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Highlights

Novel multiangular measurement set-up for hyperspectral imaging.
Multiangular spectra of silver birch (Betula pendula), Scots pine (Pinus sylvestris) and Norway
spruce (Picea abies) stem bark samples were collected.
Intra- and interspecific variations in reflectance were analyzed.
Demonstration of tree species identification based on stem bark spectra.
Collected spectra openly available in SPECCHIO Spectral Information System.

Abstract

Despite the importance of spectral properties of woody tree structures, they are seldom represented
in research related to forests, remote sensing, and reflectance modeling. This study presents a novel
imaging multiangular measurement set-up that utilizes a mobile handheld hyperspectral camera
(Specim IQ, 400–1000 nm), and can measure stem bark spectra in a controlled laboratory setting.
We measured multiangular reflectance spectra of silver birch (Betula pendula Roth), Scots pine
(Pinus sylvestris L.) and Norway spruce (Picea abies (L.) Karst.) stem bark, and demonstrated the
potential of using bark spectra in identifying tree species using a Support Vector Machine (SVM)
based approach. Intraspecific reflectance variability was the lowest in visible (400–700 nm),
and the highest in near-infrared (700–1000 nm) wavelength regions. Interspecific variation was
the largest in the red, red-edge and near-infrared spectral bands. Spatial variation of reflectance
along the tree height and different sides of the stem (north and south) were found. Both birch and
pine had increased reflectance in the forward-scattering directions for visible to near-infrared
wavelength regions, whilst spruce displayed the same only for the visible wavelength region.
In addition, spruce had increased reflectance in the backward-scattering directions. In spite of
the intraspecific variations, SVM could identify tree species with 88.8% overall accuracy when
using pixel-specific spectra, and with 97.2% overall accuracy when using mean spectra per image.
Based on our results it is possible to identify common boreal tree species based on their stem bark
spectra using images from mobile hyperspectral cameras.
Keywords classification; hyperspectral; imaging spectrometer; near-infrared; reflectance; SVM;
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1 Introduction
The spectral signature of a forest is influenced by both the structure and spectral properties of different components forming the forest, such as the forest floor, leaves or needles, branches and stems.
Information on the spectra of woody tree structures can be used to support the interpretation of
remotely sensed data collected through various platforms, such as optical satellite images (Kuusk
et al. 2009). In addition to the interpretation of satellite images, spectral properties of woody tree
structures can be used in research related to climate change and land surface albedo (Stenberg et
al. 2013). Woody tree structures may also considerably influence forest reflectance, especially in
leaf-off conditions and sparse forests. Therefore, woody structures need to be taken into consideration in retrieval of biochemical and biophysical properties of vegetation (Malenovský et al. 2008).
Furthermore, information on spectra of woody tree structures may help improving the accuracy of
global vegetation satellite products.
A recent study by Rautiainen et al. (2018) reviewed the current state of knowledge involving
spectral properties of coniferous forests and pointed out the need to acquire accurate information
on the spectral properties of woody tree structures, such as stem bark and branches. To this day,
spectral properties of, for example, leaves and needles of boreal tree species (Lukeš et al. 2013;
Hovi et al. 2017) have been studied more than woody tree structures. Despite the importance of
spectral properties of woody tree structures, they are seldom represented in research related to
remote sensing and reflectance modeling. This disparity is possibly due to the difficulty of conducting in situ measurements of woody tree structures. Furthermore, previous studies have concluded
that ignoring the contribution of woody tree parts of the canopy in imaging spectroscopy data (i.e.,
satellite images) may lead to less accurate estimates of, for example, chlorophyll (Verrelst et al.
2010) and nadir-viewed canopy reflectance (Asner 1998). Knowledge of species-specific stem bark
spectra can also be used in developing accurate tree species identification algorithms (e.g., machine
learning classification models) (Hadlich et al. 2018). Accurate classification models could be valuable in the future for the forest industry and the development of autonomous forestry machinery.
Versatile spectral information can be collected through multiangular measurements using
goniometer set-ups utilizing spectrometer technology that can measure a range of different view
illumination geometries, either in a laboratory or in the field (Dangel et al. 2004; Suomalainen et
al. 2009; Roosjen et al. 2012). These multiangular measurements allow to determine quantitatively
the reflectance anisotropy of surface materials. Conventionally, hyperspectral multiangular measurement set-ups have utilized point spectrometers due to their portability and measurement speed.
However, today the first novel mobile handheld hyperspectral cameras (imaging spectrometers) are
emerging (Behmann et al. 2018) and enable goniometers to be built to utilize them in the laboratory
and in the field. This versatility of mobile hyperspectral cameras allowed us to build recently a
novel imaging multiangular measurement set-up that can measure stem bark spectra in a laboratory (Juola 2019). Noteworthy, is that with imaging spectrometer goniometers, we can measure
and collect more data in comparison to point spectrometer goniometers (i.e. images with each
pixel containing an individual spectral signature vs. single spectral signature integrated over the
measured surface). One way to get meaningful results out of the hyperspectral images, is to apply
machine learning algorithms to acquire classification results for, e.g., tree species identification.
Support vector machines (SVM) constitute to one of the most used machine learning classification approaches in hyperspectral image analysis (Gewali et al. 2018), and SVMs have previously been commonly applied in remote sensing applications (Gualtieri et al. 1999; Melgani et
al. 2004; Pal et al. 2005; Shararum et al. 2018; Halme et al. 2019). One of the most compelling
traits of SVMs, with regards to spectral data, is that they are particularly effective in analyzing
hyperspectral data directly in its hyperdimensional feature space, without the need for exhaustive
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data preprocessing, feature engineering or feature selection (Melgani et al. 2004). Another reason
for using SVMs in remote sensing classification tasks is that they can achieve high classification
accuracies even with small number of training samples (Mantero et al. 2005). This is highly beneficial, especially for airborne and satellite spectral data, where the production of training sets is
expensive and difficult, due to the need for labeling individual pixels (derived from the image) or
the need for in situ measurements. However, out of a wide range of remote sensing application
domains utilizing SVMs most have been limited to airborne or spaceborne specific platforms, as
reviewed extensively by Mountrakis et al. (2011). Subsequently, the papers that have applied SVM
to in situ or laboratory measured data have been marginal.
In this paper, we investigate the variation in tree bark spectra for the three most common
boreal tree species in Europe and report a novel multiangular measurement set-up that utilizes a
mobile hyperspectral camera. We also demonstrate the potential and limitations of bark spectra in
separating tree species from one another using an SVM-based approach. Specifically, we address
the following questions:
1. What are the intra- and interspecific variations in tree bark spectra from nadir measurements?
2. What are the intra- and interspecific variations in multiangular bark spectra?
3. How accurately can tree species be classified based on bark spectra?

