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Monitoring agricultural lands and estimating crop area are essential
components of water resources management and agricultural planning
in semi-arid regions. This study aimed to evaluate the capability of
multi-temporal optical and radar satellite data for classifying summer
and autumn crops in the Qazvin irrigation network. For this purpose,
time-series satellite images corresponding to key crop growth stages
were processed, and the performance of five machine learning
classification algorithms—CatBoost, LightGBM, Random Forest,
XGBoost, and Support Vector Machine (SVM)—was compared for
mapping major crops including corn, tomato, alfalfa, rapeseed, wheat,
and barley. The classification outputs were assessed using overall
accuracy and the Kappa coefficient. The results indicated that
boosting-based methods, particularly CatBoost with a Kappa
coefficient of 0.83 in summer and LightGBM with 0.85 in autumn,
provided superior performance in crop discrimination and reducing
pixel-level noise. In contrast, SVM, despite its acceptable statistical
accuracy, showed lower spatial coherence due to its sensitivity to noise
and over-estimation along field boundaries. The resulting crop maps
illustrated well-structured spatial patterns and enabled reliable
estimation of crop-specific cultivated areas. Overall, the findings
demonstrate that integrating multi-temporal radar and optical data with
advanced machine learning algorithms offers an effective and scalable
approach for regional crop mapping and agricultural monitoring.
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Figure 2. Spatial distribution of ground-sampled agricultural fields
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Table 2. Vegetation indices derived from Sentinel-2 imagery and used in the present study

Index Formula Application / Description Reference
NIR—Red The most common index for detecting vegetation health and density; used to Rouse et al.,
NDVI ; X . S
NIR+Red estimate agricultural crops and separate vegetation-related variability. 1973
NDWI Green—NIR Used to monitor surface moisture, distinguish water bodies, and estimate water McFeeters,
Green+NIR content in plants; useful for moisture-sensitive crops. 1996
NIR — Red i i i i i i
SAVI £l .25 Suitable for_ areas with sparse vegetation ar_wd expo_sed soil because it reduces soil Huete, 1988
NIR + 6+ Red —7.5+ Blue + 1 effects and improves monitoring accuracy in growing crops.
EVI (1+ L)(NIR — Red) More sensitive than NDVI to dense vegetation; does not saturate easily in high- Huete et al.,
NIR + Red + 1L cover areas and is sensitive to chlorophyll changes. 2002
SWIR — NIR Useful for identifying built-up areas and land-use changes; effective in
NDBI _— separating agricultural land from urban areas. Zha et al., 2003
SWIR + NIR
Green —Blue Used for mc_mltorlng flqwermg vegetation in some plants such as canola and sulik & Long.,
NDYI —_— some crops like corn/maize.
Green+Blue 2016
NIR — Green More sensitive than NDVI for detecting plant health and chlorophyll content; Gitelson et al.,
GNDVI T . Lo
NIR + Green used for precise monitoring of crop health. 1996

sl 5 sadzluwl ab sl asls Sentinel-2 ab sl Jols SleMbl oY ol ol o
Sl sl (63959 slaysio loisds 5 BAd oSy el 03 degeze Sy JB ,o Sentinel-1 (gl
e (5l 5 (Sl slvosly oS 5B )5 )13 02latuljge (659l Y gae (ganall (gl oedle (6 pS3L
Y game SS& g ololis cdy Wiy o alS ide (o)l 5 Lab sl Shy 5l JeSe cleMbl &)
23 Rl (a2 BB jsbas | (5)liS

IS (s lodings g Gosdstad .V .Y

A5 odlatwl Simple Non-Iterative Clustering (SNIC) w63l 5 cul o 4 4l Sy Juloo 51 Jlal jglaiedy
e 3,5 bl |y (Ked leb (e g (i (cloasls ululy alis oSy sitog)S b wiaysS
P &S able ol (olp K-means sadsc;llas o )6l cdlaie oS yidg 9 (gaudids glas  iald
j90] sbodly dcgerme 4 € pld (oM lgie cox sblie oyl b edlatul Ko oais bld adgl (6l paiges
Db Gili8l Lol gl oM S cds g 008 oy 1y Buayee ) jasais SUlg Jie b aas adlsl

