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Abstract: Remote sensing of the structural and spectral traits of vegetation is being transformed
by structure from motion (SFM) algorithms that combine overlapping images to produce
three-dimensional (3D) red-green-blue (RGB) point clouds. However, much remains unknown about
how these point clouds are used to observe vegetation, limiting the understanding of the results and
future applications. Here, we examine the content and quality of SFM point cloud 3D-RGB fusion
observations. An SFM algorithm using the Scale Invariant Feature Transform (SIFT) feature detector
was applied to create the 3D-RGB point clouds of a single tree and forest patches. The fusion quality
was evaluated using targets placed within the tree and was compared to fusion measurements from
terrestrial LIDAR (TLS). K-means clustering and manual classification were used to evaluate the
semantic content of SIFT features. When targets were fully visible in the images, SFM assigned color
in the correct place with a high accuracy (93%). The accuracy was lower when targets were shadowed
or obscured (29%). Clustering and classification revealed that the SIFT features highlighted areas
that were brighter or darker than their surroundings, showing little correspondence with canopy
objects like leaves or branches, though the features showed some relationship to landscape context
(e.g., canopy, pavement). Therefore, the results suggest that feature detectors play a critical role in
determining how vegetation is sampled by SFM. Future research should consider developing feature
detectors that are optimized for vegetation mapping, including extracting elements like leaves and
flowers. Features should be considered the fundamental unit of SFM mapping, like the pixel in optical
imaging and the laser pulse of LIDAR. Under optimal conditions, SFM fusion accuracy exceeded
that of TLS, and the two systems produced similar representations of the overall tree shape. SFM is
the lower-cost solution for obtaining accurate 3D-RGB fusion measurements of the outer surfaces of
vegetation, the critical zone of interaction between vegetation, light, and the atmosphere from leaf to
canopy scales.
Keywords: SFM; SIFT; image features; fusion; TLS; UAV; vegetation structure; computer vision

