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Introduction \

Com is a strategic crop in the Qazvin plain, playing a vital role in food secutity, farmers” income, and regional
agricultural development. Its adaptability to diverse climatic conditions and\a wide rangesof applications in human
consumption, livestock feeding, and agro-industrial processing have consolidated its importance in the province.
However, increasing climate variability has presented significant challenges fogstistaining productivity, underscoring
the need for reliable yield forecasting and effective adaptation strategies. \This :t&‘evaluates the potential impacts
of climate change on forage corn yield in Qazvin through an integrative framework that combines climate modeling
with machine learning techniques. Unlike convefitional approaches telying on a single general circulation model
(GCM) or a single statistical algorithm, the proposeéd method emploﬁgrclultiple GCMs and an ensemble of machine
learning algorithms to reduce uncertainties and improve predictive accuraey. Cliimate projections were merged through
a weighted ensemble approach, while crop yield forecasts were‘/%vated usingicombined machine learning models,
which enhanced the stability and teliability of results; The findings demonstrate that the integrative framework
substantially outperforms single-modelapproaches in terms of accuracy and robustness. By addressing both climatic
and methodological uncertainties, this research provides valuableinsights into the potential effects of climate change
on forage corn production in the Qazvin plainyMoreoverythe study highlights the practical importance of ensemble-
based approaches in sUipporting regional decision-making for sustainable agricultural management. Overall, the
proposed methodology \contributes to advaneing crop yield prediction under changing climate conditions, with
significant implications forfood security and agricultural resilience at the regional scale.

Materials and Methods

In this studymebservatignaldata,on corn yield“and monthly climatic variables, including minimum and maximum
temperature, precipitation, %eference evapotranspiration, were employed for the period 1986-2014. After data
cleaning and normalizatb\t:‘le baseline dataset was randomly divided into training (70%) and testing (30%) subsets
to prevent modelbias and enhance generalizability.

For the Random\Forest model, 145 decision trees were generated. The number of trees was selected to achieve a
balance betwee‘:;&dictive accuracy and computational efficiency. The Artificial Neural Network (ANN) model was
designed withya single hidden layer containing 33 neurons. A linear activation function was applied to the neurons,
and the maximum, number of training iterations was set to 1000. Input variables were identical to those of the Random
Forest model, and the ANN was trained using the nnet library in the R environment.

In the Support Veetor Regression (SVR) model, a radial kernel was utilized. The penalty parameter (cost) was set to
6, and the e-insensitive loss function was assigned a value of 0.5. The input variables included minimum and maximum
temperature, precipitation, and reference evapotranspiration. Model training was carried out to minimize prediction
erTor.

Following the training phase, model performance was evaluated using the testing dataset and standard statistical
indicators. Finally, the outputs of the three models were combined to construct an ensemble framework, which
provided the most accurate yield estimates based on the lowest Root Mean Square Error (RMSE).



Results and Discussion

The results indicate that both minimum and maximum temperatures are projected to increase in future periods
compared to the baseline. Specifically, the change in minimum temperature during 2026-2050, relative to the baseline,
is projected to be +2.63 °C under SSP2-4.5 and +2.88 °C under SSP5-8.5. Similarly, maximum temperature is expected
to increase by +1.60 °C under SSP2-4.5 and +2.24 °C under SSP5-8.5 over the same period.

Precipitation, on the other hand, is projected to decline in the coming decades. The reduction during 2051-2075,
relative to the baseline, is estimated at —38.18 mm/year under SSP2-4.5 and —23.14 mm/year under SSP5-8.5.

In contrast, reference evapotranspiration (ETo) is projected to rise in future periods. Thésincrease during 20762100,
relative to the baseline, is estimated at +158.31 mm/year under SSP2-4.5 and +275.73 mm/year under SSP5-8.5.
These findings highlight a consistent warming trend accompanied by decreased precipitation and enhanced
evapotranspiration in the Qazvin plain, which together may intensify water stress and increase the wulnerability of
corn production under future climate scenarios. \

The results indicate a declining trend in corn yield under both climate scenarioshin fature periods. The greatest
reduction was observed under SSP5 8.5 during 20762100, with about a 20% decrease,mhile the smallest reduction
occurred under SSP2 4.5 in the same period, with nearly a 5% decrease. These ﬁndin‘ggdghlight the significant
impact of climate change on corn production sustainability in the Qazvin plain.

