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Abstract

Leaf Area Index (LAI) is a critical biophysical parameter for characterizing vegetation
canopy structure and function. However, fine-scale LAI estimation remains challenging
due to limitations in spatial resolution and structural detail in traditional remote sensing
data and the insufficiency of single-index models like the LiDAR Penetration Index (LPI) in
capturing canopy complexity. This study proposes a multi-scale LAI estimation approach
integrating high-density UAV-based LiDAR data with LPI and point cloud texture features.
A total of 40 field-sampled plots were used to develop and validate the model. LPI was
computed at three spatial scales (5 m, 10 m, and 15 m) and corrected using a scale-specific
adjustment coefficient (µ). Texture features including roughness and curvature were
extracted and combined with LPI in a multiple linear regression model. Results showed
that µ = 15 provided the optimal LPI correction, with the 10 m scale yielding the best model
performance (R2 = 0.40, RMSE = 0.35). Incorporating texture features moderately improved
estimation accuracy (R2 = 0.49, RMSE = 0.32). The findings confirm that integrating
structural metrics enhances LAI prediction and that spatial scale selection is crucial, with
10 m identified as optimal for this study area. This method offers a practical and scalable
solution for improving LAI retrieval using UAV-based LiDAR in heterogeneous forest
environments.

Keywords: LiDAR; leaf area index; laser penetration index; texture features

1. Introduction
1.1. Ecological Importance of LAI

Amidst the context of global climate change, the Leaf Area Index (LAI), defined as
the one-sided green leaf area per unit of ground surface area, serves as a key biophysical
parameter for quantifying vegetation canopy structure and function, playing a central role
in terrestrial carbon cycling and water regulation [1]. From a remote sensing perspective,
LAI is a quantifiable metric that can be estimated by analyzing spectral reflectance indices
or three-dimensional structural information derived from various sensors. LAI directly
influences photosynthetic efficiency and is a critical determinant of an ecosystem’s carbon
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sequestration capacity. Since 1981, the global increase in LAI has significantly enhanced
terrestrial carbon uptake, contributing substantially to the regulation of the global carbon
cycle [2]. Moreover, the LAI plays an essential role in the hydrological cycle. By regulating
plant transpiration, the LAI affects surface energy partitioning and subsequently governs
the redistribution of surface water. Studies have shown that variations in LAI exert a
strong influence on evapotranspiration and water use efficiency, particularly in grassland
ecosystems [3,4]. Additionally, higher LAI values can enhance ecosystem resilience to
extreme climate events such as droughts, thus improving overall ecosystem stability and
adaptability [5]. Therefore, accurately monitoring and modeling LAI dynamics is of great
scientific and practical importance for understanding and predicting global carbon and
water cycle variations, and for formulating effective climate change mitigation strategies.

1.2. Limitations of Traditional Optical Methods

In the field of remote sensing-based vegetation monitoring, indices such as the Nor-
malized Difference Vegetation Index (NDVI), which is derived from satellite reflectance
data, and remote sensing products like those from the Moderate Resolution Imaging Spec-
troradiometer (MODIS) are widely employed for analyzing vegetation dynamics at global
scales [6]. However, these datasets are limited in terms of spatial resolution and their
capacity to convey detailed structural information, thereby constraining their application in
high-resolution LAI estimation. For instance, although MODIS NDVI products offer high
temporal resolution and global coverage, their maximum spatial resolution is 250 m, which
limits their effectiveness in small-scale, heterogeneous landscapes such as urban green
spaces and fragmented agricultural plots [7]. Furthermore, the NDVI tends to saturate
in densely vegetated regions—once the LAI exceeds approximately 4, its sensitivity to
canopy variation declines sharply [8]. This saturation issue is particularly pronounced in
tropical rainforests and urban parks, where the dense or multilayered canopy structure
often causes the NDVI to plateau despite substantial variation in actual leaf biomass [9,10].
Other vegetation indices, such as the Perpendicular Vegetation Index (PVI), have been pro-
posed to address some of these issues. However, PVI is still influenced by soil reflectance
and requires accurate knowledge of soil line parameters [11]. Similarly, indices like the
Soil-Adjusted Vegetation Index (SAVI) and Enhanced Vegetation Index (EVI) attempt to
compensate for background and atmospheric effects but often introduce complexity and
parameter dependencies, limiting their general applicability in heterogeneous environ-
ments [12].

