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╠̆ ҳῃ ȁ ṜԊᴆ ȁꞋꜚⱬ ҉ ץ

̆ ֟ Ȃ ԍ ֓ ̆ ╠ ֟

Ҭ ₃ҩ῏ ֗ ‗Ȃᴰ Ṝ ӎ ‰ ̆

ᵬ ץ ̆ ↕ Ҍ ץ ӎ

ᴨ Ȃ ֓ ̆ ԅ ҍ֟ ̆

Ṝ ȁ֟ ᵀ ‗ ᴨ ԅ Ṝ ᵣ Ȃ ᾢ̆

Ṝ ҉ ̆ ҹ֟ ᶫ῏

̕ ̆ ԍ ӟ ֟ ᵀ ̆ ֟

̕ ̆ ╠ң № ҉ ᴨ ̆

Ṝ Ȃ Һ Ҋ̔ 

̂1̃ ԍ Ṝ  

ᴰ Ṝ Ҭ ҍ ̆ ₮ԅ ԍ

Ṝ ̆ ԅᴰ Ṝ Ҭ Ȃ

̆ ᶏ ѿ ᴨ 63̆ ῒ Ҍ ᴆҊׅ

₮ ̆ ԅᴰ Ṝ ԍ Ẋ Ȃ

̆ ᵞԅ ҉ ԓҩ῏ ῒ̆Ҭ№

׆ 1.8 1.4 ̆ ׆ 5.3 3.7 ̆ ׆ 5.6 3.9 ̆

׆ 4.7 3.3 ̆ ׆ 6.6 3.7 Ȃ ̆҈ №

₱ ᶃ ғ̆ ᾣ̆

Ȃ ѿ ҹ Ṝ ῃ ᶫԅ

Ȃ 

̂2̃ ԍ ֟ ᵀ  

2007~2018 ῃ ̆ ᵝ ȁ Ṝ ᴆȁ

Ṝ ̆ ԅ ֟ ᵀ

Ȃ ̆ ҉ 77%̆ ҹ39.47 kg/mŭ

ҹ 29.85 kg/muȂ № ̆ ֟ ҈ҩ
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̆ ֟ Ҍ Ҍѿ Ȃ
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r= -0.18̃ ֟ Ȃ ῾ ̆ ̂r=0.45̆
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№ ̆ ҬҊ ֟
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Ҍ̆ ῾ҙ ̔ ҬҊ

̆ ȁ ╠ ̆ᶏῃ
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Abstract 

Rice is a strategic staple crop in China's food security system, with its yield closely 

related to climate change. Currently, rice production is facing multiple challenges, 

including global warming, increasing frequency of extreme climate events, rising labor 

costs, and constraints on resources and the environment, all of which increasingly 

threaten the sustainability of rice production. In light of these challenges, there are 

several key issues in current rice production and management that urgently need to be 

addressed. Traditional phenological models often suffer from limited accuracy when 

applied at larger spatial scales. Yield models face difficulties in effectively integrating 

multi-source heterogeneous data. Furthermore, regional cropping strategies tend to lack 

suitability and scientific optimization methods. To address these challenges, this study 

investigates rice development and yield formation processes and establishes a climate-

suitable technical framework encompassing phenology prediction, yield simulation, 

and management decision optimization. First, the accuracy of phenological models is 

enhanced at the regional scale by employing environmental clustering, providing 

essential variables for yield modeling. Second, a high-precision yield simulation model 

is developed using machine learning approaches, identifying key factors influencing 

yield formation. Finally, based on the preceding components, a multi-objective 

optimization framework is established for sowing date adjustment and cultivar selection, 

enabling the formulation of regionally climate-suitable planting strategies. The main 

contributions of this dissertation are as follows: 

(1) Phenological Model Upscaling Based on Environmental Clustering 

To address the theoretical and technical limitations of traditional phenological 

models at large spatial scales, this study proposes an upscaling approach based on 

environmental clustering. This method significantly enhances the simulation accuracy 

of traditional phenological models when applied across broad regions. Results 

demonstrate that even for the same rice cultivar, Shanyou 63, thermal requirement 

parameters exhibit substantial differences under different environmental conditions, 

thereby challenging the classical assumption of fixed accumulated temperature 

thresholds in conventional phenological modeling. By introducing environmental 

clustering, the simulation errors for five critical developmental stages of rice are 

markedly reduced at the regional scale: from 1.8 to 1.4 days for tillering, from 5.3 to 

3.7 days for jointing, from 5.6 to 3.9 days for booting, from 4.7 to 3.3 days for heading, 

and from 6.6 to 3.7 days for physiological maturity. The study further reveals that the 

models with a segmented three-phase linear temperature response function outperform 

alternative models. Additionally, the influence of photoperiod on model simulation 

accuracy becomes increasingly significant as the spatial scale expands. This approach 
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offers a novel technical pathway for applying phenological models at regional and 

global scales. 

(2) Rice Yield Prediction Model Based on Random Forest Algorithm 

Based on the national rice variety trials data from 2007 to 2018, a high-accuracy 

rice yield prediction model is developed using the random forest algorithm by 

integrating multidimensional factors, including geographical location, climatic 

conditions, phenological characteristics, and varietal traits. The model achieves a 

coefficient of determination (RĮ) of 0.77 on the test set, with a root mean square error 

(RMSE) of 39.47 kg/mu and a mean absolute error (MAE) of 29.85 kg/mu. The study 

further has revealed that he response of rice yield to environmental factors at different 

developmental stages is inconsistent. Net solar radiation (r = 0.42, p < 0.01) and 

daylength (r = 0.38, p < 0.01) during the period from sowing to full-heading show the 

strongest positive correlations with yield. In contrast, mean daily temperatures during 

the full-heading to maturity stageðincluding minimum temperature (r = -0.23), mean 

temperature (r = -0.20), and maximum temperature (r = -0.18)ðare all significantly 

negatively correlated with yield. In terms of agronomic traits, the total number of grains 

per panicle (r = 0.45, p < 0.01) and the number of filled grains (r = 0.51, p < 0.01) show 

strong positive correlations with yield, underscoring their role as core determinants of 

productivity. These findings suggest that increasing the total grain number per panicle 

through breed improvement represents a key strategy for yield enhancement. 

(3) Regionally Climate-Suitable Planting Strategies Based on Sowing Date 

and Variety Optimization 

By integrating phenological modeling and machine learning techniques, this study 

develops a multi-objective optimization framework for sowing date and variety 

selection, enabling a systematic assessment of the impacts of different management 

strategies on yield level and yield stability. Results show that adjusting sowing dates 

alone can increase yield by 5.04% and reduce yield variability by 3.41%. Variety 

replacement leads to a 9.83% yield increase and a 5.26% reduction in yield variability. 

The combined strategy of sowing date adjustment and variety replacement yielded the 

best performance, with a 10.57% increase in yield and a 6.06% reduction in variability. 

The effectiveness of each strategy exhibits obvious spatial heterogeneity. The combined 

strategy is most effective in the middle and lower reaches of the Yangtze River and the 

Huaihe Plain, achieving a yield increase of 13.15%, while the lowest effect is observed 

in the Ningxia Plain (3.54%). In terms of sowing date, the sowing date of early-season 

rice can be delayed by approximately 1.1 days, while the sowing dates of single-season 

and late-season rice can be advanced by 0.2 and 3.7 days, respectively. When variety 

replacement is also considered, significant differences in optimal sowing windows and 

variety combinations are observed across agro-ecological zones. In the Yangtze River 

basin and Huaihe Plain, delaying the sowing date of early-season rice and advancing 

the sowing dates of late-season rice extend the total growth duration, resulting in a 13.15% 
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increase in yield and an 8.97% reduction in yield variability. In northern agro-ecological 

zones, delaying the sowing date of single-season rice also prolongs the growing period, 

leading to an 8.56% increase in yield and a 6.20% reduction in variability. These 

regionally climate-suitable planting strategies offer an effective means to mitigate 

climate-related risks while maintaining high and stable rice yields. 

The rice growth and yield prediction framework developed in this study 

establishes a complete closed-loop system from fundamental theory to practical 

application. It effectively addresses key limitations of traditional agricultural decision-

making, such as overreliance on empirical knowledge, low precision, and poor climatic 

suitability for regions. The research outcomes provide accurate predictive tools and 

scientific decision-making support for rice production under climate change scenarios. 

These contributions hold significant theoretical value and practical potential for the 

formulation and optimization of climate-suitable planting strategies in China. 

 

Key Words: Yield Prediction, Phenology Models, Environmental Clustering Method, 

Random Forest 
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1.1  

ᵬҹҬ ᵬ ̆ ῃᵣ Ҭΐ Ҍ ף

ᵝȂҬ ῃ ֟ ̆ ֟ ҕ ѿ̆ ҕ

ԋ[1,2]Ȃ ╠̆ ῃ ᵬ 24%̆ ֟

ῃ ֟ ץ30%̆ ҹҺ ֲ 65%[3]ȂҬ ֟ꜚ Ҍ

ֽ῏ ⌠ ῤ ῃ̆Ӟ ῃ ֟ Ȃ 

ᵬ ᵬҹ῾ҙ ΐ̆ ₃ ԅ ȂD

ᵬ ᵬ ҍ ԑᵬ ̆ ᵬ Ҍ ᴆҊ

֟ Ȃ ̆ Ҭ̆ ֓ ҳ
[4ï7]ȁ Ҍ [8,9] ᵞ [10,11]Ȃ ≢ ᵬ Ṝ

̆ ԍ Ẋ ̆ ҹ ѿ Ҍ ᴆҊ

Ḡ [6,8,12,13]Ȃ ѿẊ ҉ ⌠ ̆ ҹ

҉ᴪ ᴆ [14ï16]Ȃ ᵥ Ṝ

̆ ̆ ҹ ╠ ℗ ‗ Ȃ 

֟ ᵀ ῾ҙ‗ ῏ №ȂD ֟ ᵀ Һ

ᶭ ╠̆ ԍ ԅ [17,18]̆

↕ ғ ץ [19,10]Ȃ ҉̆ ֟ ѿҩ

̆ Ṝ ᴆȁ ȁ
[20,21,19]Ȃ ֓ ӊ ֜ԑ῏ ̆ ץ

‰ ȂD ֟ ᵀ ҉ ̆ ץ

Ṝ [8,22ï24]Ȃ ̆

ΐ ⱬ ֟ ᵀ ̆ ֟ ‰ ⱬ

ΐ ӈȂ 

ⱬ ̆ ӟ ῾ҙ
[25ï27]Ȃ ֓ ׆ Ҭ ꜚ ӟ ῏ ̆

ᾢ Ẋ Ȃ ᵬ ֟ ᵀ Ҭ̆ ȁ ӟ

ӟ ₮ᴨԍᴰ [28ï30]Ȃ ӟҍ῾ ̆

ᴨ ̆ ֟ Ṝ

ⱬΐ ӈ[31,32]Ȃ 

ԍ҉ ̆ ԅ ҍ֟ ̆ Ṝ ȁ

֟ ᵀ ‗ ᴨ ԅ ᵣ Ȃ

Ҍ ᴆҊ ̆ ᴰ Ṝ ҉
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̆ ֟ ֜ԑ └̆ ᶫ ̆

ץ Ҭ ֟ Ṝ ҹ̆Ḡ ῃ

ᶫ Ȃ 

1.2 Ὺ ‟ 

1.2.1 ᵲ  

ᵬ ̂Ӟ ᵬ ̃ ᵬ № ̆ ԍᵬ

└ҍ῾ҙ ȁ ̆ ᴆȁ

ȁᵬ ȁ ᵬ ֟ ҍ

֜ԑ῏ № ̆ ѿ ↓ ̆ ԍ

№ ҍ ṿ Ȃ ╠ῃ 100ᵬ

̆ ԍ 150 ᵬ Ȃ ԍ ᵬ ̆

₃ ᵬ ῒ ̆ ᶷ ҍ

Ҍ Ȃ Ҍ ̆ ҹ№ץ ң Ȃ 

Ѓ1Є  

ҙ῾ף Ҭ̆ ̆Ӟ ԍ ᵬ ̂Crop 

Models̆CMs̃̆ ҹ ᵬ ץ֟ Ṝ ᵬ ֟ ῏

ΐӊѿ[19,33ï35]Ȃ ֓ ̆Ṣꜛ Ὲ ̆

ԅᵬ ȁ ᴆȁ ץ

׆̆ ҹ № ᵬ ᶫԅ ⱬ [36]Ȃ 

ᵬ 20ҕ ̆ף60 ῌ de Wit[37] Duncan

[38] ⇔ԅ ѿ Ȃ ῌ de Wit ↓  ץ ᾣ ᵬ ҹ ̆

Һ ȁ Ṝ ᵬ ΐ̆ Ҍ̆ ᵬ ֽ Ȃ

40 ̆ ᾢ Ҍ ᵬ ̆ ELCROS ̂∆

ᵬ ̃[37]ȁBACORS ̂ ᵬ ̃[39]ȁSUCROS ̂

ᵬ ̃[40]ȁMACROS ̂ѿ ᵬ ̃[41] WOFOST[42] ̂ ҕ

̃̆ MACROSSUCROS҉Ғҹ ԅ

ORYZA↓ [43]ȂORYZA↓ ╠ ҹ ӊ

ѿ̆ ԍҌ ᴆҊ ֟ ᵀ ȁҌ

ҍ ῏ Ȃ 

Ӟԍ 20ҕ 60 ף ᵬ Ȃ1987̆ Ritchie[44] ֲ

ԍCERES-Maizĕ ₮ԅCERES-RiceȂ IBSNAT ̂ ῾

ҙ ‰ ̃ ꜚҊ ҹ ȁ ȁ ȁ 10

ᵬ ↓̆ ԅCERES ᵣ Ҭ ⌠ Ȃ
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CERES ↓ ѿ ᵬ ῒ ̆ ԅ ᴰ ȁ

ᵬ ץ ̆ ῒ῏ ᵬ Ҍ ӊ

̆ Ṝ ᴇ Ȃ1996̆ ≠֒

APSIM ҕ[45]̆ Ҍ ӊ ץ ԑ ץ̆

῏ ̆ ԍᵬ ȁ ῀׃

№ Ȃ 

ҍ ̆ ᵬ ғ Ȃ҉

ᾢ ԅ ̆1986 └₮ ѿҩ ĺĺ ᵣ

֟ ̂RSM̃[46]Ȃ ̆ ⌠

ҹ35̆ ⌠ ҹ30Ȃӊ ̆ ῾ ֦ӊ

ҍҊ ԅ ҹ RCSODS[47]Ȃ ̆ ῾ҙ

̂RSM̃[48]ȁ ῾ҙ ̂RICAM̃[49,50]ȁҬ
[51] ֤ ῾ [52,53] ף90 ₮ ↓῾ҙҒ

Ȃ 

֓ᴰ ᵬ Ȃ ᾢ Ҍ̆ ᵬ Ṝ

⅞№҉ Ҍ Ȃ ORYZA №ҹ Ῑ ȁ

ᾣ ҈ҩҺ ̆ CERES-Rice↕ Ӝ ⅞№ ̆

ӈ ᴆ Ȃῒ ̆ Ȃɒ ̆

҈ ̂ Tb̆ To Tc̃ ̆ Tb 8~13Ņ

ӊ ̆To 28~32Ņӊ ̆Tc 40~42Ņӊ ̆Ҍ ѿᵬ

5Ņ҉ץȂᶛ ̆ ԍ ̆ORYZA Tbҹ8Ņ̆

CERES-Rice ҹ12Ņ̆ ᴪ Ẓ Ȃ

Ῥ ̆ ₱ ̆ ȁ ȁ ₱

ȂAPSIMȁCERES-RiceȁWOFOSTORYZA2000Һ №

₱ ̆ RCSODS[47]ȁRSM[54]ȁRICAM[49,50]ȁ

RICEGROW[55] ↕ ҹ ₱ ̆ Beta₱ ₱ Ȃ

̆ ᾣ ₱ ҉̆ № CERES ṿ

̆ ORYZAWOFOST↕ ҹ ₱ ᾣ

ᵬ Ȃ ֓ Ҍ

̆ ≢ Ṝ ᴆҊ Ẓ ҹ Ȃ 

Ѓ2Є Ṣ  

ᵬ ֟ ᵀ ῏ ᶭ ӊѿ̆ ᵬ Ṝ

ᵀ ╠ [6,7,24,56]Ȃ Ṝ ᵬҹᵬ №̆

ᵬ ᴨ ‗ Ҭΐ ľ Ŀ ᵬ ̆ └ᵬ

Ҍ Ȃᵬ Ҭ
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‗ԍ ῏ ̆ ᵬ Ȃᶛ ̆ᾣ ֽ

ӊ ᾣ [57,58]̆ № ῏
[59]̆ № ῏ ̂ № ȁ №≠ ̃

[60]Ȃ 

Ṝ Һ №ҹң ֽ̔ ꜚ ĺᾣ ῍

ꜚ [61ï64]Ȃң ᶏ ᶏ̆

Ṝ ȂҌ ӊ ԍ̆ ðᾣ ꜚ ԅ

̆ ԅᾣ Ȃ 

ֽ ꜚ Ṝ Ҭ̆ ᵬ Һ

№ҹ҈ ̔ ѿ Ẋ ᵬ ̂Tb̃ ̂Tõ

ᵖ ̂Tc̃ ̆ Tb׆ ⱴ⌠ 1̆ TůTo

ғḠ Ҍ ̆ CERES-Rice[20,65,66]ȁSTICS[67]ȁWOFOST[42] ̕

ԋ Ẋ Tb̆ ѿҩ ̆ ̂Tc̃ ̆

ῤḠ ̆ ₮ ↕ ⁞ ̆ GLAM-Rice ȁ

CropSyst̕ ҈ ӈԅ҈ҩ ̆ ̂Tb̃ ̂Tõ

̂Tc̃ ̆ ץTb⌠To׆ ץ ץTo⌠Tc׆

⁞ ̆ ɓ ̆ ֦ӊ[68] └ ľ Ŀ ̆ └

RiceGrow[55]̆ ᵡ[12] Ȃ 

ĺᾣ ῍ ꜚ Ṝ Ҭ̆ ҹ ᵬ ̆

ⱴ ῒ ̆ ᴪ ῒ [69ï

72]Ȃ ҍᾣ ӗץ Ȃ

ᾣ Һ ң ̔ ѿ ң ᾣ ῒ̆Ҭ ң

ң ң ̆ ̂DL̃ Ҍ ԍ ᶃ ̂DLõ ̆

Ҍ DL ̆ DL>DLo DL ⱴ ץ

Ҍ ⁞ ̆ WOFOST ȁORYZA2000 [73]Ҭ

ᾣ ̕ ԋ S ̆

DL׆ ⱴ⌠DLŏ ⱴ⌠ ṿ̆ DL>DLo ⁞ ̆

ᵡ[74] ֲ ₮ Betaᾣ ₱ Ȃ 

Ṝ ѿҩ Ẋ ԍ ̆ ҹ ѿᵬ

Ҍ ᴆҊ ῃ Ҍ Ȃp ᵬ̆

̆ᴪ ᴆ ȂWu ̂2019, 2020̃
[15,16,75] Ҭ Ҍ ȁ Ṝ № ̆ ѿ ᵬ

Ҍ ᴍ 5.8%~23.4%̆ ᶏ ᵬ

ῒ Ӟל ̆ ≢ Ṝ ᴍ̆ ҹ Ȃ

Zhanĝ2008̃[14] Ӟ ̆ᵬ Ṝ ᾣ ꜚ

̆ └Ȃῒ ̆ᵬ
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Ȃᵬ ᴰ ҍ ֜ԑᵬ ῍

‗ [76ï79]ȂOlsson̂2015̃[80] ₮̆ᶏ

Ҍᾟ№ ̆ ȁ ᴆ ῒז Ṝ

Ȃ ᾣḤ ҍῤ ̆҆ ̂2025̃[81]

ᾣḤ ῃ └ ҹ̆ Ҍ ᴆ ֟

ᶫ Ȃ 

1.2.2 ᵲ ֥ ᵆ  

ᵬ ֟ ᵀ ῾ҙ ӊѿ Ӟ̆ ῃ

Ȃ ̆֟ ᵀ Һ

ԅ ȁ ᵀ֟҈ҩ ̆ ҈

ҹ Ȃ 

Ѓ1Є ֥ ᵆ  

ԍ῾ ᵬ ᵀ֟̆ ῾

̆ ҩ῾ ᵬ ᵣ ֟ [18]Ȃ ֲ

҉ ԅᴨ ̆ɒ ̆ ȁ № ̆

ᵝ ץ̆ Ȃ ̆

ᵖ ᵬ ̆ ץ ԍ Ȃ ᾢ̆ ῀ ֲⱬ ̆

Ҭ 4.34ַ ֡̆№ Ҍ Ṝ ᴆҊ̆ῃ

₃ӍҌ Ȃ 

ѿ ץ ֟ ῏ ҹ ̆ № ֟ ҍ

῏ Ȃ

ᾝ [82]̆ ₮ ↓№ ȁҺ № Ẓ

ԋӗ ȁ [83ï85]Ȃ ѿ

̂ ₮̃[86] ᶏ̆ ᵬҹ

ᵌ ῒז ᴍ ῀₱ ץ̆ ֟ Ȃ ᵬ Ḃ̆

̆ ֲפ₮ ̆ ≢ ⌠ ꜚȁ֟

ꜚ ’ҊȂ ̆ ╠ ԍ Ẋ ̆ ᾝ

̆ ҍ֟ ӊ ῏ Ȃ ̆ᵬ

֟ ṜԊᴆ ₮ [77,87]Ȃ Ṝ Ҋ̆

῏ ⱴ€ ̆ ’Ҋ ҌᶃȂῒ ̆

ӎ Ȃɒ ̆ Ԋᴆ

Ῑ ֟ [88ï90]ȂD ᶏ ҩ

ᵬҹ ̆ ԅ ̆ ῏

Ҍ ȂῬ ̆ ᶭ ᴆ ⱬ Ȃ
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Һ ԍ ῒ̆ ⱬ ԍ Ȃ Ṝ

Ҋ̆ ╠ Ṝ ᴆ̆ ₮ Ԋ

ᴆ ֽ̆ ᶭ ῏ ’Ҋ ᵞȂ ̆

Ӟᴪ ᵬ ҍ ῏ ̆ ѿ └ԅ ԍ

Ȃ 

Ѓ2Є ֥ ᵆ  

ԍᵬ ֟ ᵀ ̆ ᵬ

ῃ ֟ Ȃף DSSATȁAPSIMȁCERES

WOFOST [21,42,45]Ȃ ᵬ Ṝ ȁ №

Ῑ№ └ ᴆ ΐ̆ ⱬ № ⱬȂ 

ԍꜚ ᵬ ԍᵬ ̆ ᾣ ᵬ ȁ

ᵬ ȁ ̆ ̂ ᾣ ȁ ȁ №ȁ ̃ ῾ҙ

̂ ȁ ȁ └ ̃ ᵬ Ȃ

ץ̆ ҹ ̆ ₮ᵬ ѿ ῤ

̂ ̃ ̆Ῥ №

̆ ₮ᵬ ȂChallinor[91] 67ᵬ meta

№ ̆ ’Ҋ̆ ᵀ Ṝ ᵬ

֟ Ȃ ̆ ‰ ῀ ̆

Ҭ ҳ [92]Ȃ 

╠̆ ῤ ֲ ԍꜚ ᵬ Һ Ҋ₃ҩץ

̔ѿ ̂ ⱴ῀ᵬ №≠ ȁ ̃

ᴨ ̂ ȁ ȁ ȁ ȁ № ̃̆

ץ ȁ ȁ Һ ῾ᵬ ץ̆ Ҍ ᵬ
[65, 93ï96] ԋ̕ № ̆ ԅ № ̆

≠ ̂ № ȁ ȁ ῾ ̃̆

ᵬ ᵬ ֟ ᵀ ׆̆ ‰ ᵀ ᵬ ֟ ῾
[97ï100]̕҈ ᵬ ҍῃ Ṝ ȁ ӟ ῀⌠῾

ҙ ֟ Ҭ[101ï103]̆ ΐ ̆ ῾ҙ‗ ̆ѿ

≠ԍ Ṝ ҊҌ ᵬ ̆ ѿ ≠ԍ ῃ

ᵀ῾ҙ ̆ ꜛ῾ └ ȁ ȁ

‗ ץ̆ ῾ҙ ֟ Ȃ 

ᵬ ᴧ ғΐ ̆p Ҍ ӊ ̆ ᵬ

֟ ᵀ Ҍ Ȃ ᾢ̆ Ҍ Ȃ ̆

ȁ ῀ Ҍ ҈ҩҺ [104,105]Ȃᶛ ̆Asseng

̂2013̃[106] ῃ 4ҩף ֟ ̆27ᵬ
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֟ ᵀ Ҍ ԍ17 GCMs Ҍ ̆ ғẠ Ҍ

