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Abstract: Canopy height is an important forest structure parameter for understanding forest
ecosystem and improving global carbon stock quantification accuracy. Light detection and ranging
(LiDAR) can provide accurate canopy height measurements, but its application at large scales is
limited. Using LiDAR-derived canopy height as ground truth to train the Random Forest (RF)
algorithm and therefore predict canopy height from other remotely sensed datasets in areas without
LiDAR coverage has been one of the most commonly used method in large-scale canopy height
mapping. However, how variances in location, vegetation type, and spatial scale of study sites
influence the RF modelling results is still a question that needs to be addressed. In this study,
we selected 16 study sites (100 km2 each) with full airborne LiDAR coverage across the United
States, and used the LiDAR-derived canopy height along with optical imagery, topographic data,
and climate surfaces to evaluate the transferability of the RF-based canopy height prediction method.
The results show a series of findings from general to complex. The RF model trained at a certain
location or vegetation type cannot be transferred to other locations or vegetation types. However,
by training the RF algorithm using samples from all sites with various vegetation types, a universal
model can be achieved for predicting canopy height at different locations and different vegetation
types with self-predicted R2 higher than 0.6 and RMSE lower than 6 m. Moreover, the influence of
spatial scales on the RF prediction accuracy is noticeable when spatial extent of the study site is less
than 50 km2 or the spatial resolution of the training pixel is finer than 500 m. The canopy height
prediction accuracy increases with the spatial extent and the targeted spatial resolution.

Keywords: canopy height; Random Forest; LiDAR; multi-source; vegetation type; location; scale

1. Introduction

Accurate prediction of forest characteristics is vital for forest ecosystem management, which serves
a range of functions to the Earth’s life supporting system [1]. Moreover, as a carbon sink, forest
dynamics are closely related to the global carbon cycle and climate changes [2–4]. Canopy height is
an important forest structure parameter for understanding the forest ecosystem, and has been used
to estimate forest aboveground biomass and therefore model the global carbon stock and carbon
dynamics [5–8].
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Traditionally, canopy height can be accurately measured in the field using range finders. However,
taking field measurements is highly labor-intensive and time-consuming, which constrained its use in
generating spatial continuous canopy height products at large scales. The emergence of remote sensing
technology can largely help to solve this problem since it can significantly increase the efficiency and
reduce the cost of obtaining large-scale land surface observations. Optical passive remote sensing
and radar have been used to estimate forest canopy height at different locations and scales [4,9,10].
However, these derived canopy height products are usually fraught with “saturation” effects since
optical and radar signals cannot penetrate forest canopies, which may result in canopy height being
underestimated in areas dominated by tall trees [11,12].

Light detection and ranging (LiDAR), an active remote sensing technology, provides an alternative
way to measure forest canopy height [13,14]. Through the use of a focused short-wavelength laser pulse,
LiDAR can penetrate forest canopy effectively and therefore measure the forest three-dimensional
structures [15]. There have been many studies showing that LiDAR can be used to estimate canopy
height accurately at different locations and scales. For example, Su et al. estimated the wall-to-wall
Lorey’s tree height distribution at 70 m resolution in Sierra Nevada, US with in situ tree height
measurement, airborne LiDAR data, Geoscience Laser Altimeter System (GLAS) data, optical imagery,
and other ancillary datasets. [14]. M. Clark, D. Clark, and Roberts [16] estimated sub-canopy tree
height of a rainforest by using small-footprint LiDAR data; Alexander et al. [17] mapped the canopy
height distribution of Denmark using airborne LiDAR data. However, the availability of LiDAR data
in regional to global scales is limited. As one of the most frequently used LiDAR data, airborne LiDAR
is only available in certain areas due to the high flight mission cost. The Geoscience Laser Altimeter
System (GLAS) onboard the Ice, Cloud, and land Elevation Satellite (ICESat), retired in 2009, is the
only available spaceborne LiDAR data with global coverage. However, its footprints are about 170 m
away from each other along the track and tens of kilometers away across tracks, which are too sparse
to be used alone for large-scale canopy height mapping. The proposed Global Ecosystem Dynamics
Investigation (GEDI) LiDAR system is designed for observing the 3D structure of the earth at fine
spatial resolution (i.e., at the 500 × 500 m pixel level), which is not fine enough and still on the way
(https://gedi.umd.edu/). How to integrate LiDAR to improve the accuracy of large-scale canopy
height mapping is still an active field of research.

Recently, the integration of LiDAR data with other remotely sensed data for large-scale canopy
height mapping has been increasingly investigated [14,18–21]. In these data fusion schemes, LiDAR
data are usually used as the ground truth to train machine learning algorithms, and therefore predict
canopy height from other remotely sensed variables. The large amount of training samples provided
by LiDAR data can significantly improve the accuracy of canopy height mapping using machine
learning algorithms [15]. For example, support vector machine (SVM) has been applied to estimated
canopy height by fusing LiDAR and imagery data, which is powerful to handle multi-dimensional
data and has effective generalization capabilities [22,23]. However, results of SVMs are not robust due
to the parameter assignment issues [22]. Artificial neural network (ANN) is another kind of machine
learning method, which has also been widely used in canopy height and biomass estimations [24].
Although ANN is able to handle non-linearity and non-normality issues, it is easy to be over-fitted
when trained with too much data [25]. By contrast, Random Forest (RF) is robust to over-fitting,
and has been used successfully in regression problems even with dozens of samples [26,27]. Moreover,
RF is (1) not limited by the distribution of covariables; (2) it is not sensitive to outliers and noises;
and (3) it is a nonlinear method, which can deal with high-dimensional data [28,29]. In all, RF has
been proven to outperform other machine learning algorithms in mapping canopy height through the
fusion of multi-source remotely sensed dataset [30].