1. Introduction
The three-dimensional (3D), multi-spectral observation of forest canopies by automated computer
vision structure from motion (SFM) algorithms represents a transformative technological advance
for ecological remote sensing. Relatively easy-to-use SFM algorithms and unmanned aerial vehicles
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(UAVs) have lowered the barrier for the remote sensing of the structural and color-spectral traits of
vegetation [1]. This new form of SFM-UAV remote sensing enables on-demand, high-resolution
observations of vegetation for estimating canopy structure, biomass, and phenology [2–5]; the
topography of stream channels and bare geologic substrates [6–8]; and the structure of single trees [9],
among many applications. SFM remote sensing produces a LIDAR-like (Light Detection and Ranging)
3D point cloud dataset where color is inherently assigned (‘fused’) to points as part of the overall
processing pipeline. Even so, much remains unknown about the empirical quality of 3D-RGB fusion
datasets produced by SFM remote sensing and how the observations represent canopy objects.
The fusion of color-spectral measurements from optical imagery with 3D structure measurements,
primarily from LIDAR, represents the state-of-the-art method for characterizing ecosystem vegetation.
3D-spectral fusion products improve the understanding of ecosystem vegetation beyond what can
be achieved with either system alone, for example, in describing the spatial heterogeneity of forest
canopy biochemistry [10], fuel loading [11], land cover types [12], and even in the discrimination of
individual forest tree species [13–15].
However, the actual practice of fusing data from two separate sensor systems is challenging, due
to mismatches in spatial coverage and alignment, different scales of observation (e.g., pixel size vs.
LIDAR foot print size), and the inherent difficulties in attempting to collect co-synchronous data from
two systems [16–20]. Moreover, due to the differences in acquisition conditions (altitude, view angle),
LIDAR and imagery may not observe the same vegetation surface at the same point in 3D space,
resulting in a mismatch between the assignment of spectral and structural information [21]. Precision
integrated LIDAR-spectral fusion systems address these challenges [13], yet these systems are too
costly to deploy at high frequencies for small spatial scale study sites (e.g., <1 km2 ) on an as-needed
basis [22], and so remain out of reach for most field scientists. By enabling inherently fused structural
and color-spectral measurements of vegetation from a single sensor, SFM may overcome many of the
existing technical challenges of remote sensing fusion that occur when structure is measured using one
sensor and color traits are measured using another.
Despite this potential, prior research has only scratched the surface with regards to the quality
of SFM 3D-RGB fusion datasets. The quality of SFM 3D-RGB fusion data has only been evaluated at
coarse spatial scales relative to satellite remote sensing observations (e.g., 250 m × 250 m), and not
to the precision of individual points or at a fine scale [3]. That research also observed that points are
typically absent from SFM point clouds when there are large shadows in images. Recent research also
found that the quality of 3D measurements obtained from SFM point clouds is strongly affected by
the way in which the images are collected. Dandois et al. [23] observed that the quality of SFM point
clouds of vegetation, including the accuracy of canopy height measurements, point cloud density,
and the degree to which points penetrate the canopy, was affected by the amount of photographic
overlap and the contrast of images. These studies suggest that the quality of SFM 3D-RGB point clouds
is strongly influenced by interactions between the content of images and the behavior of the SFM
algorithms. Similarly, it is also unclear what SFM point cloud points represent in terms of canopy
objects. With LIDAR, a point may represent one or more surfaces intersected by the laser pulse along
its path of travel and within a footprint of a relatively predictable size and shape [24]. With remote
sensing imaging, the pixel represents the combined passive reflectance of the electromagnetic energy
over a fixed area [25]. SFM remote sensing uses passive optical images to produce a 3D point cloud
and it is not clear what size of an area is represented by a point and how well the color at that location
is represented. In order to better understand how this new technique can best advance our ability
to measure the structural and color characteristics of vegetation, a more focused treatment on the
properties and creation of the SFM 3D-RGB point cloud points is required.
With SFM remote sensing, a point cloud point corresponds to a location within a scene observed
by a computer vision ‘image feature detector’ and matched across multiple images through the use
of ‘image feature descriptors’. This information is used in photogrammetric bundle adjustment
to simultaneously identify the 3D point locations within the scene, along with the internal (focal
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length, principal point, lens distortion, etc.) and external calibration (3D location, rotation) of the
cameras/images that observed each point [26]. Image feature detectors produce a numerical descriptor
from a group of pixels extracted from an image [27]. Along with playing a fundamental role in
computer vision, image feature descriptors also play an important role in remote sensing, and are
increasingly finding value in ecology. Image features are used to facilitate automated registration
for mosaicking and fusing images and LIDAR datasets [28–31]. Recently, image features have been
used for the classification of images of coral communities, leaves, and flowers [32–34]. Yang and
Newsam [35] applied clustering on image feature descriptors to automatically assign semantic land
cover categories (e.g., forest, urban, agriculture, etc.) to segments of high-resolution imagery. As a note
to the reader, the term semantic is used here and throughout this paper in the context of computer
vision research and refers to producing labels that describe the content of images [27]. Because SFM
point cloud points and our ability to harness the information they contain are fundamentally dependent
upon image features, it is important to examine how effectively such features represent physical canopy
objects (leaves, branches, crownlets, crowns, etc.).
1.1. Research Objectives and Approach
This research aims to improve the understanding of forest canopy representation by SFM 3D-RGB
point clouds and to evaluate the empirical quality of those observations by focusing on three primary
research questions: (1) Does the color of 3D points correspond to the correct color at that location in
the scene?; (2) Do SFM points represent an area of a fixed size/scale?; and (3) Do SFM point features
represent or capture different canopy objects like leaves, branches, or crowns?
To address these questions, the work is divided into two main sections: the evaluation of SFM
3D-RGB measurements by the comparison of SFM and TLS observations of a single urban tree (question
1), and the evaluation of SFM point cloud image features in the context of forest vegetation from
an existing dataset of high resolution UAV-based SFM datasets (questions 2 and 3). The quality of
3D-RGB fusion (question 1) was evaluated by measuring the classification accuracy of painted targets
placed in a free-standing tree under leaf-on and leaf-off conditions by SFM, and also by a terrestrial
laser scanner (TLS) with an attached calibrated camera for image fusion. To evaluate SFM point cloud
object detection (i.e., the physical basis for points, questions 2 and 3) relative to human interpretation,
samples of individual point cloud points were manually assigned semantic tags (e.g., leaf, tree, grass,
car) from an existing set of UAV-based SFM point clouds of forest canopy and other landscapes [3].
The tags were then compared to clusters of image features based on their numeric feature descriptors.
We hypothesized that if point cloud points represented real canopy objects like leaves, branches, and
crowns, then clusters of image features would contain a relatively higher proportion of the semantic
tags associated with those objects.
The work is carried out based on experiments from two different contexts (ground-based and
single tree vs. UAV-based across many landscapes) to best capture the different and complex aspects of
SFM remote sensing datasets. SFM 3D point clouds are like LIDAR/LIDAR-fusion point clouds in some
ways and like optical image remote sensing in other ways. SFM point clouds are like LIDAR-fusion in
that they contain 3D-RGB measurements of the structure and color-spectral properties of vegetation.
The first set of experiments therefore aims to understand SFM-3D point cloud quality based on
a comparison to LIDAR. To this end, the ground-based observation of a single tree was carried
out to facilitate rapid and repeatable SFM observations and to support the use of painted targets
within the tree crown, which would be impractical in a forest canopy context. Other studies have
also made use of a ground-based ‘test-subject’ tree in experiments that were aimed at improving
understanding of TLS scanning of the structural and/or color-spectral properties of vegetation [36,37].
In the second set of experiments, we make use of an existing set of high resolution UAV-based SFM
datasets from prior work to better understand the aspects of SFM remote sensing that are more similar
to image-based remote sensing. In this context, SFM datasets are treated like other forms of high
resolution remote sensing, with which insights into landscape cover, vegetation type, and land use
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can be inferred from classification techniques, including those that make use of computer vision
algorithms [35]. By combining these experiments and results into a single work, we aim to provide a
comprehensive understanding of the nature of SFM remote sensing datasets. In doing so, this work
should better inform future research and applications of this burgeoning technique for the remote
sensing
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in lighting based on the relative location of the camera and sun were unavoidable. The lighting and
weather varied from overcast to partly cloudy or clear on both days. With both camera systems, photos
were taken with default ‘Auto’ shooting mode settings of focus, white balance, and shutter speed.
Ten replicates of SFM digital images were taken at 2.5◦ /0.3 m intervals around the entire tree at a
7 m radius (≈144 images per replicate). Four TLS laser scans plus digital images were collected from
orthogonal positions at a 7 m distance from the tree (i.e., north, east, south, and west). The single tree
data collection configuration is diagrammed in Figure 2.
Remote Sens. 2017, 9, 355
5 of 21

