Optimization and Validation of two Machine Learning Algorithms for Accurate
Prediction of Irrigated Wheat Yield in Khorasan Razavi Province

Introduction

This study undertook a detailed comparison of two supervised machine-learning algorithms—
Random Forest (RF) and eXtreme Gradient Boosting (XGBoost)—to predict irrigated wheat
yield across 20 counties in Razavi Khorasan Province. Both models were trained on 70 % of
the dataset (years 1383-1402) and tested on the remaining 30 %. Hyperparameter tuning was
performed via a grid search coupled with five-fold cross-validation.

Materials and Methods

The two algorithms were first trained and optimized using 70 % of the data (=14 years of data
per county) and then tested on the remaining 30 % (=6 years). Their hyperparameters were
tuned via grid search with five-fold cross-validation. Hyperparameter Tuning was performed
using Grid search over key parameters (e.g., number of trees n_estimators, maximum depth
max_depth, learning rate for XGBoost) with 5-fold cross-validation. Afterwards, both models
were evaluated and validated using RMSE (Root Mean Squared Error), R? (Coefficient of
Determination), MAE (Mean Absolute Error), Willmott’s d (Index of Agreement). Two
machine learning algorithms, Random Forest and XGBoost, were developed to predict wheat
performance at the district level. The performance values were initially predicted numerically
using regression and then divided into three distinct classes using statistical percentiles: Low:
Oth to 33rd percentile; Medium: 33rd to 66th percentile; High: 66th to 100th percentile. This
classification was based on both the actual and predicted values for each district. The results of
this classification are presented in the form of a confusion matrix for each model. Using three
indices—Aridity Index, Seasonal Intensity of Temperature, and Growing Degree Days—
districts in the province were clustered into three climatic zones. Then, wheat performance in
these zones was analyzed based on two models. In this study, the machine learning algorithms
Random Forest and XGBoost were implemented in Python 3.3 using the Scikit-learn library.
DataFrame preparation and the clustering of the province’s counties into climatic zones were
carried out using R 4.3.2 and ArcGIS 10.8.2.

Results and Discussion

Alghoritms Performance: On average, RF reduced prediction error by ~19 % (395 vs. 492
kg/ha RMSE) and achieved a slightly higher agreement with observed yields (d=0.467 vs.
0.419). Random forest showed Best RF Performance for Khalilabad (RMSE = 141.19 kg/ha,
MAE = 125.68 kg/ha, d = 0.37) and Bardeskan (RMSE = 187.69 kg/ha, d = 0.80); Worst RF
Performance was obtained for Quchan (RMSE = 667.65 kg/ha, d = 0.36) and Torbat-e
Heydarieh (RMSE = 581.33 kg/ha, d = 0.47). Best XGBoost Performance was obtained for
Torbat-e Jam (RMSE = 269.36 kg/ha, d = 0.77), Neyshabur (RMSE = 377.91, d = 0.78). Worst
XGBoost Performance resulted for Quchan (RMSE = 943.99 kg/ha, d = 0.25) and Torbat-e
Heydarieh (RMSE = 786.20 kg/ha, d = 0.39). In 6 out of 20 counties (Khaf, Mahvelat, Kalat-e
Nader, Kashmar, Chenaran, Fariman) both RF and XGBoost performed nearly identical errors
(ARMSE < 15 kg/ha), indicating similar predictive power under those local conditions.
Feature Importance: Daily Minimum Temperature (Tmin): Ranked #1 in RF’s importance
list; ranked #3 in XGBoost. Seasonal Tmin (TminGS): Consistently #3 in both models. Other
Key Predictors: Precipitation over the growing season (Prec, PGS), Growing Degree Days
(GDDGS), and Evapotranspiration (ETGS) all contributed substantially, though with 4th—8th
ranks markedly lower in RF than in XGB.



Classifiction of Yield into Three Performance Classes: Using percentile thresholds—Low
(0-33rd), Medium (34-66th), High (67—100th)—the models were also evaluated as classifiers.
Low-Performing Counties Needing Intervention Seven counties (35 % of the sample)- Quchan,
Torbat-e Heydarieh, Sarakhs, Kalat-e Nader, Gonabad, Neyshabur, Taybad- fell in the Low
performance class across both models. These areas should be prioritized for targeted agronomic
management and resource allocation.

