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Abstract: The endemic New Zealand kauri trees (Agathis australis) are under threat by the deadly
kauri dieback disease (Phytophthora agathidicida (PA)). This study aimed to identify spectral index
combinations for characterising visible stress symptoms in the kauri canopy. The analysis is based
on an aerial AISA hyperspectral image mosaic and 1258 reference crowns in three study sites in the
Waitakere Ranges west of Auckland. A field-based assessment scheme for canopy stress symptoms
(classes 1-5) was further optimised for use with RGB aerial images. A combination of four indices
with six bands in the spectral range 450-1205 nm resulted in a correlation of 0.93 (mean absolute
error 0.27, RMSE 0.48) for all crown sizes. Comparable results were achieved with five indices in the
450-970 nm region. A Random Forest (RF) regression gave the most accurate predictions while a M5P
regression tree performed nearly as well and a linear regression resulted in slightly lower correlations.
Normalised Difference Vegetation Indices (NDVI) in the near-infrared / red spectral range were the
most important index combinations, followed by indices with bands in the near-infrared spectral
range from 800 to 1205 nm. A test on different crown sizes revealed that stress symptoms in smaller
crowns with denser foliage are best described in combination with pigment-sensitive indices that
include bands in the green and blue spectral range. A stratified approach with individual models
for pre-segmented low and high forest stands improved the overall performance. The regression
models were also tested in a pixel-based analysis. A manual interpretation of the resulting raster map
with stress symptom patterns observed in aerial imagery indicated a good match. With bandwidths
of 10 nm and a maximum number of six bands, the selected index combinations can be used for
large-area monitoring on an airborne multispectral sensor. This study establishes the base for a
cost-efficient, objective monitoring method for stress symptoms in kauri canopies, suitable to cover
large forest areas with an airborne multispectral sensor.

Keywords: hyperspectral; forest health; random forest; AISA Fenix; Waitakere ranges; New Zealand;
kauri dieback disease; Phytophthora agathidicida

1. Introduction

The New Zealand kauri trees (Agathis australis (D. Don) Lindl.) are a key species of New Zealand’s
northern indigenous forests [1] and are of high cultural [2] and ecological significance. The conifers are
threatened by the deadly kauri dieback disease (Phytophthora agathidicida (PA)). The soil-borne disease
was first officially confirmed by Beever (2009) [3] in the Waitakere Ranges, although it might have been
in New Zealand for decades already [3,4]. Meanwhile, it has been verified over major parts of the kauri
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distribution area [5]. To date, the monitoring of kauri dieback symptoms has relied on fieldwork and
the manual interpretation of aerial images and photos taken from aircraft and helicopters [6,7]. There
is a need for a cost-efficient, objective approach for the monitoring of stress symptoms which allows
for the coverage of large areas [8].

1.1. Kauri and Kauri Dieback Disease

The New Zealand kauri is an endemic conifer with a natural distribution in the upper North
Island. The existing stands of mature kauri are what remained from extensive logging by European
settlers in the 19th and early 20th centuries [9]. Young kauri have a small conical shape with dense
foliage. Older kauri emerge over the surrounding vegetation and develop a massive trunk and a large
dome-shaped crown [10] with measured diameters of over 30 m and heights of up to 40 m in the
study areas. The lanceolate leaves of kauri are broad needle-shaped, ca. 2 to 5 cm long, with a smooth
leather-like surface [10] and form a spiky foliage surface. While the foliage of small kauri is dense
and evenly spread over the crown, the leaves of medium and large size kauri are arranged in clusters
(Figure 1) which expose gaps, shadows and visible branch material, even in the non-symptomatic
stages. The kauri foliage occurs in colour variations from darker yellow-green to lighter blue-green
(Figure 2) [10].

(a) Small cdm

<48 (b) Medium cdm >4.8 m and < 12.2 m. (c) Large cdm > 12.2 m.
<4.8m.

Figure 1. Kauri growth classes used in this study, according to the mean crown diameter (cdm) [11].
(Photos [12]).

(b)

Figure 2. Mature kauri stand in different foliage colour variations in the Waitakere Ranges shown in

(a) oblique view and (b) nadir view [13].

Infection with PA causes lesions in the trunk and roots, which block the transport of water and
nutrients [1,3]. The first visible signs in the canopy are yellowing of the leaves and leaf loss in the top
of the crowns, which exposes bare branches. In some crowns, the symptoms impair only parts of the
upper crown if the transport system is partially blocked. With progressing decline, the foliage becomes
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sparse, bare branches become exposed, and the influence of woody material, internal shadows, visible
undergrowth and ground litter in the canopy reflectance increases. Weakened kauri are less effective
in shedding off climbers and epiphytes, which, again, add green plant material in the canopy. In the
final stage, the remaining foliage turns brown before it falls off and small branches drop until only
a bare skeleton remains. Dead and dying kauri trees are again quickly overgrown by undergrowth,
neighbouring trees, epiphytes and climbers.

A variety of factors can accelerate the progress and intensify the symptoms of an existing PA
infection, including drought conditions, difficult growing conditions on shallow soil and the exposition
to strong and salty winds from the sea. These factors alone and also infections with other pathogens,
e.g., Phytophthora cinnamomi [4,14], can cause similar canopy stress symptoms.

1.2. Remote Sensing for Stress Monitoring

Various authors have found that there is a good relationship between spectrally derived indicators
extracted from remotely acquired optical imagery and stress symptoms in tree canopies caused by
forest diseases [15-21].

Airborne hyperspectral images have been used successfully in many studies to analyse tree
canopy health in conifers [22-27] and broad-leaved species [28-30]. The full spectral range allows for
the processing of a spectral continuum and the identification of important bands from a large range
of narrow bands [31] that are sensitive to subtle reflectance changes for early stress detection [32-34].
However, high costs for the data acquisition and maintenance of the sensors, elaborate calibration and
processing, and small swath widths qualify airborne hyperspectral sensors for the time being more for
analytical research tasks than regular large-area forest monitoring.

Spaceborne imagery is the most cost-efficient option to cover larger areas, as it is comparably easy
to process and has been widely used to monitor stress responses in tree canopies [35-42]. However,
satellite images often lack the spatial and spectral resolution for an assessment on the individual tree
crown level and are bound to certain over-flight times [19,39]. Acquisitions with crewed aircraft are a
more expensive option than satellite imagery but provide a more flexible timing and higher spatial
and spectral resolutions. Unlike unmanned aerial vehicle (UAV) sensors [43], multispectral sensors for
crewed aircraft are well suited to large-area coverage with a large swath width, a low noise-to-signal
ratio and a robust sensor setup [44—47]. However, the spectral limitation of multispectral sensors to
usually four to six bands requires previous knowledge about the best band combinations to detect
the target features. The approach in this study combines the strengths of both the hyperspectral and
multispectral platforms. We utilized the high spectral resolution imagery from a hyperspectral sensor
to define band and index combinations that are suitable to be mounted on a multispectral sensor on a
crewed aircraft for large-area stress monitoring in kauri canopies. The spectral ranges used in this
study are defined in Table 1.

Table 1. Spectral ranges with wavelengths used in this study (adapted from [48]).

Spectral Range Electromagnetic Wavelengths
Visible (VIS) 437-700 nm !
1st near-infrared (NIR1) 700-ca. 970 nm 2
2nd near-infrared (NIR2) 970-1327 nm
1st shortwave infrared (SWIR1) 1467-1771 nm 3
2nd shortwave infrared (SWIR2) 1994-2435 nm 13

! The useable bands of the AISA Fenix image with low noise levels covered the range between 437 and 2435 nm.
2 The upper band of NIR1 range marks the shift between the two sensor parts at 970 nm. 3 The transition from the
NIR to SWIR1 and from SWIR1 to SWIR?2 regions is marked by atmospheric water absorption regions.

Vegetation indices (VI) for stress monitoring usually combine bands that are sensitive to the stress
parameter(s) with insensitive bands [49]. An ideal VI for stress analysis shows a linear relationship
with the targeted symptoms, is equally sensitive for all levels of stress, independent of the scale, and
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shows minimal saturation effects [19,50]. VIs were developed for all levels of stress from the first, even
pre-visible, reactions on leaf level to obscured canopies of dead crowns.

Pre-visible stress reactions in tree foliage have been successfully detected with thermal sensors [51,52]
and narrow optical bands in the visible (VIS) part of the spectrum [53-56]. The first stress symptoms are
often a reaction to leaf pigment alteration and reduced canopy water content. VIs that provide a direct
measure for canopy water content, like the Moisture Stress Index (MSI) [57], the Normalized Difference
Water Index (NDWI) [58] and the Water Band Index (WBI) [59], are based on water absorption bands
in the near-infrared (NIR) and shortwave infrared (SWIR) regions. The yellowing of leaves as an
early stress symptom is related to biochemical changes in the pigment concentrations, especially leaf
chlorophyll [60]. Absorption coefficients of chlorophyll are strongest in the blue and red region, around
450 and 680 nm, respectively, where green leaves absorb more than 80% of incident light [61]. While
indices in these bands ”saturate” rapidly, Gitelson (2003) [61] found that ratios with narrow bands
in the green and early red-edge regions are more sensitive to changes in chlorophyll, also at higher
chlorophyll concentrations.

