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ABSTRACT
The aim of this study is to evaluate the suitability of very high- 
resolution satellite stereo-imagery data for creating forest fire- 
related fuel load maps in the boreal region. We acquired 
stereo imagery from the GeoEye-1 (GE-1) satellite, which has 
a ground sampling distance of 50 cm. The images were 
acquired in August 2021 and 2023 (hence leaf-on). Our study 
area was centred around the Hiidenportti national park in 
central Finland, dominated by natural boreal forests. The 
ground reference was a field dataset consisting of measure
ments from 33 forested plots, each of 15 m radius. The domi
nant height (m), foliage biomass (t ha-1) and canopy base 
height (m) were predicted using multivariate linear regression 
models, while the understory presence (categorical; present/ 
absent) was predicted using logistic regression analysis. 
Prediction models using area-based metrics based on airborne 
laser scanning (ALS) data had the smallest associated root 
mean square error (RMSE) (between 2.6% and 23.9%). 
Meanwhile, similar type of area-based metrics of stereo satel
lite data combined with an ALS-based digital terrain model 
(DTM) resulted in RMSEs of 6.6–30.3%. We also formulated 
models suitable for the case when only satellite data is avail
able (i.e. high-quality DTM is absent), such as in remote loca
tions of the boreal forest region. In this case, the models 
involved several canopy texture metrics and point cloud 
height and colour intensity-based metrics as predictors. The 
associated relative RMSEs were in the range of 11–30%. 
Dominant height, an important global vegetation metric, was 
predicted with an RMSE of 2.6 m, which compares well with 
other model predictions under similar circumstances. Our find
ings suggests that very high-resolution stereo satellite image 
data is promising for the generation and updating of wall-to- 
wall boreal forest fuel load maps, including remote areas lack
ing high resolution DTM data.
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1. Introduction

Changes in global wildfire regimes caused by several factors including climate change is a 
cause of concern, with wide-ranging implications for both human and ecosystem health 
and well-being (Duane, Castellnou, and Brotons 2021). The series of mega-fires that have 
been seen in the last decade are unprecedented in the worldwide instrumental records 
and threaten the stability of major global carbon sinks such as that in the Amazon region 
(Clarke et al. 2022). There are also serious consequences projected for the timber industry: 
a recent study found wildfire-related global timber-producing forest area losses are 
substantial and increasing (Bousfield, Lindenmayer, and Edwards 2023). There are around 
1000 small (average size < 1 ha) forest fires annually in Finland (Lehtonen et al. 2016). The 
major reasons for these relatively small fire sizes in the country is the presence of a well- 
developed fire suppression infrastructure and a dense forest road network. However, 
there was increased forest fire activity in the region of Sweden and Finland in the years of 
2014 and 2018, with respect to long-term climatological averages (Maltamo et al. 2020). 
Moreover, an increase in the frequency of hot and dry periods is projected for the country 
in the future, because of a warming climate (Lehtonen et al. 2016). This would lead to 
augmented forest fire risks in the region.

Remote sensing has played a significant role in guiding forest fire management, such as 
those related to fuel estimation and related fire risk mapping (Gale et al. 2021). Over the 
past few decades, three-dimensional (3D) data acquired remotely has emerged as a crucial 
information source for predicting the spatial characteristics of forest biophysical properties, 
including those related to forest fire fuel load. Among 3D remotely sensed (RS) technolo
gies, Airborne Laser Scanning (ALS) has received extensive scrutiny for its application in 
forestry. Its effectiveness in mapping forest biophysical features (such as canopy height, 
canopy cover, crown dimensions and understory presence) has been thoroughly recorded, 
particularly within the framework of stand level management inventories and that of 
ecological and biodiversity surveys (Fassnacht et al. 2024; Stereńczak et al. 2020; 
Toivonen et al. 2023). Notably, ALS possesses the capability to acquire highly detailed 3D 
profiles across extensive areas, offering insights into ground elevation and providing in- 
depth three-dimensional forest characterization. The primary remote sensing data used for 
operational forest management inventory in Finland is ALS data (Maltamo and Packalen  
2014). It has been used in an area-based approach context in conjunction with plot data to 
derive wall-to-wall maps of important forest fuel load parameters (e.g. see Maltamo et al.  
2020). Another interesting and more generalizable alternative of using ALS data is applying 
the Beer – Lambert law of light extinction to invert ALS return vertical structure to vertically 
stratified fuel load metrics distributions (Martin-Ducup et al. 2025). Nevertheless, the 
associated costs of collecting and updating ALS data have been a barrier to its deployment 
over large areas, such as on a national scale in larger countries. This is especially true for 
remote (but fire prone) locations of the boreal region, where the lack of supporting 
infrastructure (roads, aircraft take-off and landing strips, etc.) can drive up costs.

It can be said that the launch of IKONOS satellite in 1999 was the start of a new age in 
the satellite based remote sensing. Since then, a number of so-called very high-resolu
tion (VHR) optical earth observation satellites have been launched, with the ground 
sampling distance (GSD) of associated PAN images being ~1 m or less. Around 25 of 
them (including constellations) have been launched since 1999; they are listed in a 
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recent publication (Yin et al. 2023; see Table A.1). The GeoEye-1 satellite, launched in 
2008, is one of them and is the source of images used in this article. The GSD of the 
panchromatic images acquired by the GeoEye-1 satellite is 46 cm at nadir, while the 
multispectral bands (4 of them) have a coarser resolution of 1.84 m. Moreover, it has the 
capability to collect in-track stereo images that enables the creation of a 3D model of 
the vegetation below. The commercial acquisition cost of such stereo imagery is 
typically ~30 euros per square kilometre. This compares somewhat favourably with 
that of ALS data; for example, the cost of ALS acquisition in Finland is ~40 euros per 
km2 (National land survey of Finland 2023). There have been several previous studies 
looking at the suitability of using such high-resolution stereo images for forest para
meter estimation (Fassnacht et al. 2017; Vastaranta et al. 2018; Wittke et al. 2019). But 
they may be subject to one or several disadvantages with respect to boreal forests fuel 
load mapping. Most of them use a set of ground control points (GCPs) to correct the 
orientation of the images; collection of such GCPs may be infeasible in many remote 
forested areas. Meanwhile, the importance of the algorithm used for image matching 
has been demonstrated in the forestry context (Kukkonen, Maltamo, and Packalen  
2017). Another important aspect to consider is the software implementation of the 
algorithm, which can significantly affect vegetation reconstruction from stereo images 
(Probst, Gatziolis, and Strigul 2018). Most previous studies do not take advantage of 
improvements in these directions that have happened in the last few years. Lastly, many 
of them were conducted in the temperate and tropical vegetation zones, and are not 
representative of the relatively sparse, coniferous dominated boreal forests of the 
Nordic region.

