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Airborne laser scanning (ALS) is a remote-sensing technique that provides scaleaccurate 3D models consisting of dense point clouds with x, y planimetric coordinates
and altitude z. Using ALS, very high-resolution (VHR) digital surface models
(DSMs) have been widely used for commercial and scientific applications since the
early 1990s. Although there is widespread usage, there has been little comprehensive
investigation of quality control for ALS DSMs in the literature, as most studies have
been limited to assessing point-based vertical accuracy. This article is dedicated to
investigating the quality of ALS DSMs for different land classes using statistical and
visual approaches based on absolute and relative vertical accuracy metrics. Rather
than a limited number of ground control points (GCP), the model-to-model-based
approach is applied and DSMs derived from terrestrial laser scanning (TLS) point
clouds that have around 5 mm absolute and 3 mm relative geolocation accuracy were
used as the reference data for comparison. The results demonstrate that in open, grass,
and building land classes, the ALS DSMs reached both standard deviation (σ) and
normalized median absolute deviation (NMAD) of 3–5 cm after the elimination of
any systematic biases. This result sufficiently satisfies the vertical accuracy requirements for 1/1000-scale topographic maps determined by National Digital Elevation
Program (NDEP) specifications. In tall vegetation, a higher number of discrepancies
larger than 0.5 m exist, reversing the relation between σ and NMAD. These vegetation errors also do not appear to be normally distributed. As an additional investigation, the performance of ALS DEMs under dense high-vegetation areas was assessed.
These under-canopy ALS DEMs, created using only classified ground returns, offer
both σ and NMAD of 12–14 cm, a performance level that is difficult to achieve
under-canopy using photogrammetric techniques.

1. Introduction
Airborne laser scanning (ALS) offers highly accurate 3D topographic point clouds that
have traditionally not been provided by competing remote-sensing technologies. Because
of the ability of AL to provide rapid, high-resolution, and accurate data, it is gradually
being adopted as the primary technique for mapping local- to regional-scale coverage, an
area historically dominated by photogrammetry (Baltsavias 1999; Hill et al. 2000).
Accordingly, ALS digital surface models (DSMs), digital terrain models (DTMs), and
digital elevation models (DEMs) have undergone significant study in the literature (Lohr
1998; McIntosh, Krupnik, and Schenk 2000; Shan and Aparajithan 2005; Mandlburger,
Briese, and Pfeifer 2007; Liu 2008; Baligh, Valadan Zoej, and Mohammadzadeh 2008).
*Corresponding author. Email: sefercik@beun.edu.tr
© 2015 Taylor & Francis
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While DSMs are the 3D cartographic representation of the earth’s surface including allterrain and non-terrain formations, DTMs and DEMs contain only the bare ground; the
main difference between DTMs and DEMs is the additional information derived from
break-lines and mass points (in DTMs). Using ALS DSMs, DTMs, and DEMs, a wide
variety of mapping applications is realized such as city modelling, forestry, agriculture,
hydrology, bathymetry, and disaster monitoring and management (Haala and Brenner
1997; Guenther et al. 2000; Carson et al. 2004; Hollaus, Wagner, and Kraus 2005;
Hyyppä et al. 2006; McCoy, Asner, and Graves 2011; Mandlburger et al. 2011; Trinder
and Salah 2011). Although widely utilized, the quality of ALS 3D earth models has not
been comprehensively examined in the literature to date. There are a significant number
of studies on ALS accuracy; however, in almost all of these studies the analysis was
based on vertical comparisons with ground control points (GCPs) (e.g. Maas 2003;
Csanyi and Toth 2007; Dahlqvist et al. 2011; Pourali et al. 2014). Considering the nearly
continuous nature of a LiDAR point cloud, a limited number of GCPs is not sufficient for
comparison and the results may be misleading, especially for varied land-cover classifications. Additionally, GCPs are commonly compiled using real-time kinematic (RTK)
global positioning system (GPS) instruments, which can have up to 3 cm horizontal and
5 cm vertical geolocation errors in most cases (Mekik and Arslanoglu 2009). With static
GPS surveying, higher-accuracy GCPs can be collected but the longer observation times
make it almost impossible to achieve a sufficient number of them. In this article, we
propose a direct model-to-model-based approach to quantify the quality of ALS DSMs in
different land-cover classes (Ressl, Kager, and Mandlburger 2008; Ressl, Mandlburger,
and Pfeifer 2009). We use terrestrial laser scanning (TLS) measurements as control and
to generate reference DSMs for comparison with the ALS. The comparisons were
undertaken for six study areas located on the University of Houston’s central campus
and included four different land classes to investigate the quality of ALS DSMs for
separate terrain and non-terrain formations. The quality assessment was performed using
statistical and visual approaches based on absolute vertical accuracies (AVA) and relative
vertical accuracies (RVA).
In addition to studies in different land classes, we also investigated the accuracy of
ALS DEMs under a vegetation canopy. In 3D earth modelling using remote-sensing
techniques, one of the most significant issues is correct surface determination under
dense vegetation. In operator-based stereo-image evaluations such as aerial photogrammetry and space-borne optical imaging, it is impossible in most cases to see bare surface
and collect data under dense high vegetation. As a consequence, these are the most
inaccurate surfaces in DEMs. In contrast to passive optical techniques, ALS is normally
more adept at collecting data under high vegetation due to the multiple-return capability
of modern ALS systems (Glennie et al. 2013). As a result, we also assessed ALS DEM
performance under high vegetation.