1.3. Advantages and Challenges of LiDAR

Light Detection and Ranging (LiDAR) technology has emerged as a powerful tool
for characterizing three-dimensional vegetation structure and has enabled the estimation
of key canopy parameters such as tree height, canopy height, and LAI [13–15]. However,
its application is not without limitations. In this study, we employ UAV-based airborne
LiDAR, which, while offering higher flexibility and coverage compared to terrestrial plat-
forms, typically provides lower point density than Terrestrial Laser Scanning (TLS) systems.
This reduced spatial resolution limits its capacity to capture fine-scale leaf architecture,
particularly in dense canopies. Airborne LiDAR often suffers from mixed returns when
laser pulses interact simultaneously with leaves and woody components, making it diffi-
cult to isolate leaf-specific signals, especially in high-LAI environments where structural
complexity further increases signal ambiguity [16]. While TLS can produce high-resolution
point clouds suitable for modeling individual leaf shapes and orientations, airborne LiDAR
struggles with occlusion, leaf overlap, and angular limitations [17]. As a result, airborne
LiDAR may underestimate or generalize critical structural elements needed for precise
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LAI estimation [14]. Despite these challenges, UAV–LiDAR offers a practical compromise
between spatial resolution, area coverage, and operational flexibility, making it a valuable
tool for structural parameter estimation in forest environments.

1.4. Methodological Proposal and Hypothesis

Given the respective strengths and limitations of existing LAI estimation methods, it
is necessary to explore new approaches that integrate multiple features for more robust
LAI retrieval. Currently, remote sensing-based LAI retrieval methods can generally be
categorized into three main types: empirical, physical, and structural approaches [14].
(1) Empirical methods rely on statistical relationships between spectral indices—such as
the NDVI—and ground-measured LAI values. These models are computationally efficient
and widely used in large-scale monitoring; however, they suffer from saturation at high
LAI levels and are sensitive to soil background and atmospheric conditions, limiting their
accuracy in complex environments [18]. (2) Physical models, such as PROSAIL, simulate
the radiative transfer processes within the canopy to retrieve biophysical parameters,
including LAI [19]. These models are grounded in canopy–light interaction theory and
are capable of generalizing across vegetation types. However, they often require complex
parameterization, detailed knowledge of canopy optical properties, and high computational
cost. Moreover, PROSAIL and similar models are more suitable for interpreting spectral
reflectance than handling structural point cloud data derived from LiDAR, and thus were
not selected for this study. (3) Structural approaches—primarily using LiDAR data—derive
LAI from three-dimensional canopy information. Among these, the LiDAR Penetration
Index (LPI) and Gap Fraction (GF) methods are commonly applied. LPI estimates LAI based
on the proportion of laser pulses reaching the ground, providing a simple metric for canopy
openness. However, LPI may saturate in dense forests, reducing its accuracy [20]. GF-based
methods, which use the Beer–Lambert law to estimate LAI from canopy transmittance,
account for light scattering and spatial leaf distribution but require high-resolution LiDAR
data with sufficient point density [21].

In recent years, texture features derived from point cloud data—representing higher-
order geometric attributes of LiDAR—have gained significant attention in vegetation
structural analysis. These features capture local spatial patterns and can effectively describe
fine-scale canopy variations, such as leaf arrangement, branch curvature, and internal
canopy aggregation [22]. For example, normal vector variance extracted using voxel-based
methods can quantify vertical stratification of leaf angle distributions within the canopy,
enhancing the interpretation of complex canopy geometry [23]. Moreover, intensity-based
texture features correlate with leaf reflectance properties and physiological conditions,
providing key information for distinguishing photosynthetic and non-photosynthetic com-
ponents. These advantages have demonstrated high potential for accurate LAI estimation
at individual-tree or small-plot scales [22]. However, using texture features alone in LAI
modeling has notable limitations: their statistical outcomes are highly scale sensitive and
depend on voxel size and point density, with optimal settings varying by vegetation type,
limiting general applicability [24]. Therefore, integrating LPI and texture features repre-
sents an innovative approach to bridging physical modeling and structural characterization.
While the LPI provides a physically consistent measure of canopy light transmission based
on gap theory, texture features incorporated as linear explanatory variables in multivariate
models can compensate for LPI’s limitations in capturing horizontal heterogeneity [24].

This study aims to develop an adaptive and accurate LAI estimation model by integrat-
ing LiDAR-derived LPI with texture features. Specifically, the research objectives are (1) to
enhance existing empirical LPI-based LAI models by introducing texture features derived
from LiDAR point clouds, and to assess their contribution to improving LAI estimation
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accuracy under a multi-feature framework; and (2) to build a multi-scale LiDAR point cloud
dataset centered on field-measured LAI plots, systematically evaluate the performance of
LPI and combined texture features across different spatial scales, and identify the optimal
observation scale suitable for fine-scale LAI estimation using UAV-based platforms.

