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ABSTRACT

Multispectral remote sensing from Unmanned Aerial Vehicle
(UAV) platforms is fast becoming an economical approach
to gather Very High Resolution (VHR) spatial data at the in-
dividual tree level. However, detecting and delineating tree
crowns are challenging due to the intrinsic intra-class spectral
variability, shadow and noise in VHR images. In addition to
the unrealistic assumption that tree crowns do not overlap in
forests, most state-of-the-art algorithms using photogrammet-
ric multispectral data rely maximally on the spectral informa-
tion to delineate tree crowns, resulting in crown delineation
errors. The joint use of both the spectral and the spatial con-
textual information in multispectral data in classification miti-
gates the effects of intra-class spectral variance and noise, and
hence has the potential to accurately delineate crowns. Thus,
we proposed an approach to detect and delineate individual
tree crowns by performing a Markov Random Field (MRF)
based spatial-contextual modelling on a fuzzy classification
framework, to achieve accurate crown delineation. The re-
sults obtained prove the proposed method to be effective.

Index Terms— Remote sensing, Photogrammetry, Tree
detection, Crown delineation

1. INTRODUCTION

The availability of fine spatial and spectral resolution remote
sensing data has improved the potential to perform broad-
scale forest inventory collection and analysis at the individual
tree level. Matrices derived at the individual tree level repre-
sent the fine spatial and spectral characteristics of tree crown,
and hence have a great potential to accurately estimate bio-
physical parameters such as biomass [1]. In addition, crown
level analysis facilitates tree species detection and precision
forestry practices [2].

Remote sensing techniques have been used extensively in
forest studies, for its ability to economically perform large-
scale data collection while minimizing costly human labour.
Advances in data acquisition systems, together with the de-
mand for high spatial, spectral and temporal resolution data,
have produced a plethora of optical sensors that are mounted

on low-flying satellite and manned-aerial platforms. How-
ever, the data collection from aforementioned platforms is
often affected by clouds and other atmospheric conditions.
Recent improvements in sensor electronics, data processing
techniques and infrastructure have enabled the low-flying Un-
manned Aerial Vehicle (UAV) platforms to be used for cost-
efficient data collection with high spatial and temporal reso-
lutions. Modern UAV such as the Tarot X8 Octocopter has
the ability to carry low-weight multispectral and hyperspec-
tral sensors [3] that weigh about 5 kilograms. The low-flying
characteristics of UAVs together with its quick and frequent
deployability, allow cost-effectively canopy level data col-
lection at a very high-resolution spatial and temporal scale.
The possibility of conducting UAV flights with high side-
/forward- overlap at minimal costs together with the quantum
leaps in computing power derived from Graphics Process-
ing Units (GPU), also opened-up the possibility of efficiently
generating Canopy Surface Model of forests from photogram-
metrically generated point cloud [3]. Methods to directly es-
timate tree height from photogrammetric point cloud are also
proposed [3]. Whatsoever, the 3D structural information rep-
resented by the point cloud is limited to the details visible
from the UAV platform.

Individual tree detection in UAV based optical data is
originally performed by exploiting the spectral characteristics
of the crowns based on the assumption that local reflectance
maxima in the data corresponds to tree apexes [4]. With
the development of dense image matching techniques that
generates high resolution point cloud from image data, lo-
cal maxima based crown detection from Normalized Digital
Surface Model was also proposed [1]. Crown delineation
usually succeeds crown detection, and is performed using
valley following, region growing, and watershed segmenta-
tion on the spectral data [1]. However, variance in spectral
response within an individual tree crowns due to the pres-
ence of branches and twigs, together with shadowing effects
due to position of the Sun and canopy surface topography,
makes it challenging to accurately segment and or classify
crowns from forest background class such as the bare soil [4].
This calls for the need to develop techniques that maximizes



delineation accuracy by minimizing the effect of intra-class
spectral response variation and noise. Thus, we propose an
approach to detect and delineate trees by using the Markov
Random Field based spatial contextual modelling to: a)
minimize the effect of intra-class spectral variation in classi-
fication of multispectral photogrammetric UAV data, and b)
accurately delineate individual crown even in situations with
small amount of crown overlap.

The rest of the paper is structured as follows. Section 2
defines the proposed crown delineation approach. The exper-
iment performed and results obtained are discussed in section
3. Section 4 concludes the paper.

2. PROPOSED CROWN DELINEATION APPROACH

The proposed approach exploits both 2D and 3D information
derived from photogrammetric UAV data to detect and delin-
eate tree crowns in forests with reasonable (> 1 ground pixel
per 5m2 area) ground visibility. Here we assume that canopy
reflectance is maximum near the apex point of crowns and re-
duces towards the external crown boundary. Figure 1 presents
the workflow of the proposed crown delineation approach.

Fig. 1: Block scheme of the proposed crown detection and
delineation method.

