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Estimation of forest stand diameter class using airborne lidar
and field data

Anjin Chang a, Jinha Junga, and Yongmin Kim*b

aSchool of Engineering and Computing Sciences, Texas A&M University-Corpus Christi, Corpus
Christi, TX, USA; bDisaster Prevention Research Division, National Disaster Management Institute,

Seoul, South Korea

(Received 30 July 2014; accepted 23 March 2015)

In this study, a method for estimating the stand diameter at breast height (DBH) classes
in a South Korea forest using airborne lidar and field data was proposed. First, a digital
surface model (DSM) and digital terrain model (DTM) were generated from the lidar
data that have a point density of 4.3 points/m2, then a tree canopy model (TCM) was
created by subtracting the DTM from the DSM. The tree height and crown diameter
were estimated from the rasterized TCM using local maximum points, minimum points
and a circle fitting algorithm. Individual tree heights and crown diameters were
converted into DBH using the allometric equations obtained from the field survey
data. We calculated the proportion of the total number of individual trees belonging to
each DBH class in each stand to determine the stand DBH class according to the
standard guidelines. More than 60% of the stand DBH classes were correctly estimated
by the proposed method, and their area occupied over 80% of the total forest area. The
proposed method generated more accurate results compared to the digital forest type
map provided by the government.

1. Introduction

As interest in sustainable enterprises, biomass and eco-friendly projects increases, forest
management, forest planning and optimum afforestation are becoming key policy prio-
rities. Various types of forest information are needed to address these priorities (Leckie
et al. 2003; Wulder et al. 2004; Larsen et al. 2011; Chang et al. 2011). Many countries
have been providing forest information to users in the form of forest type maps, which are
based on forest attributes acquired through methods such as field surveys and interpreta-
tion of remotely sensed data (Pekkarinen, Reithmaier, and Strobl 2009; Yim et al. 2010;
Kempeneers et al. 2011). The main forest information included in a forest type map is
forest types, species, age classes, diameter at breast height (DBH) classes, crown density
and tree height.

The most frequently used method of constructing a forest inventory is a field survey
with plot sampling (Korhonen et al. 2006; Paletto and Tosi 2009). However, the field
survey method is labour-intensive, expensive and time-consuming (Chang et al. 2011).
Furthermore, the results of a forest survey are influenced by the experience of the experts
involved (Ma, Hart, and Redmond 2001; Fiala, Garman, and Gray 2006, Korhonen et al.
2006). For these reasons, many researchers have studied means of obtaining forest
information through remotely sensed data such as satellite images, aerial photographs
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and airborne light detection and ranging (lidar) data. The remote sensing technique is
known to be appropriate for surveying large and inaccessible forest areas that are difficult
to approach (Chang et al. 2011; Larsen et al. 2011).

Previous studies on forest information extraction using low or medium spatial resolu-
tion images have estimated the forest attributes such as forest cover, heights, ages, crown
closure and leaf area index (Salvador and Pons 1998; Franklin et al. 2003; Hanset et al.
2000; Butusov 2003). Other studies used high spatial resolution satellite images and
texture measures for segmentation and classification (Kayitakire, Hamel, and Defourny
2006; Pekkarinen, Reithmaier, and Strobl 2009; Chang et al. 2011). Dalponte, Bruzzone,
and Gianelle (2008) analysed the joint effect of hyperspectral and lidar data for classifying
complex forest areas.