Many previous similar studies use a high-quality ALS-based DTM as auxiliary data 
for the processing of the stereo satellite image data (Fassnacht et al. 2017; Liu et al.  
2021; Vastaranta et al. 2018). The ground elevation values derived from such a DTM 
are used to ‘normalize’ the z-values in the satellite-derived point cloud; i.e. to convert 
them to height above local ground level. But such a DTM may not be available in 
many remote (but fire prone) areas, such as the southern edge of the boreal forest 
region. An alternative is using a global DTM as a substitute. But these may be error 
prone, especially in forested areas (O’Loughlin et al. 2016; Rizzoli et al. 2017). 
Meanwhile, a study on the feasibility of predicting forest volume using non-normal
ized point cloud data from unoccupied aerial vehicles (UAVs) reported encouraging 
results in both Italian and Norwegian forested regions (Giannetti et al. 2018). The 
results of that study seem to indicate that one can derive image metrics, which are 
correlated to various important forest parameters (such as dominant height, timber 
volume, etc.) even in the absence of a high-quality DTM. In this work, we evaluate 
the efficacy of similar techniques but in the context of high-resolution stereo satellite 
data from the GeoEye-1 satellite.

Various fire behaviour models are used by forest managers and stakeholders to 
assess fire risk and to plan controlled and strategic fuel reduction treatments, such as 
controlled burning (e.g. FARSITE and Prometheus, see Gale et al. 2021). The spatial 
mapping of various fuel types and quantity is an important input for these models 
(Chirici et al. 2013). In forested environments, one of the most important fuel 
parameter input for fire behaviour models is the canopy bulk density (CBD). This is 
defined as the mass of available canopy fuel (canopy fuel weight) per defined chosen 
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unit canopy volume (Gajardo, García, and Riaño 2014). It is closely linked to the 
initiation and propagation of crown fires (Wagner 1977). A simpler version of this 
parameter estimates only the foliage biomass while the more comprehensive version 
includes both foliage and tree branches. Another important parameter for fire 
behaviour models is canopy base height (CBH). This refers to the vertical distance 
between ground surface and the base of the continuous live crown (i.e. lowest 
branch of the tree crown with live foliage) (Stefanidou et al. 2020). Given high- 
quality ALS point cloud data that sufficiently samples all vertical strata of overstory, 
this can be estimated either from the vertical distribution of the returns or by 
regression-based methods (Maltamo et al. 2018). Yet another crucial fuel parameter 
that characterizes the forest understory layer is the surface canopy height (SCH). It is 
defined as the height of the fuel layer that is situated over the ground fuels but 
beneath the canopy or aerial fuel (Gajardo, García, and Riaño 2014). A 2-metre 
threshold has been used by some authors (Labenski et al. 2022); any biomass 
below it was considered as surface fuel. This usually comprises of grass, shrubs, 
brush, slash and timber and is important to both fire intensity and spread.

The objective of the present study is to better understand the capabilities of VHR 
satellite data combined with the latest point cloud generation software techniques to 
predict forest fuel load related parameters. We focus on the three parameters listed 
above, given their importance in fire behaviour models. We also try to predict canopy 
height (quantified as dominant height) as it is an important spatial variable correlated 
with forest productivity, terrestrial ecosystem functioning, aboveground carbon stock and 
biodiversity (Skidmore et al. 2021). Surface canopy height is discretized into a binary 
categorical variable (understory present/absent), in our case. Specifically, we aim to 
address the following research questions:

1. What is the efficacy of satellite stereo point data for prediction of boreal fuel load 
parameters, when compared to those from ALS?

2. Can a set of metrics solely derived from satellite data (i.e. no high-quality auxiliary DTM 
available) be used to predict these fuel load parameters?

By systematically investigating these questions, we help to evaluate the potential of 
satellite based stereo imagery and orthoimagery as a viable alternative to ALS for both 
small area and large area mapping of forest parameters.

2. Materials and methods

2.1. Study area

The site for this research study is a 10 × 10 km area, located around the Hiidenportti 
National Park, in central Finland (63° 52’N, 29° 4’ E). The forest here is part of the middle 
boreal forest zone, and comprises of a mix of natural and managed forests. The elevation 
ranges from 160 to 260 m above sea level, with respect to the Finnish N2000 height 
system. The dominant tree species found here are Scots pine (Pinus sylvestris L.) and 
Norway spruce (Picea abies (L.) H. Karst.).
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2.2. Field data