Figure 2. Single tree data collection configuration with TLS locations indicated by gray boxes and
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2.1.2. SFM 3D-RGB Point Clouds from Digital Images
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3D-RGB point clouds were generated from ground image datasets using the open source
3D-RGB point clouds were generated from ground image datasets using the open source Bundler
Bundler SFM algorithm [26,38]. Bundler uses the Scale Invariant Feature Transform (SIFT) feature
SFM algorithm [26,38]. Bundler uses the Scale Invariant Feature Transform (SIFT) feature detector
detector algorithm to identify features for matching across images [39]. The computation required an
algorithm to identify features for matching across images [39]. The computation required an average of
average of 12–24 h on a dual Intel Xeon X5670 workstation (12 compute cores) with 48GB of RAM
12–24 h on a dual Intel Xeon X5670 workstation (12 compute cores) with 48GB of RAM running 64-bit
running 64-bit Ubuntu 12.04. Single tree point cloud datasets were manually trimmed to only include
Ubuntu 12.04. Single tree point cloud datasets were manually trimmed to only include the points of
the points of the tree. To compare the 3D structure derived from TLS and SFM point clouds, it was
the tree. To compare the 3D structure derived from TLS and SFM point clouds, it was necessary to
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were spatially co-registered by the iterative closest point (ICP) alignment method [40] within the
within the open-source software Meshlab (v1.3.3 [41], described in Text S1). Point clouds were
open-source software Meshlab (v1.3.3 [41], described in Text S1). Point clouds were cropped to only
cropped to only include the tree (average points per point cloud: ≈80,000 leaf-on, ≈90,000 leaf-off).
include the tree (average points per point cloud: ≈80,000 leaf-on, ≈90,000 leaf-off).
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To support the statistical comparison between TLS and SFM datasets, a set of 10 random samples was
generated for each TLS point cloud as a form of pseudo-replication. The TLS replicates were sampled
to produce new point clouds roughly matching the number and approximate average point count of
the SFM point cloud replicates (≈90,000 points per replicate).
2.1.4. Extracting Points at Painted Targets
Threshold filtering based on the amplitude of the returned laser energy was used to identify the
TLS points at painted targets [37]. The reflected laser energy at the targets was relatively higher than
that of the surrounding foliage, but similar to large branches, so threshold-filtered point clouds were
manually trimmed to remove any non-target points. For each target, a ‘target area’ was defined based
on the TLS points associated with that target as a cube centered on the average of the XYZ coordinates
with a side length equal to the average range in each XYZ dimension. Points in each TLS and SFM
replicate falling inside the target areas were set aside for additional analysis.
2.1.5. Evaluation of 3D-RGB Fusion Quality
The accuracy of SFM fusion was evaluated by calculating the dominant hue color value of points
observed in the target area relative to the red color of the painted targets, as defined by the range
of hue color values (330◦ –20◦ ) manually extracted from images of the targets [42,43]. A target was
classified as ‘observed’ if the point cloud replicate contained one or more points within the target 3D
search area. A ‘correct’ 3D-color fusion observation was one in which an average of >50% of the points
observed at a target location had a hue color value within the red range.
2.2. Evaluation of Image Features from Tree Canopy Point Clouds
2.2.1. UAV Canopy Aerial Imagery
Aerial image data from prior research [3] collected using a point and shoot digital camera and a
hobbyist multirotor UAV was used to evaluate the relationship between SFM image features, vegetation
objects, and other types of landcover. Eight aerial image datasets represent three Temperate Deciduous
forest areas in Maryland, USA, captured under varying conditions of flight altitude, levels of cloud
cover (clear and overcast), wind, and the phenological state of the canopy (leaf-on, senescing, leaf-off),
described in Table S3 and prior research.
2.2.2. SFM 3D-RGB Point Clouds from Digital Images
3D-RGB point clouds were generated from UAV imagery using the same Bundler SFM algorithm
and workstation as described above (Section 2.1.2), requiring 27–552 h of computation. Aerial point
cloud datasets of tree canopies were georeferenced to the WGS84 UTM Zone 18N projected coordinate
system based on UAV GPS telemetry and were filtered using the Python-based free and open source
Ecosynth online tools [44], following Dandois and Ellis [3].
2.2.3. Extracting Image Features for SFM Point Clouds
The SIFT feature detector used in Bundler and other SFM algorithms, identifies feature points at
the locations of local minima or maxima in the Difference of Gaussian (DOG) scale-space representation
of a gray-scale version of the original image [39]. To do so, SIFT first produces a scale-space pyramid
of the gray-scale image by iteratively Gaussian-blurring the image and then resampling it to a reduced
resolution, simulating the effect of viewing the same scene from a greater distance. At each resampled
resolution, the blurred image is subtracted from the previous one, to produce a stack of DOG images,
highlighting distinct edges. A feature point is located at any pixel in a DOG image that is a maximum
or minimum relative to the pixels immediately around it and the pixels above or below in the adjacent
DOG pyramid stack. The reader is referred to Lowe [39] for a more detailed description of this
process. Figure 3 provides an example of a single SIFT feature from an UAV image of a forest canopy.
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Figure 3a shows a small tile subset from an original larger image, with a red circle indicating where
SIFT identified a ‘feature point’ in scale space. SIFT computes the X,Y location of that point in the
original image, the scale of the feature (the radius of the red circle), and the orientation or rotation
of the feature (the red line inside the circle). The SIFT feature descriptor is then computed across an
area that is roughly 6× larger than the feature point (i.e., the entire image tile shown in Figure 3a) as
the sum of the magnitude of gradients in eight primary directions within a 4 × 4 grid of sub-regions
overlaid on the image feature tile [39], which, for visualization, can be displayed as a histogram, but is
used
the2017,
algorithm
Remoteby
Sens.
9, 355 as a 128 dimension (8 × 4 × 4 = 128D) numerical vector (Figure 3b).
7 of 21

Figure3.3.A
Asingle
single‘image
‘imagefeature
featuretile’
tile’with
withaacircle
circleindicating
indicatingthe
thescale
scaleof
ofthe
theSIFT
SIFTfeature
feature(a),
(a),and
andthe
the
Figure
128-DSIFT
SIFTimage
imagefeature
featuredescriptor
descriptorasasaahistogram
histogramand
andnumerical
numericalvector
vector(b).
(b).
128-D

