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Accurate Manitoring of date-palm plantations and reliable estimation of
cultivated area are essential for water-resource management, agricultural
planning and regional policy making in arid and semi-arid regions, specially in
south-west of Iran. This research utilized multi-temporal, Sentinel-2, and
radar, Sentinel-1 imageries and supervised classification based on random
forest, to present accurate and applicable map of date-palms plantations in
Maroon-Jarahi sub-basin. To address this, Sentinel-2 optical and Sentinel-1
radar time series were derieved and processed, then together with Spectral,
Radar, thermal indices and collected field reference samples during the 2022-
2024 agricultural seasons were applied to training process of random forest
model. Classification was run based on 36 inputs including, main bands,
Spectral, Radar, and thermal indices. Accuracy assessment of the Model
according to independent sample test displayed that The Random Forest
classifier yielded very high performance due to, overall accuracy=95%, kappa
coefficient=0.94, and precision, recall and F1-score were approximately 0.99.
furthermore, mapped date-palm area closely matched reference inventories,
the actual area was 26197.55 ha while the mapped area was 21764.55 ha for
the Random Forest result, thus approximately +1% over-estimation was
derieved. The results showed that, The integration of multi-temporal and
thermal indicators within a Random Forest classification framework provides
an efficient, reliable and scalable method to map date-palm plantations in arid
and semi-arid basins.Practically, the proposed workflow can be a validated
approach for water resource management, Orchards’ health monitoring and
agricultural planning in reginal and national scales.
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Figure 1. Location of case study area and Landuse-Landcover
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Table 1. Spectral Indices introduction

Reference Application Equation Spectral Indices
(Rokni & Musa, 2019( Measuring the greenness and density of crops (NIR-RED)/(NIR+RED) NDVI
. A version of NDVI that uses red band instead of green bad
(Nitu et al., 2025) o measure its sensivity to chlorophyl (NIR-Green)/(NIR+Green) GNDVI
For measuring the greenness of vegetation cover. It is more ) )
(Ovakoglou et al., 2018) sensitive in region with densed vegetation cover and 25* ((NIR7 5EE§2L/J(EN1RD; 6*RED EVI
decrease effects of saturation )
(Rondeaux et al., 1996 ;‘b'lz fg‘:ﬁ'}ﬁﬁgigﬂ ;ﬁﬂn‘q’ﬂ scattered vegetation cover and \p | RED) / (NIR + RED + 0.5)) * 15 SAVI
- *
(Steven, 1998) More stability with reducing the sensivity to the soil ((NIR-RED)/ (l\iIlR6+ RED +0.16)) OSAVI
With differentiating water boundaries from other classes
able to detect water boundaries and vegetation moisture,
(Jackson et al., 2004) since water has high reflectance in green band and decline in (Green-NIR)/(Green+NIR) NDWI
NIR band
(Chandrasekar et al., 2010) :te\z sensitive 10 malter ;2‘;5‘3“"“”995 in leaves. Low LSWI (NIR-SWIRL)/(NIR+SWIR1) Lswi
Focused on the sensivity to the detailed changes in leaves
(Gamal et al., 2020) density and crop growth and in Agricultural intelligent (gé%i%gi?f;edgggeg MRENDVI
monitoring, able to detect crop’s stress 9 9
. . (Rededge2 — Rededgel) / ((Rededgel -
(Dash et al., 2010) Estimates cholorophil RED) + 16-10) MTCI
Relative to NDVI It is more applicabe in cloudy and dusty ~ NIR-(RED-y(BLUE-RED))/NIR+(RED-
(Nitu et al., 2025) atmosphere, Able to detect vegetation cover in polluted v(BLUE-RED)) ARVI
weather y=17
(Nitu et al., 2025) f;gﬁsal quantity, per each area unity, measures one side of 3618 *EVI-0.118 LA
(Baugh & Groeneveld,
2006) Works as a unlinear mesurements index for greenness NIR/RED RVI
Measures the amount of crop Cholorophil and Nitrogen,
(Wang et al., 2019) specially in median and final stage of growth that (Rededge-NIR)/(Rededge+NIR) NDRE

Cholorophil is high, has better sensivity
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Continued table 1. Spectral Indices introduction