ԍ Ȃ ̆ ╠ᵬ ̆Ҍ ȁ

Ȃ ̆20ҕ ץף50 ̆Ҭ

ԅ҈ҩ ̆Ҭ Һ ԅ Һף6~4 ̆

ֽҹ3~5̆ ѿף ֟ ⱬȁ
[107,108]Ȃ Ҍ ‰Ȃ ̆

Ҭ̆ ץ ̆ ≢

̆ ⱴ ₮ȂῬ ̆ ṜԊᴆ

ⱬ Ȃ ᵬ ṜԊᴆ̂ ȁ ‟ ̃ ֟

ҌᶃȂ ֓ └ № ԍ Ҍ ֓
[109,110]Ȃ ≢ ̆ Ҍ [111]Ȃ

ᵬ Һ ȁ№ ̆
[112]̆ ᴆҊ֟

ᵀ Ẓ Ȃ 

Ѓ3Є ᵆ֥  

ᵀ֟ ≠ ᵬ ’̆ ҍ֟

῏ ֟ ᵀ Ȃ Һ ̆ NDVI

ҍ֟ ῏ ̆ ᾣ̆

ҹ ᵀ֟ Һ [97,113,114]Ȃ 

MODIS-GPP֟ CASA ԍᾣ ף ֟ [115]Ȃῒ

ᴨל ԍ ȁ ᵬ Ḥ ̆ᵖ Ԑ ̆ғ №

Ἕ ׅ ҳ [116,114]Ȃ ̆ ҹ

֟ ᵀ ȂҬל ľҬ Ŀ̂CropWatch̃

ԅ ȁ ̆ ԅῃ Һ ᵬ ֟ [117]Ȃ

ᾟ№ ԅ ԑ ᴨ̆ל ԅ֟ ᵀ Ȃ 

╠ҍ ӟ ᵀ֟ ԍᵀ ῾ᵬ ֟

Ȃɒ F̆ilippî2019̃[118]≠ ≠֒ ῾ ̆ᶏ

̂RF̃ ᵀ ᵬ ֟ ̆ RF ‰ץ ῾ᵬ

֟ ̆ ғ ῒז ΐ ╠ ȂShari

̂2020̃[119] ԍ Ṝ ̆ᶏ ԅ ӟ ̂ ᴰ

ȁ‗ ȁK ̃ ᴚ ֟ ԅ‰

Ȃ 

1.2.3 ԓ ӥ ᵲ ֥ ᵆ  

ӟ ᵬ ֟ ᵀ ԅ ῒ̆
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ⱬ ⱬҹᴰ ᶫԅ Ȃ

ⱬ ῾ҙ ̆ ӟ ᵬ ֟ ᵀ Ҭ

̆ ԅ׆ ӟ⌠ ӟ Ȃҍᴰ

̆ ӟ ꜚ ≢ ῏ ֜ԑ ̆ ᾢẊ

ΐᵣ₱ ῏ ׆̆ ‰ ҍᵬ ֟ ῏ ̆

≢ Ṝ ᴆҊ Ȃ 

Ѓ1Є ῝ ӥ ֥ ᵆ Ҳ  

̂SVM̃ ԍᵬ ֟ ᵀ ӟ ӊѿȂ ԍ

̆SVM ₱ ᵞ ⌠ ̆

ᴨ№ ȂZhoû 2022̃ [30] Ҭ ֟ ̆

ԅ SVMҍῒז ӟ ̆ SVM Ṝ

₮ ̆ ῒ ȂKarimî2006̃ [28] SVM

ԍ ֟ ᵀ ̆ ῒ ᴨԍᴰ Ȃ ῤ

̂2008̃[120] ԍSVM ԅ ᾣ ᵀ ῒ̆RMSE

ᵞ 11ҩ № ȂYoon̂ 2011̃ [29] ԅ SVMȁ

ᾝ ῒ ֟ ᵀ Ҭ ̆ SVM Ṝĺ

֟ ῏ ΐ ᴨלȂSVM ₱ ᶏῒ ᵬ ҍ

῏ ̆ ѿ Khanal̂2018̃[121] Ҭ ⌠ ̆

ױז № ҍSVM ԍ ֟ ̆

ᴨԍᴰ ȂSVMΐ ⱬ ̆ ≢

῾ҙ ῖ ľ ȁ Ŀ ̆ᵖῒ ₱ ᴨ ׅ

ѿ Һ ғ̆ ⱴ ҉ ̆ └ԅῒ

Ҋ Ȃ 

̂RF̃ᵬҹѿ ӟ ̆ ‗ ῒ

̆ ⁞ ԅ ѿ Ȃῒ ṿҌ ȁ

ғ ᴨל ᶏ̆ῒ ᵬ ֟ ᵀ Ҭ ₮ ȂJeonĝ2016̃
[122]≠ № ԅ ֟ ҍ Ṝ ῏ ̆‰ ԅ֟

ṜԊᴆ ̆ ≢ ԍ

ᴨԍᴰ ȂEveringham̂2016̃[123]

ԍ ≠֒ ֟ ᵀ Ҍֽ̆ ԅ ≢ԅ῏

̆ ꜚ ∆ ֟ Һ ȂLengҍHall

̂2020̃[124] ԅ RFҍ ᵬ ֟ ᵀ Ҭ ̆

RF ΐ ᴨ̆ל ῒ

ҹ ẫȂRF ⱬ ṿ ᶏῒ ῾ҙ
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Ҭΐ ᴇṿ̆ Caî 2018̃[125] ⱳ RF ԅ

ᵬ № ̆ҹ֟ ԅ Ȃ ̆RF

ᵞ Ӟ ₮ K̆hanal̂2018̃[126] ̆ ԍRF

№ ֟ ‰ ғ̆ ᴨ

ԍῒז Ȃ ӟ ̆RF ῾ҙ ╠

ⱴ ̆ ≢ ֟ Ȃ 

SVM ̆ ӟ Ӟ ԍᵬ ֟ ᵀ Ȃֲ

̂Artificial Neural Networks̆ANÑ ῏ ₮

̆KhakiWanĝ2019̃[127] ANN ԍ ֟ ̆ ᴨ

ԅ Ȃ ↕ ῒ ᶭ ῏

Ҍ ̆ ᵀ ΐ ᴨ̆לSoliman[128] ≠

ԅ Ṝ ֟ Ȃ 

ҹԅ ҍ Ḥ ̆Lundberg[129] ₮ SHAP̂SHapley 

Additive exPlanations̃ ҹ ᶫԅ ѿ ̆ ԍ

Ҭ Shapleyṿ̆ ῀ Ȃ ᵬ ֟ ᵀ

̆ ֲ ₮ ᴇṿȂ ̆ AI

ԍ֟ Ҍֽ ԅ ‰ ̆ ԅ Ḥ ҹ̆ ‰῾ҙ

ᶫԅ ᶭ [32]Ȃ ῀№ Ṝ ҍᵬ ֟ ῏ AI

Ȃ ӟ ̆ ԅ ȁ ֟

Ṝ └̆ ≢₮῏ Ṝ ҹ̆ Ṝ ᵬ

ᶫԅ ‰ [130]Ȃ ≠ ̆Hossein̂2022̃[31] ԍ

Ṝ ̆≠ ᴨ ̆

ᵀ №≠ ֟ ҹ̆ ᶫԅ Ȃ ᵬҹ

ΐ̆ ῾ᵬ ֟ Ҭ ⌠ Ȃ

῾ҙ ̆ ԅ └ ̆

ԅ֟ Ḥ [131]Ȃ 

ӟ ҉ᶭ ԍ ȁ ף ̆

῾ҙ ҳ Ȃ ᾢ̆̔ ҙ

Ҍ ₮Ȃᵬ ̆ Ṝ ᴆȁ ȁ

̆ ҉ Ȃ ̆ ֟

̆ ≢ ̆ ᵬ ֟

ҹ ӎȂῒ ̆ № Ҍ ⱴԅ

Ȃᵬ ֟ ̂ ҹ ȁ̃

̂ ̃ȁ ̂ ̃ ֟ ̂ ᾝ̃

Ȃ ֓ № ȁ ҉ ̆

ᵥ ȁ ṿ ̆ ӟ Ȃᶛ
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̆Zhaô 2015̃[132] ̆Ҍ № Ҋ֟ Ẓ № ҍἝ

ῤ ѿ Ȃ 

Ѓ2Є ӥ ֥ ᵆ Ҳ ғ∕  

ӟᵬҹ ӟ ╠ № ῒץ̆ ӟ ⱬ̆

ҹ ῾ҙ ᶫԅ ΐȂ ̂Convolutional Neural 

Networks̆CNÑ ₮ ̆ ≢ Ἕ№ ̕

̂Recurrent Neural Networks̆RNÑ ῒ ᵣ

̂Long-shot Time MemoryL̆STM̃↕ ↓ Ҭ ᶭ ῏ ̆

ԍ ᵬ ꜚ Ȃ 

Sun̂ 2019̃ [133] ԅ ԍCNN LSTM ӟ ̂CNN-

LSTM̃̆ Ἕ ̆ ‰ ԅ ֟ ȂLî2022, 

2025̃[134,135] ӟҍ ̆ ԅҬ қ ֟

̆ Rа ⌠0.86ȂKhakî2020̃[136] ₮ԅѿ ԍ

ð ̆ ԅ ȁ

֟ ̆ ð ð֟ ῏ ԅ Ȃ 

Ȃ

̆ ≢ ȁ № ҬȂ

└ԅ ῾ҙ Ӟ̆ҹ ‗

Ȃᶛ ̆Zhaô2013̃[11]ᶏ APSIM12707ҩ Ṝ

ԅ122 325 ( ( ҍ ) ) ̆ ֓

҉ 30 ҉ץ ̆ Condor ≠

1800~2000 10.5 Ȃ 

ӟ ᵬ ֟ ᵀ Ҭ ̆ ῏ Ҍ

ӟ ̆ ӟȁᾝ ӟ ≠

̆ⱴ ӟҍ ̆ ̆

ӟ ̆ Ȃ ֜

⇔ ̆ ₮ ⱴ ‰ȁ ȁ ғ ѿ֟ף ̆ҹ

Ḡ ῃ ῾ҙ ᶫ ⱬ Ȃ 

Ѓ3Є ӥғᴶ ᵲ  

ӟҍᴰ ᵬ ̆

Ḡ ԅᵬ ̆ ≠ ӟᾥ ԅ ף̆

ԅ ᵬ ֟ Ȃ 

Shahhosseinî2021̃ [137] Ҭ ̆ ӟҍᵬ
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ᶏ ᴨԍ ᴋѿ ̆ Ҍֽ ԅ ̆

ԅ ̆ ≢ Ṝ ᴍ ₮ Ȃ

└ ҍ ӟ ⱬ ⇔̆ ‗ԅ ѿ

ץ ֜ԑ ȂWanĝ 2023̃[138] ₮ԅľ ᴰ

ӟĿ ̆ ᾢ ῀ ӟ ̆ ԅ ᾣ

ᵬ Ҭ Ȃ Ҍֽ ԅ ӟ

̆ Ḡ ԅ ҹ̆ ҍ῾ҙ ᶫԅ

Ȃ ᵌ ̆ ῤ ↔ ̂2018̃[139]≠ ↓

̆ ԅ‏ ֟ Ȃ ̆ ῏

ᵬҹ ῀ ̆ ῀ ̆

ӟ ҹ̆ ῤ֟ ᶫԅ ΐȂ ҍ

̆ ̂2025̃ [140] ԅ

̆ ₮ ╠ ԍ ҍᵬ Ȃ

ñ ðᵬ ð ӟò҈ᵝѿᵣ ̆

Ḥ ׆̆ ᾥ ѿ Ȃ ≢ ‗

̆ҹ җ ᵬ ֟ ᶫԅ Ȃ
[141] ̂2024̃ ԅ ԍ Bayesian-LightGBM֟ ̆

ᴨ ꜚ ̆ ῀῾ ᵬҹᾢ ̆

̆ҍᴰ ӟ ̆ ȁ

Ȃ 

1.2.4 ֥ Ņ - - ņ ғ ⅎ  

֟ ᵀ Ҍ ̆֟ ҉ Ῑ ҍ

№ ῒ̆ ⌠ └

Ȃ ҩҕ ̆ῃ ֟ ԅᾢ ̆ Ṝ ȁ

ᾣ ҍ ҹ ֟ ҈ Һ [142]Ȃᴰ ҍ

ѿ ѿ ̆ ץ ľ ֟Ҍᴨ Ŀ ľᴨ Ҍ ֟Ŀ

Ȃ MasonMaskillԍ 1928 ₮ᾣ ֟ № ȁ
[143] ľ̆ - - Ŀ ҹ ᵥ

ȁף ҍ№ ῏ Ȃ 

ľ Ŀ ₮ᾣ ̆Һ ᾣ ̆

ῒ ᾣ ⱬ ῍ ‗ ̆ ῏ ⌠ [144,145]Ȃ

ľ Ŀ̆ῒ ᵝ ȁ ‗ ̆

ᵣ ԅ ῀ Ȃ ľ Ŀ ľ Ŀ̆╠ ‗

֟ ҉ ̆ ‗ [146]Ȃľ Ŀ ҍ ̆

ȁ / ‗ ԅ
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Ҍֽ̆ Ӟ̆ Ḥ ῤ Ḥ

Ȃ 

ȁ ף ̆ ľ - - Ŀ

ⱳ ̆ ֟ ҉Ȃ ף

̆ № ҍ ̆ ҉ ᶏ ̆

ᴰ ̆ ⱴ[147,148]Ȃᾣ ᾣ ≠ ᾣ Ḥ

֟ ̆ ᾣ ᴆ ᵞᾣ ̆ Ҍ ̕ᾣ ↕ ᾣ

׃ Ḥ [149]Ȃ № ⱴ ̆

- ῏ ̆ Ḇ Ữ ̆ Ҥ ↕ └

῏ [150]Ȃ Rubisco ᾣ ̆

№ № ̆ ף № [151]Ȃ 

ᴆҊ̆ № ̆ ȁ

ᴨ Ȃ № ̆ Һ ҍ ľ̂ Ŀ̃̕

̆ ⱳ ҍ ҹ֟ Һ └ ̂ľ ‗

Ŀ̃̕ ̆ ↕ ҍ

ᾟ ̂ľ - Ŀ̃Ȃṿ ̆ ᵬ

ⱴ̆ ᵬ ᵣῤ -ⱳ -Ḥ ֟ Ȃ

̂ ȁ ȁᵞᾣ̃ ᵬ ľ - - Ŀ ̆

֟ [152]Ȃ ԅҹᵥ ȁᾣ ȁᾣ

֟ ᶭ ԍΐᵣ ̆ ѿҩ ṿȂ 

Ҋ̆ ᵬҹѿ ῖ ῾ ̆ ҉ ᵬ ῏

ҍ ᴨ ץ̆ ľ - - Ŀ ᴨ Ȃ

ᶏ № ҍ ̆ Ḡ № ᾟ№ȁ ̕

ᶏ ԍ ᾣ ᴆҊ̆ ⱳ ̆ ҍ

׆̆ ҍ Ȃ ̆ ᴰ ᵬҹ ѿ ҹ

̆ ҹ ֟ Ȃҍ ԍľ Ŀ

Ҍ ̆ ᵬ ῤ ȁ ȁ ׆̆

ȁ№ ҍ≠ ᴨ Ȃ ԅ҈ ῏ ̆

׆≢№ ȁ ȁ ҈ҩ ꜚԅ֟ ⱬ ̔ ѿ ̂1960s-1970s̃

ᴨ ԅľ Ŀ ̆ ⱴ ȁ ⱴ̕ ԋ ̂1980s-1990s̃

ᴨ ԅľ Ŀ ̆ ̆ ᾣ

ᾣ ̕ ҈ ̂2000s-2010s̃ ᴨ ԅľ Ŀ ̆

῏ [107,153]Ȃ ᴨ ԅ ҍֲ

ԑꜚ Ӟ̆ҹ Ṝ ᶫԅ ̔ № ľ

- - Ŀ῏ ̆ᴨ ⱬ̆ ≠ ֟

Ȃ 
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1.3  

ҍ֟ ‰ Ḡ ῃȁᴨ ῾ҙ ֟

Ṝ ΐ ӈȂ ̆ ῤ Ṝ ȁ֟

ᵀ Ṝ ᴨ ԅ ̆ ԅѿ ↓

Ȃ ̆ ȁ └̆

╠ ׅ ҳѿ ↓῏ └̆ ԅ ῏

Ҋ ȂҺ ᵣ Ҋ҈ҩץ ̔ 

̂1̃ Ṝ Ҭ ҍ  

╠ Ṝ ȁ Ҍ Ẋ

ȂҌ ᵬ Ṝ ⅞№҉ Ҍ ̆̕

₱ ׆̆ ⌠ ₱ Ҍ ᾣ̕ ₱

Ȃ ᵬ̆ ԍ

‰̆ Ҭ ҳҤ ̆ ѿ Ҍ ᴆҊ ₮

ᵬ̕ ҍ ֜ԑᵬ

‗ ̆ ѿ Ҍ Ҋ ₮Ҍ Ȃ ҹ῏ ̆ᴰ

Ṝ ԍ ̆ ᵬ

└ ᵬ̕ ᶏ̆

Ҍᾟ№ Ȃ ̆֗ ԍ Ṝ ̆ Ṝ

ᴆ ꜚ ץ̆ Ҋ

ⱬȂ 

̂2̃ ֟ ᵀ Ҭ ҍ  

ᵬ ֟ Ҭ ңҩ῏ Ҍ Ȃѿ ᵬ̆

ӎ Ҥ̆ └ ֟ Ҭ Ȃҍ

῾ Ҍ ̆ Ḥ ῾ҙ ֟ Ҭ Ҍ ̆

ץ ҍ֟ ῏ Ȃ ‗ ᵬ ֟ ⱬ

̆p ֟ ᵀ Ҭ̆ ῃ

̆ ֟ Ҭ ‰ Ҍ Ȃԋ ̆ ̆ᶏ

֟ Ḡץ ‰ Ȃ ᶏ ᶏ ֟

̆ ѿꜚ ץ ᴰ ‰ ̆ ֟ ҹ

ᴨ ᶫ ᶭ ̆ └ԅ῾ҙ ֟ Ṝ

ⱬȂ ̆ ᵬ ᵬҹ῏ ῀֟ ᴨ ̆

῾ҙ Ṝ ΐ ӈȂ 

̂3̃ ӟ ῾ҙ Ҭ └ 

ӟ ₡Ṣῒ ⱬ ⱬ̆ ᵬ

֟ ԅ Ȃ ̆ ֓ ԍ ῾ҙ ̆
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ӟ ҳ Ȃ ѿҩ ӟ

⌠ῒז ̆ ԍ ᴆȁ ̆ ᴪ

Ҋ Ȃ Ҭ Ҍ ӊ ̆ ԍҌ

Ṝ ֟ № ̆ ⱴȂῬ ̆

̆ ᵬ ῾ҙ ᵬ̆

Ҍ ̆ ԍ ‰

ᴆҊ ᵬ ð ῏ Ȃ ̆֗

ӟ ̆ᴨ ץ̆ ҉ ⱬ̆

ᴆ Ȃ 

1.4 Ὺ  

1.4.1 Ὺ   

ץ ҍ֟ ᴨ ҹ ̆ ҈ҩ ԑ῏

ῤ ̆ ԅ׆ ⌠ ΐ̆ᵣ ῤ

Ҋ̔ 

̂1̃ ԍ Ṝ  

ᴰ Ṝ Ҭ ҳ ҍ ̆ ₮ԅ

ԍ Ṝ Ȃ ⇔ ԅҬ 46ҩף

27 Ṝ ̆ № ԅ12Һ Ṝ

Ȃ ᵀᵬ ̂TR̃ ̆

ԅ ԍ Ẋ ̕ ₮ ԅ ԍ ᵌ

̆ ᵞԅ ̕ ҍ №

̆ ᵀԅҌ Ṝ ̕ ᴨ ̆ ԅ

Ṝ ᴆ ꜚ ̆ Ҋ ⱬȂ 

̂2̃ ԍ ֟ ᵀ  

ԍҬ Һ 2007~2018 ̆

ԅ ᵝ ȁ Ṝ ᴆȁ Ṝ ȁ 4 ῍ 47ҩ ̆

№ ԅҍ ֟ ҍ47ҩ ῏ ̆ ԅ ֟ 24ҩ῏

ץ̕ ֟ ҹ ̆ ꜚ ≢

῏ ̆ ԍ ֟ ̆ ᵀҌ

̕ ԍ ᶃ ̆ № ̆ ԅ

֟ Ȃ ԅ ῏ ȁ

ᵀ ᴨ ֟ ӟ Ȃ 

̂3̃ ԍ ᴨ Ṝ  

ԅᵬ ҍ ӟ ᴨ ̆ ԅ
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Ṝ ᴨ Ȃ ⇔ ԅ ȁᵬ

ҍ ̆ ԅᴰ ѿ ̕ ԍ

№ ̆ ԅ ֟ ȁ֟ Ṝ

₱ ̕ ῀╩ ԅ ð ð ֜ԑᵬ ῤ ̆ ԅҌ

҉ ̕ ₮ԅ ҹ̆

‰῾ҙ ᶫԅ ᶭ ΐȂ 

1.4.2  

ԍ ҍ֟ ̆ ԅ׆ Ṝ ȁ֟

ᵀ ⌠ ‗ ᵣ ҹ̆ ȁ ‰ ֟

ᶫ Ȃ ᵣ  1-1 Ȃ 

̂1̃ ᴰ Ṝ Ҭ ҍ ̆ ₮ ԍ

ᵌ Ṝ Ȃ ≠ Ҭ 46ҩ 27 Ṝ

̆ № ԅҌ ð ᴍ Ȃ

ᵀ ₱ ᾣ ₱ Ҍ ̆ ԅ 12 Ṝ

̆ ≢₮ ᴨ Ṝ Ȃ ₮ԅ ԍ ᵌ

ץ̆ ҹ῏ ̆ ⅞№

ҹ ҩ ᵌ ̆ ̆ ԅ

Ṝ Ȃ ҉̆ ԅ ᴨ ̆ ԅ Ṝ

ᴆ ꜚ ̆ ѿ ԅ ҉ Ȃ 

̂2̃ ԍҬ Һ 2007~2018 ̆ ԅ

֟ ᵀ Ȃ Ҭ׆ ԅ2,175ҩ

327ҩ ̆ ׆ ERA5-Land Ҭ ԅ Ȃ

№ ῏ № ̆ ᵀԅ ᵝ ȁ Ṝ

ȁ Ṝ ᴆ ҍ֟ ῏ Ȃ ҉̆

ԅ҂ Ҍ ̆ ֜ ᴨ ̆

⌠ԅ ֟ ᵀ Ȃ≠ ̆ ≢₮ ֟

Ȃ 

̂3̃ ╠ң № ҉̆ ԅ ᴨ ‗

Ȃ ץ ҹ ‰ ̆ ԅ╠ 15 ꜚ

̆ └̆ ԅ ԍNSGA-II ᴨ Ȃᴨ

ԅ֟ ҍ ȁγ ̆

₮ ᴨ Ȃ ̆ ῤ ̆ ԍ֟

֟ ₮ ᶫ Ṝ Ȃ ҉̆ Ṝ

֟ ̆ ԅ ῍ ᴨ ̆ ₮ԅ

Ṝ Ȃ 
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҈ҩ № ԑ ȁ ̔ Ṝ ̆ҹ

֟ ᵀ ᶫԅ‰ ῀ ץ № ̕ ֟ ᵀ

ԍ ֟ └̆῏ ῀ ᴨ ᴆ̕

ӟ ῃ ̆ ԅ׆ ⌠‗ Ȃ ѿ

‗ԅᴰ ῾ҙ‗ Ҭ ȁ ‰ ᵞȁ ̆ҹ ꜚ

֟ ‰ ᶫԅ Ȃ 

 

 1-1 Ȃ 

Figure 1-1 The workflow of the thesis. 
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2  ғ  

