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The article develops a cloud-based workflow for preliminary cadastral
monitoring of agricultural lands in Almaty Region using Google Earth
Engine and the Random Forest algorithm. The study focuses on the
remote-sensing diagnosis of actual land-surface conditions rather than
on potential land suitability assessment. Landsat 8/9 Surface Reflectance
images were processed for 2015, 2020 and 2025, and Sentinel-2 imagery
was used as an auxiliary visual reference for sample interpretation.
Seasonal composites were generated, cloud-contaminated pixels were
masked, and NDMI and BSI indicators were calculated to describe
moisture-related conditions and exposed or sparsely covered surfaces.
The spectral bands and derived indicators were then combined in a
Random Forest classifier to distinguish four monitoring classes: stable
vegetation cover, open or sparsely covered soil, water bodies, and built-
up or non-agricultural areas. Validation was performed using an
independent sample, and class areas were calculated from the classified
raster. The resulting map is proposed as a diagnostic layer for identifying
territories that may require additional cadastral or field verification. The
approach does not replace official cadastral records, but it supports land-
use control through reproducible satellite-based evidence.
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naaTgpopmacsl MeH Random Forest aaropurmine Herizgearen Oy ATTHIK
SKYMBIC OapBICHI YCBIHBLAABL 3€PTTey KepaiH d1eyeTTi >KapaMAbLAbI-
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NDM]I, BSI, Aamatst FpIH DaraJayra eMec, aybld IIapyallblABIFbl ayMaKTapbhlHAAFbI Kep OeTiHiH

00ABICHI, KAIITBIKTaH HaKTBHI JKaFAaiibIH KaIlIBIKTaH 30HATAy AepeKTepi apKbLAbl AIaTHOCTIKadayFa

30HATAY. HarprTrasran. 2015, 2020 sxene 2025 >xp1ajapra apHaaraH Landsat 8/9 Surface
Reflectance aepekrepi eHaeaim, Sentinel-2 cypertepi OKbITYy yariaepin
BU3yaAAbl HAKThLAAY YIIIiH KOCBIMINIA A€PeKKO3 peTiHae IaiijalaHblaAbl Op
KBIA OOJIBIHINIA MaYCHIMABIK KOMITO3UTTEP KaABIITACTHIPHIALII, OyATIIEH
>KaObLAFaH MUKCeAbAep MacKaJlaHFaH, COHAAl-aK blAFaAABIABIK >KaFJaiibIH
cunarraiiteid NDMI >xoHe amibik HeMece CUpPeK ©CIiMAIK >KaMbLAFbICBIMEH
>KaOblaraH OeTrepai aHBIKTailTRIH BSI mHaekcrepi ecemrteadi. Crekrpaik
apHazap MeH ecernteareH nHAekcrep Random Forest xaaccudmkaropriaaa
OipikTipiaill, TOPT MOHMTOPUHITIK KAaCC a’KbIPaTbLAABL: TYPaKThl ©CIMAiK
>KaMBIAFBICH], aIlIBIK HeMece CUpeK >KaObLAFaH TOIIBIpAK, Cy OObeKTizepi
JKoHe caABIHFaH HeMece ayblA IapyallbIABIFBIHA >KaTIIAMTBIH ayMakTap.
JKikrey HoTIKeaepi Toyeacis TeKcepy yArici apKbLAbl OaralaHBII, 9p KAace
OolibIHIIa ayJaH ecelnTeadi. AAbIHFaH KapTa pecMM KaJaCTPABIK KY>KaTThI
aaMacTeIpManiAbl, Oipak KOCBIMINIa KaJacTpABIK HeMece AalaablK TeKcepyai
Ka>XKeT eTeTiH ayMaKTapAbl aHBIKTayFa apHaAfaH AMAarHOCTMKAABIK Kabat
peTinge naligaaaHbplAybl MyMKIiH.