Measurements from 33 fixed radius sample plots were used in this study (Figure 1); 
all these plots were unaffected by cloud cover in the satellite images (described 
below). These plots were placed so that they sampled a wide range of forest 
conditions of the study area with respect to tree species, height and volume. Of 
these, 29 plots were measured in the summer of 2021, and four additional plots in 
the summer of 2023. Of the 33 plots, 31 were located in mature or old growth 
forests that were rich in dead wood. These plots had a radius of 15 m. Meanwhile, 
two plots were in young stands; these were included to get more height variation 
in the plot dataset. They had a radius of 10 m. Plot locations were positioned by 
means of a Trimble Geo 7+ Tornado (with external antenna) global navigation 
satellite system (GNSS). The GNSS data were corrected afterwards using reference 
stations (post-correction estimated location accuracy is ±1 m). The diameter at 
breast height (DBH), tree height and crown base height were measured from all 
trees having DBH more than 5 cm. The heights were measured using a Haglöf 
Vertex IV electronic hypsometer. Tree species was also determined for each mea
sured tree. Dominant height was calculated as an average of tree heights of 100 
most thickest trees by DBH per hectare. Foliage biomass was predicted using 
biomass models of Repola (Repola 2008, 2009). The existence of understory in 
plots was visually assessed during fieldwork. That is, according to visual 

Figure 1. Location of forest plots in the 10 × 10 km study area. The inset map on the right shows the 
location of the study area in Finland. The background image for the main map is an aerial orthophoto 
from the year 2020, indicating the major land cover types present.
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interpretation, plots were classified as either ‘understory absent’ or ‘understory 
present’. For the plots with understory, the main tree species and mean height 
of the understory vegetation were visually assessed. Meanwhile, the associated 
stem number was counted. Salient statistics of plot attributes modelled in this 
study are shown in Table 1.

2.3. Remote sensing data

2.3.1. Airborne laser scanning (ALS) data
We used ALS data that was collected as part of a periodical national survey by the National 
Land Survey (NLS) of Finland. As part of this, a Riegl VQ-1560II laser scanner-based system 
was employed to gather such data across the study area in June 2020 (hence leaf-on 
conditions). More details about the data acquisition are given in Table 2.

2.3.2. Satellite stereo-imagery
We acquired in-track stereo pairs of satellite images from GeoEye-1, a commercial optical 
satellite launched in September 2008. The images were acquired over the study area on 
28 August 2021 (leaf-on) at approximately 12.30 pm local time. The images were delivered 
in four rectangular tiles. The cloud cover over the study area was estimated at ~16.3%, but 
most of our sample plots were unaffected. The pairs exhibited good horizontal geo- 
positioning accuracy. The panchromatic (PAN) resolution of the images was 50 cm, while 
the multispectral image resolution was 2.0 m. The four multispectral bands present were 
blue (445–517 nm), green (507–586 nm), red (626–696 nm) and near-IR1 (765–899 nm).

We generated point clouds by automatic matching of satellite image pairs. This was 
done by using the ‘DSM extractor’ add-on module in ERDAS IMAGINE Photogrammetry 
Suite (version 16.7.0). The module uses semi global matching (SGM) algorithm 

Table 1. Statistics associated with the 33 field-measured plots used in this study.
Mean Std. dev. Min. Max.

Dominant height (m) 23.6 4.0 10.0 30.9
Foliage biomass (leaf on) (t ha−1) 7.7 3.8 1.7 18.0
Canopy base height (m) 7.0 2.0 2.1 12.7
Timber volume (m3 ha−1) 275.2 98.0 40.4 522.2
Mean diameter (cm) 19.5 4.2 9.6 27.6
Number of stems (ha−1) 892.8 353.4 382.0 2387.3

Present Absent
Understory presence 22 11

Pine Spruce Birch and other deciduous
Main tree species 11 13 9

Table 2. Salient ALS data related acquisition parameters.
Parameter Value

Instrument used Riegl VQ-1560II S2222736/RiACQUIRE
Aircraft altitude (from mean terrain level) 2100 m
Pulse repetition frequency 1,338,000 Hz
Beam divergence 0.25 mrad
Scanning angle ±20∘

Average point density 5.1 pulses/m2

Side overlap 20%
Num. returns recorded per pulse (max.) 7
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(Hirschmüller 2005) to match pixels and thus generate point clouds. Prior to this, the 
standard procedure of bundle block adjustment with automatic-generated tie points was 
used to revise the external orientation parameters obtained from the rational polynomial 
coefficient (RPC) files. The panchromatic images were used to generate a relatively dense 
point cloud (6.55 points per square metre). The multispectral images were used to 
generate a relatively sparse multispectral point cloud (0.27 points per square metre). 
Each point in it had colour intensities of red, green, blue and near-infrared associated with 
it. We did not use ground control points (GCPs) as part of this procedure as we wanted our 
methodology to be extended to remote regions in the boreal zone, where the collection 
of such GCPs may be infeasible. The images were also orthorectified using a globally 
available 12 m-resolution TanDEM-X DTM (Zink et al. 2021). This was also done without 
using GCPs.

2.4. Extraction of predictive metrics

In this study, the area-based approach (Næsset 2002) was used to create models of forest 
attributes. Hence, predictive metrics were extracted from field plots. Metrics were 
extracted over each of the 33 plots using a 15 m radius buffer from plot centre. We 
considered three remote sensing feature groups in this study. These groups represent 
various scenarios of the availability of remote sensing datasets for a new geographic area 
where our fuel load mapping models are to be applied. These groups are:

(1) ALS only: Up-to-date and high-quality ALS data is available.
(2) Stereo satellite image point cloud data, normalized by DTM: This feature group 

represents a location where high-resolution stereo satellite data is available, along 
with a good-quality DTM. It will henceforth be called ‘normalized satellite-based 
point cloud’ (NSPC).

(3) Stereo satellite image only: This represents a remote location in the boreal zone, 
where no ALS or good-quality DTM is available. This feature group will henceforth 
be called ‘satellite data only’ (SDO), to underline the fact that it is stand-alone and 
DTM independent data, that can be derived solely from the high-resolution satellite 
images.