2.1  

2.1.1  

̂1̃ ᴨ63Ṝ  

ᴨ 63 Ṝ ԍ Ḥ Ҭ

̂http://data.cma.cn/̃̆ Ҭ 1984~2005 Ȃ

ץ ᴨ 63ҹ ̆ ԅ ȁ₮ ȁ ȁ ȁ№ ȁ

ȁ ȁ ῏ Ḥ Ȃ № ԍҬ Һ֟

12ҩ ᴍ 38ҩ῾ҙ ̆ ҩ ᴨ 63 4

̆҉ץ Ḡԅ ף Ȃ 

̂2̃ Ҭ  

ᶏ Ҭ ԍ2007~2018₮ ȇҬ

Ȉ ↓ӥ [154ï165]Ȃ ֓ӥ Ҭ ῾ҙ ₮ ₮

̆ ԅ ֟ ῏ ’Ȃ

ΐ ף ̆ ֓ ȁ Ṝȁ ᵬ

֟ ̆ ̆ ᴇҌ Ȃ

ῃ ↓̆ ҩ 3 ̆ 0.02 mû 1 mu=666.67 

mĮ̃Ȃ ֟ ҉̆ ֟ ᴆҊ̆ ҩ

֟ ѿ Ȃ ֟ ̆ ↓̆Ҍ

̆ ҩ ֜ ѿҩ ̆ 0.5 mû ҹ333.34 mĮ̃Ȃ ӥ

ԅ ’̆↓₮ԅ ȁ ȁ֟

ῒז ȁ Ȃ 

῍ 2007~20182175ҩ 327ҩ

Ȃ ῤ ̔ ᵝ ̆Һ ȁ ̕

֟ ̔ ԅ№ ֟ ̕ Ṝ ῏ ̆Һ

ȁ ȁ ̆ ҹ80% ₮╤

̆ῒҬ ҹ ȁ҉ץ85% ҉ץ95% ̕

῾ ̆Һ ᵝ ȁ ȁ

ȁ ȁ Ȃ ԍ Ҭ ȁ

̆ ῀ ץ̆ Ḡ ‰ Ȃ

̆ ᵬ Ṝ ᴆ ̆ ױ ⅞№ҹ ȁ

ѿ ҈ ̆ ѿ ԍ5 ҬҊ ╠ ̆ ѿ

ԍ5 ̕ ̆ ֽ ѿ Ȃ 

http://data.cma.cn/
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2.1.2  

̂1̃  

Ҭҍ ᴨ 63 Ṝ ̆ ԍ Ḥ

Ҭ ̂http://data.cma.cn/̃Ȃ ‰ ᴨ 63 Ṝ ῾ҙ

̆ ױ ԅ ̆ ԅ ̂ ̃ȁ

̂ ̃ȁ ᵞ ̂ ̃ȁ ̂mm̃ ȁ ̂m/s̃ȁ ̂h̃ ץ

̂%̃ ῏ Ȃ 

̂2̃ERA5-Land  

ҬҍҬ ̆ ԍERA5-Land 

̂https://cds.climate.copernicus.eu/datasets̃ ̆ Ҭ

Ҭ ̂European Centre for Medium-Range Weather Forecasts̆ECMWF̃

ѿ ῃ ῤ № Ῥ№ ̆ ᶫԅ Ṝ

ȁѿ Ȃ ԅ׆ 1940 ׂ ̆

ᶫԅ ȁ ȁ ȁ ȁԐ ȁ ῤ ҩ Ṝ

ᵀ ṿȂ ױ ₮2007~2018 ̆

ᵝ ̆ ⌠ ᵞ ̂ ȁ̃ ̂ ȁ̃ ̂ ȁ̃

̂mm̃ ȁ ̂%̃ ‪ ̂MJĿm-2Ŀd-1̃Ȃ ᵝ

̂h̃ ȁ ₮[166]Ȃ 

2.2 ⅎ  

2.2.1 ⅎ  

№ ԍ ̆ Ҭ ȁל №

Ȃ ṿ̂Meañȁ ‰ ̂Std̃ ̂CṼ ̆

≢№ױ ԅ Ҭ ȁל Ȃ 

ṿ Ҭ ṿ̆ Ὲ ҹ̔ 

1

1 n

ii
Mean x

n =
= ä                     ̂ 2-1̃  

ῒҬ M̆ean Ҭ ҩ ṿ x̆i Ҭ  i ҩṿ n̆

Ҭ Ȃ 

‰ Ҭṿ ̆ ҩ ṿҍῒ ṿ

Ẓ ̆ῒ Ὲ ҹ̔ 

2

1

1
( )

n

ii
Std x Mean

n =
= -ä                ̂2-2̃  

ῒҬ̆Std Ҭ ҩ ‰ Ȃ 

‰ ҍ ṿ ṿ̆ ѿҩ ̆ ԍ Ҍ

http://data.cma.cn/
mailto:https://cds.climate.copernicus.eu/datasets
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̆ῒ Ὲ ҹ̔ 

100%
Std

CV
Mean
= ³                    ̂2-3̃  

2.2.2 ῗ ⅎ  

῏ ԍ ңҩ ӊ ῏ ̆ ѿ

Ȃ ҹ ̂ ᵝ ̃ ῏ ̆Ҍᶭ

ԍ № ̆ ῏ № Ȃ ԍҌ

׆ № ̆ ғҌ ңҩ ӊ ῏ ̆ ץ ᶏױ

῏ ᵀ֟ ҍ ҩ ӊ ῏῏ ̆ ῏

ⱬ № Ȃ ῏ Ὲ ҹ̔ 

2

1

2

6
1

( 1)

n

ii
d

r
n n

== -
-

ä
                      ̂2-4̃  

ῒҬ̆di ṿ ̆n Ȃ 

2.2.3 ⅎ  

№ ѿ ӟ ̆ ԍ №ҹҌ ᶏ̆ ѿ ῤ

ᵌ Ҍ̆ ӊ ᵌ ᵞȂK-means ӊѿ̆

ԍ ̆ ⅞№ҹKҩ ᶏ̆ ҩ

ԍ Ҭ Ȃῒ ῤ ᶏ̆

ῤ ȂInertiâ ̃ṿ̆Ӟ ҹ Within-Cluster Sum of 

SquareŝWCSS̆ ῤ ̃̆ ῤ ̆ ӈ

ҹ ҩ ῤ ⌠ Ҭ ȂῈ Ҋ̔ 

2

1
-

i

K

ii x C
Inertia x m

= Í
=ä ä              ̂2-5̃  

Ҭ̆K ̆Ci iҩ Ȃx ԍCi ̆ɛi

iҩ |̆|xī‘||2 xҍ Ҭ ɛiӊ ȂInertia 

ṿ ̆ ῤ Ȃ  K ⱴ̆Inertia ṿᴪ⁞ Ȃ 

↕ ѿ ԍ Inertiaṿ ̆ ԍ  K ṿȂ

Ҍ K Inertiaṿᵬҹ Ĭnertiaṿᵬҹ ̆ └ ̆

̆ ⌠ѿҩľ Ŀ ̆  Inertia ṿҊ ⁞ ̆

ҩ ѿҩ KṿȂ 

2.2.4  

ѿ ԍ ӟ ̆ ҩ‗

ῒ ̆ ῏ ̆ ΐ

ⱬȂ ̆ ҩ ׆̆ ҹ
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≢ ᶫᶭ Ȃ Ҭ̆ ̂Random Forest 

Regressioñ ԍ№ ȁ Ṝ ȁ Ṝ ᴆȁᵬ

ץ Ҭ ֟ Ȃ 

2.2.5 ᴍ  

҈ҩ ԍ ᵀ ̆ ̂MAĔ 2-

6̃ ̆ ̂RMSĔ  2-7̃ ץ ‗ ̂R2̆  2-8̃ Ȃ ᵣ҉̆MAE

RMSE ԍ 0̆ R̕2 ԍ 1, Ȃ 

MAEȁRMSER2 Ҋ : 

1
/

n

i ii
MAE S o n

=
= -ä                    ̂ 2-6̃  

1

1
( ( ))

n

i i

i

RMSE S O
n =

= -ä                  ̂ 2-7̃  

2

2 1

2 2

1 1

( ( )( ))

( ) ( )

n

i i

i

n n

i i

i i

S S O O

R

S S O O

=

- =

- -

=

- -

ä

ä ä
              ̂2-8̃  

Ҭ̆Oiҹ iҩ ṿ̆ὛὭҹ Ὥҩ ṿ̆nҹ ̆ὕҹ

ṿ ṿ̆Ὓҹ ṿ ṿȂ 
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3  ԓ Ṣ  

3.1  

Ṝ ᵬҹᵬ ľ Ŀ̆ ᵬ ᵣ Ҭ ̆

Ҍֽ Ҍ ṜԊᴆ ̆ ҩᵬ Ȃ

Ṝ ‰ ‗ ԅᵬ ᴨ ῾ҙ [167]ȁ ᵀ Ṝ
ץ[168] └ [101] Ȃ 

ᵬ Ṝ Һ ᾣ ̆ ѿ ҉ Ῑ ’

[169,170]Ȃᴰ Ṝ ̂TR̃ ̆ Ẋ ᵬ

ҹ ṿ̆ ѿ

̆ᵖ ΐ
[171,16,172]Ȃ ⌠Ҍ Ṝ ᴆҊᵬ

[173ï175]̆ᵖᴰ ׅ ԍ ף ⅞№ ̆

ӎ ᵬ └ └̆ ԅ Ҭ

Ȃ 

Ṝ ҳ ҍ ̆ ԅ

̆ Ṝ Ҭ Ȃ ⇔

ԅҬ 46ҩף 27 Ṝ ץ̆ ᴨ63ҹ

̆ № ԅ 12 Һ Ṝ ׆̆ ҩ ԑ῏

₮ ̆ ₮ԅ ԍ Ṝ ̔ 

ѿ̆ ᵀԅᵬ TR

Ȃ ̆ ᶏ ѿ ̆TRṿ Ҍ ᴆҊׅ ₮

ғ̆ Ҍ ΐ ѿ Ȃ ѿ ׆ ҉

ԅᴰ Ṝ ԍ Ẋ ̆ ԅ ӎ ᵬ

└ ῤ Ȃ 

ԋ ⇔̆ ₮ ԅ ԍ ᵌ Ȃ ᾢ ԍ

῏ Ṝ ̆ ⅞№ҹ ҩ

ᵌ ̆ Ȃ ̆

ᵞԅ ̆ Ṝ ᵞԅ

44%̆ ҹ Ṝ ᶫԅ Ȃ 

҈̆ ҍ № ̆ ᵀԅҌ Ṝ

ᴆҊ Ȃ ̆ Ҍֽҍ

῏̆ ҍ Ṝ ℗ ῏Ȃ ԍ҈ ₱

ᴆ ᴨ ̆ ΐ

Ȃ ѿ ҹ ᶫԅ ̆ ԅ ᵀ
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Ȃ 

̆ ԍ҉ ̆ ԅѿ ᴨ ̆ ԅ Ṝ

ᴆ ꜚ Ȃ TR ҍ῏ ӊ

₱ ῏ ᶏ̆ ᴆ ꜚ ̆ ᾥ ԅᴰ Ṝ

Ҭ └Ȃ ̆ Ṝ

Ҋ ̆ ᵞԅ44%̆ ҹ Ṝ

ῃ ᶫԅ Ȃ 

׆ ңҩ ⇔ ‗ԅ Ṝ Ҭ

ҳ ῏ Ȃ ᵬ └̆ ԅᴰ Ṝ

̕ ᴨ ̆ ᶫԅ Ṝ

Ȃ 

3.2 ғ  

3.2.1  

ᵝԍҬ Ȃ ̆ ᴟ̂  

3-1ã ̆ Ҭ ̆҉ץ90% Ҭ ֟ 88%[176]Ȃ

֒ץ ṜҹҺ̆ ̆ ֒ ȁҗ ȁ

ץ ҬҊ Ȃ 3׆ ⌠1105Ҍ ̆

19£N⌠35£N׆ 98£E⌠120£Ĕ ₮ Ṝ Ȃ

̆ 14.5Ҍ⌠10.2׆ ̂  3-1b̃ ̆

̂ 28⌠ 13׆  3-1c̃ Ȃ 

46ҩ῾ҙ׆ױ ԅ1984⌠2010 ľ ᴨ63Ŀ̂

ľSY63Ŀ̃ Ṝ ̂http://www.cma.gov.cn/̃Ȃ ԅ῏ Ṝ

̔ ȁ ȁ№ ȁ ȁ ȁ Ȃ ֓ Ҭ

50% ₮ Ṝ ̆ ῾ҙ ‰̂Ҭ

1̆993̃Ȃҹԅ ‖₯ ̆ ԅ ץ

̂ ȁ ȁ№ ȁ ȁ ȁ ̃Ȃ ױ Ṝ ӊ

№ҹԓҩ ̔ № ȁ№ ȁ ȁ ץ

Ȃ1984~2010 Ҭ׆ ῍֣ Ⱶ

̂http://data.cma.cn/̃ Ȃ ̆ ᵞ ̂ ȁ̃ ̂ ȁ̃

̂ ̃ ̂mm̃ Ȃ 

Ṝ ñ̆SY63ò ѿ ṜԊᴆ Ҍ ȁ ᴍ

̂  3-1d̃ Ȃ 3 20 8 20ӊ ̂ ҹ12.0

⌠14.5ӊ ̃̆ 5 14 9 30ӊ ̂ ҹ11.6

⌠14.5ӊ ̃̆ 6׆ 10⌠11 18ӊ Ȃҍ

http://www.cma.gov.cn/
http://data.cma.cn/
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̆ ױ ⌠ ҩ ꜚȂ

ҹ3~8 ̂  3-1c̃ Ȃ 

 

 3-1 Ṝ ᵝ ̂ã ̆ ⅞№ ̂b̃ ̆
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̂c̃ ץ̆ ̂d̃ Ṝ Ȃ̂ã ԍ ‰ Ⱶ Ҋ

ҹGS(2019)1719‰ └ᵬ̆ ḱ Ȃ ҬҌ

Ҍ Ȃ̂b̃ Ȃ̂c̃ 1984

~2010 ץ ṿ Ȃ̂d̃ Ṝ ̆

Ẓ ̆ ṿ̆ Ҭ Ҭᵝ Ȃ ԅ 25 75

№ᵝ Ȃ 

Figure 3-1 Geographical location of phenology observation sites (a), daylength hours by 

latitudes and dates (b), mean temperature (c) of the study area, and (d) phenological 

occurrence dates. (a) This map was created based on the standard map from the National 

Natural Resources Department's map service website, with the review number 

GS(2019)1719. The boundary of the base map has not been modified. Different colors and 

shapes of symbols in the figure represent different numbers of observed years. (b) Daylength 

was calculated from the day of year and latitude. (c) Daily mean temperatures were 

calculated as averages across all sites during the growing seasons from 1984 to 2010. (d) The 

box charts showed the range of phenological occurrence dates, with black points indicating 

the outliers, red points indicating the means, and the black center lines indicating the 

medians. The left and right box boundaries are the 25th-to-75th percentiles.  

3.2.2 Ṣ  

Ṝ ᶏ ң ̔ ꜚ ĺᾣ ꜚ[64,62,61,63]Ȃ

ң ᶏ ᶏ̆ Ṝ ȂҌ

ӊ ԍ̆ ðᾣ ꜚ ≠ ᾣ ԅ ᾣ Ȃ

̆Ҍ ⱳ ₱ ≠ ԅҌ ̆ ҹ ̆

ҹᾣ ȂҌ ⱳ ₱ ֟ ԅҌ Ȃ Ҭ̆

ױ ԅ12ҩ Ṝ ̆ 3ҩ ꜚ ̂  3-2̆ M1ï3̃ 9ҩ

ðᾣ ꜚ ̂  3-2̆ M4ï12̃Ȃ ױ Ҍ ₱ 12

ҩ №ҹ3 ̂  3-2̆ G1, G2, G3̃Ȃ ѿ ῤ̆ ₱ Ḡ

ѿ ̆Ҍ ᾣ ₱ Ȃ 

Ѓ1Є ⃰  

ᶏ ҈ ₱ ̂M1, M2, M3̃  3-2 Ȃ ԍң №

₱ ̆  3-2 ̂M1, M4, M5, M6̃̆ ׆ ̂Tb̃

⌠ ̂Tõ ̆ T> ToҊ Ҍ Ḡ Ҍ

Ȃ 

0,           ,

( , , ) ,  

1,           

b

b
T b o b o

o b

o

if T T

T T
f T T T if T T T

T T

if T T

ë <
î
-î
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 3-2 12 Ṝ ȂM1ïM3ҹ ꜚ Ṝ ̆M4ïM12ҹ ᾣ ῍

ꜚ Ṝ ȂG1ȁG2 G3ף ҈ҩҌ ȂG1 ң №

₱ ̆G2 ҈ № ₱ ̆G3 Beta ₱ Ȃ ҩ ῤ

ѿҩ Ҍ ᾣ ̆ 2 4ҩ №≢ ԅң № ȁң

№ Betaᾣ ₱ Ȃ 

Figure 3-2 An overview of 12 phenological models. M1ïM3 represent temperature-driven 

phenological models, M4ïM12 represent phenological models driven by both temperature 

and photoperiod. G1, G2, and G3 represent three distinct model groups. G1 used the two-

segment piecewise linear temperature response function, G2 used the three-segment 

piecewise linear temperature response function, and G3 used the Beta temperature response 

function. The first model of each group disregarded photoperiodic effect, whereas the second 

to fourth models incorporated the two-segment piecewise nonlinear, the two-segment 

piecewise linear and the Beta photoperiod response function, respectively.  

ԍ҈ № ₱ ̂  3-2̆ M2, M7, M8, M9̃̆ 3-2

̆ Tb⌠Ҋ׆ ᴨ ̂Tl̃ ⱴ̆ӊ Ḡ Ҍ ҉

ᴨ ̂Th̃ ̆ T>Th ⁞ ̆ ⌠ҳ ̂Tc̃
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Ҭ̆ɛ, ŭ Ů Ȃ 

3.2.3 ԓ ‼ 

 3-2Ҭ G1 G3̆ῒ ̂  d̃ ̆ Ҋ ̔ 

[ ( ) ]
D

D d

d Reg

Thermal f T T
=

= ³Dä                  ̂ 3-7̃       

Ҭ̆Dҹ Ṝ Ȃd=Reg ̆ Ȃ

ËT Ȃ ԍ 3-1̆ ËT ̂Tõ ⁞ Ҋ
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 3-1 ᾣ ῏ ṿ 

Table 3-1 Temperature-photoperiod parameters and values 

 

ҩ ҉ Ҋ̂  3-3̃ ̔ ᾢ̆ ҩ ῃ

⅞№ҹD1ïD5 5ҩ Ȃ ̆ ‰ԅ ҩ

TR̂ ̃Ȃ ̆ TRᵬҹ ṜȂѿ

TRdailŷ ̃ ‰ TR̆ᵬ ῀Ҋ

ѿҩ Ṝ Ȃᵬ ҹYi,sim̆

ҹXi,obȂ ӊ Ȃ ̆ҹԅ Ḡ

⌠ ̆ ױ ₮ ’ ԅ ̆

׆ ⌠ ҹ 124̆ ױ

Ȃ 

҉ TR ҍ҉ ᵌȂ҈ҩ ҹ̔

ҩ ≢ ҹ1ҩ̆ ≢ ҹ2~45ҩ̆

≢ ҹ 46ҩȂ ԍ TR ‰̆ ԍ ̆

ױ ῏ TR ̆ ҩ └ԅ Ȃ ҩ

̆ Ҍֽױ ԅTR ̆ ԅTR

Ȃ ‰ TR ԍΐ ᵌ ᴆ Ȃ 

  ṿ  

Tb ᵞ  8 oC Van Oort et al., 2011[181] 

To  30 oC 

Bouman et al., 2001[43]; Van Oort et al., 

2011[181]; Boogaard et al., 2014[42]; Wang et 

al., 2017[182] 

Tl 
Ҋ  

25 oC 

Jia 1989[183]; Yin 1995[12]; Ahmad et al. 

2012[65]; Bouman et al. 2001[43]; Boogaard et 

al. 2014[42]; Wang et al. 2017[182] 

Th 
҉  

35 oC 

Jia 1989[183]; Yin 1995[12]; Ahmad et al., 

2012[65]; Bouman et al., 2001[43]; Boogaard 

et al., 2014[42]; Wang et al., 2017[182] 

Tc ҉  42  Van Oort et al., 2011[181] 

ɛ ᾣ  ï15.46 Yin, 1996[184] 

ŭ ᾣḆ  2.06 Yin, 1996[184] 

Ů ᾣ └  2.48 Yin, 1996[184] 

DLc ῏  16 h Liang and Cai[185] 

DLo  12.5 h Yin,1997[63]; Jia,1989[183] 
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 3-3 Ṝ Ȃp, ̧, Â, É ף ΐ ᴆ Ȃp  ̧ 

⅞№ Ҍ ≢Ȃn №ΐ Ȃ

3̔ D1-D5ף 5ҩ ȂTR ‰ ȂTRdaily Ȃᵬ

ѿ ҹYi,sim̆ ҹXi,obȂË

ӊ ӊ Ȃ 

Figure 3-3 An Overview of the proposed method to improve phenology models. p, ̧, Â, 

É represent individual sites with unique environmental conditions. p and ̧ represent 

different clusters divided by the clustering method. n signifies the process of distinguishing 

sites with environmental heterogeneity. Step 3: D1ïD5 represent five developmental periods. 

TR represents the calibrated thermal requirement. TRdaily represents daily effective heat. 

The simulated date on which the crop completed a specific stage was denoted as Yi,sim, while 

the corresponding observed date was denoted as Xi,ob. ȹ is the difference in days between 

simulated and observed dates. 
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3.2.4 ԓ  

≠ K-Means№ ̆ ᵌ ⅞№

ҹҌ ≢Ȃ ױ ΐ ᵌ № ⌠ ѿ Ҭ ⁞ץ̆

̆ ⁞ץ Ȃ ױ ԍ Ṝ

̆ PythonҬᶏ scikit-learnK-means ῏№ [186]Ȃ 

ᴨ ҊȂ ᾢ̆ ױ Ғ ̆

₮ ᵬ Ṝ [187,7,4]Ȃ ֓ Ḥ ̂ ȁ ȁ

̃ȁ ̂ ̃ ̂ ȁ ȁ ̃Ȃ

ҹ ױ ᵬ Ҭ ̆ ғ ҹľSY63Ŀ̆  

 

 3-4 ῏ ῏ Ȃ ᾝ ԍ ῏ ̆

῏ Ȃ ̂Lat̃ȁ ̂Loñȁ ̂Eleṽȁ

̂TDOỸȁ ̂ATM̃ ȁ ̂ATS̃ȁ ̂ 120

ῤ̃ ̂STM̃ ̂STS̃ȁ 60ῤ ̂TD60_TS̃ȁ

70ῤ ̂TD70_TS̃Ȃ 

Figure 3-4 Correlation coefficient matrix of the important environmental variables. The 

shade of the cell color corresponds to the strength of the correlation, with darker shade 

indicating stronger correlations. Variables include Latitude (Lat), Longitude (Lon), 

Elevation (Elev), The Day of Year for Transplanting date (TDOY), Annual Mean 

Temperature (ATM), Annual Accumulation of Growing Degree Days (ATS), Mean 

Temperature (STM) and Thermal Accumulation (STS) during the growing season (within 

120 days after transplanting), Thermal Accumulation within 60 days after transplanting 

(TD60_TS), Thermal Accumulation within 70 days after transplanting (TD70_TS). 

