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A B S T R A C T   

In order to use the airborne LiDAR intensity in conjunction with the height-derived information for forest 
modeling and classification purposes, radiometric correction is deemed to be a critical pre-processing require
ment. In this study, we implemented a LiDAR scan line correction (LSLC) and an overlap-driven intensity 
correction (OIC) to remove the stripe artifacts that appeared within the individual flight lines and overlapping 
regions of adjacent flight lines of a multispectral LiDAR dataset. We tested the effectiveness of these corrections 
in various land/forest cover types in a temperate mixed mature forest in Ontario, Canada. Subsequently, we 
predicted three plot level forest attributes, i.e., basal area (BA), quadratic mean diameter (QMD), and trees per 
hectare (TPH), using different combinations of height and intensity metrics derived from the multispectral LiDAR 
data to determine if LiDAR intensity data (corrected and uncorrected) improved predictions over models that 
utilize LiDAR height-derived information only. The results show that LSLC can reduce the intensity banding 
effect by 0.19–23.06% in channel 1 (1550 nm) and 4.79–66.87% in channel 2 (1064 nm) at the close-to-nadir 
region. The combined effect of LSLC and OIC is notable particularly at the swath edges. After implementing 
both methods, the intensity homogeneity is improved by 5.51–12% in channel 1, 6.37–42.93% in channel 2, and 
6.48–33.77% in channel 3 (532 nm). Our results further demonstrate that BA and QMD predictions in our study 
area gained little from additional LiDAR intensity metrics. Intensity metrics from multiple LiDAR channels and 
intensity normalized difference vegetation index (NDVI) metrics did improve TPH predictions up to 7.2% in 
RMSE and 1.8% in Bias. However, our lowest TPH prediction errors (%RMSE) were still approximately 10% 
larger than for BA and QMD. We observed only minimal differences in plot level BA, QMD, and TPH predictions 
between models using original and corrected intensity. We attribute this to: (i) the lower effectiveness of 
radiometric correction in forest versus grassland, bare soil and road land cover types, and (ii) the effect of spatial 
resolution on intensity noise.   

1. Introduction 

Over the last decade, airborne LiDAR data have proven to be valu
able for supporting a range of forest monitoring and sustainable forest 
management applications at a variety of spatial scales (Wulder et al., 
2013). These spatially-explicit predictions of forest ecosystem attributes 
can be derived from airborne LiDAR data only (Lefsky et al., 1999; 
Næsset et al., 2004; Ørka et al., 2009; Im et al., 2008) or in combination 
with optical remote sensing data (Kandare et al., 2017; Dalponte et al., 
2012; Guo et al., 2011). The attributes of interest in these forest 

ecosystems range from individual tree attributes (e.g., tree species, tree 
diameter and crown) using individual tree crown (ITC) approaches 
(Budei et al., 2018; Axelsson et al., 2018), and plot level attributes (e.g., 
canopy height, crown closure, biomass, timber volume, leaf area index 
(LAI), stem density, forest health) using area-based approaches (ABA) 
(Wulder et al., 2013; Næsset, 2007), to classification of forest cover 
types (e.g., natural forests, plantations, bare soils, grassland, shrubland 
and roads) (Hopkinson et al., 2016) and habitats (Vierling et al., 2008). 

The height/geometry contained within the LiDAR data provides 
detailed information on the three-dimensional structure of forests (Lim 
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et al., 2003), whereas the backscattering properties of the laser signal 
strength within the LiDAR data potentially offers the ability to 
discriminate between different land cover types, tree species, and their 
canopy elements based on how the peak laser energy is backscattered 
from the different features (Yan and Shaker, 2014; Hopkinson et al., 
2016). Until recently, most studies predicting these forest attributes 
were performed using monochromatic LiDAR sensors operating at 
wavelengths of 1064 nm or 1550 nm. However, since 2015, a multi
spectral LiDAR sensor has become commercially available. The Optech 
Titan (Teledyne Optech, Vaughan, Ontario, Canada) consists of three 
laser channels with wavelengths of 1550 nm, 1064 nm, and 532 nm, 
enabling the use of structural and backscattering properties from three 
different channels, rather than one, and the generation of band ratios 
and vegetation indices (Morsdorf et al., 2009) for the prediction of forest 
attributes. 

In terms of individual tree species classification, several studies have 
shown that the height distribution, geometric/shape, and/or intensity 
features extracted from monochromatic LiDAR data have been reason
ably successful for distinguishing between conifers and broadleaved 
species and the classification of a low number of tree species (Ørka et al., 
2009; Korpela et al., 2010). However, the limited spectral information in 
monochromatic LiDAR systems has been challenging for tree species 
classification when a larger number of species are involved (Brandtberg, 
2007; Kim et al., 2011). More recent studies, using multispectral Titan 
data, have reported improved tree species classification compared to 
classifications performed with monochromatic LiDAR data (Axelsson 
et al., 2018; Budei et al., 2018; Yu et al., 2017). 

Most studies that predict plot level forest attributes using the ABA 
approach have predominantly used height-derived information from 
monochromatic LiDAR data. However, some studies have incorporated 
LiDAR intensity variables to improve the estimation of biomass carbon 
stock (García et al., 2010), diameter distribution models (Shang et al., 
2017), and gap fraction (Hopkinson and Chasmer, 2009) where they 
assumed that intensity metrics may capture differences among tree 
species, characterize foliage distribution within the canopy (Morsdorf 
et al., 2010), and capture the crown permeability and canopy layering 
(Shang et al., 2017). To date, only a few studies have predicted plot/ 
stand level attributes (Dalponte et al., 2018; Kukkonen et al., 2019a; 
Kukkonen et al., 2019b) using multispectral LiDAR data. For example, 
Dalponte et al. (2018) showed that regression models using multispec
tral LiDAR height and intensity metrics resulted in more accurate above 
ground biomass, diameter variability, tree species diversity, and stem 
density predictions compared to models using metrics derived from 
monochromatic LiDAR in Southern Norway. In particular, metrics 
derived from the 1550 nm channel seemed useful for the prediction of 
these forest attributes (Dalponte et al., 2018). Kukkonen et al. (2019a) 
compared dominant species and species composition predictions 
derived from multispectral and monochromatic LiDAR data (and in 
combination with aerial imagery) for a managed boreal forest in Eastern 
Finland. Their findings suggest that multispectral LiDAR provided 
similar information to that found in the combination of monochromatic 
LiDAR data and aerial imagery for the prediction of dominant tree 
species and discrimination between conifer and broadleaved tree species 
(Kukkonen et al., 2019a). However, Kukkonen et al. (2019b) also re
ported that the predictive performance of species-specific volume 
models with multispectral LiDAR data alone was not as good as mono
chromatic or multispectral LiDAR data in combination with aerial im
ages. In addition, the Scandinavian biome includes three dominant tree 
species (two conifer and one broadleaved tree species) with distinct 
spectral signatures. In our biome that includes a larger number of 
dominant species, the findings of Kukkonen et al. (2019a,b) may not 
hold. 3D point cloud data collected by airborne LiDAR systems equipped 
with single or multiple laser channel(s) have been used for land cover 
classification. Many of these studies showed the advantage of the 
height/geometry contained within the LiDAR data for land-cover clas
sification because of its ability to, for example, recognize building and 

road features (Zhang et al., 2006), distinguish high and low vegetation 
(Charaniya et al., 2004), and grassland and shrubland (Chen et al., 
2009). Other studies have shown the benefit of LiDAR intensity data to 
separate various land cover types. For example, Charaniya et al. (2004) 
used LiDAR intensity data to distinguish between roads and low vege
tation. For a review on urban land classification using monochromatic 
LiDAR data, see Yan et al. (2015). Recent studies have investigated the 
utility of multispectral LiDAR data, i.e., the Optech Titan, to classify land 
cover types (Bakuła et al., 2016; Hopkinson et al., 2016; Matikainen 
et al., 2017). For example, Matikainen et al. (2017) showed that mul
tispectral intensity metrics from multiple channels were more useful for 
the classification of built-up, trees, asphalt, gravel, rocky areas, and low 
vegetation cover types than those based on a single LiDAR channel. 
Bakuła et al. (2016) reported an overall accuracy over 90% for a clas
sification of six land cover types in Toronto, Ontario, Canada, using 
information derived from multispectral intensity and height data. For 
more examples of land cover classification studies performed with the 
multispectral Titan data, see Matikainen et al. (2017), Morsy et al. 
(2017). 