So-called “greenness” indices describe the reduction in chlorophyll based on its absorption in
the red spectrum in combination with bands in the NIR region around 850 nm that are influenced by
strong photon scattering in leaf air—cell-wall interfaces [62,63]. Since these indices are correlated to the
amount of photosynthetic active material, they also capture a reduction in leaf area and changes in leaf
angle and thereby, structural changes in the canopy [50,61,63,64]. Increased stress leads to a decline in
red absorption and a narrowing of the red absorption region, which again causes a blue shift of the
red-edge point. The red-edge region is very responsive to changes in chlorophyll content [61,65,66].
Narrowband index combinations with red-edge bands have been successfully used to detect early
signs of water stress [67], dying material in Pinus radiata [44] and early stress symptoms in conifer
woodland [66]. Further indicators of plant stress include a relative increase in carotenoid pigments
and a reduction in leaf nitrogen content, which can be detected with indices that contain characteristic
absorption bands in the blue region (445 nm) for carotenoids [68] and 1510 nm for protein-bound
nitrogen [69].

Higher amounts of visible dry litter and dead branches are expressed by subtle reflectance
characteristics of cellulose and lignin in the SWIR regions [70]. However, these characteristics are easily
obscured by water absorption features and require dry conditions for the most accurate results [62,69,71].
Several studies found a close relationship between bands in the NIR and SWIR region and structural
changes in the canopy due to foliage loss [72,73]. Although these relationships are non-linear and
therefore difficult to interpret [64], indices in the NIR and SWIR regions were successfully used by
Schlerf et al. (2005) [74] to estimate the Leaf Area Index (LAI) in Norway spruce forests.

The reflectance characteristics of conifers—like a higher absorption, lower transmittance and
higher backscattering—are most distinct in the NIR bands [70]. A high optical depth in the NIR spectral
region allows a maximum interaction of photons with crown elements in the lower canopy. It thereby
enhances the influence of woody material and understory vegetation [57,75].

When upscaling from leaf-scale responses to crown-scale, a range of crown characteristics need to
be taken into account, such as foliage condition, canopy structure, the influence of non-photosynthetic
branch and stem material, epiphytes and climbers and, depending on the gap fraction, understory
vegetation, soils and ground litter as well as illumination conditions, viewing geometry and reflectance
from neighbouring trees [48,75,76]. These attributes have different cumulative effects depending on
the spatial scale, such that successful indices at leaf-level often show lower performance at crown
level [77,78]. Several studies proved that leaf optical properties play only an inferior role in reflectance
on canopy scales unless the foliage is dense with a more horizontal orientation and a high Leaf Area
Index (LAI) [75,79,80].
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1.3. Approach and Objectives

A method for the detection of kauri trees with indices in the VIS to NIR2 range has already been
presented in Meiforth et al. [11]. This study focuses on the spectral analysis of stress responses in
kauri crowns over the full hyperspectral range (437-2435 nm). The aim was to identify the best index
combinations that are suitable for large-area stress monitoring with a multispectral sensor.

To account for the spectral characteristics on crown level and the assessment scale of whole crowns
in the reference data, we use a crown-based scale for the analysis of canopy stress symptoms over the
full spectral range from visible to shortwave infrared. We chose to use a combination of indices rather
than one single index to account for the wide spectral range of stress symptoms and phenological
characteristics of kauri in different growth and stand situations.

With regards to the practical implementation, we pay special attention to the performance of the
recommended multispectral setup for kauri detection in the context of stress detection. And we also
explore index combinations in the VIS to NIR range up to 970 nm (VNIR1), which are easier to realize
on a multispectral sensor. A pixel-based application of the developed crown-based model was also
tested for a more fine-scale prediction of stress responses, especially in larger crowns.

The objectives of this study are to:

(1). Identify the best band and index combinations to detect stress symptoms in kauri crowns for both
the full spectral range (VIS-SWIR) and the VNIR1 spectral range. The selected band-combinations
should not exceed six wavelengths, to be suitable for a multispectral platform.

(2). Test the performance of a pre-defined band combination for stress detection, which was defined
in Meiforth et al. (2019) [11] to locate kauri trees.

(3). Test the performance of the model and indices-selections that was developed on mean crown
values in a pixel-based approach by calculating the model on indices raster.

To support objective 1, we analysed the inner- and intra-crown spectral variability and described
the spectral characteristics of kauri crowns for different crown size classes and stress symptom stages
from non-symptomatic to dead.

This study addresses symptoms of stress in the canopy that can be caused by PA, but they can
also have a range of other causes, such as drought, insect damage or other diseases. Proof of a PA
infection still requires systematic soil sampling and analysis in the laboratory [81].

2. Materials and Methods

2.1. Study Area

The study area is located in the Waitakere Ranges, northwest of central Auckland, close to the
West Coast. The area has a warm-temperate climate that is influenced by the adjacent sea [82], and
rough terrain. The three study sites cover a total area of 1680 ha with 1258 sampled reference crowns
(Figure 3). The sites contain a representative range of kauri stands in all stages of stress, from younger
second-growth forests in the Maungaroa area to the remains of mature kauri stands with associated
tree species in the Cascade area and Kauri Grove Valley (Figure 3).

2.2. Remote Sensing Data and Preparation

Figure 4 provides an overview of the workflow for the data preparation. We used a Crown
Height Model (CHM) generated from LiDAR data to locate and edit the crown polygons for the
reference crowns that were sampled during the fieldwork. Crown based attributes were calculated
as zonal statistics either directly on the hyperspectral image or on (indices) raster that were derived
from the hyperspectral image. The attributes were stratified according to the crown size and forest
stand situation.
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Figure 3. Study sites in the Waitakere Ranges with the reference crowns marked in orange. The labels
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Figure 4. Workflow for the preparation of crown-based attributes that were used in the analysis.

The analysis of kauri stress detection is based on an airborne hyperspectral image flown with an
AISA Fenix hyperspectral sensor by Massey University on 15 March 2017. The original image was
delivered in 24 stripes in radiance values with 448 bands from the visible to SWIR range at 1 m pixel
resolution. The sensor features narrow bandwidths of 3.4 nm, on average, in the VNIR1 and 10 nm
in the NIR2 to SWIR2 part of the spectrum (Table 1). The image processing included a geographic
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correction in Parge [85], a de-striping, an atmospheric correction in ATCOR 4 [86], an orthorectification
with over 2300 ground control points in ERDAS IMAGINE, the removal of noisy bands and the
creation of a seamless mosaic in ArcGIS and ENVI. The processing steps are described in more detail
in Meiforth et al. (2019) [11]. The final mosaic has a selection of 352 bands and covers a total area of 9
km? over the three study sites.

Spike free terrain, surface and crown-height models (DTM, DSM and CHM) [87] were created
according to a method described in Khosravipour et al. 2016 ([87]) with LAStools ([88]). The creation
of height models is based on a set of LiDAR data flown with a RIEGL LMS-Q1560 sensor on 30 January
2016 by AAM NZ Ltd., with 35 returns/m? on average (0.5 ground returns/m?) [87]. The LiDAR point
cloud was delivered with the ground points already classified. For the generation of the height models,
we filtered out the class 7 “noise”, but kept all other points.

Two sets of Red-Green-Blue (RGB) aerial images served as a reference to assess the canopy stress
symptoms in combination with field observations. One RGB image was acquired on 30 January
2016 with a 15 cm pixel size on the same flight as the LiDAR data [89]. It was delivered in two
versions—orthorectified on the DTM and on the DSM. The second set of RGB aerial images with a
higher spatial resolution of 7.5 cm was flown on the 2nd and 3rd of May 2017 [90]. It was delivered
in an orthorectified version on the DTM so that high crowns and crowns on steep slopes were partly
displaced compared to the correct position on the LIDAR CHM.

2.3. Reference Crowns

The locations of the plot areas were pre-selected based on an existing vegetation map [91], aerial
images and a LiDAR CHM to provide representative coverage of terrain and growth conditions, tree
sizes and symptom stages. The recorded numbers and attributes of kauri crowns were evaluated
regularly during the fieldwork to ensure a balanced distribution of growth and symptom classes in the
reference data set.

