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Understanding the composition and the changes of New Zealand’s woody vegetation communities is important
for effective management. However, past national-scale mapped classifications emphasised mature rather than
seral vegetation communities and forests were mapped in relative coarse spatial resolution. The integration of
Sentinel-2 and PlanetScope imagery provides an opportunity for forest mapping with low cost and high accuracy.
This study aims to investigate the feasibility of the integrated image for detailed forest mapping. Free satellite
data (Sentinel-2, PlanetScope, fused data) were compared with commercial data (WorldView-2, and WorldView2 resampled to Sentinel-2 and PlanetScope spatial resolutions) by conducting pixel-based classification with
three machine learning classifiers (Support Vector Machine radial basis function kernel, Random Forest, Arti
ficial Neural Network). The combinations of imagery type and classifier were assessed on their potential for
mapping nine land cover classes in podocarp forest in New Zealand’s central north island, including: conifer, low
layer vegetation, broadleaf evergreen, highland softwood, wetland vegetation, water, dead tree, lowland soft
wood, and low-density vegetation and bare soil. Spectral features (single bands and indices), textural features,
and an 8 m resolution digital terrain model (DTM) were used in classifications; the relative importance of these
input features was also assessed.
In this study, it was found that the overall classification accuracy was dependent on the combination of
classifier and imagery, with different combinations resulting in a range of accuracies between 0.669 and 0.956.
The best overall accuracy was achieved by integrating Sentinel-2 and PlanetScope imagery (0.956) which was
even greater than that of WorldView-2 (0.951). The digital terrain model was the most important feature for all
scenarios; Gray-Level Co-Occurrence Matrix-Mean was the most important texture variable for WorldView-2 and
integrated images. Original bands, as well as GI, Norm-G, and SR-NIRR, were also crucial for vegetation
classification.

1. Introduction
New Zealand’s forests currently cover 38% of the country’s 27million-hectare land surface, whereby 8 million hectares are native
forests, and 2.1 million hectares are plantation forests (The Ministry for
Primary Industries (MPI), 2020). The native forests play a crucial role in
the country’s biodiversity because of their relatively independent evo
lution since New Zealand broke away from Gondwana about 85 million
years ago; it is the habitat of approximately 80,000 endemic species of
native animals, plants and fungi (SCBD, 2020). New Zealand’s native
forests benefit the economy by providing wood and non-wood products

(e.g., mushrooms, honey, herbal products) and attracting tourists
worldwide. In addition, forests can protect the soil from erosion (Marden
et al., 2018), assist hydrological cycling (Sheil, 2018), and act as carbon
sinks to help counter climate change (Mason et al., 2013). However, the
native forest area has declined by more than 70% since the pre-human
state; at least 75 animal and plant species have become extinct, and
46% of vascular plants are currently threatened (Ministry for the Envi
ronment (MfE), 2020).
Understanding the composition and the changes of New Zealand’s
indigenous woody communities is important for forest management.
Classifications, which can accurately delineate the ecosystems, is crucial
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for further quantitative measurement and qualitative evaluation (Park,
2000). However, traditional field sampling is time-consuming, labourintensive, and can be expensive when sampling over a large area (Ansari
et al., 2016). Therefore, the time intervals between plot-based moni
toring are long. Also, the collected data is strongly context-dependent,
which varies with environmental conditions and spatial scale (Palmer
et al., 2002). As a result, the field-collected data can be confounded by
human bias, even when the survey is conducted by experts. Remote
sensing (RS), which offers a unique vantage point for rapid observation
of large areas, is an effective tool for forest biodiversity indicator
monitoring and mapping.
Species mapping has benefited significantly from the availability of
high spatial, spectral, and temporal resolution data. Persson et al. (2018)
used the free thirteen-band Sentinel-2 (S-2) data to classify five tree
species in central Sweden, and achieved an overall classification accu
racy of 88.2%. Later, Grabska et al. (2019) successfully separated Polish
mountain woodlands into nine tree species with a 92.38% overall ac
curacy using multi-temporal S-2 data. In addition, very-high-resolution
multispectral satellite data (i.e., <~5 m) collected by commercial
platforms are prevalent among species-based studies in recent years,
such as PlanetScope (PS) (Roffey, 2019), RapidEye (Adelabu et al.,
2013), QuickBird (Ke and Quackenbush, 2007), and WorldView (WV)
(Immitzer et al., 2012). LiDAR (Light Detection and Ranging) is an
active RS technology, which can provide detailed three-dimensional
information of forest canopy structure. The potential of LiDAR for
species-based forest classification has been demonstrated in many pre
vious studies (Yao et al., 2012). However, LiDAR data collections over
forests are routinely carried out with low point density and sometimes in
the leaf-off season since it is also a good tool for acquiring point data to
allow the interpolation of digital terrain models (DTM) (Dalponte et al.,
2012). In addition, acquisitions using the airborne platforms are
expensive because they operate ad hoc flights, and only limited areas of
data will be collected due to the small ground projected field of view.
In New Zealand, past national-scale mapped classifications (e.g.,
EcoSat (Landcare Research, 2020), LCDB (Land Cover Database)) have
employed RS methodologies. EcoSat is a group of ecosystem mappingprojects which aim to provide current and cost-effective ecosystem in
formation at regional scales with RS. The EcoSat indigenous forest layer
classified woody vegetation into nine groups by representing the pro
portions of different tree species at 15 m resolution using Landsat data.
LCDB uses satellite imagery to extract land cover information to report
changes in land cover across the country with a 5-year interval (Land
care Research, 2020). The classification of LCDB placed all indigenous
forests within one class, and the minimum mapping unit is 1 ha. These
efforts have limited utility for indigenous forest management as they
emphasise mature rather than seral vegetation communities because
forests were mapped at relatively coarse spatial resolutions.
With the help of very-high-resolution images, such as WV-2, classi
fying and assessing the native forests at a fine-scale without intensive
field visits is possible. However, higher image quality generally incurs a
higher cost, and so this study aims to explore the opportunities to ach
ieve comparable classification quality using integrated S-2 (free) and PS
(educational and research free) imagery for forest classification. The
specific research questions are:

Taupo, central North Island, New Zealand (38.718 S, 175.575 E), was
selected as the study area due to its complex forest species composition
and availability of ground survey data, by way of the National Vegeta
tion Survey Databank (NVS) (Fig. 1). The fully forested terrain varies
from 500 to 1000 m above mean sea level and is characterised with low
flat-topped ridges that are dissected by steep-sided gullies. The Waihaha
catchment, which contains the single largest area of dense podocarp
forest in central North Island (Herbert, 1978), is dominated by emergent
miro (Prumnopitys ferruginea), rimu (Dacrydium cupressinum), Hall’s
tōtara (Podocarpus hallii), and mataı̄ (Prumnopitys taxifolia).
2.2. Acquisition of RS data
Copernicus S-2 mission collects data at a five-day interval, and the S2 image comprises thirteen spectral bands spanning from the visible
(VIS), the red edge (RE) and the near-infrared (NIR) to the short-wave
infrared (SWIR). The spatial resolutions of those bands are shown in
Fig. 2. Cloud-free S-2 with less shadow in the study area was selected in
this study. A freely available S-2 image (Level-2A product – Bottom of
Atmosphere (BOA) reflectance; tile number T60UUC), which was ac
quired on 2 November 2019, was downloaded from the Copernicus
Open Access Hub (https://scihub.copernicus.eu/) of European Space
Agency (ESA).
Planet Labs operates a satellite constellation that consists of 170+
CubeSats for PS image collection. Although the spatial resolution of the
PS image can be as fine as 3 m, there are only four spectral bands, blue
(B), green (G), red (R) and NIR (Fig. 2). PS analytic ortho tile products
acquired on 1 November 2019 were downloaded from the Planet Ex
plorer (https://www.planet.com/explorer/) supported by Planet Edu
cation and Research Program.
The WV-2 image has a 0.46 m resolution panchromatic band, eight
1.84 m resolution VIS, NIR and SWIR bands. The spectral ranges of the
eight bands (after pan-sharpening) are shown in Fig. 2. The image used
in this study was an already processed standard (2A) product acquired
on 17 September 2019 by Maxar.
2.3. Image processing and input feature calculation
The S-2, PS, and WV-2 images all were radiometrically, geometri
cally and atmospherically corrected so that they could be used directly
in downstream applications. Further processing and feature calculation
were done using ENVI (2019), as shown in Fig. 3.
An image mosaic was undertaken for PS data because the study area
was not fully covered by a single image. Although S-2, PS and WV-2
were all geometrically corrected, there were still some shifts when
visually checking the overlapping areas. Therefore, the three images
were co-registered. Part of the study was to isolate the effects of spectral
versus spatial resolution on classification accuracy; the WV-2 image was
downsampled to 3.125 m resolution and 10 m resolution to assess the
classification ability of different imagery.
The Gram-Schmidt Spectral Sharpening (GS) method was applied to
fuse PS and S-2 data due to its performance in previous studies. The GS is
a powerful fusion method that is also a generalisation of principal
component analysis (PCA). The spatial resolution of the multispectral
(MS) bands can be enhanced by merging them with the high resolution
panchromatic (PAN) band. The PAN band was simulated from the lower
spatial resolution spectral bands by averaging the MS bands. Then, a GS
transformation was performed for the simulated PAN band and the MS
bands, where the simulated PAN band was used as the first band. After
that, the first band was replaced by the high spatial resolution PAN
band. In the end, the pan-sharpened MS bands were created by applying
an inverse GS transform.
Based on the study of Gašparović and Jogun (2018), each S-2 band
was fused with PS bands with similar spectral characteristics. Because
Coastal, Water Vapour, and SWIR and Cirrus bands of S-2 are not
intended for land-cover classification, these three bands were excluded