Cluster-Based Insights: Counties were grouped into three agro-climatic clusters: Very Dry &
Hot (4 counties): RF outperformed XGB in all (e.g., Bardeskan, Khalilabad, Mahvelat,
Sarakhs). Semi-humid Cooler (6 counties): Mixed results-RF won in 4 (Chenaran, Kalat-e
Nader, Mashhad, Nishapur); XGB was slightly better in 2 (Fariman, Quchan). Warm Semi-arid
(10 counties): RF superior in 7; equivalence in Taybad & Torbat-e Heydarieh; XGB edged
ahead only in no counties here.

Conclusion: Overall, the Random Forest model showed better results for predicting wheat yield
in Razavi Khorasan province, especially in most counties. Although the XGBoost model has
higher potential for modeling complex patterns, Random Forest performed more accurately in
conditions of greater data dispersion. In conclusion, the results of this study emphasize that by
utilizing climatic and agricultural data, machine learning algorithms can be optimized to not
only achieve high accuracy but also provide a clear analysis of the role of each variable in wheat
yield.
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Table 2 - Climatic and Agronomic Variables Used in Wheat Yield Prediction Algorithms in Khorasan
Razavi Province
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Table 3 - Comparison of Two Optimization Approaches for Machine Learning Algorithms in Wheat
Yield Prediction
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Table 4 - Evaluation and Validation Metrics for Random Forest and XGBoost Algorithms in
Predicting Irrigated Wheat Yield in Khorasan Razavi Province, Before and After Optimization

ModelStatus/Evaluation Metric Jue cuxsg/ byl suze RMSE  R? MAE d
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XGB (Befor Optimization) (s b aug 3 i) G s> -l 499.93  0.063 413.02 0.46
XGB (After Optimization) (sl «.g: 5l ) Covs s ~o! 492.21  0.074 408.09 0.42

33 )Me 4y (Son g 55 0305 Al Al Hler e 41 Lot Sl 50k o (sl ey Jde 5l ang
%J#QM‘)(QM)&|}'up}'l.faj'.?-du.)&Ej)‘dh)@(W‘@ﬁ@m&‘dh&jb%.:‘)ﬂb’é‘rﬂ}h
s 0355 (s b 3,55, 51 5 ) ok (5l atg o 025 830 @ bgy o ol aalsl s ¢l ol 50 3 gogy ok
s Ol b ST 22991 99 53 o S T 29 b

Cool S8 9 b G Slals sad codliplanil (6la s Ry BV () 2 5 pile S 3k sdda 5, 5l g oS5 )
Al (T JS2) 50 Sy es o (Simns ol sl e o s T JS8) (o) sl ) 10 S35
Lk 5 e 2 WSS 5 a5y Joe 55 8 (sl 9 KK 4 Ol e

S 3B P9y Jao 33 (T 39 (i o) w9 3lo & 599

OLE o )b pliy Jibo ol 15 08 5 Slae y F50 (SS5 0058 5 (ooeldl (sla S50 5 o bl Comnl 55 ) IS
Cmtl olie S, 5 0815 (s sl3 505 o 5 lodd (5 n Coly & G S Cmtl (80 bl ba (S35 s oo
ol T 5 Jal 5l alos SOy ol aunr 5 ' iln a0 5o 5 ot S oy e 4 ol (S35 K sl
CrOSS-sla ) S5 55 Hee) Calien (sladi yod 53 (S 505 o Cometl lubiie GoliasOlii cla O g Joils &Ky ol Lli

! Median
2|1QR



WS (o3 gdomn S5 3 S el gl ol e &G s Ll opl By (Aies o305 gl i3w 5 ow s LVAlIDatioON
63U 5 Ol g5 ek (Calisen (Slads gai ) Calies Lol 5 55 e 0T Cvadl 457 s o QLS clodd Ji3n Y gmee JS7 )5
Sces;&lﬂ)\C,\.:Q.Alvfjii::)b.a):)(,.@.«g_slzﬁ-boT:)\jﬁ?ﬁ):;jw&l‘gg.,_@J.ucjii.ac))l_.p‘\.}o)\:

