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Abstract; Maize leaf area index ( LAI) displays a significant vertical distribution gradient. However,
there is currently a limited amount of research focused on directly estimating the vertical distribution
patterns of maize LAI from images. Designing an appropriate unmanned aerial vehicle (UAV) detection
scheme can contribute to improving the accuracy of maize LAI estimation. Thus different maize varieties,
and density and disease were used, and sowing experiments were carried out in the field to collect data on
the vertical distribution of maize LAI. UAVs equipped with RGB, multi-spectral ( MS), and thermal
infrared (TIR) cameras were used to capture visible, multi-spectral, and thermal infrared images. Seven
sets of UAV image data were collected during the reproductive growth stage of maize. To validate the
effects of different UAV flight altitudes and solar zenith angles on maize LAI estimation, two completely
controlled experiments with different flight altitudes were conducted, resulting in a total of 10 sets of UAV
image data. Additionally, UAV image data were collected at each hour from 08 .00 to 18:00 on a single
day, resulting in 11 sets of image data, to discuss the robustness of the maize LAI estimation model under

different flight experiments. A multi-source remote sensing image dataset was constructed to provide
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image feature variables highly correlated with maize LAI. Eight texture information categories were
generated based on gray-level co-occurrence matrix from the original image texture features. In the end,
51, 43, and 9 image features were obtained from RGB, MS, and TIR image data sources, respectively.

Seven machine learning models, including GBDT, LightGBM, MLPR, PLSR, RFR, SVR,

XGBoost, were selected to estimate the vertical distribution of maize LAI. These models were applied to

and

estimate LAI vertical distribution data at different maize growth stages. Two models with the strongest
robustness were selected to verify the optimal observation time and flight altitude under different drone
flight heights and sun elevation angles. The research results showed that during the reproductive growth
stage of maize, the best single growth period for estimating maize LAI was the tasseling period. The
MLPR model had R® of 0.91 and rRMSE of 5.1% for LAI estimation. At the same time, the LAI
estimation accuracy obtained during the maize maturation period was the worst, with R* of 0.8 and
rRMSE of 11. 01% . As the measurement height of maize LAl was increased, the accuracy trend differred
from that at the bottom, showing a trend of first decreasing and then increasing. Based on the experiments
conducted involving different flight and solar altitude angles, it was concluded that lower flight altitudes of
UAVs led to higher accuracy in estimating maize LAI. Specifically, at a flight altitude of 30 m, the
MLPR model achieved an accuracy of R* of 0.73 and RMSE of 10.97% . Additionally, the highest
accuracy in maize LAI observation was achieved when observations were conducted at 09 :00 and 10 .00
in the morning. The use of UAV remote sensing technology, combined with multi-source image data,
enabled accurate observation of the vertical distribution of LAI in maize canopies. This approach enabled
a precise understanding of the spatial distribution of maize LAI at different heights, and provided timely
information on the health status of functional leaves. The acquired data can be used to adjust field
management measures accordingly. Furthermore, experts in maize breeding can use this technology to
identify differences between maize varieties and select specific cultivars, which had significant practical
implications.