2. Study areas and instruments
The investigations were performed on data sets acquired over the central campus of the
University of Houston (UH) in Houston, TX, USA. For the quality assessment of a DSM
derived from remotely sensed data, study areas with different land classes are very
important. It is well established that most remote-sensing data collection systems have
problems in accurately modelling vegetated areas and inclined/complex terrain and nonterrain formations. In this context, the performance of the DSM needs to be estimated for
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Figure 1.
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Study areas (left) and land classes for each area (right).

different land classes, including open areas, to comment on overall quality. From the ALS
survey of the UH campus, six representative target areas were selected. Areas 1 and 2
consisted of open, grass, and high-vegetation layers, while 3, 4, 5, and 6 contained
buildings. In the study areas, the orthometric heights varied between 10 and 35 m.
Figure 1 shows the study areas overlaid on an orthophoto of the UH central campus.
The digital photography was collected simultaneously with the ALS data, and the land
classes were obtained by manual vectorization of the imagery using NetCAD 5.2 software.
The ALS data of University of Houston campus were collected by the National
Center for Airborne Laser Mapping (NCALM) on 23 June 2012 using an Optech Gemini
airborne laser terrain mapper (ALTM). The data were post-processed and calibrated
(Glennie et al. 2013) by NCALM, and a final point cloud was generated. For ease of
use, the full point cloud was divided into 27 independent tiles each covering an area of
1 km2. TLS data was also acquired for all six study areas using a Riegl VZ-400
instrument, although not coincident with the airborne collection. Detailed information
from both the ALS and TLS instruments and measurements is presented in Table 1. The
TLS point clouds were georeferences using external targets whose locations were precisely determined with long-period (>1 hour) static surveys using dual-frequency Global
Navigation Satellite System (GNSS) receivers. Under 100 m range, the data has around
5 mm absolute geolocation accuracy and 3 mm relative accuracy (precision, reproducibility, repeatability) (Riegl 2015).

3. Methodology
In order to study the accuracy of ALS for our six chosen cases, we designed a
methodology (see Figure 2) for the generation of DSMs for four classification types in
our study area, and then added a separate methodology for DEM generation under tree

Optech Gemini ALTM
23/06/12
175
45
167
1064
0–70
0.25
−25 to +25
1000
4

ALS
27/06/12
179

Area 1

Area 3

TLS
Area 4

Area 5

Riegl VZ-400
13/11/13
02/04/14
04/07/14
04/07/14
317
92
97
97
around 10,000 points ≤ 10 m horizontal distance
300
1550
N/A
0.35
360 horizontal/–40 to +60 vertical
N/A
Unlimited

Area 2

Specifications of the ALS and TLS instruments used in this study (DI 2014; Riegl 2015).