AL L iz b b ok SOl b ¢ Jaad ST it (el Ll 5 1 (AU il e
Il 5 Ayl B 15 sad o Camw 3 il gy i Glos 5 ()l 4 53 U3 9 Jad Sl iy b Jgb Al sl e
02 S 5l Crenl ke o8 s gr LS a5 ol (VL -G53 5L 5 (sligy s 5 Sile s Do o
Sk 5o SH ¢ S jasla dsle gla S5 ¢ blie 53 ol S et oV o 5303 28 ) bty (il (slad g
47 s r OLES ety Joa > Shas (2 ey 03 505 8B ol Sl s Sl sk 0 (ST L) Joad (b
Ol g 0diasOlis sl blis Fusl, blacils ol s 5 o L;,:vs’u:_.g,;i: la S35 ol cde slayl ST LIel s
4;,5@;}.\.@,M&ju\;)gf_};,@wmu&;\ij@ﬁpj.\supbw;ﬁ,.wwﬂdﬁ,;wl
Fo3 b s b gl e S Sl 53 il asls (ol Loyl i b SSG Cond s 0 piie  Saals eiasOl sy o b

e Coanl js SYL O sasOlis Wiy Juad b oacio les g s Juad Jsb i

12
Rad Lina: Madian
Black Box: IR (25%-75%)
1.0 -
=
=
2
+
0.8 —- - (.
@
3
e
8 06
o
<3
E
o
o
N
2
$
S 04
g
7]
0.2 e
0.0
-0.2

GSL s Tmax Tmean NPGS GDD Tmin TmeanGS ET TminGS NDO30 TmaxGS ETGS GDDGS Al Prec PGS

Feature (Sorted from left to right by average importance)

Distribution, Median (Red Line), and IQR (Black Box) of Standardized Feature Importances in Random Forest Model

)b("k“f’jgwu“?’g}:‘ﬁC—‘ﬁ"C““”)br}"\")("::’.)}g‘)"(u;}i}‘;‘:""ﬁ‘)w.}i"‘a’@)jd}jﬁﬁéu)bw_‘ J&:A
.(@‘aﬂa:)}Thu:))}:‘}auféqY djb):hj}f-)&\{cf;) Ls_}‘*é) Qwa?— QLZW\

Figure 1 — Violin plots of SHAP value distributions (feature importance) in the Random Forest
algorithm for predicting wheat yield in Khorasan Razavi province. (A complete description of the
.(features is provided in Table 2 in the Materials and Methods section

Sl 2l Joo 33 (B F 59 (o o) o 330 & 399
Lo (8 ST il 5 1 a3 as on Sl Sy ST e 3 1) L it sl Il Comsl 55 Y IS
.AJ'G.’\..:&T,JJAW“* ‘uziv‘.:awb‘ﬂuk;‘k)C_«ﬂ‘(}.ﬁjd)‘s)‘e—wd-ébevu-’du‘Lyﬂwjbg.”‘M-’dmf}



Standardized Importance

04 -

02

13 308 e Can 53 &l 55 aldios Slos 9 (D)l 4 53 O3y o D (il S g5 aaS Glos (i) fuad J b Al ola st
oS w55 b s o L83 1y Copmal ebans oy 5Vl T iy Jodh b ki 031 9 eciien S0l Cmal o 25 61,15 5
(i) S dom s o (S et li b ols e 3 )ls Caltbes (8 gad o 53 OT Il 30 31 0lis 487 (y some @YU 155 s
il (oS T el e a3 315 ol (sla e 53 baesls S a5 L g ils 13 oy Comn s by b (b S0
J'uf\ﬁg:lfu;}l_wd\qv;’ﬁ YL Glas b slajgy slua b B o 5 ,ed by Juad (b ataS glos dSle s jine & 5 5o
Ll o ol ol i ladipes m 3 L S5 opl Casenl (YL DUl s KL g5 515500 0953 blis az 5 JulS (53 gas
2245 gyt 51 (6ol (5l wlen 3lie Bl OT Jloj Sl b Jams jite Ll 4 o dils Sl I (ST
UJM&MM)J‘\?-PEU‘)M&Q—:ﬁlﬁ'ém‘v‘-@)&é&Jﬁ'};éw’Ji“‘vﬁ‘av\-?é‘ﬁj‘ﬁﬁjﬂ-ﬂﬁ“:’u
4{L\j@ggﬁ_{zﬂ;lﬁacjﬁJ:.laj.:JlsJAJQL:“_&):L@TM)Q\:.«ULB)!Q\_&}c\f:)bJ\Jé~/5‘L2~/b weSesy
,;L;ﬂfr:‘_dL;\,.&L;?,a;;&JHu5,§;g5uJM,;H;f;ﬁwjut;\f,;‘ud.\:lf&lfGit_wl;_.:

