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Automatic Dynamic Relevance Determination of soil properties over different soil layers for yield prediction using APSIM

APSIM!!! (deterministic mechanistic model) Gaussian Process!4] Vector-input lengthscale
) Let y, € R be the APSIM output biomass at harvest date, It treats the input profile as an unstructured vector of measurements.
) X; = {X; 1 K =1, ..., K} the corresponding root water extraction constant {51 sl K}
values across K soil layers indexed by depth t, € [0, 1]. Consider a Gaussian : :
M process with mean zero and pairwise correlation: Functional-input lengthscale!>-

1 It recognizes the intrinsic structure of the functional input and captures how

o(x;, xj) — exp {__ (x; — xj)T L (x; — Xj)} Vije{l,...,N} fast input predictive relevance transitions to a neutral state.

Emulator (AKA surrogate, or meta-model) 2 I, : RT — (0,1]

A statistical model that provides a mechanistic model output estimate and L(+) — _ o2 M2\ where 07 >0, € (0,2], and t > 0.
) . . . L_l_d. ({1{2 Ck—1 K d1 >0}) J(t) e}{p{ me t } Iy s TN y 4]
an associated uncertainty measure without running the computer model. — dag (o - M = Lye e A ANA K
Length-scale function Weight function Power N,
1.00 - | 05
Why?t2-1 The role of lengthscale parameter - soursd B
* Scalability: large-.scale yield predlct.lon. , , L Smaller lengthscale ~ slower decay of the output correlation as a function of 0.0050 - [')"2 ,
. Bet.ter gnderstandmg. .model-based information to guide data acquisition, the input Euclidean distance ~ higher predictive relevance 0.50 - ecay o)
validation, and modeling efforts. . 0.0025 1 —05
* Better prediction: adjust APSIM prediction at a sub-field level. we(ty) = Lo(ty) 2 | 0.0000 - —1
 Optimization: yield & NO3 leach trade-off. ) 0.00 025 050 0.75 1I.o(cj)I j 0.00 025 050 075 1.00 — 2
* Portability: run it everywhere (e.g., online platform). Tit, = V/Waltk) Tity ndex vale |
Figure 1: Functional input length-scale and weight functions.
App licati()n APSIM v7.10 with a soil, weather, and land management configuration representative of a Greene county, lowa productive field on three years of continuous corn.
Biomass (Kg/Ha) Length-scale function Weight function _ 2016 2017 2018
1.00 - Vector Input GP 285.5 319.3 284.3
20000 - o :
Functional Input GP 143.7 131.7 97.2
. 0 0 o
(5000 - 0.75 - 0.004 - RMSE Reduction 49.7%  58.8%  65.8%

Table 1: Out of sample predictive RMSE (10-fold cross validation).

10000 - 0.50 - Depth interval Cumulative Cumulative
(cm) | root biomass!’”!| model weight

0.002 -
<144 50% 7.8%
5000 - 0.25 -
< 88.9 95% 38.1%
<118.3 100%2 47.3%
” n00” 0.000- <240.0 100%" 72.4%
] ] | ] ] ] 1 | | || . . 0 . 0
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~0— Test set —o— Training set Year in rota‘“on — 2016 — 2017 — 2018 (0,14.4] (14.4,88.9] (88.9,118] (118,240] (240,20+03] 2 Value estimated by [7] b Value reviewed by [7]
Figure 2: Biomass ~ Weighted mean KL relationship. Figure 3: Length-scale function evaluated at the parameter estimates. Figure 4: Weight function evaluated at the parameter estimates. Table 2: Cumulative root biomass and model weight.
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