In order to use the LiDAR intensity for forest modeling and classifi
cation purposes, radiometric calibration, correction, and normalization 
of LiDAR data are deemed to be a critical pre-processing step to improve 
the quality of the intensity/waveform data. Due to the unique charac
teristics of how LiDAR data are collected, the backscattered laser signal 
strength depends on various factors, including the range, scan angle, 
atmospheric condition, surface topography (and roughness), and other 
not readily available values of some system parameters, such as emitted 
laser power, aperture size, gain control, and system transmission factor. 
As a result, most of the existing calibration, correction, and normaliza
tion models are built upon the radar (range) equation with a consider
ation of the above-mentioned parameters. A number of studies have 
successfully demonstrated the impact of these models on improving the 
analytical capability toward different applications. Korpela et al. (2010) 
conducted a range and gain control normalization where an improve
ment of tree species classification was found ranging from 6% to 9%. 
Yan and Shaker (2014) recorded an improvement of 5.7% to 16.5% in 
overall accuracy for an urban land-cover classification after imple
menting both radiometric correction and normalization on Leica ALS-50 
LiDAR data. Despite all these successful attempts, there still exist several 
research voids that require further examination. 

First, some of the existing experiments deal with individual LiDAR 
flight lines only, where the correction model can be directly imple
mented (Hopkinson, 2007). However, stripe artifacts may occur while 
combining multiple overlapping flight lines even after radiometric 
correction. This is mainly caused when the strongly attenuated laser 
signals found at the swath edges of a data strip is combined with another 
data strip with less attenuated laser signals at the close-to-nadir region. 
Second, even though solutions of normalization of multiple flight lines 
are proposed, they require users to define the correction model param
eters. Existing correction or normalization models such as Korpela et al. 
(2010) and Gatziolis (2011) require users to define the model parame
ters to adjust the degree of correction for the range for each laser pulse. 
Kukkonen et al. (2019a) investigated the optimal model parameter of 
the (range only) intensity correction for multispectral airborne LiDAR 
data, and suggested that the value of the correction parameter for the 
respective three laser channels was less than what the existing literature 
suggested (i.e., two). Since the definition of these parameters depends 
on the LiDAR sensor as well as the studied environment, the correction 
parameters vary in different scenarios. To overcome such a drawback, a 
correction model that is capable of handling monochromatic and mul
tispectral LiDAR intensity data should be introduced without the need 
for manual intervention. 

The purpose of this paper is twofold. First, we assessed the imple
mentation of a LiDAR scan line correction (LSLC) and an overlap-driven 
intensity correction (OIC), respectively, to remove stripe artifacts that 
appeared in both individual flight lines and overlapping regions of the 
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multispectral LiDAR data. Second, we assessed the potential of pre
dicting forest attributes at the plot level using the multispectral LiDAR 
data. 

We aim to answer the following questions:  

1. What is the effectiveness of LSLC and OIC for removing/reducing 
stripe artifacts within different regions of the LiDAR flight lines?  

2. Are LiDAR intensity values within different forest cover types 
affected differently by LSLC and OIC?  

3. Does the inclusion of multispectral LiDAR intensity significantly 
improve predictions of plot level forest attribute models (i.e., for 
basal area (BA), quadratic mean diameter (QMD), and trees per 
hectare (TPH)) over models that utilize LiDAR normalized height 
information only?  

4. What is the effect of LSLC and OIC on the prediction of the plot level 
forest attributes? 

2. Material and methods 

2.1. Study area 

The Petawawa Research Forest (PRF-site) (45◦57′N, 77◦34′W; 
approximately 350 m above mean sea level) covers approximately 
10,000 ha and is located within the Great Lakes Saint Lawrence forest 
region of Ontario, Canada (Fig. 1). The PRF-site is a mixed mature forest 
and includes both managed and unmanaged forest stands. Managed 
stands include plantations consisting of a variety of tree species and 
various initial planting densities and silvicultural treatments (e.g., a 
uniform shelterwood system) (Woods et al., 2008). The dominant spe
cies in the PRF-site include eastern white (Pinus strobus L.), red (Pinus 
resinosa Ait.) and jack pine (Pinus banksiana L.), trembling aspen (Pop
ulus tremuloides Michx), white birch (Betula papirifera Marsh.), and 
tolerant hardwood species, such as red maple (Acer rubrum L.) and sugar 
maple (Acer saccharum Marsh). The pine species are predominantly 
found on dry nutrient-poor sites whereas the intolerant and tolerant 
hardwoods are found on respectively sandy to clayey upland sites and 
nutrient-rich uplands. Shade-tolerant conifers such as eastern hemlock 
(Tsuga canadensis L.) and Red oak (Quercus rubra L.) have relatively 
lower abundances in the PRF-site (Carleton, 2003; Watkins, 2011). 

2.2. Airborne data collection 

A total of 33 multispectral LiDAR flight lines were collected during 
the growing season (i.e., during leaf-on conditions) for the PRF-site on 
July 20, 2016 (Fig. 1). Prior to, and during the data acquisition there was 
no precipitation and the average air temperature was 20◦C (PRF-site 

weather station). It took approximately three hours to complete the 
LiDAR data acquisition. In each of the flight lines, three sets of airborne 
LiDAR point clouds corresponding to the three laser channels (i.e., 
channel 1 = 1550 nm, channel 2 = 1064 nm, and channel 3 = 532 nm) 
were collected by an Optech Titan sensor (Teledyne Optech, Vaughan, 
ON, Canada). The flying height of the airborne survey was approxi
mately 1.1 km, and each flight line has an approximate 50% overlap 
with adjacent flight lines. The pulse repetition frequency and the scan 
frequency are 375 kHz and 40 Hz, respectively. Although the elevation 
accuracy and precision of Optech Titan are survey specific, they are in 
general less than 10 cm and 2 cm, respectively (Fernandez-Diaz et al., 
2016). A more detailed description of the Titan multispectral LiDAR 
sensor can be found in Fernandez-Diaz et al. (2016). The acquired LiDAR 
data were not range-normalized by the data provider or the sensor 
manufacturer. The flight and data specifications are outlined in Table 1. 

2.3. Field data collection 

Field data were collected in the weeks around the airborne LiDAR 
data acquisition (July 2016) and the following year in June-July 2017. 
Field plot selection was based on a network of previously established 
field plots that used a stratified random sampling design (Penner and 
Woods, 2015). Circular plots were established in forest stands that had 
an average tree height ⩾5 m, included the majority of the forest types 
present in the PRF-site and covered a range of BA conditions. All field 
plot centers were geo-referenced using a SX Blue II-GNSS survey grade 
GPS unit (Table 2). The field data included information on tree species, 
current status (alive or dead), and diameter at breast height (DBH at ̃
1.3 m). This information was collected for all trees over a DBH threshold 

Fig. 1. Study area and location of the 84 sampling plots.  

Table 1 
Airborne LiDAR sensor specifications.  

Parameter Specification 

Sensor Optech Titan 
Acquisition date July 20, 2016 
Wavelengths 1550 nm (channel 1)  

1064 nm (channel 2)  
532 nm (channel 3) 

Pulse repetition frequency 375 kHz (combined) 
Scan frequency 40 Hz 
Scan half angle 20◦

Flying height 1.1 km AGL 
Overlap 50% 
Average point density 11.9 pts/m2 (channel 1)  

12.4 pts/m2 (channel 2)  
4.8 pts/m2 (channel 3)  
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of 9 cm. A summary of the field data is presented in Table 3. 

3. Method 

The entire data processing workflow is summarized in Fig. 2. The 
multispectral airborne LiDAR data had notable levels of stripe artifacts, 
which was found in some of the individual flight lines and overlapping 
regions. It was therefore necessary to first reduce the stripe artifacts 
found in individual flight lines by implementing the LSLC. This process 
is optional and was only applied when a specific data channel suffered 
from intensity banding. Second we applied an OIC to the overlapping 
flight lines to reduce the stripe artifacts that can be particularly serious 
at swath edges. After removing the stripe artifacts, the LiDAR intensity 
data (original and corrected) together with the height attributes derived 
from the LiDAR data were used to build five different non-parametric (i. 
e., random forest) predictive models per forest attribute (BA, QMD, and 
TPH) at the study site. We then tested whether BA, QMD, and TPH 
predictions in the PRF-site improved with additional LiDAR intensity 
metrics and whether model performance changed with the improved 
radiometric quality of the multispectral LiDAR intensity data. We 
assessed the performance of these models using %RMSE and %Bias and 
tested the equivalence of the predictions with observed values of the 
forest attributes using regression-based equivalence tests (Robinson and 
Froese, 2004; Robinson et al., 2005). 