Reference Application Equation Spectral Indices
(Cuietal., 2019) Measures Cholorophil content (RED - BLUE) / RED Cl
Uses different visible bands to assert the diffferent colours of ~ 18.78745 + 0.44 * RED - 0.88 * GREEN
(Maoetal, 2003) Vvegetation cover +0.385 * BLUE CIVE
L High sensivity of this index to leaves’ characteristics, make (2*GREEN -RED - BLUE) / (2 *
(Louhaichi etal., 2001) it more applicabe to estimate cholorophi GREEN + RED + BLUE) el
. Used for comparing vegetation covers in different variety (GREEN”2 - RED"2) / (GREEN"2 +
(Bendig etal., 2015) and texture conditions. RED"2) MGRVI
(Yang et al., 2008) Eela\llle; information about the photosynthesis and leaves (GREEN - RED) / (GREEN + RED) MPRI
* -
(McNairn & Protz, 2014) Used for measuring cholorophil 128 ((GREE\EID)FiEB)/ (GREEN+ NDI
. . . . (GREEN"2 - RED * BLUE) /
(Bendig et al., 2015) Revised and generalized version of MRGVI (GREEN"2 + RED * BLUE) RGBVI
(Gitelson et al., 2002) To separate crop class from other classes (GREEN - REDB)L/LE%Q BEN +RED - VARI
(Woebbecke et al., 1995) By using green, blue, and red bands helps to separate (GREEN - BLUE) / (RED - GREEN) Wi

vegetation cover from backgroung

Reference

Application

Equation

Relative Indices

Investigating cholorophil changes and nitrogen condition in

ang et al., + le-
., 2022 crop NIR / (RED + 1e-10 SR
(Taha et al., 2024) Estimating cholorophil and nitrogen in crop GREEN / (NIR + 1e-10) Green-Ratio

(Carracelas et al., 2024) Assesing crop health and investigating the effects if tension RE1/ (RE2 + 16-10) Re-ratio

on cholorophil and nitrogen changes in crop

Reference Application Equation Radar Indices
(Vreugdenhil et al., 2018) Sup_plemen@ry index in region with high cloudiness that W W
optical sensing have error and disorder
. To monitor vegetation cover growth, specifically in the
(Vreugdenhil et al., 2018) periods that biomass is enhancing VH VH
(Vreugdenhil et al., 2018) To differentiate cultivation methods or monitoring VWIVH \WV-VH-Ratio
phenology stages
Reference Application Equation Termal Indices
(Chenetal., 2024) Dls_playlng land surfac_e temperature for detecting cities/ ~ Mean Land surface Temperature in period Mean LST
agricultural hot/cold regions of time
(Mohamed et al., 2020) :gsgit(;fr?/mg hot regions and pontential areas for thermal Maximum Land surface Temperature Max LST
(Vani et al., 2018) Identifying cold regions Minimum Land surface Temperature Min LST
N I . TVDI = (Mean_LST - Min_LST)/
(Abderrazak et al., 2002) Estimation of soil moisture and dryness tension (Max_LST - Min_LST) TVDI
Displaying vegetation’s termal condition and relative soil VTI = (Mean_LST - Min_LST)/
(Zheng etal,, 2024) misture (Max_LST - Min_LST) VTl
(Aliabad et al., 2024; Yin et cEr‘]’:r:;Z““g thermal capacity and day and night temperature DeltaT = MODIS_Day C - Delta T (MODIS
al., 2014) Detecting regions with high thermal exchange MODIS_Night C day-night)
oo gosts .F .Y
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Table 2. General characteristics of pilots

Region Crop Class Y X
Ramshir 3416588 340511
Shadegan Date-Palm 3396840 278971
Mahshahr Port 3406409 333194
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Figure 2. The Importance of the spectral, radar, and thermal indicator groups in identifying date palm plantations
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Figure 3. The confusion matrix of the training and test data for the reference date-palm pixels
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Table 4. Accuracy results of the machine learning models in identifying date-palm plantations

ML Train Test
. F1- Overall Kappa . F1- Overall Kappa
Model Precision  Recall score Accuracy Coefficient Precision  Recall score Accuracy Coefficient
Random
Forest 0.98 0.99 0.99 0.95 0.95 0.99 0.99 0.99 0.95 0.94
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Table 5. Comparison of the estimated cultivated area based on machine learning models with the actual value

Area estimation Date Bias
Actual Area 19755.26 0.101
Random Forest 21764.553 )

3 varcon-areani subBasin
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Figure 4. Spatial distribution of date palm plantations in the Maroon—Jarahi Basin based on the Random Forest model
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Cawlyld

g 0
. Google Earth Engine (GEE)
SAR
. Surface Reflectance
. COPERNICUS/S2_SR_HARMONIZED
. Ground Range Detected
. Interferometric Wide Swath
. Descending
. Median Composite
9. Training Samples
10. Google Earth Engine
11. Ensemble Classification Methods
12. Bagging
13. Boosting
14. Un-pruned
15. Out-of-Bag or OOB
16. CART
17. GINI Index
18. Confusion Matrix
19. Kappa coefficient
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