Two methods for locating reference crowns in the field were used, depending on the stand
situation. In closed dense stands, the crowns were located in circular sampling plots of 20 and 30 m
diameter with distance and bearing to a centre point, which was positioned with a mapping grade
GNSS (Trimble-GeoXH-3.5G, Trimble Geospatial NZ). In combination with the recorded cardinal
crown spread in the field, it was possible to accurately position the resulting crown pattern on the
LiDAR CHM, which served as the main spatial reference. In more open stands, where it was possible
to identify single crowns in aerial images, the crown locations were directly edited in the field as point
locations on a field tablet, so that the crown polygon could be delineated afterwards on the LIDAR
CHM. Some dead trees were directly identified in the aerial images. While all reference crowns with
foliage were identified as kauri, in the category of dead trees, especially in the smaller sizes, it was not
always possible to distinguish the species.

The polygons for each reference crown were edited on the LIDAR CHM. A buffer of 10% of the
crown diameter was removed from the outer edge to avoid edge effects. The core shadow areas were
removed based on a brightness threshold on the average of RGB-NIR bands. To avoid the effects of
mixed pixels with the 1 m pixel size only crowns with a mean diameter larger than 3 m were used
for this analysis. The final reference set includes 1258 crowns with a total sunlit area of 56,629 sqm.
The crowns were sorted into three size classes according to their growth forms and average crown
diameter (Figure 1). Table 2 shows the distribution of crown size classes per symptom class, which
reflects the crown situation in the study areas, with most of the crowns classified as symptom class 2
and more medium crown sizes (549) than smaller (378) and larger crown sizes (331).
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Table 2. Overview of stress symptom classes in the reference crowns per size class according to the
mean diameter.

Stress Symptom Class 3 Total
1 2 3 4 5
c . large 342 249 17 19 12 331
rg"“ 7€ medium 232 374 44 42 66 549
ass small 61 176 35 48 58 378
total 84 833 96 109 136 1258

! Crown size classes according to mean crown diameter: (small = 3 to < 4.8 m, medium= 4.8 to < 12.2 m and large
> 12.2 m diameter), 2 Large and medium crowns that were non-symptomatic with a dense foliage, but a more open
canopy than smaller crowns, were noted with the value 1.5 in the analysis. 3 Stress symptom classes were defined
from 1 = non-symptomatic to 5 = dead (see assessment scheme in Appendix B).

2.4. Field Attributes and Stress Assessment

The recorded attributes in the field included the stem position, the cardinal crown spread, the
stem diameter at breast height [92], the canopy base height, an estimated crown density and a foliage
coverage according to the “Foliage Cover Scale” in DOC 2014 [93]. Optical characteristics like the
yellowing of leaves and anomalies like epiphytes or double stems were noted, and each recorded kauri
was documented with a canopy photo. Dead branches were documented in six percentage classes
according to an index developed by the Department of Conversion [93]. The field staff assessed an
overall classification of stress symptoms in the canopy from 1 = “non-symptomatic” to 5 = “dead”,
corresponding to the classification scheme of Auckland Council (Figure A1 in Appendix A). Experienced
staff ensured that the field reference data were comparable to the surveys of the previous years.

The final assessment of stress symptoms was based on an evaluation of visible stress symptoms
on RGB aerial images from 2016 and 2017. Deviations from the overall field score were reviewed in
more detail by assessing the particular field attributes and canopy photos. To secure an objective
and coherent assessment, we developed an assessment scheme for the interpretation of visible stress
symptoms on RGB aerial images (Table Al in Appendix B). It takes into account the leaf colour from
green, through yellowing, to browning, visible foliage gaps and bare branches. Class 1 describes closed
green foliage without visible gaps or branch material and only applies to smaller and some medium
kauri sizes. For large and medium kauri crowns that do not show any signs of stress, but still feature a
higher number of gaps and visible branch material, we applied the value 1.5.

2.5. Calculation and Selection of Crown Based Attributes

The mean spectra of kauri crowns in different size and symptom classes, and their standard
deviations, were calculated in ENVI from the selected sunlit parts of the crowns.

A height threshold of 21 m was defined to distinguish “high” and “low” forest stands, which were
automatically segmented on the LIDAR CHM in eCognition (scale 15 m, shape 0.3 and compactness
0.9 [94]). Figure 5 illustrates that high forest stands contain a greater number of large (52%) and
medium (37%) kauri crown sizes, while low forest stands feature mainly medium-(50%) and small
(48%)-sized kauri crowns, with the occasional single large crown (3%).

The aim of the attribute selection was to identify a set of wavelengths and derived indices with a
high correlation to the stress symptom classes. The indices should be based on no more than six bands
in total and be efficient in bandwidths of at least 10 nm, to match the requirements for multispectral
airborne acquisitions.
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Figure 5. (a) Crown size classes of the reference crowns (total 1258), used in the analysis per low and
high forest stand situation. The crown size classes correspond to the classes used in Table 2. (b) Low
and high forest stands were distinguished with an average height of 21 m on pre-segmented stand
polygons based on a LIDAR CHM ([89]).

The initial selection of 95 indices for the whole spectral range was based on the selection of indices
for forest health evaluation in ENVI [95] and the EnMAP toolbox [96] and supplemented with indices
from the literature review on VIs summarised previously. The indices were calculated as raster images
on the 352 selected hyperspectral bands that were resampled to 10 nm bandwidths with the “Spectral
resampling tool” in ENVI. In noisy areas of the spectrum, the three neighbouring bands were averaged.
The wavelengths of some indices were slightly modified to reduce the number of required bands for
the final index selection. These indices are marked with a prefix “m” in Table A2 in Appendix C.

All the resulting index rasters were normalised from 0 to 1 with a linear transformation. The
mean index values of the sunlit crown parts were calculated with a zonal statistic tool in QGIS. The
analysis was performed on the aggregated mean crown values, to match the crown-based reference
data. Highly correlated indices were removed by keeping indices with fewer bands. A first subset was
defined by combining the results of a wrapper-, a classifier- and a correlation-based feature subset
selection in WEKA [97]. The further selection process was based on a take-one-out method with a
Random Forest regression in 10-fold cross-validation under consideration of the best correlation and
attribute importance for a maximum of six bands. The selection process was repeated with indices
only in the visible to NIR1 spectral range (437 to 970 nm) and for individual crown size classes.

2.6. Selection and Parameterisation of the Algorithms

Following other studies on tree health assessment [28,98], we applied a regression approach to
analyse the continuous stress symptom responses in kauri crowns. The predicted range of values
from a regression analysis is better suited to match the gradually declining symptoms in the forest
crowns than nominal categories. There is a lot more information in the spectral indices than a 5-step
reference scheme can capture and the regression approach enables to better utilize this information.
The continuous range of output values in a regression helps to improve the distinction of first stages of
decline, which are of special interest for the management and to account for the spectral differences in
the different growth stages.

We compared the performance of six regression models in WEKA (Random Forest, Reduced-Error
Pruning Tree, Random Tree, Decision Stump, k Nearest Neighbour and Elastic Net) in a 3-fold random
split of all reference crowns in 1000 repetitions, by calculating the correlation coefficient with standard
deviations. The Random Forest (RF) regression performed best.

The RF algorithm creates a large number of decision trees from bootstrap samples and predicts the
mean value of the individual trees [99]. RF models are robust against outliers in training data, can handle
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awide variety in the reference data and produce high correlations between the predicting variables [100].
They do not have requirements for the data distribution and do not tend to overfit [101,102]. We
parameterised the model to a depth of 8 and set the number of iterations to 300 according to the learning
curve for an out-of-bag accuracy. However, the resulting algorithm was still rather complicated—a
maximum tree depth of 8 resulted in a regression tree with 199 nodes.

For an easier application, we also calculated a linear regression (LR) and M5P regression in WEKA.
While the RF model requires a file to be transferred to other datasets, the resulting models of the M5P
and LR can be plotted as an equation, which can be directly applied to new data. The LR is a simple
parametric statistical model that is fast to train. The WEKA implementation estimates coefficients for
a line or hyperplane to fit the training data by reducing the complexity of the learned model with a
ridge regularisation technique [103]. However, the LR works best with a linear relationship between
the criterion and predictor variable. The M5P regression in WEKA combines several linear regression
models in a tree-based structure, a method that is better adapted to non-linear relationships and can
handle tasks with a high dimensionality [104]. Based on a systematic test, we pruned the M5P decision
tree to a minimum number of 50 instances allowed at each node.

To account for the different assumptions of the RF, M5P and LR models and deviations in the
reference scheme from an ideal linear relationship with equal variances, we only used the correlation
value to train and compare the models. The mean absolute error (MAE) and the root-mean-square error
(RMSE) were used to compare different test setups within one model, not between the different models.
We also tested a rescaling of the reference values, to establish a more linear relationship between the
results and reference values for an easier interpretation of the predictions.

