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Monitoring Leaf Chlorophyll Content of Winter Wheat Based on Multispectral
Imagery and Canopy Morphology Derived from Unmanned Aerial Vehicles

WANG Wenhui, TIAN Chao, LU Shengquan, AN Yueying, WANG Xiaoqi,

ZHAO Songyang, YUAN Shenghua
(Langfang Normal University, Langfang, Hebei 0650000, China)

Abstract:In order to clarify the impact of coupling canopy morphology with other modal information
on estimating winter wheat leaf chlorophyll content(LLCC), two wheat varieties, Shinong 086 and He-
mai 2020 were used as materials. Four nitrogen application levels(0, 120, 240, and 360 kg » hm *)
were set up in fields. This study used a low-altitude unmanned aerial vehicle(UAV) remote sensing
platform equipped with a multispectral camera to obtain spectral data of winter wheat at key growth
stages. The canopy morphology effect was calculated in combination with the digital elevation model
(DEM), and Random Forest Regression(RF), Categorical Boosting(Catboost), and eXtreme Gradi-
ent Boosting(XGBoost) were applied to analyze the contribution of spectral information, index infor-
mation, and canopy morphology information, among other multi-modal data, to the monitoring of
LCC in winter wheat. The results showed that compared with spectral and vegetation index features,
canopy morphology could improve the monitoring accuracy of LCC(r*=0. 66), and the importance of
DEM was superior to that of slope. Among the three machine learning algorithms, the LCC model

constructed by Catboost could achieve high monitoring accuracy both in the case of single feature and
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multi-source feature coupling, especially when a single canopy morphology feature was used as the in-

put variable. Multi-source feature coupling does not improve the monitoring accuracy of LCC, but the

coupling of other features with canopy morphology features can improve the monitoring accuracy to a

certain extent.

Keywords: Unmanned aerial vehicle remote sensing system; Winter wheat; Leaf chlorophyll content;

Canopy morphology; Multi-modal data
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Fig. 1 Location map of study area and field experimental design
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Table 1 Vegetation indices applied in this study

B8 Vegetation index

A Formula 2 2% Wk Reference

5 — K A8 #3880 Normalized vegetation index (NDVI)

L0 ) — 4k T P ML 85 F8 2L Green normalized difference vegetation index (GND-
VD

21 (03 2 — AL F5 80 Normalized red edge index (NDRE)

Ak 18 - 38 5 % A 1% 45 %X Optimized soil adjusted vegetation index(OSAVI)

3 H A 8745 BL Soil adjusted vegetation index(SAVI)

2130 A B HE X Red edge ratio vegetation index(Clied cdge)

(Ruir =R e

R T Rot) [14]
% [15]
R 167

s el [17]
1. 5x% [18]
(19)

Riuir R red cdge sRred F R green 2351 /N X HRYITELAN LD VAL SR P BT R

Ruirs Rredcdge » Rreds and R green refer to the reflectance of the near-infrared. red edge, red. and green bands in the plot, respectively.
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Fig.2 Variation of LCC values with different datasets(a), growth stages(b), nitrogen application levels(c) and varieties(d)
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Table 2 Correlation between multi-
source features and LCC

EER (1 LD LB 54
Feature Indicator Correlation coefficient
i FRAE Rgreen —0.54%"

Spectral feature R. 0,59

R rea —0.47
R red cdge —0.59

HEL B HE HURHAT. NDVI 0.47**
Vege;af}ion ‘index GNDVI 0.53

eature

NDRE 0. 68

OSAVI 0.67"

SAVI 0.54""

Clred cdge 0.68**

2 S AE DEMuin 0.617"

morph%)zliggyp};caturc DEMax 0.817"
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DEM,can 0.81""

DEM.y4 0.40" "

Slopemin 0.37"*

Slopemax 0.41""

Slope ange 0.41""
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* %, P<C0.01.
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Table 3 Accuracy difference of model

construction with siagle feature

FFAE ] ) RMSE/
Feature Model " (pg+cm™?)
SR E XGBoost 0.47 3.57
Spectral . - .
feature RE 0.50 3.47
CatBoost 0.54 3.33
A B T8 B E XGBoost 0.53 3.36
Vegetation index . _ o
feature RE 0. 52 3.39
CatBoost 0.55 3. 30
o JE TSR XGBoost 0.66 2.85
Lanopy .
morphology RF 0.63 2.96
feature CatBoost 0. 66 2.84

*4 WMHBEATEEBENER
Table 4 Accuracy differences model

construction with two features

R AIE 1Y R? RMSE/
Feature Model (pg = cm™2)
Wi+ B RUSE XGBoost 0. 49 3.49
Spectral+ vegetation
index feature RF 0.50 3.45
CatBoost 0. 56 3.24
Sl TR AARE XGBoost  0.59 3.13
Spectral+ canopy . i
morphology feature RF 0. 61 3.04
CatBoost 0. 65 2.94
HIgEHS R+ FE2 T AT XGBoost 0. 64 2.94
Vegetation index+ . _
canopy morphology RF 0. 65 2.88
feature CatBoost 0. 65 2.91

Table 5 Accuracy of model construction with all features

i 2 RMSE/
Model r (pg s cm ?)
XGBoost 0. 60 3.10
RF 0.62 3.03
CatBoost 0. 65 2.92

FRAY B4 RS B2 38 0 F RF #1 XGBoost,

W
W
.

XGBoost
y=0.62x+17.22
2.

(g
Predicted values/(ug * cm™)
S
W

40P
l"‘

35 . . . ,

35 40 45 50 55

WsElE
Measured values/(ug * cm™)
55¢ o
RF ® l/

I y=0.65x+15.49 ‘

] °

Fwm (e
Predicted values/(ug * cm™)
s
w

o
® ®
l”
35k . . s '
35 40 45 50 55
WsEfE
Measured values/(pg * cm™)
55 .
’
Catboost 4

y=0.58x+18.90 ¢

w
(=

N
=

e
Predicted values/(ug * cm™)
~
(%)

W
W
N,

35 40 45 50 55
WsEAE

Measured values/(ug *+ cm™)
B3 AENKBEFIEEINRERIEBEEZR
Fig. 3 Differences in LCC monitoring accuracy

with heterogeneous coupling conditions
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Table 6 Monitoring accuracy of LCC derived from different

growth stages with multi-source feature coupling
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Fig. 4 LCC inversion results from the CatBoost model constructed with multi-source feature coupling at different growth stages
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