3.1. LiDAR scan line correction (LSLC) 

The LSLC is an optional process to be implemented when an indi
vidual LiDAR flight line has notable stripe artifacts, which is mainly 
found in LiDAR systems operated with an oscillating mirror. Such stripe 
artifacts can be attributed to the intensity banding effect, which is 
caused by the backscattered laser pulses partially falling outside the 
receiver’s field of view in a particular scanning direction. As a result, the 
recorded backscattered laser energy at this particular scanning direction 
is consistently lower than that of the opposite one. To resolve this issue, 
the LSLC proposed by Yan and Shaker (2018) can be implemented to 
reduce the intensity banding effect. The LSLC includes the following 
steps:  

1. Split the LiDAR flight line into two subsets based on the scanning 
direction;  

2. Pair up the unique returns of data points from these two subsets 
based on the nearest distance and a cut-off distance (i.e., the mean 
point spacing);  

3. Create a joint histogram using the paired intensity data points from 
the two subsets; 

4. Establish a correction function (i.e., a polynomial model) that in
cludes both intensity and scan angle based on a robust regression;  

5. Perform the correction on the intensity data of the subset, which has 
consistently lower intensity values (based on the average mean in
tensity value of the two opposite scan lines), using the estimated 
model parameters; and  

6. Combine the two subsets to form the LSLC intensity flight line. 

Details of LSLC can be found in Yan and Shaker (2018). In this study, 
we only implemented the LSLC to those LiDAR flight lines that showed 
significant amount of stripe artifacts, which are channel 1 (1550 nm) 
and channel 2 (1064 nm). After implementing the LSLC, the LiDAR in
tensity data should undergo the following OIC in order to adjust the 
effects of range, angle, and atmospheric attenuation. 

3.2. Overlap-driven intensity correction (OIC) 

Most of the existing radiometric correction and normalization ap
proaches are built upon the radar (range) equation, which describes the 
relationship between the emitted laser power (Pt) and the backscattered 
laser signal strength (Pr), depending on a number of system and envi
ronmental parameters (Jelalian, 1992). The radar (range) equation is 
listed as below: 

Pr =
PtD2

r

4πR4βt
ηatmηsysσ (1)  

where Dr is the aperture diameter, R is the range, βt is the laser beam 
width, ηsys and ηatm are the system transmission factor and atmospheric 
attenuation, respectively, and finally σ describes the characteristics of 
the laser pulse being backscattered from the ground objects: 

σ = 4πρAcosθ (2)  

where ρ refers to the relative (or pseudo) reflectance of the surface, A is 
the projected laser footprint, and θ refers to the angle of incidence. The 
atmospheric attenuation factor ηatm can be modeled as follows: 

ηatm = e− 2τR (3) 

Table 2 
Field data specifications.  

Parameter Specification 

Data collection 2016, 2017 (June–July) 
Number of plots 84 
Plot size (m2) 1000 

DBH threshold (cm) 9 
GPS unit SX Blue II-GNSS 

(listed accuracy) (2drms = sub-60 cm, 95% confidence)  

Table 3 
Field data summaries for all sample plots (n = 84).  

Forest attribute Mean (Standard 
deviation) 

Minimum Maximum 

Basal area (BA) (m2 ha− 1) 29.3 (11.1) 5.2 64 
Quadratic mean diameter 

(QMD) (cm) 
22.6 (7.9) 9.8 49.8 

Trees per hectare (TPH) 
(stems ha− 1) 

881 (429) 317 1384  

Fig. 2. Overall data processing workflow. The three groups of plot level LiDAR 
metrics are: normalized height-based metrics from channel 2 (Z_2), uncorrected 
intensity metrics from channels 1, 2 and 3 (lo_123), and corrected intensity 
metrics from channels 1, 2 and 3 (Ic_123). 
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where τ represents the sum of the absorption and scattering coefficients 
from the aerosol and molecular particles. Most of the current correction 
approaches assume that a diffuse reflectance occurs on any impenetrable 
surface. Therefore, the cosine of incidence angle can be used to describe 
the diffuse reflectance. The system factor ηsys has been handled by the 
LSLC with respect to the banding effect. Therefore, this parameter is 
being ignored in the OIC. Since the parameters Pt , βt, and Dr can be 
assumed as unchanged or stable during the survey mission, the correc
tion model can be written as: 

Ic = ρ∝I⋅
R2

cosθ
⋅e2τR (4)  

where Ic is the corrected (or normalized) LiDAR intensity value and I is 
the original LiDAR intensity value. The above equation is used for 
radiometric calibration/correction by normalizing the data with the 
square of a reference range found in the LiDAR data strip (e.g., flying 
height or minimum range (Rmin)), and often applied in forestry and 
vegetation studies (Hopkinson, 2007; Yu et al., 2017). 

The above model is generally applied to a single airborne LiDAR 
flight line. Regarding overlapping LiDAR flight lines, existing studies 
have investigated different correction parameters to feed in the above 
mentioned model so as to minimize the radiometric discrepancy be
tween the overlapping flight lines (Korpela et al., 2010; Gatziolis, 2011). 
However, these pre-defined parameters are system and site dependent. 
As a result, we propose an OIC model based on the framework of Gat
ziolis (2011) and Ding et al. (2013). Reformulate Eq. (1) by substituting 
other parameters from Eqs. (2) and (3): 

Ic = I⋅
[

R
Rmin

]

⋅
1

cosθ
⋅e2τR (5)  

Eq. (5) is based on the assumption of diffuse reflectance, where such a 
setting can only handle homogeneous landscape and stable LiDAR sys
tem settings. Recent studies further explore the application of different 
bidirectional reflectance distribution functions (BRDF), such as the 
Phong (Tan and Cheng, 2017; Ding et al., 2013; Jutzi and Gross, 2010) 
or the Torrance-Sparrow reflectance model (Poullain et al., 2016). Some 
of these BRDFs apply the higher order cosine law or use the polynomial 
approximation of the range effect (Höfle and Pfeifer, 2007). As a result, 
Eq. (5) can be re-written as: 

Ic = I⋅
[

R
Rmin

]a

⋅
[
1

cosθ

]b

⋅e2cR (6)  

Unless different calibration targets are available during the survey, the 
correction parameters a, b and c cannot be estimated. Therefore, we use 
overlapping flight lines to estimate the correction parameters by first 
pairing up the closest data points from the overlapping flight lines. 
Assuming no gain control is implemented, the corrected intensity, i.e., 
relative (or pseudo) reflectance, consider to be identical. 

Ici

Icj

=

[

Ii⋅
[

Ri

Rmin

]a

⋅
[

1
cosθi

]b

⋅e2cRi

]/[

Ij⋅
[

Rj

Rmin

]a

⋅
[

1
cosθj

]b

⋅e2cRj

]

(7)  

We assume the first return of the paired closest points represent the same 
object surface, i.e., Ici = Icj . In this case, Eq. (7) can be reformulated as: 

Ii

Ij
=

[
Rj

Ri

]a

⋅
[
cosθi

cosθj

]b

⋅e2(Rj − Ri)c (8)  

Given the above equation is in a non-linear form, we apply a logarithm 
to the equation in order to solve the correction parameters: 

ln
[

Ii

Ij

]

= a⋅ln
[

Rj

Ri

]

+ b⋅ln
[
cosθi

cosθj

]

+ 2(Rj − Ri)c (9)  

In matrix form, the linearized equation can be represented as: 

[

ln
[

Rj

Ri

]

ln
[
cosθi

cosθj

]

2[Rj − Ri]

]

⋅

⎡

⎣
a
b
c

⎤

⎦ = ln
[

Ii

Ij

]

(10)  

where it can be formulated as: 

AX = L (11)  

To solve the correction parameters X, an ordinary least squares is 
applied: 

X = (A⊤A)
− 1A⊤L (12)  

If multiple LiDAR data strips are acquired, the above-mentioned process 
should pair up data points from different overlapping data strips in order 
to estimate a set of universal correction parameters. Once the correction 
parameters (a, b and c) are solved, they are applied to Eq. (6) to perform 
the radiometric correction. To further improve the robustness of the 
solution, we employed a M-estimator to handle potential outliers during 
the least-squares adjustment. In practice, the OIC should be imple
mented on the LiDAR data points so that the radiometric discrepancy 
found in the overlapping region can be reduced. Such a step is important 
for fine-scale seamless LiDAR-based land cover classification and wall- 
to-wall LiDAR-based predictions of ITC and ABA tree and forest attri
butes. However, it is possible to conduct the radiometric correction only 
on the spatial extents of the sample plots by combining all the over
lapping LiDAR intensity data of the sample plots. This way, the 
computational time can be significantly reduced. 

