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Interpretability on Yield Estimation of Winter Wheat Based on LightGBM
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Abstract.; Machine learning models have been applied for monitoring crop growth condition and
estimating crop yield, it is difficult to understand the internal mechanisms of complex models. In order to
estimate crop yields accurately and make understandable explanations at the same time, LightGBM was
used to develop yield estimation models of winter wheat in the Guanzhong Plain, PR China by using
vegetation temperature condition index ( VICI), and interpretable methods such as local interpretable
model-agnostic explanation ( LIME ), submodular pick-LIME, partial dependence plot ( PDP), and
individual conditional expectation (ICE) at global and local scales were used for further interpretations of
the yield estimation models. Compared with other models, the results of LightGBM optimized by grid
search showed that the R® between the estimated and official yield records of winter wheat was 0. 32, the
RMSE was 809. 10 kg/hm”, and the MRE was 16.55% , which reached the extremely significant level
(P <0.01), indicating that the model had high prediction precision and strong generalization ability.
The interpretability of the experiments showed that the model can extract the knowledge in the data. In
global interpretation, VTCI at the jointing stage for yield formation was the most important, followed by
VTCI at the heading to filling stage and VTCI at the dough stage, and VTCI at the turning green stage had
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the least effect, which were consistent with prior knowledge. In local interpretation, based on the spatial

characteristics of winter wheat yield that was high in the west and low in the east, the local interpretable

methods further provided the reasons for the differences in the yield formation of different counties

(districts) , which provided references for field management in the Guanzhong Plain, PR China. These

methods had application value for increasing and stabilizing the yield of winter wheat.

Key words: winter wheat; yield estimation; interpretability; vegetation temperature condition index;

machine learning
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Fig.1 Location of study area and crop planting areas
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Fig.2  Model structure of LightGBM and workflow of experiment
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%1 LightGBM #EE RF ZRNSHZ=HRRMRE
Tab.1 Parameter spaces of LightGBM and RF and optimal parameters

R ZH 5 FARME
max_depth [2,3.4,5,6,7,8,9, 10] 8
n_estimators [5, 15,25, 50, 100, 300, 500 ] 25
learning_rate [0.001,0.01,0.1,0.2,0.3,0.4] 0.1
reg_alpha [0,0.001,0.01,0.1,1,100] 0.001

LightGBM reg_lambda [0,0.001,0.01,0.1,1,100] 1
min_child_weight [1,2,3,4,5,6,7, 8] 2
colsample_bytree [0.6,0.7,0.8,0.9,1.0] 0.9
subsample [0.6,0.7,0.8,0.9,1.0] 0.9
max_depth [2.3.4,5.6,7.8.9,10] 8
n_estimators [5,15, 25,50, 100, 300, 500 ] 50

RF min_samples_leaf [1,2,3,4,5] 1
min_samples_split [1,2,3,4,5] 3

criterion

[ “absolute error” ,

“ » “ »
squared error” ] squared error

BN WA, 3 v TR B R AR A i A T 2

A Ao PF A B 0T A 7 A T ) P R R AT IE Al
(F£2), AT AR B, AR AR e A R« R
J [ K 0.22 ~ 0.32, RMSE i [l 25 809.10 ~
845.38 kg/hm2 ,MRE JG N 16.55% ~17.41% , H.
PPk I 3 K (P <0.01) o Horp, 200 j 4% 48
RO LightCBM AL RUR B2 i iy , M RE fic i, IX /2
PRl DAy 12 A6E 80 — T T e ek 0 A 5 R G A T L E e 4t
R/ MY RSB A, 55— Jr i % 074K
SNy B0 25 B R I 1 R AT 20 2R AT LA
B2 B R R R A A R A LA B

x2 AREBAENKLE EH RN
Tab.2 Accuracy of different machine learning

models on test set

RMSE/

ey R? MRE/% P
(kg-hm %)
RF 0.27 814. 62 16. 67 <0.01
LightGBM 0.22 845.38 17. 41 <0.01
I k& 48 2 A Ak 14 RF 0.28 812.55 16.77 <0.01
o 4 45 R Ak 1
0.32 809. 10 16.55 <0.01
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