2.1. Preprocessing

Internal and external camera orientation parameters are esti-
mated by automatic key-point generation and tie-point match-
ing on the multispectral images, using the Scale-invariant
Feature Transform algorithm. The estimates are used to gen-
erate a dense 3D point cloud P representing the canopy-level
structure and surface height variation. A Digital Elevation
Model (DEM), created by nearest-neighbour interpolation on
the set of lowest points located in every 5m2 area, is used to
generate orthorectified images by removing the effect of relief
displacement. Digital number to radiance transformation is
performed using RedEdge Camera Radiometric Calibration
Model, and radiance to reflectance transformation is per-
formed using Calibrated Reflectance Panels (CRP) together
with knowledge of average panel reflectance for individual
bands.

2.2. Crown Detection and Delineation

Crown detection refers to the locating the apex point of tree
crowns. The assumption here is that each tree has only one
apex point. Local maxima in the normalized Digital Sur-
face Model (nDSM), generated by subtracting the DEM from
Digital Elevation Model (DSM), represents the apex point lo-
cations. The local maxima detection algorithm on Gaussian
smoothened nDSM is used to estimate the crown locations tc.

The crown span of individual trees is estimated using a
Fuzzy C-means classifier that incorporates local spatial con-
textual information (MRF-FCM) to mitigate the issue of intra-
class pixel variance and noise. Unlike hard classifiers which
completely assign a pixel to one class, Fuzzy C-means (FCM)
performs classification based on the assumption that individ-
ual pixels can belong to multiple classes. Fractional images
u ∈ {u1, u2, . . . , uC}, representing spatial likelihood of in-
dividual class in the data are obtained by minimizing the ob-
jective function in (1), by progressively updating the mem-
bership values uij and cluster centers ~cj using (2) and (3),
respectively.
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where N is the number of pixels, C is the number of classes,
m is the fuzzification index, and D is the Euclidean distance
between data point xi and cluster center cj . All parameter
updates are subjected to the constraint 0 ≤

∑C
j=1 uij ≤ 1,

i ∈ {1, N} which ensures that the class membership values
are effectively relaxed.

According to Bayesian theorem, the posterior probability
proportional to the product of conditional and prior proba-
bility, i.e., P (w/y) ∝ P (w)P (y/w), where P (w/y), P (w)
and P (y/w) are the posterior, prior and conditional proba-
bility for an image y and label configuration w. Here, the
prior probability is estimated using the smoothness-prior
MRF model g(fn(x)) = (uij − uij̀)2 which assumes that
the changes in the physical boundaries of a system are never
abrupt. While the conditional probability is derived using the
objective function of the FCM ((1)). The maximization of the
posterior probability P (w/y) is equivalent to minimizing the
posterior energy [5]. Thus, the global posterior energy U for
ith pixel and jth class is estimated by minimizing (4) where
λ controls the influence of the local spectral and spatial com-
ponents in determining the class membership values, while β
controls the smoothening at class boundaries. Here, we use



the Simulated Annealing optimization algorithm with Initial
Temperature parameter T0 = 3, to minimize (4).
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Here, Nj is the neighbourhood defined as v1(wr) +
v2(wr, wr′) + v3(wr, wr′ , wr′′), where v1(wr), v2(wr, wr′)
and v3(wr, wr′ , wr′′) represents the potential function corre-
sponding to the single-site, pair-site and triple site cliques,
respectively. A clique is a neighbourhood pixel subset where
individual members are mutual neighbours [5].
Considering that the objective here is to delineate the fore-
ground tree crowns from background class such as soil, we
set the number of classes C as 2. The cluster centers ci, i ∈
{1, C} are initialized with mean spectral reflectance derived
from a set of 10 tree crowns delineated manually by an ex-
pert operator. The fractional images ui corresponding to the
tree crown class generated by MRF-FCM classifier are used
to delineate crown boundaries. We delineate crown bound-
ary of individual trees using the Active Contour algorithm [6]
which simultaneously considers both curve shape parameters
and fractional image of crown class, to determine the mag-
nitude of curve-growth around the crown apex. In particu-
lar, the active contour algorithm allows to: a) perform crown
boundary delineation by considering regions of high member-
ship values, i.e., the contour grows maximally towards high
crown likelihood region in every iteration, b) mitigate the er-
ror caused due to shadowing of sections of crown, and c) al-
lows overlapping sections of the crown to be included as part
of all the individual crown (which is not possible with state-
of-the-art segmentation technique such as the watershed algo-
rithm).

