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Abstract; Plant phenotyping is one of the key bottlenecks restricting the modernization of agriculture and
forestry. Traditional phenotyping methods suffer from limitations such as low efficiency and complex
operation, making it difficult to achieve large-scale, dynamic monitoring of plant physiological responses
under environmental stress. With the rapid development of high-throughput phenotyping technology,
multi-source sensor data fusion has become an important means of studying plant health and stress

adaptation. However, existing systems are unable to cope with the phenomenon of varying plant height
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and large phenotypic variations at different growth stages, resulting in poor adaptability of data acquisition
equipment and limited operational efficiency, which restricted the accurate capture of dynamic
physiological responses. To address this, a gradient nutrient stress experiment ( normal, mild, and
severe) on slash pine was conducted, designing and constructing a self-propelled high-throughput
phenotyping monitoring system. This system integrated multi-source imaging sensors such as visible light
and multispectral sensors, and can automatically adjust the spatial position of the sensors according to
dynamic changes in plant height, achieving efficient collection of plant phenotypic information from 360
samples. At the algorithmic level, the system introduced a genetic algorithm-recursive feature elimination
with cross-validation (GA — RFECV) method to screen sensitive features highly correlated with nutrient
stress, and combined this with a machine learning model to construct a classification framework for the
Experimental results showed that the GA — RFECV method
improved the model’s monitoring accuracy, with the random forest ( RF) model achieving accuracy,
precision, recall, and F1 score of 0. 694, 0. 695, 0. 694, and 0. 685 on the validation set, respectively.
After further hyperparameter optimization, the extreme gradient boosting ( XGBoost) model optimized by

nutrient stress response of slash pine.

differential evolution ( DE) achieved the best overall performance on the validation set, outperforming
other models. Accuracy, precision, recall, and F1 score improved to 0.759, 0.770, 0.759, and
0.756, respectively, validating the effectiveness of the hybrid feature selection and hyperparameter
optimization strategy in plant nutrient stress classification. The self-propelled high-throughput phenotypic
monitoring system proposed and constructed demonstrated significant advantages in the accurate and
efficient tracking of plant nutrient stress, providing reliable technical support and research methods for
precision fertilization, stress-resistant variety breeding, and large-scale forest nutrient monitoring.

Key words: plant phenotypic monitoring platform; nutrient stress; hyperparameter optimization; high-
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H T AN [+ i 800 AR 1 ) SR AR B AT RN
SRR — R R AR R AN Y R BR , AT AE &
G5 M B SCHR (0 Al b RS 3k T 31 I 2O % A H R
B, 400 8 5 — 1k FE k35 %% ( Normalized difference
vegetation index, NDVI) 2 SN EE IR R TR
( Green
GNDVI) 221y o 00 AR Wk 38 %4 ( Enhanced vegetation
index, EVI) = I - ( Normalized
difference red edge , NDRE) (22] . U HE B 45 %1 ( Ratio
vegetation index, RVI) B0 (K W48 KL ( Different
influential factors, DVI) (23] . = ff H Bk 48 % ( Triangle
vegetation index, TVI) ™" | Bl 3 f/ 8. L1 {5 A Bk 45 %%
(Modified simple ratio index, MSR) "*' 21 i1 it ¢
$5 % ( Red-edge chlorophyll index, RECI) (23] o5t o it
2% Z 8 %0 ( Green chlorophyll index, GCI) N A
3 5 5 FH 8k 48 £ ( Optimized soil-adjusted vegetation
index , OSAVI) "™ Btk 4= 492 9 45 4 9 45 50 ( Modified
soil-adjusted vegetation index, MSAVI) B gk g
2% FE 48 % ( Modified chlorophyll absorption ratio