ԅҍᵬ №ᶫ ῏ Ȃ ԍ ҹ ᵬ ῒ̆

ᾣ ̆ ױ ԅ ῒ Ҍ ҉ Ȃ ̆
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ױ ӎ ῾ ̆ ױ ֓ Ȃ

Ҍ ᴆ ᵬ Ȃ ̆ ̂Lat̃ȁ

̂Loñȁ ̂Eleṽȁ ̂TDOỸȁ ̂ATM̃ȁ

̂ATS̃ȁ׆ ⌠ ̂Boot_TS̃ȁ׆

⌠ ̂Hea_TS̃ ׆ ⌠ ̂Mat_TS̃Ȃ 

ῒ ̆ ױ ԅ ҍ ׆̂ ⌠

̆Days_Trans_Mat̃ӊ ῏ Ȃ № ԅҌ ῏ Lon ̂r 

= -0.15, P > 0.05̆  3-1̃ Ȃ ̆ ױ ԅ▼ᵩ Days_Trans_Mat 

̆ ԅ ̔Mat_TM > ATM > Lat > Mat_TS > Elev > 

TDOY > ATS > Boot_TS > Head_TSȂᵖ ̆ ԍMat_TMȁMat_TSȁBoot_TS

Head_TSṿᶭ ԍ Ṝ ̆ Ҍץ ᵬҹױ Ṝ

Ȃ ̆ ױ ԅ ԍ Ṝ ̂ 120ῤ̃

̂STM̃ ̂STS̃̆ ץ ᶭף ԍ Ṝ ̂ Mat_TS̃Ȃ

̆ ᶏױ 60ῤ ̂TD60_TS̃ 70ῤ

̂TD70_TS̃ ף Bot_TSHea_TS[188]Ȃ ̆№ ӊ ῏ ̆

ץ ̂  3-4̃Ȃ ̆ ԑ῏ ̆

Ḃץ ΐ ᵌ ῀ ѿ ≢Ȃ ̆ ῏ ᴪ

ᴆ ᵌ ⅞№⌠Ҍ ≢ҬȂ ̆ ԍ ΐ ῏

Ȃ  3-4̆ ∆ױ ᶏץ STMȁLatȁElevȁTDOY ֓

ᵬҹ Ȃ҉ץ № ף Ὲ Ȃ 

3.3 ғⅎ  

3.3.1 ᵲ  

 3-5 ԅ ᴍȁ ̂TR̃

Ȃ Ṝ ̆ ѿ Ṝ

ⱴ̂  3-5 ã Ȃᶛ ׆̆ ⌠ 3׆ ⌠11Ҍ ̆ ҹ

6 Ȃ׆ ⌠ 51~82 ̆ ҹ 68 Ȃ׆ ⌠ ҹ

86~124 d̆ ҹ103 Ȃ 

ᶏױ ‰ ̂TRstd̃ ҩ Ҍ ï ᴍ

Ȃ ï ᴍ ꜚ ԅ ΐ ̆

ᵣ TR҉Ӟΐ Ȃ ̆ Ҍ

ï ᴍ TRstdⱴ ̂  3-5 b̃ Ȃץ M3ҹᶛ̆ № ̆TRstd

Ҍ ï ᴍ ҹ34  d̆ ⌠ԅ ̆TRstdⱴ⌠ԅ167  dȂ

12ҩ Ҭ̆M3ȁM10ȁM11 M12 ₮ TRstdȂ ҩ ԍ

Beta ₱ ̂  3-2̆ G3̃Ȃ ӊҊ̆ ҈ № ₱ 
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 3-5 Ṝ Ҍ ĺ ᴍ ‰ ̂TRstd̃Ȃ

̂ã ԅ׆ ⌠ ṜԊᴆ ̆̂b̃ ԅ Ҍ

ï ᴍ ‰ ̂TRstd̃Ȃ̂ã Ҭ̆ ף≢№ ׆ ⌠

Ṝ 25⌠ 75№ᵝ 10⌠ 90№ᵝ Ȃ̂b̃ Ҭ̆M1ïM12

ף 12ҩ Ṝ ̆ 2 1Ȃ ᾝ Ȃ 

Figure 3-5 The observed phenological events occurred on the date after transplanting and 

the standard deviation of thermal requirements (TRstd) across site-years. Panel (a) showed 

the durations from transplanting date to the dates of subsequent phenological events across 

site-years, and panel (b) showed the standard deviation of thermal requirements (TRstd) 

across site-years for all models. In panel (a), boxes and whiskers represent the 25thïtoï75th 

and the 10thïtoï90th percentile ranges, respectively, of the duration from transplanting date 

to subsequent phenological dates. In panel (b), M1ïM12 represent the 12 phenology models, 

with detailed descriptions given in Figure 2 and Table 1. The cell colors represent the value 

of TRstd across site-years, where darker colors indicate higher variability. 
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̂  3-2̆ G2̃̆ M2ȁM7ȁM8 M9̆ ₮ TRstdȂ ̆

ᾣ ץ Ȃ ᾣ ̂M5ïM12̃ҍ

ᾣ ̂M1ïM3̃ ̆ ₮ ᵞ TR TRstdȂᶛ ̆

̆M4ïM12 TR d⌠1759  d̆  1396׆ M1ïM3 TR

׆ 1656  d⌠ 1844  dȂM10ïM12Ҍ ï ᴍ TRstd׆

128  d⌠150  d̆ M3 Ҍ ï ᴍ TRstdҹ167  dȂ 

 

 3-6 46ҩ SY63 ̂TR̃ ȂM1-M12ף 12 Ṝ ̆

2 ᾣ Ȃ ῤ ṿ 46ҩ TRȂ 

Figure 3-6 Mean thermal requirements (TR,  d) at different developmental periods for 

rice cultivar óSY63ô across 46 sites. M1ïM12 represente 12 phenological models, with 

detailed descriptions given in Figure 2 (Temperature response curves and photoperiod 

response curves for rice development rate). The numbers in the cells represente the mean TR 

values across 46 sites. 

3.3.2 Ғ ҩү ҏ  

G1̂ ң № ₱ ̃ G2̂ ҈ №

₱ ̃ ҩ ҉ ₮ ᵌ ̆

G3̂ Beta ₱ ̃↕ ̂  3-7̃ Ȃ ׆

⌠ ҩ ҉̆ ᵞ ӊ
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ⱴ ̂  3-7̃ Ȃ ԍ ̆

̂MAẼ̆ ԍG1 1.7̆ MAE ꜚ ҹ0⌠10̕ ԍG2 1.8

M̆AE ꜚ ҹ0⌠10̕ ԍG3 3.4̆ MAE ꜚ ҹ0⌠23

Ȃ ҩ ҉ ̆ MAĔ ԍG1 6.0̂ ¤5.6

̃̆ ԍG2 4.5̂ ¤4.1̃ ̆ ԍG3 9.4̂ ¤8.0̃ Ȃ

G3 2ҩ ҉ ₮ MAEȂṿ ̆ἝG3 ΐ

MAE ̆ ΐ ᵞMAE ̆G3 MAE

ᵞ Ȃᶛ ̆ ׆ ҩ ̂Ҍ № ̃ ⌠⌠

҉̂⅞№ҹ 46ҩ ≢̃ ̆M2 MAE ׆ 5.1⁞ ⌠ 1.8

̆ ⁞ ԅ3.3̕ M3 MAE↕10.5׆⁞ ⌠3.5̆ ⁞

ԅ7 Ȃ 

ᾣ ̆ ᾣ

ᾣ ₮ ‰ Ȃɒ ̆ ҩ

҉̆ G2Ҭ M2̂ ᾣ ̃ȁM7ȁM8 M9 MAE№≢

ҹ5.1ȁ4.4ȁ4.0 4.4Ȃ ̆ G3Ҭ̆M3̂ ᾣ

̃ȁM10ȁM11 M12 MAE№≢ҹ10.5ȁ9.2ȁ8.4 9.5̂

 3-7 b̃Ȃ ᾣ̆ ₱ Ҍ ҉ Ӟ Ȃ

҉̆ Һ ‗ԍ ₱ ᾣ̆ ̂

10ãȂ ̆ ׆ ⌠ ҩ ҉̆ᾣ ₱

‰ € Ȃץ G1 ҹᶛ̆

ױ ԅҌ ᾣ M1 ῀ᾣ M4Ȃ ҉̆

M1 MAE 1.8̆ M4 MAEӞ 1.8Ȃ ̆

⌠ ҩ ҉ ̆M1 MAE 6.8̆ ӊҊ̆M4 MAE 6.1

Ȃ 

3.3.3 ԓ ᴮ  

Inertiaṿ Ҍ ᴨ ≢ ᴪ Ҍ ̂  3-8̃ Ȃ1⌠24ҩ

≢ ῤ ̂MAẼ Ҍ

̆ ֓ ñSTMò̂ ᵬ ̃ȁñLatò̂ ̃ȁ

ñLat+STMò̂ ᵬ ̃ȁñLat+STM+Elevò̂ ȁᵬ

ȁ ̃ȁñLat+STM+TDOYò̂ ȁᵬ ̃

ñLat+STM+TDOY+Elevò̂ ȁᵬ ȁ ̃Ȃ ԍ

҉ץ ̆ ױ ≢ №≢ҹ6ï12ȁ8ï15ȁ12ï18ȁ18ï

24ȁ18ï24 20ï30Ȃ  3-9 ԅ Ҍ ץ ᵣ ’Ҋ̆Ҍ

MAE Ȃᶛ ̆ ̆ᶏ ñSTMòᵬҹ ̆

≢ ҹ9 ̆MAE ҹ4.6̂  3-9 ă Figure 3-10̃Ȃҹԅ  
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 3-7 ̂MAĔ ̃ ȂM1-M12ף 12 Ṝ

̆ 2ȂG1ȁG2ȁG3ҹ3ҩ Ȃ̂ã MAEȂ̂b̃

ҩ MAEȂ Ҍ ᾣ ̆ ᶏ ᾣ

₱ ̆ᵖ ԍҌ ₱ Ȃ Ҭ ף≢№ MAE

25ï75 10ï90№ᵝ Ȃ Ҭ Ҭᵝ ̆ ṿȂ

MAEṿ 10 90№ᵝ Ȃ 

Figure 3-7 Comparison of mean absolute error (MAE, days) for models at physiological 

maturation stage. M1ïM12 represent the 12 phenological models, with detailed descriptions 

given in Figure 2. G1, G2, and G3 represent three model groups. (a) MAE for the site-level. 

(b) MAE for the whole study region. Boxes of the same color represent models that use the 

same photoperiod response function but different temperature response functions. Boxes 

and whiskers represent the 25thïtoï75th and the 10thïtoï90th percentile ranges of MAE, 

respectively. The thick lines in the boxes represent the median values. The red dots represent 

the mean values. The black diamonds outliers whose MAE values exceed the 10th and 90th 

percentile range. 

ᶃ ≢ ᶃ ̆  3-10 ԅ ̂№ ȁ ȁ
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ȁ ̃ MAE Ȃ ñSTMò ≢ ҹ6

̆ MAEҹ 4.0̆ ᵖῒ MAE ≢ ⱴ ⁞

Ȃ ̆ ≢ 6 ̆ñLat+STMòȁñLat+STM+Elevò

ñLat+STM+TDOY+ElevòMAEṿ ᵞԍñSTMòȂ ҹ 12 ̆

ñLat+STMòȁñLat+STM+ElevòñLat+STM+TDOY+ElevòMAEṿ ñSTMò

MAEᵞ ԅ 0.4 Ȃ ⌠ ñLat+STMòȁ ñLat+STM+Elevò

ñLat+STM+TDOY+Elevò̆ ױ ᵌ Ȃ ̆

ñLat+STM+TDOY+ElevòñLat+STMò ңҩ ̆ñLat+STM+Elevò

ñLat+STMò ѿҩ Ȃ ̆ ԅ‰ ̂ ̃

̂ ̃ӊ ̆ ᵬ ԅ

ñLat+STMòᵬҹ ᴨ ̆ ᶃ ≢ ҹ12Ȃ 

 

 3-8Ҍ ≢ InertiaṿȂSTMҹ ̂ 120ῤ̃

ȂLatף ȂElevף ȂTDOY ׆ ȂInertiaṿ

Ȃ ᵞ Inertiaṿ ѿ ≢ῤ Ȃ 

Figure 3-8 Response of Inertia value to cluster number and variable combination. STM 

represents the mean temperature within 120 days after transplanting. Lat represents 

latitude. Elev represents elevation. TDOY represents the day of year from transplanting 

date. Inertia indicates the effects of clustering on variable variability. The lower Inertia 

values indicate smaller variability within the same clusters. 
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 3-9 Ҍ Ҍ Ȃ

№ ȁ ȁ ȁ 5ҩ Ȃ 

Figure 3-9 The variation of mean absolute error with different clustering variables at 

different development stages and all stages mean. All stages represent mean absolute error of 

five development stages (tillering, jointing, booting, heading, and physiological maturation). 
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 3-10 Ҍ Ҍ ̂№ ȁ ȁ ȁ ̃

ṿ Ҋ  Ȃל

Figure 3-10 The decreasing trend of mean absolute error for different clustering variables 

across all stages (tillering, jointing, booting, heading, and physiological maturation). 

3.3.4 ⁯  

ҩ ҉̆  3-11 Ȃ

̂MAẼ 1.6~10.5 ӊ ̆ ғ

Ṝ ᵞȂ Ҍ ̆ MAE ̆ №

MAE ꜚ ҹ1.6~2.0 ̆ ҹ3.5 ~8.6 ̆ ҹ4.1~8.5 ̆

ҹ3.4 ~7.1 ̆ ҹ4.0~10.5 Ȃ MAÊ12ҩ

̃ № ȁ ȁ ȁ MAE№≢ҹ 1.8ȁ

5.3ȁ5.6ȁ4.76.6ȂῒҬ̆M3 M10ïM12 MAE ̆

̆ M2 M7ïM9 MAE ᵞ̆ Ȃ ̆ Ҍ

̆ ᶃ Ҍ Ȃᶛ ̆

̆M2 ̆ῒMAE ̆№≢ҹ3.5 4.1Ȃ ̆

M8 M9 ̆ ױ MAE ̆ ҹ 3.4 Ȃ ̆

M8 ̆ῒ MAE ̆ҹ 4.0 Ȃ Ҍ №ΐᵣ ’

Ҋ̆ MAE ̆M2 M9 ᶃ̆ΐ

MAĔҹ3.6Ȃ 

ⱴ ≢ ᵞ MAÊ  3-9̃Ȃ

ԍļLat+STMĽ № ̂  3-9 c̃ ̆№ ȁ ȁ ȁ
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5̆ҩ MAE ≢ 1׆ ⱴ⌠24ѿ

ᵞȂ ԍ№ ѿҩ Ṝ ῒ̆MAE׆ ≢ 1 ⌠24

ֽ̆⁞ ԅ0.4Ȃ ̆MAE׆ ≢ 1 5.3

⁞ ⌠ ≢ 24 3.7̆ MAE⁞ ԅ1.6Ȃ ȁ

Ӟ ᵌ ̆ῒMAE№≢⁞ ԅ1.7ȁ1.42.9ȂҌ №

’Ҋ̂Allstages̃̆ MAE׆ ≢ 1 4.8 Ҋ ⌠

≢ 24 3.2Ȃ Ҍ ̆ ≢

ⱴ̆ ҹ ̆ ғ MAE Ҍ

№ MAE Ȃ ̆ ≢ ׆ 1 ⱴ⌠ 24

Ҭ̆ MAE ⁞ Ȃ 

 

 3-11 ҩ ῤ ̂MAẼ ȂM1-M12ף

12ҩ Ṝ ̆ 2Ȃ ̂M1-M12̃ MAEȂ

Ҍ № ̆ № ȁ ȁ ȁ 5ҩ

⌠ MAEȂ ҩ ᾝ Ҭ ԍMAEṿȂ ᾝ MAE

ṿ Ȃ 

Figure 3-11 Mean Absolute Errors (MAE) for all development stages and models across the 

whole study region. M1ïM12 represent the 12 phenology models, with detailed descriptions 

given in Figure 2. The last row (Ensemble) represents the MAE of all models (M1ïM12), and 

the last column (Allstages) represents the MAE obtained by averaging of all development 

stages (tillering, jointing, booting, heading, and physiological maturation) without 

distinguishing development stages. The numbers within each cell correspond to MAE values. 

Cells with a darker shade indicate higher MAE values. 

3.4   

3.4.1 Ṣ  

ᶏױ 12ҩ Ṝ ᾟ̆№ ԅ1984~201046ҩ ѿҩ
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ľSY63Ŀ Ҍ ̂TR̃ TR Ȃ ױ ⌠TR

Ҍ ï ᴍ Ȃ ױ ҍӊ╠ ѿ ̆ ֓ Ӟ ԅ

TR[189,181,14]Ȃ ԍᵬ ῒ Ҭ

Ạ₮ Ṝ Ȃ 

ΐᵣ ̆ Ṝ ⌠ ꜚȁ ᾣ
[190,167,191,182]Ȃҹԅ⁞ ᵬ Ҍ̆ ԅ

̆ [102]Ȃ ױ ⌠̆ ׆ 3 Ҋ ⌠ 7

Ҭ Ҍ ̆ғ׆ ⌠ ѿ ṜԊᴆ ̆ Ҍ ï ᴍӊ

10~40̂  3-7 ã Ȃ ѿ ץ ԍҬ └

̆ ñSY63ò Ҍ

Ҍ Ȃᶛ ̆ 8 1 ̆ῒ ῒז

₮5~8 ̂  3-3 c̆ d̃ Ȃ ̆ᾣ ҩ ῤ11.6׆

⌠14.5ӊ ̂  3-3 b̃ ̆SY63 ‰ ̂TRstd̃

64  d~119  dӊ ̂  3-7 b̃ Ȃ ᴪ ᾣ

TRȂLiuֲ ̂2013̃[192] ̆ ⱴ1Á̆TR ᴪ⁞ 25.6

Ȃ ̆ Ҍ ᴆҊ Ҍ Ȃ

֓ ̆TRҌֽ ᵬ ᴰ ̆ ᴆ

Ȃ 

ᵬ ≢ԍ ̆ ᵬ

ֽ ᴰ ‗ [193]Ȃ ԍ

̆ ֓ ⌠ᵬ ῒ ⱬȂ ̆

҉ ₮ [194,195,182]Ȃᶛ ̆ ╩ Ҭ № ץ

ץ̆ Ῑ№ ꜚ[196]Ȃ ̆ᾣ ᵬ

Ҍ ҉ ԅ [197]ȂWu ֲ̂ 2019̃[15] ̆

₱ ῀ Ҭ̆ ץ

⁞ ѿ Ȃ ֓ ԅ ̆ ᵬ

ᴆ └Ȃ 

ץ̆ ᵬ ΐ ᶭ ԍ ѿ

ֽ ₃ҩ TR[198,173,199]Ȃ ̆ҍ ῏ Ҍ

⌠ ‗Ȃҹԅ ᴇ Ṝ ̆ Ҍ Ȃ

ױ ԅ12ҩҌ Ṝ ̆ 3ҩ ꜚ 9ҩᾣĺ ꜚ

Ȃ ᵬ Ҍ ̆ ױ 12ҩ №ҹ҈

̂G1ïG3̆  3-5̃ȂҌ ӊ ≢ ԍ ױ ₱ Ȃ

ҍֽ ꜚ ̆ ᾣ ҉

ԅ Ṝ ‰ Ȃ ѿ ΐ̆ № ₱ ᶏ

Beta₱ ̂  3-5  3-11̆G1 G2ҍG3̃Ȃ ѿ
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ץ ԍ ֓ Ҭ ԍ ᵬ Ҍ └ȂBeta

₱ ᶏ ̂30 ̃̆ ҈ № ₱ ΐ

̂25~35 ̃Ȃ ̆Beta₱

Ҋ Ȃ Ҍᶃ ẁ ԍ Ҋᵞᵀᵬ [8]̆

⌠ Ȃ ֓ ҍӊ╠ ѿ ̆

֓ ԅ Ҋ‰ ᵬ [189,182,13]Ȃ 

ѿ ῤ ԍᾣ ₱ Ȃΐᵣ ̆ ҩ ῤ

ѿҩ ԅᾣ ̆ ԋ ҩ №≢ ԅң № ȁ

ң № Betaᾣ ₱ ȂῒҬ̆ ң № ᾣ

₱ ̂M5ȁM8 M11̃ ₮ ̂  3-11̃Ȃҍῒזᾣ

₱ B̆etaᾣ ₱ ᵞ ῒ̆‰ ‗ԍ

₱ Ȃ ҍWangֲ ̂2015̃[8] ѿ Ȃ ԍң №

ᾣ ₱ ̆ῒ ̆ DLo

ӊ̆ ⁞ ̆ Ҍ ᵬ

Ȃ ᶏ̆ Ҭ ₮ ṿ ᴨ Ӟ ⱴ

ԅ Ȃץ╠ ֽ̆ ῤ ‰ Ṝ Ṝ

Ҍ Ӈ‰ ȂIizumi ֲ̂2009̃[200] ԅ ᵞ

Ҍ № Ȃ ̆van Oortֲ̂2011̃[181]

Ӟ ᶏ̆ ṿ ‰ ‰ ṜҊ׆ ⌠

Ȃ 

Ṝ ӊ ̆ᵖ ҩ ȁ ҈ҩ ҉̆

Ṝ ѿל Ȃ12 Ṝ ׆ ⌠ ҩ

Ȃ ̆ ױ ⌠ Ҍ ҉ ѿ Ȃ

ᶏ ₱ ѿ ҹ ̆ ᶏ Beta

₱ ѿ ҹ ᵞ Ȃ ҍץ ԅ [13]̆

ץ ᵬ └ ΐᵣ Ȃ

Һ ױ Ҭ № ȁ ̆ ҹ ױ

Һ Ҭ ҉Ȃ ̆ ױ ֒ Ṝ ̆Ҍ

қ Ṝ Ȃץ ԍ ≢ ≢ ‰
[8,13]Ȃ ӊҊ̆ ױ ԍ Ҋ ԅ

ṜȂ ΐ Ғѿ ȁ ᴨ ̆ ‰ ȁ

Ҍ ᴆҊ ṜȂ 

Ṝ ӊ ̆p ׆ ≢ ⌠ ҩ ̆

֓ ₮ѿ ғ ⱴ Ȃל ̆ ױ ⌠

Ҍ ΐ ѿ Ȃᶏ ң № ̂  3-5  3-11Ҭ G2̃

₱ ̆ῒ ᶃ Ȃ ӊҊ̆ᶏ Beta ₱
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̂  3-5  3-11Ҭ G3̃ Ҍ‰ Ȃ ѿ ҍӊ╠

ᵬ [13]Ȃ

Һ ױ № ȁ ̆ ҹ ױ

Һ Ҭ ҉Ȃ ̆ ױ ᵝԍҬ ֒ Ṝ ̆Ҍ

Ҭ қ Ṝ ̆ Ҍ Ṝ Ȃץ ԍ

‰[8,13]̆ ӊҊ̆ ױ ҉̆ ‰

ᵬ Ṝ̆ ȁ

‰ ΐ ᴨ̆ל ‰ ȁ Ҍ ᴆҊ ᵬ

ṜȂ 

3.4.2 Ṣ   

Ṝ ғ ᴆҊ [201,202]Ȃ ̆

⌠ ₮ ҉̆ ᵬ Ҍ

└̆ ‰ ᴪ ⌠ ̆ Ҍ Ҍ Ṝ

ᴪ Ҍ Ȃ Ҭ̆ ױ ᶏ ̆ ≢₮

ᴆ ᵌ ⌠⅞ױ ѿ ≢Ҭ̆ ԅҌ ҉ Ṝ ‰

Ȃ ױ ᶃ ≢ ץ̆ Ȃ 

⁞ץ Ҭ ԍ ȁ ᵝ Ҍ
[36]Ȃ ה ᶃ ≢ ̆ ץ Ҍ

ᵬҹᴨ ⌠ ԍ Ṝ ҬȂ ᴆ ᵌ

⌠ᵬ ΐ ᵌ ѿ ≢Ҭ̆ ԍ ֲ̆

ԅ Ṝ Ҭᵬ ׆̆ ⁞ ԅ Ȃ ԅ Ṝ

Ȃ ױ ᶏ̆ ñLatòñSTMòᵬ

ҹ ץ ᵞ ȂñSTMò ῏

ᾣ ᵬ ṜȂᶛ ̆Liu ֲ [192] Ҭ Ҍ Ҋ̆

Ṝ ̆ Ῑ ̆

Ȃ ̆Ҭ ֜ ᵬ ̂1981̃ ̆4 ~10ҹ

Ҭ ῤ ᵞṿ ᵬ̆ ⌠ ל ᴟ ̆

1Á̆ ᴨ6 ׆ ⌠ ̂TR̃ ⱴ19  d̆

0.11 hȂ ̆ ⌠ ᴆ ᵬ Ȃ ̆

ԍῒז ̆ ΐᵣ ᴨ

~̓͂ Ȃΐᵣ ѿ̆ ̆

ȁ ȁ ȁ ῏ ̆ ѿ ᶃ

≢ Ӟ Ȃ 

ᵞԅ Ṝ ̆p

⌠ ̆ Ҍ ᾟ№ ‗ Ȃ ҍ ῏ ̆



3  ԍ Ṝ  

43 

ꜚ Ṝ ̆ ᵬ ֟ Ȃᶛ ̆ ҩ

ꜚȁᾣ ᴪ ᵬ ṜԊ

ᴆ [185,20,203,204]Ȃ ̆ Ṝ ᴆ ̆ ȁ

̆Ӟᴪ ᵬ [205,206]Ȃῒזҍ῾ ῏ ̆ ῾ҙ

̆Ӟᴪ Ṝ ‰ [102]Ȃ ֓ Ҍ

₮ ̆ ṜԊᴆ Ȃ ѿ ᵬ ץ

῏ № ̆ ↓№ ȁꜚ ץ̆

Ṝ Ȃ 

3.4.3 Ṣ Ṣ  

₃ ῃ̆ № ԅ ̆ל ᴪⱴ
[101,207,205]Ȃ ̆ԅ ᵬ Ṝ ᵥ Ṝ ‰ ᵀ ᵬ ֟

╠ ᴆȂ ҉̆ Ṝ ԍѿ ̂TR̃ṿ ᵬ Ṝ̆

Ṝ ̆ TR ⁞ ᵬ̆ Ȃᾢ╠ ̆

Ṝ Ҋ̆ ԍ ᵬ ₮ ṜԊᴆ ╠ȁ

֟ Ҋ [190,23,208,8]Ȃ ̆ѿ֓ Ӟ ̆ ᵬ

̆ Ṝ ᵬ ֟ Ҋ ⌠ԅ
[78,76,209,210]Ȃᵖץ ᵬ ׆ Ҭ№

₮ ̆Ӟ ᵬ Ṝ ᵬ Ȃ ̆ Ṝ

Ẋ ̆ ҍ ’Ҍ ῃѿ Ȃ 

ױ ̆ ñSY63ò

Ȃ ԍᵬ Ҍ ᵬ Ҍ └̆

̆ Ṝ Ҍ ⱴȂWu ֲ̂2019b̃[211]Ӟ ԅᵬ

Ṝ ̆ ᶏ Ҍ ̆ ӞҌᴪ Ṝ ╠

Ȃ ̆ Ṝ ̆Ҍ Ҋ

ⱴ [23]ȂWang ֲ̂ 2017̃[182]Ӟ ̆ ᶃ Ҋ̆Ҍ

Ṝ ԑẒ ̆ҍ ṿҌ Ȃ ֓ ̆ ԍ Ҍ

Ῥ ԍ Ṝ ’Ȃ Ṝ Һ ꜚ ӊѿ̆ᵖ Ṝ ̆

ῒז ̆ Ӟ̆ ᵬ ֟ [212ï

215]Ȃ ╠̆ Ṝ Ҍ ᾟ№ Ṝ Ȃ ̆Ҍ

Ṝ ᴪ ᵀ Ṝ ᵬ Ȃ 

3.4.4 ┼ғҒ  

‰ ‗ԍ ῀ ‰ ‰ Ȃ ᶏ

Ṝ ‰ ̆ ץ ₮‰ ᴆ ׆̆

‰ Ȃ ױ ѿҩ └ Ṝ Ȃ Ṝ
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׆ Ҭ ̆ Ҭ ҩ ҉₮ ѿ ̆