Karouesslie caoBa: AHHOTALII ST

Google Earth Engine, B crathe paspaboraH 00aauHBII paboumili MIpolecc IIpeABapUTEABHOTO
KaAaCTPOBLIIA KaJacTpOBOTO MOHUTOPVHIA CeAbCKOXO3AVICTBEHHBIX 3eMeAb AAMaTUHCKOM
MOHUTOPVHT, obaactu ¢ ucnoanzosanneM Google Earth Engine m aaropurma Random
CeAbCKOXO3I/ICTBEHHBIE Forest. llccaepoBaHme HampaBA€HO He Ha OII€HKY ITOTeHIIMaAbHON
3eman, Random Forest, IIPUTOAHOCTM 3e€MeAb, a Ha AMCTaHI[MOHHYIO AMArHOCTUKY (PaKTITIecKoro
NDM]I, BSI, COCTOSIHMS 3€MHOJ IIOBEPXHOCTM B IpeJedax CeAbCKOXO3MCTBeHHBIX
AamaTuHCcKast 004acTh, Tepputopuii. Aas anaausa 6p1au odbpaboTansl ganHble Landsat 8/9 Surface
AVICTAaHLIMIOHHOE Reflectance 3a 2015, 2020 1 2025 roapl, a cHuMKu Sentinel-2 1cr1oabp308aanch
30HAVPOBaHIE. KaK JOTOAHUTEABHBINI BMU3YaABHBII WCTOYHMK IIPM UHTepIIpeTanyy

00ydJarommux yJactkoB. /s KaX40TO BPeMeHHOTO cpe3a cPOPMUPOBaHBI
Ce30HHBIe KOMITO3UTEHI, BBIIIOAHEHO MacKMpOBaHMe 0OAauHBIX IIMKCeJell, a
TakKe paccunTansl mHAeKcel NDMI n BSI, xapaxTepusyiomniye Baa>KHOCTHbIE
yCAOBUS M pacupoCTpaHeHMe OTKPBITBIX AMOO0 caabo  MOKPBITHIX
pacTUTeABHOCTBIO TTOBepXHOCTeil. CIIeKTpaAbHBle KaHaAbl U pacdeTHbIE
MHAEKCEl OblAM oObeAVHeHBI B Kaaccupukatope Random Forest aas
BBIAEAEHIST JeTeIpex MOHUTOPUHTOBBIX KAaCCOB: YCTOMYIMBHIN
PacTUTEABHEINI TIOKPOB, OTKPBITasl MAM CAabO ITOKpHITas IT04YBa, BOAHBIE
OOBEKTHI, a TaK’Ke 3aCTpPOEHHbIE VI HeCeAbCKOXO35VICTBEHHbIE TEPPUTOPUIL.
JocroBepHOCTh  KAaccupUKaIiUy — OIfeHMBajdach C  VCIIOAb3OBaHMEM
HEe3aBUCUMOIl IIPOBEPOUYHOI BBHIOOPKM, a IIA0MIaAM KAaccoB ObLAU
paccauTaHbl 110 UTOTOBOMY KAaccmpuIupoBaHHOMY pacTpy. Iloaydyennas
KapTa He 3aMeHseT oduIIMalbHbIe KaJacTPOBBIE CBEJEHNS, HO MOXKET
JICIIOAB30BaThCsl KaK AVMATHOCTUYECKUI CAOV A4S BBIABAEHUS TePPUTOPUIL,
TpeOYIOIUX AOITOAHNTEABHON Ka4aCTPOBOI MAY ITIOAEBOTI IPOBEPKI.

INTRODUCTION

Operational cadastral monitoring of agricultural land requires repeated observation of
the actual condition of land surfaces, not only the registration of legal boundaries or land-
use categories. For Almaty Region, this task is important because irrigated fields, pasture
areas, foothill agricultural zones, water bodies and expanding built-up territories occur
within the same administrative space. Satellite observations make it possible to detect spatial
signals of moisture deficit, exposed soil and non-agricultural transformation, thereby
providing an additional diagnostic layer for cadastral verification (Phiri et al., 2020; Segarra
et al., 2020).
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Conventional cadastral control is often based on periodic inspections, reports and separate
cartographic materials. Such sources are valuable, but they may not provide sufficient temporal
consistency for identifying recent changes in agricultural land condition. A reproducible remote-
sensing workflow can support this process by producing comparable indicators for different
years and by linking the resulting maps with independent validation procedures. For this reason,
the present study combines satellite-derived indices, supervised classification and accuracy
assessment as complementary components of cadastral monitoring (Congalton, 1991; Foody,
2002; Olofsson et al., 2014).