normalized difference vegetation index,

index, MCARI) ™' I — b 5 38 i 4% 3 Ho % 45 8%
( Normalized
NPCI) ™ 48 #y R L & 0 % 45 %0 ( Structure
insensitive pigment index, SIPI) - kR
(Nitrogen reflectance index, NRI) ) %147 31 i Bt nf-
2% 25 48 B ( Single red-edge band chlorophyll index,
SRCI) ™' | 4 1 {lt Ak 4 € 98 13 4 Bk 5 %L ( Green
Optimized  Soil  Adjusted
GOSAVI) "' %y %= % & &1 35 %% ( Plant senescence
reflectance index, PSR1) ) i 48 %1 4 3 + 1 4 35 A1
# +8 %0 ( Adjusted transformed soil-adjusted vegetable
index, ATSA ) ™' 5 J2 M- 4 % & it 45 % ( Canopy
chlorophyll content index, CCCI) " 4t {8 < 41 3
18 8 78 % ( Green atmospherically resistant index,
GARI) [24] L% {4 % {H FH 9 48 B ( Green difference
vegetable index, GDVI) 2 e B35 %0 ( Green leaf
index, GLI) NI ¥o SAR K& 0 ( Modified green-
red vegetable index, MGR) NS X AR X - -
% ( Normalized
NGRD) ™' | B 19 — 4k #i #% #% % ( Renormalized
difference vegetable index, RDVI) ) £T —4¢ — 1% 4 9%
$5 %0 (Red green-blue vegetable index, RGB) " 41/
ok fA] B Lk {H A #% 48 £k ( Simple ratio red/green,
RGR) ™k k%) = ff 4 %% 45 %4 ( Modified triangle
vegetation index, MTVI) [24] L TR Bh A Y A WE 48 Ak
(Wide dynamic range vegetable index, WDR) "**'

30 T ] LGB 6 B0y ) o - 0 — AR 21645
( Normalized red index, NR) B — Ak 4 O 5 B
(Normalized green index, NG ) ™' |15 — fk #% 't 48§ %t
( Normalized blue index, NB) [2s] o A R T e
( Green-blue ratio, GB) (23] L1 HE U B 35 % ( Red-blue
ratio, RB )™ | %% 21 [t f % % ( Green-red ratio,
GR) (23] JZT R ¥ $E %1 ( Red minus blue, RminB ) (251
1% 45 %0 ( Red plus blue, RplusB) "7 21 Jifi 4 45 ¥k
(Red minus green, RminG ) "™ | 4T fiil 4% 4§ % ( Red
plus green, RplusG) 1250 o5t ek 5 5 B ( Green minus
blue, GminB ) 5]k 4 e % ( Blue plus green,
BplusG) "' JK J& #§ % ( Grayness index, GRAY )™
L3 TR FH 35 %0 ( Green leaf area index, GLAI) (23] Jt
i 22 717 T FR ( Spectral histogram polygon, SHP) (=]
0 — 4k 22 f 45 %0 ( Normalized difference index,
NDL) ™A WL Ok B L A B 4 4 ( Visible
atmospherically resistant index, VARI) (26] CEATE
(Weber index, WI) ' % a4 8% 5 %1 ( Color index of
vegetation extraction , CIVE) 200 S ¥ (Green leaf
algorithm , GLA ) 200 vAl R M WE $8 %0 ( Kawashima

pigment  chlorophyll  ratio index,

Vegetation  index,

green-red  difference  index,
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index, TIKAW ) " | B R %% £ 4 Bk 35 %0 ( Modified
green red vegetation index, MGRVI) *" 4T % W 4 b
5 %% ( Red green blue vegetation index, RGBVI) 2
Lk TE B0 ( Excess green, ExG) 271 sBer 8 80 ( Excess
red, ExR) ™" | #4841 2% {5 45 X ( Excess green-
excess red difference, ExGR) "7 | 4 0} 4% #{ ( Green
leaf index, GLI)'*' | 4T ¢ #§ % ( Redness index,
RI) " )9 —{b %% % 22 {45 % ( Normalized green-blue
difference index, NGBDI) B — b g AT 2 S
(Normalized green-red difference index, NGRDI) ' |
oy 2 A R AIE 25 ] DL 4 T R AEAE H R ALE B .

A UL €5 i HI0E 2o /T A T UL 1R AL B
b g r =38 IE B A AR AR S TR A A,
W ERAE R ExG =2 - b -1 3. ZCIEA B B
AT 2k FAR BRI S M PEB(B.G.R,
NIR \RE) i) DN {E{ % # () f B 3, 282 4 & 15 5 4 2
PR K, WA — AL A Bl 48 % NDVI = (NIR - R)/
(NIR + R) , J5 3Ch Z OGS A W8 BT MS - = {45,
# AUFR 200 1% A8 P38 B 44 Bk, vl WO w98 KO