(Feature Selection) o5 39 Wit .F .Y
(o )bly slayaslis g Sentinel-2 jl o i (sla yadls Jold) sddgzlpuiwl slajmdls YU poe @ 459 b
Mutual Variance Threshold ales ;| caliee (hg, Vol oolawl L Google Colab e j3 (S5g clbcsl asl,8
Permutation  [Extra Trees [Random Forest Importance (L1/L2 Logistic Regression dnformation

YO ol .S pll LightGBM Importance ¢ XGboost Importance ANOVA F-test Jdmportance

s ol wizsly b WwMS (gl a1y (i p b e &S S S

oy gunail ly oeile Sl Slae)eNl I adland)se adlaie ciS g Al A jslaied



P8 oguw 0 ylads ot 5L 0590 o s ylol 9 o Cu o o1 A

Llg) glyznl 5 gamiiz laosls oo 3 YU (2Uly Jdoar oudle (6p655b (slaet o0l 5 osliial (s lgale
S5o9uiS Y gae (lulid g 590 ) (loxiw Sldllas )3 0318 jobay (31 ladlo )3 b jusite lee oy
Random Forest Jols 5,8 p )6 o Giegh cpl o (Maxwell et al., 2018) wlas )3 1,8 sdlitwly g0
bl 9 gulS sla Sho b a8)S 8 kedly gandal ¢l SVM g XGBoost [LightGBM CatBoost

ol 04 a5 (V) Jgao 50 Lo o oyl 51 S5y 51 ol

Table 3. Characteristics and advantages of the classification algorithms used in the study

Algorithm Key Features Advantages in this Research Reference
Random Ensemble of decision trees; Majority voting;  Reduces overfitting; robust to non-linear data and .
. ; Breiman (2001)
Forest Random feature and sample selection multiple features
Optimal hyperplane for class separation; Kernel  Effective with limited training samples and complex Cortes & Vapnik
SVM . e .
functions usage decision boundaries (1995)
Gradient boosting with sequential tree building and  High accuracy; regularization control; handles Chen & Guestrin
XGBoost : 2 ;
error correction complex non-linear relations (2016)
LightGBM Gradient boosting with leaf-wise tree growth High training speed; lower memory usage; suitable Ke et al. (2017)
for large datasets
CatBoost Gradient boosting based on Ordered Boosting  Minimizes prediction shift and overfitting; stable Prokhorenkova et

mechanism

performance on complex data

al. (2018)
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Table 4. Accuracy assessment metrics used for evaluating crop classification results

Evaluat_lon Symbol / Formula Purpose in This Study Reference
Metric
Overall Accuracy _ Measures the overall proportion of correctly classified crop Congalton
(OA) OA = (TP + TN) / (Total Samples) pixels. (1991)
Precision Precision =TP / (TP + FP) Evaluates the reliability of positive crop class predictions. Powers (2011)
Re_cgill_ Recall = TP / (TP + FN) Measures the ability of the model to correctly detect each Powers (2011)
(Sensitivity) crop class.
F1-Score F1 =2 x (Precision x Recall) / (Precision +  Provides a balanced measure combining Precision and Dice (1945)
Recall) Recall.

