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Abstract

Airborne laser scanning (ALS) point-clouds are used in forest inventory to map properties of the resource. In most cases,
only the (x, y, z) coordinates of the point cloud are used to build predictive models of forest structure. Despite being recorded
and provided by data suppliers, the intensity values associated with each point are rarely used as an input to such models
because raw intensity values vary within and between datasets not only due to variations of the target reflectivity, but also
due to variations in settings and conditions that may either modify the emitted energy or the distance between the sensor
and the targets. Some studies have proposed data-driven methods of normalization, but these are often impossible to apply
in practice because of the need to acquire additional reference data. Other studies have proposed model-driven methods of
normalization, but in this case the difficulty of application lies with need to know the position of the sensor at any given time
during the survey. In this study we applied a method to track the sensor position using pulses associated with multiple returns,
which was then used to apply a model-driven correction of the intensity values within several datasets. This normalization
method is based only a simple model-driven equation and does not require any reference data, thus making it applicable to
any dataset. Our results demonstrate the very high accuracy of the sensor positioning method with an error under 0.5%. Using
this information, the model-driven range correction then performed a satisfactory normalization of intensities within different
datasets. We provide an open-source and ready-to-use tool to facilitate the application of the normalization method, which in
turn could promote a better use of intensity values in ALS studies.
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1. Introduction

Airborne light detection and ranging (or ALS for airborne
laser scanning) technology is widely used for land and
vegetation surveys in forestry and other environmental
applications. It provides end-users with a point cloud that
is a three-dimensional representation of the structure of
the landscape. To be of practical use, such point clouds
must be processed using algorithms that convert the raw
data into information that can be interpreted, which is
then typically output as a map. In forestry applications, the
most commonly used information is the three-dimensional
coordinates (x, y, z) of the points, which can be interpreted
with relative ease to derive information describing the
structure of the forest such as individual tree heights, height
of the forest canopy, light penetration into the canopy,
etc. However, ALS point clouds also contain several more
dimensions of information including the recorded intensity
of each point, an information that is usually supplied by data
providers (Höfle and Pfeifer, 2007).
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The value of intensity of each point is associated, at least
partially, with surface reflectivity of the target, so it can be
used to discriminate objects or structures in the landscape.
Current knowledge on the physical aspects of the variations
in intensity has been synthesized by e.g. Hopkinson (2007);
Kaasalainen et al. (2007); Vain et al. (2009, 2011); Wagner
(2010); Gatziolis (2013), so here we chose to focus on the
practical applications.

Previous studies have shown that intensity values can
contribute to species identification (Kim et al., 2009; Korpela
et al., 2009; Zhang and Liu, 2013), land-cover classification
(Liu, 2008), forest attributes modelling (Bright et al., 2013;
Sumnall et al., 2016), snag detection (Yao et al., 2012; Wing
et al., 2015) or ground point filtering (Yunfei et al., 2008).
However, despite such promising results, intensity is rarely
used in practice because measured values do not only vary
depending on the reflectivity and size of the targets, but
also on the flying altitude, atmospheric conditions and
laser settings (Baltsavias, 1999; Wagner, 2010). Therefore,
intensity values may be very different between datasets due
to variations in the devices used, weather conditions during
the acquisition, emitted pulse rates, storage modes or any
other settings that may either modify the emitted energy



or the distance between the sensor and the targets. This
reality limits the relevance of raw intensity values for any
applications requiring transferable processing workflows.

Within a single survey, this information could be expected
to be reliable if only one sensor and one set of settings was
used. However, the raw intensity data is still rarely usable
because the distance between the sensor and the targets
(or range) is not constant all along the survey. Range (R) is
considered the most important source of energy loss during
the travel of the beam through the atmosphere (Hopkinson,
2007; Kaasalainen et al., 2007; Gatziolis, 2013). This fact,
which has been widely discussed in previous studies, stems
from the physical processes known to drive energy transfer,
and which have led to the RaDAR equation (Hopkinson,
2007; Kaasalainen et al., 2007; Vain et al., 2009; Wagner,
2010). In any given survey, R variations occur because
the aircraft does not (or cannot) fly perfectly straight at a
constant altitude, and even if it could, the topography of
the landscape introduces variations of distance between
the sensor and the targets. Consequently, intensity values
are in reality a mixed record of target reflectivity, target size,
topography and sensor altitude (fig. 1). A lack of ability to
dissociate these sources of variation has hindered the use of
intensity values in ALS studies.