2.4.1. ALS only
We derived several metrics related to the height (z) and the horizontal (x, y) distribution of 
points using the lidR package (Roussel et al. 2020). We formed three return categories 
based on the return number and the total number of returns for that emitted pulse. We 
term these as ‘first’ (either be a single return or first-of-many), ‘intermediate’ (i.e. there are 
more than two returns and it is neither the first or last return), and ‘last’ returns (last-of- 
many; there is more than one return, and it is the last). Metrics were derived separately 
from each such echo category (Table 3).

2.4.2. NSPC feature group
For this, the panchromatic satellite stereo-imagery-based point cloud was normalized to 
heights above the ground. This was done by using an ALS-based DTM from the national 
land survey of Finland. Thus, all height (z) values in the resulting point cloud were with 
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respect to the local ground level. From this point cloud, we computed several metrics. The 
set of derived metrics were similar to those from ALS data (Table 3), except that those 
based on return categorization (e.g. first return based) were excluded.

2.4.3. SDO feature group
These metrics were derived from the satellite stereo-imagery-based point cloud, without 
the use of an external DTM.

2.4.3.1. Point cloud-based metrics. These sets of derived metrics were similar to those 
from ALS data (Table 3), but without return number based categorization. All predictor 
metrics related to z were computed using standardized z (zst) values. These zst values were 
computed for each point as: 

where zi is the z coordinate of the point, �zp is the average value of z in the plot and σzp is 
the standard deviation of z in the plot. This was done based on the recommendation in 
Giannetti et al. (2018). We also derived several metrics from the multispectral point cloud 
that factored in the colour intensity of the points (Table 4).

2.4.3.2. Texture related metrics. We computed texture-related metrics from the orthor
ectified satellite images using the R GLCM package (Zvoleff 2020). For this, we used four 
image rasters (PAN, red, green, blue) and two derived ones. These were the NDVI and the 
DSM height rasters; the DSM height was computed from the satellite point cloud. A 

Table 3. Summary of point cloud metrics derived from ALS data.
Metric Description

meanz, sdz, skewz, kurtz, entz The mean, standard deviation, skewness, kurtosis and entropy 
of z values

p5z, p10z, p15z, . . . Percentile (quantile) of height distribution (z values). For 
example, p5z is the 5% quantile.

d1z, d2z, . . . d10z Density metrics. Cumulative percentage of return in the ith layer 
according to Woods, Lim, and Treitz (2008).

meanfz, sdfz, skewfz, kurtfz, entfz, p95fz . . . etc . . . The mean, the standard deviation, skewness, kurtosis, entropy, 
height percentiles and density metrics of the first returns. 
Likewise, these statistics were also calculated for the other 
two return categories; i.e. intermediate returns (e.g. meaniz) 
and last returns (e.g. meanlz).

eigenlargest, eigenmedium, eigensmallest, curvature, 
linearity, planarity, sphericity, anisotropy, 
horizontality

This is a set of eigenvalue-based features described in Lucas et 
al. (2019). These are also calculated for the first, intermediate 
and last returns.

ri Rumple index (Jenness 2004). Computes the roughness of a 
surface as the ratio between its area and its projected area 
on the ground. For calculating this, a delaunay triangulation 
of the points is done, and the area of each triangle is 
computed. This is also calculated for the first, intermediate 
and last returns.

ULCD Quantifies the number of returns from the understory, relative 
to the ground (Wing et al. 2015). In our cause, ground points 
are assumed to be in the height bin of zmin and zmin +1.0 m, 
where zmin is associated with the lowest height point in the 
plot. Likewise, understory points are assumed to be between 
zmin +1.0 m and zmin +3.0 m.
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resolution of 1.0 m was used for the DSM raster, as recommended by Giannetti et al. 
(2018). The following parameters of the GLCM computation were used:

● Window size (pixels): 9, 13, 17, 21
● Num. grey levels: 2, 5, 10, 20, 30
● Shift parameter: 1, 2, 3

The following textural rasters were computed for each combination of the three para
meters above: mean, variance, homogeneity, contrast, dissimilarity, entropy, and second 
moment. The raster values were aggregated to the plot level using mean and standard 
deviation (sd). These variations in parameters and types of textural rasters resulted in 7200 
values per plot. Variations in parameters were represented by the subscripts associated 
with the variable name. For example, tm_contrast mean, PAN, ws = 9, ngl = 5, shift = 1 represents 
the mean of the contrast texture metric (i.e. tm) of the PAN raster, when the window size 
(ws) is 9 pixels, the number of grey levels (ngl) is 5 and the shift parameter is 1.

2.4.3.3. Local maxima and minima related metrics. Metrics derived from the local 
maxima and minima of the point cloud have been shown to be useful in forest parameter 
estimations Giannetti et al. (2018). Hence, we computed similar metrics from the DSM 
raster, which was interpolated from the satellite point cloud (Table 5). Maxima and 
minima are found in a 3 × 3cell neighbourhood.

2.4.4. Comparison of vertical profiles of the point clouds
We first visually examined the vertical profiles of the point clouds associated with the 
stereo satellite data along with the ALS data, along three transects. Three areas of interest 

Table 4. Various statistics are computed on the set of red colour values associated with the points for 
every plot-level satellite-based point cloud. Similar statistics are also computed for the blue (e.g. 
maxb), green (e.g. maxg) and NIR (e.g. maxnir) bands.

Metric Description

maxr, minr, meanr, sdr, sker, 
kurr, entr

Maximum, minimum, mean, standard deviation, skewness, kurtosis and entropy.

iquart1r, iquart2r, iquart3r Quartiles, characterizing the distribution of red intensity values.
d1r, d2r, d3r Density metrics (four bins).
ired, b1, min , ired, b1, max, etc 

. . .
The point cloud values are first sorted by colour intensity and divided into five equal 

sized bins (b1. . .b5). Then, several standard metrics (min, max, percentiles, density 
metrics) are calculated on the z values in each bin. For 
example, ired, b1, mean is the mean z value 
associated with low (red) intensity points (bin b1).