2 Materials and methods
2.1 Study area and samples
We measured the reflectance spectra of stem bark of silver birch (Betula pendula Roth), Scots pine
(Pinus sylvestris L.) and Norway spruce (Picea abies (L.) Karst.), during March-April of 2019.
They represent the three most common tree species found in Finland. The study area was located
in Keimolanmäki, Vantaa, Finland (60°19´N, 24°50´E). The study stands represent typical managed (even-aged) forests in Finland, they were approximately 40 years old, and grew on a mesic
site type on mineral soil.
For each tree species selected for this study, we sampled two trees (Table 1). The trees
were located in three separate stands: birch 1, spruce 1, and spruce 2 grew in birch-dominated
stands that had some spruce admixture, and birch 2, pine 1, and pine 2 grew in a pine-dominated
stand that had few birches. To describe the growing conditions, we measured basal area, median
diameter at breast height (DBH) and median height for relascope plots centered at each sampled
tree (Table 1). The pine and birch trees belonged to the dominant canopy layer, tree height being

Table 1. Structural characteristics of the sample trees and surrounding relascope plots.
Tree

Date of
collection

Tree diameter
at breast height
(DBH, cm)

Tree height
(m)

Basal area
in the plot
(m2 ha–1)

Median DBH
in the plot
(cm)

Median height
in the plot
(m)

Birch 1
Birch 2
Spruce 1
Spruce 2
Pine 1
Pine 2

13.3.2019
22.3.2019
22.3.2019
14.3.2019
22.3.2019
22.3.2019

13.5
13.5
19.0
19.0
20.5
13.0

19.0
15.3
17.5
17.2
16.9
15.2

22
24
26
24
36
42

17.0
25.0
25.0
24.5
23.0
23.5

21.2
16.3
22.9
24.2
17.1
17.2
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Fig. 1. Examples of silver birch (Betula pendula) (A–C), Scots pine (Pinus sylvestris) (D–F), and Norway spruce
(Picea abies) (G–I ) stem bark samples from 1 m, 5 m, and 10 m heights, respectively.

88–99% of median height, while the spruces (71–76% of median height) were dominated by the
somewhat taller birches. Birch 2 grew on the very edge (south-east side) of the stand and the growing conditions were thus open. All the other trees were well inside the stands.
For each tree, 20 stem samples were collected. The samples were collected in such a way
that for every 1 meter of height (1–10 m from ground), an approximately 20-cm-long log was cut
(Fig. 1). The log was then cut in half to produce two samples, one from the southern side of the
tree, and another from the northern side of the tree. A total of 120 stem samples were collected
from six trees.