LITERATURE REVIEW

Google Earth Engine provides a suitable environment for this type of diagnostic analysis
because it combines satellite archives, cloud computation and scripted reproducibility. In the
present research, the platform is used not as a general GIS modelling tool, but as an operational
environment for processing Landsat and Sentinel data, producing seasonal composites,
calculating spectral indicators and generating monitoring outputs that can be repeated for
subsequent observation periods (Gorelick et al., 2017; Google Developers, 2024).

Machine-learning classification is used here to convert a set of spectral measurements into
generalized monitoring classes of land condition. Random Forest was selected because it can
handle several predictor bands, reduce sensitivity to noise and operate effectively with reference
samples prepared from satellite interpretation (Breiman, 2001; Pal, 2005; Gislason et al., 2006;
Belgiu & Dragut, 2016; Maxwell et al., 2018). The aim of the study is to develop a cloud-based
cadastral monitoring workflow for agricultural lands in Almaty Region using Google Earth
Engine and Random Forest. The research tasks are to create comparable satellite composites for
2015, 2020 and 2025; calculate NDMI and BSI; prepare training and validation samples; classify
monitoring classes; assess classification accuracy; and quantify the spatial distribution of the
resulting classes. In this workflow, the temporal comparison covers 2015, 2020 and 2025 for NDMI
and BSI, whereas the final Random Forest classification, its validation and class-area statistics
refer to the 2025 monitoring slice.

MATERIALS AND METHODS

The study was carried out within the administrative boundary of Almaty Region. In this
article, the region is considered as a monitoring territory in which spectral conditions of the
surface are evaluated through time. The analysis does not aim to determine the legal status or
suitability of every land parcel. Instead, it identifies spatial patterns that may indicate stable
vegetation cover, exposed soil, water surfaces or built-up and non-agricultural areas requiring
further cadastral interpretation.

The methodological sequence included five main operations. First, the study boundary
was uploaded to Google Earth Engine and used as a mask for image processing. Second, Landsat
images were filtered, cloud-masked and converted into seasonal composites for the selected
years. Third, NDMI and BSI were calculated to describe moisture-related conditions and the
degree of surface exposure. Fourth, reference samples were used to train and validate the
Random Forest classifier. Fifth, the classified map and class-area statistics were prepared for
interpretation in the context of cadastral monitoring. The workflow is summarized in Figure 1.
For temporal analysis, NDMI and BSI were compared for 2015, 2020 and 2025; the final Random
Forest classification and class-area calculation were performed for 2025, the most recent
observation year.

Figure 1 shows the logic of the cloud-based cadastral monitoring workflow. The key
feature of the scheme is the transition from satellite input data to diagnostic indicators and then
to a validated classification output. This sequence makes it possible to move from visual
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interpretation of images to a structured set of monitoring products that can support targeted
verification of agricultural land condition.

assessment

Figure 1. Scheme for using Google Earth Engine for cadastral monitoring
of agricultural lands in Almaty Region
Note — compiled by the authors

Table 1. Input data and indicators used for cadastral monitoring in Google Earth Engine

Data / indicator Source Period Role in the monitoring
workflow
Administrative User asset in Google Earth Current Spatial frame for clipping,
boundary of Almaty | Engine / official or open boundary masking and exporting
Region geospatial data monitoring outputs
Landsat 8/9 Surface Google Earth Engine data 2015, 2020, 2025 | Multispectral basis for
Reflectance catalog / USGS Landsat comparable seasonal
Collection 2 Level 2 composites and indices
Sentinel-2 imagery Google Earth Engine data Auxiliary Auxiliary visual reference
catalog / Copernicus reference where | for checking training
Sentinel-2 mission applicable samples
NDMI Calculated from NIR and 2015, 2020, 2025 | Indicator of moisture-
SWIR1 bands related surface condition
BSI Calculated from BLUE, RED, | 2015, 2020, 2025 | Indicator of exposed or
NIR and SWIR1 bands weakly vegetated surface
Note — compiled by the authors

The main data source was Landsat 8/9 Surface Reflectance imagery available in the Google
Earth Engine catalog. Landsat was selected because it provides comparable multispectral
observations for 2015, 2020 and 2025 at regional scale. Sentinel-2 imagery was used as an auxiliary
visual reference when interpreting training areas. This combination is appropriate for regional
monitoring because it balances temporal comparability, spectral information and visual detail
(Drusch et al., 2012; Phiri et al., 2020; Segarra et al., 2020; U.S. Geological Survey, 2019).