Toevaluate
evaluate
whether
SFM
points
can
be linked
to discrete
vegetation
objects
(e.g.,
leaves,
To
whether
SFM
points
can be
linked
to discrete
vegetation
objects (e.g.,
leaves,
branches,
branches,
crowns,
etc.),
a
collection
of
point
‘image
features’
was
extracted
for
a
random
sample
of
crowns, etc.), a collection of point ‘image features’ was extracted for a random sample of 250 points
250 points
fromaerial
each point
SFM aerial
cloud,aproducing
a total
of 2000
points.feature
An image
feature 3a)
tile
from
each SFM
cloud,point
producing
total of 2000
points.
An image
tile (Figure
(Figure
3a)
and
128D
SIFT
feature
descriptor
(Figure
3b)
were
extracted
for
each
sampled
point
from
and 128D SIFT feature descriptor (Figure 3b) were extracted for each sampled point from the first
the first image,
Bundlerfollowing
image, following
Li et al. [45].
Bundler
Li et al. [45].
2.2.4. Classification
Classificationand
andClustering
Clusteringof
ofImage
ImageFeatures
Features
2.2.4.
Toexamine
examinewhat
whatSIFT
SIFTfeatures
featuresare
arebeing
beingobserved,
observed,an
aninteractive
interactivegraphical
graphicaluser
user interface
interface (GUI)
(GUI)
To
was
developed
in
Python
that
allowed
the
user
to
see
each
image
feature
tile,
view
its
relative
location
was developed in Python that allowed the user to see each image feature tile, view its relative location
withinananoriginal
original
image,
tagfeature
the feature
with semantic
tagsS4).
(Figure
S4). Users
assigned
within
image,
and and
tag the
with semantic
tags (Figure
Users assigned
descriptive
descriptive
tags
from five
categories
shape,
surface,
vegetation
objects,
and other
objects)
to
tags
from five
categories
(color,
shape,(color,
surface,
vegetation
objects,
and other
objects)
to each
feature
each
feature
tile
in
the
sample.
K-means
clustering
was
then
carried
out
on
the
image
feature
128D
tile in the sample. K-means clustering was then carried out on the image feature 128D SIFT keys
SIFT keys
3b) at
multiple
levels of k.stability
Clustering
stability
used tothe
determine
the
(Figure
3b) (Figure
at multiple
levels
of k. Clustering
analysis
wasanalysis
used to was
determine
most stable
most
stable
number
of
clusters
[43,46,47].
The
frequency
of
manually
identified
tags
for
each
cluster
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in the
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classification of painted targets (45% and 36%), and the very small kappa values indicate that any
agreement is probably due to chance alone, suggesting that the two systems observe the tree and
targets differently.
Differences in the fusion classification accuracy due to the color assigned to the points can been
be seen as peaks in the hue histogram (Figure 4), which provide an indication of the dominant colors
[42]. These histograms highlight the average distribution of point hue inside the target areas for SFM
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of painted targets (45% and 36%), and the very small kappa values indicate that any agreement is
probably due to chance alone, suggesting that the two systems observe the tree and targets differently.
Table 1. Target classification accuracy as error matrices between leaf-on and leaf-off TLS and SFM
point clouds as the number of targets for which the average rate of observation of red points (red hue,
330◦ –20◦ ) within the target 3D search area was greater than 50%.
TLS Leaf-on

(a)
Red
SFM
Not red
Leaf-on
Remote
Sens. 2017, Sum
9, 355

Red

Not red

Sum

1
4
5

2
4
6

3
8
11

SFM Accuracy = 3/11 = 27%

TLS Leaf-off

(b)
SFM
Leaf-off

Red
Not red
Sum

Red

Not red

4
0
4

9
1
10

Sum
13
1
814of 21

SFM Accuracy = 13/14 = 93%

Conversely, for SFM under leaf-on conditions, <40% of points had a red hue (Figure 4a), resulting in
TLS Accuracy = 5/11 = 45%
TLS Accuracy = 4/14 = 29%
a lower classification
accuracy
(Table
1a).
Overall Agreement
= 5/11
= 45%
Overall Agreement = 5/14 = 36%
Kappa = −0.14
Kappa = 0.06
Table 1. Target classification accuracy as error matrices between leaf-on and leaf-off TLS and SFM
point clouds as the number of targets for which the average rate of observation of red points (red hue,
Differences
in the fusion classification accuracy due to the color assigned to the points can been be
330°–20°) within the target 3D search area was greater than 50%.

seen as peaks in the hue histogram (Figure 4), which provide an indication of the dominant colors [42].
TLS Leaf-on
TLS Leaf-off
These histograms
highlight the average distribution of point
(a)
(b) hue inside the target areas for SFM and
Red
Not red Sum
Red
Not red Sum ◦
TLS point clouds underRed
leaf-on and
Peaks inside
(330
–20◦ )
1 leaf-off
2 conditions.
3
Red the red
4 hue region
9
13
SFM
SFM
represent points
in theNot
target
color.
For Not
SFM,
peak
red area4that had
4 the correct
8
redthere0 is a distinct
1
1 in the
Leaf-on
Leaf-off
5
6
11
distribution of points inSum
the red region
under
leaf-off
conditions,Sum
with on 4average10>60%14of points
Accuracy
3/11 = 27%
SFM Accuracy
= 13/14 =accuracy
93%
having a red hue SFM
(Figure
4b),=corresponding
to a higher overall
classification
(Table 1b).
TLS Accuracy = 5/11 = 45%
TLS Accuracy = 4/14 = 29%
Conversely, for SFM
under leaf-on conditions, <40% of pointsOverall
had aAgreement
red hue (Figure
4a), resulting in a
Overall Agreement = 5/11 = 45%
= 5/14 = 36%
lower classification accuracy
(Table
1a).
Kappa = −0.14
Kappa = 0.06

Figure 4. Mean histograms of point hue for points that fell inside the target areas for SFM (white bars)