We hypothesize that integrating point cloud texture features with LPI will significantly
improve LAI estimation accuracy compared to using LPI alone, and that the optimal spatial
scale for LPI correction corresponds to the average canopy height of the study site. Prelimi-
nary field surveys indicated a mean canopy height of approximately 12 m; accordingly, we
selected three observation scales—5 m (~0.4 × mean height), 10 m (~0.8 × mean height),
and 15 m (~1.2 × mean height)—to capture scale-dependent variations in structural and
texture metrics [25]. This study contributes a novel approach that integrates structural and
texture features from UAV–LiDAR data to enhance LAI estimation. By incorporating a
scale-specific correction coefficient for LPI, it effectively addresses the challenge of scale
sensitivity. The proposed framework enables accurate and scalable LAI retrieval in complex
forest environments, supporting more effective UAV-based ecological applications.

2. Materials and Methods
2.1. Study Area

This study was conducted in the Shishou National Poplar Breeding Base, located
in Nannianyuan, Shishou City, Hubei Province, China (112◦25′ E, 29◦40′ N). The base is
affiliated with the Shishou Poplar Research Institute of the Hubei Academy of Forestry and
was officially approved by the State Forestry Administration in February 2012. The total
area of the base is 300 hectares, of which 5 hectares were selected for data collection.

As shown in Figure 1, the study area comprises two regions measuring 60 m × 260 m
and 170 m × 400 m, encompassing a total of 120 plots, each 20 m × 20 m in size. The terrain
is flat, and the forest stand is a pure plantation of Populus deltoides Marshall, with an average
tree height exceeding 20 m and a mean tree age of approximately 12 years. The canopy
structure is vertically simple, lacking stratification, with no shrub layer and only sparse
herbaceous ground vegetation. These characteristics create a relatively homogeneous forest
environment, which facilitates the development and validation of LAI estimation models
based on structural and texture features while minimizing the influence of complex canopy
layering or dense understory vegetation.

Figure 1. Study area.
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The area experiences a subtropical monsoon climate, characterized by abundant solar
radiation, ample heat, and a long frost-free period. The annual average temperature ranges
from 15.9 ◦C to 16.6 ◦C, with annual precipitation typically between 1100 and 1300 mm.

The spatial reference system used for geographic data and mapping is the WGS 1984
UTM Zone 49N (Figure 1).

2.2. Data Collection

Field-measured LAI data were obtained using the LP-80 Plant Canopy Analyzer
(METER Group, Inc., Pullman, WA, USA). The probe of the LP-80 is equipped with
80 PAR (Photosynthetically Active Radiation) sensors (METER Group, Inc., Pullman, WA,
USA) spaced at 1 cm intervals, which record changes in ambient PAR. After inputting the
geographic coordinates and local time, the device automatically calculates the solar zenith
angle. Based on the measured PAR values above and below the canopy and predefined
leaf angle distribution parameters, the device computes the LAI.

All LAI measurements were conducted between 09:00 and 11:30 a.m. on clear, cloud-
free days to minimize the effects of diffuse light and to ensure consistent solar zenith angles
across plots. Measurements were taken under uniform lighting conditions with no direct
sunlight entering the sensor’s field of view. The LP-80 was configured in the standard
broadleaf mode, and measurements were taken at breast height (approximately 1.3 m
above ground). At each sample point, three readings were acquired in close proximity and
averaged to obtain the final LAI value. The geographic coordinates of each sampling point
were also recorded using a handheld GPS. In total, LAI data were collected from 40 sample
points (Figure 1). The plots were primarily distributed in the central part of the study area
to minimize edge effects, such as proximity to roads, and to reduce measurement errors
caused by canopy gaps or directional scattering.

UAV-based LiDAR data were acquired using the DJI M300 RTK (SZ DJI Technology
Co., Ltd., Shenzhen, Guangdong, China) drone equipped with a DJI Zenmuse L1 (SZ
DJI Technology Co., Ltd., Shenzhen, Guangdong, China) LiDAR sensor, which integrates
a visible-light RGB camera for simultaneous orthophoto capture. Flight planning and
execution were carried out using DJI Pilot software (v9.0.5.5). To ensure sufficient point
cloud density and comprehensive canopy coverage, flights were performed at an altitude
of 50 m using a cross-shaped flight path with both nadir and oblique scanning angles.
The UAV maintained a flight speed of 5 m/s with a side overlap of 70%, capturing up
to three return echoes per laser pulse. Data acquisition was conducted under calm and
clear weather conditions. The resulting point cloud achieved a density of approximately
4500 points per square meter. Simultaneously, high-resolution RGB orthophotos of the
study area were generated using the onboard camera.