Instrument
Date
Day of the year
Point density (m2)
Pulse rate (kHz)
Wavelength (nm)
Scan frequency (Hz)
Beam divergence (mrad)
Field of view (º)
Flight altitude (m)
Number of returns

Parametre

Table 1.
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Figure 2.
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Generation and assessment methodology.

canopy. The methodology used the commercial software packages TerraScan for
MicroStation (v14) and Surfer (v11). For quality assessment we utilized the 3D model
software BLUH (Bundle Block Adjustment Leibniz University of Hannover). The
original ALS data were divided to 27 independent tiles of area 1 × 1 km to facilitate
processing. For our analysis the DSM generation process was started with the combination of the two ALS tiles that included all study areas containing more than 90 million
points. The tiles were further segmented to rectangular blocks for each study area for
rapid processing with fewer points.
When generating a very high-resolution (VHR) DSM, DEM, or DTM, the computation of height values for all pixels is not possible because of the very small grid spacing.
This is especially true for ALS data because of the presence of gaps in the point clouds
that depend on resolution (point density), geometry of flight strip acquisition based on
scanning type (Z-shaped, parallel lines, or elliptical scan), scanner characteristics (scan
angle, field of view, number of returns, etc.), and localized occlusions due to buildings
and vegetation. Due to the irregular nature of raw LiDAR returns, interpolation is a
necessary step for the generation of raster DSMs and therefore the rectangular blocks
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were chosen to be slightly larger than the study areas to ensure no edge effects as a result
of interpolation. For filtering of any blunder or noise points from both the ALS and TLS
point clouds, a four-stage process was used as follows: 1) isolated and low (i.e. belowground) points were removed using automated filters in the TerraScan software; 2)
vertical profiles were plotted and height intervals were determined that represented the
ground truth and maximum object heights; 3) DSM classes were created; and 4) point
clouds were transferred to the DSM class by absolute elevation, considering predetermined height intervals from vertical profiles. For DEM generation only the ground points
were used, and therefore only the first of these steps was required.
One of the most significant advantages of ALS over other remote-sensing techniques is
the density of the point clouds, which enables the generation of VHR 3D earth models.
Studies have shown that the optimal original grid spacing of 3D earth models derived from
remotely sensed images is given as 3 × ground sampling distance (GSD), which defines the
distance between pixel centres measured on the ground; otherwise interpolation causes
substantial loss of vertical accuracy due to an insufficient amount of data (e.g. Buyuksalih
and Jacobsen 2007; Baltsavias et al. 2008; Sefercik and Alkan 2009; Jacobsen 2012). We
adopted this theory for the ALS point clouds and used a metric of 3 × mean point spacing,
calculated on the basis of the number of collected points per square metre (point density).
Depending on the scanning mechanism, a different point spacing might occur in the scan line
compared with the distance between scan lines; that is why this theory is acceptable in the
case of sufficiently regular point distribution. Using this figure of merit, the 5–10 cm average
point spacing of both the TLS and ALS data enabled the creation of 25 cm-gridded DSMs
and DEMs. For VHR DSM generation with ALS data, a problem can occur with vertical
objects which is distinct from other remote-sensing techniques, especially for high-point
density surveys. For primarily vertical objects such as trees and walls, several points of