Conclusion

The findings of this study demonstrated that the ensemble approach, integrating multiple climate models with machine
learning algorithms, significantly improves the accuragy and robustness of corn yield predictions compared to single-
model approaches. Future climate scenarios indicate"a‘consistent incréase in minimum and maximum temperatures, a
decline in precipitation, and a consequent reduction in cern yh% trendspthat could exacerbate water stress and
challenge the sustainability of agricultural production inythe Qazvinplain.

Accordingly, the development and|implementation of adaptive strategies are crucial for mitigating the potential
impacts of climate change. Key meagsures include the sustainable management of water resources, the adoption of
climate-resilient corn varieties, the application of advanced agricultural technologies, and the integration of predictive
and early-warning systems into Tegional agricultural“planning. Implementing these strategies can enhance the
resilience of corn production, safeguard foed security, and ensure the long-term sustainability of agriculture in the
Qazvin plain.
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Table 1. Evaluation of minimu perature, precipitation and evapotranspiration

. Genera}l Root Mean . Megn Mean
Variable Clrcula‘ Square Error Directional Absolute
Mode Error Error
Parameter RMSE MBE MAE
2.67 1.5 2.22
Minimum 2.45 1.5 3.67
um 2.66 1.6 2.22
temperl"C) 2.66 1.3 1.86
2.19 14 1.84
2.69 0.1 2.05
2.7 0.1 2.09
HadGEM3 0.93 2.88 0.3 2.19
MIROC6 0.93 2.74 -0.1 2.1
Ensemble model 0.95 2.24 0.1 1.7
CNRM-CM6-1 0.23 29.49 -5.4 18.18
GFDL-ESM4 0.1 32.91 -5.4 22.43
(mm) HadGEM3 0.14 32.37 -5.9 19.36
MIROC6 0.16 31.6 -5 19.56
Ensemble model 0.26 28.12 5.3 16.79
CNRM-CM6-1 0.95 14.4 -1.2 11.26
Evapotranspiratio GFDL-ESM4 0.95 14.48 -0.9 11.55
n (mm) HadGEM3 0.95 14.16 -0.6 11.22

11



MIROC6 0.95 15.16 2.2 11.66
Ensemble model 0.96 12.74 -1.1 10.1
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Fig 2. Annual average minimum and maximum temperatures, total precip%ion and evapotranspiration
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Table 2. Statistical evaluation of random forest, support vector regression, neural network and ensemble
methods in performance simulation (1986-2014)

Step Method R? RMSE (ton/ha) MAE (ton/ha) MBE (ton/ha)
neural network 0.8 0.12 0.1 -0.000003
. random forest 0.89 0.11 0.08 -0.008
Train . ‘
support vector regression 0.85 0.11 0.1 0.03
ensemble model 0.9 0.10 0.07 -0.005
neural network 0.72 0.04 0.15 0.03
random forest 0.76 0.22 0.17 -0.04
Test support vector regression 0.36 0.08 2 -0.009
ensemble model 0.77 0.03 -0.005
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Fig 3. Average annual maize yield in future periods
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Table 3. Mann-Kendall test results for scenarios

Scenario z P-value S T
SSP5-8.5 -10.228 2.2e-16 -2237 -0.8061
SSP2-4.5 -7.5476 4.434el14 -1651 -0.5950

Mann- 5 SSP5-8.54; L (5!, Mann-Kendall (t=-0.8061, p < 0.0001) y503] (wlal 5 a5 ams o i ¥ Jsoz molis
5 P9 VYo LY-Y2 Jlo 5laliw 50 2 10 &3 o Sles &g, « SSP2-4.54, L 51,y Kendall (T =-0.5950, p < 0.0001)