28T el g ol sl nl

[Red Lina: Median
Black Box: IQR (25%-75%)

% RPN BIOEL 3

[ T I
GSL Tmin TS Trax Tmean NPGS TminGS ET NDO30 ETGS TmeanGS  GDDGS TmaxGs Prec PGS GDD Al

Feature (Sorted from left to right by average importance)

Distribution, Median (Red Line), and IQR (Black Box) of Standardized Feature Importances inXGBoost Model

3 Ses e S Sy SOl e s eds 4 SIS sl S Caenl S ms b i slalase Y K
(Q‘aﬂeéJ}TuLﬁjJ})‘}awYd}b).llh;kj&gcj&))Ls‘)..p) QLN‘J} Qt&.ﬂ‘))(‘lw\‘\f

Figure 2 — Violin plots of SHAP value distributions (feature importance) in the XGBoost algorithm
for predicting wheat yield in Khorasan Razavi province. (A complete description of the features is
.(provided in Table 2 in the Materials and Methods section
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Figure 3 — Correlation coefficients, p-values, density distributions, and clustering of the top ten most
influential features on wheat yield in Khorasan Razavi province using the Random Forest algorithm
(left) and XGBoost algorithm (right). (A complete description of the features is provided in Table 2 in
.(the Materials and Methods section
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Figure 4 — Relative importance of features influencing wheat yield prediction in each county using the
Random Forest model (based on standardized data). (A complete description of the features is
.(provided in Table 2 in the Materials and Methods section
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Figure 5 — Relative importance of features influencing wheat yield prediction in each county using the
XGBoost model (based on standardized data). (A complete description of the features is provided in
Table 2 in the Materials and Methods section).
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Figure 6A — The final decision tree generated by the Random Forest model for Mashhad county.

Number of rainy days during the growing season (NPGS), evapotranspiration during the growing
season (ETGS), precipitation (PREC), and daily maximum temperature (Tmax)
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Figure 6B — The first tree structure generated by the XGBoost model for Mashhad county.
Daily minimum temperature (Tmin), average daily temperature (Tmean), and growing season
length (GSL)
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Figure 7 — SHAP (violin) plots of the relative importance of features in the optimized Random Forest

model (left) and XGBoost model (right) for predicting wheat yield in Mashhad county. (A complete
description of the features is provided in Table 2 in the Materials and Methods section).
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Figure 8 — Decision SHAP plots for predicting wheat yield in Mashhad county by the Random Forest
model (left) and XGBoost model (right)
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Figure 9 — SHAP Partial Dependence (DPD) plots for the Random Forest model (top) and XGBoost
model (bottom) in predicting wheat yield in Mashhad
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Table 5 — Four evaluation metrics of the Random Forest and XGBoost algorithms in predicting
wheat yield in Khorasan Razavi province, broken down by county