different elevation are present in the same pixel of the DSM. In these cases, it is preferable
when using the interpolation method to use the maximum point elevation within the pixel
instead of averaging all points within the pixel (Hollaus et al. 2010). Therefore, the assignment of a maximum elevation for each pixel was preferred for the interpolation of DSMs
rather than kriging (Yang et al. 2004), which is more commonly used for other remotesensing data types. For DEM generation, a simple nearest-neighbour interpolation method
was used, due to the high point density. After surface generation, the models (both TLS and
ALS) for each of the study blocks were cropped to the vectorized limits of the study areas.
For the quality control of 3D earth models derived from remotely sensed data, both
point- and model-based methods have previously been presented. Point-based
approaches validate the quality of a model compared with measured GCPs on the ground
or on available high-resolution maps. However, point-based approaches often use a
limited number of GCPs and, considering the VHR modelling capability of ALS, the
results may be misleading and not fully evaluate accuracy for different land classes and
changing terrain slope. Point-based methods also make it difficult to evaluate the effects
of the interpolation method used. Therefore, a more effective method for quality assessment is comparison to a reference model (Lin, Vesecky, and Zebker 1994). To use a
model as a reference requires the following conditions be met: 1) it must be generated
with a more accurate technique; 2) it must cover the entire study area with no gaps or
distortions; and, 3) it must have original (resampling is not valid) grid spacing smaller
than or equal to the tested model. In this study, the generated TLS DSMs have a 25 cm
original grid spacing, higher accuracy, and no significant data gaps, satisfying all the
requirements for a reliable model-based quality assessment of ALS DSMs and DEM.
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For the quality assessment, AVAs and RVAs were used as the basic metrics;
however, for correct calculation of these values, some preprocessing steps need to be
applied. First, the vertical datum has to be fixed as either the geoid or ellipsoid, and
geoid undulations have to be calculated if required. Second, the coordinate systems of
the test and reference models must be the same and any minor horizontal offsets which
occur due to horizontal geolocation errors of both models based on GPS, IMU
measurements, or national datum based errors must be compensated. In our study,
these residual horizontal errors are likely a result of inaccuracy in the ALS data set,
and should be lower than the overall expected horizontal error of the ALS survey. In
the study, the common coordinate system and the datum were Universal Transverse
Mercator (UTM) zone 15 on the National American Datum 1983 (NAD83), and the
geoid undulations were calculated based on the National Geodetic Survey Geoid12A
model (NGS 2014) to obtain orthometric heights. The horizontal offsets were eliminated by shifting based on an areal matching cross-correlation method (Baltsavias
et al. 2008; Alobeid, Jacobsen, and Heipke 2010). Table 2 shows the calculated geoid
undulations for each study area and the estimated horizontal offsets. Note that the
estimated horizontal offsets are well below the expected horizontal accuracy of the
ALS survey (see, for example, Glennie 2007; Goulden and Hopkinson 2010).
The vertical accuracy of a DSM can be described using many different criteria. In
some applications, it is described using root mean square error (RMSE) or the standard
deviation of height discrepancies (RMSEZ or σ) between tested and reference models,
calculated as in Equations (1) and (3). In this study, σ that estimates the vertical accuracy
with a 68% probability level was used as the main evaluation criteria:

RMSEZ

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Pn
2
i¼1 Zi
;
¼
n

(1)

where n is the number of pixels (comparison points). If the arithmetic mean of the height
discrepancies is given as
Pn
μ¼

i¼1

Zi

n

;

(2)

then the standard deviation of height discrepancies is equal to
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Pn
2
i¼1 ðZi  μÞ
σ¼
;
n1
Table 2.

Geoid undulations (N) and eliminated horizontal offsets.

Reference model
TLS

(3)

Tested model

Area

N (m)

dx (cm)

dy (cm)

ALS

1
2
3
4
5
6

27.281
27.284
27.279
27.279
27.279
27.279

2.3
1.9
8.3
6.9
8.0
2.4

4.2
3.1
8.5
18.8
−2.5
9.3

International Journal of Remote Sensing

5923

which is the square root of the sample variance. As a consequence, the relation between
σZ and RMSEZ is given as
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σ2 ¼ RMSEZ 2  μ2 ;

(4)

AVA, which is equal to the standard deviation of height discrepancies, is correlated
with terrain inclination and is therefore normally given as a function of terrain slope. The
relationship between terrain inclination and AVA is given in Equation (5), where b is the
multiplication factor for terrain slope and α is the terrain slope. For the AVA analyses, a
two-step operation was used to compute the final results. In the first step, any systematic
bias between the test and reference DSMs was determined by calculating the vertical
shift and scale differences (Huising and Gomes Pereira 1998; Crombaghs, Bruegelmann,
and De Min 2000; Wang et al. 2008). In the second step, the AVAs were calculated with
the systematic bias eliminated:
AVA ¼ σ þ b tanðαÞ:

(5)

In addition to σ, the normalized median absolute deviation (NMAD) is used as a
second absolute accuracy metric. NMAD is the derivative of median absolute deviation
(MAD, which is a robust measure of the variability of a univariate sample of quantitative
data. MAD and NMAD are calculated by Equations (6) and (7), where ~xj is the median of
the univariate data set of height discrepancies (Z1 , Z2 , Z3 , . . ..., Zn ) and ~xi is the
median of height discrepancies from ~xj .



MAD ¼ ~xi Zi ~xj Zj  ;

(6)

NMAD ¼ 1:4815  ðMADÞ:

(7)

In the case of normally distributed height discrepancies between the tested and reference
model, NMAD has a 68% probability level (identical to σ) with the multiplication of MAD
by a factor of 1.48. A NMAD bigger than σZ is an indicator of an abnormal distribution of
height discrepancies. Although a robust estimator, NMAD is not as sensitive in regard to
standard deviation for the determination of minor outliers in a large data set (Hellerstein
2008). The vertical accuracy can also be described as linear errors at 90 and 95% probability
levels (LE90 and LE95) by σ  1:65 and σ  1:96 in the frequency distribution of height
discrepancies, respectively, under the National Digital Elevation Program (NDEP) instructions for the United States (NDEP, 2004) however, they are preferred for heterogeneous data
sets which have larger height discrepancies (Jacobsen 2013), which is why they are not
placed in AVATables 3 and 5. The shortest distance between two 3D models is not actually in
the vertical direction but is given by the Euclidian distance (ΔZ × cosðαÞ), considering the
terrain slope. Therefore RMSEZ in Euclidian distance is also presented as an accuracy
figure. However, for normally distributed height discrepancies the difference between
RMSEZ and RMSEZ Euclid is negligible.
Quality assessment of the ALS DSMs was performed separately for six study areas,
which included different land classes (open, grass, building, and high vegetation). For the
AVA calculations, maximum thresholds were determined for height discrepancies
between the test and reference models to avoid misleading results because of blunders.
The thresholds were selected considering the characteristics of the evaluated land class.

ALS 25 cm

Ref. DSM

TLS 25 cm

134197

208711

142365
19851
22298
9570

1

2

3
4
5
6

Area

Number
of points

AVAs with and without systematic bias.

Tested
DSM

Table 3.

whole area (100%)
open (32.70%)
grass (48.48%)
high veg. (18.81%)
whole area (100%)
open (8.83%)
grass (39.38%)
high veg. (51.79%)
built-up (100%)
built-up (100%)
built-up (100%)
built-up (100%)

Land class
0.06
0.05
0.03
0.48
0.07
0.05
0.05
0.29
0.05
0.04
0.05
0.03
+
+
+
+
+
+
+

0.06tan(α)
0.01tan(α)
0.10tan(α)
0.20tan(α)
0.06tan(α)
0.02tan(α)
0.1tan(α)

+ 0.09tan(α)
+ 0.02tan(α)

σ
0.08
0.07
0.04
0.48
0.13
0.09
0.07
0.48
0.09
0.04
0.05
0.04

RMSEZ
0.08
0.07
0.04
0.44
0.12
0.09
0.07
0.42
0.08
0.04
0.05
0.04

RMSEZ Euclid

AVA without systematic bias (m)
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0.04
0.02
0.02
0.41
0.05
0.03
0.03
0.35
0.03
0.02
0.03
0.02

