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Abstract: The yield of tropical crops is highly sensitive to climate conditions, and accurately modeling the meteorolog-
ical-driven mechanisms is crucial for improving tropical agricultural productivity and climate adaptability. This study
systematically compared the prediction performance of six machine learning models, including LGBM, RF, XGBoost,
AdaBoost, SVM and MLR based on natural rubber, mango, pineapple and banana in Hainan. The SHAP method was
used to quantify the contribution and non-linear response characteristics of meteorological factors. The LGBM model
demonstrated the best prediction performance, with an average R> of 0.945 for the test set (the R” of rubber, mango,
pineapple and banana were 0.942, 0.902, 0.954 and 0.983, respectively), and average RMSE and MAE of 1.436 t/hm’
and 1.150 t/hm’, significantly outperforming the other models (the R* of RF, XGBoost, AdaBoost, SVM, MLR were
0.773, 0.563, 0.589, 0.368 and 0.508, respectively). The meteorological-driven mechanisms exhibited significant
crop-specific differences. Rubber yield was mainly driven by solar radiation (the contribution was 14.7%) and tempera-
ture factors (the contribution of monthly minimum temperature and monthly maximum temperature were 14.4% and
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11.7%, respectively). Mango yield was highly sensitive to monthly maximum temperature (the contribution was 19.0%)

and vapor pressure deficit (the contribution was 18.5%). Pineapple and banana yield were dominated by soil moisture
(the contribution was 18.9%) and relative humidity (the contribution was 23.6%), respectively. Based on the findings,
differentiated agronomic management recommendations for each crop type were proposed. This study demonstrates that

machine learning, combined with explainability methods, can effectively elucidate the climate response mechanisms of
tropical crops, providing theoretical support for regional agricultural precision management.
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A: Natural rubber; B: Mango; C: Pineapple; D: Banana. The data on the left indicate the SHAP values of each meteorological factor, while the
data on the right indicate the relative contribution of that meteorological factor to crop yield.
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Fig. 1 Global analysis of importance of factors
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Fig.2 SHAP dependence graph of natural rubber yield model
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Fig. 3 SHAP dependence graph of mango yield model
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Fig. 4 SHAP dependence graph of pineapple yield model

(4) FHE, FESENLBILHFAEN
B AYARLR R B A R AE (85 ). RH ZEMET 79%
B R E MR EARON; , I 79% 5 Wl Ay 1 [l 52
M), 38 BH 3k YT T eI A A B L A K (IR SA )
SM 7E 5T 37 mL/m’ It 7= 48 EUA 35 (0 1 10 4
FH, TR T2 B0 2 B B S 0 B R4, sz
HH A AT K A5 1 v FE A (18] 5B ). VPD
PL'5 hPa MG EME, #idizfd)s =k vPD 7t
wm T, BE TR, RS R T
AEA B TSR ADEA T (1 5C Do T
w228 CHAFFHES BN, BRbE
FENHIR B PR BT 1 K& P (] SD ). PREC 7Ei##
it 91 mm 5 BE TR, ik H8ahE
SR FR B O XU A ¢ (1l SE ),
SOL 7Ef& T 51 MI/meHt I M IE e dEAER , #8
T B R 0 A RS 5R , R ISR T Re s &
FEIHIBN , EmAEFAERNIEA R (K SF ),
213 AZRFHEEZHRLE AEREREIZCR

FERERITUARAG BT, AR H £ W BURHE i
T TR W X AR T iy AR AT A AL B, B EE
DIF 3 A28 (1) MCMERE, IHHHEZEHRE
HF5EWR L &2 E 1 Pearson HH R %L
(7 ), S B3 266 %55 AH ¢ R BT 0.3 B2 £ |<0.3 ),
VI L BREGAHRARE . (2) dLZetkizli. R
ZW KA (VIF) ZrfrAsar | ) 2 s 22k, 5
B VIF>10 BYHRME, DABR AR RS e 1 I8 T
AT (3) FREEZEMHHT . fEAHCHERIIEL
PEALFEIERE b, B — 20 B LR ARG A 78
R EMEEN, IR E I TTECRIE R 85%U
B RRIE T ARAE S S A A\ AR HE o O 5 R W Sl
JB T ARG . UM ALY IR B A AR R R R
ny, BRE T RN FELFELE, XA RFEK
THIAYER, A TRz AR, AFEIVEY
X I AR i e 45 5 L3R 1,