15



Qilgl oo SR g, s ] ool o Shee p Sl 6ol s g Lo lidl ake ].)LT od lis gy opl el jlolise
S ailgie plegh ool @l o Conbipas il )l Cupas o5 b pglie o) wiile (6,55l syl 4y 5L Silas
G555 e e 6yt gl (TS slagls JLasil slags L 18 Cuabpas alax jl 0098 36 il wlis
L Spdypreni 30 pdlas S0l sladae (laosgize (ruizmed g (53959 (ol sloodls 4 bg e lalhas > (cogas
Ol 4 g ge ladae 55 ol (giluesls 5 055 0y Fhe (Saidsm sloanld (Sazmn (nl » 038l esnl Ll
Joe paiz 6,58 Juld 8l oSG sl eolewl LG casl oads (o aslllas opl jo (Jl> 0l b ogd i Coshadpac
ol gl slesel bl 5 5)lk 5 Al el CoalaBpae asls (rblos S0l pi ol wiz ST (CMIPO) (oo LSl
S s i Gleeay Lo g aitiis colatul LB o8l 6,55k (55 140l gpes sl penal (gLl Pwﬁ ol bl b

iy A b

N

_ials LHadGEM3 § MIROC6 .GFDL-ESM4 (CNRM-CM6-1 ouldl clo Juts Ga,}\gl a5 ols Lt gy ol s
ol o b gSlas g Jlas sles a5 slaieSay caonl ol oo 105 slo Joe diSis co Bl slo pxie (g3luad C85 g o >
5 oo, seels Kl SSP5-8.5 4 SSP2-4.5 slag Liwicow il 6“}% Golwand ol ol oS sl o YU oS
38hee p 25 B e 3 Dlpiis ol oS Cunl 938 ol STl 90 ST a3 5 Sl g JBlas (sled a3
ity 6YL Cds (piilos ;T ol o 0l sla Jus b aslio 8 89,5 0,09, 45 olo lis o Slae (giluwacd mlo asjle &)d
oha5as «Zld walys L2alS gy, oun TiglBs (colaige )3 Si8las da iy Lol g 9000 (18 ) Cobadpus
Qilg oo o8l Dl s Qg ) ol (615 L (slas il ST e AS das ooyl gl 1l L SSPS-8.5 ailinay g9y )l oo
5 beS sl g Joriepll jl oslinuliaigh; meol 2ol 5,00l 5l eole azlse 2l LT, adlaie o )3 adgi ok

S5k DLl i ol ol Qs e WS e 1 (i S 3l s S0 e 5 slel Cu e S o S

\ S0y g pudy

Ll o% gl oV IVOANVEY ool 30 less L (o)) (cmes plel ladl o olKiils (6 pS ol 7 )b 5l alas )]

WOy oo slpiion (938 S )0 pall s i SIJI ralS (ol

&lw

Abbaszadeh, P.; Gavahi, K., Alipour, A., Deb, P., & Moradkhani, H. (2022). Bayesian multi-modeling of deep neural
nets for probabilistic crop yield prediction. Agricultural and Forest Meteorology, 314, 108773.
https://doi.org/10:1016/j.agrformet.2021.108773

Afsharinia, M., Panahi, F., & Ehteram, M. (2023). Investigation of Climate Change Using CMIP6 Model Outputs
(Case Study: Kashan Plain). Irrigation and Water Engineering, 14(2), 237-256.
https://doi.org/10.22125/IWE.2023.383176.1704. [In Persian]

Arias, P., Bellouin, N., Coppola, E., Jones, R., Krinner, G., Marotzke, J., ... & Zickfeld, K. (2021). Climate Change
2021: the physical science basis. Contribution of Working Group I to the Sixth Assessment Report of the
Intergovernmental Panel on Climate Change; technical summary. https://www.ipcc.ch/report/ar6/wgl/

16


https://doi.org/10.1016/j.agrformet.2021.108773
https://doi.org/10.22125/IWE.2023.383176.1704
https://www.ipcc.ch/report/ar6/wg1/