2.7. Test of Pixel-Based Application

According to the scale of the crown reference data, the development of the model to predict canopy
stress symptoms was based on mean crown values. However, a crown segmentation is elaborate
and introduces additional mistakes [105-107]. An area-based method would be easier to apply and
enable the use of predefined kauri locations from Meiforth et al. (2019) [11] as a mask for further stress
analysis. Moreover, the resulting pixel-based map gives a more representative description of partly
declining crowns. The results can still be aggregated in a crown- or stand-based manner afterwards if
needed. To test the pixel-based application, we applied an RF regression on the raster images of the
chosen index combination for the full spectral range and compared the resulting stress index values
visually with the values of the reference crowns and the RGB aerial images.

3. Results

3.1. Inter- Versus within Crown-Variability

The spectra of non-symptomatic kauri crowns are described in detail in Meiforth et al 2019 [11].
Figure 6 shows that the variability of the reflectance values between different kauri crowns (a, b)
exceeds the maximum variability of reflectance within single kauri crowns (c, d). expressed by the
standard deviation per crown. The unit less reflectance values were multiplied by 10000. Large and
small crowns show overall the same reflectance patterns, with low separabilities in all spectral regions
(Table A3 in Appendix D). Large crowns show a higher within-crown variability, while the inter-crown
variability is higher in small crowns. The spectral regions with the highest variability are the NIR1 and
NIR2 range from 750 to 1400 nm both between and within kauri crowns. The difference in reflectance
values between crowns at the NIR plateau 870 nm reaches 3230 in small crowns and 2770 in large
crowns, while the standard deviation of the reflectance at 870 nm of small crowns comes up to 1250 in
small crowns and 1500 in large crowns. This is also confirmed by the higher separability values and
the higher differences in the shape values in the NIR1 and NIR?2 spectral ranges, while the differences
in the amplitude of the mean crown spectra are most distinct in the visible and SWIR spectral ranges
(Table A3 in Appendix D).



Remote Sens. 2020, 12, 926 11 of 33

4000 y 4000 |

3000 3000 |

2000 2000 |-

reflectance (*10,000)
reflectance (*10,000)

1000 1000

500 1000 1500 2000 500 1500 2000

1000
wavelength in nm wavelength in nm
(a) small crowns, (b) medium-to-large crowns,
mean spectra for each crown. mean spectra for each crown.

1000
800[

600

reflectance (*10,000)
reflectance (*10,000)

1500 2000 500 1000 1500 2000

wavelength in nm wavelength in nm
(c) small crowns, (d) medium-to-large crowns,
standard deviations for each crown. standard deviations for each crown.

Figure 6. Inter-crown (a,b) and within-crown (c,d) spectral variability for the sunlit part of 189
non-symptomatic small kauri crowns (crown diameter > 3—4.8 m) (a,c) and 337 large kauri crowns with
no visible stress symptoms (crown diameter >12.8 m) (b,d). The mean spectra are marked in colour.

3.2. Spectral Characteristics of Kauri for Different Stress Symptom and Size Classes

The mean spectra and standard deviations of all reference crowns for three stress levels are
illustrated in Figure 7. The spectra of non-symptomatic crowns show the characteristic spectral
features for kauri with two even peaks in the NIR2, a steep ascent to the 1074 nm peak and a long
steep descent to the pronounced absorption feature at 1215 nm [11]. With increasing stress levels, the
chlorophyll absorption in the visible spectral range decreases, especially in the blue and red regions,
which leads to a decline in the “green peak” from 409 to 360 reflectance between the non-symptomatic
and medium-stress stages. Lower overall reflectance in the NIR1 and a reduced absorption in the red
lead to a blue shift in the red-edge spectral region at around 750 nm. The NIR plateau at 880 nm, the
reflectance “peak” at 1070 nm and the following water absorption feature decline significantly, which
leads to a flattening of the adjacent slopes, so that the spectra lose their characteristic “kauri signature”.
The mean reflectance at the NIR1 plateau around 880 nm drops between the non-symptomatic and
medium stress levels from 3470 to 2695. However, the decline in the reflectance feature at 1280 nm is
less distinct with a drop of reflectance values from 2323 to 2067. Also noticeable is a blue shift in the
water vapour valley at 1150 to 1190 nm. Stress responses in the SWIR region include a rise in overall
reflectance values, a steeper slope in the SWIRI1 region and more distinct absorption features. The
difference in SWIR1 values is most distinct between the mean spectra from medium stress levels and
dead crowns with a raise at 1650 nm from 760 to 1360 reflectance. In addition, the standard deviation
increases with increasing stress levels and is particularly high for the mean spectra of dead trees in the
SWIR region.

While the overall spectral patterns of the different crown sizes (Figure 8) are similar to the
mean spectra of all size classes combined (Figure 7), there are some distinct differences between
the size classes. In the non-symptomatic condition, the smaller crown sizes show higher reflectance
values, with more pronounced reflectance “peaks”, especially in the green and SWIR1 spectral region,
than the medium and large crown sizes. With increasing stress symptoms, the reflectance values of
smaller crowns decline at a higher rate than the reflectance values of larger crowns. The spectra of
non-symptomatic large crowns show a slightly lower absorption in the blue and red bands and overall
lower reflectance in the green and NIR spectral range.
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Figure 7. Mean spectra (bold signatures) and standard deviation (stdev, thin signatures) of kauri in
three symptom classes: Non-symptomatic (class 1, green), medium symptoms (class 3, orange) and
dead trees (class 5, red). The number of pixels (pix) for the different classes is given in parentheses.
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Figure 8. Spectra of kauri in three different size classes according to their mean crown diameter (cdm)
(S = small 3-4.8 m cdm, M = medium >4.8-12.2 m cdm, L = large >12.2 m cdm) sorted according to
three symptom levels: “Non-symptomatic” (green), “medium stress symptoms” (orange) and “dead
crowns” (red), which include visible undergrowth and epiphytes. For better readability, the spectra of
crowns with medium symptoms and dead trees were offset by 3000 and 6000 units, respectively.
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3.3. Objective 1: Best Correlating Band and Index Combinations with Canopy Stress Symptoms

Tables 3 and 4 give an overview of the regression results for the selected index combinations
in the full spectral range and the VNIR1 spectral range. A detailed description of the indices with
their attribute importance is provided in Table A4 in Appendix E. Overall, the Random Forest (RF)
regression performed best, while the results of the M5P regression were usually better than the linear
regression (LR) and equal or slightly lower than the RF regression (Table 3, Figure 9, Tables S1 and S2 in
the supplementary material). In the following sections, we use the correlations to the stress symptom
classes of the RF regression to compare the results.

5 ‘ 8 |
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Figure 9. Combined box- and jitter-plot diagrams of the predicted values versus the actual reference

=)
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>
\
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w

crown values for crowns in all sizes classes. Figure (a) shows the results of the original scale from
1 = “non-symptomatic” to 5 = “dead”. Figure (b) shows the results for a rescaled range, with the former
value 5 for dead trees changed to value 8. The analysis is based on a RF regression with 1000 iterations
in a 10-fold cross-validation on the baseline 6-band index combination for the full spectral range.

3.3.1. Indices for Stress Detection in the Full Spectral Range (VIS-SWIR2)

The best band combination (“baseline combination”) for a six-band sensor on the full spectral
range achieved a correlation of 0.932 in a RF regression (Table 3). It includes four indices with a
Normalized Vegetation Index from Haboudane (NDVI-H) on NIR1/red bands as the most important
index, followed by a simple ratio (SR670, 800) on the same bands, a Leaf Water Vegetation Index 2
(LWVI2) in the NIR2 range and a Blue-Green Pigment Index (BGI). A four-band combination without
the blue and green bands was slightly less accurate, with a correlation of 0.926. Additional two indices
on four bands in the SWIR1 and SWIR2 regions allow adding the Normalized Difference Nitrogen
Index (NDNI) and a modified Shortwave Infrared Green Vegetation Index (mSWIRVI), which enhanced
the correlation to 0.94.

An individual RF regression of the six-band combination for the different crown sizes resulted
in a lower performance of only the small (0.92) and large (0.89) crowns than the results for all crown
sizes (0.93), while the results for the medium crowns were unchanged, with 0.93 (Table 3). The same
correlations were achieved by directly applying the baseline model that was developed on all crown
sizes for the individual size classes. A similar test with the four-band combination without the blue
and green bands performed slightly worse than the “baseline” six-band combination. An application
of the baseline combination for crowns in different forest stands reached a correlation of 0.94 in low
stands and 0.90 for high stands.

With individually selected six-band index combinations for each crown size class, the overall
performance could only be slightly enhanced (about 0.01 correlation). The best performing indices
for the small crown sizes include the LWVI2 and a modified Red-Green pigment index (mRGI) in
combination with an NDNI. The NDVI and mSWIRVI indices were most important for the medium
crown sizes, followed by the NDNI. The index combination for large crowns contains the Moisture
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Stress Index (MSI) with bands in the NIR1 and SWIRI, followed by a simple ratio on red and early
red-edge (mSRa) bands and the mSWIRVI with bands in the SWIR2 region.