2.3. Calculation of LiDAR Penetration Index Based on Return Echoes

To determine the optimal spatial scale for LAI estimation in the study area, three
sampling radii—5 m, 10 m, and 15 m—were applied to the processed LiDAR data, centered
on the coordinates of the field-measured LAI plots. A height threshold of 1 m was applied
to classify LiDAR points: returns below this threshold were considered ground or low
vegetation, while those above were classified as canopy points (Figure 2). This threshold
was determined based on field observations and analysis of LiDAR point cloud struc-
ture, where all vegetation above 1 m consisted of overstory trees, and herbaceous layers
were predominantly below 1 m. Point classification was performed using CloudCompare
(v2.13.2).
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Figure 2. Classification of LiDAR returns.

For each sampling scale, the LiDAR Penetration Index (LPI) was calculated for every
sample plot using Equation (1). The LPI is defined as the ratio of ground-classified returns
to the total number of returns [14]. In this context, LPI quantifies canopy openness. Ng

represents the number of ground or low-vegetation returns (below 1 m), and Nv represents
canopy returns (above 1 m).

LPI =
Ng

Ng + Nv
(1)

2.4. Calculation of Point Cloud Texture Features

In point cloud data analysis, texture features are used to characterize the micro-scale
geometric variations of surface structures and are widely applied in vegetation structure
assessment, terrain modeling, and object recognition [26]. In this study, three texture
features—roughness, curvature, and density—were computed based on tree-classified
LiDAR points. All computations were performed using Python 3.9 and the Open3D 0.17.0
library, which offers efficient tools for 3D point cloud manipulation, KDTree search, and
normal estimation [14].

2.4.1. Roughness

Roughness describes the irregularity of the surface and is typically inferred from
normal vector fluctuations. Normal vectors were estimated using a hybrid KDTree method
with a fixed neighborhood search radius of 0.1 m and maximum of 30 neighbors. For
each point, the standard deviation of the estimated normals in its local neighborhood was
calculated. The global roughness was expressed as the average of these local roughness
values across all vegetation points [27]. This feature effectively reflects small-scale canopy
surface undulations and has proven useful in vegetation structural analysis [28]. The
roughness (R) is expressed as

R =
1
N

N

∑
i=1

σ(ni) (2)

where R is the average roughness of the entire point cloud, N is the total number of points,
ni ∈ R3 is the normal vector at point i, and σ (ni) represents the standard deviation of
normals in the neighborhood of point i, computed within a fixed radius r.
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2.4.2. Curvature

Curvature describes the degree of local geometric deformation of the surface and
indicates the extent of bending. In this study, curvature was computed to quantify local ge-
ometric bending and structure sharpness. Following the same normal estimation procedure
(0.1 m radius, max 30 neighbors), curvature was calculated as the Euclidean norm of the
spatial gradient of the normal vectors [29]. Larger curvature values typically correspond
to areas with sharp structural changes such as canopy edges or dense foliage regions [30].
The curvature C is expressed as

C =
1
N

N

∑
i=1

∥∇ni∥2 (3)

where C is the average curvature, ∇ni is the spatial gradient of the normal vector at point i,
and ∥·∥2 denotes the Euclidean norm.

2.4.3. Density

Density reflects the degree of point aggregation within a given spatial volume and is
an important indicator of point cloud completeness. Point cloud density was measured by
counting the number of neighbors within a fixed radius of 0.1 m around each point, using
a KDTree radius search. For each vegetation point, the number of neighbors found was
recorded and the global density was calculated as their mean [31]. The density D is defined
as

D =
1
N

N

∑
i=1

ki (4)

where D is the average point cloud density, ki is the number of points within a radius r
centered at point i, and N is the total number of points in the dataset.

2.5. Multivariate Linear Regression Model for LAI Estimation Integrating Texture Features and
LPI

Indirect estimation of LAI is commonly based on the Beer–Lambert law, which models
canopy gap fraction as an exponential function of LAI Equation (3) [32]. In this formulation,
LAI represents the leaf area index, I denotes the light transmitted through the canopy, I0

is the incident light above the canopy, and k is the extinction coefficient, which depends
on leaf angle distribution and the direction of incoming radiation. When k is known, the
LPI reflects the fraction of LiDAR pulses that reach the ground, analogous to the optical
gap fraction (I/I0) used in the Beer–Lambert formulation. Several studies have supported
the substitution of LiDAR-based metrics for optical gap fraction due to the comparable
canopy penetration behavior of near-infrared laser pulses and diffuse sunlight. Therefore,
LPI can serve as a structural proxy for canopy openness under the Beer–Lambert model
framework, and LAI can be calculated from the ratio I/I0, which essentially corresponds to
the canopy gap fraction [14]:

I = I0·e−k·LAI (5)