To be used more adequately, intensity must be corrected
and normalized. Modern ALS systems now provide real-time
range normalization of intensity values; however, this
is based on undocumented proprietary routines, which
complicates comparisons between datasets and limits our
capacity to conduct reproducible studies. More importantly
in the context of the current study, there remains a wealth
of older datasets still being used and in which intensity
values were not corrected at the source. The simplest
option to normalize these values is to use the so-called
model-driven ‘range correction’, which accounts for the fact
that beams do not travel the same distance from sensor to
target (equation 1).

Î = I

(
R

Rs

) f

(1)

where Î is the normalized intensity equivalent to the
intensity that would have been recorded if all points had been
recorded with a constant range, I is the observed intensity, R
is the distance between the laser instrument and the returns,
Rs is an arbitrary reference distance and the exponent f
represents the rate of energy attenuation sustained by the
pulse as it travels through a medium back and forth from a
target. The value of f depends on the surface type and the
theory states that a value of 2 corresponds to homogeneous
targets filling the full pulse footprint, a value of 3 corresponds
to linear objects (e.g. power line wires), and a value of
4 corresponds to individual large scatterers (Kaasalainen
et al., 2007). This value is therefore likely to vary between
2 and 3 in a vegetated context (Korpela, 2008; Gatziolis, 2013).

Other model-driven range corrections have been
proposed by Höfle and Pfeifer (2007); Vain et al. (2009),
which include equation 1 but also take into account other
variables such as the emitted energy and atmospheric
transmittance. However, Gatziolis (2013) showed that the
simple range correction described in equation 1 performs
accurately, a fact also supported by its successful application
in other studies (e.g. Yoga et al., 2017; Donoghue et al.,
2007; García et al., 2010). Despite this, a strong limitation
of the approach comes from the requirement to know the
range R at any instant t . Such data may in some cases
be supplied by the data provider, but currently this is not
common practice. Neither Gatziolis (2013), nor Yoga et al.
(2017), nor Höfle and Pfeifer (2007) explicitly stated how
they accessed this information in their respective studies,
but we may assume that they had access to the position of
the aircraft recorded by the embarked positioning system.
Donoghue et al. (2007) and García et al. (2010) bypassed the
problem by “approximating the range of each point as the
difference between the average altitude of the flight and the
altitude of each point”. While this is an acceptable solution
for comparisons between surveys (all else being equal), it
does not account for the within-survey variation of sensor
altitude, which can be important, as shown in (fig. 1).

In the absence of reference data, some authors have
opted for a data-driven correction. Höfle and Pfeifer (2007)
developed a correction approach that empirically estimates
the parameters of an overall correction function using a
least-squares adjustment. To be relevant, however, this
approach requires homogeneous areas flown at different
altitudes to derive the parameters of the function. Beyond
the specificities of variants of this approach, data-driven
corrections have to rely on both reference and calibration
data, which similarly to the sensor tracking, are often non
available.

In the absence of practically applicable correction
methods, several studies have used raw intensity values as a
predictor variable in statistical modelling efforts (e.g. Yunfei
et al., 2008; Zhang and Liu, 2013; Wing et al., 2015; Sumnall
et al., 2016). Statistically significant relationships have been
reported, but we can only assume that they came from ideal
cases where little variation occurred within and between
flightlines. In several other studies, raw intensity was found
to be a non significant variable in prediction models (e.g.
Moffiet et al., 2005; Popescu and Zhao, 2008). It cannot be
assumed that a range correction would have made intensity
a significant variable, but it provides at least one plausible
explanation for the absence of relationship, as mentioned
in Moffiet et al. (2005). In addition, the publication bias
towards significant relationships (e.g. Dickersin, 1990) may
explain the limited number of instances in the literature
where authors have reported attempts to use intensity-based
metrics.
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Figure 1: Left: hill-shaded image of the topography. Right: images of the maximum raw intensity of first returns within 5×5-m
cells. Arrows show some obvious variations of intensity that do not correspond to any land structures but instead are pure
artifacts of the sensor’s altitude and the topography. They indicate some flightlines and some regions of high elevation (note
the transversal flightline that can be observed at the top of the image). In this map, the reflectivity properties of the targets are
mostly hidden by other effects, and thus the intensity values are non-usable. The only clearly visible structure is a road. Blank
regions correspond to the absence of data, either removed by the provider or from water bodies.