Table 5. Various local maxima and minima-based metrics.
Metric Description

numlmax Number of local maxima.
numlmin Number of local minima.
meanz, lmax Mean z value of the local maxima points.
sdz, lmax Standard deviation of z value of the local maxima points.
meanz, lmin Mean z value of the local minima points.
sdz, lmin Standard deviation of z value of the local minima points.
meanslope Mean slope of the CHM.
sdslope Standard deviation of slope of the CHM.
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were identified, which were quite far from each other and generally represented a good 
sampling of the study area. Transect 1 was in a forested area outside the national park. 
Transect 2 was also in a fully forested area inside the national park, hence represents 
natural forests. The associated terrain of these two areas were moderately hilly and was 
covered with natural conifer forests. The third area (associated with transect 3) was 
located outside the national park. There was a clearcut area in the northern half, but 
the rest was forested with mostly old growth forests.

2.4.5. Regression modelling
We formulated several multivariate linear regression models to link continuous field- 
measured dependent variables and remote sensing explanatory metrics (independent 
variables). We preferred such regression models as they are robust, amenable to formula
tion with a relatively small dataset and transparent to interpretation and inference. The 
dependent variables were:

(1) Dominant height (m)
(2) Foliage biomass (t ha−1)
(3) Canopy base height (m)

For the formulation of such models, the following steps were followed. For each depen
dent variable and feature group, we constructed a set of explanatory variables such that 
the pairwise correlation of any two of these variables was less than 70%. We also ensured 
that explanatory variables found useful in previous modelling studies were included in 
this set, if possible. This was done by adding in any such variable, and then dropping other 
variables (if required) so as to keep all pairwise correlations below the 70% threshold. 
Then, we performed an exhaustive search for the best predictor variables from this set 
using the R ‘leaps’ package. An additional constraint was that the maximum number of 
predictor variables allowed was three. We preferred such parsimonious models to mini
mize the chance of overfitting. Various goodness-of-fit metrics such as R2, RMSE and 
relative RMSE (%RMSE) were estimated using all 33 plots. We used the formulas: 

where N is the number of field plots, ŷiis the model predicted value for the ith plot, yiis the 
field measured value for the ith plot, and �y is the mean of all yivalues. When the models 
included natural logarithm transformations, the resulting bias in RMSE was corrected for 
using the method prescribed in Mehtätalo and Lappi (2020).

We also developed logistic regression models to predict understory presence as a 
categorical variable (two classes: present, absent) from the remote sensing data. The steps 
were similar to those for the regression models, as outlined above. The overall accuracy of 
the classification models, the kappa values and the McFadden pseudo R2 values 
McFadden (1974) were calculated using all 33 plots.
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3. Results

3.1. Comparison of vertical profiles of the point clouds

We first performed a comparative analysis of the vertical structure and distribution of 
points based on the two sensors at three transect locations (Figure 2). The bare earth 
portion of transect 3 shows that there is a good vertical co-registration between the two 
point-clouds (i.e. satellite and ALS based). On closer analysis of these three vertical 
profiles, several differences between the stereo satellite and ALS point clouds can be 
seen. A conspicuous difference is that the satellite-based point cloud is mostly concen
trated in the upper parts of the forest canopy, and reaches near the ground level only 
when the vegetation height itself is low. This is in contrast to the ALS based point cloud, 
which is much more representative of the entire vertical vegetation structure and the 
ground too. Another general issue with the satellite-based point cloud is that of flattening 
of tree crown shapes. We measured a vertical difference of as much as 4 m between the 
ALS and satellite-based point clouds in some parts, caused by this effect. This and other 
related artefacts result in the omission of several individual trees, as can be seen in the 
satellite point cloud. One can also see the presence of several gaps and spikes associated 
with this point cloud. In the case of transect 3, one can also see examples of the satellite 
point cloud showing vegetation where there is none (as per ALS data).

The general trend of the satellite-based point cloud being skewed towards the upper 
part of the canopy is clearly seen in the z-values of density plots (Figure 3). Meanwhile, the 

Transect 1 

Transect 2 

Transect 3 

Figure 2. Vertical profile view of three selected transects. The point cloud height above ground is 
depicted in all of them. Each transect is 170 m in length and ~1 m wide/deep. The blue points 
represent those from the stereo satellite based point cloud, while the red (vegetation) and brown 
(ground) points are from the ALS data. The thin, dotted white line at the top is a constant 25 m height 
marker that has been added in to provide a vertical height reference.
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density spikes near the ground show the ability of ALS pulses to penetrate the canopy and 
reach the understory and ground. In general, ALS returns are much more evenly spread 
along the vertical gradient. The vertical distribution of points in various height bins can be 
seen in Table 6. The advantage of ALS-based data for sampling the understory and the 
ground (0-5 m height bin) when compared to stereo image data can be seen clearly here.

3.2. Modeling of forest attributes

We had considered three feature groups, representing different scenarios of availability of 
remote sensing data (section 2.4). The associated estimated performance statistics of the 
models formulated are shown in Table 7. The scatterplots of the three continuous 
variables and the associated adjusted R2 values can be seen in Figure 4. The maximum 
variance inflation factor (VIF) value associated with these models was 2.5, which shows 
that multicollinearity is not a problem. As expected, dominant height is predicted very 
well with ALS data, with a low RMSE of 0.6 m and a relative RMSE of 2.6%. Predictors based 
on satellite point cloud data (feature groups NSPC and SDO) also yield relatively low 

Transect 1 Transect 2 

Figure 3. Vertical point densities for the area around the two fully forested transects. These represent 
the proportion of points in the particular height bin.

Table 6. Percent points for each heigh bin (relative to the ground) for the two forested transects 
analysed.