Although the RF-based data fusion technique has been widely used, the influence of various
vegetation types, locations and spatial scales of different study areas on the model transferability
is rarely studied. A single regression tree model is usually built regardless the size and location
of the study area, which assumes that the ecological process is not scale-dependent and shows

https://gedi.umd.edu/


Remote Sens. 2018, 10, 1183 3 of 21

the same or similar patterns in different circumstances. However, that is often violated in real
ecological processes [31,32]. Modelling accuracy of these ecological processes are directly affected
by heterogeneity in forests [33], and usually in a nonlinear way [34]. Locations, vegetation types,
and spatial scales all affect the ecological modelling accuracy. For example, Simard et al. [19] has proven
that the accuracy of their canopy height product was lower in protected areas with homogenized low
trees and flat terrains; Turner et al. [35] found that the extent and grain of a landscape influenced
ecological measurements and landscape patterns.

Therefore, the problem that needs to be solved in this study is to analyze the transferability of
RF on mapping canopy height under different vegetation types, site locations, and spatial scales (in
both extent and resolution). Ultimately, this study wants to answer the questions whether we can use
a universal RF model to predict canopy height at different locations with various vegetation types,
and how do spatial scales affect a RF canopy height regression model. The results of this study can
provide guidance for generating canopy height products from local to global scales through the fusion
of LiDAR data and optical imagery.

2. Data

2.1. Study Area

This study chose 16 study sites across the United States (Figure 1a) based on the following four
rules: (1) should be entirely covered by publicly available LiDAR datasets; (2) should be larger than
100 km2; (3) should be dominated (>50%) by one of the four selected vegetation types, which are
Evergreen Needleleaf Forest (ENF), Evergreen Broadleaf Forest (EBF), Deciduous Broadleaf Forest
(DBF), and Mixed Forest (MF); and (4) four sites of the each vegetation type should be distributed as
far as possible to reduce spatial autocorrelation and cover more heterogeneity (e.g., elevation, slope,
and canopy cover). Based on these rules, four sites for each vegetation type were selected and each site
has an area of 100 km2. The four ENF sites are concentrated in high-elevation (1391 m on average)
mountainous areas, the four DBF sites are located in mid-elevation (327 m on average) hilly areas,
and the MF and EBF sites are in low-elevation (107 m and 41 m on average, respectively) flat areas.
The four study sites of each vegetation type have various vegetation conditions (from open to closed
and from young to mature) to ensure the representativeness of the analysis results (Table 1).

2.2. Airborne LiDAR Data

Airborne LiDAR data can be used to estimate canopy height accurately at different spatial
scales. In this study, we collected over 20 TB airborne LiDAR data from public data sources, such as
Open Topography and U.S. Geological Survey, to determine the appropriate study sites. Within the
16 selected study sites, the LiDAR data were acquired by various sensors, such as Leica ALS series
(Leica Geosystems AG, Switzerland), Riegl LMS-Q680 (Riegl Inc., USA), and Optech ALTM 213
(Teledyne Optech Inc., Canada). These sensors were mounted on airplanes (such as multiple Cessna
Caravans 208B) flown at a height from 900 to 2438 m above the ground. Most of these data were
acquired during the growing seasons between 2006 and 2012, with some data covering evergreen
forests acquired in leaf-off seasons (Table 2). The pulse and scanning rates range from 38 to 115.6 kHz
and from 46.7 to 115.6 Hz, respectively, and the mean point density ranges from 0.32 to 23.62 pts/m2.
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Figure 1. The study area and illustration of Random Forest (RF) model transferability evaluation
among various geolocations, vegetation types, and spatial scales. (a) The geolocation of the 16 sites;
(b) The RF model transferability evaluation among different study sites within the same vegetation
type; (c) The RF model transferability evaluation among different vegetation types; (d) The RF model
transferability evaluation among different spatial extents and spatial resolutions.
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Table 1. The geolocations, terrain information, and vegetation information of the 16 study sites in this study. ENF1-4 represent the four Evergreen Needleleaf Forest
sites, EBF1–4 represent the four Evergreen Broadleaf Forest sites, DBF1–4 represent the four Deciduous Broadleaf Forest sites, and MF1–4 represent the four Mixed
Forest sites.