In this paper, we propose a method to produce
a range-based intensity normalization in ALS data by
reconstructing the sensor trajectory. Using the alignment
of multiple returns, we were able to apply an accurate
range correction in different datasets based on the method
proposed by Gatziolis (2013), a process that also allowed
us to retrieve optimal f values. Our workflow is based on
algebra and model-driven equations, and does not require
any reference or validation data. We have provided all
the algorithms and processing methods as an open-source,
straightforward and ready-to-use tool in an ALS-dedicated
software, with the intention to enable researchers and other
users to include intensity-based metrics in their analyses and
to reproduce this work easily. We demonstrate the validity
and the accuracy of the sensor-tracking method, and its
applicability to perform a range correction within a dataset.
In doing so, we also confirmed the reproducibility and
validity of a previous study related to intensity normalization
with a range correction (Gatziolis, 2013).

2. Material and methods

2.1. ALS data

ALS datasets from three locations were used for this
study: Québec, Canada; British Columbia, Canada and
California, USA (datasets numbered #1 to #5 table 1). Two
datasets from Québec (#1 and #2) were associated with the
gps track of the aircraft given by the data provider, while
the other datasets represented the typical situation where
such information is not provided (#3 to #5). The datasets

associated with the aircraft tracks were used to validate and
estimate the accuracy of the sensor tracking method. The
other regular datasets were used to apply a range correction
of intensities using our sensor tracking method. The dataset
from California comes from publicly available data provided
by the U.S. Geological Survey (U.S. Geological Survey, 2011).

From each regular dataset that did not contain gps
tracking data, we extracted two arbitrary regions of interest
of approximately 5 to 10 km2. These regions of interest were
coded #i .1 and #i .2. The choice of regions and their sizes
were purely driven by pragmatic needs. We searched for
regions of interest showing large variations of intensity to test
the method in the worst possible conditions, and chose small
enough areas to ensure that land structures remained well
visible when printing the figures for this article. The same
needs led us to use the Californian dataset. Among the large
number of publicly available datasets, we randomly selected
one that was in a mountainous region.

A summary of the datasets is given in table 1. Overlap
is described as “non available” for the dataset used to test
the sensor tracking accuracy because the flight pattern
consists of a set of two orthogonal acquisitions. Flightlines
overlapped each other more than once, and in any case these
datasets were only used to track the position of the sensor,
so the processing was equivalent to treating each flightline
individually. This also implied that the point density given for
these datasets is given by flightline. The “tracking density”
shows the pulse density actually used to track the sensor. The
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sensor tracking method described in section 2.2 uses only
multiple returns, and consequently relies on roughly 30%
of the data (70% of the points typically consisting of single
returns). We also decimated the dataset by selecting only
one pulse every 0.0001 second to accelerate the computation.

The range correction was not performed on #1 and #2
because the intensity had already been normalized by the
data provider. Intensity maps for these datasets were already
very clean without any visible effects of the flightlines or
of the topography. The Riegl VQ-780i sensor can indeed
perform real time range correction. Finally, the sensor used in
the Californian survey was not documented in the metadata
provided along with the point cloud, so it is presented as non
available in table 1.

2.2. Sensor trajectory

When several returns from a single pulse are detected,
the sensor computes their positions as being in the centre
of the footprint, which implies that they are all aligned. A
line drawn between and beyond a series of returns should
therefore intersect the sensor position. Several consecutive
pulses emitted in a very short time interval can thus be
used to approximate an intersection point in the sky that
corresponds to the sensor position at the time of sampling,
given that the sensor carrier has not moved much if the
interval is short enough.