Recent studies have shown that the inclusion of structural or texture features can
significantly improve the accuracy of biophysical parameter estimation [33]. Therefore, in
this study, structural texture features are introduced as empirical variables to correct the
LPI-based estimation of LAI, compensating for LPI’s limited ability to capture complex
canopy structures. Integrating such features within a statistical modeling framework has
been demonstrated to be both logical and effective [34,35]. By incorporating the three point
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cloud texture features—roughness (R), curvature (C), and density (D)—Equation (3) can be
reformulated as

I = I0·e−k1·LAI−k2·R−k3·C−k4·D (6)

Substituting the canopy gap fraction with LPI and introducing an intercept term, the
empirical expression for estimating LAI from LPI and texture features becomes

LAIi = − 1
k

ln(LPIi) + c·R + d·C + e·D + b (7)

where LAIi is the LAI at the i-th sampling point, LPIi is the LiDAR-derived gap fraction at
the same location, c, d, and e are the regression coefficients for roughness, curvature, and
density, respectively, and b is the intercept term.

Prior to model fitting, all independent variables were tested for potential multi-
collinearity. To detect redundancy and interdependence among predictors, the Variance
Inflation Factor (VIF) was calculated for each variable (LPI, R, C, and D). A VIF value
greater than 5 typically indicates moderate to severe multicollinearity.

Since differences in the spectral properties of background and vegetation can introduce
bias between the LPI and true canopy gap fraction—and this discrepancy increases as
spectral contrast becomes greater. Previous studies have proposed a calibration method for
LPI Equation (6). The adjusted LPI (LPIadj) can be calculated using one of three approaches:
(1) deriving the correction factor µ from ground-based or hyperspectral remote sensing
data [36,37]; (2) empirically testing a range of µ values to identify the one that yields the
highest coefficient of determination (R2) between predicted and observed LAI [38]; or (3)
estimating µ from LiDAR return intensity [39]. As spectral data were unavailable in this
study and return intensity could not reliably isolate spectral effects, the second method
was adopted to determine the optimal µ.

LPIadj =
LPI

µ+ (1 + µ)LPI
(8)

3. Results
3.1. Optimal Adjustment Coefficient for LPI

To enhance the correlation between the LiDAR Penetration Index (LPI) and the Leaf
Area Index (LAI), an adjustment coefficient µ was introduced to calibrate the original LPI
values. The coefficient was varied incrementally from 0 to 30 with a step size of 1. Figure 3
illustrates the variation of the coefficient of determination (R2) and Root Mean Square Error
(RMSE) for LAI regression models using LPI alone at three spatial scales (buffer radii of
5 m, 10 m, and 15 m) under different values of µ.

As shown in the figure, the R2 values at all three spatial scales initially increased with
rising µ, followed by a rapid plateauing trend. This indicates that appropriate adjustment
can significantly enhance the correlation between the penetration index and observed LAI.
For example, at the 10 m buffer radius, R2 improved from 0.3953 (unadjusted) to 0.4031
when µ = 15; beyond this point, further increases in µ yielded only marginal improvement,
reaching 0.4034, suggesting diminishing returns. Similarly, RMSE decreased rapidly with
small increases in µ but also plateaued at higher values. Considering both performance
gain and parameter simplicity, µ = 15 was ultimately selected as the optimal adjustment
coefficient. This value achieves near-maximum model performance across spatial scales
while avoiding potential overfitting or dilution of physical interpretability.
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Figure 3. Relationship between LAI estimation accuracy, adjustment coefficient µ, and model
performance (R2 and RMSE) across spatial scales.

3.2. LAI Estimation Accuracy Using LPI at Different Spatial Scales

To evaluate the effect of spatial scale, circular extraction windows with radii of 5 m,
10 m, and 15 m were used to extract LiDAR point cloud data. LPI was calculated for each
spatial scale and regressed against 40 ground-measured LAI samples. Table 1 summarizes
the performance of the LAI estimation models based on LPI at the three scales.

Table 1. Accuracy of LAI estimation using LPI at different spatial scales.

Radius 5 m 10 m 15 m

R2 0.3194 0.3953 0.2995
adjusted R2 0.3278 0.4030 0.3070

RMSE 0.3674 0.3463 0.3730
Shapiro–Wilk (p) 0.0135 0.0250 0.0432

Kruskal–Wallis (p) 0.0025
Breusch–Pagan (p) 0.1535 0.1825 0.1256

From Table 1, it can be concluded that a 10 m extraction radius yields the best per-
formance for LAI estimation in the study area. The highest accuracy was achieved using
the echo-based LPI model at this scale (R2 = 0.40, RMSE = 0.35). After adjustment, the
logarithmic transformation of LPI, i.e., −ln(LPI), showed strong correlation with observed
LAI (R2 > 0.4), as shown in Figure 4.