Study Site Longitude (◦) Latitude (◦) Elevation (m) Slope (◦) Area (km2) Percentage * (%) Mean Tree Height (m) Mean Canopy Cover Forest Integrity

ENF1 −121.68 43.89 1631.69 6.49 96.87 100.00 6.11 0.67 unmanaged
ENF2 −118.51 44.54 1600.22 11.12 99.00 99.22 1.50 0.28 unmanaged
ENF3 −123.75 42.69 683.47 21.07 98.00 100.00 18.77 0.89 unmanaged
ENF4 −114.71 46.62 1789.64 15.56 100.00 88.95 4.23 0.38 unmanaged
EBF1 −84.60 30.54 51.24 3.37 90.12 75.84 13.54 0.86 unmanaged
EBF2 −85.34 30.38 28.81 1.99 100.93 89.58 16.36 0.95 unmanaged
EBF3 −88.97 30.88 39.16 2.50 95.66 72.75 15.78 0.86 unknown
EBF4 −82.43 30.25 45.36 2.44 100.00 99.52 6.77 0.57 unknown
DBF1 −76.54 38.53 47.38 5.02 100.00 80.70 13.46 0.62 unmanaged
DBF2 −86.92 36.25 217.52 11.08 100.00 100.00 26.09 0.91 unmanaged
DBF3 −86.29 39.13 593.27 17.69 98.27 100.00 10.86 0.82 unmanaged
DBF4 −84.46 36.21 242.08 8.36 100.00 100.00 10.08 0.91 unknown
MF1 −91.77 33.02 47.64 2.55 99.00 96.35 38.78 0.95 managed
MF2 −80.78 33.79 52.61 3.17 101.00 100.00 16.68 0.74 unmanaged
MF3 −69.51 43.93 37.69 4.05 100.00 91.77 7.21 0.73 unknown
MF4 −123.81 45.16 364.89 15.95 100.00 67.58 19.78 0.89 unmanaged

* Percentage means the area of target vegetation type divides the area of all vegetation types in each site.
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Table 2. Flight information of the airborne LiDAR surveys and statistics of the collected airborne LiDAR data for each study site. Please note that the flight information
of each study site was provided by the project report from the data provider.

Study Area Year Month Accuracy (m) Ground Density (pts/m2) Flight Height (m) Sensor Type Pulse Rate (kHz) Scan Rate (Hz) Data Source

ENF1 2009–2010 Jan, Feb, Mar,
Apr, Sep, Oct 0.05 3.20 900–1300 LeicaALS50II, ALS60 105.00 52.00 Oregon Department of Geology

and Mineral Industries

ENF2 2008 Aug 0.05 8.00 900 LeicaALS50II 105.00 52.20 Oregon Department of Geology
and Mineral Industries

ENF3 2012 Aug 0.05 8.00 900–1300 LeicaALS50, ALS60,
ALS70

52.2@900 m,
46.7@1300 m NA Oregon Department of Geology

and Mineral Industries

ENF4 2011 Aug 0.04 4.00 1200 LeicaALS60 88.00 NA United States Geological Survey

EBF1 2007–2008 Mar 0.08 1.42 2286 LeicaALS50 52.50 24.00 Northwest Florida Water
Management district

EBF2 2007 Feb, Mar 0.01 2.73 800 LeicaALS50 55.00 36.00 Northwest Florida Water
Management district

EBF3 2006 Mar, Apr 0.18 0.33 2438 LeicaALS50 38.00 20.00 Mississippi department of
environment quality

EBF4 2010 Mar, Apr 0.12 1.00 1371 RieglLMS-Q680,
LMS-Q680i 100.00 NA United States Geological Survey

DBF1 2011 Mar 0.10 1.22 2174 Leica ALS50II 96.80 39.80 Maryland Department of
Information Technology

DBF2 2011 Mar 0.18 1.45 1524 Optech3100 70.00 35.00 United States Geological Survey

DBF3 2011 Apr 0.13 1.30 1981 LeicaALS50II, ALS60
OptechALTM Gemini 115.60 41.80 United States Geological Survey

DBF4 2011 Mar, Apr 0.06 2.77 1981 Leica ALS50II 115.60 46.80 United States Geological Survey

MF1 2011–2012 Jul 0.23 2.00 2286 OptechALTM213 50.00 26.00 United States Geological Survey

MF2 2010 Mar 0.23 2.37 NA NA NA NA United States Geological Survey

MF3 2010 Sep 0.15 2.40 NA NA NA NA United States Geological Survey

MF4 2010 Apr 0.04 8.00 900–1300 LeicaALS50,ALS60 105.00 52.00 Department of Geology and
Mineral Industries

Note: NA represents that these is no description about the information in the flight report.
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2.3. Ancillary Datasets

In this study, four ancillary datasets were collected to generate independent covariables for
the RF-based canopy height prediction procedure, including Landsat5 Thematic Mapper (TM)
data, Moderate Resolution Imaging Spectroradiometer (MODIS) land cover data, topographic data,
and climate surfaces (Table 3). Landsat5 TM surface-reflectance images during the growing season
(from May to September) of the same year as the corresponding LiDAR data of each study site
were collected from the Google Earth Engine (GEE) platform (https://earthengine.google.com/).
These surface-reflectance data are high-level products that have been through atmospheric correction
using the Satellite Signal in the Solar Spectrum Radiative Transfer model [36]. The collected data were
manually examined to ensure that the coverage of cloud and snow was lower than 10%. Land cover
classification map was obtained from 500-m MODIS land cover data (MCD12Q1) [37], which has been
used in many studies to stratify vegetation types [38,39]. The terrain information was represented by
the 30-m Shuttle Radar Topography Mission (SRTM) digital terrain model (DTM) data collected from
the United States Geological Survey. Although LiDAR data can be used to generate highly accurate
terrain elevation data, they are usually unavailable in large-scale canopy height mapping practice,
and SRTM is one of the most frequently used dataset in this kind of practice across the globe. Annual
mean temperature and annual total precipitation with 800 m resolution between 1981 and 2010 were
obtained from the Parameter-elevation Relationships on Independent Slopes Model (PRISM) climate
group (http://www.prism.oregonstate.edu/).