2.2 Sample collection and storage
The stems were first marked at 1 m height with the main compass coordinates. Markings were
made to keep track of the correct sides of the tree after the tree was cut down. After felling the tree,
the tree was trimmed of branches. All study trees had a minimum height of 15 m. This ensured a
minimum sample diameter of 5 cm at 10 m height of the tree. The minimum diameter or width of
5 cm in each sample was set to ensure that enough pixels of the sample were available for the data
processing chain (see Section 2.4).
The collected samples were stored outside in cool March-April temperatures (approximately
between 2–10 °C), covered and protected from weather conditions that could possibly alter the
spectral properties of the samples. Measurements were carried out within 12 days from felling
the trees.
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2.3 Spectral measurements
We measured bi-directional reflectance factors (BRF) for the stem samples using a novel custombuilt multiangular measurement set-up that utilized the Specim IQ mobile hyperspectral camera
(Specim Ltd.) and a halogen light source. We constructed a multiangular system that operates along
the principal plane with a fixed artificial source of illumination and is able to rotate 180° around
the target (–90° and +90° of nadir) (Fig. 2). The system was restricted to the principal plane only,
because the BRF typically varies the most along the principal plane. The rotation of the measurement arm was obtained through mechanically rotating it over the base. The view angle (i.e. angular
position of the arm lever) was confirmed using a digital angle meter attached to the arm.
The Specim IQ mobile hyperspectral camera operates in the spectral wavelength range
of 400–1000 nm, which covers the visible to near-infrared regions of the spectrum. The spectral
resolution of the hyperspectral camera is 7 nm and it collects data for a total of 204 bands. The
image size of the camera is 512 × 512 pixels with a field-of-view (FOV) of 31° × 31°. The entire
hyperspectral image produced by the camera is therefore 512 × 512 pixels in 204 bands. The Specim
IQ is based on a line scanner that performs the hyperspectral measurements with the pushbroom
imaging principle. Behmann et al. (2018) have presented a more thorough technical description
of the camera.
Two types of image data were collected. First, hyperspectral images were taken of each stem
sample from six different view angles with one fixed illumination angle. A white reference was
measured from the corresponding six view angles every 90 minutes. Maximum six samples could
be measured within the 90-minute period. The white reference used in this study was a calibrated
Spectralon® panel (25.4 × 25.4 cm) produced by Labsphere Inc., with a nominal reflectance of
99%. Second, high-resolution conventional red-green-blue (RGB) images were taken of each stem

Fig. 2. Measurement set-up for the Specim IQ camera. View angle for the sensor could be set between 0–180°
along the principal plane. The 0° would be top of canopy, 90° or nadir view angle was perpendicular to sample
surface, and 180° was on the ground side of the sample. Small black rectangle represents the surface area of the
sample used to calculate reflectance values (delineated by applying a virtual mask in the data processing). Grey
rectangle represents the stem bark sample on the measurement table under the field-of-view of the sensor. One
fixed light source at 40° angle (quartz tungsten halogen lamp) was used.
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sample from the same view-illumination geometry as the hyperspectral images. The RGB images
were taken with a Nikon D5000 camera and were used only for visualization purposes (i.e., to
obtain a high resolution photo archive of measured samples collected through destructive means).
An overview of the measurement setup and view and illumination angles is provided in
Fig. 2. In contrast to typical goniometer measurements (where zenith angles vary from –90° to
+90°), we used a different angle notation convention to be consistent with typical satellite measurement geometry. In consequence of the zero-degree being vertically above the canopy in typical
satellite measurement geometry, we consider the zero-degree to be along the table, towards the
“top”-side of the sample (Fig. 2). Measurements made from 90° view angle will be referred to as
nadir measurements (perpendicular to the sample surface).
The nominal illumination angle chosen for the measurements was 40°, which mimics what
the solar zenith angle would be during the summer at midday in southern Finland. In addition, there
is a previous study of woody tree structures that had similar conditions (even though measured
outdoors) (Lang et al. 2002). Note that due to the conical geometry of the measurements (Fig. 2),
the actual illumination angle was 40° ± 11° within the sample.
The artificial illumination we used was a 12 V 50 W quartz tungsten halogen (QTH) lamp with
an aluminum reflector and a beam restrictor. A linear laboratory power supply (Twintex TP3020)
was used to maintain a stable light output. Based on measurements with a Spectralon panel and
a radiometrically calibrated spectrometer (ASD FieldSpec4), the total broadband irradiance of
the lamp at the sample surface was 212 W m–2. The nominal 40° zenith angle for the lamp was
achieved when the sample surface height was at 9 cm, and it is the same height at which the axis
of rotation of the system was set at. If the sample or white reference panel was less than 9 cm in
height, it was raised until the correct height was acquired. The measurement distance was set to
50 cm. The measurement distance allowed the 10-inch Spectralon® white reference target to fit
the entire FOV of the Specim IQ camera. Sample placement was supported with a laser pointer to
ensure approximate similarity between central alignment of samples.
Six nominal view angles were chosen: 29°, 58°, 65°, 90°, 115°, and 140° relative to the
table. The idea was to obtain measurements at equal intervals between illumination direction (40°)
and the direction opposite to light source (140°), to capture both hotspot and specular reflection
behavior of the samples. Due to lamp geometry, the exact hotspot was not possible to achieve, and
it was therefore replaced with two closest possible angles near the hotspot (29° and 58°). Similarly
to the illumination angle, also the actual view angles of individual pixels within a sample varied
±10° from the nominal view angle.
In summary, 720 hyperspectral images and 720 high resolution RGB images were collected
for 120 stem samples, together with necessary hyperspectral images of a white reference target for
BRF calculations. Stray light effects were minimized by conducting all measurements in a windowless laboratory that had been painted in black with external light sources turned off. In addition,
the multiangular measurement set-up had been spray painted with Nextel Velvet coating 811-21,
which absorbs >97% of the light, independent of wavelength or the angle of incidence (Kwor et
al. 2001). The table below the sample was not painted but was covered with black acrylic canvas
that had directional hemispherical reflectance of 2% throughout the spectrum.