Key words: maize; leaf area index; UAV multi-source remote sensing; vertical distribution; flight test
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B AEAE B AR % RFR,R* 7 0. 64 ,tRMSE 4 7. 09% ;
[ ¢ 39) 5 A A B A5 9 MLPR,R* 9 0. 77 ,rRMSE &y
8. 63% ; Wi Y] fi AE A4 54 8 MLPR, R* 2 0. 80,
tRMSE 4 11.01% . K84 F W) LAL 50K B B
1R EORFHERA 7 A BL A 24 2 #5587 1 RMSE Sh
0.16,rRMSE ¥ 7.38% ,MAE 3} 0. 13, 7£ F K i 2
I AT Ak B 55 L SRS BEAE TR A W R 2
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Tab.2 Results of correlation between image variables and LAI growth periods of maize
LIPS
o 8A3H 8 H 10 H 8 H 17 H 8 A 24 H 8 31 H 98 H 9H15H 2T
HoHE
NIR
1 R Mean (MS) R Mean (MS) NIR Entropy R Mean (MS) R Mean (MS) R Mean (MS) NIR Entropy
Homogeneity
R Entropy NIR
2 RGBVI G Variance G Variance ExGR RE Mean NIR Entropy
(MS) Homogeneity
R Homogeneity R Second NIR
3 GLIL G Contrast G Contrast MGRVI ExGR
(MS) Moment (MS)  Dissimilarity
R Variance R Variance R Correlation
4 g B Contrast NDI R Mean (MS) COM
(RGB) (MS) (MS)
R Contrast R Second R Entropy
5 ExG B Variance GRVI ExGR GLI
(RGB) Moment (MS) (MS)
R Dissimilarity R Contrast R Variance NIR Second
6 B Variance RE Mean VARI CIVE
(MS) (RGB) (MS) Moment
R Variance NIR Second R Dissimilarity
7 RE Mean ExR MGRVI VARI ExG
(RGB) Moment (MS)
R Variance R Contrast
8 RE Mean B Contrast COM VARI COM g
(MS) (MS)
NIR
9 CIVE G Dissimilarity R (RGB) GRRI GRVI GRVI VEG
Homogeneity
R Contrast R Correlation R Mean R Mean
10 G Dissimilarity NDI MGRVI RGBVI
(MS) (MS) (RGB) (RGB)
T %k RGB I MS w1 A TS B AT X 43, A8 1 5 88 (RGB) S ml DGR IR, (MS) 2 25615 4 a8
x3 EXREBTHLAIGESER
Tab.3 Estimated results of maize LAI in single growth period
LAT FH ] W . FoK LA A I 51
L 45 bR - T {E
H PLSR RFR SVR MLPR GBDT LightGBM XGBoost
R? 0.71 0.45 0.72 0.91 0. 87 0.63 0.73 0.72
8 A3 0 CHE) RMSE 0.18 0.17 0.18 0.11 0.16 0.18 0.17 0.16
: e §
rRMSE/ % 8.01 7.43 7.88 5.10 7.33 8.13 7.76 7.38
MAE 0.15 0.12 0.14 0.09 0.13 0.15 0.14 0.13
R? 0.72 0.78 0.83 0. 81 0. 64 0.52 0.82 0.73
RMSE 0.16 0.14 0.16 0.16 0.15 0.24 0.16 0.17
8 H 10 H (nk224)
rRMSE/ % 9.50 8.18 9.56 9.10 8.77 14.02 9.14 9.75
MAE 0.14 0.11 0.13 0.14 0.12 0.20 0.13 0.14
R? 0.49 0.76 0. 64 0.84 0. 64 0.47 0.32 0.59
8 H 17 H (KR o) RMSE 0.21 0.18 0.19 0.16 0.19 0.20 0.19 0.19
/. 7
\ rRMSE/ % 9.20 7.78 8.46 7.21 8.30 8.89 8.43 8.32
MAE 0.18 0.14 0.17 0.13 0.16 0.14 0.16 0.15
R? 0.76 0. 82 0.82 0.68 0.75 0.59 0.77 0.74
o RMSE 0.25 0.15 0.20 0.18 0.19 0.22 0.21 0.20
8 24 H(FL#)
rRMSE/ % 10. 15 6.18 8. 14 7.47 7.99 9.04 8.46 8.20
MAE 0.21 0.12 0.16 0.15 0.15 0.19 0.16 0.16
R? 0.75 0. 64 0.90 0. 86 0.77 0.47 0.75 0.73
. RMSE 0.21 0.16 0.18 0.20 0.20 0.22 0.21 0.20
8 A 31 H (SE)
rRMSE/ % 9.26 7.09 7.76 8.43 8.47 9.47 8.85 8.48
MAE 0.19 0.14 0.15 0.16 0.16 0.18 0.18 0.17
R? 0.70 0. 42 0.69 0.77 0. 81 0. 64 0.67 0.67
RMSE 0.19 0.17 0.17 0.16 0.18 0.20 0.21 0.18
9 7 8 H (MpaH)
rRMSE/ % 9.97 8.92 8.80 8.63 9.65 10. 85 10. 94 9.68
MAE 0.16 0.14 0.12 0.12 0.15 0.16 0.17 0.15
R? 0.55 0. 65 0.54 0. 80 0.62 0.58 0.57 0. 62
- RMSE 0.21 0.21 0.21 0.20 0.23 0.22 0.22 0.21
9 A 15 H (B2
rRMSE/ % 11.93 11.65 11.76 11.01 12.79 12.02 11.95 11.87
MAE 0.17 0.17 0.17 0.16 0.19 0.19 0.17 0.17
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7 ASHL 2% 2% 3] 45 1 SE- 25 RMSE S 0. 21, 5% tRMSE
1 11.87% , - MAE 4 0. 17,