MAD

0.06
0.03
0.03
0.61
0.08
0.05
0.05
0.52
0.04
0.03
0.05
0.03

NMAD

0.17
0.29
0.03
0.17
0.36
0.57
0.07
0.24
2.48
0.03
0.00
0.18

Excluded
points (%)
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Therefore, for example, a higher threshold was employed for high-vegetation areas
because these may include greater height discrepancies, especially considering the effect
of the temporal spacing between the ALS and TLS collection dates, and the different
viewing geometry of the ALS and TLS scans; TLS images the vegetation from below,
whereas ALS images the vegetation top. For each class, all blunder pixels exceeding the
thresholds were visualized to show the excluded points for the AVA analyses.
At the end of AVA analyses, colour-coded DEM of difference (DoD) maps (Wheaton
et al. 2010) were created for deviation visualization using LISA 4.7 software (Linder
2005) with Equation (8):
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DoD ¼ ðDSMÞtested  ðDSMÞreference :

(8)

The second main metric for quality assessment is the RVA, which indicates the
interior consistency of a DSM. RVA is calculated separately for distance groups: distance
of the current point to a reference point for both of which we have height differences dZ
(difference of Z (reference) – Z (compared point in the distance group)). Namely, the
height discrepancies of neighbouring points are compared. If the height differences are
independent (correlation = 0), RVA is identical to σZ . If the correlation coefficient is
1.0, RVA would be 0.0. In reality RVA is between 0.0 and σZ – in extreme case of
negative correlation RVA may also be larger as σ. With RVA, the dependency (correlation
of dZ) is checked, which means that local random and random errors can be separated.
Previously published studies have shown that the RVAs of active remote-sensing systems
such as radar and lidar are superior to their AVAs (Jacobsen 2003, 2012; ASPRS 2004).
The RVAs of the DSMs were calculated using Equation (9), where D represents the
distance groups and Dl and Du are the lower and upper distance limits, respectively. The
distance groups change from 1st to 10th pixel (0.25–2.5 m considering the 0.25 m pixel
size of reference data) for this study because, for each pixel, the neighbouring 10 pixels
were used to calculate the RVAs. The term nx is used for the number of point combinations in the distance group – n is used for the total number of differences between
reference and actual values. The factor 2 for multiplication with nx is used for norming
RVA to the size of σ – if the height differences of the points in the distance group are
independent, corresponding to error propagation, the RMS would be the square root of
2.0 larger as σ – this is respected by 2 × nx :
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
P
ðdZi  dZj Þ2
; Dl < D < D u :
RVA ¼
ð2  nx Þ

(9)

4. Results and discussion
4.1. Results of ALS DSMs
Figure 3 shows the generated ALS DSMs (colour-coded) for the six study areas. As
previously mentioned, the land classes in study areas were determined by manual
vectorization of 42 orthophotos with a 4 cm GSD in UTM 15º NAD83 datum that
were acquired concurrently with the ALS data collection. The orthophotos were
mosaicked in ENVI 5.0. When comparing ALS and TLS DSMs, the raster boundary
images derived from manual vectorization (see Figure 1) were used to define each of the
independent land classes. Any height discrepancies including systematic bias higher than
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Generated ALS DSMs (colour-coded) with height scale.

1 m for open, grass, and building land classes and 2 m for high vegetation were classified
as outliers and removed. We also set a maximum accepted tangent of slope of 1.0 (45º)
for inclusion of points in the statistics. Table 3 shows the AVA statistics for ALS DSMs,
including the number of compared points (pixels) and the percentage of excluded points.
The graphs in Figure 4 illustrate the distribution of height discrepancies between the test
and reference DSMs.

Figure 4.

