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Abstract: Continuous large-scale mapping of forest canopy height is crucial for estimating and re-
porting forest carbon content, analyzing forest degradation and restoration, or to model ecosystem 
variables such as aboveground biomass. Over the last years, the spaceborne Light Detection and 
Ranging (LiDAR) sensor specifically designed to acquire forest structure information, Global Eco-
system Dynamics Investigation (GEDI), has been used to extract forest canopy height information 
over large areas. Yet, GEDI has no spatial coverage for most forested areas in Canada and other high 
latitude regions. On the other hand, the spaceborne LiDAR called Ice, Cloud, and Land Elevation 
Satellite-2 (ICESat-2) provides a global coverage but was not specially developed to study forested 
ecosystems. Nonetheless, both spaceborne LiDAR sensors obtain point-based information, making 
spatially continuous forest canopy height estimation very challenging. This study compared the 
performance of both spaceborne LiDAR, GEDI and ICESat-2, combined with ALOS-2/PALSAR-2 
and Sentinel-1 and -2 data to produce continuous canopy height maps in Canada for the year 2020. 
A set-aside dataset and airborne LiDAR (ALS) from a national LiDAR campaign were used for ac-
curacy assessment. Both maps overestimated canopy height in relation to ALS data, but GEDI had 
a better performance than ICESat-2 with a mean difference (MD) of 0.9 m and 2.9 m, and a root 
mean square error (RMSE) of 4.2 m and 5.2 m, respectively. However, as both GEDI and ALS have 
no coverage in most of the hemi-boreal forests, ICESat-2 captures the tall canopy heights expected 
for these forests better than GEDI. PALSAR-2 HV polarization was the most important covariate to 
predict canopy height, showing the great potential of L-band in comparison to C-band from Senti-
nel-1 or optical data from Sentinel-2. The approach proposed here can be used operationally to pro-
duce annual canopy height maps for areas that lack GEDI and ICESat-2 coverage. 

Keywords: spaceborne LiDAR; Sentinel-2; SAR; random forest 
 

1. Introduction 
As one of the largest reservoirs of terrestrial carbon, forests hold approximately 45% 

of the world's active carbon [1,2], and sequester approximately 32% of anthropogenic 
emissions every year [3], which make them a key component of the global carbon cycle 
[4,5]. Accurate estimates of the distribution and total carbon storage in global forests are 
essential for modelling and monitoring climate change [6,7]. Particularly, aboveground 
biomass (AGB), that includes all live vegetation above the ground, is listed by the Inter-
governmental Panel on Climate Change (IPCC) [8] as one of the most visible and dynamic 
terrestrial ecosystem carbon pools involving biomass, representing about 30% of the total 
terrestrial ecosystem carbon pool [9]. The knowledge of spatial distribution and global 
monitoring of AGB is essential to support the sustainable management of terrestrial eco-
systems, improving understanding of the carbon cycle and, consequently, to reduce 
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carbon emissions [10]. Remote sensing provides a cost-efficient tool for mapping AGB 
across large regions, nationally and even globally [11]. 

Because there is no remote sensing sensor able to directly provide AGB information, 
studies rely on other variables that can be linked to AGB. Among them, canopy height, a 
variable that can be acquired from light detection and ranging (LiDAR) sensors, is an im-
portant predictor for AGB [12–17] as well as can help to monitor ecosystem response to 
climate, forest degradation, and land-use change as well as restoration [18–21]. Yet, Li-
DAR data over large, forested areas have been mostly acquired from aircraft, limiting their 
spatial coverage. Because of high cost, aerial LiDAR campaigns tend towards the acquisi-
tions data over areas of high value forests rather than extensive nationwide or regional 
observations [22,23]. 

The new generation of space-based laser altimeters, Ice, Cloud, and Land Elevation 
Satellite-2 (ICESat-2) and Global Ecosystem Dynamics Investigation (GEDI), launched by 
NASA in 2018 can directly provide accurate information on vertical vegetation structure 
globally. When combined with optical or synthetic aperture radar (SAR) data, they allow 
for large-area estimates of forest structure, including canopy height [24–29], land cover 
[30], and AGB [31–33]. GEDI is the first spaceborne, full waveform LiDAR specifically 
created to provide vertical information of forest canopies [28]. Because the ISS orbit is 
limited between 51.6°N and S latitude, most of the global boreal forests, including in Can-
ada, are not captured by GEDI. 

On the other hand, ICESat-2 has no orbital or acquisition-related limitations [34] and 
provides good coverage in boreal forest areas. The Advanced Topographic Laser Altime-
ter System (ATLAS), onboard the ICESat-2, is a photon-counting LiDAR instrument with 
11 m footprint. It is used to derive the ATL08, a product that provides canopy height per-
centiles along 100 m segments using returned photons classified as ground, noise, canopy, 
or top of canopy [35]. Several studies have explored the use of ATL08 to derive canopy 
height information [17,26,34,36–38], some of them comparing both ICESat-2 and GEDI to 
estimate canopy height [29,39] or AGB [19]. In general, these studies found GEDI more 
accurate than ICESat-2 to estimate canopy height. This is mainly related to the fact that 
ICESat-2, in addition of not being full waveform as GEDI, operates at the green region of 
the electromagnetic spectrum, with a limited ability to penetrate canopy cover when com-
pared to GEDI. 