3.3. Multispectral airborne LiDAR data processing for plot-level forest 
attribute predictions 

Prior to extracting the multispectral LiDAR metrics, we height- 
normalized the LiDAR data using ground returns from a previous 
LiDAR (i.e., 2012) data acquisition over the PRF-site. Trend analysis 
results comparing the two LiDAR acquisitions indicated that there was 
no significant trend of elevation difference (α = 0.05), and an elevation 
translation of 0.79 m was applied to the previous (i.e., 2012) LiDAR data 
to match the 2016 LiDAR data acquisition. For each plot, we extracted 
multispectral LiDAR metrics, which we divided into two main types: (1) 
normalized height-based metrics (from channel 2 only), and (2) 
intensity-based metrics (from channels 1, 2 and 3) (Table 4). The first 
type of metrics included measures of central tendency, measures of 
dispersion, height percentiles, canopy cover/density, and stand 
complexity metrics based on LiDAR normalized height (z) values. For 
this group of metrics, we used all returns without filtering the point 
clouds based on any height threshold. The latter was based on the results 
of Woods et al. (2008), Woods et al. (2011) who concluded that forest 
attribute models created using LiDAR metrics without a height threshold 
performed better than those models filtered with a height threshold. The 
second group included LiDAR intensity metrics, using first returns only, 
consisting of measures of central tendency, dispersion and cumulated 
intensity at height percentiles extracted from each of the three channels. 
We also included three normalized difference vegetation indices (NDVI) 
computed by combining the mean intensity values across the three 
channels. 

NDVI1064− 532 =
I1064 − I532
I1064 + I532

(13)  

NDVI1550− 532 =
I1550 − I532
I1550 + I532

(14)  

NDVI1550− 1064 =
I1550 − I1064
I1550 + I1064

(15)  

Based on this set of LiDAR metrics, we tested five different sets of LiDAR 
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metrics as listed in the Table 5 for the prediction of three forest attri
butes, i.e., BA, QMD, and TPH. We performed all the calculations to 
derive the LiDAR metrics in R version 3.4.1 R Development Core Team 
(2015) using the lidR package version 1.5.0 (Roussel and Auty, 2018). 

3.4. Plot level forest attribute predictions 

In this study, we predicted forest attributes using the non-parametric 
modeling approach random forest (RF) (Breiman, 2001). This modeling 
approach consists of an ensemble of regression trees derived by boot
strapping (with replacement) both predictor variables and sample plot 
calibration data. The ensemble of regression trees can facilitate a pro
gressive growth in order to yield a maximum predictive accuracy while 
at the same time the mechanism of bootstrapping tends to reduce the 
correlation between residuals of single trees (Breiman, 2001; Segal, 
2003). RF models can handle complex, high-dimensional interactions 
between predictors and multicollinearity (Evans et al., 2011). In addi
tion, RF models result in robust predictions due to its cross-validation 
during the model development phase (Penner et al., 2013). Lastly, 
wall-to-wall mapping of the forest attribute RF predictions at the 

landscape level is a relatively easy process (Immitzer et al., 2016). These 
RF model characteristics have made it one of the more frequently used 
approaches to predict LiDAR-based Forest Resource Inventory (FRI) 
attributes (White et al., 2017). 

Since the number of forest field plots was relatively low (i.e., 84 
plots) in this study, the performance of the constructed forest models 
was examined based on the leave-one-out cross-validation (LOOCV) 
approach. The average bias and RMSE were computed to assess the 
performance of the RF models in both absolute and relative terms. 

bias =
1
N

∑N

i=1
(ŷi − yi) (16)  

%bias =
bias

y
× 100 (17)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

i=1
(ŷi − yi)

2

√
√
√
√ (18)  

%RMSE =
RMSE

y
× 100 (19)  

where N is the number of validation plots, yi is the observed value for 
plot i, ŷi is the predicted value for plot i, and y is the mean of the 
observed attribute, i.e., BA, QMD, or TPH. 

To compare the forest attribute observations with the five different 
RF predictions (i.e., the predictor sets: Z_2 to ZIc_123) we used 
regression-based equivalence tests (Robinson and Froese, 2004; Rob
inson et al., 2005). The bootstrapped two one-sided test (TOST) of 
equivalence examines the null hypothesis that the average difference 
between the intercept (β0) and slope (β1) for all forest attribute pre
dictions and field observations are not equal to zero and one, respec
tively, i.e., the predictions are dissimilar from the observations in terms 
of intercept or slope or both. If the null hypothesis is rejected, the pre
dictions are not significantly different from the observations (Robinson 
et al., 2005). The intercept component of the equivalence test is a 
measure of bias and determines if the mean of the observations is 
equivalent to the means of the model predictions. The slope component 
of the equivalence test is a measure of proportionality and determines if 
the slope between observations and model predictions is equivalent to 
one (Robinson et al., 2005; Fekety et al., 2018). 

All statistical analyses were performed in R version 3.4.1 (R Devel
opment Core Team, 2015) using the caret package version 6.0–77 (Kuhn 
et al., 2008), randomForest version 4.6–12 (Liaw and Wiener, 2014) to 
predict forest attributes, and the equivalence package version 0.7.2 
(Robinson, 2016) to perform equivalence tests between forest attribute 
predictions and observations. The script of Fekety et al. (2018) was used 
to produce equivalence tests graphical outputs. 

4. Results 

4.1. Removal of stripe artifacts in individual LiDAR flight lines by LSLC 

Since channel 1 (1550 nm) and channel 2 (1064 nm) had notable 
stripe artifacts in their respective individual LiDAR flight lines, the 
LiDAR intensity data collected by these two channels were processed 
with LSLC. To assess and show the effects of stripe removal after 
implementing the LSLC we selected areas within individual flight lines 
that had different land cover types (forest, bare soil, roads, grassland, 
and wetland). Within the forest cover type we included natural/un
managed and managed subtypes, including natural forest, plantation, 
shelterwood, and clearcut stands. Each land cover/forest cover type 
encompassed an area of approximately 90 m by 90 m (Figs. 3–5, and 
Tables 6 and 7). Apart from visual comparison, the effect of stripe 
removal can be quantitatively measured by computing the coefficient of 

Table 4 
Multispectral LiDAR metrics extracted for the sample plots*.  

Metric Description 

Z_sd Standard deviation of height distribution (m). 
Z_skew Skewness of height distribution. 
Z_kurtosis Kurtosis of height distribution. 
Z_qP Pth height percentiles (m) (P = 25, 45, 75, and 95). 
Z_pcumn Cumulative percentage of returns in the nth of 10 equally spaced 

height intervals (%) (n = 1, 7, 9), where n = 1 refers to the lowest 
height interval. 

vci Vertical complexity index (van Ewijk et al., 2011). 
ccmean Mean crown closure: the number of 2 × 2 m canopy height model 

raster cells that have a height value greater or equal to the mean 
height canopy (%).  

rumpleindex Ratio of canopy surface to plot area (Kane et al., 2010). 
cover2m Percent of all returns above 2 m (%). 
lad.cv Coefficient of variation in the leaf area density (LAD) profile (m2/ 

m2) (Bouvier et al., 2015). 
I_tot Sum of intensities. 
I_max Maximum intensity. 
I_mean Mean intensity. 
I_sd Standard deviation of intensity distribution. 
I_cv Coefficient of variation of intensity distribution. 
I_skew Skewness of intensity distribution. 
I_kurtosis Kurtosis of intensity distribution. 
I_pcumzqP Percentage of intensity returns below the Pth height percentile (P 

= 10 to 90). 
NDVI1064− 532 See Eq. (13). 
NDVI1550− 532 See Eq. (14). 
NDVI1550− 1064 See Eq. (15).  

* height-derived metrics were only extracted from channel 2, whereas 
intensity-derived metrics were derived from channels 1, 2 and 3 and from the 
original and corrected intensity. 

Table 5 
Five sets of LiDAR metrics.  

Metric Description 

Z_2 Normalized height-based LiDAR metrics from channel 2 (1064 nm) 
ZIo_2 Normalized height-based and uncorrected intensity LiDAR metrics from 

channel 2 (1064 nm) 
ZIc_2 Normalized height-based and corrected intensity LiDAR metrics from 

channel 2 (1064 nm) 
ZIo_123 Normalized height-based LiDAR metrics from channel 2 (1064 nm), 

uncorrected intensity LiDAR metrics from channel 1 (1550 nm), 2 (1064 
nm), and 3 (532 nm), and three NDVI metrics 

ZIc_123 Normalized height-based LiDAR metrics from channel 2 (1064 nm); 
corrected intensity LiDAR metrics from channel 1 (1550 nm), 2 (1064 

nm), and 3 (532 nm), and three NDVI metrics  
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variation (cv). The cv is computed by dividing the standard deviation of 
the intensity by the mean of the intensity. A decrease of cv after LSLC 
implies a reduction of striping in intensity data, resulting in an 
improvement of intensity homogeneity. Table 6 shows the computed cv 
of the land cover before and after implementing the LSLC on the in
tensity data of channel 1 and channel 2. Fig. 3 shows the original in
tensity data and the LSLC intensity data for the four areas for channel 2 
(1064 nm). 