Using first and last returns, we computed the euclidean
vector of each pulse that returned multiple returns. We
grouped these pulses in bins of 0.5 seconds and computed
the position of the intersection of the lines in the sky to get a
sensor position at a time resolution of 0.5 seconds (figure 2).
At 240 km/h, 0.5 seconds corresponds to 30 m bins. The
time interval may be increased or decreased as a function of
the moving speed and as a function of the required target
accuracy. Here, we used a time resolution twice as high
as the tracks given by the data provider of dataset #1 and
#2, which were given with a time resolution of 1 second for
the same nominal aircraft speed. In reality, the lines did
not precisely intersect each other both because the sensor
was moving and because of the inaccuracies introduced at
different levels of the digitization. Consequently, there could
be no analytical solution to determine the intersection point.
Instead, we found the point that was mutually closest to all
lines in a least-squares sense. In each bin, we computed the
intersection with a weighted least squares to approximate the
intersection point of all lines (figure 2). The least squares were
weighted by the distance between the first and last return, so
that multiple returns that were near each other accounted for
less than those that were more distant.

2.3. Sensor trajectory accuracy assessment

In dataset #1 and #2, after computing the sensor track
from multiple returns we compared with the references
given by the data provider. The references were given at

First return
Last return Sensor position

Figure 2: Schematic representation of a bin of ALS data
acquired within a short time-frame ∆t . First and last returns
are paired by pulse and euclidian vectors ~n are computed.
The least square method was applied to approximate the
sensor position with a weight w applied to each vector as a
function of the distance d between the first and last returns.

every second while our computed positions were at every
0.5 seconds, and not necessarily in a synchronized multiple
of the reference times. Consequently we applied a linear
interpolation of the trajectory to compute the positioning of
the sensor at the exact same times as the reference. We then
computed the errors ∆x, ∆y and ∆z of the positions in each
direction and estimated the root mean square differences
(RMSD) of the errors in each direction. We compared
approximately 5 000 and 30 000 sensor positions over 300 km2

in datasets #1 and #2, respectively.

2.4. Intensity normalization

After computing the sensor track from multiple returns
in datasets #3, #4 and #5, the intensity of each point was
corrected using the range correction provided by equation
1. The impulsion time of each point was used to retrieve the
position of the sensor at this time using the sensor trajectory
computed according to the method described in section 2.2.
This method provided the positioning at discrete instants
ti , but a linear interpolation was performed to provide a
position at any intermediate time t .

The reference range Rs being an arbitrary value, the
range-normalized intensity Î also provides an arbitrary
value. In an attempt to produce values of Î with a similar
range to the original values given by the data provider, Rs
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Sensor tracking Range correction

Code #1 #2 #3 #4 #5
Location Québec Québec Québec B. Columbia California

Elevation (m) 740–950 740–950
#i .1 530–940 150–440 140–400
#i .2 570–790 250–470 1200–1600

Tracking density (m-2) 0.6 0.6 0.4 0.7 0.4
Sensor VQ-780i VQ-780i ALTM 3100 ALTM 3100EA NA

Altitude AGL (m) 2000 1000 1000 700 1000
Speed (km/h) 240 240 240 240 240

Overlap (%) NA NA 50 50 20
Point density (m-2) 1–2 11–13 6–7 11–12 8-9

Table 1: Summary of the location, topography as well as aircraft and sensor configuration for the datasets used in this study.
For #1 and #2 overlap and density are given by flightline. The tracking density is the pulse density that was used to compute the
sensor positions.

must be chosen to be close to the average original range.
Following Gatziolis (2013), we thus defined Rs as equal to the
average of the computed sensor altitudes minus the average
elevation of the terrain.

After defining Rs and obtaining the R, we still required
to estimate f to compute equation 1. A value of 2 is often
used by default but Gatziolis (2013) found optimal values in
the range of 2.1 – 2.5 over forests. We consequently searched
for optimal f values.