Table 3. Ancillary parameters used as independent variables for building Random Forest (RF) models.

Variable Year Resolution (m) Data Source

Land cover map 2001–2010 500 MODIS
Landsat TM images 2006–2012 30 Land surface reflectance product

NDVI 2006–2012 30 Land surface reflectance product
Brightness calculated from Landsat TM images 2006–2012 30 Land surface reflectance product
Greenness calculated from Landsat TM images 2006–2012 30 Land surface reflectance product
Wetness calculated from Landsat TM images 2006–2012 30 Land surface reflectance product

Elevation 2000 30 SRTM
Slope 2000 30 SRTM

Aspect 2000 30 SRTM
Annual mean temperature 1981–2010 800 PRISM
Annual mean precipitation 1981–2010 800 PRISM

3. Methods

To evaluate the transferability of the RF-based canopy height mapping method for different
vegetation types, locations and spatial scales, we first preprocessed all collected LiDAR and ancillary
datasets and generate independent and dependent variable layers to feed into the RF algorithm
(Figure 2). Then, 22 RF regression models were built by varying vegetation types and study sites
(Figure 1b,c), and 124 RF regression models were built by varying spatial scales (40 models for extent
and 84 models for resolution) (Figure 1d). These models are all build with the all the independent
variables (i.e., CHM ~Elevation + Slope + Aspect + Brightness + Greenness + Wetness + NDVI
+ Temperature + Precipitation). Two statistical parameters, coefficient of determination (R2) and
root-mean-squared error (RMSE), were used to evaluate the influence of vegetation type, location and
spatial scale on the canopy height prediction accuracy.

https://earthengine.google.com/
http://www.prism.oregonstate.edu/
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for each individual run.

3.1. Data Preprocessing

3.1.1. Airborne LiDAR Data

To generate canopy height from the collected airborne LiDAR data, we first filtered the raw
point clouds to ground and non-ground points using an improved progressive triangulated irregular
network densification filtering algorithm [40], which is integrated in the Green Valley International®

LiDAR360 software. Then, the ground returns were interpolated into 30 m resolution digital terrain
model (DTM) using the ordinary kriging algorithm, since it has been proven that can be used to
generate more accurate terrain surfaces from LiDAR points than other interpolation algorithms [16,41].
The digital surface model (DSM) in 30 m resolution was generated from the LiDAR first returns using
the same procedure. Finally, the canopy height model (CHM) in 30 m resolution was derived as the
difference between DSM and DTM. Although the collected LiDAR data in this study has a range
of point density, it has been proven that a point density from 0.1 to 1 pt/m2 is enough to estimate
vegetation parameters such as canopy height model (CHM) and canopy cover [42–44]. Moreover,
there have been studies showing that LiDAR-derived canopy height is highly accurate and comparable
to field measurements [45,46]. Therefore, these airborne LiDAR derived CHM were used as “ground
truth” to train and validate the RF-based method.

3.1.2. Ancillary Datasets

Time-series Landsat images for each study site were first visually examined to remove pixels with
cloud and snow coverage. Then, a maximum-value composite (MVC) method was used to generate an
image composite for each study site. The MVC method examined the time-series images pixel by pixel,
and used the value from the image with the highest normalized difference vegetation index (NDVI) at
each pixel location. This method was selected since it has been proven that it can minimize the cloud
contamination and atmospheric attenuation from single date-imagery [14,47]. The generated MVC
composites were processed in the GEE platform to calculate NDVI and obtain brightness, greenness
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and wetness index through the Tassels Cap transformation. The MODIS MCD12Q1 land cover data
was used to recognize the vegetation type for each study site. The terrain slope and aspect of each
study site were derived from the SRTM data using the ESRI® ArcMap 10.1. The PRISM climate surfaces
were resampled to 30 m resolution using the bilinear interpolation method so that they can match the
resolution of other collected datasets

3.2. Evaluation of RF Transferability on Canopy Height Prediction

The regression tree method of RF consists of three main steps: (1) Draw samples from original
data with bootstrap method (i.e., sampling from a population uniformly with replacement); (2) Build
unpruned regression tree for the bootstrap samples, and chose the best splits from the randomly
sampled variables at each node; (3) Aggregating predictions of all regression trees to get the final
prediction result. In this study, 70% of the LiDAR-derived canopy height pixels of each study site were
randomly selected as the ground truth to train the RF model, and 10 commonly used independent
variables (including NDVI, elevation, slope, aspect, greenness, brightness, wetness, vegetation type,
temperature, precipitation) were used to feed the RF algorithm and predict canopy height. The RF
training process was performed in the “randomForest” R package [48]. The “randomForest” regression
functions have two primary parameters needed to be defined, i.e., the number of trees and the number
of variables tried at each split node. In this study, these two parameters were determined using grid
search method. The best number of trees and number of variables tried at each split were determined
by the values that produced the minimum mean-squared error. Here, 500 “RF trees” were included
and 4 variables were tried at each split for each model run based on grid search. In total, 144 RF
models were built to evaluate the influence of vegetation type, locations, and spatial scales on the
canopy height prediction results. In this study, each model was run 100 times by choosing 100 replicate
samples randomly, and chose the average self-prediction result to ensure stability.