Figure 4. Mean histograms of point hue for points that fell inside the target areas for SFM (white bars)
and TLS (gray bars) point clouds under leaf-on and leaf-off conditions. Error bars are standard error
and TLS (gray bars) point clouds under leaf-on and leaf-off conditions. Error bars are standard error
(n = 10). Black vertical lines are red hue cutoff region (330°–20°).
(n = 10). Black vertical lines are red hue cutoff region (330◦ –20◦ ).
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and
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3D point cloud (pink circles), representing approximately 7% of all points. The insets show examples
were visible in the RGB image. In some cases, SIFT identified a point at a fully visible target, but the
of three painted red targets where no point cloud points were identified, even though the targets
point was not used in the point cloud for this view (Figure 5b), or points were only observed around
were the
visible
inofthe
image.
In5c).
some
identified
point atdeep
a fully
visible
target,
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edges
theRGB
targets
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Onecases,
targetSIFT
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cloud
for
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view
(Figure
5b),
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were
only
observed
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any of the SFM replicates, that is, no SFM points were located at the location of
the edges
of thepossibly
targetsdue
(Figure
5c). Oneortarget
that by
was
placed
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deep
inside
treenot
crown
the target,
to shadowing
occlusion
leaves
(e.g.,
Figure 5d).
Targets
thatthe
were
observed
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clouds
were > 1 mthat
from
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tree,located
and there
weak of
was not
observed
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any ofpoint
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points
were
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negative
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between
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rate at which
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was
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to not
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due to
shadowing
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by leaves
(e.g.,
Figure
5d).and
Targets
that were
2 = 0.34, p-value < 0.1). Across all images in a replicate, 3D point cloud
the
outer
hull
of
the
tree
(R
observed in SFM leaf-on point clouds were > 1 m from the outer hull of the tree, and there was a weak
points tended to favor those SIFT features located around the outer edges of the tree crown, compared
to the interior or bottom edge of the tree (Figure 6).
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negative relationship between the average rate at which a target was observed and the distance to the
outer hull of the tree (R2 = 0.34, p-value < 0.1). Across all images in a replicate, 3D point cloud points
tended to favor those SIFT features located around the outer edges of the tree crown, compared to the
interior Remote
or bottom
edge of the tree (Figure 6).
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Figure 5. Example of the role of the SIFT detector in the placement of point cloud points. (a) original