The lidar system, which can directly generate 3D point cloud data, also has been
applied to extract forest information in previous studies. The lidar system is an active
sensor that measures time interval between outgoing laser pulses and the laser pulses
reflected from the ground or objects on the ground, and the range measurements are
combined with location (from GPS) and attitude (from IMU) of the lidar sensor to
generate 3D coordinates (x, y, z) of corresponding objects. Lidar is appropriate for
studying forested regions because it has a multi-return characteristic that can penetrate
through vegetation and it can record laser returns both from vegetation and from the
ground (Chang et al. 2012, 2013). Previous studies focused on estimating forest char-
acteristics such as species, tree heights and biomass using airborne lidar data (Chang et al.
2012; Kim et al. 2012). Lidar data also have been used to delineate individual trees and to
estimate their attributes at tree levels (Persson, Holmegren, and Soerman 2002; Popescu
and Wynne 2004; Chen et al. 2006; Koch, Heyder, and Weinacker 2006; Vaughn, Moskal,
and Turnblom 2012; Chang et al. 2013). Persson, Holmegren, and Soerman (2002)
estimated the position, height and crown diameter of individual trees, and their proposed
algorithm was validated with field measurements; 71% of all trees were correctly detected.
The height and crown diameter of the detected trees were estimated with a root mean
square error of 0.63 and 0.61 m, respectively. Popescu and Wynne (2004) determined tree
heights and crown diameters by applying local filters with variable size windows. Circular
windows provided better results for conifer trees, while square windows produced a better
model fit for deciduous trees. Chen et al. (2006) and Koch, Heyder, and Weinacker (2006)
proposed modified watershed segmentation for detecting individual tree crowns because
the general watershed algorithm caused overestimation or underestimation according to
the topographies or parameters. Vaughn, Moskal, and Turnblom (2012) used discrete
return and full-waveform lidar data to detect individual tree species, while Chang et al.
(2013) used only discrete return lidar data for identifying individual tree crowns; in these
studies, the detection accuracies of the individual tree species and crowns were 85% and
77%, respectively.

Although various types of forest information have been investigated in previous
studies, DBH is the most representative characteristic of a tree and DBH measurements
are collected in most field survey. It is also known as an important factor for estimating
the forest product, biomass and stand volume. In a forest type map or National Forest
Inventory, the DBH classes of the forest stands are determined by a plot-based field
survey. However, estimating DBH using optical remote sensing data is challenging
because tree stems are usually invisible to the optical sensors due to high canopy cover.
Although the plot level DBH can be estimated from the tree height using allometric
equations (Koch, Heyder, and Weinacker 2006; Chang et al. 2013), the allometric
equations are mostly derived from the forest attributes of stand units from dominant
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trees, and various errors in tree heights, DBH and age classes are inevitable in the plot
level DBH estimation. Nevertheless, there have been few studies that aimed to estimate
stand level information using the information collected at the individual tree level.

To tackle these issues, we propose a novel method for estimating DBH class of each
stand based on the individual tree attributes estimated from airborne lidar data and field
survey data. The DBH of individual tree was estimated using the tree attributes extracted
from lidar data, and lidar-derived attributes and the field survey data were used to develop
localized models to estimate DBH from the lidar attributes. The results were analysed and
compared with the reference data generated through the field survey.

2. Study area and field data collection

The study area is located in Cheonan, central South Korea, at 36° 46′ N and 127° 13′ E,
and it consists of several land cover types such as forest, building, artificial covers, grass
and water. Although the forest in the study site is a mixed forest comprised of several
species of trees, it is dominated by conifers such as red pine (Pinus densiflora) and nut
pine (Pinus koraiensis). The forest in the study site is complex, dense, unplanted and
unmanaged. These factors are typical characteristics of forests in South Korea, which
makes it challenging to acquire stand level tree attributes. The airborne lidar data used in
this study were acquired at an altitude of 1300 m by an Optech Airborne Laser Terrain
Mapper (ALTM) 3070 (Optech, Ontario, Canada) on 1 September 2009, and aerial
photographs were also collected simultaneously (Figure 1). The point density of the
lidar data is approximately 4.3 points/m2, including the first-return and the last return
(Chang et al. 2013).