The median values in Figure 9a illustrate a reasonable fit of the baseline model for stress symptoms
in all crown sizes. However, the diagram reveals a higher overlap in the first stress categories (1 and
2) as well as the later stages (3 and 4). The later stages of stress and the dead crowns also show a
higher range of outliers. A rescaling of the reference values for dead crowns from 5 to 8 (Figure 9b)
establishes a more linear relationship between the predicted and actual values. A test of the correlation
coefficients after the rescaling revealed that they were mainly unchanged or even partly improved
compared to the results of the original scale from 1 to 5 in Table 3.

3.3.2. Indices for Stress Detection in the VIS-NIR1 Spectral Range

Table 4 gives an overview of the performance of selected index combinations in the visible to NIR1
spectral range. A combination of three indices on five wavelengths in the VNIR1 range (437-970 nm)
achieved a correlation of 0.92 to the numeric stress symptom classes on all crown sizes. An NDVI
on a NIR1 and red band (mNDVI-A 900 and 685 nm) had the highest attribute importance in this
combination. Other selected indices include the mRGI, the Gitelson and Merzlyak index-2 (GM2 750
and 700 nm) and a modified Ratio Vegetation Index (mRVI 750 and 685 nm) [108]. The correlation
could be increased to 0.93 with an additional band at 970 nm and the Water Band Index (WBI), a ratio
on the 900 and 970 nm bands. This index combination is further referred to as the “VNIR1-baseline”
index combination. The application of the six-band VNIR1-baseline index combination for crowns in
different forest stands results in a correlation of 0.93 for low stands and 0.90 for high stands.

With individual RF models developed for each of the three crown sizes on the VNIR1 baseline
combination, the model for medium crown sizes achieved the highest correlation of 0.94, followed by
small crowns with 0.90 and large crowns with 0.88 correlation.

Individual attribute selection for the three crown sizes slightly enhances the accuracies. The
small crowns achieve a correlation of 0.92 with three indices on bands in the visible (Photochemical
Reflectance Index, PRI), red and NIR spectral range (nNDVI-A, WBI). For the medium crowns, three
indices with bands in the blue, red and NIR region resulted in a correlation of 0.95. The selection
includes the Lichtenthaler Index (LIC2, [109]), which was developed on narrow bands to document
a functional decline in chlorophyll fluorescence. Although the 10 nm bandwidths in this setup are
probably too coarse for this purpose, the LIC2 band combination performed better than a modified
Blue-Red Pigment Index (BRI) [110] on the 450 to 685 nm bands.

The index selection for the large crown sizes has the lowest correlation, with 0.89, and includes an
NDVI on a red and NIR1 band, the WBI on the 900 and 970 nm bands and a blue-red ratio (M. Locherer
Chlorophyll Index (MLO 531/645) [111]).

3.4. Objective 2: Test Performance of Pre-Selected Index Combinations

The selected band combination for the identification of kauri includes five indices on three
wavelengths in the red to NIR1 region (670, 700 and 800 nm) and two wavelengths in the NIR2 region
(1074 and 1209 nm) [11] (Table 5). With an overall correlation of 0.93 in an RF regression for all crown
sizes, this index combination performed well in the canopy stress analysis (Table 6), with a correlation
of 0.93. Further bands in the SWIR that were selected for kauri identification did not improve the
accuracy. A test of the five indices for the different crown sizes resulted in the lowest correlation for
high crowns (0.89), followed by 0.92 for small crowns and the highest correlation for medium crowns
(0.94). The performance for crowns in low stands, with a 0.93 correlation, is higher than for crowns in
high forest stands, with 0.90.
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Table 3. Indices and regression results for the full spectral range (VIS to SWIR2). Resulting correlations (corr), mean absolute errors (MAE) and root mean squared
errors (RMSE) are given for a Random Forest (RF), M5P and Linear Regression (LR) on selected index combinations in the VIS-SWIR2 spectral range. The analysis was
carried out in WEKA on 1258 reference crowns on symptom classes in the range from 1 to 5 with a random 3-fold split in 1000 repetitions. Bold text marks the four

most important wavelengths in the respective index combination.

Crown / #of Centre Wavelengths of Selected Bands in nm 2 Indices RF M5P LR
4 4 4
Stand Sizes ~ Bands VIS ~ NIR1 NIR2 SWIR1 SWIR2 € MAE® RMSE %7 MAE® RMSE O = MAE® RMSE
(stdev) (stdev) (stdev)
Best Index Combinations for All Crown Sizes
450, NDVI-H, LWVI2,
10 550, 800 1(2)(9)? iz;g’ ig?% mSWIRVI, NDNI, ((:)90318) 0.25 0.4 (g'zi’) 0.28 0.43 (g'gi) 0.36 0.49
670 BGI, SR(670,800) ’ ’ !
All Crown 450
Sizes ) g 1094, NDVI-H, LWVI2,  0.932 0.93 0.90
6 iig 800 1505 BGL SR(670,800) (001 0% 942 o 02 08 g4y 0 05
1094, NDVIHa, LWVI2, 0.926 0.93 0.90
4 670 800 1505 SR(70800) o1 0% 0 qoy 028 04 g4 038 03
Baseline Index Combination (6 Bands, 4 Indices) Applied to Different Crown Sizes in Individual Models
450
’ 1094, NDVI-H, LWVI2, 0.919 0.91 0.90
Small 6 oy 80 s BGLSR(E70,800) 002 07 0% oy OB 08 gy 047 06
450, 1094, NDVI-H, LWVI2 0.945 0.93 0.91
Medium 6 F;E;g 800 1205 BGI, SR(670,800) ©.01) 0.25 0.38 ©.01) 0.3 0.42 ©.01) 0.36 0.48
450, 1094, NDVI-H, LWVI2, 0.887 0.86 0.86
Large 6 23(()], 800 1205 BGI, SR(670,800) (0.05) 0.18 0.34 (0.05) 0.26 0.39 (0.05) 0.26 0.39
4-Band Index Combination Applied to Different Crown Sizes in Individual Models
1094, NDVI-H, LWVI2, 0.915 0.91 0.90
Small 6 670 800 1205 SR(670,800) 0.02) 0.39 0.56 0.02) 0.43 0.58 ©.01) 0.47 0.6
. 1094, NDVI-H, LWVI2, 0.936 0.93 0.91
Medium 6 670 800 1205 SR(670,800) ©.01) 0.26 0.41 ©.01) 0.3 0.43 ©.01) 0.36 0.49
1094, NDVI-H, LWVI2, 0.878 0.86 0.86
Large 6 670 800 1205 SR(670,800) (0.05) 0.18 0.35 (0.05) 0.26 0.39 (0.05) 0.26 0.39
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Table 3. Cont.

Crown / #of Centre Wavelengths of Selected Bands in nm Indices RF M5P LR
4
Stand Sizes ~ Bands VIS ~ NIR1 NIR2 SWIRl SWIR2 €T MAE® RMSE %' MAE3® RMSE O MAE3 RMSE
(stdev) (stdev) (stdev)
Baseline Index Combination (6 Bands, 4 Indices) Applied for Crowns in Low and High Forest Stands with Individual Models
450
g 1094, NDVI-H, LWVI2, 0.933 0.93 0.90
Low 6 Z?g' 800 1205 BGI, SR(670,800) (0.01) 0.32 049 (0.01) 0-36 0-51 (0.01) 045 0-58
450, 1094, NDVI-H, LWVI2 0.905 0.91 0.88
High 6 i“;g’ 800 1205 BGI, SR(670,800)  (0.03) 02 036 (o3 0% 036 (o3 0¥ 04
Best Index Combinations for Individual Crown Sizes
550, 1094, 1510, LWVI2, mRGI, 0.930 0.92 0.90
Small 6 685 1205 1680 NDNI oonp 0% 05 gy 04 055 op 046 06
. 1510, 2090, NDVI-H, 0.947 0.93 0.90
Medium 6 670 800 1680 2210 MSWIRVI, NDNI 0.01) 0.24 0.37 0.01) 0.29 0.42 ©0.01) 0.35 0.5
675, 2090, MSI, mSRa, 0.897 0.87 0.87
Large 6 700 819 1600 2210 MSWIRVI (0.05) 0.17 0.32 0.04) 0.24 0.37 0.04) 0.24 0.37

16 of 33

! baseline model with four indices on six wavelengths developed on the mean crown spectra for all crown size classes. 2 the bands were resampled to 10 nm bandwidths before calculating
the indices. 3 Mean absolute error.  For a comparison of the performances between the regression models, only the correlation values (corr) should be used, while the MAE and RMSE
should only be used to compare the performance of one model for different datasets.
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Table 4. Indices and regression results for the VIS-NIR1 spectral range. Resulting correlations, mean errors and root mean squared errors (RMSE) are given for a
Random Forest (RF), M5P and Linear Regression (LR) on selected index combinations in the VIS-NIR1 spectral range. The analysis was carried out in WEKA on 1258
reference crowns on symptom classes in the range from 1 to 5 with a random 3-fold split in 1000 repetitions. Bold text marks the four most important wavelengths
according to the attribute importance for the index selection.