Displays class-wise agreement and misclassification

Confusion Matrix ~ Matrix of Actual vs. Predicted Classes Stehman (1997)

patterns.
Kapp_a x= (Po— Pe)/ (1 — Pe) Assesses classification agreement adjusted for random Cohen (1960)
Coefficient chance.
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Table 5. Performance evaluation metrics of machine learning models for crop classification
Model Summer crops Autumn crops
Class Precision Recall F1 Class Precision Recall F1
Corn 0.8 0.92 0.85 Canola 0.945 0.942 0.943
Alfalfa 1 0.83 0.91 Alfalfa 0.958 0.95 0.954
Random Forest Tomato 0.79 0.73 0.76 Wheat / Barley 0.978 0.971 0.974
Bare land 0.91 0.91 0.91 Bare land 0.958 0.962 0.96
Orchard 0.93 0.85 0.89 Orchard 0.965 0.97 0.967
Other 0.94 0.79 0.86 Other 0.955 0.945 0.95
Corn 0.84 0.93 0.88 Canola 0.962 0.958 0.96
Alfalfa 0.86 1 0.92 Alfalfa 0.971 0.965 0.968
CatBoost Tomato 0.88 0.73 0.8 Wheat / Barley 0.985 0.978 0.981
Bare land 0.91 0.91 0.91 Bare land 0.968 0.972 0.97
Orchard 0.94 0.88 0.91 Orchard 0.975 0.98 0.977
Other 0.94 0.79 0.86 Other 0.965 0.96 0.962
Corn 0.82 0.9 0.86 Canola 0.95 0.948 0.949
Alfalfa 1 1 1 Alfalfa 0.96 0.952 0.956
LightGBM Tomato 0.78 0.7 0.74 Wheat / Barley 0.975 0.97 0.972
Bare land 0.91 0.91 0.91 Bare land 0.955 0.96 0.957
Orchard 0.94 0.88 0.91 Orchard 0.968 0.968 0.968
Other 0.88 0.79 0.83 Other 0.952 0.948 0.95
Corn 0.85 0.92 0.88 Canola 0.955 0.95 0.952
Alfalfa 0.86 1 0.92 Alfalfa 0.964 0.958 0.961
XGBoost Tomato 0.81 0.7 0.75 Wheat / Barley 0.979 0.972 0.975
Bare land 0.91 0.91 0.91 Bare land 0.96 0.965 0.962
Orchard 0.94 0.91 0.92 Orchard 0.97 0.972 0.971
Other 0.94 0.79 0.86 Other 0.958 0.952 0.955
Corn 0.8 0.88 0.84 Canola 0.91 0.905 0.907
Alfalfa 1 1 1 Alfalfa 0.925 0.918 0.921
SYM Tomato 0.78 0.7 0.74 Wheat / Barley 0.942 0.935 0.938
Bare land 0.83 0.91 0.87 Bare land 0.92 0.928 0.924
Orchard 0.94 0.88 0.91 Orchard 0.938 0.94 0.939
Other 0.94 0.84 0.89 Other 0.915 0.91 0.912
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Table 6. Comparison of overall accuracy and Kappa values for different models in summer and autumn

Model Autumn crops Summer crops

oce Overal Accuracy Kappa Coefficient Overal Accuracy Kappa Coefficient
Random Forest 0.87 0.84 0.85 0.81
CatBoost 0.87 0.84 0.87 0.83
LightGBM 0.88 0.85 0.85 0.81
XGBoost 0.85 0.81 0.86 0.83
SVM 0.86 0.83 0.85 0.81
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Figure 3. Autumn crop pattern maps generated by different machine learning algorithms in the Qazvin irrigation network
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Figure 4. Summer crop pattern maps generated by different machine learning algorithms in the Qazvin irrigation network
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Table 7. Comparison of official crop plan areas and estimated crop areas for major autumn crops

Model Wheat + Barley (ha) Canola (ha) Alfalfa (ha)
CatBoost 27205 2254 3369
LightGBM 28048 2098 3548
Random Forest 26087 2001 4562
SVM 29328 2294 2648
XGBoost 27787 2166 4070
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Table 8. Comparison of official crop plan areas and estimated crop areas for major summer crops

Model Tomato (ha) Alfalfa (ha) Maize (ha)
CatBoost 1693 2408 12800
LightGBM 1911 2719 12349
Random Forest 1906 2543 13001
SVM 3335 4935 10451
XGBoost 2179 3159 13057
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