• Can integration of PS and S-2 data improve the classification result
relative to using PS and S-2 data individually?
• Can an integrated PS and S-2 product be used to classify tree species
with an accuracy comparable to that possible with the WV-2
product?
2. Methodology
2.1. Study area
Waihaha Forest, which is located in Pureora Forest Park, west of Lake
2
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Fig. 1. Locations of the study area and field plots. Map A gives an overview of New Zealand. Map B shows the boundary of Pureora Forest Park, the forest in which
the study was conducted. Map C shows the study area and the locations of ground truth plots.

Fig. 2. S-2, PS and WV-2 spectral bands used in this research. It is evident that WV-2 covers a larger proportion of the electromagnetic spectrum than PS, and it has
better spatial resolution than both PS and S-2. S-2 has the most bands and covers the largest proportion of wavelengths.

from the fusion. The 10-m S-2 bands R, G, B, and NIR were fused with the
high-resolution PS bands R, G, B, NIR, respectively; the 20-m NIRnarrow
band from S-2 was fused with the PS NIR band. S-2 bands RE1, RE2, RE3,
were fused with the synthesised band (S) of PS data given by equation:

S = Red + NIR/2
Relating variations in the spectral response to foliage colour can be
applied with the help of RS data for species classification (Lottering and
3
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description, plot boundaries were digitised using ArcGIS 10.7.1 (ESRI,
2019), and vegetation data were registered by visually checking the
upper canopy species (Fig. 4). A second set of ground truth data were
collected through visual interpretation of very-high-resolution imagery
from Google Earth. The statistical description for ground truth data for
WV-2 is shown in Table 2. Around 75% of the data were used for training
the classifier, and the confusion matrix for subsequent accuracy assess
ment was generated from the remaining 25%.
2.5. Classification
In this study, pixel-based classification approaches were selected.
Advanced classification algorithms of support vector machine with
radial basis function kernel (SVM RBF), random forest (RF) and neural
network (NN) were applied using R statistical software (R Core Team,
2013).
SVMs were developed based on statistical learning theory, and the
goal of this algorithm was to determine the optimal decision boundaries
that result in the best separability of different classes. By using different
kernel functions, the training data in the input space can be linearly or
nonlinearly (e.g. RBF) projected to a higher-dimension space. After that,
the dataset is linearly separable by the optimal hyperplane. In this study,
the RBF kernel was selected because of its efficiency in performing
interpolation and producing accurate results (Zhu et al., 2011). The
“e1071” package was used to conduct SVM (Meyer et al., 2018).
RF is another popularly used algorithm because of its high prediction
accuracy and can provide information on variable importance for clas
sification. It has the ability to handle high dimensional data and has
relative resistance to overfitting. The RF classifier is an ensemble of
independent individual decision trees (DTs). Each tree votes on the class
assigned to the given sample, and the most frequently selected class wins
the vote. RF and DT approaches can both be used for classification,
regression, and determining variable importance, but RF can overcome
the limitations of DT, such as overfitting (Breiman, 2001). In this study,
RF classification was implemented using the “randomForest” package
(Liaw and Wiener, 2002).
The NNs are computing systems inspired by the biological neural
networks that constitute animal brains. An NN consists of several layers
of processors that connect with each other. The processor can separate
non-linear data and generally consists of three or more types of layers. In
this study, NN classification was done using the “nnet” package (Ripley,
2002). The importance of the input variables was calculated using
Garson’s Algorithm via “NeuralNetTools” package (Garson, 1991).