Based on the observation in Table 6 and Fig. 3, we can see that stripe 
artifacts caused by banding were successfully reduced in all land and 
forest cover types after implementing the LSLC. In all areas we observed 
a significant reduction of cv. For instance, in Area 1 (bare soil within a 
shelterwood stand), the cv of original intensity value of channels 1 and 2 
were 0.084 and 0.199, respectively. A reduction of cv by 23.06% and 
66.87% can be observed after implementing the LSLC. For a similar area 
(i.e., Area 3, a clearcut stand including plots with disturbed seed beds 
and natural regeneration) we recorded a similar cv reduction. The cv of 
original intensity was 0.211 in channel 1 and 0.232 in channel 2. After 
implementing the LSLC, the cv was reduced to 0.2 (↓5.09%) and 0.124 
(↓46.5%), respectively, for channels 1 and 2. A similar degree of cv 
reduction can also be found in Area 4 (wetland). The percentage of cv 
reduction for channels 1 and 2 were 6.98% and 42.27%, respectively. 
Finally, Area 2 represents an open mixedwood natural forest stand in 
which the striping was not visually obvious. In addition, the cv reduction 
after implementing the LSLC was not as pronounced as in the previous 
three areas. A reduction of cv by 4.23 to 4.79% was achieved for both 
channels. The grassland in Area 2 also recorded a cv reduction by 0.19% 
in channel 1 and 36.03% in channel 2. For impervious surfaces, such as 
the road in Area 3, the LSLC was able to reduce the striping with a 
decrease of cv by approximately 7.78% and 39.8% in channels 1 and 2, 
respectively. Based on our analysis, the stripe artifacts appeared more 
obvious on hard ground objects (i.e., those possessing a unique intensity 
return). As a result, the effect of LSLC was more observable on bare soil, 
roads, and wetlands, whereas the improvement of intensity homoge
neity in tree canopies was less obvious. Also, channel 2 suffered more 
serious intensity banding effects and striping than channel 1. Therefore, 
a higher cv reduction was recorded in channel 2 for all areas as a result of 
the successful removal of stripe artifacts. 

4.2. Removal of stripe artifacts in overlapping LiDAR flight lines by LSLC 
and OIC 

After implementing LSLC, the stripe artifacts in each individual 
LiDAR flight line were significantly reduced. However, mild levels of 
striping artifacts were still observed in the overlapping regions of the 
combined LiDAR flight lines. This can be attributed to the effect of range 
and angle, where longer range and larger incidence angle can induce a 
higher degree of attenuation of the backscattered laser signal. We 
selected four new sub-areas that encompassed the different land cover/ 
forest types and that were located in the overlapping region of the LiDAR 
data strips to demonstrate the effect of implementing the OIC. Fig. 4 
shows the original multispectral LiDAR intensity data and the LSLC and 
OIC intensity data for (i) a plantation (including a mature jack pine 
plantation, clearcut areas, natural regeneration, and a road); (ii) a dense 
mixedwood stand (mostly pine and poplar); (iii) a clearcut area 
(including plots with disturbed seed beds and natural regeneration); and 
(iv) a wetland. 

To demonstrate the effect of radiometric correction near the swath 
edges, we selected a section of the overlapping LiDAR flight lines 
covering several land cover types, i.e., grassland, roads, and forest. A 
significant level of striping can be observed at the swath edge region in 
the original LiDAR data (Fig. 5a). After implementing the LSLC, most of 
the stripe artifacts were removed from individual LiDAR flight lines, 
leaving a mild level of noise at the swath edge. This is mainly due to the 
attenuation of the backscattered laser signal with long range and large 
incidence angle (Fig. 5b). Therefore, the OIC was subsequently imple
mented to remove most of the stripe artifacts at the swath edge (Fig. 5c). 

Table 7 shows the computed cv of the three land cover classes found 
at the swath edge region. In channel 1, the cv of the original intensity 
within the grassland and forest cover types was 0.337 and 0.946, 
respectively. Both land cover types showed a reduction of cv by 2.1% 
after implementing the LSLC. A further reduction in cv by 12% and 
5.51% was found after implementing the OIC for grassland and forest, 
respectively. In terms of roads, the cv of original intensity was 0.32. This 
value was reduced to 0.318 and 0.282, respectively, after applying the 
LSLC and OIC, resulting in a decrease of cv of 0.54% and 11.6%. In 
channel 2, the forest cover type showed the least cv reduction after 

Fig. 3. (a) to (d) original intensity (channel 2, 1064 nm) data for Areas 1 to 4, and (e) to (h) LSLC intensity data for Areas 1 to 4. The striping caused by the intensity 
banding is obvious on the original intensity (a) to (d), and the LSLC successfully removes the striping. 
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implementing LSLC (↓2.54%) and OIC (↓6.37%). This reduction was 
similar to channel 1. Both the grassland (0.278) and paved road (0.295) 
had a low cv in the original intensity data. A decrease in cv of 14.19% 
and 6.78% was found after implementing the LSLC, and a further 
reduction of 42.93% and 31.43% after implementing the OIC for the 
respective two land cover types. Finally, in channel 3, we did not 
implement the LSLC since there was no intensity banding effect found in 
the individual LiDAR flight lines. Instead, we applied the OIC directly on 
the data, resulting in a reduction of cv by 33.77%, 11.05%, and 6.48%, 
respectively, for the grassland, road, and forest cover types. 

4.3. Plot level forest attribute predictions 

Prediction accuracy metrics (i.e., %RMSE and %Bias) for BA, QMD, 
and TPH are presented in Table 8 and scatterplots of the best BA, QMD, 
and TPH predictive models in Fig. 6. Although none of the five predic
tive models demonstrated a consistent model performance (in terms of 
%RMSE and %Bias) over the three forest attributes, some trends/ten
dencies can be observed. In terms of %RMSE, models including height 
and intensity metrics (models 2–5) performed better than predictive 
models that included only height metrics from channel 2 (i.e., model 1). 
%RMSE for BA and QMD improved by less than 2%, whereas the 

Fig. 4. (a) to (d) original multispectral LiDAR intensity data for the four sub-areas, and (e) to (h) LSLC and OIC multispectral LiDAR intensity data (Red: 1550 nm, 
Green: 1604 nm, Blue: 532 nm). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 5. A 50 m by 300 m sub-area in the PRF-site with two overlapping region combined by two strips: (a) Combined original LiDAR flight lines, (b) combined LiDAR 
flight lines after LSLC, and (c) combined LiDAR flight lines after LSLC and OIC (Red: 1550 nm, Green: 1604 nm, Blue: 532 nm). (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.) 
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improvement in %RMSE in TPH ranged from 3.5 to 7.2%. We did not 
observe any consistency, however, in terms of which of these four 
models (models 2–5), performed best in terms of %RMSE. For BA, model 
3 (height and channel 2 corrected intensity) performed best (21.8% 
RMSE), for QMD, model 2 (height and channel 2 original intensity) 
performed best (23.3% RMSE), and for TPH, model 5 (height and cor
rected intensity from all three channels) performed best (35.3% RMSE). 
For QMD and TPH, %Bias decreased with the inclusion of intensity 
metrics, however, for BA we observed the opposite; i.e., %Bias increased 
by 0.1 to 0.3% compared to model 1 (channel 2 height metrics only). 
Again, the largest improvement in %Bias was observed in TPH (from 0.8 
to 1.8%). RF’s variable importance factor indicated that the two most 
important metrics for models 4 and 5 (height and intensity from all three 
channels) were NDVI1550− 1064 and I kurtosis1550. Only the fourth ranked 
metric was a height-derived LiDAR metric, i.e., Z pcum1, in these 
models. These results indicate that BA and QMD predictions in our study 
area gain relatively little from additional intensity metrics, in terms of 
using monochromatic versus multispectral metrics and in terms of 
correction of LiDAR intensity data. However, additional intensity met
rics improve TPH predictions, especially when intensity metrics from 
multiple channels (i.e., multispectral LiDAR) and intensity NDVI metrics 
are included. Again, the application of a radiometric correction for 
modelling BA, QMD, and TPH resulted in minimal improvement (i.e., 
reduced RMSE or Bias). 

The predictive models were further evaluated using statistical 
equivalence tests. Equivalence tests show that all five models for all 
three FRI attributes were statistically equivalent to the observed BA, 
QMD, and TPH in terms of bias, indicating that the means of the ob
servations and predictions were equivalent at a ± 25% region of 
equivalence. However, in terms of proportionality (which tests if the 
slope between observation and predictions are equivalent to one), none 
of the model predictions were equivalent to the observed BA, QMD, and 
TPH at a ± 25% region of equivalence. The 95% confidence interval of 
the proportionality component extended outside of the lower range of 
the region of equivalence, indicating that all models, regardless whether 

intensity was included or excluded and regardless whether intensity was 
corrected or uncorrected, over predicted low BA, QMD, and TPH ob
servations and under predicted high BA, QMD, and TPH observations. 