For each selected year, a seasonal composite was generated for the vegetation period. This
procedure reduces the influence of single-date anomalies, cloud contamination and missing
pixels. The processing steps included filtering by date and cloud cover, masking clouds and
shadows, clipping to the regional boundary and adding calculated index bands. The same script-
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based procedure was applied to all years in order to ensure comparability of the resulting layers
(Gorelick et al., 2017; Google Developers, 2024).

Two spectral indicators were used for monitoring interpretation. NDMI was applied to
characterize moisture-related differences in vegetation and soil cover. In cadastral diagnostics,
this index is useful for identifying areas where surface moisture conditions and vegetation status
may differ between observation years (Gao, 1996). The index formula is presented as follows:

NDMI = (NIR - SWIR1) / (NIR + SWIR1)

BSI was applied to emphasize open or sparsely vegetated surfaces. In the context of
cadastral monitoring, increased BSI values may indicate bare soil, temporarily exposed cropland,
weak vegetation cover, construction-related disturbance or other changes in actual land use.
Therefore, BSI was interpreted together with NDMI and not as an isolated indicator (Rikimaru et
al.,, 2002). The BSI formula is presented as follows:

BSI = ((SWIRI + RED) - (NIR + BLUE)) / (SWIR1 + RED) + (NIR + BLUE))

For the final 2025 monitoring slice, the Random Forest classifier was trained using the
spectral bands BLUE, GREEN, RED, NIR, SWIR1 and SWIR2 together with NDMI and BSI. Four
monitoring classes were used: stable vegetation cover, open or sparsely covered soil, water
bodies, and built-up or non-agricultural areas. The training and validation procedure is presented
in Figure 2.

Step 1 ¢ Study area boundary
Training data preparation | ® Satellite imagery
* Reference samples
* Auxiliary spatial data
.

Step 2 ¢ Cloud masking
Image pre-processing * Image filtering
* Clipping to the study area
* Composite generation

I

Step 3 * Spectral bands
Feature extraction e NDMI calculation
e BSI calculation
* Predictor layer stack

.

Step 4 ¢ Training samples
Sample splitting ¢ Validation samples
¢ Class labeling
® Random partitioning

l
Step 5 * Model training
Random Forest ¢ Classifier application
classification e Classification of land condition
* Monitoring class generation

!
Step 6 * Confusion matrix
Validation and cadastral | e Overall accuracy
monitoring outputs ¢ Kappa coefficient

e Final monitoring map

Figure 2. Workflow of Random Forest training and validation used for cadastral monitoring of
agricultural lands in Almaty Region.
Note — compiled by the authors
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Figure 2 details the classification stage of the workflow. The model was not treated as a
purely automatic procedure: reference samples were first prepared, labelled and checked against
satellite images and auxiliary layers. The sample set was then divided into training and validation
parts so that classification accuracy could be evaluated independently from the data used for
model training. This separation is important for using the resulting map as a reliable diagnostic
product rather than only as a visual classification output (Breiman, 2001; Belgiu & Dragut, 2016).

Accuracy assessment was carried out using a validation sample and standard classification
metrics. The confusion matrix was used to identify class-level agreement and possible spectral
mixing between classes. Overall accuracy and the Kappa coefficient summarize the general
reliability of the classification, while producer and consumer accuracies indicate which classes
are more stable and which require more cautious interpretation (Cohen, 1960; Congalton, 1991;
Foody, 2002; Olofsson et al., 2014; Google Developers, 2024).

RESULTS AND DISCUSSION

The results are organized according to the logic of the satellite-based cadastral monitoring
workflow. First, the temporal behaviour of NDMI is considered as an indicator of moisture-
related surface conditions. Second, BSI is examined to identify exposed or weakly covered
surfaces. Third, both the spectral bands and the derived indices are combined in the Random
Forest classification to produce the final map of monitoring classes. This sequence allows the
interpretation to move from separate remote sensing indicators to an integrated classification
result that can be used for preliminary cadastral diagnostics. Accordingly, the temporal dynamics
shown in Figures 3 and 4 cover 2015, 2020 and 2025, whereas Figure 5 and the class-area statistics
in Table 3 characterize 2025 only.