Fig. 3. Data processing flowchart shows how raw imagery was processed and
how features were derived.

Mutanga, 2016). The Vegetation Indices (VIs) reported in Table 1 were
calculated. These VIs have already been used and proven effective in
relation to vegetation species classification (Immitzer et al., 2019). They
have significant advantages in pigment content detection, moisture
content estimation, stress prediction, and cellular structure assessment.
Textural features can significantly improve the classification result
with medium resolution S-2 data (Laurin et al., 2016) or sub-meter veryhigh-resolution imagery (Lu et al., 2014). Gray Levels Co-Occurrence
Matrix (GLCM) (mean, variance, homogeneity, contrast, dissimilarity,
entropy, second moment, correlation, standard deviation and data
range) values were calculated using a 3 × 3 window size for the first
principle band after PCA. The first principle band was selected to carry
out the GLCM to reduce the amount of computation and information;
most of the data’s variation could be preserved by carrying out the PCA
on the original image.
A digital terrain model (DTM), which contains topography infor
mation, was also included as a crucial feature in vegetation classifica
tion. The 8 m resolution DTM used in this study was acquired from Land
Information New Zealand (LINZ) (2020).

2.6. Accuracy assessment
Accuracy assessments were done to determine the quality of the
classification results. The most widely used measures (overall, pro
ducer’s, user’s accuracies, and kappa coefficient) for accuracy assess
ment could be derived from confusion matrices (Congalton, 2001).
The overall accuracy indicates the proportion of pixels that were
classified correctly out of all the ground truth pixels. The producer’s
accuracy, which is related to omission error, reflects the probability of a
certain land cover of an area on the ground being classified as such. The
user’s accuracy relates to the commission error, which means how often
the class on the map will actually be present in the real world. Olofsson
et al. (2014) has suggested using weighted accuracy calculations;
however, this is only appropriate for stratified random samples or sce
narios where land cover areas are being predicted. Therefore, only
classic accuracy assessment was done in this study because the sampling
strategies used were not suitable for the weighted evaluation. The kappa
coefficient statistically assesses the inter-rater agreement or interannotator agreement for qualitative items. Eight levels of agreement
were suggested by Monserud and Leemans (1992) (Table 3).

2.4. Ground truth data collection
Information on vegetation cover was extracted from the NVS. The
reference dataset was a combination of two projects: NZ ADAPTIVE
MANAGEMENT OF DEER 2006–2008 (random sampling) and Waihaha
Forest Composition Data 2005 FOREST (systematic sampling). Most of
the plots are 10 m × 10 m quadrats, within which reconnaissance
description was undertaken to record plot location and site data, vege
tation structure and composition in height tiers (strata). With the
4
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Table 1
A description of the VIs used to build classification models. Each record contains the formulas used to calculate the VI for each image type.
Abbreviation Name
BAI
CGI
GEMI

Built-up Area Index Blue − NIR1
Blue + NIR1
NIR1
Chlorophyll green
Green + RE
index
Red − 0.125
Global
η − 0.25η2 −
Environmental
1 − Red
Monitoring Index
η =
)
(
2 NIR12 − Red2 + 1.5NIR1 + 0.5Red

GI

Greenness Index

gNDVI

Green Normalised
Difference
Vegetation Index
Leaf Anthocyanidin
Content
Leaf Carotenoid
Content
Leaf Chlorophyll
Content
Normalised
Difference
Vegetation Index
Red-Edge
Normalised
Difference
Vegetation Index
Normalised
Difference Water
Index 2
Normalised Green

LAnthoC
LCaroC
LChloC
NDVI
NDVIre

NDWI2
Norm-G
Norm-NIR
Norm-R

Normalised NearInfrared
Normalised Red

REPA

Red-Edge Peak Area

RTVIcore

Red-Edge Triangular
Vegetation Index
Soil Adjusted
Vegetation Index
Simple Blue and RE1
Ratio
Simple Blue and RE2
Ratio
Simple Blue and RE3
Ratio
Simple NIR and Blue
Ratio
Simple NIR and
Green Ratio
Simple NIR and Red
Ratio
Simple NIR and RE1
Ratio
Simple NIR and RE2
Ratio
Simple NIR and RE3
Ratio
Water Body Index