2.4 Data processing and analyses
To calculate BRF values for each pixel in the sample image, a data processing chain using Python
programming language was developed for the raw data produced by the sensor (Specim IQ). The
data processing chain allows the calculation and extraction of accurate pixel-specific reflectance
information that is invariant to uneven spatial distribution of incident irradiance from the lamp.
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The raw data of an image acquired with the Specim IQ consists of measured digital numbers
(DN) for each pixel and the dark current data associated for each raw image. The dark current data
is noise produced by the electronics within the sensor and needs to be removed from the captured
DN values. In addition to taking the BRF of the measured white reference target to consideration in
the computations, it is common that the integration times used by the sensor are different between
the sample and the white reference. The following equation (referred to as the “pixel-by-pixel
algorithm”) was used to calculate the BRF at a pixel level:
BRF 

DNsample  DCsample
DN white_reference  DC white_reference



twhite_reference
tsample

 BRFwhite_reference ,

(1)

where:
DNsample is the digital number in the sample image,
DCsample is the dark current value for the sample image,
DNwhite_reference is the digital number of the white reference image,
DCwhite_reference is the dark current value for the white reference image,
BRFwhite_reference is the BRF for the white reference target obtainable from the calibration file provided by the manufacturer,
tsample is the integration time used to capture the sample, and
twhite_reference is the integration time used capture the white reference.
The data processing chain included creating virtual masks that select pixels, which represent
purely the viewed area of the bark in each sample (i.e. no pixels from background or other non-bark
regions). Each of the six measured angles were paired with their own virtual rectangular mask.
The rectangular masks varied slightly in size (from approximately 8500 to 19 500 pixels) due to
the viewed area changing with view angle. The masks for each view angle were made to fit the
smallest stem sample out of the 120 for automating the process. Average mask size for a sample
was approximately 3 × 15 cm. The pixels inside the masks were then used to calculate the BRF
values with the pixel-by-pixel algorithm (Eq. 1).
Before the analyses, the data from wavelengths below 415 nm and above 925 nm were discarded. Instability in measured digital numbers was observed in those regions, when comparing
the white reference images between measurements. The reason for the instability could be due to
the material measured, source of illumination, short integration times, or limitations of the sensor
technology within the camera itself. A previous evaluation study on Specim IQ (Behmann et al.
2018) reported similar limitations for the camera between 400–415 nm for some materials, and
limitations for bands between 925–1000 nm were observable when measuring in direct sunlight
(which could be comparable to the conditions present in this study).
In reporting our results, we will refer to the visible (VIS, 400–700 nm), and near-infrared
(NIR, 700–1000) spectral regions.