3.2.1. The Influence of Locations

To evaluate the influence of different study site locations on the RF model performance, we
fixed the vegetation type and spatial scale of the input layers for comparison. Overall, a single RF
canopy height prediction model was built for each study site and it was used to predict canopy
height of the study sites with the same vegetation type at a constant resolution of 30 m. Taking ENF
vegetation type as an example, we have four 100 km2 ENF sites, namely ENF1, ENF2, ENF3, and ENF4
(Figure 1b). For each ENF site, 70% of the CHM pixels were used to obtain a canopy height prediction
model following the above-mentioned parameter set. The self-predicted R2 and RMSE values for each
prediction run were calculated through the comparison between the predicted canopy height values
and the remaining 30% LiDAR-derived validation pixels at each ENF site. The cross-predicted R2 and
RMSE were evaluated by using each build model to predict canopy height of other different sites,
which was compared with the self-predicted results.

Besides, we evaluated whether a universal model can be achieved at different study sites with
the same vegetation type. To accomplish this, we mixed the training samples from the study sites
of one vegetation type and randomly picked one-fourth of them to train a RF regression model
for each vegetation type. Then, the mixed RF model of each vegetation type (namely ModelENFm,
ModelEBFm, ModelDBFm, and ModelMFm) was used to predict the canopy height at each study site with
the corresponding vegetation type. The prediction results at each study site were compared with its
validation samples, and the R2 and RMSE were calculated correspondingly.

3.2.2. The Influence of Vegetation Types

Vegetation type is another factor that may have significant influence on the transferability of RF
canopy height prediction model. Because the 16 study sites are from different locations, we cannot
fully remove the influence of location on the canopy height prediction results. Nevertheless, we tried
to minimize this effect by using the RF regression models built from the mixed training samples
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of all four sites of each vegetation type (i.e., ModelENFm, ModelEBFm, ModelDBFm, and ModelMFm).
Within each vegetation type, 70% of the CHM pixels of each study site were randomly selected
and grouped together to train the RF canopy height prediction model. The self-predicted R2 and
RMSE values for each prediction run were calculated through the comparison between the predicted
canopy height values and the remaining 30% LiDAR-derived validation pixels at each vegetation
type. The cross predicted R2 and RMSE were evaluated by using each built model to predict canopy
height of other different vegetation types with mixed site samples, which was compared with the
self-predicted results.

Moreover, we further examined whether a universal RF canopy height prediction model can be
achieved across different vegetation types. Around 6% of the training samples from each study site
were randomly picked and used as the training samples to build two RF canopy height prediction
models. One model (ModelTv) included vegetation type as a dummy variable in the training process,
and the other one (ModelTnv) did not. The canopy height prediction results from both models were
evaluated by the independent variables at each study site.

3.2.3. The Influence of Spatial Scales

We examined the influence of spatial scales on RF canopy height prediction results in two ways,
the spatial resolution of the targeted canopy height product and the spatial extent of the study site.
To get comprehensive results in each vegetation type, four study sites with the highest self-prediction
accuracy (i.e., the highest R2 and the lowest RMSE) of each vegetation type were chosen. To evaluate
the influence of spatial resolution, we resampled the independent input variables to 50 m firstly using
the bilinear method in ArcMap10.1; then, we manually altered the spatial resolution of these input
layers from 50 m to 1000 m with a step of 50 m also using bilinear method. These input layers with
different spatial resolutions were used to build 84 RF regression models and predict canopy height at
different spatial resolutions. Similar to previous steps, 70% of the resampled pixels were randomly
selected as the training samples, and the remaining 30% pixels were used as the validation samples.

To evaluate the influence of spatial extent on the canopy height prediction results, we manually
decreased the study extent from 10 km × 10 km to 1 km × 1 km with a step of 1 km × 1 km. In total,
40 RF-based canopy height prediction processes were conducted in this step. For each run, 70% of
the pixels within the corresponding spatial extents were selected as the training samples, and the
remaining 30% were used as the validation samples.