VIS — = fUHE, = AU Al WG 48 BOM SCRARAIE

3 GRESWN
3.1 REBMEREEGFTEEEEEMIRE
RO

SR AR A XoF A AR T 1 e 5 e 5 K B DL ARRAE
LA R TR SRR AR O B (GA -
RFECV) 5 7§ # {& 4t $F 1iF & £ 5 % (PCA Al
RFECV) Xt 5t 4 K48 i A7 B 4 PO AR AR/ 2 . X 3 Ff
FRIEZE$E 77 1% (PCA (RFECV Fl GA — RFECV) [ 5%
Lk S R A MR EAT T 4R LU S 40 . & 1
G T & D7 vk A R I R IE S 1, I8 S 00 U
N TN A J7 35 7E R AE o B 2 B b 9 &5 R X E
Kl Sc 28 LIRIETE o d6 b A HER 32 . 25538 1 F
BS ol LA RRAERE4E 5 PCA Sl 2 115545 32 %
G35 25 TURR R, B 2 R R AR 23 [R) R 4 0 2
9 A F Wy, B Z TR KR T 95% |, KR AE I ik 5
1 RFECV g0t th 41 > FeURRAE , 3R 15 1 B i 28
NG UEPE 43 R 60. 3% IR G i #E 5% GA — RFECV

%1 PCA.RFECV.GA -RFECV 4 A FEENISH
Tab.1 PCA, RFECV, and GA — RFECYV ultimately used as features for modeling

FRAE e PR30 L RO 2L

5 28 30 B AR AIE

PCA 9 PC1.PC2 .PC3 .PC4 . PC5 .PC6 . PC7 .PC8 . PCY
MS - B MS — G .MS— R.MS — GNDVI MS — TVI MS — GCI,MS — NRI,MS — GOSAVI MS — GARI MS — GDVI MS —
GLI MS — MGR MS— NGRD .MS — RGB . MS — RGR .MS — MTVI VIS — b VIS — g VIS — r VIS = NG VIS = NB, VIS —
RFECV 41 RminB . VIS — RplusB . VIS — RplusG . VIS — GminB , VIS — BplusG , VIS — RGBVI VIS — NDI VIS — GLA VIS — ExR VIS —
GLI, VIS —GRAY VIS — SHP VIS — RI, VIS — mean , VIS — variance , VIS — homogeneity , VIS — contrast , VIS — dissimilarity ,
VIS — entropy , VIS — energy
MS - G MS—R MS— NIR MS - NDVI MS—DVI ,MS - TVI ,MS — RECI \MS — GLI ,MS - RGB VIS — NB VIS — BplusG .
GA — RFECV 14
VIS — NDI, VIS — GRAY VIS — variance
s 95.5 1100 GORO03 hestaong c4.0k639 Best score
.30 90 .. 3.
s 80 & &VF
0 FEFIE 170 g 5501
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Fig.5 Feature selection results of PCA, RFECV and GA — RFECV
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XS LR AE 4, 23 3 B RF XGBoost , GBDT
LightGBM Al ERT 3t 5 Bl 25 =7 ~J 5935 ¥y 2 i b
43 T 30 e O AR A 8 R AR 1 PP AR S5 R R 2
%2 PCA.RFECV.GA - RFECV TR ith # 55 4> i i81 Al iz
REZER
Tab.2 Results of nutrient stress response model of
Pinus elliottii under PCA, RFECV and GA - RFECV

Jes 4 b 42 S
“gf* mi;/j MR MR BER P
RF 0.611 0.615 0.612 0.610
XGBoost 0. 602 0. 601 0. 602 0. 600
PCA GBDT 0.583 0. 585 0.584 0.584
LightGBM 0.639 0. 643 0. 639 0. 632
ERT 0. 602 0. 604 0. 604 0.599
RF 0.639 0. 636 0. 640 0. 633
XGBoost 0. 648 0. 643 0. 649 0. 644
RFECV GBDT 0.630 0. 624 0. 631 0.618
LightGBM 0.657 0. 653 0. 658 0. 652
ERT 0. 630 0.629 0. 630 0. 626
RF 0. 694 0. 695 0. 694 0. 685
XGBoost 0.657 0. 655 0. 658 0. 655
GA — RFECV GBDT 0. 685 0. 690 0. 685 0. 682
LightGBM 0. 648 0. 654 0. 649 0. 644
ERT 0.676 0. 675 0.677 0. 670