2.5 Supervised machine learning classification
The algorithm used in this study was an implementation of a regularized linear SVM with stochastic
gradient descent (SGD) learning. The reasoning behind selecting an estimator that utilizes a linear
SVM with SGD learning is two-fold: one, it is scalable for very large machine learning problems,
and two, it is computationally efficient for large amounts of samples. Similarly to other supervised
classification algorithms, this linear SVM with SGD learning requires several hyperparameters (e.g.
regularization term and maximum number of iterations). The hyperparameters were determined ad
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hoc and exhaustive grid search was used for tuning the hyperparameters. Furthermore, as SVMs
are binary classifiers by nature, in order to achieve a multi-class classifier, the SVM utilizes a oneversus-all (OVA) method. The OVA method or scheme is such that for each of the three classes
(birch, pine and spruce), a binary classifier is learned which discriminates between that and the
other two classes. Finally, due to SGD being sensitive to feature scaling, the data were standardized
(common requirement for many machine learning estimators) by removing the mean and scaling it
to unit variance. A detailed study by Burges (1998) presents the mathematical formulations of the
SVM algorithm. The linear SVM with SGD learning was constructed with Python programming
language and a widely used machine learning library called scikit-learn (Pedregosa et al. 2011).
Training and test sets were created out of the pixel-level sample populations with a typical
80% and 20% ratio, respectively. Each class (birch, pine and spruce) had a balanced amount of
observations (i.e. samples of spectra), and a random shuffle of the ordered samples was performed
before splitting the data into training and test sets. The test set was set aside for the duration of training to assess performance later. In addition, the estimator was set to shuffle the training data after
each pass (epoch) over the data during training. Instead of using a separate validation set for model
evaluation, a k-fold cross-validation scheme was used to evaluate the performance of the model
during training. A 5-fold cross-validation was used throughout the study. During the model optimization, the cross-validation score was used as an estimator to select the optimal model parameters
for the separate test set. Finally, the test set (independent of the training dataset) was used together
with the optimized model to predict class labels of unseen data, and to evaluate on the accuracy of
the classification model. Accuracy of the predictions (i.e. success rate of classifying the correct tree
species) were assessed through overall accuracy and class-specific accuracies. Overall accuracy is
the ratio between the correct predictions by the model and the total number of observations.
Three different models (i.e. subsets of samples) were used in this study to run the classification and assess the classification accuracy of the algorithm: 1) pixel-wise classification based on
nadir measurements, 2) pixel-wise classification based on all measurements, i.e., all view angles,
and 3) sample-wise classification, i.e., using averaged spectra for each sample. In reporting our
results, we will refer to the first subset (nadir model), second subset (all model), and third subset
(mean model).

3 Results
3.1 Intra- and interspecific variation in nadir bark spectra
The results of the nadir measurements show that the two coniferous species, pine and spruce, had
very similar spectra in VIS, especially between the wavelengths 415–550 nm (Fig. 3). In comparison to pine and spruce, the spectra of birch were in general distinctly higher (Fig. 3). Birch
also displayed the highest standard deviation among the three species (Fig. 3). The mean BRF for
birch varied between 0.22–0.55, for pine between 0.07–0.61, and for spruce between 0.07–0.53.
Birch spectra were soil-like and increased monotonously as function of wavelength (Fig. 3).
In addition, birch did not display typical vegetation characteristics strongly (e.g. strong absorption at red and blue wavelengths, or sharp rise at red edge). On the other hand, pine and spruce
displayed some magnitude of red-edge effect that is typical for green vegetation (Fig. 3). The two
conifer species displayed similar shapes of spectral signatures: The spectral signatures of spruce
and pine were visually still distinguishable from one another even though there was clear overlap
within VIS wavelengths (Fig. 3). Finally, the largest interspecific variation between the three species could be seen from the red-edge region to NIR (Fig. 3).
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Fig. 3. Mean and standard deviation of reflectance (bi-directional reflectance
factor, BRF) for silver birch (Betula pendula), Scots pine (Pinus sylvestris), and
Norway spruce (Picea abies). Standard deviation was calculated between the
pixel-level spectra derived from nadir measurements for each species.

We analyzed if, and how, reflectance spectra of bark changes when moving upwards a tree
trunk. The results for nine different spectral bands 492.4 nm, 559.8 nm, 664.6 nm, 704.1 nm,
740.5 nm, 782.8 nm, 834.8 nm, 864.7 nm, and 923.5 nm were used to illustrate the differences
(Fig. 4A–I). In general, spruce displayed only small variation in spectra across the measured heights
in all nine spectral bands (Fig. 4A–I). Birch displayed a similar trend for all nine bands: the BRF
increased slightly when moving up along the stem (Fig. 4A–I). Perhaps the most significant result
was discovered with pine, which had a clear increase in red and NIR BRFs when moving up along
the stem of the tree (Fig. 4C–I). More specifically, pine showed a clear increase in reflectance
between the heights of 1–5 m, after which BRF stabilized and remained similar between the heights
of 5–10 m (Fig. 4C–I).

9
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Fig. 4. Spatial variation of reflectance (bi-directional reflectance factor, BRF) along the tree height (1–10 m) for silver
birch (Betula pendula), Scots pine (Pinus sylvestris), and Norway spruce (Picea abies). Nine wavelengths 492.4 nm
(A), 559.8 nm (B), 664.6 nm (C), 704.1 nm (D), 740.5 nm (E), 782.8 nm (F), 834.8 nm (G), 864.7 nm (H) and 923.5 nm
(I) were used to illustrate and analyze the changes in visible and near-infrared regions.