Height bin (m)

Transect 1 Transect 2

% points, ALS % points, stereo satellite % points, ALS % points, stereo satellite

0 to 5 38.3 1.4 36.2 2.0
5 to 10 18.3 14.4 13.5 8.4
10 to 15 16.7 33.1 20.3 33.6
15 to 20 16.4 35.1 21.6 46.0
20 to 25 9.5 15.6 7.9 9.8
25 to 30 0.9 0.4 0.5 0.1
Total 100.0 100.0 100.0 100.0
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RMSEs for this dependent variable, below 2.2 m. Foliage biomass is predicted reasonably 
well by all three feature groups, with a relative RMSE ranging from 24 to 30%, but with 
adjusted R2 values ranging from 0.56 to 0.72. The prediction of canopy base height follows 

Table 7. RMSE and relative RMSE (%RMSE) estimated for the four dependent variables for the three 
feature groups (ALS, NSPC, SDO) considered. The McFadden pseudo R2, overall accuracy and kappa 
values are given for the categorical variable of understory presence.

Dominant height (m)
Foliage 

biomass (t ha−1)
Canopy base height 

(m)
Understory presence (present/ 

absent)

RMSE (m) %RMSE RMSE (t ha−1) %RMSE RMSE (m) %RMSE R2 Overall accuracy Kappa

ALS 0.6 2.6% 1.85 23.9% 0.98 14.1% 0.57 91% 0.8
NSPC 1.55 6.6% 2.35 30.3% 1.0 14.3% 0.12 69.7% 0.25
SDO 2.6 11% 2.32 30% 1.18 16.9% 0.37 78.8% 0.51

Figure 4. Scatterplot showing the predicted values of our formulated models against the field 
measured ones, for three continuous forest parameter variables. The goodness of fit of the models 
is indicated by the adjusted R2 value inside the plot.
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a pattern similar to dominant height, with ALS case yielding the best results (RMSE of 0.98  
m) and the SDO case the least accurate (RMSE of 1.15 m). Understory presence is 
predicted very well with ALS data (91% accuracy). The prediction accuracy is good with 
SDO features, but poor with satellite point cloud data normalized by ALS (NSPC features).

3.3. Predictor variables

The variables that were selected as predictors as a result of the correlation-based screen
ing and the exhaustive search can be seen in Table 8. The correlation values given 
independently bring out their efficacy in predicting the dependent variable, in addition 
to being selected for the final model. It can be seen that the first, intermediate and last 
returns are especially useful in the ALS feature group case. For ALS-based foliage biomass, 
an eigen value based metric (eigenlargest,iz) was selected and so was a metric that 
quantifies the roughness of the first returns surface (rumple index; rifz). Density-based 
metrics (d5fz, d9lz, d9iz) were also prominent predictors for this feature group. For the 
NSPC feature group, the dominant height was predicted well with a univariate model 
based on the 95th height percentile. Fair prediction accuracies were seen for foliage 
biomass and crown base height, and the chosen predictor variables were similar to 
those chosen for the respective ALS case. Understory presence prediction was poor 
(kappa value of 0.25) and rather weak models could only be formulated for this depen
dent variable. As for the SDO feature group, texture metric based variables play an 
important role in three of the four models formulated. These may be either based on 
the GLCM texture measure of second moment (tm_second_moment sd, DSM, ws = 9, ngl = 30, 

shift = 3) or contrast (tm_contrastmean, NDVI, ws = 13, ngl = 5, shift = 2) or, etc. Also, the raster on 
which the texture was computed could be different; for example, PAN (tm_correlation
mean, PAN, ws = 13, ngl = 30, shift = 3) or NDVI (tm_contrast mean, NDVI, ws = 13, ngl = 5, shift = 2). Three 
such texture metrics were based on the 1.0 m DSM raster (e.g. two in the dominant height 

Table 8. Predictor variables that were used in the formulated linear regression models for the three 
feature groups. All variables were significant at the p-value level of 0.05 except in two cases where 
strong models could not be achieved (indicated below). The percentage value in the parenthesis next 
to each variable indicates its correlation to the dependent variable. In the case of understory presence, 
the binary categorical dependent variable is coded as a numerical value (1 or 0) for calculating this 
correlation value.

Dominant height (m)
Foliage 

biomass (t ha−1) Canopy base height (m)

Understory 
presence 

(present/absent)

ALS p95fz (98%), 
skewfz (26%)

skewlz (67.6%), 
rifz (47.4%), 

eigenlargest,iz (10.6%)

d5fz (80.6%), 
p90fz (55.9%), 
skewlz (5.4%)

d9lz (62.7%), 
d9iz (60.3%)

NSPC p95z (88%) p95z (64%), 
eigenmedium (46%), 

skewz (23%)

p95z (64%), 
sdz (44%) 

skewz (9%)

p20z (p-value =  
0.13) (33%), d9z 

(p-value = 0.327) 
(28%)

SDO tm_second_moment sd, DSM, ws = 9, 

ngl = 30, shift = 3 (55%), 
tm_correlationmean, PAN, ws = 13, ngl  

= 30, shift = 3 (45%), 
tm_second_moment mean, DSM, ws  

= 9, ngl = 2, shift = 3 (26%)

tm_contrastmean, NDVI, ws =  

13, ngl = 5, shift = 2 (56%), 
eigenmedium (55%), ired, b5, 

d2 (24%)

tm_variancemean, DSM, ws  

= 21, ngl = 30, shift = 1 (60%), 
kurtz (49%), iblue, b5, d3 

(36%)

igreen, b5, d3 (43%), 
ULCD (31%), 

numlmax (17%)
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prediction model) and hence quantified the canopy surface undulation and related 
properties of the point cloud.

A metric based on the colour intensity of the multispectral point cloud (ired, b5, d2) was 
found to be useful for predicting foliage biomass. In this case, bin ‘b5’ represents high red 
intensity points (b1 is the lowest red intensity, and b5 is the highest). Hence, this metric 
quantifies an aspect of the z value distribution (i.e. the d1 density metric) of high red 
intensity points in the plot. This also suggests in general that the distribution of high red 
intensity points is an indication of the foliage biomass on the plot. The choice of such 
metrics in three instances of the SDO feature group indicates the utility of the multi
spectral point cloud for vegetation parameter estimation.