4. Results

4.1. Variable Importance for RF-Based Canopy Height Prediction

The importance of covariables for the RF-based canopy height prediction method was evaluated by
the percentage increase in the mean-squared error (%IncMSE). The larger the %IncMSE of a variable is,
the more important the variable is [48]. As can be seen in Figure 3, overall, topography-related variables
(i.e., elevation, slope, and aspect), temperature, precipitation and NDVI (or vegetation greenness) were
important variables in the RF-based canopy height prediction method, but the variable importance
varied with sites. ENF sites and DBF sites were more controlled by topography-related variables,
EBF sites were more determined by elevation and precipitation, and MF sites were more influenced
by NDVI, temperature and precipitation. Although different study sites depended on different
variable inputs on canopy height prediction, the prediction results all had significant correlations with
independent LiDAR-derived canopy height (Table 4). However, the canopy height prediction accuracy
varied significantly with sites. The R2 ranged from 0.1 to 0.94, and the RMSE ranged from 1.18 m to
9.83 m. Nevertheless, the RF-based canopy height prediction method showed the capability to estimate
canopy height across different study sites with different vegetation types. The mean R2 of the ENF,
EBF, DBF, and MF sites were 0.22, 0.56, 0.36 and 0.54, respectively.
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Figure 3. Importance of variables, denoted by percentage increase of mean-squared error (%IncMSE),
for the RF tree height prediction models. Bn, Gn, Wn, NDVI, Prec, Temp, and Elevation represent the
brightness, greenness, wetness, normalized difference vegetation index, precipitation, temperature,
and SRTM elevation, respectively.

Table 4. Accuracy assessment of site-specific RF-based tree height prediction results. The coefficient
of determination (R2) and root-mean-squared error (RMSE) of each study site were calculated by
comparing the site-specific self-prediction result with independent validation pixels. The corresponding
R2 value are all significant at a 99.9% confident level.

Site 1 Site 2 Site 3 Site 4

R2 RMSE (m) R2 RMSE (m) R2 RMSE (m) R2 RMSE (m)

ENF 0.15 5.26 0.10 1.48 0.32 9.83 0.30 4.82
EBF 0.43 4.83 0.59 2.91 0.47 4.40 0.75 8.78
DBF 0.37 6.15 0.35 7.68 0.48 4.84 0.23 3.91
MF 0.94 1.18 0.51 5.26 0.36 3.72 0.34 9.96

4.2. The Transferability of RF across Different Locations

It can be concluded that a RF canopy height prediction model trained at one study site cannot
be transferred to other study sites with the same vegetation type. As shown in Figure 4, the canopy
height prediction accuracy of each study site of one vegetation type was the highest (i.e., the largest
R2 and the lowest RMSE) when it was estimated by the model built with its own training samples.
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When the model built for each study site was used to predict canopy height of other study sites
with the same vegetation type, the prediction accuracy dropped drastically. The mean R2 value of
self-prediction for each vegetation type was around 2 to 13 times higher than cross-site predictions,
and the mean RMSE was around 400% to 800% lower than cross-site predictions. However, for each
vegetation type, a location-transferable RF canopy height prediction model could be achieved by
selecting training samples from all study sites. The four mixed models (i.e., ModelENFm, ModelEBFm,
ModelDBFm, and ModelMFm) could generate slightly higher canopy height prediction accuracy than
site-specific self-prediction models in 15 out of the 16 study sites. The R2 was around 0.06 higher,
and the RMSE was around 0.33 m lower (Table 5). The MF1 site was the only exception that had a
slightly lower canopy height prediction accuracy from the mixed model ModelMFm.
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Figure 4. The RF model transferability among different study sites of each vegetation type. The x-axis
represents different study sites of a certain vegetation type, and the y-axis is either the R2 or the RMSE
calculated by directly comparing the prediction results with the independent LiDAR-derived validation
pixels within the corresponding study site. (a–d) represent the evaluation results among different sites
of vegetation type ENF, EBF, DBF, and MF, respectively.
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Table 5. The accuracy differences between site-specific tree height prediction results and tree height
prediction results using mixed training samples from all four study sites of each vegetation type (i.e.,
tree height prediction results from ModelENFm, ModelEBFm, ModelDBFm and ModelMFm). The accuracy
difference is denoted as the difference in R2 and RMSE (mixed models minus site specific models).

Site 1 Site 2 Site 3 Site 4

∆R2 ∆RMSE (m) ∆R2 ∆RMSE (m) ∆R2 ∆RMSE (m) ∆R2 ∆RMSE (m)

ENF 0.12 −0.72 0.11 −0.10 0.07 −0.60 0.07 −1.26
EBF 0.08 −0.29 0.02 −0.03 0.06 −0.22 0.03 −0.24
DBF 0.07 −0.33 0.01 −0.07 0.06 −0.29 0.10 −0.25
MF −0.03 0.30 0.05 −0.25 0.08 −0.15 0.01 −0.14