Figure 5. Example of the role of the SIFT detector in the placement of point cloud points. (a) original
image overlaid with all SIFT points (green triangles) and point cloud points (pink circles), (b–d) insets
Figure 5.with
Example
of thepoints
role of the
SIFTtriangles)
detector in and
the placement
of point
cloud
points.
(a) original
image overlaid
all SIFT
(green
point cloud
points
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circles),
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Figure 6. Left panels: example images used in single tree SFM reconstruction under leaf on (top) and
leaf off (bottom) conditions. Right panels: view density plots showing the density of where point
Figure 6. Left panels: example images used in single tree SFM reconstruction under leaf on (top) and
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0–1 for comparison. Point views counted in these plots correspond to the pink circles in Figure 5.
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3.1.2. 3D Structure Quality
3.1.2. 3D Structure Quality
Similar to the results showing that SFM and TLS point clouds observed targets at different rates,
Similar
to the results
showing that
SFM the
and3D
TLS
point clouds
targets atby
different
rates,
there were
also significant
differences
between
structure
of theobserved
tree, as observed
both systems.
3
there
were
also
significant
differences
between
the
3D
structure
of
the
tree,
as
observed
by
both
Vertical slices of 0.1 m voxel cubes (0.1 m × 0.1 m × 0.1 m = 0.001 m ) characterize where the
tree
3) characterize where the
systems.
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slices
of
0.1
m
voxel
cubes
(0.1
m
×
0.1
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×
0.1
m
=
0.001
m
structure (e.g., foliage, branches) was observed by each system, with at least one point per cube [48,49].
tree structure
(e.g.,offoliage,
branches)
wasprimarily
observedhighlighted
by each system,
at least
one point
cube
Leaf-on
voxel slices
SFM point
clouds
the with
exterior
surface
of theper
tree
and
[48,49].
Leaf-on
voxel
slices
of
SFM
point
clouds
primarily
highlighted
the
exterior
surface
of
the
tree
had relatively few points in the interior of the tree compared to TLS (24% voxel overlap, Figure 7a).
had relatively
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interioraofmuch
the tree
compared
to TLS
(24%
overlap,
Figure
SFMand
leaf-off
point clouds,
however,
revealed
greater
fraction
of the
treevoxel
interior
and showed
7a). SFM leaf-off point clouds, however, revealed a much greater fraction of the tree interior and
a greater similarity to those from TLS (65% overlap, Figure 7b). Comparing the voxel models of the
showed a greater similarity to those from TLS (65% overlap, Figure 7b). Comparing the voxel models
merged leaf-on and leaf-off point clouds from SFM and TLS showed a higher overlap than leaf-on
of the merged leaf-on and leaf-off point clouds from SFM and TLS showed a higher overlap than leafalone, but a lower overlap than leaf-off alone (54%, Figure 7c). Under leaf-on or leaf-off conditions,
on alone, but a lower overlap than leaf-off alone (54%, Figure 7c). Under leaf-on or leaf-off conditions,
SFM observed the outer 3D structure of the tree just as well as the TLS scan replicates: there was no
SFM observed the outer 3D structure of the tree just as well as the TLS scan replicates: there was no
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difference
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point cloud
cloudpoints
pointsalong
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significant
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panels indicate the degree of voxel overlap between SFM and TLS in gray.
Right panels indicate the degree of voxel overlap between SFM and TLS in gray.
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3.2. Evaluation of Image Features from
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There was no significant difference between the metric scale of the image feature tiles associated
There was no significant difference between the metric scale of the image feature tiles associated
with each cluster based on a Kruskal-Wallis non-parametric test of samples (Figure 8b). Similarly, a
with each cluster based on a Kruskal-Wallis non-parametric test of samples (Figure 8b). Similarly,
visual inspection of exemplar feature tiles, features closest to the cluster centroid, revealed no distinct
a visual inspection of exemplar feature tiles, features closest to the cluster centroid, revealed no distinct
patterns in the size of features per cluster (white bars in Figure 8a). These patterns were observed
patterns in the size of features per cluster (white bars in Figure 8a). These patterns were observed
when clustering was performed on the entire set of 2000 features pooled from all datasets, for each
when clustering was performed on the entire set of 2000 features pooled from all datasets, for each
individual set of 250 features sampled from each aerial dataset, and also for samples of 250 features
individual set of 250 features sampled from each aerial dataset, and also for samples of 250 features
from ground-based leaf-on and leaf-off point clouds of the single test tree (Figures S6). A comparison
from ground-based leaf-on and leaf-off point clouds of the single test tree (Figure S6). A comparison of
of the gray-scale intensity of the point color to the mean gray-scale intensity of the entire image
the gray-scale intensity of the point color to the mean gray-scale intensity of the entire image feature
feature tile around a point revealed the same pattern, with the sign of the difference between the
tile around a point revealed the same pattern, with the sign of the difference between the point and the
point and the tile intensity being directly related to the cluster association for >99% of points (Figure 9).
tile intensity being directly related to the cluster association for >99% of points (Figure 9).
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Figure 9.
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Results of the manual identification (‘tagging’) of the image feature tiles are shown in Figure 10
Results of the manual identification (‘tagging’) of the image feature tiles are shown in Figure 10
for leaf-on and leaf-off datasets. In these figures, clusters are represented by exemplar feature tiles
for leaf-on and leaf-off datasets. In these figures, clusters are represented by exemplar feature tiles and
and as histograms showing the frequency of manually identified tags associated with each cluster.
as histograms showing the frequency of manually identified tags associated with each cluster. Leaf-on
Leaf-on point clouds showed several clusters, with a high frequency of tags related to a forest
point clouds showed several clusters, with a high frequency of tags related to a forest landscape context
landscape context that can be seen as the prominent histogram spikes for ‘green’, ‘leaves/foliage’, and
that can be seen as the prominent histogram spikes for ‘green’, ‘leaves/foliage’, and ‘single tree/crown’
‘single tree/crown’ (Figure 10a–c). Clusters also described shapes and patterns, as can be seen for
(Figure 10a–c). Clusters also described shapes and patterns, as can be seen for those that highlighted
those that highlighted linear objects like tree shadows in leaf-off point clouds (Figure 10e) or the edges
linear objects like tree shadows in leaf-off point clouds (Figure 10e) or the edges of sidewalks and
of sidewalks and pavements (Figure 10d,h), with corresponding peaks in tags of ‘line’ and
pavements (Figure 10d,h), with corresponding peaks in tags of ‘line’ and ‘pavement/sidewalk’ that
‘pavement/sidewalk’ that were not prominent in other clusters. Just as in the results shown in Figures
were not prominent in other clusters. Just as in the results shown in Figure 8 and Figure S6, clusters
8 and S6, clusters contained features at all scales, ranging from a few centimeters to >10 m, as can be
contained features at all scales, ranging from a few centimeters to >10 m, as can be seen in the exemplar
seen in the exemplar tiles and white bars showing the original sizes of the tiles. While it was clear
tiles and white bars showing the original sizes of the tiles. While it was clear that clusters had some
that clusters had some association with landscape context (e.g., forest vs. sidewalk and pavement),
association with landscape context (e.g., forest vs. sidewalk and pavement), because they contained
because they contained features at all scales, no cluster could be readily associated with distinct, scalefeatures at all scales, no cluster could be readily associated with distinct, scale-specific canopy object
specific canopy object categories like leaves, branches, or crowns.
categories like leaves, branches, or crowns.

Remote Sens. 2017, 9, 355

13 of 20

Remote Sens. 2017, 9, 355

13 of 21

Figure 10. Cont.

Remote Sens. 2017, 9, 355
Remote Sens. 2017, 9, 355

14 of 20
14 of 21

Figure 10. (a–h) Exemplar cluster feature tiles (left) and frequency distributions (right) of tags per

Figure 10. (a–h) Exemplar cluster feature tiles (left) and frequency distributions (right) of tags per
image feature cluster for leaf-on aerial point clouds. Tiles are those closest to cluster centroid. White
imagebars
feature
cluster
for leaf-on
pointrepresents
clouds. Tiles
are thosered
closest
to cluster
White
indicate
original
tile size.aerial
Bar color
tag category:
= colors,
blue = centroid.
objects, yellow
= bars
indicate
original
tile
size.
Bar
color
represents
tag
category:
red
=
colors,
blue
=
objects,
yellow
=
shapes,
shapes, black = other surfaces, green = vegetation.
black = other surfaces, green = vegetation.

4. Discussion
The findings of this research are summarized in Table 2 as a collection of the three primary traits
of a SFM point cloud point: an image sample, a feature descriptor, and a 3D coordinate with RGB color.
The quality of these traits—the accuracy of 3D location and color, whether something is observed or
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sampled, and how parts of the scene are characterized by the feature descriptors, is largely dependent
upon the specific feature detector used for matching the points across images. Prior research has
largely considered SFM point clouds based on their ‘LIDAR-like’ properties, primarily that structure is
represented by a 3D point cloud. However, the work presented here suggests that understanding the
quality of SFM point clouds is more complex than just quantifying the error of 3D measurements, and
that a far richer dataset is available for as yet unexplored applications and areas of research.
Table 2. What is a point? Three primary traits of a SIFT-based SFM point cloud point.
Image Sample
Description

Quality

Implications

Future Research

Numeric Feature Descriptor

3D Coordinate and RGB Color

A portion of the original image,
determined by the
feature detector.