4. Discussion

In this study, we examined the ability of high-resolution stereo satellite-based remote 
sensing data to characterize various boreal forest fire-related fuel load parameters, and 
contrast it as a possible alternative to ALS data. We considered the prediction of dominant 
height, foliage biomass, canopy base height and understory presence using three distinct 
feature groups as predictors. The estimated model performance statistics using ALS data 
(see Table 7 and Figure 4) were similar when compared to previous studies (e.g. see 
Maltamo et al. (2020) and Zolkos, Goetz, and Dubayah (2013) for crown biomass, Maltamo 
et al. (2020) for canopy base height). Understory presence is also well-predicted with ALS 
data: the estimated McFadden R2 value of 0.57 indicates a very good fit and while a kappa 
value of 0.8 is considered as substantial agreement between model predicted and 
observed classes. The associated R2 is similar to those obtained by a study about the 
detection of sub-canopy vegetation using ALS data in boreal forests (Jarron et al. 2020). 
The NSPC feature group represents the ability of the stereo satellite-based point cloud to 
capture the three dimensional features of vegetation (i.e. contrast it to that captured by 
the ALS point cloud). Thus, the orthoimage-based multispectral information component 
was omitted in this case. The goodness of fit of prediction models for above ground 
biomass from similar WorldView-2 stereo satellite data for temperate forests was compar
able to ours (Fassnacht et al. 2017). In that case, the R2 was 0.64 and the %RMSE was 
24.9%. The relative RMSE of prediction of above ground biomass was in the order of 
20–30% using WorldView-2 stereo-imagery for a similar study area (Vastaranta et al. 2018). 
Meanwhile, better goodness of fit values were reported by Wittke et al. (2019) for the 
same satellite, the R2 values were between 0.66 and 0.87 and %RMSE values between 7.9 
and 17.3%. Visual examination of the stereo satellite point cloud in our case had shown 
that it is a more approximate representation of canopy structure, compared to ALS data 
(Figure 2). This observation is supported by further analysis of the vertical distribution of 
stereo satellite points (Figure 3 and Table 6). Similar stereo satellite-based tree detection 
studies in relatively sparse forests had produced poor results, with only 8–9% tree 
detection rate (Goldbergs et al. 2019). Individual tree height is usually underestimated 
by stereo satellite point cloud data (Goldbergs 2021, Table 5); it is further reported there 
that such underestimation can be up to several metres, or 8% of mean canopy height in 
some cases. Hence as expected, the associated performance statistics of our NPSC models 
are lower than those of ALS. Nevertheless, the satellite point cloud does capture the 
general rough envelope and height profile of the top of the canopy, albeit with a 
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significant bias. Hence, it may be suitable for some level of operational use. Understory 
presence is not well predicted in this case: the kappa value of 0.25 indicates ‘none to 
slight’ agreement. This is a consequence of very poor sampling below 5 m height thresh
old (see Table 6).

The SDO feature group represents the case where a high-quality DTM is not available 
for normalization of the stereo satellite point cloud. Hence, predictor variables are derived 
solely from the satellite data. Interestingly, we were able to formulate a reasonably 
accurate model for the prediction of dominant height, purely based on such satellite 
image data (adjusted R2 value of 0.56, RMSE of 11%). A recent effort combining high- 
resolution spaceborne lidar sampling data with Landsat images generated global canopy 
height maps at 30 m resolution; the associated R2 values were ≈ 0.61 (Potapov et al. 2021) 
which compares closely with ours. The RMSE reported there was ~9 m, when compared to 
reference ALS data. All of our chosen predictors in the SDO case had good correlation with 
the response variable (up to 55%) and were statistically significant in the prediction 
models (at the 0.02 level). Canopy height is a good indicator of terrestrial ecosystem 
functioning and aboveground carbon stock, and it is ranked as a priority variable to be 
observed via satellites (Skidmore et al. 2021). In the forestry context, it is well established 
that there is high correlation between such heights and growing stock (Pretzsch 2009). 
Canopy base height is also predicted reasonably well, the associated RMSE is ~17%. 
Foliage biomass prediction is less accurate, with RMSE in the order of 30%. The error 
statistics for these three variables are similar to the 15–20% RMSE range reported by 
Giannetti et al. (2018), who used a similar DTM-independent approach to derive forest 
volume from unoccupied aerial vehicle (UAV) data. Meanwhile, the kappa value for 
understory presence estimation in the SDO case implies that there is only moderate 
agreement between the predicted and observed classes.

As part of the modelling effort, we identified several variables for all three feature 
groups that could be used for the prediction of forest fire related biophysical para
meters over large areas. Most variables that were selected for the first feature group 
(ALS data only) were quite similar to those selected as part of other studies. For 
example, a similar recent study found that the 95th percentile and skewness of ALS 
first returns are important in estimation of forest fuel load parameters (Maltamo et al.  
2020). We also picked four eigenvalue-based metrics. These are not that common in 
forestry but have been used in ecology-related studies (Koma, Seijmonsbergen, and 
Kissling 2021; Rosier et al. 2021). A relatively strong model for dominant height could 
be formulated for the NSPC feature group (RMSE of 1.55 m, relative RMSE of 6.6%). This 
result differs from a previous study where a high relative RMSE of 44.4% was reported 
for growing stock in Bavarian forests for WorldView-2-based point cloud, normalized 
using an ALS DTM (Straub et al. 2013). As for the SDO feature group, we observed that 
all the four models formulated had a combination of at least one spectral predictor 
variable (e.g. tm_correlationmean, PAN, ws = 13, ngl = 30, shift = 3 in the dominant height 
model) and a structural height based one (e.g. tm_second_moment sd, DSM, ws = 9, ngl  

= 30, shift = 3 in the dominant height model). This is in agreement with the conclusions of 
Immitzer et al. (2016), who found it was useful to combine predictor variables that 
represented spectral and height information into models. For all three feature groups, 
the presence of understory is predicted by canopy and overstory-related metrics such 
as d9lz, p20z and igreen, b5, d3. This is in agreement to similar studies, where metrics 
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related to overstory variability and distribution were found to be good predictors 
(Jarron et al. 2020; Maltamo et al. 2020). We also found that the ULCD metric is useful 
in predicting understory presence. This metric tries the quantify the number of points 
in the understory bin, relative to the ground bin. Other studies have also demon
strated its utility in detection of understory presence (Gopalakrishnan et al. 2018; Wing 
et al. 2015).