2.5. Optimal f values

Following Gatziolis (2013) we used the redundant
informations in overlaps to estimate a value of f in each
region of interest. The original idea of Gatziolis (2013) was to
pair very close pulses from different flightlines. The paired
pulses were assumed to hit the same object so that the
major part of their intensity difference would be indicative
of a difference of range. Gatziolis (2013) estimated the
value of f as the one that minimized the RMSD of paired,
range-normalized intensities (equation 2):√√√√ 1

n

n∑
i=1

(
Ii ,1

(
Ri ,1

R̄

) f

− Ii ,2

(
Ri ,2

R̄

) f
)2

(2)

where n is the number of return pairs identified, Ii ,1 and
Ii ,2 are the observed intensities of each return in a pair, Ri 1

and Ri ,2 are the corresponding ranges, and R̄ is the mean
range among all paired returns.

This method is relatively complex since it requires to pair
pulses and compute the difference for each pair. We opted
for a simplification by pairing 5 × 5 meter pixels instead
of pulses. Our method still relied on equation 2 but the
meaning of the terms were adjusted to: n being the number
of pairs of pixels, Ii ,1 and Ii ,2 the observed derived metrics
of intensities (mean, max) in the pixels, Ri ,1 and Ri ,2 the
corresponding average ranges within the pixels and R̄ the
mean range among all returns. The two methods are actually

closely equivalent. While Gatziolis (2013) assumed that two
paired pulses should return the same intensity, we assumed
that two pixels should return the same derived metrics of
intensity. This also implied an assumption that the range
within a 5×5 m pixel is constant, which appeared reasonable.

We computed equation 2 for f ∈ [2.0,2.1,2.2, . . . ,3.0].
The best f was the one that minimized the RMSD of the
differences i.e. the one that provided, on average, the same
metrics in each flightlines. f1 was defined as the f value
that minimized the RMSD of the average intensity while f2

minimized the RMSD of the maximum intensity. The best f
was computed as the average of f1 and f2.

3. Results

3.1. Sensor trajectory accuracy assessment

In the sensor trajectory computation, the RMSD of the
positioning on x and y was under 5 meters in both datasets
#1 and #2. Even at a low altitude, the effect of such an error
on (x, y) would only bring an error of a few centimetres on
the estimated range R i.e. less than 0.01%. The RMSD of
the positioning on the z elevations was under 10 m in both
datasets. This is meaningful only relatively to the elevation
of the sensor since it is the error that most directly affects
the estimated range. With an elevation of 2 000 m above
ground level, such an error would correspond to an order of
magnitude of less than 0.5%. Figure 3 shows the distribution
of the absolute errors on x y (euclidean distance) in meters
and the distribution of the errors on z in %. Thirteen
comparisons out of 4 600 in dataset #1 and 89 out of 30 120
in dataset #2 were above ±2% of error. Figure 3 had to be
cropped at ±1% for readability.

3.2. Optimal value of f

Different optimal values of f were found in each region
of interest and variations occurred not only between but
also within our three ALS datasets. Table 2 summarizes
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Figure 3: Distribution of absolute errors of sensor positioning
on the x y plane (euclidian distance to the sensor) and error
on the z axis for datasets #1 and #2 (table 1).

the obtained values and the number of pixel pairs used to
estimate them.

Data n f

#3.1 182 000 2.50
#3.2 142 000 2.15
#4.1 191 000 2.10
#4.2 169 000 2.15
#5.1 384 000 2.55
#5.2 537 000 2.60

Table 2: Optimal values of f found in each region of interest
(see table 1). n is the number of pixel pairs used to estimate
these values

3.3. Intensity normalization

Figures 4, 5 and 6 show, for each regions of interest,
the images of Imax and Îmax with a resolution of 5 m. For
space considerations, we only displayed the maximum
intensity values because they are usually affected by a single
flightline (the one where the sensor was the lowest), which
thus makes flightline artifacts more clearly visible on the
images. Conversely, the mean intensity is the average of
the overlapping flightlines, which tends to homogenize the
artifacts, especially when overlaps are 50%. All figures are
provided in the supplementary materials along with a digital
terrain model, a shaded digital terrain model and the images
of Imean and Îmean for a better appreciation of the results.