Centre Wavelengths in

Crown # of am (10 nm bandwidths) Indices ! RF MS5P LR
Size Bands VIS NIR1 C°fgetg":i‘;“ ' MAE*  RMSE C°fgetg"eti‘;“ ' MAE* RMSE C°fgetg"eti‘;“ ' MAE*  RMSE
VNIR Index Combinations on All Crown Sizes
All 62 550, 6;:03' 700, 900, 970 I;EGDI\,/IC;?/[IZI,YLV%\]QII, 0.93 (0.01) 0.28 043 0.925 (0.01) 0.29 0.44 0.89 (0.01) 0.4 0.53
5 550, 6;’5503' 700, 999 mNn?IX}i%;“/SGL 0.92 (0.01) 0.29 0.46 0.92 (0.01) 031 045 0.88 (0.01) 0.4 0.56

VNIR Baseline Index Combination Applied on Individual Crown Sizes with Individual Models
550, 685 3, 700, mNDVI-A, mRVI,

2
Small 6 750 900, 970 MRGIL, GM2, WBI 0.90 (0.02) 0.42 0.58 0.90 (0.02) 0.44 0.6 0.89 (0.02) 0.47 0.62
550, 685 3, 700 mNDVI-A, mRVI
. 2 ), , ) ’ 7
Medium 6 750 900, 970 MRGIL, GM2, WBI 0.94 (0.01) 0.27 0.38 0.94 (0.01) 0.29 0.4 0.92 (0.01) 0.35 0.45
550, 685 3, 700 mNDVI-A, mRVI
2 , ’ , " ,
Large 6 750 900, 970 mMRGI, GM2, WBI 0.88 (0.04) 0.24 0.34 0.86 (0.04) 0.27 0.38 0.87 (0.04) 0.27 0.37
VNIR Index Combinations in a RF Regression Selected for Different Crown Sizes Separately
Small 5 531, 570, 685 900,970 mNDVI-A, PRI, WBI 0.90(0.02) 0.43 0.61 0.89(0.02) 0.45 0.63 0.84(0.02) 0.59 0.77
Medium 6 440, 670, 690 80(9)’7300’ NDVI-H, WBI, LIC2 0.94(0.01) 0.26 0.39 0.93(0.01) 0.43 0.45 0.89(0.01) 0.38 0.54
Large 5 531, 645 86(9)’7300’ mNDI\\//III:g WBL, 0.89(0.05) 0.18 0.34 0.86(0.05) 0.39 0.39 0.85(0.05) 0.26 0.39

VNIR Baseline Index Combination Applied in Individual Models for Different Stand Situations

550, 685 3, 700, mNDVI-A, mRVI

2 'y ’ 7 ’ ,
Low 6 750 900, 970 mMRGL GM?2, WBI 0.93 (0.01) 0.34 0.51 0.92 (0.01) 0.37 0.53 0.89 (0.01) 0.47 0.61

550, 685 3, 700, mNDVI-A, mRV]

. 2 '’ ’ g % ’
High 6 750 900, 970 mRGL GM2, WBI 0.90 (0.03) 0.21 0.37 0.89 (0.03) 0.24 0.38 0.87 (0.02) 0.29 0.42

! the order of the indices indicates their importance in the RF regression. 2 baseline model for the VNIR1 spectral range with 5 bands on 6 indices. 3 the original wavelengths values for
bands on 680 and 690 nm, were replaced with 685 nm, to reduce the number of required bands. * mean absolute error. * For a comparison of the performances between the regression
models, only the correlation values should be used, while the MAE and RMSE should only be used to compare the performance of one model for different datasets.
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Table 5. Index selection for the identification of kauri defined by Meiforth et al. (2019) [11].

18 of 33

Name Equation Name, Description Literature
Simple Ratio 800/670 chlorophyll
— R800 p phy
SR800 T Re70 concentration and LAI [108]
Simple Ratio 670/708 chlorophyll
— R670 P phy
SR708 ~ R708 concentration and LAI [112]
RDVI _ _R800-R670_ Renormalized Difference VI [113]
VR800+R670 chlorophyll concentration and LAI )
_ R800—R670 Normalized Difference VI
NDVI ~ R800+Re70 chlorophyll concentration and LAI [114]
Modified Normalized Difference
4 4 N . :
mNDWI-Hyp _ log(R1074)" ~log(R1209) Water Index-Hyperion vegetation [115]

log(R1074) " +log(R1209) ™"

structure

canopy water content and canopy

Table 6. Resulting correlations, mean absolute errors (MAE) and root mean squared errors (RMSE) for
a Random Forest (RF), M5P and Linear Regression (LR) on a 5-band index combination in the VIS-NIR2
range, that was selected for the identification of kauri in Meiforth et al. (2019) [12] (Table 5). The
analysis was carried out in WEKA on the mean indices values of 1258 reference crowns with reference

symptom classes in the range from 1 to 5 and a random 3-fold split in 1000 repetitions.

Random Forest Regression M5P Regression Linear Regression
Crown/ Stand
Situation Corre-Lation ! MAE RMSE Corre-Lation ! MAE RMSE Corre-Lation ! MAE RMSE
All Crowns 0.93 (0.01) 0.27 0.43 0.93 (0.01) 0.29 0.44 0.91 (0.01) 0.36 0.49
Small Crowns 0.92 (0.02) 0.39 0.56 0.91 (0.02) 0.42 0.58 0.91 (0.02) 0.46 0.59
Medium 0.94 (0.01) 025 039 0.94 (0.01) 029 0.42 0.92 (0.01) 035 0.46
Crowns
Large Crowns 0.89 (0.05) 0.19 0.34 0.84 (0.05) 0.27 0.41 0.87 (0.05) 0.25 0.37
Low Stands 0.93 (0.01) 0.33 0.49 0.93 (0.01) 0.35 0.5 0.91 (0.01) 0.43 0.57
High Stands 0.90 (0.03) 0.21 0.36 0.92 (0.01) 0.23 0.36 0.89 (0.01) 0.28 0.38

3.5. Objective 3: lest Pixel-Based Application

1 standard deviations in parentheses.

A visual comparison of the pixel-based values in the resulting RF regression map with the
crown-based reference values and the aerial images from 2016 and 2017 over the whole area showed
an overall good match. Figure 10 shows the resulting map and the aerial image from 2016 three scenes
which cover both open and closed stands with larger and smaller tree sizes in all symptom stages. The
manual comparison showed that dead and dying trees are classified well, and the heterogeneous stress

patterns in larger and partly dying crowns were also described correctly.
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Figure 10. Resulting maps (a,c,e) and corresponding RGB aerial images (b,d,f) (2016) [89] of a

pixel-based application of the baseline index combination for two forest stands with marked reference
crowns and their reference symptom class values. The analysis was carried out as a Random Forest
regression in the EnMAP toolbox [96] on selected indices rasters from the crown based model.
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4. Discussion

4.1. Discussion: Crown Variability and Crown Spectra in Different Stress Levels

The higher variability of reflectance values between different kauri crowns compared to the
within-crown variability (Figure 6) indicates that sites effects or other environmental factors account
for the spectra response of the trees at the crown level. The higher spectral variability between the
different crowns in the small size group is most likely caused by mixed pixels with neighbouring
areas. In a non-symptomatic stage, the overall high spectral variability in the NIR region reflects
the importance and range of structural characteristics for the spectra of kauri crowns like the crown
architecture, canopy thickness, leaf area and leaf angle. The variability in the visible and shortwave
infrared bands, in contrast, is comparatively low, which indicates a high absorption by leaf pigments
and canopy water (Figures 6 and 7).

In declining kauri canopies, the loss of photosynthetic foliage causes reduced chlorophyll and
water absorption, which leads to a characteristic increase in reflectance values in the VIS and SWIR
spectral regions (Figure 7). The overall lower reflectance and less pronounced water absorption features
in the NIR range in declining crowns can be explained by reduced scattering processes and water
concentration due to foliage loss. Strong water absorption features from green leaf material dominate
the spectral response in the SWIR region at high LAI [69], the loss of leaf material and canopy water
and a relative increase in woody stem material and litter allows the spectral absorption features of
cellulose and lignin in the SWIR regions to emerge at around 1754, 2100 and 2262 nm [116,117]. The
slightly steeper slope in the SWIR1 region from 1500 to 1680 nm in declining trees indicates a decrease
in chlorophyll-bound nitrogen with a distinct absorption around 1510 nm [69]. The higher percentage
of stem material in declining canopies contributes to a higher reflectance in the red spectral region, a
decreased magnitude of the NIR plateau, an increase in SWIR reflectance and an equalization of the
local maxima in the NIR and SWIR regions [118].