Arunrat, N., Pumijumnong, N., Sereenonchai, S., Chareonwong, U., & Wang, C. (2020). Assessment of climate change
impact on rice yield and water footprint of large-scale and individual farming in Thailand. Science of the Total
Environment, 726, 137864. https://doi.org/10.1016/].scitotenv.2020.137864

Ashraf, B., Alizadeh, A., Mousavi Bayagi, M., & Bannayan Awal, M. (2014). Verification of temperature and
precipitation simulated data by individual and ensemble performance of five AOGCM models for northeast of Iran.
Journal  of Water and  Soil  (Agriculture  Sciences and  Technology), 28 (2), 253-266.
https://doi.org/10.22067/jsw.v0i0.38011. [In Persian]

Asseng, S., Ewert, F., Martre, P., Rotter, R. P., Lobell, D. B., Cammarano, D., ... & Zhu, Y. (2015). Rising temperatures
reduce global wheat production. Nature Climate Change, 5(2), 143-147. https://doi.org/10.1038/nclimate2470
Beillouin, D., Schauberger, B., Bastos, A., Ciais, P., & Makowski, D. (2020). Impact of extreme weather conditions
on European crop production in 2018. Philosophical Transactions of the Royal Society B,375(1810), 20190510.
https://doi.org/10.1098/rstb.2019.0510

Breiman, L. (2001). Random forests. Machine Learning, 45(1), 5-32. https://doi.org/10.1023/As0933404324

Cai, Y., Guan, K., Lobell, D., Potgieter, A. B., Wang, S., Peng, J., ... & Peng;B. (2019). Integrating satellite and climate
data to predict wheat yield in Australia using machine learning approaches. Agrictiltural a@rest Meteorology, 274,

144-159. https://doi.org/10.1016/j.agrformet.2019.03.010

Chakraborty, D., Saha, S., Sethy, B. K., Singh, H. D., Singh, N., SharmayR., “.. &/Prasad, P"V. (2022). Usability of
the weather forecast for tackling climatic variability and its effect on maize crop yield in the Northeastern Hill Region
of India. Agronomy, 12(10), 2529. https://doi.org/10.3390/agronomy12102529

Chemura, A., Schauberger, B., & Gornott, C. (2020). Impacts of'elimate change on agro-climatic suitability of major
food crops in Ghana. PLoS One, 15(6), €0229881. https://doi.org/10.1871/journal.pone.0229881

Crane-Droesch, A. (2018). Machine learning methods'for crop yield prediction and climate change impact assessment
in agriculture. Environmental Research Letters, 13(11), 114003. https¥doi.org/10.1088/1748-9326/aael59

Cutler, D. R., Edwards Jr., T. C., Beard, K. H., Cutler, A 5 HessyK. T.,\Gibson, J., & Lawler, J. J. (2007). Random
forests for classification in ecology. Ecology, 88(11), 2783-2792. hitps://dei.org/10.1890/07-0539.1

Dastorani, M., Zarei, M., & Qaderiy, M. (2025). Climate Change and Vegetation Cover in the Kahneh Watershed,
Khorasan Razavi, Using Remote Sensing in the GEE Environment. Journal of Drought and Climate Change Research.
3 (11), 47-62. https://doi.org/10.2207 H)den2025.8922.1118. [In Persian]

Dhillon, R., Takoo, G., Sharma, Vji& Nagle, M. (2024)aUtilizing a machine learning framework to evaluate the effect
of climate change on, maize and soybean \yield. Computers and Electronics in Agriculture, 221, 108982.
https://doi.org/10.1016/j.€@mpag.2024.108982

Drucker, H., Burges, ‘C. J., Kaufman,“L} Smola, A., & Vapnik, V. (1996). Support vector regression
machines. Advances in neural information processing systems, 9.
https://proceedings.neurips.ec/papen files/paper/1996/file/d38901788c533e8286cb6400b40b386d-Paper.pdf

Eslami Senoukesh, F., Zarandi-Miandoab, L., [Lotfi, R., Abbasi, A., Chaparzadeh, N. (2024). The Effect of Main
Components'of Climate €Hange on Photosynthetic Efficiency and Grain Yield of Wheat Genotypes under Rainfed
Conditions. Jotirn. Drought and Climate Change Research. 1(4), 1-16.
httpSi//dei.org/10.22077/ ‘.2023.6609.1033. [In Persian]