ҹ ҩᵣ ῀ԅ ѿ Ȃ ῀ ѿ

50%̆ ҹ ᵬ ᵣ ῀ ѿ ̆ ҩ

Ύ̂Ҭ ̆1993̃Ȃ ̆ Ҍ ῀

̆ ҩ Ȃᶛ ׆̆ ѿ № ⌠

⌠ № 30 Ȃ ױ ⌠№

ᵬ ₃ № Ẋ̆ ׆ ѿ № ̆

Ӈ׆№ ⌠ ᴪ֟ Ẓ Ȃ 

̆ ױ ῒᵬҹ

Ȃ ԍ ׆ ⌠ Ҭ ᴪ̆

֟ Ҍ ֲҹ ᴴ̆ 3׆ ⌠11Ҍ ̂  3-7 ã Ȃҹԅ⁞

‰ ̆ ױ ᵬҹ Ṝ Ȃ

Ӟ ץ ₮ Ȃ ̆ ̆ ױ ԅ

ᵬ ̆  3-6 Ȃ ‗ԍ

Ṝ ̂ ȁ ȁ ̃̆ ֓ ῍

ṜȂ ̆ ױ ᵬҹ 12ҩ Ṝ

̂  3-9̃Ȃ ԍ ľLat+STMĿҹץ̆ MAÊ

3ҩ׆̆̃ ≢ 5.9⁞ ⌠24ҩ ≢ 3.7̆ ⁞

ԅ2.2̆ Ȃ ľLat+STM+TDOYĿҹץ MAĔ

3ҩ׆ ≢ 6.2⁞ ⌠24ҩ ≢ 4.9̆ ⁞ ԅ1.3Ȃ

̆ ‗ױ ľLat+STMĿᵬҹ ľLat+STM+TDOYĿ ҹ῏ Ȃ 

Ῥ ̆ ױ ⌠ └ᴪ ᵬ ̆ Ṝ Ȃ

̆ ԍ ̆ ױ ’̆

N2O ҍ ῏ Ȃ ̆ Ҍ

Ҍ ̆ ױ ҹ ῤ ⌠ Ҍ └̆ ׆

ױ Ҭ ԅ ѿ Ȃ ῒז ̂ ȁ

Ӟ̃ ᴪ ‰ ̆p ῒז

ᵬ Ṝ [216,77,79] ᵬ̆ Һ ȁ ᶫ

└Ȃ 

⌠Ҍ ᴆ ҹ̆ ױ ᴨ Ҍ

⌠ῒז ȂҌ Ṝ ᴆȁ ȁ ֲ

ᴪ Ȃ ԍῒז

̆ ױ ᴨ ԍ Ȃ 
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3.5  

ᴨ 63 Ҍ ̆ ᴆ

ᵬ Ȃ ѿ ԅ ԍ Ṝ

̆ Ҍ ᵬ └Ȃ ̆ ױ ₮ԅѿ

ᵞ Ȃ ᵬҹ῏

̆ ̆ ԅ Ṝ ‰ Ȃ№ 1.4̆~1.8׆

3.7̆~5.3׆ 3.9̆~5.6׆ 3.3̆~4.7׆ ׆

6.6~3.7,12ҩ ⁞ Ȃ ̆12ҩ Ҍ ̆

ΐ ҈ № ₱ ᶫԅ ‰ Ȃ ӊҊ̆

Beta ₱ ↕ ҌᶃȂ ԍ ԍ ᵬ

Ҍ └̆ ≢ ᶃ ҊȂ ̆

ᾣ̆ Ȃ ԍ

Ṝ ̆ Ṝ Ҍ ԍ ⱴ̆

ᴨ ԍ Ȃ 

  



ԍ Ṝ ӟ ֟ ᵀ Ṝ  

46 

4  ԓ ֥ ᵆ  

4.1  

ᵬҹῃ ᵬ ῒ̆֟ ⌠ ᴰ Ȃ

ᵝ ̂ ȁ ̃‗ ԅ ᴆ̆ ᵬҹ

ҹ῏ Ҍֽ̆ └ ῒ̆

ȂҌ ᴆ ₮ ̆ ҍ

Ṝ ᴆҊ ΐᴨלȂ ̆ Ҍ

̆ Ῑ Ḇ ̆ № ̆

↕ ҹ ̆ ῏ ⌠ ֟ Ȃ 

Ṝ Ҋ ‰̆ ֟ └

ҹ ȂD ץ ῏ ֜ԑᵬ ̆ ╠

ԍ Ṝ ԅ ̆p ֟

ׅ ҳ Ȃ ̆

ȁ ꜚ ≢ ῏ ̆ ֟

ⱬΐ ӈȂ 

ԍҬ Һ 2007~2018 ̆ ԅ

̆ ᵝ ȁ Ṝ ᴆȁ Ṝ ȁ ῒ

῾ ֟ └̆ ԅ ԍ ֟

ᵀ Ȃ ҩ ԑ῏ ̔ 

ѿ̆ ԅ ֟ ̆ ԅ ȁ

Ṝ ᴆȁ Ṝ ᵬ ῒ῾ Ȃ ≢ԍᴰ

ֽ῏ № ̆ ᵬ ̆ ү ԅ֟ ᵀ Ḥ

̆ ԅ ⱴ ֟ № Ȃ 

ԋ̆ ֟ ᵀ Ȃ

‗ ̆ ᾥ ԅ ѿ ̆ ꜚ ≢

῏ Ȃ ̆ ̆ ⌠77%̆

ҹ39.47 kg/mŭ ҹ29.85 kg/mŭғ Ҍ ᴍ ₮

Ȃ 

҈̆ № ̆ ῀ ԅ ֟

Ȃ ̆ ᵝ Ṝ ᴆ ‗ ֟ ̆

Ṝ ↕ ֟ Ҭ ⌠῏ ᵬ Ȃ ≢ ̆ ⌠ԅ

Ҍ ᾣ ̆ Ῑ ̆

ᵞ ̆ ֟ ̆ ֓ ҍ╠ Ṝ

Ҭ῏ԍ֟ Ҍ ᴆ ѿ Ȃ 
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̆ ⱳ ԅ ֟ ᵀ ̆

ңҩ ΐ ᴇṿ̔ ̆ ԅ ֟

└̆ ≢ ԅ ᵝ ȁ Ṝ ᴆȁ Ṝ ᵬ

ῒ ̆ү ԅᵬ ҍ ԑᵬ ᵣ ̕ ̆

Ҍֽ ᶫԅ‰ ֟ ᵀ ΐ̆ ҹץ ᴨ ȁ

Ṝ └ ᶫ ᶭ Ȃ ╠ Ṝ ң̆

῍ ԅ׆ ⌠֟ ᵣ ҹ̆ Ṝ

└ ᶫԅ Ȃ ѿ ң ̆

Ὶΐ ꜚᴨל ᵣ ̆ҹḠ ῃẠ₮ Ȃ 

4.2  

4.2.1  

ҹҬ ̆ ȁ ᴪ ᴆ

’ Ȃ Έ ᵬ ̆

ᵬ ȁ Ҭ ᵬ ȁ ᵬ ȁ ᵬ ȁқ

ᵬ ᵬ Ȃ ҹ 19Á09'N~46Á40'N̆

ҹ 80Á07'E~130Á30'Ĕ Ṝ ̆ ȁ֒ ⌠ ̆ ׆ 1

~1318Ҍ Ȃ ҩ ⅞№ҹ ң ̆ ῾

ҙ ̆ ԍ ҹᴨ Ṝ ᴆ̆ ץ ̆

̕ ῾ҙ ῤ ѿ Ȃ 

Ҭ׆ [154ï165]Ҭ῍ ԅ 2175ҩ ̆

12̂2007~ 2018̃ 327ҩ ῍ 46293 Ȃ

№  4-1aȂ ԍ Ҭ ṿ ̆ ֽ ȁ

Ȃ ױ ҩ №ҹңҩ ̔ Ῑ ̂ V̆GP̃

̂ ̆RGP̃Ȃῒז῾ ᵝ ȁ

ȁ ȁ ȁ ȁ Ȃ 

ԍ Ҭ Ҭ ̂European Centre for Medium-Range 

Weather Forecasts̆ECMWF̃  ERA5-Land Ȃ ױ

₮2007~2018 ̆ ᵝ ̆

⌠ ᵞ ̂ ȁ̃ ̂ ȁ̃ ̂ ȁ̃ ̂mm̃ ȁ

̂%̃ ‪ ̂MJĿm-2Ŀd-1 Ȃ̃ ᵝ ̂h̃

ȁ ₮[166]Ȃ ῏ ̆ ױ

ԅѿ ↓ ̆ ̂ 3 Ó30̆

HÑ ȁ ̂ Ó30̆ HD̃ ȁ‛ ̂ 3

Ò17 3 Ò20̆ CÑ ȁ‛



ԍ Ṝ ӟ ֟ ᵀ Ṝ  

48 

̂ Ò17 Ò20̆ CD̃ ץ ≠ԍ

̂ Ó25ғ Ó 90%̆ HWD̃ Ȃ 

̆ Ҍ ѿ ṜԊᴆ

̂  4-1 b̃Ȃ 2007~2018 ῤ̆  2 ~ 7 ӊ ̆

4 ~10ӊ ̂ ⌠ ҹ 12.6⌠ 14.4

̃̆ 5 ⌠ 11 ӊ Ȃ ױ ⌠ Һ ̂3-

11 ῤ̃ ᴆ ꜚȂ Ṝ ᴆ ΐ ̆

ῤ ȁ ᵞ №≢ҹ 9.0  ~ 

27.1̆13.8 ~29.74.6 ~25.3̆ ҹ 25mm~2812mm, 

ҹ 26.82%~84.15%̆ ‪ ҹ 2482 

MJĿm-2Ŀd-1~4622 MJĿm-2Ŀd-1Ȃ ᵬ Ṝ ᴆ ̆ ױ

⅞№ҹ ȁ ѿ ҈ ̆ ѿ ԍ5 ҬҊ

╠ ̆ ѿ ԍ5 Ȃ 

4.2.2 ᵲ ⅎ  

2007~2018 2175ҩ ῍ 46293̆ ̔

ҹ33~207̆ ṿҹ119.6̆ ‰ ҹ34.7̆ №ᵝ ̂92~137̃

̆ ̕ ԍ114~293ӊ׃ ̆ ҹ220.5̆

‰ ҹ 28.3̆ №ᵝ ̂209~237̃ ̆ Ҭ̕

142~331ῤ̆ ṿҹ256.2̆ ‰ ҹ31.9̆ №ᵝ

̂242~276̃̆ № Ȃῃ 89׆ 194Ҍ ̆

ҹ137.6̆ ‰ ҹ17.3̆ №ᵝ ̂124~151̃ ̆Ҍ

ῃ ₮ѿ Ҭ ȂVGP̂ל ⌠ ̃ 60~149

̆ ҹ100.9̆ ‰ ҹ16.0̆ №ᵝ ̂87~114̃ ̆

̆ № ҹ№ ̕RGP̂ ⌠ ̃ ṿҹ 80 ̆ ṿ

ҹ16̆ ҹ36.7̆ ‰ ҹ6.8̆ №ᵝ ̂32~41̃ ̆

№ ҬȂ ҉ ̆ ȁ № ̆

ῃ Ҍ Ҭ ѿ Ҭ ל ῒ̆ҬRGP̂ ⌠ ̃

ҹ Ҭ̆VGP̂ ⌠ ̃ ↕ Ȃ 

֟ ῏῾ ԅ № ̆֟ ῃ̆p

῏῾ Ȃ ҹ46293̆ ҩ῾ ̆

ᵝ 11.48%̆ 11.49%̆

13.53%̆ 11.49%̆

11.49%̆ 11.49%̆ 11.80%̆҂ҩ῾

ҹ ṿ 88.19%Ȃ֟ ҹ153.90~993.33 kg/mû1mu=666.67m2̆

1kg/mu=15kg/hã̆ 577.60 kg/mŭ ‰ ҹ86.02 kg/mŭ №ᵝ  
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 4-1 № ̂ã ῏ Ṝ ̂b̃ Ȃ̂ã Ҍ

Ҍ ῾ҙ ȂSC ̂¸̃ ̆YGP Ԑ

̂Ẫ ̆MLYZ-HHP ҬҊ ̂Î̃̆SBSA ῒ

̂£̃̆BTH-NEP ֤ ῟ қ ̂É̃̆NXP

̂p̃̆XJOA ῾ҙ ̂ũȂ̂b̃ ԅ 25⌠75№ᵝ

̆ ṿ̆ ṿ̆ Ҭ Ҭᵝ Ȃ ̔ ԍ

‰ Ⱶ Ҋ ҹGS(2019)1719‰ └ᵬ̆ ḱ Ȃ 

Figure 4-1 Distribution of rice observation sites (a), and the occurrence dates of key 

phenological events (b). (a) Different colors and shapes of symbols represent different 

ecological zones. SC represents the Southern China (̧), YGP represents the Yunnan-

Guizhou Plateau and surrounding areas (Â), MLYZ-HHP represents the middle and lower 

reaches of the Yangtze River and Huaihe River areas (Î), SBSA represents the Sichuan 

Basin and its surrounding areas (£), BTH-NEP represents the Beijing-Tianjin-Hebei Plain 
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and Northeast Plain regions (É), NXP represents the Ningxia Plain region (p), and XJOA 

represents the Xinjiang Oasis Agricultural region (u). (b) The box charts show the temporal 

span during which key phenological events occurance. The left and right box boundaries are 

the 25-th and 75-th percentiles. Note: This map was created based on the standard map from 

the National Natural Resources Department's map service website, with the review number 

GS(2019)1719. The boundary of the base map has not been modified. 

̂519.17~636.30̃ ̆ ֟ ̕ 7.9~55.9҆

/֡̆ ҹ17.2҆ /֡̆ ‰ ҹ3.7̓ /֡̆ №ᵝ ̂14.6~19.3̃

̆ № ҹ Ҭᵖ ṿẒ ̕ 51.6~518.8ӊ ̆

ҹ170.8̆ ‰ ҹ41.1̆ №ᵝ ̂142.5~195.2̃ ̆

̕ ԍ20.8~369.8̆׃ ҹ138.5̆ ‰ ҹ32.9

̆ №ᵝ ̂116.1~158.7̃ №̆ ҹ№ ̕ 100%̆~8.50%׆

ҹ81.26%̆ ‰ ҹ8.24%̆ №ᵝ ̂76.50~87.20%̃ ̆ ₮

ѿ Ҭ ̆ᵖ ȁ ṿẒ ̕ 16.2~38.7ᾥ ῤ̆ ҹ

27.0ᾥ̆ ‰ ҹ2.9ᾥ̆ №ᵝ ̂24.9~29.1̃ ̆ №

ҹ Ҭ̕ ҹ18.0~202.0̆ ҹ112.6̆ ‰ ҹ14.02̆

№ᵝ ̂103.6~122.5̃ ̆ № ̕ 11.2~38.0

ӊ ̆ ҹ23.7̆ ‰ ҹ2.9 ̆ №ᵝ ̂22.0~25.7̃

̆ Ȃ ҉ ̆ ȁ ȁ №

ҹ Ҭ̆ᵖ ṿẒ ̆ ֟ ȁ ȁ №

↕ Ȃ 

4.2.3 ֥ ᵆ ᴍ  

ᵬҹѿ ̆ ԍ

῏ ץ̆ ᵬ ֟ Ȃ ̆ IQR̂ №ᵝ ̃

֟ ṿ ̆ ԍ Q1-1.5ĬIQR ԍQ3+1.5ĬIQR ṿ

╧ ̆ ῒז ṿ̆ Ḡԅ

Ȃ ≢ ̆ ױ ҩ ≢ ԅ ץ̆ Ḡ

ѿ№ Ȃ 

ױ ῀ ̆ ԅ ᵝ Ḥ ̂Loc̃ȁ

ṜḤ ̂Pheñȁ Ṝ ̂Enṽץ ̂Varietỹ̆῍ ҩ ̆

ῃ ᵬ ֟ ȂῒҬ̆ ᵝ

Ḥ ̂Lat̃ȁ ̂Loñȁ ̂Eleṽ̕ Ṝ Ḥ

̂DOY_Sow̃ȁ ̂DOY_Fulpanĩȁ ̂VGP̃ȁ

̂RGP̃̕ Ṝ ̂Enṽ ῤ ̂TMean̆ ȁ̃

̂TMax̆ ̃ȁ ᵞ ̂TMin̆̃ȁÓ8 ̂TS̆  

d̃ ȁ ̂PRĔmm̃ ȁ ̂RHŬ%̃ ȁ ̂DL̆ h̃ ‪
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̂Rns̆MJĿm-2Ŀd-1̃Ȃ ԍ ֟ ᵝ ȁ

ȁ ₮̆ ץ ╧ױ ԅ ֓῾ ̆Ḡ ԅ

≢ ̂VarietỹȂ ̆ ĺ ѿ ῀

‰ ᶏ̆ № ѿ ҉̆ ѿ Ҍ

ֽ ꜛԍ ̆ ᾧ Ҍ

№ ֟ Ҍ Ȃҹԅ ᵀҌ ᵬ ֟ ᵀ ̆

ױ ԅѿ ↓ ⱴ Ȃΐᵣ Ҋ̔ 

ᵬ ֟ ᵬҹ Ȃ ᾢ̆ ѿ Ȃ ѿ ֽᶏ

ᵝ Ḥ ̂Loc̃ᵬҹ ̆ ԋ ֽᶏ Ṝ Ḥ ̂Pheñᵬ

ҹ ̆ ҈ ֽᶏ ̂Enṽᵬҹ Ȃ ̆ ңҩ

Ȃ ᵝ Ḥ ̂Loc̃ ̂Enṽ

ᵬҹ ̆ ԓ Ṝ Ḥ ̂Pheñ ̂Enṽᵬҹ

Ȃ Ҋ ̆ ҈ Ȃ Έ ᵝ Ḥ ̂Loc̃ȁ

Ṝ Ḥ ̂Pheñ ̂Enṽᵬҹ Ȃ ̆ ῃ

Ȃ ҂ ⱴ῀ ̂Vars̃̆ᶏ ̆ ᵝ

Ḥ ̂Loc̃ȁ Ṝ Ḥ ̂Pheñȁ ̂Enṽ Ȃ 

̆ ױ 5 ֜ ̆

ҩ῏ ԅῃ ᴨ ̆ ȁ ȁ

№ ȁ ȁ ץ

̆ ‗ץ ̂RĮ̃ҹ ᶃ ̆ ѿ

ᴨ Ḡԅ ⌠ ᴨ Ȃ 

ҍ ᵀ ̆ ԅ100 ף ĺ ⅞№ ̆

ץ Ȃ Ҭ̆ף ᵝ ̂Lon Lat̃

№ ̆ ⅞№ҹ ̆ῒҬ ҹ 80%̆ ҹ

20%̆ Ḡץ Ҭ № ̆ ᾧ ᵝ

ΐ ӈȂ Ҭ̆

̂RMSẼȁ ̂MAẼץ ‗ ̂RĮ̃

̆ ֓ Ҍ׆ ῃ ԅ ‰ ⱬȂ 

̆ ף № ̆ ₮ԅ ҉100

ף ̆ RMSEȁMAE RĮ ṿ̆ ֓

ԅ ᵬ ֟ ᴋⱵҬ ҹ̆ ῾ҙ‗

֟ ᵀ ᶫԅ ⱬ ᶭ Ȃ 
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4.3 ғⅎ  

4.3.1 ᴌ ғ֥ ῗ ⅎ  

ױ ᵝ ȁ̓͂ Ṝ Ҍ

֟ ȂῒҬ̆ ᵝ ̔ ̂Loñȁ ̂Lat̃

̂Eleṽ̕῏ Ṝ ̔ ̂DOY_Sow̃ȁ  

̂DOY_Fulpanĩ̕ ̔ Ῑ ̂ ̆

VGP̃ȁ ̂ ̆ RGP̃ȁῃ ̂ ̆

GP̃Ȃ҉ץ ҍ֟ ӊ ῏  4-2 Ȃ 

 

 4-2 ᵝ ҍ֟ ῏ № ל ȂҊ҈

῏ ῒ ̂pṿ̃̆҉҈ └ ҩ

ⱴ ץ̆ ҩ ᵀ Ȃ* p<0.01

῏῏ Ȃ 

Figure 4-2 Correlation and data distribution trend chart of rice observation site 

geographical locations and developmental stages with yield. The lower triangle displays a 

heatmap of Pearson correlation coefficients between variables and their significance levels 

(p-values), the upper triangle shows scatter plots for each variable with fitted lines, and the 
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diagonal displays histograms and kernel density estimates for each variable. * indicates 

significant correlation at p<0.01. 

֟ ҍ ̂Lat̃ ̂Eleṽ ῏ ̂P<0.01̃̆

῏ №≢ҹ0.250.18̕ҍ ̂Loñ ῏ ҹ-0.07Ȃ ֟ ҍ Ῑ

̂VGP̃ȁ ̂RGP̃ ῃ ̂GP̃ ῏

̂P<0.01̃̆ ῏ №≢ҹ0.37̆0.33̆0.45̆ ≠ԍ

֟ Ȃ֟ ҍ ̂DOY_Sow̃ ̂DOY_Fulpanĩ ῏

̆ ῏ №≢ҹ 0.020.08̆ᵖ ҉҈ ̆

̂DOY_Sow̃ ҍ֟ ῏ Ȃ 

 

 4-3 ῃ ῤ ᴆҍ֟ ῏ № ל Ȃ*

p<0.01 ῏῏ Ȃ 

Figure 4-3 Correlation and data distribution trend chart of meteorological conditions 

during the entire growth period of rice and yield. * indicates significant correlation at 

p<0.01. 

῏ № ̆ ̂Loñ ̂Eleṽ ῏
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̂r = - 0.78p̆<0.01Ȃ̃ ̂Lat̃ҍᵬ ῏῏ ̆

ҍ VGP̆RGP GP ῏ №≢ҹ 0.22̆0.260.31Ȃ ̂DOY_Sow̃

̂DOY_Fulpanĩ ̂Eleṽ ̂Loñ ̆ң ҍ

̂Eleṽ ῏̆ ῏ №≢ҹ - 0.41  - 0.26̕ҍ ̂Loñ

῏̆ ῏ №≢ҹ 0.50  0.32Ȃᵬ ᵝ

̆VGPȁRGP GP Ҍ ̕

̂DOY_Sow̃ ̂DOY_Fulpanĩ ̆VGP GP

̆RGP Ȃ 

 

 4-4 Ῑ ῤ ᴆҍ֟ ῏ № ל Ȃ*

p<0.01 ῏῏ Ȃ 

Figure 4-4 Correlation and data distribution trend chart of meteorological conditions 

during the vegetative growth period of rice and yield. * indicates significant correlation at 

p<0.01. 

4.3.2 Ὺ Ṣ ᴌғ֥ ῗ ⅎ  

Ҍ ῤ Ṝ ᴆ ȁ ֟ ̆
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Ҍ Ṝ ᴆ ӞҌ Ȃ ̆ №≢№ױ ԅ Ῑ

̂VGP̃ȁ ̂RGP̃ ῃ ̂GP̃ ̂TMean̆ ȁ̃

̂TMax̆ ̃ȁ ᵞ ̂TMin̆̃ȁÓ8 ̂TS̆  

d̃ ȁ ̂PRĔmm̃ ȁ ̂RHŬ%̃ ȁ ̂DL̆ h̃ ‪

̂Rns̆MJĿm-2Ŀd-1̃ҍ֟ ῏ ̆  4-3ȁ  4-4  4-5Ȃ 

 

 4-5 ῤ ᴆҍ֟ ῏ № ל Ȃ*

p<0.01 ῏῏ Ȃ 

Figure 4-5 Correlation and data distribution trend chart of meteorological conditions 

during rice reproductive growth period and yield. * indicates significant correlation at 

p<0.01. 