Torbat-E-Jam 0.13 0.34 269.36 312.61 211.48 308.78 0.77 0.71
Neyshabur 0 0.33 377.91 343.82 298.37 232.39 0.78 0.59
Mahvelat 0 0.16 481 344.22 441.6 329.94 0.71 0.69
Fariman 0 0.07 205.41 314.79 175.52 253.8 0.62 0.75
Bardeskan 0 0.05 387.03 187.69 341.11 149.23 0.6 0.8
Chenaran 0 0.05 410.79 281.64 317.07 202.42 0.59 0.62
Kashmar 0 0 472.61 217.93 424.28 164.5 0.51 0.56
Gonabad 0 0 683.93 444.72 579.88 372.6 0.46 0.55
Taybad 0 0 455.4 521.03 380.93 473.99 0.44 0.52
Mashhad 0 0 223.05 454 167.03 350.58 0.43 0.51
Torbat-E 0 0 786.2 581.33 685.32 505.85 0.39 0.47
Daregaz 0 0 678.69 432.65 484.36 388.38 0.38 0.44
Sabzevar 0 0 465.75 345.44 311.6 234.95 0.35 0.44
Khalil Abad 0 0 247.96 141.19 221.54 125.68 0.33 0.37
Quchan 0 0 943.99 667.65 797.74 622.39 0.25 0.36
Roshtkhar 0 0 515.13 352.85 415.8 285.01 0.2 0.18
Sarakhs 0 0 663.58 622.78 551.74 532.25 0.08 0.11
Kalat-E-Nader 0 0 464.9 609.82 413.58 450.16 0.06 0.1
Khaf 0 0 619.28 331.28 534.82 315.66 0.02 0.1
Mean 0.0068 | 0.0526 492.21 395.13 408.09 331.5 0.4194 | 0.4668
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Note: The comparison of both models in the counties is based on the evaluation metrics of Rz and d for the Random Forest
model (the index values are ordered in ascending order, and the counties are arranged in descending order of importance)
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Table 6 — Ranking of counties based on the accuracy and performance of the optimized model
according to evaluation metrics and validation in the two models, Random Forest, XGBoost, and their
average (rank listed on the left side of the county)

1 Khalil Abad 2 Khalil Abad 1 Khalil Abad

2 Bardeskan 1 Bardeskan 2 Bardeskan

3 Kashmar 3 Kashmar 3 Kashmar

4 Chenaran 4 Chenaran 4 Chenaran

5 Fariman 5 Fariman 5 Fariman

6 Sabzevar 8 Sabzevar 7 Sabzevar

7 Khaf 10 Khaf 10 Khaf

8 Mashhad 6 Mashhad 12 Mashhad

9 Torbat-E-Jam 12 Torbat-E-Jam 8 Torbat-E-Jam
10 Roshtkhar 13 Roshtkhar 9 Roshtkhar

11 Mahvelat 11 Mahvelat 11 Mahvelat

12 Daredaz 9 Darenaz 14 Daredaz

13 Tavbad 7 Tavbad 15 Tavbad

14 Nevshabur 15 Nevshabur 6 Nevshabur

15 Gonabad 17 Gonabad 13 Gonabad

16 Kalat-E-Nader 16 Kalat-E-Nader 16 Kalat-E-Nader
17 Sarakhs 14 Sarakhs 18 Sarakhs

18 Ouchan 18 Ouchan 19 Ouchan

19 Torbat-E Hevdariveh 19 Torbat-E Hevdariveh 17 Torbat-E Hevdariveh
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Figure 8 — Confusion matrix of the Random Forest algorithm (right) and XGBoost algorithm (left) in
classifying wheat yield in Khorasan Razavi province
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Table 7 — Summary of Accuracy, Precision, Recall, and F1 score for the two algorithms in classifying
wheat yield in Khorasan Razavi province

Jow e Sk S8 it F1-Score
Model (%Accuracy) (%Precision)  (%Recall) (%0)
Random Forest S 5eli 68.9 78.0 68.9 67.7
XGBOOSt ey ! 69.8 73.8 69.8 66.8
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Wheat Yield (Actual & Predicted) F1 Score by Model
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Figure 9 — Actual and predicted wheat yield values by Random Forest and XGBoost in Khorasan
Razavi province, along with the F1 score for each model and county
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Table 8 — Error analysis of the two algorithms, Random Forest and XGBoost, in predicting wheat
yield classification in Khorasan Razavi province
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Table 9 — The best model for predicting wheat yield in Khorasan Razavi province based on the
clustering of counties in the three climatic regions

