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Abstract : The present study was to develop an approach for predicting soybean yield using a crop
growth simulation model at the regional level where the detailed and site-specific information on
cultivation management practices is not easily accessible for model input. CROPGRO-Soybean model
included in Decision Support System for Agrotechnology Transfer (DSSAT) was employed for this study,
and Illinois which is a major soybean production region of USA was selected as a study region. As a first
step to predict soybean yield of Illinois using CROPGRO-Soybean model, genetic coefficients
representative for each soybean maturity group (MG I~VI) were estimated through sowing date
experiments using domestic and foreign cultivars with diverse maturity in Seoul National University Farm
(37.27°N, 126.99°E) for two years. The model using the representative genetic coefficients simulated the
developmental stages of cultivars within each maturity group fairly well. Soybean yields for the grids of
10 kmx10 km in Illinois state were simulated from 2,000 to 2,011 with weather data under 18 simulation
conditions including the combinations of three maturity groups, three seeding dates and two irrigation
regimes. Planting dates and maturity groups were assigned differently to the three sub-regions divided
longitudinally. The yearly state yields that were estimated by averaging all the grid yields simulated under
non-irrigated and fully-Irrigated conditions showed a big difference from the statistical yields and did not
explain the annual trend of yield increase due to the improved cultivation technologies. Using the grain
yield data of 9 agricultural districts in Illinois observed and estimated from the simulated grid yield under
18 simulation conditions, a multiple regression model was constructed to estimate soybean yield at
agricultural district level. In this model a year variable was also added to reflect the yearly yield trend.
This model explained the yearly and district yield variation fairly well with a determination coefficients
of R2=0.61 (n=108). Yearly state yields which were calculated by weighting the model-estimated yearly
average agricultural district yield by the cultivation area of each agricultural district showed very close
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correspondence (R? = 0.80) to the yearly statistical state yields. Furthermore, the model predicted state
yield fairly well in 2012 in which data were not used for the model construction and severe yield reduction
was recorded due to drought.
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Fig.1. Location of lllinois State in USA.
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Table 1. Planting date experiments for estimating genetic coefficients related to phonological developments of soybean cultivars
with different maturity

Maturity group Origin Cultivar Planting date
2010 2011

China Mengdoul4 6.25,7.29 5.30,5.16,5.24,6.07,6.17,7.20

I China Suinong31 6.25,7.29 5.30,5.16,5.24, 6.07,6.17, 7.20

China Heinong45 5.30,5.16,5.24,6.07,6.17,7.20

China Heinong48 6.25,7.29 5.30,5.16,5.24, 6.07, 6.17, 7.20

I China Jiyu71 6.25,7.29 5.30,5.16, 5.24,6.07, 6.17,7.20

China Jike6 5.30,5.16,5.24,6.07,6.17,7.20

USA Harosoy 5.30,5.16,5.24,6.07,6.17, 7.20

I China Liaodoul6 6.25,7.29 5.30,5.16, 5.24,6.07, 6.17,7.20

USA Williams82 6.25,7.29 5.30,5.16,5.24, 6.07, 6.17, 7.20

v USA Clark 5.30,5.16, 5.24,6.07, 6.17,7.20

Korea Shinpaldal 5.16, 6.08, 7.22

v USA Essex 5.30,5.16,5.24,6.07,6.17, 7.20
Korea Taegwang 6.25,7.29

VI USA Arksoy 5.30,5.16,5.24, 6.07, 6.17, 7.20

Table 2. Soil characteristics of the experimental field in 2011

Depth Sand Silt Clay Soil BD pH OM TOC
(cm) (%) (%) (%) texture (g em?) in HO (%) (%)
0-15 413 34.6 241 loam 1.5 4.88 2.20 1.27
15-30 413 355 232 loam 1.8 4.76 1.99 1.16

Exchangeable cation

Depth TD/N NO;—EI Pzg)li ) o T < ey CIFS )
fem 0| el | el g | ek | melke) | me/kg |
0-15 0.17 14.1 250.0 454.4 91.6 80.0 18.5 12.50
15-30 0.14 46.3 184.8 437.8 79.5 62.1 16.1 11.80

OM: Organic Matter; TOC: Total Organic Carbon; CEC: Cation Exchange Capacity; T-N: Total Nitrogen; BD: Bulk density

20109 3} 2011 27 F = 0] u}£7] o]% Al g of A University coupled general circulation model) & ©]-8-3}¢]

#ETFQ ‘Q% WA A= E o] 85| 7 EFF H A 2000\ 5-E] 20129 71A] Tllinois5=2] U8 AL, 2| 3L-2
Y e B 04E 2Rt EE S Y A 1L 49% 5S 10knx 10kn 27]9) 472 A
o] &= DSSAT JEJE” o] &3+l GENCALCE 0|83} A A (hindcast) Bt & ]85} A THAhn e af, 2012).
Ao, ST 7|4 AR et B R, A} A EE < -
xS ol5
o 222 ALLshelt 4) llinoisZ= £~2F FHS {Ist 22 M| 2l Do
M MR o) 182 9l nE 25}y 95t CROPGRO-Soybean - 21-&- 0]-8-3}04 10 km x 10 km
7 ol 3t EFES Bl o A g & VIS VR VIS A R R oS st
¥ E% ReE 2R 2 BAEL ABAY  TIE ST AUSDANIA BRbeh= Hlinoiso] F2F 2
e mioln 48k B mEL DSSATO| ZakE 2+ 1 3 A (hetps:/ /www.nass.usda.gov/Statistics_by_State/
A naSa gqskech Hlinois/Publications/Crop_Progress_&_Condition/)f| 2]
TinoisZ2 2] 3 422k 342 93t 25 A% m g 9] ¢ SHH a5 0] 749 AP R WE-E QAN h A = 49
2 7] A 2 2= PNU-CGCMR © (Pusan National o< 6l CHU7FA| 00, S7A| 58 upF-5 AJ2}3)