4.3. The Transferability of RF across Different Vegetation Types

Similar to the influence of study site locations on the RF-based canopy height prediction results,
a RF model trained for a certain vegetation type can hardly be used to predict canopy height for
other vegetation types. Although the four mixed models for each vegetation type can be used to well
estimate canopy height within their study sites (R2 > 0.6), the prediction accuracy dropped significantly
when they were used for cross-vegetation type prediction (Figure 5). The R2 for cross-vegetation
type prediction results was over 10 times smaller than self-prediction results of a certain vegetation
type on average, and the RMSE was over 50% larger. Nevertheless, a universal RF-based canopy
height prediction model can be achieved by including training samples from all study sites of different
vegetation types. A single model trained from all study sites without using vegetation type as a dummy
variable ModelTnv can generate equivalent canopy height prediction accuracy to the four self-predicting
mixing models. Their R2 and RMSE were almost identical (Table 6). Moreover, including vegetation
type to train a RF model (ModelTv) could not improve the canopy height prediction accuracy.
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Figure 5. The transferability of RF models built from training samples mixed from all four study sites of
each vegetation type (i.e., ModelENFm, ModelEBFm, ModelDBFm and ModelMFm). The x-axis represents
different vegetation types, and the y-axis is either the R2 (a) or the RMSE (b) calculated by directly
comparing the prediction results with the independent LiDAR-derived validation pixels.
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Table 6. The accuracy differences between tree height prediction results using ModelTnv or ModelTv and
results using ModelENFm, ModelEBFm, ModelDBFm or ModelMFm. ModelTnv and ModelTv represent the
RF tree height prediction models trained from pixels from all 16 study sites without/with considering
vegetation type as a dummy variable. The accuracy difference is denoted as the difference in R2 and
RMSE (ModelTnv or ModelTv minus ModelENFm, ModelEBFm, ModelDBFm or ModelMFm).

ModelTnv ModelTv

∆R2 ∆RMSE (m) ∆R2 ∆RMSE (m)

ENF −0.01 0.08 −0.01 0.06
EBF −0.02 0.15 −0.02 0.16
DBF −0.01 0.11 −0.01 0.08
MF −0.01 0.11 −0.01 0.10

4.4. The Transferability of RF across Different Spatial Scales

Four study sites with the best self-prediction accuracy of each corresponding vegetation type, i.e.,
site ENF3, EBF4, DBF3 and MF1 (Figure 4), were selected to evaluate the influence of spatial extent
and spatial resolution on RF-based canopy height prediction results. Overall, the spatial extent had a
positive logarithmic correlation with the canopy height prediction accuracy (Figure 6). The R2 of the
prediction results could increase by 100%, 15%, 37% and 25% with the spatial extent at site ENF3, EBF4,
DBF3 and MF1, and the RMSE could decrease by 15%, 37%, 53% and 25%, respectively. Site ENF3 and
MF1 were the two study sites that were more influenced by spatial extent. Moreover, the influence
of spatial extent on the canopy height prediction accuracy was not linear. After the spatial extent
reached to a certain threshold, the increase in canopy height prediction accuracy was hardly noticeable
(Figure 6). By using the first-order derivation analysis on the fitted line between spatial extent and R2

(or RMSE), we found that the thresholds for all these four study sites were around 50 km2. Please note
that the above-mentioned analysis was conducted at a spatial resolution of 30 m. The threshold of the
optimal spatial extent might be different at a different targeted spatial resolution.

Spatial resolution also has a positive logarithmic correlation with the RF-based canopy height
prediction accuracy. As can be seen in Figure 7, the canopy height prediction accuracy generally
increased with the spatial resolution, but this pattern was not as strong as the spatial extent, except the
MF1 study site. With the increase of spatial resolution (smaller pixel size), the R2 between the
predictions and independent LiDAR-derived canopy height could increase by around 80%, 5%, 40%,
and 50% at the ENF3, EBF4, DBF3 and MF1 sites, and RMSE could decrease by around 5%, 5%, 10%
and 180%, respectively. The influence of spatial resolution on the canopy height prediction accuracy
was also nonlinear. After the spatial resolution being coarser than 500 m, the canopy height prediction
accuracy was not noticeably decreased anymore (Figure 7).
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5. Discussion

The RF-based method showed great potential to upscale canopy height estimations from LiDAR
footprints to larger areas. However, the trained RF model performed differently in different areas,
and the controlling factors also varied with study sites and vegetation types. In high-elevation ENF
sites, topographic related parameters (i.e., elevation, slope and aspect) were the more important
factors for the canopy height modelling, since high-elevation forests were more likely energy-limited
and topographic parameters can determine the amount of solar radiation that can be received by
trees [49,50]. Annual mean precipitation and vegetation indices from Landsat imagery played a much
bigger role in canopy height prediction for the low to medium elevation EBF and DBF sites. This may be
caused by the fact that broadleaf forests are more water-limited rather than energy-limited as broadleaf
forests intercept less precipitation than coniferous forests, and the vegetation indices from optical
imagery can well represent the forest structure and vegetation health [51–53]. The four MF forests
had site-specific variable importance, since the composition of tree species and topographic climate
conditions may change significantly with sites. Moreover, it was found that the RF-based canopy
height prediction accuracy decreased with the rise of elevation (Tables 1 and 4), which is consistent
with the suggestion that ecological modelling studies were preferable in low-elevation areas [54].
Integrating spaceborne LiDAR data, which can provide forest structure information, may further help
to improve the model performance in high-elevation areas [14].