City Cluster  Better Model
Neyshabur 2 RF e s,
Chenaran 2 RF w65,
Quchan 2 XGBew g o oSS
Gonabad 3 RF w65,
Torbat-e-Jam 3 RFclp 50,
Sabzevar 3 RF e lp 50,5
Roshtkhar 3 RF-. e
Daregaz 3 RF . 6 s,




City Cluster  Better Model

Bardeskan 1 RFcw 6o,
Khalil Abad 1 RF w65,
Mahvelat 1 RF e lp 50,
Sarakhs 1 RF w65,
Fariman 2 XGBew gy o oSS
Kalat-E-Nader 2 RF w65,
Mashhad 2 RF w65,
Torbat-E Heydarieh 3 Equal
Taybad 3 Equal
Khaf 3 Sy op g ki
Kashmar 3 o )b 5
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1 Hyper-arid climate with high temperature variations and a very hot and long growing season.
2 Semi-arid to semi-humid climate with low temperature variations and a cooler and shorter growing
season.

3 Warm semi-arid climate with moderate temperature variations and a relatively warm and long
growing season.

bedlowt| b A 3I5 gy o 33 5 015 a5 1 g 58 BB 5l 0355 4 by e sla s s 85 b 65 gy 1 g Ja 53
).sLg}:fv._m..ajLgLAM)sa:l.é.:u\d\ﬁjwtﬁd\gf.U\}S@J.LnJ\c@)lép.k.l)j&é:k;.\}l:JSL.:«A{A;-}J
L (s 2SI (108wl (1) YUs Shee b (sladkiw gd olalis & Jul 5 5505 54 (bl (55,58 o) s
sla LSJ:?MA”}:‘SA ;;_.v)lérj.\;) Jube el ails el (@wowuﬁdlﬁ)wpﬂw\i&uouﬂ_&
LS r.a:\)s S
S8
oo 4y (a s o b B 3 lgta s b o8558 5 A e Cislae L g Bl (Sla A ST e
(Sl gdge wotige GBT Ol 31 358 oo Sla,u dliwy pla a8 Sl ol 5l VL F/0Y/YY o pnmae Y/PFYOF
.r)‘)iodl:;—ﬂ cisls Hl s slasl ys 3L :)}»(-ls sla a:\:owv;;.ér.f«f‘dj}j;\})f‘ MJ\L;.«\:J)K&}}»TJJB
References
. Aslan, M. F., Sabanci, K., & Aslan, B. (2024). Artificial intelligence techniques in crop yield
estimation based on Sentinel-2 data: A comprehensive survey. Sustainability, 16(18), 8277.
RePEc:gam:jsusta:v:16:y:2024:i:18:p:8277-:d:1483971
. Asseng, S., Ewert, F., Martre, P., Rétter, R. P., Lobell, D. B., Cammarano, D, et al. (2015). Rising
temperatures reduce global wheat production. Nature Climate Change, 5(2), 143-147.
https://doi.org/10.1038/nclimate2470
. Belete, Y.S. 2024. Wheat Yield Prediction Based on Random Forest Method. Preprints.org

(www.preprints.org) NOT PEER-REVIEWED Posted: 24 February 2025.
https://doi.org/10.20944/preprints202502.1837.v1


https://doi.org/10.1038/nclimate2470

4. Dhillon, M. S., Dahms, T., Kuebert-Flock, C., Rummler, T., Arnault, J., Steffan-Dewenter, I., &
Ullmann, T. (2023). Integrating Random Forest and crop modeling improves the crop yield prediction
of winter wheat and oil seed rape. Frontiers in Remote Sensing, 3, 1010978.
https://doi.org/10.3389/frsen.2022.1010978

5. Everingham, Y., Sexton, J., Skocaj, D., Inman-Bamber, G. (2016) Accurateprediction of sugarcane
yield using a random forest algorithm. Agronomy Sustain Dev 36(2): 1-9. https:// doi. org/ 10.
1007/s13593- 016- 0364-z

6. Farhadi, M., Bannayan, M., M.H. Fallah, Jahan, M. (2024). Identiication of climatic and management
factors inluencing wheat’s yield variability using AGQMERRA dataset and DSSAT model
across a temperate region. Discover Life, https://doi.org/10.1007/s11084-024-09651-8