In the absence of a reference, it is not possible to evaluate
how good the correction was. However, it can be observed

that all visible artifacts were removed by the correction. The
effects of hill and valley topography, easily visible on the
original images, were removed. Flightlines are no longer
visible on the corrected images and obvious land structures
such as clearcuts belong in the same range of intensities.

4. Discussion

4.1. Sensor tracking and normalization accuracy

Results showed that our sensor tracking method can be
considered as very accurate with an estimated error δ below
0.5% on R. The impact of this positioning error then has to be
assessed in terms of corrected intensity range i.e. Î (1±δ) f .
For I = 100, R = 1200, Rs = 1000, f = 2.3 and δ = 3%, which
was the typical 95th percentile of error in our datasets, we
obtain a normalized intensity Î ∈ [147.5,156.7] rounded to
[147,157] because las files store intensity as 16-bit integers.
This variation represents approximately ±10% of the applied
correction, on average. By comparison, an uncertainty of
15% on f (e.g. between f = 2 and f = 2.3) would lead,
for the same numeric values, to an uncertainty on the
normalized intensity Î ∈ [144,152]. This also corresponds to
approximately ±10% of the average correction, meaning that
there is more gain associated with being very accurate on R
than on f .

The range correction method we used inherently takes
into account the effect of scan angle, which is important
because a scan angle of 20° increases the range by 6%.
Some authors proposed a variation of equation 1 to explicitly
include the effect of scan angle θ (e.g. Hopkinson, 2007)
(equation 3).

Î = I

(
R

Rs cos(θ)

) f

(3)

This equation applies to situations where R is the vertical
range and the surveyed area is flat. However, in practice
the topography of the terrain implies that the actual range at
angle θ is not necessarily 1

cos(θ) longer than the range at 0°.
When computing the range for each point using the distance
to the aircraft position (i.e. using equation 1) the effects of
topography, aircraft altitude and scan angle are all taken into
account.

4.2. Limits of the normalization

An important limitation of our approach is that the
applied range correction does not return absolute values
representative of the physical properties of the targets. First,
it applies a relative correction to raw measurement values
for which the physical units are unknown. Second, in the
absence of information on sensor specifications, such as
the emitted energy, or on the digitization process operated
by the data-provider at the hardware or software levels,
it is not possible to retrieve the physical meaning of the
(raw or corrected) intensity values. Third, the returned
intensity is a function of both the target reflectance and the

6



Figure 4: Images of the maximum intensity within 5 × 5 m cells for raw intensities (left) and range-normalized intensities
(right) for regions of interest #3.1 and #3.2 (table 1). Narrow and almost transparent lines correspond to the sensor trajectory
reconstructed. On the left hand side, the effects of topography and flightlines are clearly visible and one can see some obvious
incoherence. On the right hand side these artifacts are no longer visible. Intensity correction also revealed land structures that
were previously hidden in the noise generated by flightlines and topography. The narrow bright strip in #3.2 is not a flightline
but a transmission line’s rights-of-way.

illuminated area. In the absence of information on either of
these variables, we face a ill-defined problem for which it
is not possible to disentangle the effects of the reflectance
and/or the area. Intensity values in ALS data must therefore
be taken for what they are: dimensionless values that are
not physically meaningful per se, but that may still provide
interesting additional information that can be related to
some characteristics of the surveyed area.

The range correction method proposed in this study
therefore remains relative and specific to a given dataset.
It also assumes that the survey was completed within a

short time frame, with the same weather conditions and a
single sensor. Its only purpose is to remove the variation in
intensity values that are attributable to aircraft position and
topography. Our example datasets showed that this variation
can be important. The proposed correction method may thus
prove useful to make use of intensity values for applications
such as vegetation type assessments or the detection of
features such as water bodies, roads, etc. (Kim et al., 2009;
Korpela et al., 2009; Zhang and Liu, 2013; Liu, 2008; Bright
et al., 2013; Sumnall et al., 2016; Yao et al., 2012; Wing et al.,
2015; Yunfei et al., 2008).
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Figure 5: Images of the maximum intensity within 5 × 5 m cells for raw intensities (left) and range-normalized intensities
(right) for regions of interest #4.1 and #4.2 (table 1). Narrow and almost transparent lines correspond to the sensor trajectory
reconstructed. On the left hand side, the effects of topography and flightlines are clearly visible and one can see some obvious
incoherence. On the right hand side these artifacts are no longer visible. Intensity correction also revealed land structures that
were previously hidden in the noise generated by flightlines and topography.