So far, several studies have demonstrated the use of satellite LiDAR, in particular the 
Geoscience Laser Altimeter System (GLAS) data onboard the first ICESat mission (2003–
2009), to provide large-scale forest height [40,41] and biomass maps [42–44]. Nevertheless, 
recent studies exploring new spaceborne LiDAR used simulated ATLAS or GEDI data 
[20,24,45,46]), or validate the data against airborne LiDAR (ALS) without providing wall-
to-wall canopy height maps [29,34,36,39]. Because both ALS and spaceborne LiDAR such 
as GEDI and ICESat-2, are sampling missions, having gaps across tracks and from clouds, 
spatially continuous remote sensing data, such as from optical or SAR sensors, must be 
integrated to achieve a full coverage canopy height or AGB products. For example, Qi et 
al. [17] integrated GEDI data with height information from TanDEM-X InSAR data to ob-
tain a wall-to-all map of AGB in two sites located in the United States and one site in Costa 
Rica. Francini et al. [31] integrated GEDI and Landsat data to map forest biomass changes 
due to disturbances in Italy. 

Although there have been many studies focused on various forestry applications 
(e.g., forest AGB) using machine learning, only a small attempt has been made for forest 
height mapping using the new spaceborne LiDAR GEDI and ICESat-2 and continuous 
satellite data. Both optical and SAR data bring useful information to extrapolate forest 
height measurements from LiDAR data. While SAR beams directly interact with trunk 
and other plant biomass materials [47], providing important information about the phys-
ical scattering mechanisms [48], optical data capture both structural (i.e., leaf area index, 
LAI) and biochemical (e.g., foliage chlorophyll content) attributes that can be used as in-
dicators of plant cover and growth [49].  
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As neither SAR nor optical data allow direct retrieval of vertical profiles inside forest 
canopies, they should be combined with other data sources such as LiDAR that provide 
this information. In this sense, Qi et al. [24] used GEDI to improve height estimates pro-
vided by TanDEM-X InSAR in sites located in the United States and Costa Rica. Li et al. 
[37] proposed integrating ICESat-2 data with Sentinel-1, Sentinel-2 and Landsat-8 data 
with machine and deep learning methods to map canopy height in Northeast China. Fur-
thermore, in Northeast China, Xi et al. [50] used ATL08 product derived from ICESat-2, 
Sentinel-1, Sentinel-2 and topographic data, and machine learning methods to obtain can-
opy height maps for different forest types. At a global scale, Potapov et al. [27] used GEDI 
canopy height data together with Landsat imagery to create a 30 m spatial resolution 
global forest canopy height map for the year 2019. However, none of these studies used 
SAR L-band data from the Advanced Land Observing Satellite Phased Array type L-band 
SAR (ALOS-2/PALSAR-2). L-band has a deeper penetration through the forest canopy, 
providing more accurate information on vegetation vertical structure [51]. Emerging data 
such as ICESat-2 and GEDI require a deep understanding of how forest structure mediates 
the relationship of canopy height and L-band SAR backscatter. Combining these technol-
ogies can bring significant advances in large-scale mapping of forest canopy height. 

Canada’s forests, the one of the largest contiguous forest ecosystems on Earth, occu-
pies an area of 400 million ha forming an east–west band across eight ecozones in a range 
of climatic, physiographic, and vegetation conditions [52]. National forest inventory pro-
grams are typically designed to produce long-term data for forest monitoring [53–55]. 
However, most forest inventories and forest mapping efforts are concentrated in managed 
forest areas of Canada, while northern areas with large tracts of noncommercial forest 
often lack detailed forest information [56]. In a recent effort, Castilla et al. [56] used optical 
and SAR data, in addition to the satellite LiDAR, GLAS, associated with field plots and 
airborne LiDAR data to estimate canopy height, AGB, among other variables in the North-
west Territories, Canada. At a national level, the existing studies used ALS and Landsat 
data to map forest structure variables, e.g., [57,58], however no study has tested the po-
tential of combining the new satellite LiDAR GEDI and ICESat-2, and SAR data to produce 
continuous canopy height maps. 

GEDI and ICESat-2 are particular in acquiring canopy height information in Canada 
—the former providing more accurate information of vegetation, yet not reaching full cov-
erage in Canada, whilst the latter is not specifically designed to provide vegetation infor-
mation but has a global coverage. This is the first study to explore the potential of both 
spaceborne LiDAR in this scenario. We proposed a straightforward methodology to inte-
grate each ICESat-2 and GEDI, with SAR and optical data from Sentinel-1, Sentinel-2 and 
ALOS/PALSAR-2, and a machine learning method to provide wall-to-wall forest canopy 
height maps in forested areas of Canada. The results were validated in two different ways: 
(1) using a set-aside 30% of the GEDI/ICESat-2 observations serving as the primary vali-
dation data set, and (2) measuring the agreement of the produced canopy height maps 
with the national ALS data. The consistent and continuous monitoring of canopy height 
provided in this study is essential for estimating forest biomass and carbon stock dynam-
ics, monitoring forest disturbance, and quantifying the effectiveness of forest manage-
ment initiatives. 