We also evaluated the equivalence between prediction model 1 and 
models 2–5 (results not shown). BA and QMD model predictions, which 
included height and intensity metrics, were statistically equivalent to BA 
and QMD model predictions, which included height metrics only, both 
in terms of bias and proportionality. The results of these equivalence 
tests confirm the results of the prediction accuracy metrics (%RMSE and 
%Bias) (Table 8) that BA and QMD predictions in the PRF-site gained 
relatively little when intensity metrics were added to the variable pre
dictor set for these attributes. Equivalence tests for TPH, on the other 
hand, indicated that TPH model 1 predictions (height metrics only) were 
not statistically equivalent to TPH models 2–5 predictions (height and 
intensity metrics). Hence, the inclusion of intensity metrics (original or 
corrected), especially multispectral intensity metrics, is more beneficial 
for the prediction of TPH. 

5. Discussion 

5.1. Removal of stripe artifacts by LSLC and OIC 

The presence of stripe artifacts found in individual LiDAR flight lines 
and, after mosaicking, in overlapping flight lines, makes it necessary to 
implement radiometric pre-processing to improve the quality of the 
intensity data. Therefore, in this paper, we show that these errors should 
be addressed separately, starting with the individual LiDAR flight lines 
and subsequently the overlapping LiDAR data between adjacent flight 
lines. 

The first type of stripe artifacts is attributed to the intensity banding 
effect, which is caused by the misalignment between the axes of the 
transmitted laser beam and the receiver’s field of view (Yan and Shaker, 
2018). The use of LSLC can significantly help remove these unwanted 
artifacts. Unless stripe artifacts are present in the LiDAR flight line, 
implementation of LSLC is optional. (for example, we did not implement 

Table 6 
A comparison of cv between the original intensity and LSLC intensity.   

Channel 1 (1550 nm) Channel 2 (1064 nm)  

Original 
Intensity 

LSLC 
intensity 

Original 
Intensity 

LSLC 
intensity 

Area 1: Bare soil in 0.084 0.065 0.199 0.066 
shelterwood stand (↓23.06%) (↓66.87%) 

Area 2: Open 0.706 0.676 0.650 0.619 
mixedwood 
natural forest 

stand 

(↓4.23%) (↓4.79%) 

Area 2: Grassland 0.271 0.271 0.261 0.167 
(↓0.19%) (↓36.03%) 

Area 3: Clearcut 
stand 

0.211 0.200 0.232 0.124 
(↓5.09%) (↓46.5%) 

Area 3: Road 0.166 0.153 0.235 0.141 
(↓7.78%) (↓39.8%) 

Area 4: Wetland 0.247 0.230 0.258 0.149 
(↓6.98%) (↓42.27%)  

Table 7 
A comparison of cv between the original intensity, LSLC intensity and OIC intensity.   

Channel 1 (1550 nm) Channel 2 (1064 nm) Channel 3 (532 nm)  

Original 
Intensity 

LSLC 
Intensity 

LSLC + OIC 
Intensity 

Original 
Intensity 

LSLC 
Intensity 

LSLC + OIC 
Intensity 

Original 
Intensity 

LSLC 
Intensity 

LSLC + OIC 
Intensity 

Grassland 0.337 0.330 0.297 0.278 0.239 0.159 0.212 Nil 0.140   
(↓2.11%) (↓12.00%)  (↓14.19%) (↓42.93%)   (↓33.77%) 

Road 0.320 0.318 0.282 0.295 0.275 0.203 0.334 Nil 0.297   
(↓0.54%) (↓11.60%)  (↓6.78%) (↓31.43%)   (↓11.05%) 

Forest 0.946 0.925 0.893 0.706 0.688 0.661 0.403 Nil 0.377   
(↓2.12%) (↓5.51%)  (↓2.54%) (↓6.37%)   (6.48%)  

Table 8 
BA, QMD, and TPH predictive RF model accuracies (%RMSE and %Bias) for the 
five predictor sets using LOOCV. The differences between model 1 (normalized 
height metrics only) and models 2–5 (including intensity metrics) are shown in 
brackets.  

Model BA QMD TPH  

%RMSE %Bias %RMSE %Bias %RMSE %Bias 

1: Z_2 23.7 0.4 25.1 -0.9 42.5 2.1 
2: ZIo_2 22.5 0.7 23.3 -0.8 37.2 1.7 

(↓1.2) (↑0.3) (↓1.8) (↑0.1) (↓5.3) (↓0.4) 
3: ZIc_2 21.8 0.5 24.9 -0.6 39.0 0.9 

(↓1.9) (↑0.1) (↓0.2) (↑0.3) (↓3.5) (↓1.2) 
4: ZIo_123 22.1 0.6 23.8 − 0.5 35.6 0.6 

(↓1.6) (↑0.2) (↓1.3) (↑0.4) (↓6.9) (↓1.5) 
5: ZIc_123 22.0 0.5 24.8 − 0.5 35.3 0.3 

(↓1.7) (↑0.1) (↓0.3) (↑0.4) (↓7.2) (↓1.8) 

*Best models in terms of %RMSE and %Bias are indicated in bold. 
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the LSLC on channel 3 in our case study). Also, these striping artifacts (or 
the intensity banding effect) tend to be more prevalent in the nadir re
gion and less so towards the swath edges. This is mainly due to the speed 
of the oscillating mirror. When the oscillating mirror is operated at high 
speed, i.e., approaching the nadir region, the recorded laser beam may 
move away from the receiver’s field of view, resulting in a significant 
laser energy loss in this particular scanning direction. On the other hand, 
when the oscillating mirror approaches the swath edge, the motion of 
the mirror decelerates, resulting in a high overlap factor between the 
laser beam and receiver’s field of view. The cv computed in Table 4 
refers to the land cover types collected at the close-to-nadir region, 
whereas the cv computed in Table 5 refers to the land cover types 
collected at the swath edge. For instance, in channel 2, the reduction of 
cv after implementing the LSLC was 36.03% for grassland at the close-to- 
nadir region, but the reduction of cv yielded only 14.19% if collected 
near the swath edge. Similarly, the computed cv for tree canopies was 
reduced by 5.09% and 2.54% for the LiDAR data points collected close to 
nadir and swath edge, respectively, after implementing the LSLC. 
Regarding the road feature, a notable difference can be observed be
tween the value of cv reduction collected near nadir and at the swath 
edge, i.e., a percentage of reduction of 39.8% and 6.78% respectively. 
These numbers shed light on how the severity of stripe artifacts changes 
within different regions of the LiDAR flight line, and that the LSLC can 
successfully remove this noise regardless of its location. 

The second type of stripe artifacts can be observed when combining 
two overlapping LiDAR flight lines. Although the stripe artifacts found in 
the individual LiDAR flight line is removed after LSLC, a low level of 
striping can be found at the swath edge of the overlapping LiDAR data. 
This can be attributed to the attenuation of laser energy due to the 
system and environmental induced distortions (mainly range and 
angle). Although there are several radiometric correction models based 
on the radar (range) equation to remove these effects, the degree of 
correction varies with respect to the study area and the system being 
used. Therefore, we utilize an overlap-driven approach to estimate the 
correction parameters, mainly for the range and angle. As shown here, 
the OIC successfully removed the stripe artifacts found in the swath 
edge. Comparisons among the three land cover types indicated that the 
cv for the forest cover type always recorded the least cv reduction after 
LSLC or LSLC and OIC. Since the laser footprint is larger than the indi
vidual components of the forest (i.e., tree stem, branches, and leaves), 
the signal is usually backscattered with multiple returns from these 
various components. Unlike those objects located on hard surfaces (e.g., 
grassland, bare ground, and road), the mechanism of laser energy 
attenuation in forests is harder to model. Therefore, the effect of 
radiometric correction on forests is not as obvious. In our study, this may 
explain why the forest attribute predictions using radiometrically cor
rected intensity metrics did not appear to be different from those pre
dictive models using metrics derived from the original intensity data. 