Finally, we looked at the reflectance differences between northern and southern sides of the
trees. The sign and magnitude of the differences varied seemingly randomly between measurement heights, but when measurements of south and north sides were averaged over all heights and
samples per species, some tendencies were found (Fig. 5). Pine and spruce had negligible differences between north and south in VIS, however, in the NIR region these species had on average
0.02 and 0.03 increased reflectance for the northern side, respectively (Fig. 5). Birch stood out
in our results, as the south side samples had on average 0.10 increased reflectance for the entire
VIS–NIR spectral region (Fig. 5). More specifically, south side samples of birch had on average
0.12 increased reflectance in VIS, and on average 0.07 increased reflectance in NIR (Fig. 5).
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Fig. 5. Mean absolute differences in reflectance (bi-directional reflectance factor, BRF)
between northern and southern sides of the measured trees for silver birch (Betula pendula), Scots pine (Pinus sylvestris), and Norway spruce (Picea abies). Measurements
of north and south sides were averaged over all heights and samples per species. Order
of difference: north minus south.

3.2 Intra and interspecific variation in multiangular bark spectra
In addition to the nadir measurements, we investigated the reflectance anisotropy of the three species along the principal plane for all six measured view angles (29°, 58°, 65°, 90°, 115°, and 140°).
The results show that there were distinct differences in angular patterns of reflectance between
the species. In contrast to the earlier results in Section 3.1, birch and pine behaved similarly to
one another (Fig. 6A–B), while spruce had significantly different reflectance properties (Fig. 6C).

Fig. 6. Angular variation of reflectance (bi-directional reflectance factor, BRF) for silver birch (Betula pendula), Scots
pine (Pinus sylvestris), and Norway spruce (Picea abies). Each plot (A, B, C) shows the mean reflectance for each
measured angle (29°, 58°, 65°, 90°, 115° and 140°) per species: A) birch, B) pine, and C) spruce.
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Table 2. Relative mean percentage change of multiangular reflectance measurements for silver birch
(Betula pendula), Scots pine (Pinus sylvestris), and Norway spruce (Picea abies). View angles are compared against the nadir (90°) measurements. Results are shown for three different wavelength regions: all
wavelengths (415–925 nm), visible (415–925 nm), and near-infrared (415–925 nm).
View angle (°)

All (415–925 nm)
Birch
Pine
Spruce

Visible (415–700 nm)
Birch
Pine
Spruce

Near-infrared (700–925 nm)
Birch
Pine
Spruce

29
58
65
90
115
140

6%
1%
–1%
0%
12%
34%

7%
1%
–1%
0%
14%
40%

5%
2%
–1%
0%
10%
23%

–4%
–9%
–10%
0%
26%
82%

32%
10%
6%
0%
6%
22%

–6%
–12%
–13%
0%
35%
113%

35%
10%
6%
0%
10%
34%

–0%
–3%
–4%
0%
10%
30%

26%
11%
7%
0%
–2%
0%

More specifically, birch and pine had noticeably increased reflectance in the forward-scattering directions (115° and 140° view angle) when compared to backward-scattering directions
(Table 2). In contrast, spruce showed increased reflectance in the backward-scattering direction
of 29° view angle, revealing a hotspot effect (Table 2). In addition to this hotspot effect, spruce
displayed increased values in the forward-scattering direction of 140° view angle (i.e. having both
hotspot and specular effects present) (Table 2). Closer inspection reveals that the 140° view angle
for spruce had higher BRF in VIS, but the same BRF in NIR when compared to the nadir view
(Table 2).

3.3 Classification results
3.3.1 Based on nadir measurements
The overall accuracy for the pixel-level sample population based on the nadir measurements was
89.6% (Table 3). The best separation between the three species was acquired for birch (96.7%),
which supports the results reported in Section 3.1 (i.e. birch having distinctly differing spectral
signature in comparison to the two conifer tree species) (Table 3). Spruce and pine had accuracies
of 92.1% and 80.1%, respectively (Table 3). Hence, the largest misclassification between species
occurred for spruce and pine. Table 3 reports the overall accuracy and total number of samples
used in more detail.
Table 3. Classification results for three subset scenarios using a trained support vector machine classifier on a test set. The number of spectra in both training and test sets are given for
each classification model.
Model

Nadir
All
Mean

Number of spectra
Training set
Test set

1 886 976
9 171 456
576

471 477
2 292 864
144

Birch

Classification accuracy
Pine
Spruce

96.7%
96.7%
100.0%

12

80.1%
78.6%
92.9%

92.1%
91.0%
98.1%

Overall
accuracy

89.6%
88.8%
97.2%
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3.3.2 Based on all measurements
The results obtained using all six view angles were very similar to the smaller subset that only
included pixels from nadir measurements (Section 3.3.1). The overall accuracy was 88.8%. Furthermore, the results showed that the classification of birch and spruce were at an acceptable accuracy
for pixel-specific samples (96.7% and 91.0%, respectively), however pine had the lowest success
rate (78.6%) (Table 3).