-702-



40.8°

38.5°

Fig. 2. Longitudinal division of llinois into three regions to designate
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Table 3. Phenology-related genetic coefficients of CROPGRO-Soybean model estimated for each cultivar and maturity group.
Representative genetic coefficients for each maturity group were estimated using data pooled across cultivars within each
maturity group

MG Cultivar CSDL PPSEN EM-FL FL-SH FL-SD SD-PM
Mengdoul4 13.8 0.21 18.6 6.7 16.7 30.8
| Suinong31 13.8 0.20 18.6 7.8 19.0 253
Heinong45 13.8 0.20 20.6 7.8 19.9 213
Representative 13.8 0.20 18.6 8.0 21.6 24.7
Heinong48 13.6 0.25 16.9 7.1 16.6 26.6
Jiyu71 13.6 0.24 18.1 10.9 247 233
I Jike6 13.6 0.25 20.7 6.1 172 204
Harosoy 13.6 0.25 209 10.8 27.0 227
Representative 13.6 0.25 203 8.5 20.2 27.5
Liaodoul6 134 0.26 204 10.5 222 284
11 Williams82 13.4. 0.27 253 13.1 30.8 282
Representative 134. 0.27 224 11.7 272 294
Clark 13.1 0.30 18.0 10.9 249 255
v Shinpaldal 13.1 0.29 21.6 10.8 184 30.6
Representative 13.1 0.29 194 11.9 24.5 26.5
Essex 12.8 0.30 24.0 85 18.9 34.0
\ Taegwang 12.7 0.32 18.7 4.9 9.5 359
Representative 12.8 0.30 22.8 8.0 153 36.5
VI Arksoy 12.6 0.31 224 85 17.3 28.5
Representative 12.6 0.31 224 8.5 17.3 28.5

CSDL: Critical Short Day Length below which reproductive development progresses with no daylength effect (for shortday plants)
(hour), PPSEN : Slope of the relative response of development to photoperiod with time (positive for shortday plants) (1/hour), EM-
FL : Time between plant emergence and flower appearance (R1) (photothermal days), FL-SH : Time between first flower and first pod
(R3) (photothermal days), FL-SD : Time between first flower and first seed (RS) (photothermal days), SD-PM : Time between first
seed (R5) and physiological maturity (R7) (photothermal days)

160 160 160
MG -1 1 MG Il MG I
140 L1 ling 140 140
¥ 4 ¥
= 0 £ 120 . = 120 . *
= = * 5 .
= 100 = 100 . = 100 .
g g =
= = =
¢ B0 s " s ®
3 2 3
= &0 h-] =
g E 2
] & ]
5 40 é a0 g
= ¥=0.99%+ 151 = y=0.87x+0.69 y=0.98x+188
0 =097 20 1 A=0.85 e R = 0.98
RMSE : 3.6 day RMSE : 5.1 day B RMSE : 4.3 day
[} . o T T T
0 20 40 60 80 100 120 140 160 0 20 40 60 80 100 120 140 160 0 20 40 G0 8D 100 120 140 160
Simulated date after planting Simulated date after planting simulated date after planting
160 160 160
MG IV MGV MG VI
140 140 140
. o
¥ . 4 ¥
= 120 2 120 s 1 .
k] 3 = o
2 2 =
2 1w 2 w0 . 2 100
2 B . I .
= ] E
w BO w B0 u L
z z 3 (B
o . b
= 60 = 60 o .
3 £ £ £ .0
] b g ]
2 4 [E i L] i a0
20 ¥=0.90% + 6.87 » y=0.99 x4+ 147 0 v=L02x+0.02
R =0.98 7 R*=0.97 A= 0.94
: RMSE : 4.4 day . RMSE : 4.5 day B RMSE : 7.5 day
0 F. 40 (] 80 100 120 140 160 4] 20 40 60 B0 100 120 140 160 0 20 40 60 80 100 120 140 160
simulated date after planting simulated date after planting Simulated date after planting

Fig. 3. Comparison between the phonological dates observed and simulated using representative genetic
coefficients related to phenology. Data were pooled across cultivars within each maturity group.
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Table 4. Root mean square (RMSE) and determination
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Fig.4. Statistical and simulated soybean yield under rainfed and auto-irrigation condition in
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simulated under nine treatments of three planting datesxthree maturity groups under
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Table 5. Estimated coefficient values of multiple regression
model (Eqg. 1) to estimate soybean yields of nine
agricultural districts from the simulated soybean

Treatment Coefficient Pr>F
Intercept -1.43799 <.0001
rainplm] 0.28234 0.0622
rainplm2 -0.74295 0.0670
rainplm3 0.90584 0.0287
rainp2m1 0.29564 0.4386
rainp2m2 1.83550 0.0026
rainp2m3 -1.20629 0.0083
rainp3m1 -1.04129 <.0001
rainp3m2 0.11628 0.0280
rainp3m3 0.15722 0.2975
autoplml 1.32099 0.0161
autoplm?2 -0.79072 0.2656
autoplm3 0.18746 0.7479
autop2ml -1.37063 0.0375
autop2m?2 1.14850 0.1565
autop2m3 -0.27861 0.2841
autop3ml 0.88425 0.2018
autop3m2 -0.32964 0.6616
autop3m3 -0.32965 0.4222
year 7131712 <.0001

Rain: rainfed condition, auto: auto-irrigation condition, p: planting,
m: maturity group of soybean cultivar
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Fig. 5. Comparison between the agricultural district yields
reported and estimated by the multiple regression
model (Table 5) in lllinois, USA from 2000 to 2011.
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