2. Materials and Methods 
2.1. Study Area 

Forested ecosystems of Canada comprise not only trees, but also wetlands and lakes, 
occupying an area of ~650 million ha [59] widespread across the country in 15 ecozones 
with different climatic, topographic, and vegetation types [60]. Here, we focused our pre-
diction on treed vegetation and other wooded land in Canada, involving an area of 347 
million ha [61]. Treed areas were based on Canada’s National Forest Inventory—Treed 
Land in Canada data (https://nfi.nfis.org/en/maps#, accessed on 2 February 2022). 



Remote Sens. 2022, 14, 5158 4 of 19 
 

 

Canada’s forests include both deciduous and coniferous tree species, dominated by 
white spruce (Picea glauca), black spruce (Picea mariana), balsam fir (Abies balsamea), jack 
pine (Pinus banksiana), trembling aspen (Populus tremuloides), and balsam poplar (Populus 
balsamifera) [57]. Most forested ecozones are part of the boreal zone, with areas belonging 
to the hemi-boreal subzone, a transition between temperate and boreal zones [58], extend-
ing through the southern part of the boreal zone and great part of the Pacific Maritime 
and Montane Cordillera ecozones. The main source of disturbances in Canada’s forests 
are wildfire, insects and harvest [62,63]. Fires affected 1.6 million ha annually during the 
period 1985 to 2010 [64], and 2.25 million ha over the period 1970 to 2017 [65]. The area of 
forests affected by insects is much larger [5] but with much smaller impacts per hectare 
than fires or harvest, which affects 0.65 million ha annually [64]. 

2.2. ICESat-2 Data 
Here, we used ATL08 data acquired from the National Snow and Ice Data Center 

(https://nsidc.org/data/atl08, accessed on 20 November 2021). ATL08 is a product derived 
from the photon-counting laser altimeter ATLAS, onboard ICESat-2 satellite. This laser 
operates at green region (532 nm) that is divided into three pairs of beams by slightly 
rotating the spacecraft [66]. The pairs of beams are composed of a strong beam and a weak 
beam with a strong-to-weak energy ration of approximately 4:1. ATLAS has a high repe-
tition rate, sampling at approximately 0.7 m intervals along the track at a footprint size of 
approximately 12 m [67]. The ATL08 product provides relative height metrics at segments 
of 100 m (along-track) × 12 m (across-track) [39] to ensure that a sufficient number of pho-
tons are available for canopy height estimation [37]. These data are composed of three 
pairs of ground tracks (gt1l-gt3r) with 90 m between the parts of each pair and 3.3 km 
between pairs. 

For canopy height, we used the h_canopy (rh98) metric that provides the relative 
canopy height at 98th percentile of energy return height relative to the ground data. In-
stead of maximum height, rh98 is recommended to represent top canopy height because 
of the uncertainty of the signal-to-noise at the top of the canopy [39,68]. We collected data 
for the mid growing season between 15 June and 15 August 2020, selecting only strong 
power beams [39]. The parameter multiple scattered warning (msw_flag), derived from 
ATL09 was used to select segments with no scattering in the atmosphere. We only selected 
segments with msw_flag equals to 0 which indicates no observed scattering in the atmos-
phere. Only snow free segments were selected considering the snow flag parameter ex-
tracted from the NOAA daily snow cover product [69,70]. A snow_flag with a value of 0 
indicates ice-free water, a value of 1 is considered snow-free land, a value of 2 indicates 
existence of snow, and 3 is presence of ice [68]. 

The sample dataset was composed of a geometry of points with h_canopy infor-
mation represented by the centroids of the ATL08 segments (100 m × 12 m). As our grid 
with covariates has 250 m × 250 m, some points overlap the same grid tile. To avoid spatial 
autocorrelation and overfitting, we adopted a point thinning procedure to create a new 
sample dataset with the h_canopy average of points falling within the 250 m grid tile. 
Basically, this procedure takes the average of neighbor’s points within a predefined dis-
tance (in this case, 250 m) and aggregates them into a new single. To compute the average, 
all points were used independent of the land cover type to reduce overestimation of can-
opy height in 250 m × 250 m pixels that are not only covered by forest. This resulted in a 
final sample set of 208,554 points, which was randomly split into 70% for training and 30% 
for independent validation (Figure 1a). 
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Figure 1. Distribution of LiDAR samples in Canada (left) and corresponding histogram with can-
opy height classes (right). (a) ICESat-2 ATL08. (b) GEDI L2A. (c) ALS. 

2.3. GEDI Data 
In this study, we used the GEDI L2A product data with relative height metrics ac-

quired from NASA’s Land Processes Distributed Active Archive Center (LPDAAC, 
https://e4ftl01.cr.usgs.gov/GEDI/GEDI02_A.001/, accessed on 20 November 2021). GEDI 
contains three lasers and full waveform recording LiDAR instrument operating at near 
infrared region (1064 nm). The lasers cover eight beam ground tracks (four coverage and 
four full power beams), each 600 m apart in the cross-track direction in a track of 4.2 km 
wide swath. Individual laser shots are spaced 60 m along track and have a circular foot-
print of approximately 25 m [38,39]. The data were collected for the same period as ICESat-
2 (June to August 2020). We only selected full power beams as recommended by Liu et al. 
[39] and Potapov et al. [27]. For each 25 m footprint, we extracted the relative height metric 
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rh98 corresponding to 98th percentile of energy return height relative to the ground. The 
sample dataset was composed of a geometry of points with rh98 information represented 
by the centroids of the GEDI footprint (25 m). 