Distribution of height differences between test and reference DSMs.
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Table 3 shows that the AVAs based on σ and NMAD for open, grass, and building
land classes are very similar and range between 3 and 5 cm. The distributions of the
height differences (see Figure 4) are normal and symmetric for these land classes.
However, the results in both Table 3 and Figure 5 show significant problems in regard
to high vegetation. For both high-vegetation areas, NMAD is larger than σ; this indicates
an abnormal distribution of height discrepancies. Although high-vegetation height differences were not normally distributed, we did not observe bimodal distributions. The peaks
of both distributions show a mean offset of about 15 cm, but due to the significant spread
of the height differences (±1.45 m) the σZ and NMAD are between 29–48 cm and
52–61 cm, respectively.
As can be seen in Table 3, a small percentage of excluded points existed for each of
the different land classes. To visualize the excluded points, Figure 5 highlights these in

Figure 5. Excluded points (white) in the AVA analyses (a = area1 – open; b = area1 – grass; c =
area1 – high vegetation; d = area2 – open; e = area2 – grass; f = area2 – high vegetation; g = area3
– building; h = area4 – building; I = area5 – building; j = area6 – building).
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white. From an analysis of Figure 5, the majority of excluded points in open areas are
due to cars and pedestrians in the ALS data. Similarly the building classes were selected
from open-roof parking garages on the university campus (to enable TLS measurements),
and therefore here as well the excluded points are mostly the result of parked cars. In the
grassy areas, the excluded points are due to campus artwork (sculptures) that were not
separated out by manual vectorization. In high-vegetation areas the main cause of
excluded points is interpolation errors at the edges of the vegetation resulting from
significant elevation differences between neighbouring pixels. This is a typical problem
also common in the generation of DSMs derived from photogrammetric and space-borne
imaging data.
Figure 6 shows colour-coded DoD maps of the study areas based on σZ from the
AVA. The height differences were scaled as lower than −15 cm (<−15 cm), between −0.15
and 0.15 cm, and more than 15 cm (>15 cm) for the whole areas. When examining the
histograms in Figure 6, ignoring <−15 cm and >15 cm points which are mostly located in
the high-vegetation layers in areas 1 and 2, the coherence between the test and reference
DSMs is very good and the height differences are mostly concentrated around zero.
NDEP defines AVAs into three different accuracy types: fundamental vertical accuracy (FVA), supplemental vertical accuracy (SVA), and consolidated vertical accuracy

Figure 6.

Colour-coded DoD maps of the ALS DSMs (white = no data).
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SVA (cm)
Reference
DSM

Test
DSM

FVA
(cm)

grass

building

high
vegetation

CVA
(cm)

Accuracy
figure

TLS

ALS

5.00
4.00

4.00
4.00

4.25
3.75

38.50
56.50

12.94
17.06

σ
NMAD

(CVA). FVA is calculated based on the results in open areas that is generally the most
reliable land class because it does not change temporally. The FVA of a DSM in open
areas is also identical for both the DEM and DTM. SVA represents the AVA of other
individual land classes and CVA is the arithmetic mean of all classifications included in
the study area. NDEP guidelines state that FVA has to be reported for quality validation
of any height model, but SVA and CVA are optional. Table 4 shows the calculated FVAs,
SVAs, and CVAs, neglecting the effect of slope, based on σ and NMAD. In NDEP
standards (NDEP 2004), the required AVAs for mapping at different scales have been
described; for the generation of 1/1000-scale topographic maps including a 1 m contour
interval, 0.3–0.4 m vertical accuracy is required. Given this requirement, the AVAs of the
ALS DSMs are more than satisfactory for the generation of 1/1000-scale topographic
maps.
The graphs in Figure 7 show the RVAs of the test ALS DSMs. In open, grass, and
building areas, after a range of three to four pixels, the neighbouring pixels are very
homogeneous and thus the RVAs are stable. These results support the coherence of σ Z

Figure 7.