The NDMI maps for 2015, 2020 and 2025 show that moisture-related conditions are
unevenly distributed within Almaty Region. Higher NDMI values are mainly associated with
water-influenced areas, irrigated agricultural zones, river valleys and mountain or foothill
territories with more persistent vegetation cover. These areas are important for cadastral
monitoring because they may indicate zones of stable vegetation development and relatively
favorable moisture conditions during the selected observation period.

Lower NDMI values are more typical for drier surfaces, sparsely vegetated areas and
territories where the vegetation signal is weak. Such areas may include arid plains, temporarily
bare agricultural fields, degraded surfaces or land parcels where vegetation cover is reduced
during the growing season. Therefore, NDMI should not be interpreted as a direct cadastral
category, but rather as a diagnostic indicator that helps identify spatial differences in the
moisture-related condition of land cover.

The comparative interpretation of NDMI for three observation years makes it possible to
identify both relatively stable areas and zones where moisture-related conditions changed over
time. For cadastral monitoring, this is useful because repeated decreases in NDMI may indicate
territories that require additional verification using cadastral boundaries, field observations or
other auxiliary data. At the same time, the index values should be interpreted carefully, since
they may be influenced by seasonal differences, crop rotation, irrigation practices and the date of
satellite image acquisition.

The use of the same visualization range and colour scale for 2015, 2020 and 2025 ensures
that the maps can be compared consistently. This is especially important when NDMI is used not
as a single-year descriptive layer, but as part of a monitoring workflow aimed at detecting spatial
patterns and potential changes in agricultural land condition (Gao, 1996; Segarra et al., 2020). The
resulting NDMI maps are presented in Figure 3.
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Figure 3. Dynamics of NDMI in Almaty Region in 2015, 2020 and 2025
Note — compiled by the authors

Figure 3 should be read as a temporal diagnostic indicator. It does not replace cadastral
information, but it helps identify zones where moisture-related conditions may have changed
and where further comparison with cadastral parcels, agricultural records or field observations
may be justified. In this way, NDMI supports the first stage of screening before more detailed
cadastral verification is carried out.

BSI provides a different diagnostic signal. While NDMI emphasizes moisture and
vegetation condition, BSI highlights open, sparsely covered or disturbed surfaces. Areas with
relatively high BSI values may correspond to bare agricultural fields, dry soil surfaces, degraded
vegetation cover or non-agricultural disturbance. For cadastral interpretation, the index is most
informative when it is analysed together with NDMI and the final classification map (Rikimaru
et al., 2002; Maxwell et al., 2018).

Figure 4 complements the NDMI analysis by showing where exposed surface conditions
are most clearly expressed. If a territory demonstrates both lower NDMI and higher BS], it can be
selected for closer inspection. However, such a signal should not be interpreted mechanically,
because crop calendar, irrigation regime, temporary tillage, soil background and settlement
expansion may produce similar spectral responses.
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Figure 4. Dynamics of BSI in Almaty Region in 2015, 2020 and 2025
Note — compiled by the authors

The final stage of the analysis was supervised classification using Random Forest. The
classifier integrated the original spectral bands with NDMI and BSI and assigned each pixel to
one of four monitoring classes. This result is intended to summarize several remote-sensing
characteristics in a single map that is easier to compare with cadastral boundaries, administrative
units and verification priorities (Breiman, 2001; Belgiu & Dragut, 2016; Maxwell et al., 2018).

Figure 5 represents the main operational output of the study for the 2025 observation
period. The 2015 and 2020 datasets are used for temporal comparison of NDMI and BSI, whereas
the Random Forest map shown here characterizes the most recent 2025 monitoring slice.
Compared with separate NDMI and BSI maps, the classification map provides a generalized view
of agricultural land condition and separates vegetation-dominated areas, exposed soil, water
bodies and built-up or non-agricultural territories. The map should be used as a diagnostic layer
for planning cadastral checks and not as an official cadastral document.
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Figure 5. Monitoring classes of agricultural land condition for 2025 obtained using
Random Forest in Google Earth Engine

Note — compiled by the authors

In the context of cadastral monitoring, the most important value of Figure 5 is that it

converts spectral differences into clearly interpretable monitoring classes. This makes it easier to
compare the classification result with administrative boundaries, rural districts, cadastral parcels
and field verification materials. Areas classified as open or sparsely covered soil may require
particular attention, especially where they are located within agricultural zones and coincide with

reduced vegetation or moisture indicators.