Several authors have presented their research findings of using very high-reso
lution stereo satellite imagery normalized by a good-quality DTM (Liu et al. 2021; 
Straub et al. 2013; Ullah et al. 2020; Vastaranta et al. 2018). But a significant 
drawback of such an approach is the requirement of such a DTM, which may not 
be available in many areas. A prominent near-global DEM product that has been 
used in many studies is the Shuttle Radar Topography Mission (SRTM); but it has 
significant bias in vegetated areas (so-called ‘vegetation bias’) (O’Loughlin et al.  
2016). A study by Rodriguez, Morris, and Belz (2006) using ground control points 
estimated the errors in associated verticals height were in the order of 8 m. Similar 
issues are also associated with the TanDEM-X-based DTM product (Rizzoli et al.  
2017). Another alternative is trying to extract a DTM from the satellite-based point 
cloud itself, as is done with ALS data. This can theoretically be done by identifying 
and filtering out ground points, assuming that they would sample the terrain 
morphology sufficiently. For a similar approach with unmanned aerial vehicle 
(UAV) based point clouds, see Miller et al. (2017). But the percentage of stereo 
satellite points at the ground level is very low for us (Table 6). Hence, it is 
infeasible in our case. Taking all these into consideration, the calculation of pre
dictors without a normalizing DTM (as we have done for the SDO feature group) is 
an interesting possibility. We found that the RMSE and relative RMSEs of the 
associated models were in the range of those of the other feature groups. The 
intuition behind this result is roughly the same as that behind why manual 
photointerpretation of forest stand height is so effective (error typically less than 
1 m in some cases; see Tompalski et al. (2021)). We also identified several DTM- 
independent predictor variables that were well-correlated (50–60% correlation) 
with plot-level forest parameters (Table 8). Metrics based on the texture of either 
the orthorectified satellite image or the DSM were used at least once in each of 
the four models thus formulated. Texture metrics from the orthorectified images of 
similar satellites that quantify the spectral variance at the top of the forest canopy 
have been found useful before (Eckert 2012; Immitzer, Atzberger, and Koukal 2012; 
Li et al. 2022). The selection of DSM raster-based textural variables as predictor 
variables in two instances (for example, tm_second_moment sd, DSM, ws = 9, ngl = 30, 

shift = 3) is in agreement with other studies that had arrived at similar findings 
(Bohlin, Wallerman, and Fransson 2012; Niemi and Vauhkonen 2016). But it should 
be kept in mind that a number of factors including the base-to-height (B/H) ratio, 
image acquisition geometry (both sun-to-sensor and sensor-to-target) and species- 
specific canopy structure and composition govern the completeness and vertical 
accuracy of the image-based DSM point cloud (Goldbergs 2023) from which many 
of these metrics were derived. Hence, associated forest parameter prediction 
models developed in one context (study area, sensor, image acquisition geometry, 
etc.) cannot be assumed to generalize reliably to another. We also note that the 
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presence of clouds (including translucent ones and cloud wisps), cloud shadows 
and atmospheric haze remain a challenge with such satellite-based systems. But it 
is expected that this problem will be partly alleviated by the increase in the 
number and manoeuvrability of such satellites.

The results of this study have the following implications: (1) ALS data is highly 
suitable for estimation and mapping of several forest fire related fuel load para
meters (e.g. RMSEs range from 2.6–23.9%), (2) Normalized satellite-based point 
cloud (NSPC) data is less suitable for such purposes due to the presence of bias 
and several artefacts. It is not suitable for understory presence detection; the 
associated classifier performance statistics are poor, (3) The combined use of 
both vegetation spectral and structural information in the SDO feature group 
yields performance statistics comparable to that of ALS. Spectral texture-related 
information is well correlated with several forest parameters, including understory 
presence. Thus, there seems to be potential in using solely such information (i.e. 
no high-quality auxiliary DTM needed) for forest fuel load estimation in isolated 
boreal areas. This indicates that datasets of various important forest parameters 
may be derived from such stereo satellite data. Such additional ability to frequently 
monitor forests in remote areas are of increasing importance for the coming years, 
given that there are wide-ranging concerns about global forest health and resi
lience (Forzieri et al. 2022; Seidl et al. 2017).

5. Conclusions

The results of this study show that fairly accurate maps of various important forest parameters 
related to wildfires can be made using very high resolution optical satellite data coupled with 
field measurements. We confirmed the usefulness of various texture-related parameters (both 
derived from the DSM or from the multispectral orthorectified image) that had been pre
viously reported in the literature. Dominant height and canopy base height were associated 
with better prediction accuracies (RMSE between 11% and 17%) while foliage biomass was 
not so well predicted (RMSE ~30%). Our findings indicate that high resolution optical satellites 
have the potential to aid in the estimation of large area forest parameter estimation even over 
areas lacking a high-quality DTM. Further research involving a larger and more heterogeneous 
study area and a larger set of forest plots is needed. Better characterization of the effect of 
varied acquisition and illumination geometries of images is also needed. In conclusion, our 
findings cast a promising light on the prospect of using stereo-image capable high resolution 
optical satellite to produce and update forest parameter maps.
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