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Fig. 1 3D and biomass data acquisition process of maize leaves
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Fig. 2 Processing of maize point cloud data

Vo 1.y 2 00 55421 B £ R IR,
Sl 54 P 3 5 AR BRI T 0 MK T IR 52
S AP, WS X, Y. ZMFAT. LR
R NI o K

Vi 1S, 2 5 2 I BRI R, 5 25
I R B 5 25 1 B/ 2 T TR
FHTH R 1 2545 = A P R e A A G e
LUK AR 40 09 A = T I R LA 5 S
W, AN SRR S AR — I R
FRA M ERGER, WAL (3) R,

mfgﬁwﬁxﬁn (3)

A 4. B, C. D=4z [a) iy pg A4
f5; AB. AC. AD 3 MIA— MR % 5 = AR

A2 AT T S Bt o X RTAT =B T 7 8 T BRK R
Enj":’Shqu

D, F1 D, J2 s 2 H i e B H O 1) e KR S
Mi/NEE, FRESE oM (Arhm) HEMIME,
RBIFLOR AR, ARG THE S = A B B BT
MERICHE S, AR (4) Fim.

Doo/Din = (x, = ) +(y,—¢,) +(z,-¢,) (4)

K x v 2,58 s = S A S x il
y AR Z B AR AR s s ey o, AR R S B 7R
xAlr .y FA 2Bl A AR . B SEHEE AR B B B RO
1) B R B R B /N S

i F MVS Fl Laser 28 B &5 = AL & 18 LA
B, BB BT S IR R, DT 3RERAY 45 5k
AL FER, HIRES R R R 2 . R 1
GI2& T ARG R SR BORY T A oK AR, MVS
1 Laser 28 1) B REAS S I 13 AMRRAE, DT 2RI
B E BRI E 24 N RHE




160 FEAR (FPHESC) Smart Agriculture Vol. 8, No. 1
F1 ERKMFHERE
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Fig. 3 Visualization of maize leaf point cloud data
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Point Cloud Data-driven Methods for Estimating
Maize Leaf Biomass
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Abstract: [Objective] Maize leaf dry biomass is a key trait that reflects plant morphology, growth vigor, and physiological processes in-
cluding photosynthetic production. Its dynamic changes can effectively characterize the growth status of maize. Accurate estimation of
maize leaf dry biomass is crucial for accurately predicting maize yield and informing production management decisions. Extensive re-
search on crop dry biomass estimation indicates that 3D point cloud data characterizing crop morphological structure, along with fea-
tures derived therefrom, exhibit an extremely high correlation with crop dry biomass. However, traditional dry biomass prediction
studies focus primarily on the population canopy scale, and lack effective prediction methods for dry biomass at the plant and organ
scales. Research on non-destructive measurement methods for maize leaf dry biomass, based on 3D point clouds and machine learn-
ing, the demand is conducted to address for rapid acquisition of organ-level dry biomass information in maize cultivation and manage-
ment research. [Methods] Maize leaf point cloud data were acquired using three techniques: Multi-view stereo (MVS), LiDAR scan-
ning, and 3D digitalization (DT). The leaf point clouds underwent preprocessing steps that included plant segmentation, denoising,
mesh refinement, and uniform subsampling. Subsequently, morphological traits were extracted from the processed data, including leaf
length, leaf area, bounding box dimensions, and the number of points contained within the leaf point clouds. Three machine learning
methods: random forest (RF), gradient boosting regression tree (GBRT), and support vector regression (SVR), as well as two deep
learning methods: convolutional neural network (CNN) and fully connected neural network (FCNN), were employed for predicting
maize leaf dry weight. A point cloud-based maize leaf dry biomass prediction model was subsequently developed. This study utilized
the mean squared error reduction method inherent to RF and the cumulative improvement method based on decision tree splits in
GBRT to rank and visualize feature importance for optimal models. The resulting rankings were then visualized. Simultaneously, Pear-
son correlation analysis was used to analyze the correlations of the features from the fused dataset (integrating data from the three de-
vices) as well as those from the DT data with maize leaf dry biomass. [Results and Discussions] The results demonstrated that, among
the dry biomass prediction models developed in this study, the model based on Laser point cloud data and the FCNN method achieved
the highest accuracy, with a mean absolute error (MAE) of 0.08 g, a mean absolute percentage error (MAPE) of 4.60%, a root mean
square error (RMSE) of 0.10 g, and a coefficient of determination (R*) of 0.98. In the correlation analysis, the leaf area exhibited the
strongest correlation with dry biomass ( = 0.92), followed by the number of points (» = 0.88), leaf width (» = 0.86), and leaf length
(r=0.77). In the feature importance ranking, the leaf area trait consistently ranked within the top two positions, whereas the number
of points ranked among the top three in most cases. However, features such as the height of the leaf base above the ground, the hori-
zontal distances from the leaf tip and apex to the stem, and the azimuth angle demonstrated low correlations with dry biomass and low
feature importance. [Conclusions] Among all the maize leaf features investigated in this study, size-related traits (such as leaf area,
point count, leaf length, and leaf width) had the greatest impact on the accuracy of dry biomass estimation. The utilization of high-res-
olution 3D point clouds of maize leaves, combined with machine learning methods, enabled a high-accuracy estimation of leaf dry
weight and provided a novel approach for the non-destructive measurement of dry biomass in crop organs.
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