Detailed field survey data were collected on April 2011. Tree heights, DBH and the
crown diameter were measured in the sampling of rectangle plots. Although there is a time
discrepancy between the lidar acquisition and field survey, there was slight forest change
from 2009 to 2012. We did not consider the growth of the trees because the effects of the

Figure 1. Images from the study area (N 36° 46′, E 127° 13′) of (a) aerial photographs and (b) a
tree canopy model (TCM) generated from lidar data. The overlapped red lines indicate the stand
boundary of the digital forest type map. The data coverage is 750 m × 750 m.
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forest change were negligible based on the forest conditions and climate of the study site.
The plot size was determined based on the topographic conditions and forest understory.
The position of individual tree was measured using a handheld GPS. Trees that have
visible tree tops were surveyed using a total station, which can measure a position of
object with sub-centimetre accuracy, and tree heights were calculated from these measure-
ments. The DBH and the crown diameter were measured with tape measures, assuming
that the tree stems and crowns are circular. A total of 47 trees were measured in six plots.
Figure 2 shows the scatter plot and the linear regression line between the DBH, crown
diameter and tree height derived from the field survey data. The heights and DBHs of 43
individual trees (18 red pines and 25 nut pines) were measured, and the crown diameters
and DBHs were measured for 50 trees (25 red pines and 25 nut pines). Figure 2 indicates
that red pine and nut pine have similar relationships between the DBH, crown diameter
and tree height. The coefficient of determination, R2, was 0.65 and 0.72; thus, the
correlation between the tree height, DBH and crown diameter is fairly high. These
localized regression models were then used to convert the tree height and crown diameter
estimated from lidar data into DBH. In addition, to evaluate the accuracy of the DBH class
estimation, the stand DBH class was also measured with the field survey.

There were 27 forest stands in the study area, and the average size of the stands was
7673.39 m2. The stand DBH class of each forest stand was classified into three levels in
the forest type map: small DBH tree (more than 50% of trees with DBHs of 6–16 cm),
medium DBH tree (more than 50% of trees with DBHs of 18–28 cm) and large DBH tree
(more than 50% of trees with DBHs larger than 30 cm). This standard classification was
published by the Korea Forest Research Institute (KFRI).

3. Methodology

Our method is based on the following assumption: ‘The stand DBH class can be
accurately estimated if the individual tree DBH is accurately extracted’. Therefore, the
proposed algorithm consists of three major steps: (1) preprocessing the lidar data; (2)
extracting the individual tree attributes; and (3) estimating the stand DBH class. The
preprocessing and estimation of individual tree attributes steps are extended from our
previous study (Chang et al. 2013). All processes except the point pre-classification and

Figure 2. Scatter plots of field data with a linear regression line: (a) tree height vs. DBH (43 trees);
(b) crown diameter vs. DBH (47 trees).
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the interpolation process were implemented using Matlab (MathWorks, Natick,
MA, USA).

In the first step, digital surface model (DSM), digital terrain model (DTM) and tree
canopy model (TCM) were generated from the lidar data. The DSM is the height model
derived using the first-return reflection points on the object’s surface. The DTM is the
height model of the ground surface from which the objects are removed, and it can be
generated with last-return points. The TCM was created by subtracting the DTM from the
DSM (Popescu and Wynne 2004; Chang et al. 2013). In this study, the point-based data
were converted into raster data for the efficient processing of the lidar data. When
generating a DSM, the highest value of the first-return points within a pixel was used
to minimize errors related to the interpolation (Alexander 2009). The DTM was generated
by inverse distance weighting in ArcGIS 9.3 (Esri, Redlands, CA, USA) based on
irregularly distributed ground points that were pre-classified by Terra Scan (Terrasolid
Corporation, Helsinki, Finland). The spatial resolution of the DSM, DTM and TCM was
set to 0.5 m.

Individual tree attributes, such as tree height and crown diameter, were extracted from
the rasterized TCM using local maximum and minimum points. A 7 × 7 fixed circular
window and a 3 × 3 fixed square window were used as the local maximum and local
minimum filters, respectively. The tree height and centre point can be obtained from the
local maximum points. The local minimum points are located in the valleys between
individual trees. The four local minimum points nearest the central point of the individual
tree were extracted. The most appropriate circles were fitted as tree crowns. The final
individual tree crowns were identified after eliminating the errors, such as overlaps and
circles that were too close (Chang et al. 2013).

Because the DBH cannot be measured directly from aerial remote sensing data, the
DBH of individual trees was indirectly estimated from field survey data and individual
tree attributes of lidar data. The tree height and crown diameter were set as independent
variables, and the DBH was set as a dependent variable. In this study, the following two
equations were adopted for estimating the DBH.