5.2. Plot level forest attribute predictions 

Our results demonstrate that BA and QMD predictions in our study 
area gained relatively little from additional intensity metrics, both from 
monochromatic or multispectral LiDAR intensity data. Intensity metrics 
from multiple LiDAR channels and intensity NDVI metrics, did improve 
TPH predictions by up to 7.2 %RMSE and 1.8 %Bias. However, TPH 
prediction errors (%RMSE) were still approximately 10% larger than for 
BA and QMD. This indicates that stem density remains more difficult to 
predict, especially in structurally complex temperate forests like the 
PRF-site. All predictive models significantly over predicted low BA, 
QMD, and TPH observations and under predicted high BA, QMD, and 
TPH observations, regardless whether intensity (raw or corrected) was 
included or not and regardless whether monochromatic or multispectral 
LiDAR metrics were used. Our findings, in part, support previous studies 
that modeled plot-level forest attributes and compared the predictive 
performance of these models when LiDAR-derived height, intensity, or a 
combination were included (Hopkinson and Chasmer, 2009; García 
et al., 2010; Shang et al., 2017; van Ewijk et al., 2019). Hopkinson and 
Chasmer (2009) found that metrics derived from the LiDAR intensity 
data were more stable and less sensitive to canopy height, structural 
class, and sensor configuration than LiDAR height-derived metrics for 
modelling canopy fractional cover over seven study areas across Canada. 
García et al. (2010) found that models that included LiDAR derived 
height and intensity metrics or intensity metrics only resulted in a more 
accurate estimate of biomass in a mixed species Mediterranean forest 
than models based on height metrics alone. Those LiDAR intensity 
derived metrics incorporated at different height percentiles (i.e., can be 
treated as a combination of elevation and intensity information) along 
with intensity-based measures of canopy closure were chosen in their 
overall and species-specific biomass models. Shang et al. (2017) also 
showed that the combined use of height and intensity metrics gave more 
accurate predictions of size class specific stem densities in a temperate 
forest in Ontario, Canada compared to models including only height or 
intensity metrics. van Ewijk et al. (2019), compared BA, QMD, and TPH 
predictions at three Ontario forest sites and found, similar to this study, 
that at all three sites BA and QMD gained little in terms of prediction 
accuracy when intensity metrics were combined with height metrics 
derived from LiDAR data. However, TPH improvements in predictive 
accuracy varied by forest site, ranging from 0.6 to 6% improvements in 
%RMSE within their boreal and temperate forest sites, respectively. 

In terms of comparing performance differences between the use of 
monochromatic and multispectral LiDAR derived metrics (height and 
intensity) in plot level forest attribute models, Dalponte et al. (2018) 
concluded that multispectral LiDAR models for above ground biomass, 
diameter variability, species diversity and stem density provided better 
prediction results than monochromatic LiDAR models (for a forest in 
southern Norway). They found that metrics derived from channel 1 

Fig. 6. FRI predictive models for BA, QMD, and TPH. Names in brackets indicate which of the five model results are shown and 1:1 lines are added to show the 
model’s fit. 
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(1550 nm) seemed the most useful for the forest attributes they modeled. 
Kukkonen et al. (2019a,b) also reported improvements for plot level 
predictions of dominant species, species proportions and volume (total 
and species-specific volume) for a boreal forest in eastern Finland when 
multispectral LiDAR metrics were used compared to monochromatic 
LiDAR metrics (i.e., Kappa improved from 0.74 (using monochromatic 
LiDAR metrics) to 0.81 (using multispectral LiDAR metrics) for their 
predictions of dominant tree species. The authors also reported that 
improvement of species-specific volume using multispectral LiDAR 
metrics was tree species dependent, with the largest %RMSE decrease 
found in broadleaved volumes (i.e., from 121.0 to 72.3 %RMSE) and the 
least in spruce volumes (i.e., 38.8 to 34.3 %RMSE). In our study, we only 
observed an improvement in performance accuracy of predictive models 
with multispectral LiDAR metrics (models 4 and 5) over predictive 
models using monochromatic LiDAR (models 2 and 3) for TPH but the 
difference between these models was small (<4 %RMSE). The differ
ences in model performances between these studies may in part be 
explained by differences in forests (temperate versus boreal), by dif
ferences in forest attributes, and by differences in sampling design (e.g., 
stratification, plot size, and number of plots). 

Most previous studies that have included intensity metrics to predict 
forest attributes (at the individual tree level, plot level, or classified 
land/forest cover types) have either used the original LiDAR intensity 
(Hopkinson et al., 2016; Shang et al., 2017; van Ewijk et al., 2019) or 
corrected/calibrated/normalized LiDAR intensity (García et al., 2010; 
Budei et al., 2018; Matikainen et al., 2017; Axelsson et al., 2018; Dal
ponte et al., 2018). Far fewer studies have performed a comparison to 
evaluate the effect of radiometric correction on forest attribute predic
tion outcomes (e.g., Korpela et al. (2010), Yan and Shaker (2014), 
Kukkonen et al. (2019a)). Korpela et al. (2010) found that individual 
species classification results improved when corrected LiDAR intensity 
metrics were used, regardless of classification approach (k-NN, LDA, and 
RF) for a forest in southern Finland. Yan and Shaker (2014) compared 
the overall accuracy of a land-cover classification in Burnaby, BC, 
Canada and found that radiometrically corrected and normalized in
tensity improved classification results up to 16.5% compared to using 
the original LiDAR intensity data. In both studies, the classification 
improvement was in part attributed to the improvement of the homo
geneity of the intensity data during the radiometric correction process. 
Kukkonen et al. (2019a), on the other hand, concluded that their range 
correction of the LiDAR intensity data did not substantially improve the 
separation of boreal tree species at the plot level. Their range correction 
of the intensity data improved the classification accuracy (Kappa) of the 
dominant tree species only slightly (from 0.77 to 0.78). Since they only 
relied on the range correction without consideration of the angle effect, 
the mechanism of range correction did not have a significant difference 
regardless of using a correction parameter less than or equivalent to two. 
In this study, we further incorporated the angle correction (parameter b 
in Eq. (6)) and atmospheric correction (parameter c in Eq. (6)) and still 
observed the same tendency, i.e., differences in prediction accuracy of 
the plot level forest attributes are negligible when original intensity and 
corrected intensity metrics are used. In the section below we try to 
explain why the performance accuracy of our plot level forest attributes, 
unlike the performance of individual tree level attributes and land/ 
forest cover classifications, show little difference when original and 
corrected intensity data (monochromatic or multispectral) are applied. 

5.3. Effect of radiometric correction at different relevant spatial 
resolutions and its implications for modeling forest attributes 

Our radiometric correction (i.e., LSLC and OIC) analyses demon
strate the reduction of stripe artifacts both in the individual LiDAR flight 
line and the combined overlapping LiDAR flight lines. The effect of this 
correction is clear when we generate LiDAR intensity images at fine 
scales (i.e., the intensity image resolution is equivalent or close to the 
mean point spacing). As a result, in this section, we aim to analyze the 

effect of radiometric correction at different spatial resolutions, which 
are relevant for the different types of forest attributes, i.e., individual 
tree attributes, plot level forest attributes, and land/forest cover types. 

Although several studies have examined the effects of different 
spatial resolutions on the prediction of wall-to-wall forest attributes, 
especially for plot level attributes (Chen et al., 2016; Packalen et al., 
2019), there is, as far as the authors are aware, a lack of research 
examining the effect of intensity noise found on the airborne LiDAR 
image with respect to different spatial resolutions. The original multi
spectral LiDAR intensity data and the radiometrically corrected multi
spectral LiDAR intensity image (after applying the LSLC and OIC) are 
presented in Fig. 7. At the finest spatial resolution, i.e., 0.5 m, striping 
was clearly visible in the original LiDAR intensity data, but was suc
cessfully removed in the radiometrically corrected data. The effect of 
striping was still notable on the original LiDAR intensity image with 1 m 
spatial resolution. However, at 2 m spatial resolution the effect of this 
noise was less obvious. When the resolution was further reduced (⩾5 m), 
there was no difference between the original and radiometrically cor
rected data. One can see that although the different land cover types (i. 
e., clearcut, natural regeneration, and pine plantation) can still be 
recognized on both sides of the road, the geometry of the road is hardly 
preserved at these broader spatial resolutions. 

Based on our analysis, the effect of radiometric correction is notable 
when the multispectral airborne LiDAR intensity data are analyzed at its 
finest spatial resolution (i.e., 0.5 m in this case study). At this scale, the 
striping is obvious and they are completely removed after implementing 
the radiometric correction (i.e., LSLC and OIC). As a result, the effect of 
noise removal has a significant impact on applications, such as indi
vidual tree species classification (Korpela et al., 2010) and land-cover 
classification (Yan and Shaker, 2014), that require a fine-scale, high 
resolution data product. ABA plot sizes for the prediction of forest at
tributes typically range from 200 to 625 m2, with the size of the largest 
trees often determining the plot size (White et al., 2017). These plot sizes 
are equivalent to ̃ 15 m to 25 m spatial resolutions, at which the effect of 
radiometric correction on intensity metrics does not seem to have a 
significant effect. Here we have only shown the effect of spatial reso
lution changes on mean intensity. However, we expect that other LiDAR 
intensity metrics behave similarly. 