We filtered the points based on the quality flag criteria, in which a value of 1 indicates 
the laser shot meets criteria based on energy, sensitivity, amplitude, and real-time surface 
tracking quality [39]. Since we used covariates at 250 m spatial resolution and GEDI pro-
vides data at 25 m footprint, we adopted the same point thinning procedure as ICESat-2 
to aggregate points into a 250 m grid, in which the final point was the average of 2 to 8 
points, including forest and other land cover types. Afterwards, the resulting 1,249,354 
points were randomly split into 70% for training and 30% for independent validation (Fig-
ure 1b). 

2.4. ALS Data 
Acquiring canopy height measurements over large areas through field work is a dif-

ficult, expensive, time-consuming, and even dangerous activity, especially in forests with 
complex structure or situated in remote areas. When available, field measurements gen-
erally result in a limited number of sample plots and discontinued in time [71]. In this 
study, we had no access to field data that could be used to validate the canopy height 
maps. Therefore, we opted to use ALS data from a national LiDAR campaign to have con-
sistent data across the country avoiding discrepancies upcoming from data collection in 
different fieldwork or LiDAR campaigns. 

ALS data from boreal forest areas were acquired from a campaign conducted be-
tween June and August 2010 [22]. The data were collected in 34 flights using a discrete 
return sensor (Optech ALTM 3100, Teledyne Optech, Toronto, Canada) and resulted in a 
nominal pulse density of approximately 2.8 returns/m2, covering more than 25,000 km of 
LiDAR transects. The data are available in the shapefile format with canopy height metrics 
ranging from 25th to 95th percentiles. The shapefiles contain points representing the cen-
troid of each 25 × 25 m LiDAR plot [22]. Plots are provided in blocks of 10 × 10 LiDAR 
points, corresponding to the spatial extent of 1 km. To avoid having multiple points in the 
same 250 m × 250 m grid and oversample a pixel, we adopted the same procedure as ICE-
Sat-2 and GEDI, taking the average of point values within the same 250 m grid tile. To 
further validate spaceborne LiDAR data, we adopted the P95 that corresponds to 95th 
percentile of height, as rh98 is not available in this dataset. 

Because of the time gap between ALS and spaceborne data (10 years), we removed 
the LiDAR points from areas affected by wildfires or harvest in this period in the last 37 
years. We assume that after 37 years, tree height changes negligibly although other canopy 
structures may change. For this, we used Canada’s forest change data available at 
https://opendata.nfis.org/mapserver/nfis-change_eng.html (accessed on 15 March 2022) 
[64,72,73]. This server provides raster files with forest areas affected by wildfires and har-
vest between the years 1985 and 2015, classified by change type and change year. After 
the abovementioned procedures, a total of 11,863 ALS points remained to be used as val-
idation (Figure 1c). 

2.5. Sentinel and ALOS-2/PALSAR-2 Data 
Table 1 shows the covariates used in this study to estimate canopy height. Sentinel-

1, Sentinel-2 and ALOS-2/PALSAR-2 data were acquired from the Google Earth Engine 
(GEE) platform. We used Sentinel-1 Ground Range Detected (GRD) (European Space 
Agency, Paris, France) scenes dual-polarization C-band (VV/VH), a collection processed 
using the Sentinel-1 Toolbox to generate a calibrated, ortho-corrected product. The data 
are provided in decibel (dB) and 10 m spatial resolution. 
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Table 1. Summary of covariates used in this study for canopy height modeling using the random 
forest algorithm. 

Group Band Description Spatial Res-
olution 

Optical S2_B4 ESA Sentinel 2 Multispectral Instrument Surface Reflectance- red and NIR bands (mar-apr, jun-
jul., sep-oct) 10 m S2_B8 

SAR 

S1_VH ESA Sentinel 1 SAR GRD: C-band Synthetic Aperture Radar Ground Range Detected, log scal-
ing (mar-apr, jun-jul., sep-oct) 10 m S1_VV 

PALSAR_HV Global ALOS PALSAR-2/PALSAR Yearly Mosaic, converted to decibels (DB)-L-band duo-po-
larization horizontal transmit/horizontal receive (HH) and horizontal transmit/vertical receive 

(HV) (annual) 
25 m PAL-

SAR_HH 

From Sentinel-2 MultiSpectral Instrument (MSI) (European Space Agency, Paris, 
France), we used the Level-2A product which contains the surface reflectance data that 
were atmospherically corrected by the sen2cor model [74] and available on GEE. The Sen-
tinel-2 image has 12 spectral bands with the spatial resolution ranging from 10 m to 20 m. 
As we wanted to simplify our approach and not overload the model with optical data, we 
only used the red and near infrared bands (bands 4 and 8). Information provided by the 
quality assessment band (QA60) to select only cloud free images. 

Sentinel-1 from two polarizations (VV, VH), and Sentinel-2 satellite (two spectral 
bands, red, near-infrared), were obtained for three periods of the year 2020: March-April, 
June-July, September-October, in order to capture phenological variations during the 
growing season. If no cloud-free Sentinel-2 image was available for a certain period, we 
collected data from the previous year (2019). A median image composition was applied 
to each band of the Sentinel-1 and -2 images based on all the high-quality observations 
from the studied periods. Data from both satellites were resampled to 250 m using the 
pixel aggregate method to match the chosen resolution for the final maps. 