DBH ¼ 2:1194� tree heightð Þ � 1:4980 (1)

DBH ¼ 3:1389� crown diameterð Þ þ 1:756 (2)

where the DBH is in centimetres and the tree height and crown diameter are in metres.
Equations (1) and (2) were derived by the scatter plots and linear regressions using the
field survey data (Figure 2). The tree height and crown diameter of individual trees
extracted from the lidar data were used for estimating the DBH. The crown diameter
and tree height of individual trees were converted to DBH using Equations (1) and (2);
then, the converted DBHs were separately analysed according to the equations for
estimating the stand DBH class.

The stand DBH class was estimated by using the proportion of individual trees in each
stand that belong to each class. The stand boundary was extracted from the 1:5000 digital
forest type map because trees that are outside of the stand boundary are not considered
forest. The aforementioned KFRI standard in Section 2 was adopted to determine the
stand DBH class. If no single DBH class comprises 50% or more of the individual trees,
then the DBH class with the highest proportion of trees was determined as the stand DBH
class. The accuracy assessment of the DBH class map was calculated by using the
reference map generated from the field survey. Because all of the stands in the study
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site have different areas, the number of stands that correspond to the field survey data and
their areas were determined.

4. Results and discussion

In this study, tree heights and crown diameters estimated from lidar data were converted
into DBH based on the localized regression models: Equations (1) and (2). Figure 3 shows
the scatter plot and correlation between the field-measured DBH and estimated DBH
based on these models. We selected 21 individual trees and presented the correlation
between field-measured DBH and the estimated DBH from the tree height based model
(Equation 1) in Figure 3(a). Tree tops of the selected trees were distinguishable in the
field, and the results indicated that both the field measurements and the estimated DBH
showed strong linear relationship. Figure 3(b) illustrates the correlation between field
measured DBH and estimated DBH from the crown diameter-based model (Equation 2),
and 37 trees were selected in this analysis. The R2 for the regression lines in Figures 3(a)
and 2(b) were 0.68 and 0.60, and the slope of the regression lines were 1.844 and 1.663,
respectively. Although the tree heights-based model (Figure 3(a)) yielded higher R2 value
compared to the crown diameter-based model, the crown diameter-based model resulted
in smaller and closer to 1 slope value.

Figure 3 indicates that our model underestimates DBH when the DBH was over
30 cm. The underestimation may result from several factors including (1) errors in the
estimated tree height and crown diameter from the lidar system; (2) misidentified local
maximum and minimum locations; and (3) heterogeneous tree shapes and the forest
environment (Hyyppä et al. 2008). Tree heights can be underestimated when the laser
did not precisely hit tree tops because of the low point density; thus, the incorrect local
maximum location was extracted. Crown diameters are variable and complex according to
the forest environment, such as tree density and management. These factors affect the
crown size. The large canopy cover overlapped around smaller trees and led to an
underestimation of the crown diameter, i.e., the local minimum points were extracted

Figure 3. Field measures versus lidar estimates with linear regression line: (a) DBH obtained using
Equation (1) using tree heights; (b) DBH obtained using Equation (2) using crown diameters.
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from the middle of canopy boundary rather than the edge of the tree crown. In addition,
our crown diameter measurements are based on the circular shape assumption, which is
not satisfied especially when forests are unmanaged as is our study area. Although the
DBH was underestimated when DBH is larger than 30 cm, the stand DBH classes were
rather accurately estimated because the threshold for separating the medium and large
classes was 30 cm. For ideal conditions, such as high point density data and a well-
managed forest, the proposed method could produce better results without DBH under-
estimation. However, lidar data would still have been acquired with low point density, and
there are diverse conditions, such as mixed, unmanaged and complex forests. Therefore,
the proposed method is useful for estimating the attributes of forest stands. Additional
study would be needed when the different standard is adopted for determining DBH
classes.