3. EXPERIMENTS AND RESULTS

The study area is located in Saint-Casimir in the province of
Quebec in southern Canada with center of the area approxi-
mately at 46◦.70′N - 72◦.11′E. The area contains both ma-
ture managed and unmanaged forests. White spruce is the
dominant species in the managed forest area, while the un-
managed part of forests has white spruce, pines and white
oak. A total of 182 multispectral images, with more than 75%
forward and side overlap, were acquired for a 0.11 square km
area on 10 August 2017, using a modified MicaSense Red-
Edge camera (Micasense, Seattle, USA) mounted on a DJI
Matrice 100 quadrocopter. The flying height above canopy
was approximately 45m, providing an average Ground Sam-
pling Distance (GSD) of 3cm at the canopy level. The camera
comprises five separate imaging sensors that operate nearly

simultaneously in five narrow custom bands in the visible and
near-infrared regions of the electromagnetic spectrum. Ex-
periments were conducted on three circular plots of 10m ra-
dius, for which tree tops and crown boundaries were manually
identified by an expert operator using both images and DSM
generated from photogrammetrically generated dense point
cloud. Figure 2 shows the multipsectral image, the nDSM,
and the dense 3D point cloud, for the experimental Plot1.

(a) (b) (c)

Fig. 2: Preprocessed multispectral image with reference
crown location (red dots) and crown boundaries (green line)
(a), nDSM (b) and 3D point cloud (c), for the Plot1.

Geometric preprocessing including camera orientation pa-
rameter estimation, dense point cloud generation and or-
thorectification is performed using Agisoft Metashape Pro-
fessional commercial software. The number of key and tie
points are set to be 40000 and 1000, respectively consider-
ing the large variance in canopy structure. The resulting point
cloud density was around 400-500 points per m2 with an aver-
age point spacing of 4cm. Digital number to reflectance trans-
formation is also performed using Agisoft Metashape Profes-
sional commercial software with the help of the CRP and the
average individual band reflectances, provided by Micasense.
Crown localization is done by local maxima detection on
nDSM using the Gaussian smoothing filter with σ = 1m. Both
DSM and DEM required for the nDSM generation were de-
rived from the dense point cloud using the Agisoft software.
The spectal and spatial component of the MRF-FCM classi-
fier was given equal weightage by setting λ = 0.5. Fuzzifica-
tion factor m is set to 2.5 based on a trial and error analysis.
The aimed here is to identify m for which contrast between
crown and background is a maximum in all fractional images.
We compare the performance of the proposed approach with
crown delineation performance of the state-of-the-art Marker-
controlled Watershed Algorithm (SoA). The local maxima de-
rived from the Gaussian smoothened nDSM (σ=1m) are used
as the markers. Also, regions of the multispectral image with
height value less than 2m in the nDSM are masked out, as
they are very likely to part of the bare soil background.
The accuracy of delineation is quantified based on two in-
dices: a) the Shared Area Index (SAI) which is the percentage
area of the reference polygon covered by the delineated crown
polygon, and b) Crown Area-difference Index (CAI) which is
the absolute difference in area between the delineated crown
polygon and the reference polygon. For an accurately delin-



(a) (b) (c)

Fig. 3: a) Crown apexes (red dots) for Plot 1 are detected on the nDSM (a) together with multispectral image data are used in
the generation of fractional image of crown class (b). Delineated crown boundaries are shown in unique colors in (c).

eated crowns, the SAI ∈ (0,100) and CAI ∈ (0, ∞) will be
100% and 0m2, respectively. All other index values points
to delineation errors. Table 1 shows the average overlap and
average crown area difference for individual trees in the con-
sidered plots. Only tree crowns that completely fall inside
the circular plot boundary are considered in the evaluation.
Figure 3a shows the detected apex points (red dots) in the
nDSM, Figure 3b shows the fractional image corresponding
to the foreground vegetation class, and Figure 3c shows the
delineated crown polygons in unique colors.

Table 1: Average SAI and CAI obtained for the plots.

Plot ID Proposed SoA
SAI
(%)

CAI
(m2)

SAI
(%)

CAI
(m2)

Plot 1 79.5 0.88 80.5 2.80
Plot 2 86.5 1.05 86.0 1.35
Plot 3 88.0 0.90 93.5 2.20

The proposed method delineated crowns with high SAI and
minimum CAI, for all the three plots. This shows the ability
of the proposed method to accurately delineate tree crowns by
addressing intra-class pixel variance issue and noise. How-
ever, majority of the SoA-generated crown segments are
larger than the reference segments, and is reflected in the form
of high CAI values in Table 1. This is because the watershed
algorithm assigns all the pixels including noisy and shadowed
ones to one of the crown segments.

4. CONCLUSION

An approach to crown delineation by exploiting both spatial
(2D and 3D) and spectral information in UAV based pho-
togrammetric multispectral data is proposed. Fractional im-
age generated using an MRF-FCM classifier is provided as
input to the active contour algorithm resulted in accurate de-
lineation of individual tree crowns. The best SAI and CAI
of 88.0% and 90 m2 are obtained for the Plot3. Studying the

performance of the algorithm: a) on unmanaged forest and b)
using a larger number of crown and background sub-classes
are planned future works.
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