Figure 4. Regression between measured LAI and −ln(LPI) at three spatial scales: 5 m (a), 10 m (b),
and 15 m (c).
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To further evaluate whether the observed differences in model performance across
scales were statistically significant, we conducted a Kruskal–Wallis H test on the residual
errors due to the non-normal distribution of residuals (Shapiro–Wilk test, p < 0.05). Results
showed a statistically significant difference in model accuracy across spatial scales (p < 0.01),
with the 10 m scale outperforming the others. In addition, we assessed whether the
assumption of linearity and homoscedasticity between observed LAI and −ln(LPI) held
true using residual scatterplots and Breusch–Pagan tests. The residuals exhibited no strong
heteroscedasticity (p > 0.05), supporting the suitability of the linear model structure across
all scales.

3.3. LAI Estimation Incorporating Texture Features

A multivariate regression model was constructed using the optimally adjusted LPI
(µ = 15) and point cloud-derived texture features. The model used field-measured LAI
as the dependent variable, with −ln(LPI), roughness (R), curvature (C), and density (D)
as predictors. Table 2 presents the regression results before and after the incorporation of
texture features.

Table 2. VIF calculation results (comparison before and after removing density).

Variable VIF (Before Removing Density) VIF (After Removing Density)

LPI 1.33 1.18
Roughness 1.44 1.16
Curvature 28.48 1.34

Density 28.05 -

As shown in Table 2, the VIF values for LPI_ground_adj_mu_15 and Average Rough-
ness are relatively low, indicating weak multicollinearity between them. However, the VIF
values for Average Curvature and Average Density are higher, particularly for Average
Density, which has a VIF close to 28, suggesting significant multicollinearity with other
variables. According to VIF standards (where values greater than 5 generally indicate mul-
ticollinearity), we decided to remove the density variable from the model. After its removal,
multicollinearity in the model was significantly reduced, and the VIF values became more
reasonable. The removal of density is justified because it was highly correlated with other
variables, contributed weakly to LAI estimation, and its removal did not significantly affect
the model’s explanatory power.

Next, we present the complete regression results, which include coefficients, standard
errors, p-values, RMSE, R2, MAE, and AIC values. These results offer a comprehensive
reflection of the model’s performance.

The regression analysis yielded two predictive models. For LPI alone, the regres-
sion equation is LAIi = − 1

0.8998 ln(LPIi) − 3.0307 (p < 0.01). When incorporating tex-
ture features (roughness and curvature), the multivariate regression equation becomes
LAIi = − 1

0.7458 ln(LPIi) − 1.3409·R − 29.8007·C + 2.2099.
Table 3 presents the regression results for the multivariate model incorporating texture

features. All regression coefficients (k, c, and d) are statistically significant with p-values
< 0.01, indicating strong statistical significance for both the LPI-only model and the mul-
tivariate model with texture features. The multivariate regression model demonstrates
that the combination of LPI, roughness, and curvature provides improved prediction for
LAI. The R2 value of 0.49 suggests that the model explains nearly 50% of the variability in
LAI, compared to the LPI-only model. The RMSE value of 0.32 indicates that the model’s
prediction error is relatively small, while the MAE value of 0.26 further indicates minimal
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prediction bias. The AIC value of 30.68 suggests that the model achieves a reasonable
balance between fitting accuracy and complexity.

Table 3. Regression results.

Coefficient Value p-Value Evaluation Index Value

k 0.7458 <0.01 RMSE 0.32
c −1.3409 <0.01 R2 0.49
d −29.8007 <0.01 MAE 0.26

b (Intercept) 2.2099 / AIC 30.68

Furthermore, we performed a 10-fold cross-validation to assess the generalizability
and robustness of the model. The average R2 and RMSE values from the cross-validation
were 0.47 and 0.33, respectively, which closely align with the model’s performance on the
training set, supporting the stability of the model and its ability to generalize to unseen
data (Figure 5).

Figure 5. Comparison of predicted vs. observed LAI before and after adding texture features:
(a) Fitting results of LAI model predictions versus observations without texture features; (b) fitting
results of LAI model predictions versus observations with texture features. Marker colors represent
LAI value gradients from low (blue) to high (red).

In conclusion, the multivariate regression model incorporating texture features (rough-
ness and curvature) showed improvement in LAI estimation accuracy compared to the
LPI-only approach. All coefficients in both models were statistically significant (p < 0.01),
demonstrating the reliability of the predictive relationships. The cross-validation results
further confirm the model’s robustness and generalizability. Compared to LPI alone, the
model incorporating texture features showed moderate improvement, highlighting the
potential value of texture features in enhancing LAI prediction capabilities.