The third dataset used is the yearly mosaic ALOS-2/PALSAR-2 L-band containing a 
co-polarized wave of HH and a cross-polarized wave of HV, with a spatial resolution of 
25 m. Polarization data stored as 16-bit digital numbers (DN) were converted into 
backscatter gamma-naught (γ0) value (unit: dB) for further analysis. We used Equation 
(1) in GEE [75]: 

γ^0 = 10log^10 (DN^2) − 83 dB (1)

The PALSAR-2 data were acquired for the selected year 2020 for all of Canada and 
resampled to 250 m spatial resolution. 

2.6. Predicting Forest Canopy Height 
To generate continuous canopy height maps, GEDI or ICESat-2 point sampling data 

were matched to contiguous data from the abovementioned optical and SAR sensors. For 
this, we overlaid the point sampling of each sensor with 14 predictor variables (covari-
ates), Sentinel-1 (VV, VH) and Sentinel-2 (red, near-infrared) in three seasons and annual 
ALOS-2/PALSAR-2 (HH, HV), composing the regression matrix. 

As mentioned above, we split the data of each sensor into training (70%), to train the 
model, and test (30%), used as independent data for accuracy assessment. For modelling, 
we used the random forest (RF) algorithm, a machine learning method proposed by 
Breiman [76] that operates as an ensemble of decision trees trained upon random subsets 
of the available labeled samples and predictors. In regression, each model grows with the 
number of trees for minimizing the prediction variance. We chose this method because of 
its ability to deal with multisource data and analyzing complex non-linear and possibly 
hierarchical interactions in large datasets [77,78], and for providing a ranking with the 
importance of each variable used in the regression, which allow us to make assumptions 
about the relationship between response and predictor variables. 
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To train the model, we defined the two RF parameters—the number of trees to build 
the “forest” (ntree) and the number of predictors considered for each node in the trees 
(mtry)—as follows: we chose 500 for ntree since no difference in accuracy was notice be-
tween 500 and 1000, while the mtry parameter was set to 3, after testing values between 2 
and 6 starting with the standard mtry recommended for regression, which is the number 
of variables divided by 3. The model fitting was executed using the ranger package [79] 
in R programming [80]. Ranger is an implementation of RF with internal parallelization 
that is particularly appropriate for high dimensional data [79]. 

For spatial prediction, the 14 covariates originally composing stacked raster files cov-
ering all Canada’s forests, were first converted to data frames so that each row corre-
sponds to a 250 m cell grid and each column is a covariate. Due to the large size, the data 
were split into 400 × 400 km tiles and the trained model was applied tile-by-tile, where all 
tiles with predicted canopy height values were mosaicked at the end and exported in tiff 
format for the final map. 

To evaluate the importance of predictor variables, we used the RF internal sampling 
procedure called out-of-bag (OOB) and Mean Squared Error (MSE). To rank the variables, 
RF omits one by one from the predictor variable list and, depending on how much this 
increases the OOB error, the variable is considered more or less important [81]. 

2.7. Accuracy Assessment 
For accuracy assessment, we used common evaluation metrics such as r-square (R2), 

a relative measure of fit, root mean square error (RMSE) to know how far apart the pre-
dicted heights are from the observed heights, and mean absolute error (MAE), that cap-
tures absolute difference between two height metrics. We also computed the mean differ-
ence (MD) or bias, which represents how much observed values systematically differ from 
predicted values, with negative values signifying underestimation and positive values 
signifying overestimation [38]. 

The evaluation metrics were computed assessed with two datasets: (1) a set-aside 
30% of the GEDI/ICESat-2 observations served as the primary validation data set, and (2) 
measuring the agreement of the produced canopy height maps with the national ALS 
data. 

3. Results 
3.1. Forest Canopy Height Model Accuracy and Variable Importance 

When the ICESat-2 model was evaluated using the set-aside dataset, we achieved an 
R2 of 0.60, RMSE of 5.4 m and MAE of 3.4 m (Figure 2a), while a decrease in R2 but also in 
RMSE was observed when ICESat-2 was validated against ALS (i.e., R2 of 0.36 and RMSE 
of 5.2 m) (Figure 2b). For the GEDI set-aside dataset, we achieved an R2 of 0.58, RMSE of 
4.3 m and MAE of 2.9 m (Figure 2c). Again, when GEDI was validated against the ALS 
data, we obtained a R2 of 0.37 and a slight decrease in the RMSE (i.e., 4.2 m) (Figure 2d). 
In both situations, the model tends to overestimate tall trees (>20m) and underestimate 
the small ones (<5m) (Figure 2). The MD between GEDI canopy height map and ALS data 
was 0.9 m, while for ICESat-2 it was 2.9 m, showing that both spaceborne LiDAR-derived 
products overestimate canopy height in relation to ALS with GEDI closer to ALS meas-
urements.  
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Figure 2. Relationship between the measured and estimated canopy height values using an inde-
pendent validation assessment with GEDI and ICESat-2 sample set (a,c) and a random forest algo-
rithm, and the resulting canopy height maps compared to ALS point data (b,d). Point density is 
indicated with a blue (low-density regions) to red (high-density regions) color gradient. The black 
line represents a 1:1 linear fit line. (a) Internal validation using ICESat-2 ATL08 modeled using 14 
covariates and 145,987 points, and 62,566 points used for test. (b) Validation using 18,090 ALS points 
versus ICESat-2 canopy height map. (c) Internal validation using GEDI L2A modeled using 14 co-
variates and 874,548 points, and 374,806 points used in the test. (d) Validation using 18,090 ALS 
points versus GEDI canopy height map. 