ҩ ῤ̆ ֟ ҍ‪ ̂SRnsȁ̃Ó8 ̂STS̃ȁ

(SDL)ȁ ̂SPRẼ ῏̆ ῏ №≢ҹ0.46̆0.30̆0.26

0.14̕ ̆ ῤ ᵞ ̂STMinȁ̃ ̂STMean̆ ̃

̂STMax̃ ֟ ̂|r| Ò 0.13̃Ȃ ῏ ̂STMin̆

STMean̆STMax̃ҍ № ῏ ̂SPRĔSRHŨ ῏̆ ῏ -
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0.23~ -0.44ӊ ̕ № ῏ ̂SRHŨ ̂SRns̃Ӟ ѿ

῏῏ ̆ ԅ Ṝ ᴆ ֜ԑ Ȃ VGP ̆֟ Һ

‪ ̂VGP_Rns̃ȁ ̂VGP_DL̃ȁÓ8 ̂VGP_TS̃ȁ

̂VGP_PRẼ̆ ῏ №≢ҹ0.42̆0.38̆0.290.17֟̕ ҍ

̂VGP_TMeanȁVGP_TMaxȁVGP_TMiñ ῏̂-0.08 Ò r < 0̃Ȃ RGP

̆֟ Һ ‪ ̂RGP_Rns̃ȁ ᵞ

̂RGP_TMinȁ̃ ̂RGP_TMeañȁ ̂RGP_TMiñ Ó8Ņ

̂RGP_TS̃̆ ῏ №≢ҹ0.28̆-0.23̆-0.20̆-0.180.18Ȃ 

 

 4-6 ῤ ҍ֟ ῏ № ל Ȃ* p<0.01

῏῏ Ȃ 

Figure 4-6 Correlation and data distribution trend chart of meteorological stress 

indicators during the entire growth period and yield. * indicates significant correlation at 

p<0.01. 

ҩ ῤ̆ ȁγ ‛ ᵞ̆  4-6

Ȃᵖ ̂HWD̃ ֟ ̆ ῏ ҹ -0.12Ȃ

ӊ ̆ ̂HÑ ̂HD̃ ȁ ṿ̂HDD̃ȁᵞ

‛ ̂CÑ ̂CD̃ ȁᵞ ṿ̂CDD̃ ̆



4  ԍ ֟ ᵀ  

57 

№ ҍ̆֟ ῏ ᵞ̂|r| Ò0.02̃̆ᵖ ֓ᵞ Ԋᴆ

֟ ΐ ‗ ᵬ Ȃ 

҉ № ̆ ѿ Ṝ ץ ֟ ̆

֜ ԑᵬ Ȃ VGP ̆VGP_RnsȁVGP_DLȁVGP_TS VGP_PRE

̕ RGP ̆֟ RGP_RnsȁRGP_TMinȁRGP_TMeanȁRGP_TMax

RGP_TS ̕ ҩ ῤ̆ ̂HWD̃ ֟ Ӟ

ѿ Ȃ 

4.3.3   ғ֥ ῗ ⅎ  

῏ № ԅҌ ῒ῾ ֟

̆  4-7 Ȃ ᾢ̆׆ ῏ Ҭ ץ ⌠̆ ֟ ҍ ҩ῏ ῾

῏ ȂῒҬ̆֟ ₮

῏ ̆ ῏ №≢ҹ0.45 0.51̂p < 0.01̃ ̆ ֓ ֟

ΐ ‗ ᵬ Ȃ ӊ ῏̂r = 0.90̆p < 0.01̃ ̆

ԅ ⱴ ≠ԍ Ȃῒ ̆ ֟ Ӟ ₮

῏ ̆ ῏ №≢ҹ 0.33 0.27 ̂p < 0.01̃Ȃ ̂Varietỹ

ҍ֟ ῏ ҹ0.27̂p < 0.01̃̆ ֟ Ȃ

ȁ ᵝ ҍ֟ ӊ ῏ ᵞԍῒז ̆ ῏

№≢ҹ 0.16ȁ0.14 -0.08̂p < 0.01̃̆ῒҬ ҍ ᵝ ῏

̂r= -0.31̆p<0.01̃̆ ҍ ῏̂r= -0.21̆p<0.01̃̆ ֟

ӊ ԑ└ ᵬ Ȃ ѿ № ῒז῾ ӊ ֜ԑᵬ ץ

̆ ̂Varietỹҍ ῏ ̂r>0.2, p < 

0.01̃ ̆ ᴰ Ȃ ̆

ҍ ῏ ̂r å 0.5̆p < 0.01̃̆ ѿ

ῤ ᵄ ̆ ҍ ᴰ

῏Ȃᵖ ᵝ ҍ ῏̂r = -0.57  

r = -0.59̆p < 0.01̃ ̆ ⱴ Ҋ ׆̆

֟ └ᵬ Ȃ 

 ᴆ ̂ 4-1̃ Ȃ Ῑ ̆

(VGP_TMeanȁVGP_TMaxVGP_TMin) Ḇ ᵝ ⱴ

̂0.14 Ů r Ů 0.17̃̆ᵖᴪ ᵞ ̂-0.26 Ů r Ů -0.24̃̕

̂VGP_PRẼ ⱴᴪ ᵞ ᵝ ̂r = -0.24̃̆ᵖᴪ ⱴ ȁ

ȁ ̂0.11 Ů r Ů 0.19̃Ȃ Ῑ ̆

̂VGP_TSRGP_TS̃ ̂VGP_DL̃ ȁ

̂0.17 Ů r Ů 0.50̃Ȃ ңҩ ̆ VGP_Rnsβ

̂r = -0.26̃ ̂r = -0.04̃ ץ ̆‪
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̂0.04 Ů r Ů 0.35̃Ȃ 

 

 4-7 ҍ֟ ῏ № ל Ȃ* p<0.01

῏῏ Ȃ 

Figure 4-7 Correlation and data distribution trend chart of rice varietiesô traits and 

yield. * indicates significant correlation at p<0.01.  

4- 1 ҍ ӊ ῏  

4-1 The correlation between cultivar traits and meteorological factors 

 ᵝ

   
    

VGP_TMean 0.16* 0.02* 0.00 -0.07* -0.25* 0.17* 0.01 

VGP_TMax 0.17* 0.01 -0.02* -0.08* -0.24* 0.16* 0.01 

VGP_TMin 0.14* 0.03* 0.00 -0.08* -0.26* 0.14* 0.00 

VGP_TS -0.21* 0.36* 0.31* -0.11* 0.07* 0.47* 0.33* 

VGP_PRE -0.24* 0.18* 0.19* 0.01* 0.13* 0.11* 0.14* 

VGP_RHU -0.07* 0.05* 0.07* 0.04* -0.09* -0.03* -0.02* 

VGP_DL -0.18* 0.30* 0.34* 0.08* 0.06* 0.50* 0.26* 

VGP_Rns -0.26* 0.31* 0.28* -0.04* 0.32* 0.35* 0.34* 

RGP_TMean   -0.02* 0.12* -0.06* 0.08* 0.07* 

RGP_TMax   -0.01 0.12* -0.06* 0.09* 0.08* 

RGP_TMin   -0.04* 0.10* -0.08* 0.06* 0.05* 
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RGP_TS   0.32* 0.11* -0.10* 0.30* 0.17* 

RGP_PRE   0.03* -0.07* 0.05* -0.02* 0.02* 

RGP_RHU   -0.04* -0.07* 0.07* -0.02* 0.00 

RGP_DL   -0.06* 0.14* 0.08* -0.03* 0.00 

RGP_Rns   0.26* 0.16* 0.04* 0.15* 0.10* 

* p<0.01ң ῏Ȃ 

4.3.4 ֥  

 4-8Ҭ ԅ ԍҌ ̆ ֟ ᵀ №̆

׆≢ ̂RMSẼȁ ̂MAẼ ‗ ̂RĮ̃҈ҩ

ᵀȂҹ Ḡ ᵀ ҍ ̆№≢ ԍҌ ̆ ԅ

100 №◓ ף ̆ 100 ṿᵬҹ ᵀᶭ Ȃ 

 

 4-8Ҍ ῀ Ҋ 100 ף Ȃ̂ã

̂RMSẼȁ̂b̃ ̂MAẼ ̆ ̂c̃ ‗ ̂RĮ̃Ȃ ᵝ

̂Loc̃̆ Ṝ ̂Phẽ̆ Ṝ ̂Enṽץ ̂VarietỹȂ 

Figure 4-8 The average performance of the Randomforest regression model after 100 

iterations based on different combinations of input variables. (a) Root Mean Square Error 

(RMSE), (b) Mean Absolute Error (MAE), and (c) Coefficient of Determination (RĮ). 

Geographical location variables (Loc), phenological variables (Phe), climate variables (Env), 

and variety (Variety). 

RMSÊ׆  4-8 ã MAÊ  4-8 b̃ ̆ ᶏ ᵝ ̂Loc̃

Ṝ̂ Phẽ ̆ R̆MSE > 56.34 kg/muM̆AE > 43.28 kg/muȂ

ῒ ֽᶏ ᵝ ̂Loc̃ ̆ῒRMSEҹ57.54 kg/mŭMAEҹ44.85 

kg/muȂ ӊҊ̆ ᶏ Ṝ̂Phẽ ̆ Ҋ ̆ᵖׅ Ȃ

Ṝ ̂Enṽ ⱴ῀̆ᶛ Phe_EnvȁLoc_EnvLoc_Phe_Env̆RMSE

MAE ᵞ̆RMSE 41.21~41.98 kg/muӊ ꜚ̆MAE

31.16~31.68 kg/muӊ ꜚ̆ Ṝ ‰ Ȃ ≢

̆ Loc_Phe_Env̆RMSE MAE№≢ҹ 41.25 kg/mu31.16 
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kg/mŭ ᵞ ̆ ֟ Ȃ ̆

̂All̃ ῀ ̆ Loc_Phe_Env҉ⱴ῀ ̂Varietỹ̆

RMSE MAE ѿ Ҋ 40.52 kg/mŭ30.45 kg/mŭ

̂Variety Ȃ׆ № ᵣ ̆ ⱴ ̆ ῒ

Ṝ ῀ ̆ ᵞ ᵬ̆ ѿ

Ȃ 

‗׆ RĮ̂  4-8 c̃ ̆Ҍ ⱬ Ȃ

ᶏ ᵝ ̂Loc̃ ̆RĮҹ 0.52̆ ⱬ

̕ ᶏ Ṝ̂Enṽ ̆RĮ ̆ 0.75̆ ѿ

ԅ ֟ ᵀ Ȃ ῀ ⱴ ̆RĮ ̆

≢ Loc_EnvȁPhe_EnvLoc_Phe_EnvҊRĮ Ó 0.75̆ ֓

֟ Ȃ ̆ ̂All̃̆RĮ⌠

ṿҹ0.77Ȃ Ṝ ҍ Ṝ ҉̆

ᵣ ̆p ᴋⱵҬֽ̆ ₡ Ḥ

‰ ᵀ ₮ ֟ Ȃ 

 

 4-9 100 №◓ ᴨ Ȃ ̂ã ̂b̃

҉  

Figure 4-9 Model explainability of Randomforest regression model in train set (a) and 

test set (b) 

4.3.5 ԓ ӥ ғ  

≠ ̆ ԍ ᵝ ̂Loc̃ȁ ̂Phẽȁ ̂Enṽ

ᵬ ̂Varietỹ ῤ ̆ ֟ ᵀ Ȃ

ԅ ᴨ ̔ ҹ20̆ ̆

ҹ 4̆ № ҹ10̆῍ 300 Ȃ 100

№◓̆ ԅ ѿ  4-9Ȃ ҉ ⱬҹ89%̆
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RMSEҹ27.23 kg/mŭMAEҹ20.31 kg/mu̕ Ҭ̆ ⱬҹ

77%̆RMSEҹ39.47 kg/mŭMAEҹ29.85 kg/muȂ 

 4-10 ᵀԅ ῀ ֟ ̆ ᶭ ҹ ̂

53.59%̃̆ Ṝ ̂ 20.39%̃̆ ᵝ ̂ ץ17.2%̃̆ ᵬ

̂ 8.82%̃Ȃ ҩ ̆ ̂Varietỹ ֟ ῏

̆ ⌠ 8.82%̆ Ҍ ᴰ ҉ ֟ ΐ ‗

Ȃ ̆VGP ̂VGP_DL̆ 8.07%̃ VGP ‪

̂VGP_Rns̆6.69%̃Ӟ ֟ Ҭ ⌠ԅ ᵬ Ȃ ̆

̂DOY_Sow5̆.81%̃ ̂DOY_Fulpani6̆.55%Ӟ̃ ֟ Ȃ

Ῥ ̆ ᵝ ̂Elev7̆.65%̃ȁ ̂Lat̆5.93%̃ ̂Lon̆

3.64%̃Ӟΐ Ȃ ᵣ ̆ ֟ ‗ ₮ ȁᾣ

ȁ ȁ ᵬ ̆ῒҬ Һ ᵬ ҹ ̆

Ṝ ↕Һ ֟ Ȃ 

 

 4-10 Ҍ ῀ ֟  

Figure 4-10 Relative importance of different input variables to yield 

ѿ № Ṝ Ҍ ץ ̆VGP

̂VGP_TMax3̆.62%ȁ̃ ̂VGP_PRE3̆.30%ȁ̃ ̂VGP_TMean̆

3.30%̃ ᵞ ̂VGP_TMin̆3.09%̃ Ȃ ӊҊ̆RGP

ᵞ ̂RGP_TMin̆3.09%̃ ֟ Ȃ RGPῤ
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ᴆ ҍ VGP Ҍ ̆VGP № ̆ RGP

RGP ᵞ ᴪ ֟ ֟ Ҍ≠ Ȃṿ ̆

̂HWD̆ 1.00%̃ ᵞ̆ ԍῒז Ṝ ̆

֟ ᵣ Ȃ ҉̆ ֟ Ҍֽᶭ ԍ ̆

ᶭ ԍᾣ ȁ ȁ ᴆ ᵬ Ȃ 

Ẓᶭ ̂ 4-11̃ ԅ ҩ └ ֟ Ȃ

VarietyȁElevȁVGPȁRGPȁVGP_RnsVGP_TS ṿ ̆ ῏ ṿ

ᴪ₮ ֟ ȂLatLon↕ ԅҌ ֟ Ȃ

̂DOY_Sow̃ ̂DOY_Heã ₮ ̆

ԅҌ ᶃ ̔ 109125ӊ ̂4 Ҭ 5

∆̃̆ ᶃ 189246ӊ ̂7 ∆ 9 ∆̃ȂVGP_DL֟

̕ 14~14.7 ῤ̆ ⱴ1 ̆֟

ᴪ ̕ ̆RGP_DLṿ 13.7ᴪ ֟ Ҋ Ȃ 

 

 4-11 ԍ Ẓᶭ Ȃ ̂Eleṽȁ ̂Lat̃ȁ

̂DOY_Sow̃ȁ ̂DOY_Fulpanĩȁ Ῑ ̂VGP̃ȁ

̂RGP̃ȁ ᵞ ̂TMiñȁ ̂TMax̃ȁ ̂TMeañȁ

̂PRẼȁ ̂RHŨȁ‪ ̂Rns̃ȁ ̂DL̃ ȁÓ8 

̂TS̃ץ ̂HWD̃ Ȃ 

Figure 4-11 Partial dependence plots based on the importance of variables. Elevation 

(Elev), Latitude (Lat), DOY_Sow (the day of year for sowing date), DOY_ Fulpani (the day 

of year for full heading date), VGP (the vegetative growth period), RGP (the reproductive 

growth period), minimum temperature (TMin), maximum temperature (TMax), average 

temperature (TMean), accumulated precipitation (PRE), relative humidity (RHU), net solar 

radiation (Rns), daylength (DL), Ó8  thermal summation (TS), and total days of high-heat 

and high-humidity (HHD). 



4  ԍ ֟ ᵀ  

63 

4.4  

4.4.1 ᴌɻ ᵲ ֥  

ԍҬ ̆ ῏ № ̆ ԅ

֟ ҍ ᵝ ȁ Ṝ ᴆȁ Ṝ ᵬ ῏ Ȃ ̆

֟ Ҍ ₮ ̆ Һ ⌠ ᵝ ̂ ȁ

̃ȁ Ṝ ȁ ̂ ̃ȁ Ṝ ᴆ ᴰ

Ȃ 

ᵝ ֟ Ȃ ҍ֟ ῏̆

ҍ֟ ῏Ȃ ѿ ҍᾢ╠ ѿ Ȃɒ W̆ang ֲ̂ 2019̃

[217] ̆ ץ ̂ ȁᾣ ̃

֟ ȂWanĝ 2021̃[218]Ӟ ₮̆ ԍ ᵝ ᾣ

ᴆ ̆ ҉ ҬҊ ȁᵬ ֟

Ȃ ᵝ ҍ Ṝ ᴆ ῏̆ ԅ

Ḥ Ȃɒ ̆ Ṝ ᴆ

Ḇ ֟ ⱴȂ Ṝ ᴪ
[218,219]Ȃᶛ ̆Ҍ ȁᾣ Ṝ ᴪ

֟ Ȃ ̆ Ҭ̆ ᴆ

῏ Ȃ ץ ѿ Ҍ ΐᵣ ץ̆

֟ Ȃ 

̆ ֟ Ӟ Ȃ

֟ ΐ ̆ ≠ԍ

֟ [220ï222,219]Ȃ ̆ ҍ֟ ῏ ̆ᵖῒ

῏ ̆ ῒ֟

Ȃɒ W̆angֲ [223] ̆ ╠ ȁ ̆

ᶏ ῒ ⱴ̆ ֟ ⱬ ⱴȂ 

Ṝ ԑᵬ ֟ ̆ Ҍ

Ṝ ᴆ ֟ ᵬ Ȃ ̂VGP̃̆‪

ȁ ȁÓ8 ֟ Һ Ṝ ̆

ѿ ᾣ ᴆ ῏ Ȃ ̂RGP̃̆

ᵞ ȁ ȁ ֟ ҹ ̆ ѿ

ᵞ ֟ Ȃ ῃ̆ ῤ ֟

ΐ ѿ ̆ Ԋᴆ̂ ᵞ ‛ ̃

֟ Ȃ ԍ Ҭ ̆ᵖ ̆ ᵌ

ṜԊᴆ ԍ ᵞȁ Ȃ Ҭ 27

ȇҬ Ṝ ӥ̂2025̃Ȉ ̆ ῃ Ṝ
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̆ ԍ ῃ ̆ғ ṜԊᴆ ȁ Ȃ

̆ ֜ԑᵬ ̆ ῒ Ṝ Ṝ

῾ҙ ֟ Ȃ ̆ Ṝ ᴆ Ӟ ױ Ҍ

Ṝ ᴨץ̆ ֟ Ȃ 

ῒ῾ ֟ Ҍ Ȃ ̆

֟ ῏ ̆ῒ ᴰ ֟ ΐ ‗ ᵬ Ȃ ̆

ȁ ȁ ῾ ҍ֟ ῏̆ғ ֓ ֟

Ȃ ҍ ῏ ѿ ԅ

ᴰ ֟ Ȃ ̆ ȁ ῒז

֟ ̆ ҍ ֓ Ҍ ῏Ȃ

֟ ᵝ ȁ ȁ ῍ ‗ Ȃץ

̆ ᵝ ҍ ӊ ễ └̆

ⱴ ᵝ [224ï227]Ȃ 20ҕ ̆ף60 ֜ ֟Ҭ

ץ ⱴ ᵝ [228,229]Ȃ ̆ ֜ ̆

֟ Ȃᶛ ̆Qianֲ̂2016̃[230]

₮ ֟ S̆hi ֲ̂ 2012̃[231] ҹ

҉ ⱴ ֟ ῏ L̆iang ֲ̂ 1996̃[232] ҹ

֟ ԍ ᵝ Ȃ ̆Huang ֲ̂2011̃[233] ̆

֟ ԍ ֜ ֜ ̆p ֽ№ ֜ ̆

ᵝ ֟ ҹ Ȃ ҉̆ ᴰ ῒ῾

֟ Ȃ ᴰ ῏

̆ ֟ ֟ Ȃ ̆ ᵝ ҍ ӊ ễ └

└ԅң ⱴ̆ ⱴ ֟ ῏ Ȃ 

4.4.2 ֥ ᴍ 

ҩ ῀ ̆ ᵀԅ ᵝ

̂Loc̃ȁ Ṝ̂Phẽȁ ̂Enṽץ ̂Varietỹ ֟ Ȃ

100 ף ̆ ᶏ LocPhe

̆‗ ̂Rа̃ ᵞ̆ ⱬ Ȃ Env ⱴ῀̆

ᵞ̆Rа Ȃ ῒ ᵝ ȁ Ṝ Ҋ̆

₮ ̂100 ף R̔MSE = 41.25 kg/mŭ

Rа= 0.75̃̕ ѿ ⱴ῀ ̆ ̆ ̂All̃

Ҭ ⌠ ᴨ ̂100 ף R̔MSE = 40.52 kg/mŭ

Rа= 0.77̃ ̆ ΐ ⱬ Ȃ 

№ ѿ ̆ ̂Varietỹȁ

̂ ȁ̃ Ῑ ‪ ̂VGP_Rns̃ ̂VGP_DLȁ̃
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̂DOY_Sow̃ȁ ̂DOY_Fulpanĩ ֟ ῏ Ȃ

ᵝ ̂ ̃ ֟ ̆ ҍ↔

̂2019̃[139]̂2019̃ȁWanĝ 2024̃[234] ѿ Ȃ Ҭ Ṝ ҍ

Ṝ ℗ ῏̆ ֟ ΐ ‗ ᵬ ȂῒҬ̆ Ṝ ῏ ̆

̂DOY_Sow̃ ̂DOY_Fulpanĩ №≢ҹ5.81%6.55%̆

Ῑ ̂VGP̃ ̂RGP̃ №≢ҹ5.61%2.42%̕

Ṝ ῏ Ҭ̆ VGP_DLVGP_Rns̆ῒᵩ ҩ Ṝ ῏

ԍ5%̆ ԍῒז Ṝ ̆ Ṝ ֟ Ҍ

ᵞȂ ѿ ҍGuô2021̃[235] ѿ ז̆ Ṝ

Ṝ ֟ ᵀ ̆ ғ Ṝȁ Ṝ Ḥ

֟ ᶃ Ȃ ̆ ҍZhao ֲ̂ 2017̃[236]  Lîֲ2023̃[237]