7. Gheysarbeigi, S., Pir Bavaghar, M., Valipour, A. (1403). Forest Aboveground Biomass Estimation
Using Satellite Imagery and Random Forest Regression Model. Geography and Environmental
Sustainability, 14 (1): 85-100. DOI:10.22126/GES.2024.9971.2715

8. Hatfield, J. L., & Prueger, J. H. (2015). Temperature extremes: Effect on plant growth and
development. Weather and Climate Extremes, 10, 4-10. https://doi.org/10.1016/j.wace.2015.08.001

9. IPCC, 2022. Sixth Assessment Report. Available Online at:
https://www.ipcc.ch/site/assets/uploads/2022/04/AR6_Factsheet April_2022.pdf

10.Jhajharia, K., Mathur, P., Jain, S., & Nijhawan, S. (2023). Crop yield prediction using machine
learning and deep learning techniques. Procedia Computer Science, 218, 406-417.
https://doi.org/10.1016/j.procs.2023.01.023

11.Khodabandehloo, E., Azadbakht, M., Radiom, S., Ashourloo, D., Alimohammadi, A. (1400).
Prediction of Wheat Fusarium Head Blight Severity by Using Random Forest. Iranian Remote
Sensing & GIS, 13(4). 1-44.

12.Khodjaev, S., Bobojonov, I., Kuhn, L., Glauben, T. (2025). Optimizing machine learning models
for wheat yield estimation using a comprehensive UAV dataset. Modeling Earth Systems and
Environment, 11:15. https://doi.org/10.1007/s40808-024-02188-9

13.Krishnadoss, N., Ramasamy, L.K. (2024) Crop yield prediction with environmental and chemical
variables using optimized ensemble predictive model in machine learning. Environ Res Commun
6(10): 101001. https://doi.org/10.1088/2515-7620/ad7e81

14.Monavar Sabegh, S., Zare Haghi, D., Samadianfard, S., Neishabouri, M.R., Mikaeili, F. (1402).
Estimation of Daily Reference Evapotranspiration Using Random Forest Optimized by Genetic
Algorithm. Water and Soil Science, 33(4): 33-53. DOI: 10.22034/ws.2021.48756.2449

15.Nayak, H.S., Silva, J.V., Parihar, C.M., Krupnik, T.J., Sena, D.R., Kakraliya, S.K., Jat, H.S., Sidhu,
H.S., Sharma, P.C., Jat, M.L., et al. (2022). Interpretable machine learning methods to explain on-farm
yield variability of high productivity wheat in Northwest India. Field Crop. Res. 2022, 287, 108640.
https://doi.org/10.1016/j.fcr.2022.108640

16. Oghnoum, M., Feghhi, J., Makhdoum, M., Moghaddamnia, A., Etemad, V. (1398). Land capability
evaluation of afforestation using Random Forest algorithm (Kan Watershed, Tehran). Journal of Forest
Research and Development, 5(3): 387-403.

17.Pang, A., Chang, M.W., Chen, Y. (2022). Evaluation of Random Forest for Regional and Local-Scale
Wheat Yield Prediction in Southeast Australia. Sensors 2022, 22, 717.
https://doi.org/10.3390/s22030717

18.Peel, M. C., Finlayson, B. L., McMahon, T. A. (2007). Updated world map of the Képpen—Geiger
climate classification. Hydrology and Earth System Sciences, 11(5): 1633-1644.
https://doi.org/10.5194/hess-11-1633-2007

19.Remman SB, Lekkas AM (2021) Robotic lever manipulation using hindsight experience replay and
shapley additive explanations. 2021 European Control Conference (ECC).
https://doi.org/10.23919/ecc54610.2021.9654850

20.Roell, Y. E., Beucher, A., Mgller, P. G., Greve, M. B., & Greve, M. H. (2020). Comparing a Random
Forest based prediction of winter wheat yield to historical yield potential. Agronomy, 10(3), 3.
https://doi.org/10.3390/agronomy10030395



https://doi.org/10.3389/frsen.2022.1010978
https://doi.org/10.1016/j.wace.2015.08.001
https://www.ipcc.ch/site/assets/uploads/2022/04/AR6_Factsheet_April_2022.pdf
https://doi.org/10.1007/s40808-024-02188-9
https://doi.org/10.1088/2515-7620/ad7e81
https://doi.org/10.3390/s22030717
https://doi.org/10.23919/ecc54610.2021.9654850
https://doi.org/10.3390/agronomy10030395