Fan, J., Jintrawet, A., & Sangchyoswat, C. (2020). The relationships between extreme precipitation and rice and maize
yields using m&%le learning in Sichuan Province, China. Current Applied Science and Technology, 453-4609.
https://1iQ.l. tci<thatj®org/index.php/cast/article/view/244405

Fischer, G., Nachtergaele, F. O., Van Velthuizen, H., Chiozza, F., Francheschini, G., Henry, M., ... & Tramberend, S.
(2021). Global\agro-ecological zones (GAEZ v4) model documentation. https://doi.org/10.4060/cb4744en

Gavahi, K., Abbaszadeh, P., & Moradkhani, H. (2021). DeepYield: A combined convolutional neural network with
long short-term memory for crop yield forecasting. Expert Systems with Applications, 184, 115511.
https://doi.org/1071016/j.eswa.2021.115511

Goodfellow, 1., Bengio, Y., Courville, A., & Bengio, Y. (2016). Deep learning (Vol. 1, No. 2). Cambridge: MIT Press.
https://mitpress.mit.edu/9780262035613/deep-learning/

Han, J., Zhang, Z., Cao, J., Luo, Y., Zhang, L., Li, Z., & Zhang, J. (2020). Prediction of winter wheat yield based on
multi-source data and machine learning in China. Remote Sensing, 12(2), 236.- https://doi.org/10.3390/rs12020236
Hargreaves, G. H., & Samani, Z. A. (1985). Reference crop evapotranspiration from temperature. Applied engineering
in agriculture, 1(2), 96-99. http://dx.doi.org/10.13031/2013.26773

Haykin, S. (2009). Neural networks and learning machines, 3/E. Pearson Education India.
http://dai.fmph.uniba.sk/courses/NN/haykin.neural-networks.3ed.2009.pdf

17


https://doi.org/10.1016/j.scitotenv.2020.137864
https://doi.org/10.22067/jsw.v0i0.38011
https://doi.org/10.1038/nclimate2470
https://doi.org/10.1098/rstb.2019.0510
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1016/j.agrformet.2019.03.010
https://doi.org/10.3390/agronomy12102529
https://doi.org/10.1371/journal.pone.0229881
https://doi.org/10.1890/07-0539.1
https://doi.org/10.22077/jdcr.2025.8922.1118
https://doi.org/10.1016/j.compag.2024.108982
https://proceedings.neurips.cc/paper_files/paper/1996/file/d38901788c533e8286cb6400b40b386d-Paper.pdf
https://doi.org/10.22077/jdcr.2023.6609.1033
https://li01.tci-thaijo.org/index.php/cast/article/view/244405
https://doi.org/10.4060/cb4744en
https://doi.org/10.1016/j.eswa.2021.115511
https://mitpress.mit.edu/9780262035613/deep-learning/
https://doi.org/10.3390/rs12020236
http://dx.doi.org/10.13031/2013.26773
http://dai.fmph.uniba.sk/courses/NN/haykin.neural-networks.3ed.2009.pdf

Hoffman, A. L., Kemanian, A. R., & Forest, C. E. (2018). Analysis of climate signals in the crop yield record of sub-
Saharan Africa. Global Change Biology, 24(1), 143-157. https://doi.org/10.1111/gcb.13901
https://doi.org/10.22077/jdcr.2023.6609.1033

IPCC. (2021). Climate Change 2021: The Physical Science Basis. Contribution of Working Group I to the Sixth
Assessment Report of the Intergovernmental Panel on Climate Change. Cambridge University Press.
https://www.ipcc.ch/report/ar6/wgl/

Iranshahi, M., Ebrahimi, B., Yousefi, H., & Moridi, A. (2023). Investigating the effects of climate change on
temperature and precipitation using a neural network and CMIP6 (Case study: Aleshtar and Khorramabad
Stations). Water and Irrigation Management, 12(4), 821-845. https://doi.org/10.22059/wim.2022.346796.1009. [In
Persian]