3.3.3 Based on mean spectra
We conducted a final estimation of tree species classification using SVMs on a dataset that averaged the spectra of all pixels in each sample into one spectrum. With this, we were able to decrease
the number of samples down to 720 individual mean spectra (one per measured angle per stem
sample), and perhaps more significantly, decrease the standard deviation and spectral variation
within species. In this classification, the overall accuracy came to be 97.2% (Table 3).

4 Discussion
4.1 Intra- and interspecific variations in bark spectra from nadir measurements
The intraspecific variation in bark spectra was high when compared to, for example, leaves and
needles of the same tree species published by Lukeš et al. (2013). Spruce displayed the lowest
standard deviation (VIS–NIR) that could be explained by the most similar composition and texture
between all species-specific samples (Fig. 1G–I). Pine had a slightly higher standard deviation
than spruce in NIR region, which was most likely due to the clear visible changes in stem bark
composition when inspecting lower and upper half of the tree trunk (Fig. 1D–F). Finally, birch
showed the largest standard deviation (VIS–NIR) with distinct soil-like mean spectra that increased
monotonously as a function of wavelength. The large intraspecific variation for birch could be
explained by the substantial variations in structure and color between and within birch samples
throughout the height of the stem (Fig. 1A–C). Birch samples presented a range of contrasting
white to black colors (a typical characteristic for birch) with different stem surface textures. To
summarize intraspecific variation, the within species reflectance variability was the lowest in VIS
and the highest in NIR. A similar conclusion was reported by Asner (1998) but for different tree
species.
We compared spectra with in situ data published by Lang et al. (2002), and the general
shapes of mean spectra for the same tree species were found to be similar. Both this study and the
results obtained from data published by Lang et al. (2002) showed distinct soil-like spectra for
birch, distinguishable spectral signatures between the two conifer species, and noticeable red edge
behavior for pine and spruce. The general shapes of mean spectra were similar, but the overall
magnitudes differed, especially when comparing birch and spruce with the data published by Lang
et al. (2002). The mean pine spectrum was nearly identical between the two datasets, and the mean
birch and spruce spectra did fall within the standard deviation obtained in this study. Noteworthy
is that the data by Lang et al. (2002) is the only openly available public repository for comparing
silver birch, Scots pine, and Norway spruce. Furthermore, the within-species standard deviations
were of similar magnitude to results reported in previous studies by Campbell et al. (2005), Hall
et al. (2012), and Asner (1998), i.e., woody stem bark spectra of also other tree species were generally highly variable.
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Interspecific variation in tree bark spectra was the largest in the red, red-edge and NIR spectral bands. Most overlap in spectra between-species was seen in VIS prior to the red wavelengths.
Especially pine and spruce had overlap in this region. The largest spectral difference between pine
and spruce could be found with samples collected from 5–10 m stem height, between red to NIR
spectral bands (Fig. 4C–I). Birch had the greatest between-species difference to the two coniferous
species in the visible spectral bands of red, green and blue (Fig. 4A–C). More specifically, spruce
showed no trends along the height of the tree for all analyzed spectral bands (Fig. 4A–I), and this
is possibly supported by spruce stem bark not changing significantly (e.g. color or texture) along
different heights of the stem for both sampled trees (Fig. 1G–I). On the other hand, both pine trees
had a clear gradual change (texture, structure and color) along the stem, which affected the BRF at
red–NIR spectral wavelengths (Fig. 4C–I). The visible changes along the different heights of the
stem were typical for pine (e.g. color changing from brownish-gray (Fig. 1D) to more orange-red
tones (Fig. 1F)). Finally, birch showed a minor increasing trend in reflectance for all examined
spectral bands when moving up the tree stems (Fig. 4A–I). This small increase could be the result
of the sampled trees having darker and coarser stem bark texture closer to the ground (Fig. 1A),
while finding relatively larger surface areas of smooth texture and typical whitish color when going
towards the top of canopy (Fig. 1C). Finally for the interspecific variation, the modest red-edge
effect (absorption at blue and red wavelengths, and a rise near the red edge) that was displayed by
spruce and pine could be supported by the external visible green vegetation (mosses and lichens)
that grew occasionally on top of the bark. Pine also had a clear gradient in its bark features: on the
lower parts of the trunk there were slightly more external lichen or mosses growing than higher up
on the trunk and, higher up along the stem, greenish characteristics under the topmost bark layer
became more common.
When we compared the differences in averaged reflectance of northern and southern sides
of the measured trees, pine and spruce had very similar results, i.e., the north side samples had
slightly stronger reflectance in NIR. This tendency could be the result of the two cardinal sides
having different environmental conditions (e.g., illumination and moisture) for external vegetation
growth (mosses and lichens) or bark structural development. On the other hand, birch displaying a
very large difference in favor of the southern side, is explained by one of the two sampled birches
(birch 2) having noticeably whiter south side of the stem. This was evident after visually inspecting images of measured samples from the two birch trees. The birch with the most reflective south
side (birch 2) grew at the very edge of the forest stand with no shade from the surrounding trees
on the southeastern side. Thus, the environmental conditions could be a potential explanation for
the observed large difference for this particular tree.