22 PEEMFEREEERTH

22.1 KIS ERMAEAR WK 6 B, B



%9 Ly ESCA . ST Z2RLAR o > T g P Ay i 2279
[ [ R MEEET T
70 75 80 85 25 30 35 40 2.5 5575105125
A 8F : B C -
2 2 2
< B < <
> > >
_4 -
1 1
70 75 80 85 5 10
RH/% SM/(mL-m™3) VPD/hPa
BT T BT [
20 25 30 35 200 400 600 30 40 50 60 70
D E F
Q Q Q
= = =
«< «< <
> > >
2 2 <
Jen Jen e
[70} wn wn
T 1 1 ! —5.0 kv 1 1 L ! 1 1 N 1
20 25 30 35 0 200 400 600 30 40 50 60 70
Tl C PREC/mm SOL/(MJ-m™?)
5 HEFEREEK SHAP KHiIE
Fig. 5 SHAP dependence graph of banana yield model
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Tab. 1 Screening table of meteorological factors characteristics of different crops
a3 Tops0 “TH K 45
Crop Top50 meteorological factors characteristics
B PET.3, Tmax.3, SOL.3, SOL.9, SM.6, SRAD.3, RH.9, Tpean.1, SM.9, PREC.S, Tyin.6, PREC.4, SOL.8, Tiax.12, SM.8, PET.12,
VPD.12, PREC.8, PREC.9, PET.1, VPD.11, RH.8, VPD.9, Tyn.5, VPD.3, Tiin.12, SRAD.8, SM.5, RH.1, Thax.9, Tiean-10,
Tmin-8, SM.3, RH.11, PET .4, SM.4, Thax.6, Timean-35 Tmin-10, SOL.7, Tin-9, Tmax-55 Tmax-85 Tmax.7, VPD.8, Tean.11, SRAD.11,
RH.12, SM.7, VPD.5
P Tmin-0, Tmin-8, Tmean-7, Tmax-7, VPD.9, Tpax.8, SM.6, VPD.5, Tpax.6, SM.9, PREC.6, SM.8, SM.3, VPD.6, Tna.9, PET.2,
Tmean- 10, PREC.5, VPD.3, PET.7, Tmin.10, SOL.7, PET.6, SRAD.6, Twin.9, PET.9, VPD.7, SM.1, SM.7, RH.3, VPD.11,
RH.7, PET.5, SM.5, PET.3, RH.5, Tmean-11, Tmin.5, SOL.5, SOL.3, SOL.12, Tynin.12, Timax.3, PREC.11, PREC.2, PREC.9,
Tmax-4, SM.12, RH.9, VPD.8
bl SM.3, SM.2, Tuin-8, Tmin.6, SM.8, VPD.6, SM.9, T1in.9, RH.2, RH.3, VPD.7, VPD.11, Twin.5, PET.8, SM.1, SM.7, SM.6,
VPD.10, Tuax.8, Tmax-7, PET.7, VPD.8, Tuin.10, VPD.9, Tuax.6, SM.11, VPD.2, RH.6, SM.12, RH.9, SM.10, SRAD.1,
VPD.3, SM.4, VPD.4, PREC.12, Tpin4, Tmax.3, VPD.5, RH.7, RH.8, PREC.4, RH.4, VPD.12, RH.1, Ti,.12, SRAD.11,
PREC.6, Timean-10, SRAD.2
HHE SM.9, SM.8, RH.3, Twin.8, VPD.9, RH.2, VPD.6, SM.10, VPD.10, VPD.4, Tpax.10, Trmin.6, RH.12, RH.1, VPD.11, VPD.5,

VPD.12, RH.6, VPD.3, SM.3, Tuax-7, Tmean-10, Timax-8, Tmax.6, SM.7, Tiin.9, Tmin.10, PREC.3, SM.6, Tpax.11, RH.4, VPD.1,
PREC.2, PET.8, Tmax-12, Tmax-3, Tmax-9, Tmean.7, SM.5, PREC.1, RH.5, RH.8, VPD.§, RH.7, RH.11, PREC.12, SRAD.12,

PET.3, SM.2, RH.9

E: &GN THE RN RR A, M0 Tew3 F8 3 7 5Tl
Note: The abbreviated data of each meteorological factor indicates the corresponding month, e.g., Tiax.3 represents the maximum tem-

perature in March.

1000 45 AL (Y P BE HEJ¥ 5 . LGBM>RF>MLR>
XGBoost>AdaBoost>SVM ( X4 R*: 0.942>
0.841>0.431>0.379>0.368>0.252 ), H:*#', LGBM
BRI LB AL, Hli4E RMSE 9 0.079 t/hm?,

A% RF %I 0.078 t/hm” ) IS 5 0.001 ,/H LGBM
BRI R W, DAL & oA v S5k
PERIHS (MLR) #HIL, LGBM HiEIfy R* 27
118.6%, RMSE F#MIX 41.5%. XGBoost H# [yl

Y4 RIK%) 0.881, HAEMRSE R U N 0.379,
FEUAHAR /INEEAEI 1072 AL RE FIAS 2 o RF REARLI|
255K R 25184 0.099, F£IFaE, 55 LGBM
AH EEAT A7 AE B SR PR RE 220