ѿ ̆ ԅҌ Ṝ ̆ ғᴪ

ȁ ȁ Ṝ ᴆ Ҍ Ȃɒ ̆ Ῑ ̆

‪ ̂r=0.42̆p<0.01̃ ̂r=0.38̆p<0.01̃ҍ֟ ῏῏

̕ ̆ ᵞ ̂r= -0.23̆p<0.01̃ȁ ̂r= -

0.20̆p<0.01̃ ̂r= -0.18̆p<0.01̃ ҍ֟ ῏Ȃ

̆ ᵬҹ ᴰ └ ̆ Ҭ ᵀҹ Ȃ
[107] Ӟ ԅ̆ Ҭ ԅ҈ ̆ ԅῃ

20ҕ׆֟ ף50 200 kg/mu⌠ ╠ 470 kg/mŭ֟ 2.35

ṐȂ ̂HWD̃ ֟ ̆ ԍҍ Ҭ

ᵞȁ Ȃ 

Ẓᶭ ԅᵬ ҍ ӊ ԑᵬ ȂῒҬ̆ ֟

Һ ̆ € ԅ ᴰ Ȃ ₮

̆ ↕ ₮ ꜚ̆ ԅ Ṝ

҉ Ҍ Ȃ ₮ ᶃ ̆ ԅ

ᴇṿȂ Ῑ ̂VGP̃ ̂RGP̃ҍ֟ ₮

῏ ̆ ԅ Ṝ ṿ ĺĺ

ᴪ ֟ ֟ Ȃҍ ῏ ̆  VGP 

̂VGP_Tmax̃ȁVGP γ ̂VGP_TmiñȁVGP ̂VGP_TS̃ȁ

RGP γ ̂RGP_TMiñ  RGP ̂RGP_TMeañ̆ ₮

̆ ₮ԅ῏ ṿ ץ Ҭ ᴨ Ȃ

̆ ⌠ ҩ῾ҙ ꜚ ӊ

֜ԑᵬ ̆ҹ Ṝ ֟ ᶫԅ Ȃ 
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4.5  

ԍҬ 2007~2018 ̆ ԅ

ᵝ ȁ Ṝ ᴆȁ Ṝȁ ῒ῾ ֟ ̆ҹᴨ

֟ ᶫԅ ᶭ ȂҊѿ ѿ Ҍ

ΐᵣ ץ̆ ֟ ҹ ̆ Ὶ ԅ֟ Ȃ

῏ № ῏ ̆ ᵀ ҍ֟ ῏ ̕

̆≠ ᵝ ȁ Ṝ ᴆȁ Ṝȁ ῒ

Ҍ ῒ ᵀ ֟ ᵀ ̆ ȂҺ

Ҋ̔ 

̂1̃ ᵝ Ṝ ᴆ ̂ ̃ ֟ Ȃ

ҍ֟ ῏̆ ҍ֟ ῏Ȃ

֟ ̆ ≠ԍ֟ Ȃp

Ҍ Ṝ ᴆ ֟ Ȃ ‪̆

ȁ ȁ Һ ̕ ̆‪

ȁ ᵞ ȁ ҹ Ȃ Ӟ ֟ ῏

̆ῒ ᴰ ֟ ΐ ‗ ᵬ Ȃ ȁ ȁ

῾ ҍ֟ ῏῏ Ȃᵖ֟ ӊ ԑ└ ̆

ⱴ ֟ ῏ Ȃ 

̂2̃ ̆ ᵝ ȁ Ṝ ȁ Ṝ ᴆ

ῃ ᴨ̆ ̂RMSẼҹ39.47 kg/mŭ

̂MAẼҹ28.95 kg/mŭ‗ ̂RĮ̃ҹ0.77Ȃ № ̆

ᵝ ̂ ̃ ֟ Ҭ ̆ Ṝ

Ҍᵞԍ Ṝ ̆ ᵀҹ Ȃ 
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5  ԓ ᴮ  

5.1  

῾ᵬ ҍ֟ └ԍ ғꜚ ҍ ֜ԑ

ᵬ Ȃ ȁ ȁᾣ ҉ ̆ҍ ȁ

‗ ԑ ̆̓̀ ‗ ᵬ ȁ ≠ ֟

Ȃ Ṝ ȁ ⱴ▲ҍ ῃ ⱬ Ҋ̆ᴰ

ѿ ץ ῾ҙ ֟ ̆֗ ԍ ᴨ

ᵣ Ȃ 

ð ð ԑᵬ̂GĬEĬM̃ ҹ ᵬ ֟ ⱬ

Ȃ ̆ ҍᵬ ӊ ֜ԑᵬ ̆
[238,239]ȁ֟ ⱬ [240]Ȃ ῾ҙ Ҭ̆

ᶃ Ҍ ⱴ ῀ ╠ Ҋ ≠ [241]Ȃ

̆ ԑᶭ ̆ ѿ ᴨ

ҙ῾ף ֟ȁ ҍ Ȃ 

╠ң Ҭ̆ ≢№ױ ԅ ԍ Ṝ ԍ

֟ ᵀ ҹ̆ ֟ └

ԅ Ȃ ҉̆ ѿ ᵥ ֓ ԍ ῾ҙ‗ ᴨ ̆

̆ ᴨ ҹ̆

ᶫ Ȃ 

ԅ ᵬ ҍ ӟ ᴨ ̆

҉ ᴨ Ȃ ҩ ԑ῏

̔ 

ѿ̆⇔ ԅ ȁᵬ ҍ └̆

ԅ ᴨ Ȃҍᴰ ѿ Ҍ ̆ ╠ң Ṝ

֟ ᵀ ̆ ׆ ⌠ Ṝ Ῥ̆⌠֟

ᵀ № Ȃ Ṝ ᶫԅҌ Ҋ ῏

̆ ֟ ᵀ ↕ ᶫԅ Ҋ ֟ ⱬ ᵀ ң̆

ԑ ᾟ̆῍ ᴨ Ȃ 

ԋ̆ ԍ № ̆ ԅҌ ‗

֟ ̆ ԅ ֟ ȁ֟ Ṝ ₱ Ȃ

ѿ ₱ Ҍֽ ԅ ֟ ̆ ῀ԅ֟ ꜚ ≠

ᴨ ̆ ԅᴰ ѿ֟ ᴨ Ȃ 

҈̆ ῀╩ ԅ ĺ ĺ ֜ԑᵬ ῤ ̆ ԅҌ

҉ № ῒ Ȃ ̆
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ᴨ ҍ № Һ̆ ⌠ᾣ

Ȃ ѿ ҍ ҈ Ṝ Ҭ ԍ ѿ ̆ ѿ

ԅ ῾ҙ ‗ Ȃ ̆ ҍ

ԑ ̆ ץ

̆⁞ Ṝ Ȃ 

̆ ҹ ‗ ΐ̆ ᶫԅ

Ȃ ԍ № ̆ ᴨ

̆ Ṝ ᴆ ꜚ ᴨ Ȃ

̆ᴨ ᴰ Ạ ֟ 5.04~10.57%̆⁞ ֟

ꜚ3.41~6.06%Ȃ ѿ‗ ΐҹ ‰῾ҙ ᶫԅ ᶭ Ӟ̆ҹ Ṝ

ᶫԅ Ȃ 

5.2 ᴮ  

5.2.1 ↔ⅎ 

῍ 327ҩ̂  4-1a ̃̆ № ԍҬ Һ

ȂҌ ֟ ΐ ̆

№ ץ̆ 36°N ҹ ̆ ҩ ⅞№ҹ ң

ȂῒҬ̆ ȁ ῤ ѿ ᶭ ȁ ȁ

№ ̆ №ҹ҂ҩ Ḃץ̆

ΐ ȁ Ṝ ֟ ᵀ Ȃ ῤ

̂¸̃ ȁԐ ̂Ẫ ȁ ῒ ̂£̃ȁ ҬҊ

̂Î̃̆῍ 4ҩ ̕ ῤ ֤ ῟

қ ̂É̃̆ ̂p̃̆ץ ῾ҙ ̂ũ̆῍

3ҩ Ȃ 

5.2.2 ᴮ  

ꜚ ̔ ꜚ № ᴨ Ȃץ

ҹ ‰ ̆ Ḡ Ҍ ╠ Ҋ̆ ԅ ‰

╠ 15 ꜚ Ȃ ⌠ Ṝ ᴆ ῾ҙ ֟

̆ ꜚ ԅ └̔ ҹ 30~223̆

ҹ 80~150Ȃ҉ ԍ № ̆ᾟ

№ ԅ Ṝ ҍ῾ҙ ֟ Ȃ 

Ṝ ̔ ≠̆ ῤ ‰ Ṝ Ȃ

ꜚ Ҭ̆ ԍ҈ ₱ Ṝ Ҍ

ῤ Ṝ Ȃ҈ ₱ ᵞ
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̂Tb̃ȁ Ҋ ̂Tl̃ȁ ҉ ̂Th̃ ̂Tc̃

ԅ ̆ Ҋ ̔ 

,   ,

1,             
( , , , , )

,   

0,              

b
b l

l b

l h

T b l h c

c
h c

c h

b c

T T
if T T T

T T

if T T T
f T T T T T

T T
if T T T

T T

if T T or T T

-ë
¢ ¢î -

î
î < <
=ì

-î ¢ ¢
î -
î

< >í

        (5-1) 

῏ ҍ ̔ ꜚ № ̆ ԅҌ

Ҋ ̂ Ῑ VGPȁ RGP̃

Ȃ ῏ ̆ ԅѿ ↓ ҍ ̆

ȁ ȁ ȁ ȁ ץ̆

̂ 3 Ó30̆ HÑȁ ̂HD̃ȁ‛ ̂

3 Ò17 3 Ò20̆ CÑȁ‛

̂CD̃ Ȃ ᵝ ȁ ȁ ȁ

ץ ҉ ῏ ᵬҹ ̆ ῀ ֟ ᵀ ⌠֟

̆ ₮ѿҩ Ȃ 

ԍ ᴨ ץ̔ ҹ ᴨ ᾝ̆ ԍ

ᴨ № Ȃᴨ Ҋץ ̔ ᾢ̆ ᵝ ҍ

ᴆ̆ ̆ Ḡ ῤ

ף ҍ ̕ῒ ̆ ѿҩ ĺ ᴍ ̆ ῤ

ҩᵣ̆ҩᵣץ ð ĺ ᴍð ᾝ ̕Ῥ ̆ ԓ ⱴ

ᴨ ₱ ̆ ֟ ҍ ᴨ̆ №≢ ҹ

֟ ̂1.0000̃ ȁ ̂-0.2484̃ ȁ ̂-0.2484̃ ȁ‛ ̂-0.2500̃

‛ ̂-0.2531̃ Ȃᴨ ԍNSGA-II ̆ ֜ ̂֜

0.5̃ ҍ ̂ 0.2̃ ᵬ̆ ף15 Ȃף

ꜚ ̆ Ҍᵞԍ 15ҩҩᵣ̆׆ Ҭ ᴨҩ

ᵣᵬҹ ð ð ᴍ ᴨ Ȃҹ ᴨ̆

ҍ Ȃ 

5.2.3 ᴮ  

ᴇҍ ̔ ᾢ ῤ

ᴇҍ Ȃ ᴇᵣ ץ ֟ ̂ ᵞ̃ ̂ ̃

ҹ ׆̆ ῤΐ ף Ṝ Ȃ

֟ ֟ ᴇҬ̆ ̂1994̃[242] ₮ ̂HSC̃

ᵬҹ ᴇ ̆ ᵬ ֟ ҍ ֟ ῒ̆ṿ
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֟ ᶃȂ Ҋ̔ 

i i
i

x S
HSC

x

-
=                         (5-2) 

Ҭ̆ὼ i ֟ ̕Ὓ ҹ ֟ ‰ ̕ὼ ҩ

ῤ ֟ ᵣ ṿȂ ҍ ̆

ץ ᵀ Ҋ Ȃ 

Ҋ Ṝ ҍ֟ ᵀ ̔ ᴇҍ ҉ ץ̆

ᵬҹ Ṝ ̆ ԍ҈ ₱

Ṝ ̆ ҩ ῤ ῃ Ṝ ῤ

҉ Ȃ Ṝ ̆ Ṝ Ҍ

῏ ̆ ῤ ῏ ̆

ȁ ȁ ȁ Ȃ ᵝ

Ḥ ̂ ȁ ̃ ̆ᵬҹ ֟ ᵀ

῀ ̆ ⌠ Ҋ ֟ ᵀ ̆ ₮ Ȃ 

ԍ ץ̔ ҹ ᴨ ᾝ̆ ԍ

№ Ȃ ᾢ̆ ѿҩ ĺ ĺ ᴍ ̆ Ṝ

ҩᵣ̆ҩᵣץ ĺ ᴍĺ ĺ ᾝ ̕ ̆ ԓ ⱴ

ᴨ ₱ ̆ ֟ ҍ ᴨ̆ №≢ ҹ

֟ ̂1.0000ȁ̃ ̂-0.2484ȁ̃ ̂-0.2484ȁ̃‛ ̂-0.2500̃

‛ ̂-0.2531̃Ȃᴨ ԍNSGA-II ̆ ֜ ̂֜

0.5̃ҍ ̂ 0.2̃ᵬ̆ ף10 Ȃף

Ṝ ꜚ ̆ Ҍᵞԍ 10ҩҩᵣ̆׆ Ҭ

ᴨҩᵣᵬҹ ð ᴍð Ȃ ̆ Ҍ ᴨ

֟ ֟ ⱬ̆ ҹ ₮ ΐ ף Ȃ 

5.2.4 ΐ ᴮ  

̔ ᾢ ԍ № ̆

‰ ±15 ꜚ ̆ ԍ҈ ₱ Ṝ

Ҍ ð Ṝ Ȃ Ṝ ̆

῏ ῤ ҍ ̆ ̔ ȁ

ȁ ȁ ̕ ̔ ̂

3 Ó30̆ HÑȁ ̂HD̃ȁ‛ ̂

3 Ò17 3 Ò20̆CÑ̆‛ ̂CD Ȃ̃

≠ ֟ ᵀ ̆ ȁ ֟

ᵀ ̆ ԅѿҩ Ҍ ҍ ҹ̆

ᴨ № ᶫ Ȃ 
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ԍ ð ᴨ ̔

҉̆ ̂Multi -objective Evolutionary Algorithm, MOEÃ Ҍ

ῤ ҍ ᴨ Ȃᴨ Ҋ̔ ᾢ̆

ᴨ ᾝҍ‰ Ȃץ ҹ № ᾝ̆ ҩ ð ᴍ ̆

ᾢ ᴍῤ ῃ ῒ ̆

῏ Ḃԍץ Ȃῒ ̆ ҩᵣ ҍ∆ Ȃ ӈᴨ ҩᵣ

ҹңҩ ↓ №̆≢ Ȃ

ῤ ῒ ῤ ṿ̆ ∆ ᴨ Ȃ

Ῥ ̆ ₱ Ȃ ҩᴨ ҩᵣ̆ ῒ ð

Ҭ ῏ ̆ ԓ ᴨ ֟ץ̔ ҹҺ ̆

̂HNȁHDȁCNȁCD̃Ȃ №

ҹ̂1.000̆ -0.2484̆ -0.2484̆ -0.2500̆ -0.2531̃ ̆ῒҬ֟ ҹ

ṿ̆ ҹ ṿ̆r ԅ ֟ ᵞҌ≠

ᴨ Ȃ ̆ ԍNSGA-II ᴨ ȂNSGA-II

֜ ̂֜ 0.5̃ ̂ 0.2̃ ᵬ̆

Ҭ̆ Ḡ ҉Ҍ ᴨ Ȃ ף ҹ 15

̆ף ׆ Ҭ Ҭ ᴨҩᵣ̆ ῒ ȁ

῏ ᴇ Ȃ ҩᴨ - ᴍ

̆ ԅ ̆ ԍ ᴨ ҍ

ᴨ Ȃ 

5.2 ғⅎ  

5.2.1 Ṣ  

ð Ṝð ԅҌ ῾ҙ ῤ

ΐ Ȃᵬ №  5-1 ׆̆ ̂VGP̃

ԍ׆ ̂RGP̃ ̆ғң ₮ѿ

Ȃ׆ ̆ ꜚ ҹ 668.65  d ~ 

2110.98  d̆ ṿҹ1492.26  d̂Ñ194.06  d̃̆ ҹ13.00%Ȃ׆

̆ ꜚ ҹ296.64  d ~ 1406.97  d̆

ṿҹ683.85  d̂ Ñ105.83  d̃̆ ҹ15.48%Ȃ 

ҹԅ Ṝ ̆ ױ ԅ҂ҩ῾ҙ ῤ ᶫ

Ȃ ױ ᵬҹҺ ̆

̂RMSẼȁ ̂MAẼץ ‗ ̂RĮ̃ᵬҹ ᴇ Ȃ

 5-2 ̆ RMSEȁMAE R2№≢ҹ7.01ȁ4.87 0.94̆

RMSEȁMAE R2№≢ҹ8.87ȁ5.80 0.92Ȃ  5-3 ̆
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̆ Ò7 ’ ҹ80.5%̆ >7 ’ ҹ19.5%̕

>7 ’Ҭ̆ ⌠ԅ81.0%ѿ̆ ̂1.3%̃ ̂17.7%̃

Ẓ ’ Ȃ ̆ Ò9 ’ ҹ 83.4%̆

>9 ’ ҹ 16.6%̕ >9 ’Ҭ̆ ⌠ԅ 82.4%̆

ѿ ̂1.3%̃ ̂16.3%̃ Ẓ ’ Ȃ ᵣ ̆

̆ ҹ ᵬ ֟ ᶫ‰ Ṝ Ȃ 

 

 5-1ңҩ ṿ Ȃ ף≢№ ĺ

ĺ ̆ ṿ 25⌠ 75№ᵝ 10⌠ 90№ᵝ

Ȃ ṿ̆ Ҭ Ҭᵝ Ȃ 

Figure 5-1 Boxplot of thermal requirement observations in two developmental periods for 

Rice. Boxes and whiskers represent the 25thïtoï75th and the 10thïtoï90th percentile ranges, 

respectively, of the thermal requirements from sowing date to full heading date and from full 

heading date to maturation date. The red dots represent the average values, and the vertical 

lines within the box represent the median. 

 

 5-2 Ҍ ῾ҙ Ṝ ṿҍ ṿ  

Figure 5-2 Comparison of rice phenological simulation values and observed values from 

different agroecological regions and varieties 
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 5-3 Ṝ № ’ 

Figure 5-3 Distribution of phenological simulation errors during the full-heading stage 

and maturity stage 

5.2.2 ֥  

ҹ ֟ ̆

Ҍ ╠ Ҋ ץ̆ ҹ ‰  Ñ15 ꜚ ᴨ ̆

ᵀԅҌ Ҋ ȁ֟ ῒ

Ȃ ̆  5-4̆ ᴨ ̆ ᵣ ֟ ׆

577.60 kg/mu 606.69 kg/mŭ֟ 5.04%̆֟ ‰

86.02 kg/mu  69.68 kg/mŭ 14.89%ᵞ׆ 11.48%̆֟

Ȃ 

Ҍ ̆֟ Ȃ

̆ ֟ ⌠609.54 kg/mŭ ֟4.82%̆֟ ᵞ3.22%̕

֟ ⌠565.00 kg/mŭ ֟6.45%̆֟ ᵞ4.32%̕ѿ ֟  
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 5-4 Ҍ ῤ ֟ ȁῃ ̂GP̃ȁ Ῑ

̂VGP̃ ̂RGP̃ ȂSC ̂¸̃ ̆YGP Ԑ

̂Ẫ ̆MLYZ-HHP ҬҊ ̂Î̃̆SBSA

ῒ ̂£̃̆BTH-NEP ֤ ῟ қ ̂É̃̆NXP

̂p̃̆XJOA ῾ҙ ̂ũ̆  4-1aȂ ṿ̆

Ҭ Ҭᵝ Ȃ 

Figure 5-4 Effects of adjusting sowing date on rice yield, days of entire growth period 

(GP), days of vegetative growth period (VGP), and days of reproductive growth period 

(RGP) in different ecological regions. SC represents the Southern China (̧), YGP represents 

the Yunnan-Guizhou Plateau and surrounding areas (Â), MLYZ-HHP represents the middle 

and lower reaches of the Yangtze River and Huaihe River areas (Î), SBSA represents the 

Sichuan Basin and its surrounding areas (£), BTH-NEP represents the Beijing-Tianjin-

Hebei Plain and Northeast Plain regions (É), NXP represents the Ningxia Plain region (p), 

and XJOA represents the Xinjiang Oasis Agricultural region (u).The red dots represent the 

average values, and the horizontal lines within the box represent the median. 
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֟ ᵞ3.60%Ԑ̕ ֟4.00%̆֟ ᵞ3.69%̕

ҬҊ ֟5.06%̆֟ ᵞ3.60%̕ ῒ

֟4.93%̆֟ ᵞ3.93%֤̕ ῟ қ ֟5.75%̆

֟ ᵞ5.44%̕ ֟2.76%̆֟ ᵞ2.79%̕

῾ҙ ֟4.39%̆֟ ᵞ6.31%Ȃ 

̆ 1.1̆ ῃ

ԅ 0.6̕ ѿ ╠ 0.2̆ ѿ ῃ 0.4

̕ ╠3.7̆ ῃ 0.1Ȃΐᵣ⌠

̆ ̆ 0.4̆ ῃ 0.9̆

Һ ԍῒ ԅ1.2̕ ╠5.7̆ ῃ

0.7̆ ԍ 1.5̆ ԅ Ῑ

0.8Ȃ Ԑ ̆ѿ ╠ 0.6 ̆

ῃ ԅ0.5̆Һ ԍ ԅ 0.9 Ȃ

ҬҊ ̆ 0.7̆ ῃ ԅ

0.5̆ Һ ԍ ԅ0.7̕ ╠ 2.7 ̆

ῃ ԅ0.4̆ Һ ԍ Ῑ ԅ1.2̆ ԅ

0.8Ȃ ῒ ̆ 1.7̆ ῃ

0.8̆ Һ ԍ ̕

╠5.5̆ ῃ 8.3̆ Һ ԍ 6.9

Ȃ ֤ ῟ қ ̆ѿ 1.9̆ ῃ

0.3̆ Ῑ ԅ 0.1̆ ԅ 0.3Ȃ

̆ѿ 1.7̆ ῃ 0.7̆ Һ

ԍ Ȃ ῾ҙ ѿ̆ 2.2̆

ῃ ԅ0.8̆ Һ ԍ Ῑ Ȃ 

5.2.3 ֥  

Ḡ Ҍ ᴆҊ̆ ῤ

ԅ ̆ ᵀԅ ȁ֟ ῒ

Ȃ ̂  5-5̃ ԅ Ҍ

֟ ΐ ̆p Ҭ ₮

֟ Ȃ ᵣ ̆ ᵣ֟ ̆ ᵣ֟ ҹ

9.83%̆֟ ꜚ Ӟ ᵞ̆ ‰ 86.02 kg/mu61.06 kg/mŭ

ᵞ5.26%Ȃ 

ѿ Ҍ׆ № ̆ ֟

̆ᵖ ᵞȂ ᴨ ̆ ֟ ⌠ 



ԍ Ṝ ӟ ֟ ᵀ Ṝ  

76 

 

 5-5 Ҍ ῤ ֟ ȁῃ ̂GP̃ȁ Ῑ

̂VGP̃ ̂RGP̃ ȂSC ̂¸̃ ̆YGP Ԑ

̂Ẫ ̆MLYZ-HHP ҬҊ ̂Î̃̆SBSA

ῒ ̂£̃̆BTH-NEP ֤ ῟ қ ̂É̃̆NXP

̂p̃̆XJOA ῾ҙ ̂ũ̆  4-1aȂ ṿ̆

Ҭ Ҭᵝ Ȃ 

Figure 5-5 Effects of variety replacement on rice yield, days of entire growth period (GP), 

days of vegetative growth period (VGP), and days of reproductive growth period (RGP) in 

different ecological regions. SC represents the Southern China (̧), YGP represents the 

Yunnan-Guizhou Plateau and surrounding areas (Â), MLYZ-HHP represents the middle and 

lower reaches of the Yangtze River and Huaihe River areas (Î), SBSA represents the 

Sichuan Basin and its surrounding areas (£), BTH-NEP represents the Beijing-Tianjin-

Hebei Plain and Northeast Plain regions (É), NXP represents the Ningxia Plain region (p), 

and XJOA represents the Xinjiang Oasis Agricultural region (u).The red dots represent the 

average values, and the horizontal lines within the box represent the median. 
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֟ ̆ ֟ ׆ 577.60 kg/mu638.66 kg/mŭ

֟ ҹ10.57%̆֟ ‰ 86.02 kg/mu56.40 kg/mŭ Ӟ

14.89%ᵞ׆ 8.83%Ȃ 

ᴨ ֟ Ҍ ̆p

֟ ֟ Ȃ ᶏ̆

֟ ⌠638.06 kg/mŭ ֟9.73%̆ ֟ ᵞ5.78%̕ ֟ ⌠616.04 
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 5-6 ῍ ᴨ Ҍ ῤ ֟ ȁῃ ̂GP̃ȁ Ῑ

̂VGP̃ ̂RGP̃ ȂSC ̂¸̃ ̆YGP

Ԑ ̂Ẫ ̆MLYZ-HHP ҬҊ ̂Î̃̆SBSA

ῒ ̂£̃̆BTH-NEP ֤ ῟ қ ̂É̃̆NXP

̂p̃̆XJOA ῾ҙ ̂ũ̆  4-1aȂ

ṿ̆ Ҭ Ҭᵝ Ȃ 

Figure 5-6 Effects of combined optimization of sowing date and variety on rice yield, days 

of entire growth period (GP), days of vegetative growth period (VGP), and days of 

reproductive growth period (RGP) in different ecological regions. SC represents the 

Southern China (̧), YGP represents the Yunnan-Guizhou Plateau and surrounding areas 

(Â), MLYZ-HHP represents the middle and lower reaches of the Yangtze River and Huaihe 

River areas (Î), SBSA represents the Sichuan Basin and its surrounding areas (£), BTH-

NEP represents the Beijing-Tianjin-Hebei Plain and Northeast Plain regions (É), NXP 

represents the Ningxia Plain region (p), and XJOA represents the Xinjiang Oasis 

Agricultural region (u).The red dots represent the average values, and the horizontal lines 

within the box represent the median. 
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5.4  