RVAs of ALS DSMs.
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and NMAD in the AVA analyses. In high-vegetation areas, the RVAs show a similar trend
and indicate about 35 cm error for every first pixel. This shows that there is an unsolved
systematic bias for high vegetation. This bias is most likely caused by the differing view
geometry between the TLS and ALS observations. ALS looks downward on the vegetation, and therefore the top of the canopy represents the first return surface in the ALS
data. TLS, captured from the ground, must pass through the vegetation understorey to
reach the top of canopy. Therefore, it is very likely that the top of canopy is not as well
represented in the TLS data set, despite its much higher resolution. This seems to be
confirmed by the analysis results, as the TLS DSMs for high vegetation are systematically lower than that of the ALS data set.

4.2. Results of ALS DEMs under high vegetation
Table 5 indicates the performance of ALS DEMs underneath high vegetation. The AVAs
are similar for areas 1 and 2 (12–14 cm), with no excluded points. This means that
ground points which are generally achieved with last returns of the signal correctly
represent the bare earth surface. Although the AVA is two- to threefold worse than the
AVA in open areas (Table 3), it is still more than satisfactory for 1/1000-scale topographic mapping. In Figure 8, the height difference modes are 0–5 cm while the RVAs
show similar trends and are also markedly better than the high-vegetation DSMs for the
same area. It should be noted that the areas under the high vegetation in the study area
consisted mostly of manicured grass with little or no low-lying bushes or shrubs.

Table 5.

AVAs of ALS DEMs under high vegetation.
AVA (m)

Ref.
DSM

Test
DSM

TLS
ALS
25 cm
25 cm

Number
Area of points
1

134197

2

208711

Land class
high vegetation
(18.81%)
high vegetation
(51.79%)

σ

RMSEZ

RMSEZ
Euclid

MAD

NMAD

Excluded
points (%)

0.12

0.13

0.12

0.09

0.13

0.00

0.14

0.15

0.15

0.10

0.14

0.00

Figure 8. Distribution of height differences between tested ALS DEMs and reference DEMs
(left) and RVAs (right).
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Therefore, the decrease in accuracy is directly attributable to the presence of high
vegetation only, and not to the presence of understorey obscuring the ground.

5. Conclusions
In this article, the quality of VHR ALS 3D earth models was evaluated through the use of
comprehensive statistical and visual approaches based on comparison with TLS-based
reference models. This is significant because the approach provides a more realistic
assessment of the overall accuracy of the ALS data over a variety of land classes
compared with the traditional ALS accuracy analysis using only GCPs. The area-based
approach presented allows the analysis of a large number of spatially distributed observations. Due to the direct model-to-model comparison, each pixel in the ALS 3D data set
was evaluated as a part of the analyses to determine the quality in different land classes
separately: open, grass, building, and high-vegetation layers.
The AVA of VHR ALS DSMs in open, grass, and building areas is very similar and
in the range 3–5 cm based both on σ and NMAD. The height discrepancies between the
test ALS and reference TLS DSMs were also normally distributed for these classes, and
the ALS DSMs easily satisfy the vertical accuracy requirement for 1/1000-scale topographic maps. However, in high-vegetation areas, a greater number of differences higher
than 0.5 m exist than would be expected for normally distributed errors. The interior
homogeneity of ALS DSMs was evaluated by RVA analysis. The results show that
neighbouring pixels are homogeneous for all land classes, with the exception of highvegetation areas where about 35 cm systematic error is observed. This larger discrepancy
occurs due to the different viewing geometry of the ALS and TLS data sets. The TLS is
captured from the ground, and needs to pass through significant vegetation understorey
and therefore may not represent the top of canopy well. The ALS DEMs also showed
remarkable accuracy under high-vegetation areas, albeit 2–3-fold worse than that for
open areas. Both AVAs and RVAs are better than the vegetation DSMs and the trends of
RVAs are very similar for two DEMs. Overall, the vertical accuracy under canopy still
satisfies the requirement for 1/1000-scale topographic maps. Future work will examine
the deviations between the ALS and TLS in high-vegetation areas to determine whether
the amount of understorey is correlated to the magnitude of the height differences
between the ALS and TLS DEMs.
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