Numeric vector around a group of
pixels, determined by the
feature detector.

XYZ coordinates and RGB color
with variable scale/size
corresponding to part of the scene.

SIFT locates points that are
brighter or darker than
the surroundings.

Individually, a bright or dark spot,
but not necessarily a distinct
canopy object.

RGB color accurately describes
object color if the object can be
observed by the detector.

Sampling of a scene is
determined by the
feature detector.

Descriptors may be related to
landscape context, but more
information is needed to get to
specific objects.

Fusion does not suffer occlusion
effects as when different sensors are
used, but will have omission errors
due to feature detector.

Examine how sampling of
vegetation or parts of
vegetation varies with
different detectors.

Evaluate the use of multi-stage
description of features including
with color, scale, and
other detectors.

Apply SFM 3D-RGB fusion to
improve understanding of canopy
color and structure, e.g., examining
3D dynamics of canopy phenology.

4.1. Point as an Image Sample
The way in which a scene is sampled or observed by SFM is strongly dependent upon the behavior
of the feature detector. SIFT placed points within the scene at places of high contrast that were either
brighter or darker than the surroundings, which is to be expected given that the algorithm is designed
to identify areas that are local minima or maxima within the scale-space pyramid [39]. This was
observed when looking at feature clusters (Figure 10) and also when examining the spatial distribution
of features and point cloud points with respect to the tree as a whole (Figures 5 and 6). Parts of the
image where no feature was produced, or which were unable to be successfully matched to the same
feature in other images, were not ‘sampled’ in the point cloud, regardless of whether something was
visible in an image. Similar observations were made in prior SFM research, where it was noted that no
points were placed within areas of dark shadows [2,3], and that the density of point cloud points in
the canopy could be influenced by image overlap and contrast [23]. Such situations are also present in
other forms of remote sensing. For example, the spectral information of the land surface in satellite
imagery is absent or significantly altered in areas that are heavily shadowed due to clouds [50]. With
infrared LIDAR, no returns are recorded over areas of water because the laser pulse was absorbed
instead of reflected back to the recording instrument [51]. Both LIDAR and optical imagery will sample
space at different rates (pulse/pixel resolution), depending on the scale of observation and distance
between the sensor and land surface, among many factors [17,24]. Given this, several options should
be considered for improving scene sampling using SFM remote sensing, including using different
feature descriptors, enhancing the image contrast, or using different image channels, and applying
secondary processing techniques for creating denser point clouds [23].
4.2. Point as a Feature Descriptor
This study sought to use clustering and manually tagged features to identify groups of features
specific to the forest canopy (e.g., leaf features, branch features, crown features, etc.). Prior research
showed a strong relationship between SIFT image feature descriptors and different types of land cover
observed in high resolution aerial images [35]. A comparison of the frequency with which manually
identified tags occurred within clusters of SIFT features revealed similar patterns to prior research, in
that clusters could be associated with different types of landcovers and different landscape contexts
(e.g., forested vs. pavement; Figure 10). However, clusters contained features from all scales, from
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several cm to >10 m, which is to be expected given that the SIFT feature descriptor is designed to
identify patterns invariant of scale, hence ‘Scale Invariant’ [39]. In comparison, the forest canopy
structure is inherently organized into a spatial hierarchy that increases in spatial scale and complexity
from the single leaf, up to groups of leaves, branches, crownlets, entire crowns, and the canopy as a
whole [52]. For a feature detector to be used to identify distinct groups of features like a leaf or crown,
spatial information is clearly needed as part of the classification process.
It is also important to consider that different types of detectors may be needed to identify features
of canopy objects at different scales. For example, at the leaf scale, information about distinct lines,
corners, and edges may be necessary for discriminating leaves from other canopy objects, and also
for identifying leaves from different species [34]. At the crown scale, multi-scale, iterative, and
region-based algorithms are applied to identify crown segments from individual high resolution
imagery scenes [15], yet such algorithms are unlikely to be suitable for the 3D scene matching required
for SFM. Color also plays an important role in discriminating amongst canopy objects, either manually
or automatically, and was not considered here as part of the classification process. Other versions of
SIFT make use of color information from images, such as hue, and may produce different and even
better results for sampling the scene [53]. In addition, branch features tend to have gray or brown
hues, while leaves typically have greenish hues, but may also have red, purple, yellow, orange, or
brown hues, depending on the age and phenology of the leaf [3,12,33,54]. Advancing the ability to
classify SFM point cloud points to distinct canopy objects using features will benefit from applying
a multi-stage approach that makes use of other information including the scale, color, and shape
extracted from images by several detectors. Indeed, this work only evaluated the canopy features in
Temperate Deciduous forest canopies in Maryland, USA, and only under peak leaf-on and leaf-off
phenological states. Evaluating SFM point cloud image features in different seasons or in different
forests may reveal different feature typologies. Future research should evaluate forest canopy image
features in different forests and under different phenological states, to attempt to identify objects like
flowers, leaf buds, fruits, or even different overstory tree species.
4.3. Point as a 3D-RGB Point
The accuracy with which a 3D point cloud point was assigned the correct color strongly depended
upon the way in which SIFT sampled the scene. When painted targets were clearly visible in photos
and when SIFT placed features at targets that were then located in the 3D point cloud, those points had
very high fusion accuracy, i.e., color was placed at the right location in the scene. Under these optimal
conditions, SFM fusion was more accurate than that from the more advanced and expensive TLS and
digital camera fusion measurements. This is likely due to the fact that the latter system requires the
use of two sensors, each with a separate optical center, resulting in a spatial mismatch between the
3D and color information [20,21]. SFM point cloud points could be assigned a distinct metric scale,
but the point scale varied by orders of magnitude (1 cm – >10 m), even within a single point cloud,