The ranking with variable importance provided by RF showed that both SAR bands 
from ALOS-2/PALSAR-2 were the most important information to predict canopy height 
using both ICESat-2 and GEDI data (Figure 3). In fact, ALOS-2/PALSAR-2 HV stood out 
over other covariates to predict canopy height representing alone almost 20% of relative 
importance. SAR data were also in second and third places of the ranking when using 
GEDI, whilst the two bands of Sentinel-2 from March-April period were important for 
ICESat-2. In both situations, cross polarized data from both SAR sensors PALSAR-2 (HV) 
and Sentinel-1 (VH) were more important than co-polarized (HH, VV). 



Remote Sens. 2022, 14, 5158 10 of 19 
 

 

  
Figure 3. Ranking of variable importance generated by the random forest algorithm. (a) Ranking 
with relative importance of covariates when modeling canopy height using ICESat-2 data. (b) Rank-
ing relative importance of covariates when modeling canopy height using GEDI data. 

3.2. Spatial Distribution of Canopy Height 
Figure 4 presents the maps with the spatial distribution of canopy height derived 

from ICESat-2 (Figure 4a) and GEDI (Figure 4c), and the difference between both (Figure 
4e). In general, the maps agree in showing a decrease in canopy height with increasing 
latitudes, and larger canopy height values in forests of the Pacific Maritime and Montane 
Cordillera ecozones. The map derived from ICESat-2 shows higher canopy height com-
pared to the GEDI map, as can be seen in the histograms of Figure 4b,d,f. For instance, we 
notice that in hemi-boreal forests, most trees are above 30 m in the ICESat-2 map, while 
GEDI falls in a range between 25 m and 30 m. The same trend is observed in the Atlantic 
Maritime ecozone and all the areas comprising hemi-boreal forests—ICESat-2 resulting in 
higher canopy height values than GEDI. This is consistent with the accuracy results ob-
served from ICESat-2, with an overestimation of 2.9 m in relation to ALS data, while only 
0.9 m observation was observed in the GEDI map (Figure 2). However, it is worth men-
tioning that fewer GEDI samples cover hemi-boreal forests while no ALS measurements 
cover those areas, where a forest canopy height taller than 30 m is expected. The map in 
Figure 4e shows that the difference between ICESat-2 and GEDI is more pronounced in 
areas with high canopy height values in the Pacific Coast with a general overestimation 
of ICESat-2 over GEDI. Although the difference between the two maps is small, with most 
histogram values around 0 (Figure 4f), there are some pixels that differ by more than 10 
m. 
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Figure 4. Predicted canopy height in forested ecosystems of Canada using spaceborne LiDAR asso-
ciated with 14 covariates and a random forest algorithm. (a) Canopy height map from ICESat-2. (b) 
Histogram with distribution of canopy height values using ICESat-2. (c) Canopy height map for 
GEDI. (d) Histogram with distribution of canopy height values using GEDI. (e) Difference between 
ICESat-2 and GEDI canopy height map. (f) Histogram with distribution of the difference between 
ICESat-2 and GEDI canopy height values. 

In Figure 5, we can see the histograms with the distribution of canopy height per 
ecozone using the GEDI map. As expected, higher canopy height values are predomi-
nantly located in the Pacific Maritime in British Columbia, whilst shorter trees are pre-
dominant in northern ecozones such as Hudson Plain, Taiga Plain and Taiga Cordillera. 
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Figure 5. Distribution of canopy height values for Canada’s ecozone according to canopy height 
map produced from GEDI data. Note: red line indicates canopy height average; mean ± standard 
deviation is described in the bottom of each histogram. 

In Figure 6 (zoom 1), the map subset derived from GEDI demonstrates canopy height 
variation related to natural forest types, clearly separating tall forests in the coastal area 
of British Columbia from shorter canopy height forests in mountains areas. Figure 6, zoom 
2, shows shorter forests as expected for peatlands in the Hudson Bay Lowlands. 

 
Figure 6. Forest canopy height map for the year 2020 produced through the integration of GEDI 
data (June–August 2020) and covariates derived from Sentinel and PALSAR-2. Close-up examples 
with google satellite images illustrating (1) forests in the Pacific Maritime and Montane Cordillera 
ecozones, (2) peatlands in the Hudson Plain ecozone. 
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4. Discussion 
4.1. Comparing the Accuracy of ICESat-2 and GEDI to Predict Canopy Height 