Jagermeyr, J., Miiller, C., Ruane, A. C., Elliott, J., Balkovic, J., Castillo, O., ... & Rosenzweig,'€. (2021). Climate
impacts on global agriculture emerge earlier in new generation of climate and crop models. Nature Feod, 2(11), 873-
885. https://doi.org/10.1038/s43016-021-00400-y \a

Javadinejad, S., Eslamian, S., & Ostad-Ali-Askari, K. (2021). The analysis‘of the mest important climatic parameters
affecting performance of crop variability in a changing climate. /nternational journa%izydrology science and

technology, 11(1), 1-25. https://doi.org/10.1504/1IJHST.2021.112651

Kamangar, M., Ahmadi, M., Rabiei-Dastjerdi, H., & Hazbavi, Z. (2025). Ensemble modeling of extreme seasonal
temperature trends in Iran under socio-economic scenarios; Naturgl Hazards, 121(2), 1265-1288.
https://doi.org/10.1007/s11069-024-06830-8

Kang, Y., Ozdogan, M., Zhu, X., Ye, Z., Hain, C., & Anderson, M(2020). Comparative assessment of environmental
variables and machine learning algorithms for maize yield prediction,in the US Midwest. Environmental Research
Letters, 15(6), 064005. https://doi.org/10.1088/17489806/ab7d9

Lesk, C., Coffel, E., Winter, J., Ray, D., Zscheischler,J., Seneviratne,\& Horton, R. (2021). Stronger temperature—
moisture couplings exacerbate the impact of climate wamning on global erop yields. Nature Food, 2(9), 683-691.
https://doi.org/10.1038/s43016-021-00341-6

Louppe, G. (2014). Understandingyrandom forests: From theory to\practice. Université de Liége (Belgium).
https://doi.org/10.48550/arXiv.1407.7502

Ministry of Agriculture Jihad “of \lIran. (2024). /Agricultural Statistics Yearbook. Tehran, Iran.
https://agrieng.org/images/dlcentdifgahad/%etaee. pdf

Mupangwa, W., Chipindu, L., Nyagumbo, L,z\Mkuhlani, S., & Sisito, G. (2020). Evaluating machine learning
algorithms for predicting'maize yield under, conservation agriculture in Eastern and Southern Africa. SN Applied
Sciences, 2(5), 9521 httpsi/doi.org/10.1007/s42452-020-2711-6

Ortiz-Bobea, A., Ault, T, R., Cartillo, C. M., Chambers, R. G., & Lobell, D. B. (2021). Anthropogenic climate change
has slowed gglobal | ‘agricultural productivity growth. Nature  Climate  Change, 11(4), 306-312.
https://domerg/10.1038/s41558202 1=04 000-1

Ozbuldu, Mz, & Irvem, An(2025). Evaluation of Climate Change Impacts on Maize and Cotton Yields Under Different
Climate Scenarios Gin4Kirt District, Tirkiye. International Journal of Plant Production, 19(1), 65-81.
httpSi//dei.org/] 0.1007/&06—024—00320—4

Pandith, V3, Koury H., Singh, S., Manhas, J., & Sharma, V. (2020). Performance evaluation of machine learning
techniques  forrmustard crop yield prediction from soil analysis. Journal of Scientific Research, 64(2), 394-398.
https://d@i.or OSN3 98/ISR.2020.640254

Priya, P.j Muthaiah, U., & Balamurugan, M. (2018). Predicting yield of the crop using machine learning
algorithm. International ~ Journal — of  Engineering  Sciences &  Research  Technology, 7(1), 1-7.
https://doi.org/ M0ES281/zenodo.1212821

Qazvin Provincial Agricultural Jihad Organization. (2023). Cropping calendar and maize cultivation guidelines in
Qazvin Province https://qazvin.maj.ir/

Ramezani Etedali, H., & Koohi, S. (2025). Investigation of the Impact of Climate Change on Aridity in Iran with
Population Exposure Approach. Journal of Drought and Climate Change Research. 3(1), 17-38.
https://doi.org/10.22077/jdcr.2024.8258.1079