M2 AT LA BN SEOR S T R R AR
PRI IE T LA 2 I BRI R B E 25 57 . FLK
e, i ] PCA HFAE I, LightGBM % A1 75 55 iE 48 |-
(0 2 BLAR KT B0, HEVERA 38 R0 %8 (47 [l 52 F0 FL 53
Bor 3R 0. 639 0. 643 0. 639 .0. 632; ffi Jil RFECV
ST, LightGBM A58 71 % R X6 44 , o 6 2 A
WA FL 45053 91K 0.657 0. 653 .0. 658
0.652;{#i | GA — RFECV #:4F i, RF 45 % 3 30 AH X%
B, HE AR 2R OR R H LR FL 3 8005 i R
0.694.0.695.0.694 . 0.685, 5 PCA # I, GA —
RFECV 7E 5 UF4E b i E B % OKG 5°% L 3 [l A1 F1
B ST T 5.5% 5.2% .5.5% 5.3% ;
5 RFECV Ml H, s X 2 7 7 3.7% .4.2% |
3.6% 3.3% . X F W, 78 I HL AL 37 43 W 38 mw g
GA — RFECV YR A& R 1iE 1 £ J7 1 e % T A 450l 47l 2
5 Y b A B ol 200 R A OC Y S B A B, DA T 42 R A
R 3 H B2 (SD) VR BE (MD) FHIE# (NG)3 264 K
AR HER T
3.3 RABMERELZTETESHMUMNEH

A 3% 43 B 18 MR RE 43 47

Shy 3E — 25 B T M A 3% 2 ik 6 e A R )
i, AWFFAE GA — RFECV SRE S £ JL Rl |, 454
U IE, 5% F BO . SA . DE %t RF.,XGBoost, ERT,
GBDT ,LightGBM 5 Fft HL 5 24 > A5 A (1) 5C i #  44

PEAT LA, & 7R % B SE AL 0 2 B 5 LR T A A
MR . R 3 R TS EAL IS & B R 7 5
RS R PERER L . MR 3 0l WL ARER T H Al A A
K DE B3 046 19 XGBoost 45 7 3% BLAH X B AL,
FOUE B % RS 0 % A [ RORT FL 4y 003 ik #)
0.759.0.770, 0.759.0.756, BO #1 SA I fk 19
XGBoost A5 7111 3 B i) %52 i B K JE , {EL G K T DE —
XGBoost,,

% 3 BO.SA.DE & E M4 T KR M #2 35 53 BB e B
BMEER
Tab.3 Results of Pinus elliottii nutrient stress response

model under BO, SA, and DE hyperparameter optimization

W’zﬁ“ m;jgg T ESE U T WETE WRe
RF 0. 639 0. 634 0. 639 0. 625

XGBoost 0. 685 0. 689 0. 685 0. 682

BO GBDT 0. 639 0. 632 0. 639 0. 633
LightGBM 0.676 0. 681 0.676 0. 667

ERT 0. 648 0. 647 0. 648 0. 640

RF 0. 667 0. 666 0. 667 0. 659

XGBoost 0. 685 0. 680 0. 685 0. 678

SA GBDT 0. 648 0. 648 0. 648 0. 642
LightGBM 0. 648 0. 650 0. 648 0. 640

ERT 0. 620 0.614 0. 620 0. 608

RF 0. 667 0. 665 0. 667 0. 669

XGBoost 0.759 0.770 0.759 0.756

DE GBDT 0.731 0.740 0.731 0.726
LightGBM 0.713 0.714 0.713 0.709

ERT 0. 694 0.707 0. 694 0. 685

TR 3 B 2 A A SR T d A R £ 73 2 1k
AE , AW ST 7R 1 i 26468 700 7 46 IE 4 - B0 TR V8 R 1
HG3 25 BE X HeF ik I (] 6, NG S IE % AR K4,
SD ST B 5% 4 Wi 41, MD R 8RR SR A Mt 4) o
Kl 6a ~6¢ g T UEIE A B UE AR IR VA B, Hovh
Fraeom BEI, 9 s IO 250 o i T A B
PRFZ I A R A KR 6 0 R R R B
PR 20O RN B DR 2R I REAS R Y
T FR 5 R A BOME i AR R 2 W o 7 28 551 1 A
AHHE 22 A5 B PR A5 3 e A O B O R T
FEAS Bt B AR /N5 28, T Bl 456 I 0ot i AR
A HE ROBE , B A L (8 0 TG ARUB K, 13 B A R
TEIZ I L ) T 00 o o P g o P 6d T s Ik K
H R IR i T AR R B 22 Il QR B R e
DUHIARE A o TR ¥ JHE [ W I b T LU i, BO —
XGBoost H:7E NG 5 MD P AR K¢ 1 4 i 1Y
HER Y (H7E MD 5 SD Z A AF TR iR G , R W HAE AL
FHAS 5 13 B SR R) RIS A AE AN 2, SA — XGBoost 5
IEAE NG (5] E R B B AE MD 1 SD _F A
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Fig. 6 Confusion matrix and accuracy comparison of optimal model validation set under different optimization algorithms
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