21.Sadeghi, M., Ahmadi Nadoushan, M. (1400). Modeling Soil Nitrogen Using Remote Sensing,
Regression and Random Forest Models. Journal of Water and Soil Resources Conservation (WSRCJ),
11(2): 97-111. DOI: 10.30495/WSRCJ.2021.19216

22.Shahabi, S., Azarpira, F., Barzkar, A. (1399). Estimation of Daily and Weekly Evapotranspiration
Using Hybrid Approaches of Soft Computing. Iranian Journal of Irrigation and Drainage, 5(14): 1550-
1561.

23.Shen, Y., Mercatoris, B., Liu, Q., Yao, H., Li, Z., Chen, Z. (2024). Use Self-Training Random Forest
for Predicting Winter Wheat Yield. Remote Sens., 16, 4723. https://doi.org/10.3390/rs16244723

24.Si, Z., Qin, A,, Liang, Y., Duan, A., & Gao, Y. (2023). A Review on Regulation of Irrigation
Management on Wheat Physiology, Grain Yield, and Quality. Plants, 12(4), 692.
https://doi.org/10.3390/plants12040692

25.Vieira, H. V., Bradford, B. Z., Osterholzer, A., Peirce, E. S., Cockrell, D., Peairs, F., et al. (2025). A
new growing degree-day phenology model for wheat stem sawfly (Hymenoptera: Cephidae) in
Colorado wheat fields. PLoS ONE, 20(4), e0320497. https://doi.org/10.1371/journal.pone.0320497

26.Slafer, G. A., Savin, R., Sadras, V. O., & Calderini, D. F. (2023). Wheat yield improvement:
physiological and agronomic basis. Field Crops Research, 291, 108757.
https://doi.org/10.1016/j.fcr.2023.108757

27.Soleimannejad, L., Bonyad, A.E., Naghdi, R., Latifi, H. (2018). Classification of quantitative
attributes of Zagros forest using Landsat 8-OLI and Random Forest algorithm (Case study: protected
area of Manesht forests). Journal of Forest Research and Development, 4(4): 415-434.

28.Soltani, M., Jahan, M., Yaghoubi, F. (2024). Evaluation of power and accuracy of AgMERRA and
ERAJ5 dataset to simulate long term data for temperature and radiation in grat Khorasan province.
(Under referee process)

29.Taiz, L., E. Zeiger, I. M. Moller, et al. (2018). Fundamentals of plant physiology. New York, USA:
Oxford University. Press. ISBN 978160535790

30.Ting, K.M. (2011). Confusion Matrix. In: Sammut, C., Webb, G.I. (eds) Encyclopedia of Machine
Learning. Springer, Boston, MA. https://doi.org/10.1007/978-0-387-30164-8 157

31.Yaghoubi, F., Bannayanm, M., Asadi, G. (2020). Performance of predicted evapotranspiration and
yield of rainfed wheat in the northeast Iran using gridded AgQMERRA weather data. International
Journal of Biometeorology 64:1519-1537 https://doi.org/10.1007/s00484-020-01931-y

32.Wang, Z., Li, S. (2002). Effects of water deficit and supplemental irrigation at different growing
stages on uptake and distribution of nitrogen, phosphorus, and potassium in winter wheat. Journal of
Plant Nutrition and Fertilizers, 8(3), 265-270. https://doi.org/10.11674/zwyf.2002.0302



https://doi.org/10.3390/rs16244723
https://doi.org/10.3390/plants12040692
https://doi.org/10.1371/journal.pone.0320497
https://doi.org/10.1016/j.fcr.2023.108757
https://doi.org/10.1007/978-0-387-30164-8_157
https://doi.org/10.1007/s00484-020-01931-y
https://doi.org/10.11674/zwyf.2002.0302