The increasing spectral variability with rising stress levels, especially in dead crowns, can be
explained by the spectral influence of understorey vegetation, ground material and a variable number
of epiphytes, climbers and dry litter in the crowns. The remaining vegetation and water absorption
features in the mean spectra of dead crowns are caused by photosynthetic active sub-canopy vegetation
and epiphytes. These effects correspond to the observations of Baret et al. (1995) [119] and Asner
(2008) [118] that the crown reflectance is mainly influenced by the gap fraction when the vegetation
cover is less than 70%-80%.

The phenological differences between the dense homogenous foliage in smaller kauri compared
to the open, heterogeneous crown structure of large kauri is also reflected in their spectral response.
Already in the non-symptomatic stage, large kauri crowns show a higher within-crown spectral
variability, which is caused by the stronger influence of internal shadows, woody material and
understory reflectance in the open dome shape crown structure. The higher reflectance of small
non-symptomatic kauri crowns compared to larger crown sizes corresponds to the findings of
Rautiainen (2018) [70]. She observed a higher reflectance for an immature Norway spruce stand
compared to a mature stand at all spatial scales, which she attributed to different leaf biochemical
properties, denser foliage and a higher tree density in smaller stands, with less shadowing between the
crowns. With increasing stress levels, the NIR reflectance values of the smaller crown sizes decline
disproportionately faster than the NIR response of larger crown sizes (Figure 8). This effect can be
explained by the stronger influence of photosynthetic active green undergrowth and epiphytes in the
more open larger crown sizes.

4.2. Discussion Objective 1: Index Combinations for Stress Detection

A description of the observed spectral responses in kauri crowns in different stress and growth
stages requires the combination of indices in different spectral ranges. With overall high correlations of
0.93 in a RF regression for five canopy stress symptom classes, the six-band baseline combinations in



Remote Sens. 2020, 12, 926 21 of 33

both the full spectral range and the VNIR1 range (Table 4) are well suited to describe stress symptoms
in kauri canopies of all sizes. The continuous output range of the chosen regression approach allows a
detailed assessment of the severity of stress symptoms, especially in the early symptom stages. The
most important VIs for stress detection for all crown and stand situations are NDVIs and simple
ratios with bands in the NIR1 and red spectrum, which describe the efficiency drop of photosynthetic
absorption in the red band and the decrease of reflectance in the NIR1 region. The 900 nm NIR band of
the mNDVI-A [120] that was selected in the VNIR1 range is also sensitive to the amount of dry matter,
which might compensate for the missing SWIR bands in the VNIR1 selection. In the more advanced
stages, the loss of foliage and branch material causes structural changes and a further loss of canopy
water, which are captured in the selected Leaf Water Vegetation Index (LWVI), with bands in the NIR2
spectral region (1094, 1205 nm) [121] and the WBI and MSI for the VNIR1 spectral range.

To account for the spectral properties in different size classes, we tested two stratified approaches:
A distinction between small, medium and large crown sizes according to their mean diameter and
separation of crowns in low and high forest stands. In small kauri crowns sizes with denser foliage,
indices in the visible spectrum like the mRGI, BGI2 [110,122] and PRI were selected. These are
more sensitive to pigment changes, and they perform better than NIR1/red band combinations in
dense foliage with high LAI and high concentrations of chlorophyll when NIR1/red indices easily
saturate [122]. Furthermore, the NDNI (1510 and 1680 nm) that was selected for small crown sizes
in the full spectral range is sensitive to changes in foliar nitrogen content [69,123]. The mRGlI is also
included in the VNIR1 baseline combination together with the GM2 index that captures a blue shift of
the red edge region [124]. For the more open medium and large crown sizes, the selected mSWIRVI
with bands in the SWIR2 region (2090 and 2210 nm) on the full spectral range is sensitive to the
influence of dry matter with cellulose reflectance [117,125].

While these individual band and index selections for different crown sizes showed the highest
performances for both the full spectral range and the VNIR range, individual models for the different
crown sizes on the same 6-band baseline combination performed nearly as well. The slightly lower
correlations on the baseline combination for large crowns (0.89 and 0.88) compared to medium (0.94
and 0.94) and small crowns sizes (0.92 and 0.90) can most likely be explained by the higher spectral
variability in the larger crowns already in the non-symptomatic stages. Moreover, some large crowns
show heterogeneous stress patterns with different symptom stages in different parts of the crown.
Medium crown sizes are less influenced by mixed pixels than small crowns and more homogenous than
larger crowns. Moreover, the larger number of medium crowns in the reference crown set, according
to the crown size distribution in the study areas, might contribute to the better fit of the model for
medium crown sizes.

Compared to the application of the baseline indices to small and large crowns, the correlations
of different RF models for crowns in low and high forest stands on the same index combination are
slightly higher, with 0.94 (VNIR1: 0.93) for low stands and 0.90 (VNIR1 0.90) for high forest stands.
These higher accuracies can presumably be attributed to the influence of the easier to describe medium
crown sizes in both stand situations (Figure 5).

4.3. Discussion Objective 2: Performance of Band Selection for Kauri Detection

The five-band index combination that was selected to identify kauri trees in Meiforth et al.
(2019) [12] with bands in the red, red-edge, NIR1 and NIR2, is similar to the baseline combination for
stress detection on the full spectral range. It showed a comparably high correlation of 0.92 with the
stress symptom classes on all crown sizes. The lower performance of this index combination for small
crowns with denser foliage can be explained by the lack of bands in the blue and green spectrum,
which are sensitive to pigment-related reflectance features. The index combination also contains the
mNDWI-H, which describes the characteristic spectral reflectance and absorption features of kauri
in the NIR2 (1074, 1209). These spectral features are most likely caused by photon scattering in the
thick kauri leaves at the mesophyll and the air—cell-wall interfaces, the characteristic spiky foliage
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surface and the open crown structure in larger kauri that allow the woody material from the massive
stem and branches to influence the crown reflectance. The more a kauri crown declines and loses its
foliage, the more it also loses these characteristic structural features. In conclusion, this five-band index
combination can be used for stress detection in kauri crowns. However, it should be improved for
smaller crowns by adding a green band.

4.4. Discussion Objective 3: Pixel-Based Application

The observed high correlation of the pixel-based implementation with the visible stress symptoms
in a manual comparison with the aerial images (Figure 10) indicates that this is a practical approach.
However, the results should be tested more thoroughly, ideally with quantitative sub-canopy reference
data, that need to be accurately aligned with the remote sensing image used in the analysis. The
aerial image from 2017 that matches the same season as the hyperspectral data was unfortunately
not sufficiently aligned for such an analysis. A pixel-based approach allows for an easy application
since this method does not require a prior crown segmentation. It enables a more detailed assessment
of larger crowns, which often show heterogenic symptom patterns. It also gives more flexibility to
define the aggregated reporting units from single crowns to homogenous forest stands. Furthermore,
it allows the direct usage of the pixel-based kauri mask, described in Meiforth et al. (2019) [12]. The
crown-based results indicate that further improvements of the pixel-based regression map can be
achieved in separate analyses for low and high forest stands. For the large-area monitoring of forest
situations like the Waitakere Ranges with a multispectral sensor, we recommend a pixel size at around
0.5 m, which is large enough to level out extremes but small enough to capture small crown sizes.

4.5. Discussion: Application and Further Analysis

While the RF regression results in high correlations between the predicted and actual values,
a slightly non-linear relationship, especially towards the dead and dying crowns, results in a shift
between the predicted and actual value range. A rescaling of the value for the dead trees from value 5
to value 8, improves the match between the predicted and actual values (Figure 9). The resulting levels
“5 to 8” describe different portions of dead branch material and shadows, which cause the extreme
values. The correlation coefficients for the rescaled value range remained mainly unchanged and even
partly improved compared to the original range from 1 to 5. The rescaling simplifies the interpretation
of the predicted values, while the new resulting values from 6 to 8 have no influence on the practical
implementation since all crowns with values equal or higher 5 can be treated as “dead”.

Another possibility to address the non-linearity in the higher levels of stress symptoms, is to first
distinguish the dead and dying trees in a binary classification and then apply the regression to the
remaining first to medium symptom stages, which feature a more linear relationship. A test with a
binary RF classification showed that the aggregated class “dead/dying” can be distinguished with a
high overall accuracy of 97% and users and producers accuracies of 87.6% respective 93.32% (Table A4
in Appendix E). This approach should be tested in further studies.

The use of the resulting maps for management purposes requires an interpretation to translate
the detected stress symptoms into a health assessment since the canopy stress symptoms in kauri
can have a range of causes besides a PA infection, such as water shortage and unfavourable growing
conditions [4,126]. The application of time series allows detecting characteristic temporal trends
and spatial patterns of infection symptoms and can help to distinguish between different causes of
stress [15,127-130].