BN 27 2 BRI K 4 A B W A I A R
(% 4) W%, RFR BRI F W & IF,R* 9 0. 67 ,rRMSE
F11.31% o SHAET S RAL,MLPR E24F
WS T 5 RFR I A [ 455 80K 3, R

0.79 ,yRMSE 4 11.42% , 3% % W 1F T K ¥4 7 )
44 F W MLPR F1 RFR 5% %5 HL A5 5 08 ) &
BV, EREEA AT WA, LightGBM 5 R & 4
B 2% , ' RMSE 4 16.57% . W45 H &, WL a2
BEAA] LLAE KoK 2 4 F 0 XF LAT 347 A 2L
fli 55

R4 EXLEBTHLAIGRESER
Tab.4 Estimated results of maize LAI during whole growth period

TR I T BURE B A B A

i BE A bR

PLSR RFR SVR MLPR GBDT LightGBM XGBoost
R? 0. 64 0. 67 0.63 0.79 0. 49 0.58 0.61
RMSE 0.28 0.20 0.27 0.21 0.22 0. 30 0.26
rRMSE/ % 15. 61 11. 31 15.23 11.42 12.07 16. 57 14. 67
MAE 0.22 0.16 0.22 0.16 0.18 0.25 0.21

Tk LAL ZE {3 R G4 R K 6 iR (LAT -
1 ~LAI-5), LAI-1 & LAI-5 EX AT HEMDE
R SRS B2 430 Ry - LAT — 1 S fifi i 19 MLPR A
% Rk 0.91, rRMSE 5. 1% ; LA — 2 Jy it 38 3
MLPR #5%#  R* 5 0. 92 ,rRMSE 3} 8.52% ; LAl -3 3}
ko R W RFR B8, R 4 0.7, rRMSE %y
12.64% ; LAL —4 Jy I 248 GBDT #EH, R* 2 0. 72,
RMSE ¥y 14.94% ; LAI — 5 3L 2] RFR % R®
0.3, rRMSE 4 19.25% , #5881 T 16 £ K AR
o LAT Ak 50 25 S A B8 (R RS e M, TR Ir A B ok A
BT 45 LAL 3 120 A Fe o Pk B 7 A B AL - LAT — 1
> MLPR #i #1 rRMSE 3 8.13% ; LAl — 2 fy
XGBoost 5% rRMSE 5 12.98% ; LAI -3  RFR #
7 rRMSE 4 16.35% ;LAI—4 & RFR #i%  rRMSE
7 20.39% ; LAI — 5 & RFR # %1, rRMSE