Using ICESat-2 and GEDI spaceborne LiDAR combined with Sentinel and ALOS-
2/PALSAR-2 we were able to produce spatially continuous canopy height maps in for-
ested ecosystems of Canada. Even with many areas beyond GEDI coverage, we achieve a 
RMSE of 4.2 m using this sensor, while a RMSE of 5.2 m was observed using ICESat-2 that 
reach full coverage in Canada. When producing a global canopy height map using GEDI 
and Landsat imagery, Potapov et al. [27] reported a RMSE of 9.07 m and a MD of -3.8 m 
when the model was compared to ALS data used for validation, indicating an underesti-
mation of forest height. Our study shows a MD of less than 1 m when using GEDI model 
in relation to ALS data (0.9 m) and a RMSE more than 50% lower than the global study 
(4.2 m). ICESat-2 showed a MD of 2.9 m, which is a much greater overestimation than 
GEDI in relation to ALS data. When comparing GEDI and ICESat-2 for canopy height 
retrieval, Liu et al. [39] reported that GEDI outperforms ICESat-2, as ICESat-2 was more 
prone to bias for almost all forest types and cover conditions. When using all data pairs 
regardless of beam intensity and acquisition time, the authors achieved overall RMSEs of 
7.01 m and 5.02 m for ICESat-2 and GEDI, respectively, while using only strong/power 
beam data acquired at night, resulted in a decrease in RMSEs to 3.93 m and 3.56 m. Neu-
enschwander et al. [36] used ATL08 from ICESat-2 to derive canopy height in boreal for-
ests in Finland with an underestimation of 0.56 m with strong beam at night in summer. 
In this study, we used strong/power beam and summer season, but we included day and 
nighttime data to reach better coverage. 

Our findings suggest that canopy height maps from both spaceborne LiDAR tended 
to overestimate smaller trees (<5 m) and underestimate taller trees (>20 m) and a MD sug-
gesting overestimation (0.9 m from GEDI and 2.9 m from ICESat-2) in comparison to ALS 
data (Figure 2). In contrast, Neuenschwander et al. [36] and Malambo and Popescu [38] 
found that ICESat-2 tends to underestimate canopy height, yet they evaluated the sensor 
at the point level and not associated with other covariates and machine learning method 
as here. When measuring the agreement between multiple canopy and terrain height es-
timates from the ATL08 product and the corresponding height estimates from ALS in 12 
sites across 6 biomes in the US, Malambo and Popescu [38] found the MD between ICESat-
2 and ALS canopy height estimates of −1.71. In a global study using GEDI, Potapov et al. 
[27] reported that GEDI tended to underestimate shorter canopies (<3 m) and tall forests 
(>21 m height), while Liu et al. [39] reported that ICESat-2 tends to overestimate the can-
opy height of dwarf shrublands and underestimate the canopy height of forest. However, 
Liu et al. [39] argued that the ALS data used for accuracy assessment mainly sample tall 
forests, while in our study, the ALS data were acquired 10 years before the spaceborne 
LiDAR data and only involve boreal forest, not including tall canopies commonly found 
in Pacific Maritime and Montane Cordillera ecozones. We can summarize three main rea-
sons that both sensors overestimate canopy height in relation to ALS: (a) forest growth 
and history of disturbance during the 10-years period, (b) ALS data do not cover the tallest 
forests of the country, (c) from ALS data, we used rh95 while for spaceborne LiDAR, rh98. 

Our study covers 347 million ha, the R2 we obtained using GEDI/ICESat-2 test data 
(i.e., 0.58 and 0.60) is within published range of previous works that was mostly conducted 
at landscape or smaller study areas [26,37,82]. ICESat-2 and GEDI reached similar R2 using 
the set aside validation and ALS data. However, in both situations, a difference of 1 m in 
RMSE is observed (e.g., ~5.2 m ICESat-2, compared to ~4.2 m GEDI). In their study, 
Malambo and Popescu [38] recommended the use of metrics like MD (bias) and MAE, 
since ATL08 from ICESat-2 and ALS may have outlying estimates which could distort the 
association between the measurements and provide a distorted view of the agreement. In 
fact, although the validation using ALS data resulted in a R2 much lower for both ICESat-
2 and GEDI than when using set aside data, the RMSEs were also slightly lower. Accord-
ing to Potapov et al. [27], tree-based models applied over large areas performed less well 
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than locally calibrated models. At a smaller scale, promising results were shown by Li et 
al. [37] when using ICESat-2 data associated with Sentinel-1, Sentinel-2 and Landsat-8 
data. Using an independent test dataset, they reached an R2 of 0.78 and 0.68, and RMSE of 
2.64 m and 2.93 m when using a deep learning and RF model, respectively. 

4.2. Integrating Spaceborne LiDAR and Other Sensors for Continuous Canopy Height Mapping 
Many of the existing studies evaluated ICESat-2 or GEDI at the plot level as they did 

not provide continuous canopy height maps (e.g.,[37,38]) or using GEDI with optical data 
from Landsat and regression models to produce canopy height maps (e.g., [27]). Li et al. 
[37] is one of the few existing studies associating ICESat-2 with both optical and SAR to 
produce canopy height maps. In fact, they reported that backscattering coefficients from 
Sentinel-1 together with the red-edge related variables from Sentinel-2 positively contrib-
ute to the prediction of forest canopy height. In our study, PALSAR-2 was ranked as the 
best variable for both ICESat-2 and GEDI.  