owing to the fact that the SIFT feature detector was designed to identify ‘scale invariant’ features. This
dramatically differs from the understanding of the fundamental units of LIDAR and optical imaging
remote sensing, where the laser spot and pixel size are more consistent across an observation area.
Future research should carefully consider how the varying scale of points is used when applying
SFM point clouds to measure forest canopies. For example, the spatial scale of feature points, when
combined with other feature descriptor information, may play a critical role in the classification of SFM
3D-RGB points to distinct canopy objects: e.g., leaves are likely the smallest features in the clusters
where ‘green’, ‘leaves/foliage’ tags dominate.
One of the main objectives of this research was to determine whether SFM point clouds assign the
correct color to a point in 3D space (Section 1.1). The results suggest that this is the case, especially
under optimal conditions, where colored targets were clearly visible to the camera. However, since
this work only examined the hue color value of targets, uncertainty remains about the true spectral or
radiometric quality of SFM 3D-RGB point clouds. While measures like hue can in part remove some
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variations due to differences in illumination [55], multiple factors leading to variation in lighting were
present in the study: varying lighting conditions (weather, cloud cover, angle between sun, camera and
tree), differences in sensors, and sensor calibrations. Even so, it may be expected that given calibrated
or normalized photos, similar results would be obtained in so far that SFM 3D color points would be
placed in the correct location in 3D space. Future work should consider the radiometric quality of
SFM 3D-RGB point clouds in the context of canopy features like flowers or leaves. For example, even
tracking relatively coarse color descriptors like relative greenness can provide important insights into
the phenology of forest canopies [54]. When analyzing the SFM point clouds of canopies obtained from
UAV imaging, radiometrically calibrated color measures will also prove important for distinguishing
among other canopy phenological states like deciduousness, fruiting, or flowering [56].
4.4. SFM and TLS See Vegetation Differently
Differences in the way in which SFM and TLS see vegetation were apparent when comparing
the tomographic slices of 3D voxel models. SFM and TLS observed the outer 3D structure of the tree
in a similar manner (Figure 7, Figure S4), and this result is in line with prior work that examined
the relationship between the 3D structure of forest canopies observed by SFM from aerial images as
compared to airborne LIDAR and field-based measurements [2–4]. The outer surface of the tree and
forest canopy is a critical interface with the atmosphere, where important biophysical interactions
with light, water, and air take place [52]. Even though SFM and TLS see vegetation differently, the
results of this study strengthen those from prior research, that point to SFM as an accurate and effective
substitute for LIDAR remote sensing of vegetation for certain applications and in certain contexts.
For example, ground-based urban forest surveys are often interested in the height, shape, and volume
of tree canopies for initializing ecosystem models [57,58]. Under such scenarios, SFM may be a
viable and cheaper alternative for quickly observing the crown shape and volume. However, in other
contexts where it is desirable to observe topography or suppressed vegetation under a dominant
canopy, SFM will clearly experience difficulty in making such observations, and LIDAR would be
the preferred remote sensing method. In addition, SFM can provide accurate 3D-RGB fusion, along
with access to the rich field of computer vision image classification and recognition through the use of
image features.
In this study, single TLS scans were sub-sampled to match the approximate point count of SFM
point clouds to support statistical analysis, effectively reducing the high resolution of the TLS system
to match that of the SFM data. While it may be expected that a single TLS point or pulse within a point
cloud would have a predictable quality [24], it is unclear how the results of this study would vary if
the TLS resolution was further increased or decreased, for example, by changing the sensor scan rates
or by moving the instrument. Similarly, taking more photos or photos closer to the tree in SFM scans
may also produce more or different feature points, resulting in different measurements of the canopy
structure and color fusion. Indeed, prior research has shown that in the airborne, UAV context, SFM
3D-RGB models of vegetation have a varying quality, depending on the data collection conditions,
including the resolution [23]. Future research comparing SFM and TLS or LIDAR observations of
vegetation structure should also take into consideration the effective resolution of both systems.
5. Conclusions
This research has demonstrated that SFM algorithms can characterize vegetation structure with
similar degrees of accuracy and better 3D-RGB fusion when compared to more advanced and expensive
TLS systems. These results reinforce the growing body of literature pointing to SFM as a viable
alternative to the accurate 3D-RGB remote sensing of the structural and spectral properties of vegetation
at a high resolution and over small spatial extents. One of the key findings of this research was that the
image feature detector algorithm, which is at the core of SFM 3D reconstruction, plays a critical role in
defining the traits and quality of 3D-RGB point clouds. This research used an SFM algorithm based on
the popular Scale Invariant Feature Transform (SIFT) feature detector. While some of the results of this
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work may be different if a different feature detector algorithm were used, the fact that the observation
of tree and canopy vegetation by SFM is so strongly dependent upon the choice of the feature detector
presents exciting new opportunities for computer vision ecology. Future work should consider the
potential of hybrid approaches that combine SIFT with dedicated vegetation feature detectors based
on the properties of plant, leaf, and flower color and structure [33,34]. By using a variety of computer
vision feature detector algorithms (e.g., lines, edges, and corners for branches and leaves, regions
and segments for crowns, color to distinguish among different feature types), within a decision-tree
or other type of classifier, SFM remote sensing would move beyond simply recreating what is done
with LIDAR. Such a fusion of 3D and spectral remote sensing with computer vision in a single sensor
system would represent an exciting new frontier for remote sensing of the structural, spectral, and
taxonomic complexity of forest ecosystems.
Supplementary Materials: The following are available online at www.mdpi.com/2072-4292/9/4/355/s1, Text S1:
Meshlab ICP point cloud registration methods, Text S2: Detailed TLS data post-processing, Table S3: UAV
dataset description, Figure S4: Example of custom GUI developed to help users provide semantic tags to features,
Figure S5: Mean vertical foliage profiles, Figure S6: Clustering results.
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