
The Random Forest Classifier showed
the best performance for phosphorus
prediction on the All Data Full dataset,
achieving 66.7% accuracy. However, for
the All Data Bands dataset, the Support
Vector Classifier (SVQ) performed
well, with an accuracy of 64.7%. In the
absence of archive data, the Perceptron
model achieved 50.0% accuracy on the
last data full set, while Gradient Boosting

performed modestly with 46.4% accuracy
on the last data bands.

Potassium (K,O) Content Prediction

For potassium, the Random Forest
Classifier provided the highest accuracy,
with 54.7% on the All Data Full dataset
and 557% on the All Data Bands
dataset. When using the last data full
set, the Bagging Classifier achieved
536% accuracy, while the AdaBoost
Classifier showed slightly better perfor-
mance (57.1%) on the last data bands.

3) Overall Performance  Across
Datasets
The comparison across the four

datasets revealed that models trained
on Last Data Full with all bands and
indices generally performed better for
humus prediction, while models trained
on All Data Full provided more accurate
predictions for phosphorus and potas-
sium. This suggests that including
archive data improves nutrient content
predictions, while more recent and
complete data yields better humus
content results (Fig.1).
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Model Comparison: Accuracy for Humus, Phosphorus, and Potassium Predictions

Potassium - AdaBoost (Last Data Bands)
Potassium - Bagging Classifier (Last Data Full)
Potassium - Random Forest (All Data Bands)
Potassium - Random Forest (All Data Full)
Phosphorus - Gradient Boosting (Last Data Bands)

Phosphorus - Perceptron (Last Data Full)

Models

Phosphorus - SVC (All Data Bands)
Phosphorus - Random Forest (All Data Full)
Humus - Ridge Classifier (Last Data Bands)

Humus - Logistic Regression (Last Data Full)
Humus - Bagging Classifier (All Data Bands)

Humus - Bagging Classifier (All Data Full)

0.0 01

0.2 0.3 0.4 0.5 0.6 0.7
Accuracy (%)

Fig.l. Accuracy comparison of Al models in various datasets

4) Model Performance Comparison

The overall performance of the Al
models was evaluated using standard
metrics such as accuracy, mean squared

table below, the
performed best for humus prediction,
while the Random Forest Classifier
excelled in phosphorus and potassium

Ridge  Classifier

error (MSE), and R2 As shown in the predictions (Table?2).
Table 2.
The best Al models with highest accuracy
Soil Property Best Model Accuracy (%) Mean Squared Error
Humus Ridge Classifier 75.0 0.045
Phosphorus Random Forest 66.7 0.067
Potassium Random Forest 54.7 0.085

5) Validation and Calibration

To ensure the reliability of the Al model
predictions, the results were validated
against ground-truth soil sample data.
In areas where significant discrepancies
were observed, further calibration was
performed to improve the accuracy of

the predictions. For humus content,
the prediction closely matched the
traditional laboratory results, confirming

the model's validity. Similarly, phosphorus
and potassium predictions showed strong
correlations with the ground measure-
ments, demonstrating the models' effec-
tiveness in capturing nutrient variability
across the study area.

6) Comparison with  Traditional
Methods
The  Al-driven  predictions were

compared with results from traditional

soil testing methods. In most cases,
the Al models provided comparable, if
not better, accuracy in predicting soil

humus and nutrient content. Traditional
methods, while precise, require labor-
intensive sampling and lab analysis. In
contrast, Al technologies, when com-
bined with remote sensing data, provide
a more efficient and scalable solution for
monitoring soil fertility over large areas.

Calibration with traditional methods
helped fine-tune the Al models,
particularly in regions with extreme

nutrient levels, where initial predictions
showed slight deviations from ground-
truth data. The calibrated models showed
improved prediction accuracy in those
areas.

Conclusion. This study demonstrates
the effectiveness of using artificial
intelligence (Al) technologies to analyze
soil humus, phosphorus, and potassium
content. By leveraging machine learning

algorithms and integrating remote
sensing data with ground-truth soil
measurements, we were able to
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accurately predict soil nutrient levels
and organic matter content over large
agricultural areas.

Among the various models tested,

the Ridge Classifier and  Logistic
Regression emerged as the best
performers for predicting soil humus
content, particularly when using the
most recent data combined with all
relevant  features, including spectral
bands and vegetation indices. For

nutrient content, specifically phosphorus
and potassium, the Random Forest
Classifier consistently outperformed
other models across datasets, particularly
when archive data was included.

The comparison of different datasets
revealed that models trained on more
localized and recent data provided more
accurate humus content predictions,
while the inclusion of historical data
improved the accuracy of phosphorus

model performance for different soil
parameters.

Overall, the use of Al in soil analysis
offers a powerful, scalable solution for
monitoring soil fertility and guiding
sustainable agricultural  practices. By
providing fast, reliable predictions of
humus  and nutrient  content, Al
technologies enable farmers and land
managers to make data-driven decisions
about fertilizer application and land
management, ultimately improving crop

productivity and environmental
sustainability.

Future work should focus on
refining Al models by incorporating

additional environmental variables, such
as soil moisture and temperature, and
extending the analysis to other regions
with different soil types and climatic
conditions. Further calibration with field-
based measurements will also enhance

and potassium predictions. This the accuracy and generalizability of the
highlights the importance of dataset models, ensuring their continued utility
composition in achieving optimal in precision agriculture.
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