The combination of sensitivity of LSLC and OIC to land cover type, i. 
e., we observed only minimal changes in intensity values after correc
tions in forest cover types compared to other land cover types (e.g., bare 
soils and roads), and the effect of spatial resolution on intensity noise 
may explain why we did not observe differences in plot level BA, QMD, 
and TPH prediction accuracies between models using uncorrected and 
corrected intensity data to the same extent as those that have been 
observed in studies at the ITC level and for land cover classifications 
(Korpela et al., 2010; Yan and Shaker, 2014). Further research is 
required to examine if our findings may be site and LiDAR sensor specific 
or if similar observations can be made under different forest conditions, 
with different LiDAR sensor specifications and acquisition parameters. 
The fact that the PRF-site is a structurally complex forest with a com
bination of natural and silviculturally treated stands, resulting in a 
varied set of forest structures that may also have contributed to the plot 
level forest attribute prediction results we observed. 

6. Conclusions 

Multispectral airborne LiDAR data have been recently introduced for 
the study of forest attributes; however the effect of radiometric correc
tion on different cover types has not been fully examined. In this study, 
we proposed a two-stage radiometric correction to improve the quality 
of the multispectral airborne LiDAR intensity data collected by Optech 
Titan. The first process includes the use of the LSLC to reduce the in
tensity banding effect in the individual LiDAR flight lines. Second, we 
developed an OIC, which overcomes the drawback of existing radio
metric correction methods that require hard thresholds for the model 
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parameters, to reduce striping found in the overlapping regions of 
combined LiDAR flight lines. In our study the impact of the LSLC was 
notable in the close-to-nadir region in channels 1 and 2, while the OIC 
aided in removing the stripe artifacts found at the overlapping regions of 
the combined LiDAR flight lines in all three channels. The combined 
corrections can yield to a reduction of cv by up to 12% in channel 1 
(1550 nm), 42.93% in channel 2 (1064 nm), and 33.77% in channel 3 
(532 nm). 

Our forest attribute prediction results demonstrated that BA and 
QMD predictions improved relatively little with the additional LiDAR 
intensity metrics (either monochromatic or multispectral). We may 
draw the conclusion that these forest attributes, in our study site, are 
predominantly related to the structural composition (i.e., tree height) in 
forest stands, an aspect that is captured very well by the height-derived 
information within LiDAR data. On the other hand, TPH is a forest 
attribute that is often more difficult to predict using only the elevation of 
LiDAR point cloud data. 

The use of metrics derived from corrected LiDAR intensity rather 
than original LiDAR intensity, did not improve plot level predictive 
accuracy of BA, QMD, and TPH, unlike studies that have used corrected 
intensity data for individual tree species and land/forest cover classifi
cation. In this study we have two explanations. First, there is variation in 
radiometric correction (i.e., LSLC and OIC) in different land cover types. 
LSLC and OIC seem to have a greater effect on hard surfaces (bare soil, 
roads and grass cover) than on permeable surfaces, such as tree can
opies. Second, the effect of radiometric correction highly depends on the 
spatial resolution at which LiDAR intensity metrics are derived. At fine 
spatial resolutions (e.g., 0.5 m) the correction of intensity noise is 
notable. However, at broader spatial resolutions (e.g., 20 m) the effect of 
radiometric correction is no longer evident. 

Implications of our findings for wall-to-wall forest attribute mapping 
in the context of forest monitoring and management are that although 
radiometric correction of LiDAR intensity is critical for improved ITC 
level tree species classification and land/forest cover type classification, 
it did not improve our plot level BA, QMD, and TPH predictions. Our 
results do not imply that radiometric correction of monochromatic or 
multispectral LiDAR intensity data is unnecessary for the prediction and 
wall-to-wall mapping of plot level forest attributes. However, at our 
forest site, no significant increase in prediction accuracy was observed 
when LiDAR metrics were derived from corrected versus uncorrected 
monochromatic or multispectral LiDAR intensity data. 
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Fig. 7. Original intensity data at spatial resolutions ranging from 0.5 m to 20 m (upper row) and the radiometrically corrected intensity data (with both LSLC and 
OIC) at the corresponding spatial resolution (lower row). 

W.Y. Yan et al.                                                                                                                                                                                                                                  



ISPRS Journal of Photogrammetry and Remote Sensing 169 (2020) 152–165

164

References 

Axelsson, A., Lindberg, E., Olsson, H., 2018. Exploring multispectral ALS data for tree 
species classification. Remote Sens. 10 (2), 183. 

Bakuła, K., Kupidura, P., Jełowicki, Ł., 2016. Testing of land cover classification from 
multispectral airborne laser scanning data. Int. Arch. Photogram., Remote Sens. 
Spatial Inform. Sci. 41, 161–169. 

Bouvier, M., Durrieu, S., Fournier, R.A., Renaud, J.-P., 2015. Generalizing predictive 
models of forest inventory attributes using an area-based approach with airborne 
LiDAR data. Remote Sens. Environ. 156, 322–334. 

Brandtberg, T., 2007. Classifying individual tree species under leaf-off and leaf-on 
conditions using airborne lidar. ISPRS J. Photogram. Remote Sens. 61 (5), 325–340. 

Breiman, L., 2001. Random forests. Mach. Learn. 45 (1), 5–32. 
Budei, B.C., St-Onge, B., Hopkinson, C., Audet, F.-A., 2018. Identifying the genus or 

species of individual trees using a three-wavelength airborne lidar system. Remote 
Sens. Environ. 204, 632–647. 

Carleton, T., 2003. Old growth in the great lakes forest. Environ. Rev. 11 (S1), 
S115–S134. 

Charaniya, A.P., Manduchi, R., Lodha, S.K., 2004. Supervised parametric classification of 
aerial lidar data. In: 2004 Conference on Computer Vision and Pattern Recognition 
Workshop. IEEE, p. 30. 

Chen, Q., McRoberts, R.E., Wang, C., Radtke, P.J., 2016. Forest aboveground biomass 
mapping and estimation across multiple spatial scales using model-based inference. 
Remote Sens. Environ. 184, 350–360. 

Chen, Y., Su, W., Li, J., Sun, Z., 2009. Hierarchical object oriented classification using 
very high resolution imagery and LiDAR data over urban areas. Adv. Space Res. 43 
(7), 1101–1110. 

Dalponte, M., Bruzzone, L., Gianelle, D., 2012. Tree species classification in the Southern 
Alps based on the fusion of very high geometrical resolution multispectral/ 
hyperspectral images and LiDAR data. Remote Sens. Environ. 123, 258–270. 

Dalponte, M., Ene, L., Gobakken, T., Næsset, E., Gianelle, D., 2018. Predicting selected 
forest stand characteristics with multispectral ALS data. Remote Sens. 10 (4), 586. 

Ding, Q., Chen, W., King, B., Liu, Y., Liu, G., 2013. Combination of overlap-driven 
adjustment and Phong model for LiDAR intensity correction. ISPRS J. Photogram. 
Remote Sens. 75, 40–47. 

Evans, J.S., Murphy, M.A., Holden, Z.A., Cushman, S.A., 2011. Modeling species 
distribution and change using random forest. In: Predictive species and habitat 
modeling in landscape ecology. Springer, pp. 139–159. 

Fekety, P.A., Falkowski, M.J., Hudak, A.T., Jain, T.B., Evans, J.S., 2018. Transferability 
of lidar-derived basal area and stem density models within a Northern Idaho 
Ecoregion. Canad. J. Remote Sens. 44 (2), 131–143. 

Fernandez-Diaz, J.C., Carter, W.E., Glennie, C., Shrestha, R.L., Pan, Z., Ekhtari, N., 
Singhania, A., Hauser, D., Sartori, M., 2016. Capability assessment and performance 
metrics for the Titan multispectral mapping lidar. Remote Sens. 8 (11), 936. 

García, M., Riaño, D., Chuvieco, E., Danson, F.M., 2010. Estimating biomass carbon 
stocks for a Mediterranean forest in central Spain using LiDAR height and intensity 
data. Remote Sens. Environ. 114 (4), 816–830. 

Gatziolis, D., 2011. Dynamic range-based intensity normalization for airborne, discrete 
return lidar data of forest canopies. Photogram. Eng. Remote Sens. 77 (3), 251–259. 

Guo, L., Chehata, N., Mallet, C., Boukir, S., 2011. Relevance of airborne lidar and 
multispectral image data for urban scene classification using random forests. ISPRS 
J. Photogram. Remote Sens. 66 (1), 56–66. 
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