5.4.1 ֥  

Ѓ1Є ֥  

ҹ ᵬ Ṝ ᵬ [243]Ȃ

̆ ѿ ᴨ ̆ ֟ ֟

̆ῃ ῤ ֟ 5.04%̆֟ ׆ 14.89%γ

11.48%Ȃ ѿ ҍWanĝ 2025̃[223] ΐ ѿ ױז̆ Ҭ

̆ ᶏ ֟ 7.4%̆ ֟ 1.7%̆

֟ 4.4%Ȃ 

ῃ׆ ̆ ѿ ᴨ ל ̆

1.1 ѿ ↕ ╠ 0.2̆ ╠ 3.7Ȃ

ҍHu ̂2017̃[243] Wanĝ 2025̃[223] №ѿ ĺז

ױ ₮ ╠ Ȃ ̆ ҍ ֓ Ӟ № ̆

ױ ̆ ҬҊ W̆anĝ2025̃
[223] ₮ ╠ Ȃ ԍ ȁ Ȃ

Wanĝ 2025̃ ԍ1961~2020 20ҕ ף80 6ҩ

ף ̆ ᵀ Ṝ ̕ ױ ԅ2007~2018

Ҭ 327ҩ ῍2175ҩᵬ ֟ Ȃ ԍ

ױ ̂12̃̆ Ṝ ꜚ Ҍ Έ ̆

ԅ ᴨ Ȃ ̆ ױ ⅞№҉ Ҍѿ ̆

Ӟ ԅ ȂWangֲ ̂2025̃[223] ᵀ Ṝ

֟ ̆ ױ ᶷ ԍ ̂12 ῤ̃Ҍ

ᴨ ץ̆ ╠ Ṝ ꜚ Ȃ 

№ Ȃ ᵣ ̆

ȁ ѿ ῃ ᴨ №≢ ԅ 0.6ȁ0.1

0.4̆ҍZhaô2016̃[244] Ҭ Ҍ Ȃ

ѿ ԍ ԅ ⱴ ̆ ғ

Ҍ Ȃ ѿ № ̆ Ҍ ̆ᶛ

ҬҊ ῃ 0.4̆ ῃ

8.3̆ ҍZhanĝ2022̃[245] ױז̆ ₮

№ Ȃ Ҍ ҹ ̆

̂RGP̃ Ῑ ̂VGP̃ Ȃ

№ ̆ RGP ̆ VGP ↕ Ȃ ҍ

Zhanĝ2023̃[246] ױז̆ Ṝ ᴆҊ̆ Һ

Ҍ ᾣ ᴆ̆ ֟
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Ȃ ѿ ̆ ᴨ Ҍֽ ῃ ̆ ԅ

ᶏ̆῏ ᵞ Ҍ≠ ᴆ ׆̆ ֟

Ȃṿ ֤̆ ῟ қ ѿ ᴨ

ῃ 0.3̆ ֟ 5.75%̆֟ ᵞ 5.44%̆

ῃ ֟ ֟ ҹ ӊѿȂ ҍChen̂2021̃[247]

ױז̆ ֟ ҳ ̆

̆ ֟ Ȃ ѿ Ӟ ԅ╠ֲ Ҭ ₮ ̆

ᴨ ҍ Ṝ [248]Ȃ 

Ҍ ᵬ ̆ ױ ᴨ ֟ ̔

֟ 5.72%̆ ҬҊ ֟ 5.06%֤̆ ῟ қ ֟

5.75%̆ ֽ ֟ 2.76%Ȃ ҍ Ṝ

℗ ῏Ȃ ̆ ֟ Һ └ ̆

̆ᵞ ↕ ҹ ₮Ȃ ᴨ ̆ ᶏץ ῏ ֓Ҍ

≠ ᴆ̆ᵖ Ҍ Ȃ ѿ ҍ Zhanĝ2022̃ [249]

ѿ ױז̆ ₮ ‗ԍ Ṝ ᴆ Ȃ 

Ѓ2Є ֥  

ȁ ΐ ֟ ֟ ̆ ⁞ Ṝ

֟ ѿ [250,251,223]Ȃ ̆

֟ ԅ Ȃ ῃ̆

֟ ԅ9.83%̆֟ ᵞԅ5.26%̆ ԍ

5.04%֟ 3.41%֟ Ȃ ѿ ҍLiû 2013̃[252] №ѿ

ױז̆ ễ Ṝ ̆p

ễ Ȃ 

׆ ̆ ȁ ѿ ῃ №

≢ ԅ11.34ȁ21.313.1̆ ѿ

Ȃṿ ̆ ҹ ̆

21.31̆ ҍZhanĝ2016̃[220] ױז̆ ҹ

ᶏ Ȃ ѿ ԍ

ԅ ֟ ֟ ̆ ԅ ̆ ⱴ

ץ ֟ Ȃ Ҍ ̆ Ῑ

֟ ԅ ̆p Ȃ Ῑ

№≢ ԅ6.8 4.6̆ ↕№≢ ԅ5.8 15.5̆ѿ

2.5Ȃ Һ ≢

֟ ⱬ̆ ҍWanĝ 2021̃[218] ѿ ױז̆

֟ ῏ ӊѿȂ 
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׆ ̆ Ҍ Ȃ ҬҊ

֟11.82%̆ ֟10.11%̆

ֽ ֟2.48%Ȃ ҍ ᴆ ῏Ȃ

Wanĝ 2021̃[218] ₮̆ ‗ԍ ҍ

̆ ԅ ѿ Ȃ 

ҍ ̆ ױ ̆ ֟

ԍ ̆ ≢ ҬҊ ̆

֟ ̂11.82%̃ ̂5.06%̃ ңṐ Ȃ ̆ ֟

Ӟ ԍ Ȃ ѿ ̆ ’Ҋ̆

ᴨᾢ ᴨ ҹ Ȃ ң̆

̔ Һ ᶏ῏ Ҍ≠

ᴆ̆ ↕ ῃ ≢ ֟ ⱬȂ

ҍ Qiû 2022̃[253] ѿ ױז̆ Һ ᴨ

№ ֟ Ȃṿ ̆ ҍ ֟

ѿ ѿ ̆ ≢ ҬҊ ң̆

ҹ ̕ ң̆

Ȃ Ṝ ᴆ ‗ ῾ҙ ῏ ̆ ѿ ҍ

Penĝ2009̃[254] ױז̆ ₮῾ҙ ⌠

Ṝ ᴆ Ȃ 

5.4.2 ֥  

Ѓ1Є ֥  

̆ ѿ ΐ ֟ ֟ ῃ̆

ῤ ֟ 10.57%̆֟ 14.89%ᵞ׆ 8.83%̆ ᴨԍ

̂ ֟5.04%̃ ̂ ֟9.83%̃ Ȃ ң

ӊ ԑ ̆ ̆ ῃ

ᴨ ֟ ᴆ ׆̆ ѿ ֟ ֟ Ȃ ѿ

ԅSonĝ2022̃[255] ױז̆ ₮

Ṝ Ȃ 

׆ № ̆ ֟ Ҍ ̔

ҬҊ ֟13.15%̆ ֟10.19%֤̆ ῟ қ

֟9.48%̆ ֽ ֟3.54%Ȃ ҍ

Ṝ ᴆȁ └ ץ ῏Ȃ ҬҊ

̆ ֟ΐ ᴆ̆ ᴨ

ҹ ̕ ̆ ҹ └ ֟ Һ



5  ԍ ᴨ  

83 

̆ ץ ѿ └Ȃ ҍChen̂2021̃[247]

ѿ ױז̆ ⌠ ᴆ

Ȃ ֟ Ӟ ̔ ҬҊ

֟ ᵞ8.97%̆ ῾ҙ ᵞ7.78%֤̆ ῟ қ

ᵞ7.23%̆ ֽ ᵞ3.35%Ȃ ᴆ Ṝ

̆ ֟ ҹ Ȃ ҍVogel

̂2019̃[256] ױז̆ ₮ ᵞ Ṝ

Ԋᴆ ᵬ ֟ Ҍ≠ Ȃ 

׆ ̆ Ҋ ȁ ѿ ῃ №≢

ԅ12.2ȁ30.41.9Ȃ ѿ ̆ Ҋ Һ

̆ ↕ ҉ ԅ Ȃ ╠ҍ

ᵬ ̆῍ ԅ Ȃ ѿ ҍ Zhanĝ2022̃[249]

ѿ ױז̆ ₮ ᵬ

Ȃṿ ̆ ҍ ᴨ ѿ

Ȃ Ҋ̆ ѿ №≢ 6.4 0.3̆

╠11.8̕ ᴨ Ҋ̆ 1.1̆ ѿ

╠0.2̆ ╠3.7Ȃ ’Ҋ̆ ᴨ

ԅ ̆ ҍJî2024̃[257] ѿ ױז̆ ₮ ᴨ

ҍ ℗ ῏̆ Ȃ 

Ѓ2Є  

ԍ № ҍ ᴨ ̆ Ṝ

ȁ └ ֟ ̆ ױ ₮

̆ ꜛⱬ ֟ ̆ ֟ ᵣ Ȃ 

֟ ̆ Ṝ ҹ ῃ̆ ᾣ ү

̆ᵖ Ȃ IIᴨ838ȁ ңᴨ

117ȁ ᴨ998ȁ ᴨ ȁңᴨ2388ȁ ңᴨ136ȁүңᴨ4 ̆ ֓

ΐ ֟ Ȃ ҹ2 ҉ 5 Ҋ ̆

ꜛԍ ᵞ ̆ ₮ Ȃ ҹ6 ҉ 7

Ҋ Ȃ ᴨ ȁ ᴨ998ȁ ңᴨ117ȁңᴨ2388ȁңᴨ688ȁ

ԓᴨ308ȁ үᴨ 9802 ̆ ҹ 6 ҉ 7 Ҋ ̆ ╠

ꜛԍ ᵞ ̆ ᵞ ̆Ḡ ῃ Ȃ 

Ԑ ץ ҹҺ̆ Ṝ ҹ‏ ̆ ̆

ᾣ̆ Ҍ Ȃ 73ᴨ ȁFᴨ498ȁ

ңᴨ959ȁ ᴨ1577ȁ ῾ᴨ422ȁ ᴨ259 ̆ ֓ Ԑ

Ṝ ᴆ Ȃ ѿ ҹ3 Ҭ 4 Ҋ ̆ Ҍ
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ץ ᾧ ᵞ ̆ӞҌ ץ ᾧ ᵞ Ȃ 

ҬҊ ץ ѿ ̆ Ṝ ҹ № ̆

Ȃ ᴨ 927ȁ ᴨ 9 ȁ ᴨ 4913ȁҬ ᴨ 6 ȁ ᴨ

540ȁ ᴨ1121ȁүңᴨ4 ȁIIᴨ838 ̆ ҹ3 Ҭ 5 Ҋ ̆

ꜛԍ ᵞ ̆ ₮ № Ȃ

ᴨ4913ȁ ᴨ1540ȁ ᴨ1140ȁ ᴨ927ȁ ᴨ9 ȁҬ ᴨ6 ȁҬ ᴨ 3

̆ ҹ6 ҉ 6 Ҋ ̆ ╠ ꜛԍ ̆ ⱴ

Ȃ 

ῒ Ṝ ҹ ‏ ̆ ᾟ ᵖᾣ Ҍ Ȃ

ңᴨ3437ȁ ңᴨ1618ȁḤᴨ 721ȁ ᴨ08 ̆ ҹ

3 ҉ 5 Ҋ ̆ ᵞ Ȃ ᴨ50ȁ ᴨ

ȁ ңᴨ633ȁ ᴨ ̆ ҹ6 ҬҊ ̆ ╠ ꜛԍ

ᵞ ̆Ḡ ῃ Ȃ 

֤ ῟ қ ȁ ῾ҙ Ṝ ҉

̆ᵖ ‛‏₮ ȁ ȁ ᵌ Ȃ

῾ҙ Ṝ ҹ ̆ ̆ ῾ҙ ↕ ҹ

ᾟ ᴆȂ҈ҩ ̆ ғ Ҭ ֓

ץ ̆ 58ȁ 9 ȁ 48ȁ

1ȁ 253ȁ 46ȁ 821ȁ 811ȁ 823ȁ ῾ 538ȁ ῾

346ȁ֤ 7 ȁ ȁ ᾣ Ȃ ҹ4 ∆ 5 ̆

̆ ’ ֤̆ ῟ қ

̆

ᴆҊ ≠ ̆ ῾ҙ ↕

ᾟ ᴆҊ ᾣ ᵬ № Ȃ 

Һ ԍ ֟ ̆ ᾟ№ ῒז Ȃ

̆ ῒז ᴨ ̆ ȁ ȁ

ץ̆ ֟ Ȃ ̆῾ҙ ᴪ ᴆ Ӟᴪ

֟Ȃ ѿ ῀ ΐ ᴨ

̆ ̆ ‰ ̆ҹ ᶫ ⱴ

ȁ Ȃ 

5.5  

ԍ╠ Ṝ ֟ ᵀ ̆ ԅ ð

ᴨ ̆ ԅ ᴨ Ȃ ᾢ ῃ

⅞№ҹ҂ҩ ̆ ꜚ Ҍ Ҋ



5  ԍ ᴨ  

85 

ῒ ̆ NSGA-II №≢

ᵀԅ ȁ ң ֟ Ȃ ̆

֟5.04%̆ ᵞ֟ 3.41%̕ ֟ 9.83%̆

ᵞ֟ 5.26%̕ ԋ ᶃ̆ ֟10.57%̆֟ ᵞ

6.06%Ȃ № ̆ ҬҊ

֟ ̂13.15%̃̆ ᵞ̂3.54%̃Ȃ

Һ ≢ ֟ ⱬ̆ ↕

ᶏ῏ Ҍ≠ ᴆ ң̆ ᵬ Ҋ ԅ

ᴨ Ȃ ԍ ̆ ԅ ̆ ҂ҩ

ԅ ҹ̆ ‰ Ṝ ᶫ

ԅ ᶭ Ȃ 
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6  ғ  

6.1  

ץ ҍ֟ ᴨ ҹ ̆ ԅ׆ Ṝ

ȁ֟ ᵀ ⌠ Ṝ ᵣ Ȃ ҈ҩ ԑ

῏ №̆ ԅ׆ ⌠ ҹ̆ ‰῾ҙ

Ṝ ᶫԅ Ȃ 

6.1.1 ԓ Ṣ  

ԅᵬ ̂TR̃ ̆

ԅ ԍ Ẋ Ṝ Ȃ ̆ ᶏ ѿ

ᴨ 63̆ῒ Ҍ ᴆҊ Ӟ Ȃ ₮

̆ ᵬҹ῏ ̆ ᵞ

ԅ Ȃ ᴨ ԓ̆ҩ

ᵞ̆ 6.6׆ 3.7̆ 44%Ȃ ̆ ԍ҈

№ ₱ ᶃ̆ ᾣ ֽ

ꜚ ΐ ‰ ̆ ≢ ҬȂ 

6.1.2 ԓ ֥   

ԅ ᵝ ȁ Ṝ ᴆȁ Ṝ ȁ ῒ῾

̆ ԅΐ ֟ Ȃ ̆ ԍ

ΐ ᶃ ̆ 77%̆ ҹ

39.47 kg/mŭ ҹ29.85 kg/muȂ № ̆

֟ ῏ ̂8.82%̃̆ῒ VGP ̂8.07%̃ȁ

̂7.65%̃ȁVGP ‪ ̂6.69%̃ ̂6.55%̃Ȃ 

6.1.3 ԓ ᴮ Ṣ  

ԅ ᵬ ҍ ӟ ᴨ ̆ ԅ

ᴨ Ȃ ֽ̆ ᶏ֡֟577.60׆ kg/mu 

606.69 kg/mŭ֟ 5.04%̆֟ ‰ 86.02 kg/mu 69.68 

kg/mŭ 14.89%ᵞ׆ 11.48%ֽ̕ ᶏ ֟

634.39 kg/mŭ ҹ 9.83%̆ ‰  61.06 kg/mŭ ᵞ 5.26%̕

ᶏ ֡֟ 10.57%̆֟ ‰ 56.40 kg/mŭ

ᵞ 8.83%ȂҌ ᴨ ̆

֟ Ȃ 
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6.2 ∕  

ԅ҈ ῏ ̔ ԅᵬ

̂TR̃ ῒ ꜚ └ ׆̆ ҉ ԅᴰ Ṝ

ԍ Ẋ ҹ̆ ᵬ ᶫԅῃ ̕ ԅ׆

⌠ Ṝ Ῥ⌠֟ ̆ ԅ ᵝ ȁ Ṝ ᴆȁ

Ṝ ֟ ̆ ԅ ֜ԑᵬ

̕ ԅᵬ ֟ ̆ ᶏ֡֟

9.83%̆⁞ ֟ ꜚ 5.26%̆ ҹ Ṝ Ҋ ֟ ꜚ ᶫԅ

ᶭ Ȃ ֓ ⇔ Ҍֽү ԅᵬ Ṝ ֟ Ӟ̆ҹ

└ ԅ Ȃ 

̆ ₮ԅ ԍ ᵌ ԅ

ᴨ ᶏ̆ Ṝ ᴆẠ₮ꜚ ̆ ᾥ ԅᴰ Ṝ

Ҭ └ ᶏ̆ ᵞ44%̕ ԅ

֟ ȁ֟ Ṝ ᴨ ̆ ԅ

̆ ð ð ֜ԑᵬ ̂GĬEĬM̃

ҹ ᵬ ‗ ΐȂ ֓ ԅᴰ ᵬ ҹ̆ ‰῾ҙ

ᶫԅ № Ȃ 

6.3 ғ  

ԅ׆ Ṝ ⌠֟ ᵀ Ῥ⌠ ‗ ᵣ ̆p

Ҭׅ ѿ֓ Ȃ ֓ Һ ᵣ ҩ ̔ ԍ

Ṝ Һ ᶭ ѿ ̆ ̕ ֟ ᵀ

Һ ԍ ҍ̆ ῾ҙ ֟ ᴆ ᴨ̕ Һ ԍ

Ṝ ̆ Ṝ Ҍ ץ̕ Һ ԍ֟ ᴨ

̆ ≠ ȁ ⱴ Ȃΐ

ᵣ ҊȂ 

1. Ṝ ̔ Ҭ Ṝ ̆

Ṝ ̆ᶷ ̆Һ ԍ ᴨ 63 ѿ

̆ Ȃ ⌠ Ṝ

Ҋ Ҍ̆ Ṝ └ ̆ ѿ ץ ᵬ

ᴰ Ȃ ῀ԅ ̆p ҩ

ֽҹ2~3 ׅ̆ №ᾟץ ѿ ᵬ Ҍ

ⱬȂ ᵬҹΐ ү ᵬ ̆ῒ ȁҬ

ᾣ ҉ ̆ Ҍ ֜

Ӟ ΐ Ȃ ѿ ᶫԅ ̆p ῒ



6  ҍ  

89 

⌠ └Ȃ ῒ ᴆҊ̆ ҍ ֜ԑᵬ ҹ

̆ ₮ ԍῒז ‰

̆ ⱴԅ Ȃ Ṝ Ҋ ҹ

₮̆ ҹҌ Ṝ ⱬ └ ̆

ѿ ῃץ ᵬ ᴰ Ȃ 

2. ҍף ̔ ֟ ᵀ Һ ᶭ ῾ҙ

̆ ‰ ̆

ҍ῾ ֟ ᴆ Ȃ ȁ └ ̆

ᵖ ץ ῃ ֟ Ҭ ̆ ᴆ ȁ

ȁ Ȃ ̆ ԍ

̆ῒ № ῃ ̆ ῤף Ҍ Ȃ

№ ӊ ̆ ≢ Ṝ ᴆ

ᵞ Ȃ ף ҍ ֟ ’

Ẓ ̆ ‗ Ȃ 

3. Ṝ Ҍ ̔ ᴨ Һ ԍ

Ṝ ̆ ԅ Ṝ ̆p ᾟ№ ᵀ Ṝ

Ҋ Ȃ ῃ ⱴ▲̆ Ṝ ᴆ Ẓ Ṝ ̆

₮ ᴨ ׅ Ҍ Ȃ ≢ ṜԊᴆ̂ ȁ

ȁ ̃ ⱴ Ҋ̆ל ԍ ᵞᵀ ֓

Ԋᴆ Ȃ ̆ Ṝ ᴪ ȁ

ᴆ̆ ֓ ╠ᴨ Ҭ ᾟ№ Ȃ ̆ Ṝ

№ ̆ ╠ ӎ

└̆ Ȃ 

4. ᴨ ̔ ԅᵬ ҍ ӟ ̆

ԅ ֟ ȁ֟ Ṝ ᴨ ̆p ׅҺ ֟ ѿ

̆ ≠ ȁῙ№≠ ȁ ᵣ

ᴨ Ҍ Ȃ ҙ῾ף ҳ ⱴ▲ ⱬ

̆ ֟ Ҍ Ȃ Ҭ

֟ ᾟ№ ̆ ץ ᵀᴨ

Ȃ ̆ № Ӟ └ԅ ᴇṿ̆

ҹ῾ ‗ Ҍֽ ֟ ̆ ῏ Ȃ

ᶏ ҹ ֟‗ ҳѿ Ȃ 
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6.4  

ԍ ҳ ̆ ᵬ ԓҩҺ Ȃ

֓ ̔ ῀ ᵬ └̆ Ṝ ̕

῾ҙ֟ ᵀ ̆ ̕ ᴨ

̆ ֟ ȁ ȁ ≠ ᴨ ̕ ῾ҙ‗

̆Ḇ ֟ ץ̕ Ṝ ̆ ῾

ҙ Ṝ Ȃΐᵣῤ ҊȂ 

1. ᵬ └ ῀ ̔ ῀ ᵬ

└ ׆̆ № └Ȃΐᵣ

̆ ҍ ̆ Ҍ

ᴆҊ ̆ ≢ └ ῏

Ȃ ԍ ֓ ̆ ᵬ └ Ṝ ̆

ᴰ ֽ Ȃ Ṝ

̆ ᵬ ̆ Ṝ Ҋ

ⱬȂ ̆ ԍ ԍῒזҺ ᵬ

̂ ȁ ̃ Ҍ ̆ ̆ Ҭ Һ

῾ҙ ᵬ Ṝ ̆ҹ ῃ ᶫ Ȃ 

2. ῾ҙ ҍ ̔ ⱬԍ ȁ

ⱳ ῾ҙ֟ ᵀ Ȃ ȁ

ȁ̔ ҙ ≠̆ ӟ

ȂҌ ԍᴰ ̆̔ ҙ ΐ ҈

῏ ̔ ᾢ̆ Ἕ׆ ⌠ ̆ ‗῾ҙ Ҭ

̕ῒ ̆ΐ ӟ ӟ ⱬ̆

̕ ҈̆ ꜚ ӟ̆Ḡ ᵬ

Ȃ Ҍֽ῏ ֟ ̆ ȁ

̆ ῾ҙ ֟ῃ ᵝ Ȃ ҍ

̆ ꜚ ꜚ ҹ̆῾ҙ ֟ ᶫ׆ ⌠

‗ ̆ ῾ҙ ֟ Ḥ ‰ Ȃ 

3. ᴨ ̔ ֟ץ╠ ҹ ѿᴨ

̆ ֟ ȁ ȁ ≠ ȁ

ᴨ Ȃ ᵬ ȁ ȁῙ№ ῾ҙ

̆ ᴇᵣ Ȃΐᵣ ̆ ᵀҌ Ҋ

ȁ ̆ ῀ᴨ ̕ ̆ ֟

ҍ ̂ ȁ ȁ ̃ ̆ Ҍ

̕ ѿ ῀ № ᵀ̆ᶏᴨ ῾ ‗ Ȃ
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ᴨ ̆ ≢Ҍ ῏

ᴪ̆ ᶫѿ ↓ Ҍ ᴨ Ȃ ѿ

ᴨ ҹ῾ҙ ᶫ ‗ ̆ ≢ ⱴ▲

ⱬ Ҋ̆ ῾ҙ ΐ ӈȂ 

4. ῾ҙ‗ ̔ ⱬԍ ҍ Ḥף

̆ ȁҩ ֟‗ Ȃ

ȁֲ ȁ ꜚԑ ̆ ñԐĺ ĺ ò҈ ῾ҙ

Ⱶ Ȃ ̆ ᴰ ῾

ᵬ ̕ № ̆ Ṝ ȁ֟

ᴨ ‗ ̆ ӟ └Ҍ ᴨ ̕ Ⱶ ̆

ԍ Ἕ ≢̆ ᶫҩ ȁ ‗ ̆ ᴨ ȁ

ȁ Ȃ ׆̆ ȁ

⌠ ȁ῾ ȁ ̆ Ҍ ‗ Ȃ ≢

῾ ̆ ꜚ ̆ Ἕ ֜ԑ̆ ᵞ

Ȃ ѿ ‗ ҹ ῾ҙ ҍ ֟ ̆ ꜚ῾ҙ ֟

ȁ ‰ Ȃ 

5. Ṝ ̔ Ṝ Ҋ

̆ Ҍ Ṝ Ҋ ֟ ᵀ Ȃ ԍ

CMIP6Ṝ ᵀ ῍֣ ᴪ ̂SSP̃ ̆ ᵀ

Ṝ Ҭ ֟ ̆ ≢ ῏ └ Ȃ

҉̆ ̆ ̂ ᴨ ȁ ̃

̂ └ ȁ ̃Ȃ ≢῏ ṜԊᴆ

ȁ ῒ ֟ ‖₯̆ ԍ № ‗

̆ ῾ҙ ṜҌ Ȃ ̆ ῾ҙ ᴪ

̆ ᵀҌ ȁ ̆ ₮ Ȃ

ᵀᵣ ̆ ꜚ ᴨ ҹ̆

└ ῾ҙ Ṝ ᶫ ᶭ ̆ ῃḠ ⱬ

῾ҙ Ȃ 
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