High spectral resolution satellite data like Sentinel-2 and WorldView02 should be tested for
cost-efficient large-area stress detection in time series. The combination with LiDAR attributes can
also improve stress detection, especially for more advanced stress levels with textural and structural
changes in the canopy caused by defoliation [131-134]. The challenging sub-pixel co-location between
optical and LiDAR datasets might be overcome with new multispectral waveform LiDAR sensors that
allow the direct combination of LIDAR data with multispectral wavelengths in one dataset [135].
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5. Conclusions

The analysis of an airborne AISA hyperspectral image proved that a combination of six spectral
bands in the VNIR1 range (550-970 nm) is sufficient to capture the full range of canopy stress symptoms
in kauri trees on a numeric scale from 1 to 5 with a high correlation of 0.93 (mean error of 0.27, RMSE
0.43) in a Random Forest (RF) regression. To establish a more linear relationship between predicted
and actual values, we recommend a rescaling the value for dead trees from 5 to 8. The easier to
implement M5P algorithm performed nearly as well as a more complicated RF regression model. The
most important indices are sensitive to structural changes and canopy water, while stress symptoms in
smaller kauri crowns with denser foliage are best described with additional bands in the green and
blue spectrum, which are sensitive to pigment changes.

The study was designed to be applicable to large-area monitoring with a large representative
reference set of 1258 crowns, and selected bandwidths of 10 nm that can be used on multispectral
sensors. Based on the reference crowns and field assessment data, we developed a numeric assessment
scheme for canopy stress symptoms in kauri trees on RGB aerial images, which are better suited for an
assessment of the upper crown canopy than a limited view through the undergrowth and canopy from
the ground.

Comparable correlations to the VNIR1 selection were achieved with six bands in the VNIR2
spectrum (450-1205 nm), while additional bands in the SWIR enhanced the correlation only slightly, to
0.94. However, we recommend the use of the six-band combination in the VNIR1 range instead of the
full spectral range since it is easier to implement, the VNIR bands have a higher signal to noise ratio
and are less influenced by species-specific structural crown attributes.

The spectral differences of kauri crowns in different size classes respective stand situations advise
a stratified approach. We recommend the application of the six-band baseline combination with
individual models for pre-selected crown sizes, respective crowns in low and high forest stands.

While the analysis is based on mean crown spectra to match the scale of the reference data, an
easier to apply pixel-based application seem to match well with the observed stress symptoms in the
field and aerial images. However, this approach needs to be tested more thoroughly in other areas
with matching reference data.

The results of this study have important implications for the monitoring of canopy stress symptoms
in kauri trees in New Zealand. The objective, cost-efficient method for large-area monitoring of canopy
stress symptoms with a multispectral sensor will help to target the required fieldwork and support
management decisions to prevent the further spread of the kauri dieback disease.
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Appendix A. Photo Illustration of the Kauri Canopy Score Scheme Used by Auckland
Council 2015

Figure A1l. Photo illustration of the canopy score scheme for kauri used by Auckland Council in 2015
with five classes [136]: 1 = Healthy crown—no visible signs of dieback, 2 = Foliage/canopy thinning,
3 = Some branch dieback, 4 = Severe dieback, 5 = Dead.

Appendix B. Assessment Scheme for Stress Symptoms in Kauri Crowns Based on RGB
Aerial Images

Table Al. Assessment scheme for stress symptoms in kauri crowns based on RGB aerial images [89,90]
for five canopy stress symptom classes and three crown sizes.

Symptom Class Description Size Small Size Medium ! Size Large !

Leaves: green,
green/blue; Canopy
density: dense, no
to small gaps; Bare

branches: <1%

Value 1—No
Symptoms

Leaf colour: green
to yellowish;
Canopy density:
small gaps; Bare
branches: 1 to 5%
(small branches)

Value 2—First
Symptoms/Open
Crowns




Remote Sens. 2020, 12, 926 25 of 33

Table Al. Cont.

Symptom Class Description Size Small Size Medium ! Size Large !

Leaves: green with
yellow or brown;
Canopy density:
small to medium
gaps visible; Bare

branches: 5%-30%

Value 3—Medium
Symptoms

Leaves:
yellow-green to
brown, Canopy
density: sparse,

many gaps,
understory partly
visible Bare
branches: >=30%
visible as linear
structures
Epiphytes and
climbers possible

Value 4—Severe
Symptoms

Leaves: dead,
brown leaves
possible Epiphytes
and climbers
possible Canopy
density: Gaps and
understory visible,
Bare branches:
100% dead
branches, visible as
linear structures

Value 5—Dead
Trees

! The crown size classes are defined according to their mean crown diameter, see Figure 5. Non-symptomatic large
and medium crowns with open canopies were given the value 1.5 in the analysis.

Appendix C. Vegetation Indices Overview Table

Table A2. Vegetation indices (VI) for the selected index combinations. The combinations cover both
the full spectral range (VIS-SWIR2) and only visible to near-infrared bands (VIS-NIR1) and crown sizes
from small (S) over medium (M) to large (L) crown sizes (see details in Figure 1).

Index Equation ! Literature Name, Association VIS-SWIR 2 VIS-NIR 2
Abbr. 1 al S M L al S M L
LIC2 = 440/690 [109] L1chtenthalef 'Index (light use N
efficiency)
BGI = 450/550 [110] Blue Green I"lgment Index (leaf N
pigments)
= (531 - 570)/(531 + Photochemical Reflectance Index
PRI 570) [157] (light use efficiency) X X
_ M. Locherer Chlorophyll Index
MLO = 581/645 1] (light use efficiency) X
= 685/550 Red-Green Pigment Index (leaf
mRGI (original: 690) (110] pigments) X X
s = (800 — 670)/(800 + Normalized Difference
NDVI-H 670) [138] VI-Haboudane (chlorophyll, LAI) x X X
_ Simple Ratio 800/670 Ratio VI
SR670_800 =800/670 [139] (chlorophyll, LAI) X
mSRa = 675/700 [112] Simple Ratio (chlorophyll, N
675,700 (original 672, 708) carotenoids)
= (900 — 685)/(900 + Normalized Difference
mNDVI-A 685) [120] VI-Aparicio (Broadband X X X

(original: 680)

Greenness)
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Table A2. Cont.

Index Equation ! Literature Name, Association VIS-SWIR 2 VIS-NIR 2
Abbr. 1 al S M L al S M L
_ ; Gitelson and Merzlyak Index
GM2 =750/700 [122] (chlorophyll content) x
= 750/680 .
mRVI (original: 745, 645) [108] Ratio VI (chlorophyll content) X
MSI = 1600/820 57] Moisture Stress Index (canopy N
water)
WBI =900/970 [59] Water Band Index (canopy water) X X X X
LWVI2 = (1094 _1;32)5 /(1094 + [121] Leaf Water VI (leaf/canopy water) — x X
= (1510 — 1680)/(1510 + Normalized Difference Nitrogen
NDNI 1680) (6] Index (leaf nitrogen) x x X
=37.27 x (2210 + 2090)
mSWIRVI  + 2627 x (2210 — 2090) [125] Shortwave Infrared Green VI x X x

— 0.57 (original: 2208) (cellulose/dry matter)

1 “m” indicates that wavelengths had been slightly modified compared to the cited literature. The changed

wavelengths are marked in italic, and the original wavelengths are noted in italic under the equation. 2 see Table 1
for the range of wavelengths in the spectral regions.

Appendix D. Separabilities between Small and Large Crown Spectra

Table A3. Comparison of the spectra for small (3—4.8m diameter) versus medium and large crowns
(>4.8 m diameter) for each spectral region. The values for the Jeffries Matusita [140] and Transformed
Divergense [141] separabilities were calculated on the pixel spectra and range from 0 to 2, a value lower
1.9 indicates a low separability. The values for the amplitude D and shape 6 were calculated on the
mean crown spectra according to Price 1994 [142].

Jeffries Matusita Transformed .
Wavelenghts Separability Divergense Amplitude D Shape 6
VIS 437-700 nm 1.401 1.460 1.54 0.002
NIR1 700-970 nm 1.475 1.529 1.28 0.013
NIR2 970-1327 nm 1.419 1.524 1.13 0.013
SWIR1 1467-1771 nm 1.369 1.456 1.51 0.006
SWIR2 1994-2435 nm 1.373 1.461 1.55 0.003

Appendix E. Confusion matrix for a Random Forest Classification to Identify Dead and
Dying Trees
Table A4. RF classification (1000 repetitions, 10-fold cross validation) for the baseline VNIR index

combination (6 bands, 5 indices) on 2 aggregated classes, to distinguish dead and dying trees (“class
45”) from the other symptom stages (“class 123”).

Class 123 Class 45 Total Users Accuracy
Class 123 1043 13 1056 98.8
Class 45 25 177 202 87.6
Total 1068 190 1258
Producers Accuracy 97.7 93.2 97.0
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