Reddy, D. J., & Kumar, M. R. (2021, May). Crop yield prediction using a machine learning algorithm. In 2021 5th
International Conference on Intelligent Computing and Control Systems (ICICCS) (pp. 1466-1470). IEEE.
https://doi.org/10.1109/ICICCS51141.2021.9432236

Schmidhuber, J. (2015). Deep learning in neural networks: An overview. Neural Networks, 61, 85-117.
https://doi.org/10.1016/j.neunet.2014.09.003

18


https://doi.org/10.1111/gcb.13901
https://doi.org/10.22077/jdcr.2023.6609.1033
https://www.ipcc.ch/report/ar6/wg1/
https://doi.org/10.22059/jwim.2022.346796.1009
https://doi.org/10.1038/s43016-021-00400-y
https://doi.org/10.1504/IJHST.2021.112651
https://doi.org/10.1007/s11069-024-06830-8
https://doi.org/10.1038/s43016-021-00341-6
https://doi.org/10.48550/arXiv.1407.7502
https://doi.org/10.48550/arXiv.1407.7502
https://doi.org/10.1007/s42452-020-2711-6
https://doi.org/10.1038/s41558-021-01000-1
https://doi.org/10.1007/s42106-024-00320-4
https://doi.org/10.22077/jdcr.2024.8258.1079
https://doi.org/10.1109/ICICCS51141.2021.9432236
https://doi.org/10.1016/j.neunet.2014.09.003

Schneider, P., & Asch, F. (2020). Rice production and food security in Asian Mega deltas—A review on characteristics,

vulnerabilities and agricultural adaptation options to cope with climate change. Journal of Agronomy and Crop

Science, 206(4), 491-503. https://doi.org/10.1111/jac.12415

Shahhosseini, M., Martinez-Feria, R. A., Hu, G., & Archontoulis, S. V. (2019). Maize yield and nitrate loss prediction

with machine learning algorithms. Environmental Research Letters, 14(12), 124026. https://doi.org/10.1088/1748-

9326/ab5268

Sharifi, A. (2021). Yield prediction with machine learning algorithms and satellite images. Journal of the Science of

Food and Agriculture, 101(3), 891-896. https://doi.org/10.1002/jsfa.10696

Smola, A. J., & Scholkopf, B. (2004). A tutorial on support vector regression. Statistics\and Computing, 14(3), 199—

222. https://doi.org/10.1023/B:STCO.0000035301.49549.88

Sun, J., Di, L., Sun, Z., Shen, Y., & Lai, Z. (2019). County-level soybean yield prediction using a,deep CNN-LSTM

model. Sensors, 19(20), 4363. https://doi.org/10.3390/s19204363

Vapnik, V. N. (1995). The nature of statistical learning theory. Springer. hitps://doi.org/10.J00MONS-124757-3264-1

Veenadhari, S., Misra, B., & Singh, C. D. (2014). Machine learning approeach for,foreeasting cropsyield based on

climatic parameters. In 2014 International Conference on Computer Communication and %‘:mtics (pp- 1-5). IEEE.
L&

https://doi.org/10.1109/ICCC1.2014.6921718

Vogel, E., Donat, M. G., Alexander, L. V., Meinshausen, M., Ray, D. K, Karoly,/D.,".. rieler, K. (2019). The
effects of climate extremes on global agricultural yields. Environmental {Research Letters, 14(5), 054010.
https://doi.org/10.1088/1748-9326/ab154b

Wang, X., Huang, J., Feng, Q., & Yin, D. (2020). Winter wheat yicld,prediction at county level and uncertainty analysis
in main wheat-producing regions of China_with deep“learning approaches. Remote Sensing, 12(11),
1744. https://doi.org/10.3390/rs12111744

Witten, 1. H., Frank, E., Hall, M. A., Pal, C. J., & Data, M. (2005). ﬁ\ctical machine learning tools and techniques.
In Data mining (Vol. 2, No. 4, pp. 403-413). Amsterdam, TheiNetherlandsgElsevier. https://doi.org/10.1186/1475-
925X-5-51