The stand DBH class map was generated using the estimated DBH of the individual
trees. Figure 4 shows the stand DBH class map of the field survey data for the reference,
the result obtained based on the tree-height based model, the result obtained based on the
crown diameter-based model, and the 1:5000 digital forest type map. In the study area, the
medium tree class was widely distributed, while the small and large tree classes were also

Figure 4. DBH class map based on forest stand: (a) reference map by field survey; (b) result by
Equation (1); (c) result of Equation (2); (d) DBH classes derived from 1:5000 digital forest type
map.
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apparent. Although the DBH class was incorrectly estimated in some stands, the result
obtained based on the tree height-based model was the most accurate (Figure 4(b)). For
the results based on the crown diameter-based model, most of the stands were classified as
the medium DBH class (Figure 4(c)). There were also errors in the DBH classes of the
digital forest type map provided by KFRI (Figure 4(d)) because the standard forest type
map is generated with crown diameters that were measured in aerial photographs.
Although the digital forest type map in the study area was produced the same year as
the lidar data were acquired, errors occurred. In all cases, the small and large DBH classes
had more misclassifications than the medium DBH class. In particular, the estimations of
the DBH class with crown diameters (Equation (2)) exhibited significant misclassifica-
tions in the small and large DBH classes, while the results of Equation (1) and KFRI
mainly had errors in the large DBH class. The misclassification errors were caused by the
variation in the tree heights and crown diameters due to the forest conditions and the
individual tree attributes.

Table 1 shows the result of the quantitative accuracy assessment. The result deter-
mined using Equation (1) had the highest accuracy; 19 stands were matched correctly over
87% of the total forest area. The kappa coefficient was 0.49 or moderate agreement
(Jensen 2004). In the result determined using Equation (2), 17 stands were correctly
estimated with a kappa coefficient of 0.13; these stands occupied approximately 80% of
the total forest area. Using the field survey data in the DBH class map of the digital forest
type map, 16 stands over 77% of the area were correctly matched, with a kappa coefficient
of 0.25. Although the stand DBH class in the study area was mainly composed of the
medium DBH level and kappa coefficient of the result of Equation (2) was lower than that
of the digital forest type map, the accuracy of the DBH class map provided by the digital
forest type map was the lowest. The method using the tree heights was more accurate than
the methods using the crown diameter.

The results demonstrated that the highest performance of the proposed method was
achieved when the individual tree heights were used. Since the crown diameter was more
variable than the tree height (Chang et al. 2013), more errors occurred in the stand DBH
class estimations. Although the coverage of the study area was limited, the stand DBH
class of the digital forest map contained errors.

5. Conclusion

This study proposed methods for estimating stand DBH class using airborne lidar data and
field survey data. Individual tree information, such as tree height and crown diameter, was
extracted from lidar data. The tree heights and crown diameters were converted into DBH
by using the relational equation obtained from the field survey data. The ratio of the DBH
class of individual trees in each stand produced accurate stand DBH classes, although the
study area was an unplanted and unmanaged forest. When tree heights were used, 70.37%

Table 1. The accuracy assessment of DBH class map.

Method of estimating DBH class Stand accuracy (%) Area accuracy (%) Kappa coefficient

Estimated by Equation (1) 70.37 (19 stands) 87.22 0.49
Estimated by Equation (2) 62.96 (17 stands) 80.10 0.13
Digital forest type map 59.26 (16 stands) 77.13 0.25
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of the stands were correctly estimated over 87.22% of the total forest area. In case of
crown diameters, 62.96% of the stands and 80.10% of the stand area were correctly
matched to the reference map. Some errors occurred due to the influence of the relational
equation, the forest conditions and the stand boundary. However, this study verified that
stand DBH classes can be estimated from airborne lidar and field survey data.

Future works will include further investigation of individual tree detection errors, which
are influenced by several factors including forest conditions, quality of field surveys and
point density of lidar data. The proposed method can be potentially improved through the use
of various field surveys, high point density lidar data and additional information on forest
conditions related to tree growth such as tree species and tree density. Furthermore, adapta-
tion of different standard of classes and the underestimation issues will be addressed.
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