=
PLSR
RFR

08-03 08-100¢ 4 08-31 09-08 09-15

PLSR
RFR
SVR
MLPR

B rRMSE/%
!J

Ik
IAJ

LA

=
W

08-03 08-10 08-17 08-
W, d
(d) LAI-4

08-31 09-08 09-15

PLSR

RER
SVR

MLPR

Bl 6 K44 0 LAT 5 21 45 A b Ak 00 435

23.87% ., RFR BLAVA K T HAWA A XS T 5 )2 1 #8
3 2 LAL AR5 HAT B0 i R e, it oK el |2 3 2
J2 LAI {5 MLPR 1 XGBoost #5170 f2 5 ¥ 1 4
2.3 AAYITEEMAMESER LAIHELER
ET LR R, A5 RH T RFR Al
MLPR 2 4~ LAT 53R AI%F 9 H 17 H(FR5)fM9 A
18 H (3£ 6) AW ®AT /&5 B F0AS [6) K BH w5 B2 £ B R
1 RGB F1 MS Jo AWML AR AT B ik, [8] B #8457
BRI G, 9 H 17 HEEAT T 2 W KAT & Xt
R ( B VR4 5 A RAT4R K, 3t 10 34k
#t) . RFR 5 MLPR #iAI7E |47 AR 47 6 A B ©AT
155 B 30 m B ALl 50K B e i o Hovb, RFR A7
E9 H 17 H b7 A7 B 30 m BF 13 3 | e fE 45
H R 0.66,rRMSE 4 12.02% ,MLPR 7£ 9 H 17
H T 4F AT B 30 m B 75 2 45 A LAL A 345 51 R
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SVR
MLPR

GBDT

GBDT
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Fig.6 Estimation results of LAI vertical distribution model at different growth stages of maize
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Tab.5 Estimation results of maize LAI at different flying altitudes

_ A RFR MLPR
Sl m R? RMSE rRMSE/ % MAE R? RMSE rRMSE/ % MAE
30 0. 66 0.28 12.02 0.24 0.71 0.25 11.02 0.21
50 0. 66 0.30 13. 19 0.24 0.58 0.31 13.43 0.23
9H 17 H L% 70 0.71 0.28 12.32 0.24 0.72 0.30 12.99 0.23
90 0.50 0.34 14. 94 0.26 0. 66 0.27 11.95 0.22
120 0.51 0.33 14.33 0.29 0.61 0.3 12. 85 0.23
30 0.69 0.29 12. 63 0.24 0.73 0.25 10. 97 0.21
50 0.61 0.30 13.09 0.24 0.46 0.35 15. 06 0.27
IA1THTH 70 0. 60 0.31 13.27 0.24 0.55 0.31 13.45 0.26
90 0.61 0.30 13.11 0.23 0.75 0.28 12.30 0.23
120 0.65 0.31 13.54 0.26 0.61 0.30 12. 88 0.24

R6 FRAMAESEATERLAIGEER
Tab.6 Maize LAI estimation results under different solar height angles

R BH = B A/ o RFR MLPR
(°) AT R? RMSE tRMSE/ % MAE R? RMSE tRMSE/ % MAE
24.53 08:00 0.57 0.31 13.54 0.26 0.55 0.32 13.82 0.28
35.18 09:00 0. 69 0.27 11.75 0.22 0.62 0.29 12. 46 0.23
45.38 10:00 0. 66 0.31 13.31 0.25 0.63 0.28 12. 05 0.22
53.04 11.00 0.47 0.34 14.92 0.28 0. 64 0.28 12.34 0.24
56.52 12.00 0.47 0.33 14. 56 0.26 0.52 0.32 13.89 0.25
54.28 13.00 0. 60 0.33 14. 38 0.27 0.58 0.34 14.75 0.25
47. 69 1400 0.67 0.35 14.98 0.24 0.56 0.35 15.01 0.28
37.62 15.00 0.42 0.38 16.42 0.31 0. 60 0.34 14.57 0.25
26.39 16:00 0.43 0.36 15. 48 0.29 0. 47 0.33 14.23 0.25
15. 66 1700 0.57 0.34 15.00 0.28 0.56 0.28 12.35 0.23
4.67 1800 0. 60 0.27 11.95 0.22 0.49 0.34 14. 62 0.26

7 0.73 ,rRMSE 4 10.97% .,

RFR #1 MLPR >k LAI {58 R ¥ B e B
AT TC N ML 38 B 18 Ak B LAT BRS04 o
RFR 7£ 09: 00 M} 4K B 7 5 £ 45 £, R* 2}y 0.69,
rRMSE 4 11.75% ., MLPR 7£ 10:00 83| T % 45
R 0.63,rRMSE 5 12.05% .
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Fig.7 Maize leaf damage under different disease levels
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Fig.8 Average estimation results of maize vertical

distribution in each growth period
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Fig. 10 UAV image data collection time and sun

altitude angle
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