Making multi-dataset analyses comparable, such as
those generated by multi-temporal surveys, would require
another strategy. In this case, intensity values would need
to be converted to relative, comparable measurements for
different datasets sampled with different ALS systems and in
different atmospheric conditions (Höfle and Pfeifer, 2007).
In a multi-dataset context, Yao et al. (2012) applied the range
correction ‘as-is’ but raw intensity values were first corrected
by emitted energy and all the coverages were sampled with
the same sensor, which is not representative of the general
case. Provided that good within-survey corrections are
performed that exclude dummy effects of sampling design
and effects of topography, multi-temporal analyses could be

normalized by matching the intensity distribution (histogram
matching) in invariable structures such as roads, for example.

The broad coverage areas that are surveyed by different
data providers, and thus with different devices and settings,
bear similar issues. In this case we suggest using overlapping
regions for matching once within-survey corrections have
been applied. The method we provide in this study
could therefore contribute towards resolving issues of
survey-to-survey intensity normalization.
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Figure 6: Images of the maximum intensity within 5 × 5 m cells for raw intensities (left) and range-normalized intensities
(right) for regions of interest #5.1 and #5.2 (table 1). Narrow and almost transparent lines correspond to the sensor trajectory
reconstructed. On the left hand side, the effects of topography are clearly visible and one can see some obvious incoherence.
On the right hand side these artifacts are no longer visible. Intensity correction also reveal land structure that were previously
hidden in the noise generated by flightlines and topography.

4.3. Optimal f values over forested areas

The optimal value of f was found to be larger than 2 but
smaller than 3 in each trial dataset. These values are similar
to those reported by Gatziolis (2013) or Korpela (2008), but
contrary to Gatziolis (2013), we did not find that the quality
of the normalization was highly dependent on the value of
f . Although we reported computed optimal values, we could
not visually detect any differences in figures 4, 5 or 6 when
the arbitrary value f = 2 used in several studies (e.g. Yoga
et al., 2017; Höfle and Pfeifer, 2007; García et al., 2010) was
applied instead (results not shown). Compared to arbitrary
values, using the optimal f value had a measurable effect
on the minimization of the differences in overlaps, but this

effect remained small.

Gatziolis (2013) proposed that the range-correction
should take each pulse into account. According to their
results, the optimal value of f depends not only on the
position of the point in the return sequence but also on the
pulse type, which implies that the intensity of pulses with
different numbers of returns should be normalized using
different f values. They also suggested that the f value must
also be adapted as a function of the beam penetration within
the canopy. They justify these variations of f by the fact
that multiple returns, or returns that penetrate deeper into
the canopy, modify the range, which in turn causes artificial
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variation of computed f values that may not be related to
target properties.