4. Discussion
4.1. Limitations of LAI Estimation Using LPI

The fundamental principle of the LPI is to estimate canopy gap fraction indirectly by
calculating the ratio of laser returns reaching the ground to the total number of returns,
and then deriving LAI via the Beer–Lambert Law. In this study, although an adjustment
coefficient of µ = 15 was applied to calibrate LPI and the 10 m scale achieved optimal fitting
accuracy, the performance of LPI-based LAI estimation remained moderate. Below are
quantitative limitations observed in our context.
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Despite high point density in UAV-based LiDAR, laser penetration is significantly
constrained in dense forest mid- and upper canopy layers. For instance, in tropical forests
with dense foliage, only 10%–30% of LiDAR pulses typically reach the ground, resulting
in reduced ground return counts and underestimation of gap fraction [40,41]. Moreover,
studies have shown that when canopy density increases, LPI-based gap fraction estimates
can be biased by 10%–20%, and corresponding LAI estimates become inflated by a similar
margin [42]. Point density and scan angle also contribute to precision loss. Quantitative
analyses indicate that below a critical density threshold (e.g., <10 pts/m2 in ALS data),
structural canopy metrics, including gap fraction and LAI, become increasingly unreli-
able [43]. These effects are exacerbated at steep scan angles or high divergence, where
canopy occlusion increases ground return loss. Collectively, these factors explain why LPI
alone struggles in structurally complex or dense canopy environments and underlines the
benefit of integrating additional texture-based features.

4.2. Scientific Justification for Using Texture Features to Enhance LPI-Based LAI Estimation

Among various LiDAR-based LAI estimation methods, the LPI remains a fundamental
structural metric. It effectively reflects canopy gap fraction and exhibits an exponential
decay relationship with the LAI [20]. However, as a single return-based indicator, LPI
does not capture the full structural complexity of multilayered, heterogeneous vegetation
canopies, often leading to reduced estimation accuracy [44]. To enhance model robustness
and predictive power, it is necessary to integrate additional descriptors that characterize
3D canopy structure more comprehensively.

Point cloud texture features derived from 3D LiDAR data provide valuable insights
into the local geometric variations of canopy surfaces. In vegetated areas, roughness
characterizes surface irregularity and is sensitive to the spatial distribution of leaves and leaf
clumping, which directly influences light penetration and LAI [45]. Curvature, representing
the deviation of local surfaces from planarity, has been found to reflect structural properties
such as branch bending and leaf orientation, which relate to canopy complexity and
functional traits [46,47].

Initially, point density was considered as an additional texture feature, serving as a
proxy for local foliage concentration and biomass, which affects both occlusion and laser
return distribution [48]. However, our analysis revealed high multicollinearity between
density and other variables (VIF = 28.05), necessitating its removal from the final model.
This strong correlation can be attributed to the inherent relationship between point density
and canopy structural properties: dense canopies naturally generate more LiDAR returns
due to increased surface area and multiple scattering events, creating redundancy with
LPI measurements [49]. Additionally, point density is often correlated with surface rough-
ness in vegetation canopies, as structurally complex areas tend to produce higher return
densities [50].

The final model incorporating roughness and curvature alongside LPI enables a richer
representation of canopy heterogeneity than a single structural index alone, while avoiding
the statistical complications of multicollinearity. Previous studies that included textural met-
rics such as roughness alongside penetration-based indices have demonstrated improved
performance in vegetation classification and leaf area estimation [43]. The complementary
nature of these features—with LPI capturing vertical structure, roughness characterizing
surface complexity, and curvature reflecting geometric irregularities—provides a more
comprehensive description of canopy architecture without redundant information.

From a statistical modeling perspective, employing a multivariate linear regression
framework to combine LPI with the selected texture features allows LPI to serve as the
core explanatory variable, while roughness and curvature are introduced in a linear form
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to enhance model flexibility and structural adaptability. This approach adheres to the
core principles of optical theory while leveraging orthogonal structural descriptors to
capture canopy heterogeneity, aligning with current trends in LiDAR-based remote sensing
modeling [37].

4.3. Adaptability Analysis of Multi-Scale Modeling Strategy

This study adopted three different spatial scales for analysis. The results showed
that the model performed best at the 10 m scale, suggesting that this observation scale
achieved the optimal balance between LiDAR point density, canopy structural features,
and sampling resolution within the study area.