While optical sensors do not provide 3D information from forest, the short wave-
length C-band data provided by Sentinel-1 only interacts with top canopy leaves. L-band 
is more sensitive to forest biomass and height estimation than C-band because its longer 
wavelength penetrates forest canopy capturing backscattering from branches and trunk 
[83,84]. Its high sensitivity to the forest vertical structure makes it advantageous in ex-
tracting forest canopy height. Yet, data from PALSAR-2 have not been sufficiently ex-
plored so far for canopy height retrieval and its potential is shown in this study. Cross 
polarized data from both SAR sensors, PALSAR-2 (HV) and Sentinel-1 (VH), were more 
important than co-polarized because they indicate the volumetric scattering from vegeta-
tion related to tree leaves and branches [85], while co-polarized as HH is mainly indicative 
of double bounce scattering associated with tree trunks, buildings or inundated vegeta-
tion. Upcoming satellite missions such as the NASA-ISRO Synthetic Aperture Radar 
(NISAR) will collect data in L and S frequencies which can greatly contribute to canopy 
height and AGB estimation. 

4.3. Spatial Distribution of Canopy Height in Canada and Study Limitations 
The spatial distribution of forest canopy height observed in this study is in line with 

existing maps covering Canadian territory. When estimating forest structure using ALS 
and Landsat, Matasci et al. [58] reported higher canopy height values in the Montane Cor-
dillera and Pacific Maritime ecozones, with median canopy height values of approxi-
mately 20 m, which is similar to values of this study (Figure 5). They found the lowest 
canopy height values in the Taiga Shield West and Taiga Cordillera, while in addition to 
those areas, our study also shows lower canopy height values in Hudson Plain, and higher 
values in Atlantic Maritime ecozone. Our maps also show similarities with the Global 
Forest Height 2019 [27], with higher canopy height values in the hemi-boreal forest areas 
and southern parts of boreal forest. However, this study and none of the abovementioned 
studies directly compared the results with field measurements, it is not possible to say 
which one is more accurate in terms of canopy height estimates. 

GEDI map showed a better result in terms of accuracy metrics. Nevertheless, as nei-
ther GEDI nor ALS (used to validate that models) have a good coverage in some ecozones 
as the Pacific Maritime, they may underestimate tree heights in those areas. For instance, 
Pacific Maritime showed an average canopy height of 19.5 m when using the map pro-
duced with GEDI data (Figure 5), whilst an average of 25 m was observed with ICESat-2 
canopy height map, which is more realistic for that ecozone. This can also be related to 
lower spatial resolution adopted in this study (250 m). Within these ~6 ha of forest, we are 
likely to have a wide range of canopy heights as there will be stands of different ages and 
disturbance histories that were all aggregated into one pixel. 

Considering that all covariates used here have a spatial resolution higher or equal to 
30 m, the maps can be produced at finer scale and be used for local and regional scale 
analyses. Yet, Xi et al. [50] tested ICESat-2 associated with Sentinel data at 10, 30, and 250 
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m spatial resolution and obtained the best result at 250 m. Nevertheless, the canopy height 
maps produced here can be used as a predictor variable to estimate AGB or for other na-
tional scale analyses: to detect forest disturbances, to monitor changes in AGB stocks re-
sulting from forestry operations and land conversions, to monitor the effects of forest deg-
radation, to evaluate the progress of forest restoration projects, or to model key ecosystem 
variables such as primary production and biodiversity [27]. 

5. Conclusions 
This study compared data from two new spaceborne LiDAR sensors, ICESat-2 and 

GEDI, to estimate canopy height in forested ecosystems of Canada. LiDAR data were as-
sociated with Sentinel-1 and -2 and ALOS-2/PALSAR-2 to produce continuous canopy 
height maps at 250 m resolution. In terms of RMSE, GEDI had an error of 4.2 m, which is 
1 m lower than observed for ICESat-2. However, as GEDI has no full coverage in Canada, 
hemi-boreal and northern forests are underrepresented in the model. Visually, the map 
resulted from ICESat-2 represented very well the expected higher canopy heights in the 
Pacific Maritime and Montane Cordillera ecozones. The methodology applied here using 
both sensors overestimate canopy height in relation to national ALS data, with GEDI again 
performing better than ICESat-2, with a MD of 0.9 m in comparison to 2.9 of ICESat-2. 
Nevertheless, there is a 10 years-time gap between the data compiled from ALS and space-
borne sensors, and the fact that ALS only covers boreal forest areas, can be the reasons for 
overestimation. In fact, since no comparison with current ALS data or field measurements 
were made, it is difficult to state which sensor was more precise. For future studies, we 
recommend testing the potential of GEDI and ICESat-2 with new ALS data taken at the 
provincial level. 

PALSAR-2 HV polarization was the most important covariate to predict canopy 
height, showing the great potential of L-band in comparison to C-band from Sentinel-1 or 
optical data. The fact that we used only a few and open access covariates, make the ap-
proach used here suitable for operational continuous canopy height mapping. To the best 
of our knowledge, there is no study associating GEDI or ICESat-2 with PALSAR-2, and 
this study highlighted the potential of this combination. PALSAR-2 is only available as 
annual mosaic which makes the approach proposed here better for canopy height moni-
toring at annual or longer observation periods. 

Despite these caveats, this study shows that both GEDI and ICESat-2 can be used for 
large scale continuous mapping of canopy height in Canada or other high latitude regions. 
Canopy height is one of the main indicators of AGB that can be obtained with remote 
sensing observations, and the maps can be used to produce operationally updated inte-
grated forest structure and change maps to inform climate mitigation policy initiatives. 
The next steps include producing annual forest canopy height estimates at higher resolu-
tion to quantify AGB and to monitor carbon stock changes from forestry operations, dis-
turbances and land conversions, in addition to using more recent provincial ALS data to 
validate canopy height maps. 
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