The reliability of the 2025 classification was evaluated using validation results generated
in Google Earth Engine. The assessment included the confusion matrix, overall accuracy, Kappa
coefficient, producer accuracy and consumer accuracy. These metrics are summarized in Table 2
and provide a basis for judging whether the classification output is sufficiently stable for

preliminary monitoring purposes.

Table 2. Accuracy assessment of the 2025 Random Forest classification results

in Google Earth Engine
Metric Meaning GEE function Result
Confusion matrix Distribution of reference and errorMatrix() Generated in GEE;
classified samples by classes summary metrics
below
Overall accuracy Share of correctly classified accuracy() 95.16%
validation samples
Kappa coefficient Agreement coefficient corrected | kappa() 0.841

for random agreement
Producer accuracy | Accuracy by reference class
Consumer accuracy |Accuracy by mapped class
Note — compiled by the authors

producersAccuracy() |92.11%
consumersAccuracy() |81.13%
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Table 2 indicates that the 2025 Random Forest classification achieved a high overall
accuracy of 95.16% and a Kappa coefficient of 0.841. These values show that the model can
distinguish the selected monitoring classes with acceptable reliability. At the same time, the
producer and consumer accuracy values should be interpreted at the class level, especially for
classes that may have similar spectral behaviour, such as exposed soil and built-up areas (Cohen,
1960; Congalton, 1991; Foody, 2002).

In addition to classification accuracy, the area of each monitoring class was calculated from
the 2025 classified raster. Class areas help translate the map into quantitative indicators that are
more convenient for cadastral interpretation. The area statistics were derived from the classified
raster using the pixel count of each class and the spatial resolution of the Landsat grid. The results
are presented in Table 3.

Table 3. Area of monitoring classes according to the 2025 Random Forest classification results

No Monitoring class Area, ha Share, %
1 Stable vegetation cover 8,328,189.15 58.50
2 Open or sparsely covered soil 3,255,803.37 22.87
3 Water bodies 1,510,826.40 10.61
4 Built-up and non-agricultural areas 1,140,726.60 8.01
Total Total classified area 14,235,545.52 100.00
Note — compiled by the authors

Table 3 shows that the largest share of the classified territory corresponds to stable
vegetation cover, while open or sparsely covered soil forms the second largest class. Water bodies
and built-up or non-agricultural areas occupy smaller shares. These proportions should be
interpreted as results of the 2025 monitoring classification, not as official cadastral land-category
statistics. Nevertheless, they provide a useful quantitative basis for identifying areas where
additional verification may be prioritized.

Overall, the study demonstrates a stepwise approach in which NDMI, BSI and Random
Forest classification perform different roles. NDMI supports the interpretation of moisture-
related changes, BSI highlights exposed surfaces, and Random Forest integrates several
predictors into an operational classification map. Such a structure makes the workflow suitable
for repeated cadastral screening of agricultural territories. Thus, the 2015-2025 temporal
component is represented by NDMI and BSI dynamics, while the classification statistics provide
a detailed snapshot for 2025.

CONCLUSION

This study proposed a cloud-based workflow for preliminary cadastral monitoring of
agricultural lands in Almaty Region using Google Earth Engine and Random Forest. The method
combines seasonal Landsat composites, spectral indicators and supervised classification to
produce a diagnostic map of land-condition classes.

NDMI and BSI provided complementary information. NDMI was used to interpret
moisture-related differences, whereas BSI helped identify open or sparsely covered surfaces.
Their joint use made it possible to move beyond single-index interpretation and to provide a more
structured basis for cadastral screening.

The 2025 Random Forest classification transformed spectral bands and calculated indices
into four monitoring classes: stable vegetation cover, open or sparsely covered soil, water bodies,
and built-up or non-agricultural areas. The validation results indicate that the classification can
be used as a preliminary analytical layer for identifying territories that require additional
cadastral or field verification.
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Future work should focus on linking the classified raster with parcel-level cadastral
boundaries, improving reference samples through field observations and applying the workflow
to regular monitoring periods. The proposed approach is especially useful as an auxiliary
diagnostic tool for land-use control, because it provides reproducible spatial evidence before
detailed administrative or field-based verification.
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