Our results suggest that optimal values of f also
depended on the location chosen within a given dataset
and on the specific derived metric that is tested (mean
intensity, maximum intensity). The effect of location makes
sense since we can expect local variations of land structures,
and thus variation of target properties on average. The effect
of the metrics can be interprets in relation to the results of
Gatziolis (2013). Indeed, the maximum intensity is the result
of a single point, likely from a high and large target with
high reflectance, while the mean intensity is an aggregate
of all the targets and all returns, which in a forested area
implies deeper penetration into the canopy as well as an
increase in structural complexity. Since each pulse should
be corrected differently, we were expecting such variations.
It remains, however, that the f values reported by Gatziolis
(2013) ranged between 2.0 and 3.0, and like in our study,
most values remained between 2.1 and 2.6. While the work
of Gatziolis (2013) is of great scientific value, we argue that
for practical purposes, such variations can be accepted as
part of the residual error of the model. Indeed, it would not
only be impractical to apply range corrections calibrated
for each subarea, forest type, or individual pulse type, but
would also likely lead to over-interpretation. An important
factor to keep in mind is that the sampled areas are made
of different structures, and the reflectivity of each target is
unknown, as well as their size, which prevents any possibility
to retrieve the true physical meaning of the intensity
values. Consequently, for practical applications of the range
correction, there is no need to carefully select a precise value
of f different for each point. We therefore recommend using
an f value of 2.2 to 2.4 instead of the usual value of 2 over
forested areas. The work of Gatziolis (2013) and figures 4, 5,
and 6 as well as figures S1-S6 in supplementary materials
suggest that values in this range should produce acceptable
results on average, i.e. to efficiently remove the main effects
of topography and sensor altitude variation; however, all the
uncertainty related to the illuminated area of the targets and
their reflectance will remain.

4.4. Applications and limits of the tracking method

Our sensor tracking method being based on tracing
multiple returns, its applicability depends on the availability
of vertically extended targets such as trees in forests. For
bare ground areas such as deserts, low shrublands, high
mountains, ice sheets or crop fields the method will likely
fail. However, over forested areas, which represent a large
part of the Earth’s surface, the method is applicable as
demonstrated in this study. In cities, building edges as well
as urban trees and parks should provide more than enough
multiple returns to perform the computation. Even over crop
fields, it is unlikely that no trees or buildings can be found
in a given scene. Retrieving the position of the aircraft every
0.5 seconds is not a requirement, because the positions are

interpolated and aircraft routes are generally very stable.
Thus, a decrease in the time resolution of the tracking, or
even having missing points over several seconds should
generally not represent a big issue. Our method should
therefore be applicable over most landscapes, except in areas
consisting of almost pure bare ground.

Aside from a range-based intensity correction, another
potential application of our proposed tracking method would
be to compute the real scan angle of each point relatively to
nadir. The scan angle given in the .las file format (formats
0 to 5) is the scan angle rank i.e. an angle rounded as an
integer that is relative to the sensor’s self 0° reference, which
does not usually compensate for aircraft rolling. A scan
angle computation from sensor positioning could therefore
provide a roll-corrected angle of incidence with a resolution
close to the arcminute for every individual point.

4.5. Reproducibility

One of our goals was to provide the research community
an immediate way to reproduce this research. For this
reason, we have provided algorithms in an easily usable
form within the lidR package for R (Roussel and Auty,
2019), which is available on CRAN. The functions for sensor
tracking and range correction are available from version 2.2.0
onward.

Because the lidR package was designed for real
processing on broad coverage areas, computation time is an
important issue to consider. Our least square intersection
method is fast and can be computed under a second per
square kilometre on a regular laptop. The key to the speed
of the implemented calculation is that it only uses a small
fraction of the points. By keeping one pulse every 0.0001
second and filtering out single returns, our computation
was performed on less than one multiple return pulse per
square meter. Using more points only increases linearly the
computation time, for no significant gain in accuracy. Our
method implementation is therefore suitable for large-scale
processing. Similarly, the range correction was optimized to
ensure a rapid computation time that is linearly dependent
on the point density.

5. Conclusion

The lack of normalization is an issue that has hindered
the use of intensity values in ALS data. Previous solutions
have either relied on calibration data or on knowledge of the
sensor trajectory, both of which are often non available. To
resolve the issue, we have used an algorithm that can retrieve
the sensor positioning at any time during the acquisition
with an accuracy of a few meters. Using this tool, we were
able to compute accurately a model-driven correction of
range, which independently reproduced and validated the
previous work of Gatziolis (2013) as well as confirming the
reproducibility of the results. In view of our results and
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previous results cited in this study, we recommend using
a power f between 2.1 and 2.3 in the equation of range
correction instead of the usual value of 2 in a forested context,
but this adjustment is not critical. One key feature of our
method is that it does now require any additional data.
With the source code being public and ready-to-use in the R
environment, we believe that our study provides a basis for
further intensity-based research using ALS data.
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