The selection of spatial scale is critical for balancing structural detail and model sta-
bility. Smaller windows such as 5 m, while sensitive to fine-scale canopy variability, are
more susceptible to noise from undergrowth, terrain, and scanning angle artifacts. Larger
windows like 15 m tend to over-smooth heterogeneity and dilute local structural patterns,
reducing model responsiveness. The 10 m radius likely aligns with the mean canopy
height in the study area, consistent with previous studies recommending that sampling
radius be approximately 75%–100% of canopy height to capture representative structural at-
tributes [14]. This scale not only improves signal-to-noise ratio but also enhances robustness
to intra-plot variation by averaging sub-canopy differences.

However, the optimal spatial scale may vary across ecosystems. In deciduous or mixed-
species forests with taller or more layered canopies, larger windows might be necessary
to capture vertical complexity. Similarly, in sparse or shrub-dominated systems, smaller
scales may be more appropriate. A recent study further confirmed that the effectiveness of
scale selection is highly dependent on terrain, canopy structure, and LiDAR acquisition
parameters such as flight altitude and scan angle. Their research in montane broadleaf
forests showed that point density and directional scanning patterns significantly affected
LAI estimation accuracy at different scales, highlighting the need for adaptive, context-
specific spatial strategies [51].

Thus, while 10 m performed best in our context, it should be viewed as a contextual
optimum, and scale selection should be calibrated based on canopy structure, LiDAR
sensor specifications, and research objectives in future applications. Moreover, scale vari-
ations also affect model stability and sensitivity. Smaller sampling radii may increase
sensitivity to local heterogeneity, reducing model robustness. Conversely, larger sam-
pling scales may over-smooth local structural features, leading to diminished estimation
accuracy [52]. Therefore, selecting an appropriate sampling scale is critical to capturing
sufficient structural information while maintaining model stability.

4.4. Model Enhancement and Future Research Directions

While the integration of LPI and texture features demonstrates promising results in this
study, several limitations constrain the model’s generalizability and accuracy. The current
analysis is based on a relatively small dataset within a homogeneous poplar plantation. This
restricts the model’s robustness, especially when applied to more diverse or structurally
complex forest types.

In future research, integrating additional data sources such as spectral information
may offer significant advantages. Specifically, multispectral and hyperspectral sensors
mounted on UAV platforms can provide canopy reflectance and biochemical characteristics
(e.g., chlorophyll and moisture content), which are complementary to structural data [53].
Thermal infrared imaging can further assist in capturing plant water stress and evapo-
transpiration dynamics [54]. These spectral cues could help reduce the estimation bias
observed in high or low LAI ranges.
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Moreover, the use of advanced nonlinear models, such as Random Forest (RF) and
Convolutional Neural Networks (CNNs), can better capture complex interactions between
structural and spectral features [55,56]. Random Forests are especially advantageous due
to their resistance to overfitting and their ability to quantify variable importance, while
CNNs are well-suited to analyzing 3D voxel representations or hyperspectral cubes. Hybrid
ensemble models may also be explored to integrate multiple algorithms and enhance model
generalization across forest types.

5. Conclusions
This study focused on the Shishou National Poplar Breeding Base as the experimental

area and systematically investigated the feasibility and adaptability of combining UAV
LiDAR point cloud data with visible imagery to estimate LAI using LPI and VDVI across
multiple spatial scales. A multi-source remote sensing framework suitable for LAI estima-
tion under conditions lacking near-infrared information was developed, and the following
main conclusions were drawn:

(1) The LPI effectively captured canopy gap characteristics and exhibited a strong
correlation with field-measured LAI, particularly when calibrated using a correction coeffi-
cient (µ = 15). However, due to structural limitations in complex and multilayered canopies,
LPI alone could not fully represent foliage distribution. By incorporating texture features
such as roughness and curvature, the model better accounted for canopy heterogeneity,
significantly enhancing LAI estimation accuracy. This integration demonstrates the com-
pensatory effect of local structural descriptors in addressing the intrinsic limitations of
return-based indices like LPI.

(2) Among the tested spatial scales, the 10 m resolution achieved the most balanced per-
formance by integrating sufficient point cloud density and representative canopy structure.
Both finer (5 m) and coarser (15 m) scales showed reduced model robustness, indicating
the critical role of spatial scale in LAI modeling.

(3) Future research should focus on expanding the model across more diverse forest
types and ecological conditions. Specifically, the incorporation of high-dimensional spectral
data (e.g., multispectral, hyperspectral, and thermal imagery), LiDAR intensity, and voxel-
based metrics is recommended. In addition, applying nonlinear modeling approaches such
as Random Forest or deep learning frameworks may further improve predictive accuracy
and generalizability. The integration of multi-temporal UAV data, field sampling, and
terrestrial LiDAR will be essential for building robust, transferable LAI estimation models
applicable across ecosystems.
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