4.2 Variations in multiangular bark spectra
Prior to this study there are no publications of multiangular spectral properties of stem bark, and
our results are novel. Increased reflectance in forward-scattering directions, i.e., specular reflection,
for pine and birch was likely caused by the smooth surface textures on their stem bark. Noteworthy
is that, based on visual judgement, both birch and pine had smoother surface areas on the stem
bark when moving higher up on the stem (e.g., Fig. 1C and Fig. 1F). The specular reflection could
also be observed in practice already during the measurements, because the integration times used
for acquiring images in the forward-scattering angles had to be made much shorter to avoid overexposure. In contrast to pine and birch that behaved similarly to one another, spruce displayed
clearly different angular variations in spectra due to the structural and textural characteristics of
its stem bark. Spruce stem bark was noticeably coarser and had rough surface properties. The
surface structure of spruce stem bark could be described as having small fragile outward-bending
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structures that were aligned so that when imaged from forward-scattering angles, the structures
created subtle shadows throughout the sample. The shadows however constituted to a significant
enough portion of the surface area seen by the sensor, which possibly explains the lower overall
reflectance in the forward-scattering angles (when compared to the hotspot effect in the backwardscattering side). The two highest angular effects for spruce were found at 29° and 140°, which
again suggest that spruce had a more complex angular behavior at surface structural level when
compared to pine and birch.

4.3 Potential and limitations of bark spectra for classification
The overall accuracy for classifying tree species was strong for pixel-wise models derived from
nadir and all hyperspectral images, taking into consideration that there was high spectral variability within-species and overlap in spectra between-species. The classifier was able to fit the
linear SVM (i.e. solve the inseparability problem) in such a way, that it could classify the three
tree species effectively. Hence, soft-margin linear separation was possible, even though the pixel
samples represent varying surface conditions (due to the very high spatial resolution acquired for
each pixel) with overlapping spectra between-species.
Perhaps the most significant result obtained from the nadir and all pixel models was that it
showed the scalability of a linear SVM with SGD learning for complete VIS–NIR spectral observations. In other words, the models were able to classify pixel-specific spectra with an acceptable
accuracy for future applications that might need solutions for large data. As the pixel-specific accuracy also revealed the limitation in separating pine and spruce, the final model that utilized mean
spectra per sample resulted in very high and reliable classification accuracy. The separation of pine
and spruce could be potentially further enhanced in the future by using images from stem heights
where the spectra between-species differ as much as possible (i.e. not comparing lower parts of the
trunk where the reflectance properties are nearly identical between, for example, spruce and pine).
The classification results are rather promising and show positive indications that hyperspectral images can be used, for example, in applications related to autonomous forestry machinery
(Billingsley et al. 2008; Bergerman et al. 2016), forest inventories that utilize mobile imaging
(Molinier et al. 2016), or mobile phone-based applications for identifying plant species in the field
(Pl@ntNet 2020). It seems that the spectra obtained from hyperspectral images contain valuable
species-specific information that machine learning algorithms like the SVM can use optimally even
at pixel level. In fact, spatial averaging of obtained spectra improved classification results even
further. Notably, this study shows that it is possible to identify common boreal tree species based
on their stem bark spectra using images from mobile hyperspectral cameras.

4.4 Stem bark spectra in future research
The influence of woody tree structures on canopy reflectance can differ widely from one forest
biome to another. Noteworthy is that total canopy reflectance is possibly more affected by woody
tree structures in boreal forests than, for example, temperate forests. Boreal forests have large
between-crown gaps (Nilson 1999), whilst temperate forests canopies can be dense and gap fractions in them dominated by small within-crown gaps (Chianucci 2020). Even in boreal forests,
it is difficult to detect woody tree structures, such as stems and branches, directly from coarse
spatial resolution optical remote sensing images (when measured above canopy). With higher
spatial resolution and in oblique viewing angles, a larger contribution is more likely caused by
branches. Hence, research on spectral properties of branches could be very useful in combination
with knowledge on the spectral characteristics of stem bark. In addition, in situ mapping of tree
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species with mobile sensors (such as the one used in this study) would benefit from spectral libraries of stem bark. Finally, information on stem bark is also needed in radiative transfer modeling of
forests, and it can potentially be utilized also in close-range sensing methods, e.g., state-of-the-art
autonomous forest inventory drones operating under the forest canopy.
Future measurements could be directed at progressing from a controlled laboratory setting
to conduct similar measurements in the field in more natural conditions. Wider sampling of living
trees could aid in drawing more accurate generalizations across larger areas. Method development
could be aided with state-of-the-art deep learning methods where both the spectra and the texture
of the stem bark are considered for even more accurate classification results.
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