222 ERFEFTRAER MK T PR, PR~
AR PEREHER N . LGBM>RF>AdaBoost>
XGBoost>MLR>SVM ( IiX4E R*: 0.902>0.538>
0.525>0.437>0.378>0.145 ), LGBM li{% R* Ny
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Fig. 6 Comparison of rubber yield predictions using different algorithms
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Fig. 7 Comparison of mango yield predictions using different algorithms
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0.902, FHHiE, RMSE 4 1.075 thm?®, SEL
F RF (RMSE # 1.701 t/hm?*), 221K 36.8%.
AR RF EIZAE B R 5535 0.940, {5 HAEM 3
£ F RS RE TR 53%, 7 HORhBa e 75 45y
UK . XGBoost 5 AdaBoost A EREFH T, {HY
B BAK T LGBM, #2758 Boosting 77 1 7E I 2 Tl
1545 P AEAE S 5 S5 A AL B 390

223 ®R¥FEETMEER WK 8 i, WS
T AR A Y M BB HE )R A . LGBM>RF>Ada-
Boost>XGBoost>MLR>SVM (X4 R*: 0.954>
0.870>0.704>0.643>0.495>0.481 ), LGBM Kl izt
£ R* k%] 0.954, FIEARL , MAE 9 2.206 t/hm?,
B RF (2.722 t/hm*) F#f% 18.9%. RF 4711145
4 5 3R 4 0] 1 g 22 F /N (R 22M6°4 0.076),
FKIMFEE . XGBoost 5 AdaBoost 1 7E | 2R 3

P AT, AEZEMRAE Y B RE TR, Bon HAE
o7 Xt 95 B F I o A7 AR S IS R 25 . SVML AR
O AE R 1K 0.481, RMSE &3k 7.130 t/hm?,
TR e 2%

224 FHEFEWMMER WK 9 PR, HFES
T AR R BE HE R M : LGBM>RF>XGBoost>
AdaBoost>MLR>SVM ({lliX£E R*: 0.983>0.844>
0.792>0.757>0.727>0.592 ), LGBM illlix 2 R* /7 0.983 ,
BB T HABREAL, H RMSE {U 1.703 t/hm*, Hy
RF #1 (2.249 t/hm®) Y 75.7%. [, LGBM
VI 5N R 2N 0.007, Z1kfE
ok, RF #IWKEFE, (475 LGBM fF#1E R
2505, XGBoost F1 AdaBoost 15 £ {f: T MLR,
{EIEAG B A & RE, SVM F A5, R4
RMSE Jy 6.387 t/hm*, %25 53wk .
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Fig. 8 Comparison of pineapple yield predictions using different algorithms
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Fig. 9 Comparison of banana yield predictions using different algorithms
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Tab. 2 Summary of model prediction performance

| k% Train

K EE Test

1EW x|

Crop Model R /(}: I;ldri%) /(i\-/{l?na) K /5 1\;{;}52) /(t-lvi:ng)

9 MLR 0.472 0.142 0.113 0.431 0.135 0.112
RF 0.940 0.071 0.055 0.841 0.078 0.075
SVM 0.988 0.027 0.021 0.252 0.154 0.123
XGB 0.881 0.078 0.060 0.379 0.142 0.116
ADA 0.699 0.121 0.095 0.368 0.150 0.125
LGBM 0.981 0.033 0.025 0.942 0.079 0.069

g MLR 0.412 2.110 1.640 0.378 2.045 1.579
RF 0.940 1.005 0.752 0.538 1.701 1390
SVM 0.974 0.528 0.351 0.145 2.089 1.726
XGB 0.892 1.087 0.825 0.437 1.919 1.607
ADA 0.714 1.676 1277 0.525 1.813 1390
LGBM 0.982 0.444 0.316 0.902 1.075 0.851

s MLR 0.505 6.727 5.323 0.495 6.725 5.297
RF 0.946 2.802 2.144 0.870 2.802 2722
SVM 0.989 1.261 1.029 0.481 7.130 6.066
XGB 0.902 3.218 2.368 0.643 5.695 4.830
ADA 0.710 5.542 4.426 0.704 5.571 4.683
LGBM 0.986 1254 0.883 0.954 2.887 2.206

A MLR 0.738 4610 3.666 0.727 4.785 3.778
RF 0.957 2318 1798 0.844 2.249 2.038
SVM 0.997 0.898 0.882 0.592 6.387 5.461
XGB 0.923 2.614 1.984 0.792 4226 3.302
ADA 0.943 2.256 1782 0.757 4.560 3.596
LGBM 0.990 0.934 0.695 0.983 1703 1.474

TE: BIEWUIZE SIREREAS (N) 200000 RIK (256/64), 55 (248/62), WH (240/60), FH (260/65).
Note: The sample sizes (V) for each crop training and testing set are: rubber (256/64), mango (248/62), pineapple (240/60), banana

(260/65).
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