Yang, L., Tian, J., Fu, Y., Zhu, B.,He, X., Gao, M., ...'& Zhang, Z. (2022). Will the arid and semi-arid regions of
Northwest China become warmer| and wetter based on“CMIP6 models?. Hydrology Research, 53(1), 29-50.
https://doi.org/10.2166/nh.2021.069

Zhang, L., Zhang, Z., Luo, Y., Gao, J., & Tao, F. (2019)# Combining optical, fluorescence, thermal satellite, and
environmental data toypredict county-level'maize yield in China using machine leaming approaches. Remote
Sensing, 12(1), 21. httpsi/ldoi.org/10.3390/s1201002 1

Eyring, V., Bony, SjiMeehl, G. A., Senior, C. As, Stevens, B., Stouffer, R. J., & Taylor, K. E. (2016). Overview of the
Coupled Model IntercomparisoniProject Phase 6 (EMIP6) experimental design and organization, Geosci. Model Dev.,
9, 1937-1958.

ONeill, By C., Tebaldi, C., van Vuuren, D. B, Eyring, V., Friedlingstein, P., Hurtt, G., Knutti, R., Kriegler, E.,
Lamarque,@:-E., Lowe, Jx }ghl, G. A., Moss, R., Riahi, K., & Sanderson, B. M. (2016). The Scenario Model
Intereomparison Project(ScenanioMIP) for CMIP6, Geosci. Model Dev., 9, 3461-3482.

Meinghausen, M., Nicholls; Z. R. J., Lewis, J., Gidden, M. J., Vogel, E., Freund, M., Beyerle, U., Gessner, C., Nauels,
A., Bauer, N., Canadell, J. G., Daniel, J. S., John, A., Krummel, P. B., Luderer, G., Meinshausen, N., Montzka, S. A.,
Rayner, PXJ., Reimann, S., Smith, S. J., van den Berg, M., Velders, G. J. M., Vollmer, M. K., and Wang, R. H. J.
(2020).Fhe sharedNsocio-economic pathway (SSP) greenhouse gas concentrations and their extensions to 2500,
Geosci. Model Dev.,, 13,3571-3605.

Thrasher, B., Depsky, N., Taylor, M. A., & Nemani, R. (2022). NASA-NEX-GDDP-CMIP6 Dataset. NASA Earth
Exchange.

Kumar, Y. J. N.; Spandana, V., Vaishnavi, V. S., Neha, K., & Devi, V. G. R. R. (2020. Supervised machine learning
approach for crop yield prediction in the agriculture sector. In 2020 5th International Conference on Communication
and Electronics Systems (ICCES) (pp. 736-741). IEEE. https://doi.org/10.1109/ICCES48766.2020.9137868

19


https://doi.org/10.1111/jac.12415
https://doi.org/10.1002/jsfa.10696
https://doi.org/10.1023/B:STCO.0000035301.49549.88
https://doi.org/10.3390/s19204363
https://doi.org/10.1109/ICCCI.2014.6921718
https://doi.org/10.3390/rs12111744
https://doi.org/10.2166/nh.2021.069
https://doi.org/10.3390/rs12010021
https://doi.org/10.1109/ICCES48766.2020.9137868


    E T 0 =   R  a × 0 . 408 × 0 . 0023 × (   T  m e a n + 17 . 8 ) ×   (   T  m a x −   T  m i n )  0 . 5


    E T 0


    R  a


    T  m e a n


    T  m a x


    T  m i n


  ℃


  R M S E =      ∑  i = 1  n     (   O  i −   P  i ) 2  n


  M A E =     ∑  i = 1  n   |   P  i −   O  i |  n  


  M B E =     ∑  i = 1  n   (   P  i −   O  i )  n


    R 2 =    (     ∑  i = 1  n     (   O  i −     O  i - ) 2 (   P  i −     P  i - )     ∑  i = 1  n    (   O  i −     O  i - ) 2   ∑  i = 1  n    (   P  i −     P  i - ) 2 ) 2


    O  i


    P  i


      O  i -


      P  i -