The performance of the site-specific canopy height prediction model shows that a single RF model
trained within a LiDAR footprint cannot be used to upscale canopy height estimations in a larger
area, which may be composed of different vegetation types, topographic characteristics, and climate
conditions. The reason may be the RF canopy height prediction model trained within one LiDAR
footprint was very sensitive to the study site location [55]. The canopy height prediction accuracy
dropped significantly while one model was used to estimate canopy height at other study sites even
with the same vegetation type (Figure 4), and the weakest transferability of site-specific RF canopy
height prediction model appeared at the four MF sites. As above-mentioned, the complexity in
vegetation compositions and topographic and climate conditions may lead to significantly different
variables controlling the tree growth. In addition, MF sites naturally have more complex vegetation,
topographic and climate conditions comparing to the other three vegetation types, which may be the
reason for their weak transferability. Moreover, the model transferability was also largely diminished
among different vegetation types (Figure 5), which may also be caused by that different vegetation
types have different controlling factors for tree growth (Figure 3).

However, the weak transferability of RF models can be resolved by including representative
training samples from all study sites and vegetation types. The barrier of RF canopy height prediction
model in locations can be removed by using the training samples from all study sites of each vegetation
type (Table 5). It has been documented that the heterogeneity in the training samples from different
study sites is beneficial for ecological modelling, and training samples from a range of environmental
sets should be included to improve the model performance [56,57]. The four mixed models of each
vegetation type can even slightly improve the canopy height prediction accuracy, except at the MF1
site. The R2 value derived from the ModelMFm was dropped by around 3% compared with the
model trained from its own samples. The possible explanation for this may be that MF forests
naturally contain mixed vegetation types with sufficient heterogeneity, and the RF model may not gain
improvements by increasing training samples from different study sites. Moreover, errors introduced
in the data pre-processing steps, such as different LiDAR data qualities at different study sites and
spatial mis-registration among different data sources, may also influence the performance of mixed
models [55].

Moreover, the transferability of a RF model can be further improved by selecting representative
training samples covering all vegetation types, and a universal canopy height prediction model for
continental and maybe even global scale can be obtained. The estimated canopy height from a universal
RF model was almost equivalently accurate to that from the model built for each vegetation type
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(Table 6). Vegetation type was not a necessary input for generating the universal RF canopy height
prediction model. This may indicate that the RF algorithm can pick out the vegetation type information
from the training samples if they can well represent all vegetation types [58].

Besides, the spatial extent of LiDAR footprints and the targeted spatial resolution of canopy height
estimations are also two important factors that influence model performance. The canopy height
prediction accuracy was positively influenced by both the spatial extent and spatial resolution (Figures 6
and 7). This might be mainly caused by two reasons: (1) the heterogeneity can have a significant
increase at the beginning of the increase of spatial extent and the decrease of spatial resolution (bigger
pixel size), and reaches a sill gradually, which corresponds to the rule that the number of patches
change quickly at the beginning which brings much heterogeneity change, and reaches stability with
the larger extent and coarser resolution [59,60]; (2) the number of training samples increases with the
spatial extent and resolution, which can indirectly increase the spatial heterogeneity. This influence
was non-linear because the mean value of different variables may not have the same changing rate in a
simple linear way, which brings inconsistency among various variables and canopy height at each
pixel. The larger variance (errors) may arise at coarser scales, which was also suggested by Moody
and Woodecock [61]. Moreover, the influence of spatial resolution varied more significant than extent,
because when the resolution decreases, not only the number of training pixels decreases, but also
the heterogeneity of each pixel might be reduced also. In addition, the influence of spatial scales of
broadleaf (i.e., EBF, DBF) was less, that may be caused by the more stable forest characteristics of the
broad-leaved forest [62]. Therefore, we need to comprehensively consider the influence of spatial
extent and resolution when we build the RF model in various vegetation types.

“All models are wrong, but some are useful” [63]. This is especially true for models transferability
built from remote sensing data [64,65]. This study can provide a comprehensive knowledge in using RF
model not only to predict regional to global-scale canopy height but also to estimate biomass and other
forest parameters. It can provide guidance on how to choose enough LiDAR data footprints to ensure
the modelling accuracy. However, the current study did not consider the temporal transferability of
RF-based method in estimating forest parameters, and we did not compare the RF algorithm with
other machine learning algorithms. These questions need to be further explored in the future.

6. Conclusions

This study aims to evaluate the RF model transferability among various vegetation types, locations,
and spatial scales through the combination of multi-source remote sensed datasets. In total, 16 study
sites with an area of 100 km2 covering four vegetation types (four study sites for each vegetation
type) were chosen to address this mission. The results demonstrate that RF method can be used
to upscale canopy height measurements from airborne LiDAR footprints to areas without LiDAR
coverage. However, the RF models built at different study sites have different controlling factors on
the canopy height estimations, which constrain their transferability among different locations and
vegetation types. A RF model built in a specific location cannot transfer to other locations; as well
as a RF model built in a vegetation type cannot transfer to other vegetation types. By including the
training samples from all study sites of each vegetation type, a universal RF canopy height prediction
model can be achieved for each vegetation type that can generate equivalent accuracy as site-specific
models. A universal RF canopy height prediction model can even be generated by including training
samples covering all vegetation types and study sites, but vegetation type alone, as a dummy variable,
does not play a significant role in the RF model. In addition, spatial extent of the LiDAR footprint
and spatial resolution of the targeted canopy height products both have a positive correlation with
the canopy height prediction accuracy. They need to be carefully evaluated in the RF-based canopy
height upscaling process based on the study extent, available airborne LiDAR data, and the available
ancillary datasets.
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