SAVI
SR-BRE
SR-BRE2
SR-BRE3
SR-NIRB
SR-NIRG
SR-NIRR
SR-NIRRE
SR-NIRRE2
SR-NIRRE3
WBI

Formula for WV-2

NIR1 + Red + 0.5
Green
Red
NIR1 − Green
NIR1 + Green

NIR1 − Red
NIR1 + Red

Formula for PS

Formula for S-2 and integrated image

References

Blue − NIR
Blue + NIR

Blue − NIRnarrow
Blue + NIRnarrow
NIRnarrow
Green + RE1
Red − 0.125
η − 0.25η2 −
1 − Red

Shahi et al.
(2015)
Datt (1999)

η − 0.25η2 −

Red − 0.125
1 − Red

η =

η =
)
)
(
(
2 NIR2 − Red2 + 1.5NIR + 0.5Red 2 NIRnarrow2 − Red2 + 1.5NIRnarrow + 0.5Red

Pinty and
Verstraete
(1992)

NIR + Red + 0.5
Green
Red
NIR − Green
NIR + Green

NIRnarrow + Red + 0.5
Green
Red
NIRnarrow − Green
NIRnarrow + Green

NIR − Red
NIR + Red

RE3
Green − RE1
RE3
Blue − RE1
RE3
RE1
NIRnarrow − Red
NIRnarrow + Red

Wulf and
Stuhler (2015)
Wulf and
Stuhler (2015)
Wulf and
Stuhler (2015)
Tucker (1979)

NIRnarrow − RE1
NIRnarrow + RE1

Wolf (2012)

NIR1 − RE
NIR1 + RE

Le Maire et al.
(2004)
Gitelson et al.
(1996b)

Green − NIR1
Green + NIR1

Green − NIR
Green + NIR

Green − NIRnarrow
Green + NIRnarrow

Gitelson et al.
(1996a)

Green
NIR1 + Red + Green
NIR1
NIR1 + Red + Green
Red
NIR1 + Red + Green

Green
NIR + Red + Green
NIR
NIR + Red + Green
Red
NIR + Red + Green

Green
NIR1 + Red + Green
NIR
NIR1 + Red + Green
Red
NIR1 + Red + Green
Red + RE1 + RE2 + RE3 + NIRnarrow

Sripada et al.
(2006)
Sripada et al.
(2006)
Sripada et al.
(2006)
Filella and
Penuelas
(1994)
Chen et al.
(2010)
Huete (1988)

100(NIR1 − RE) − 10(NIR1 − Green)

100(NIRnarrow − RE1) − 10(NIRnarrow − Green)

NIR1 − Red
1.5
NIR1 + Red + 0.5
Blue
RE

NIR − Red
1.5
NIR + Red + 0.5

NIR1
Blue
NIR1
Green
NIR1
Red
NIR1
RE

NIR
Blue
NIR
Green
NIR
Red

Blue − Red
Blue + Red

Blue − Red
Blue + Red

3. Result and discussion

NIR1 − Red
1.5
NIR1 + Red + 0.5
Blue
RE1
Blue
RE2
Blue
RE3
NIRnarrow
Blue
NIRnarrow
Green
NIRnarrow
Red
NIRnarrow
RE1
NIRnarrow
RE2
NIRnarrow
RE3
Blue − Red
Blue + Red

Le Maire et al.
(2004)
Lichtenthaler
et al. (1996)
Radoux et al.
(2016)
Blackburn
(1998)
Le Maire et al.
(2004)
Blackburn
(1998)
Datt (1999)
Radoux et al.
(2016)
Radoux et al.
(2016)
Immitzer et al.
(2019)

accuracy of 0.956. The NN classifier also performed best for “S-2” and
“WV-2 Original Resolution” imagery, with overall accuracies of 0.935
and 0.951, respectively. PS imagery was classified best by SVM (overall
accuracy = 0.955), while “WV-2 resampled to S-2” and “WV-2 resam
pled to PS” got the best results when using RF with accuracies of 0.854
and 0.811, respectively. For all scenarios, kappa values followed the
same order and pattern as overall accuracies and had a degree of

3.1. Classification result
The overall accuracy and kappa coefficient of different classification
scenarios are shown in Table 4. Notably, the “PS-S-2 Fused Data NN”
scenario performed the best among all the scenarios, with an overall
5
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Fig. 4. Examples of different land cover classes in the WV-2 image. Image A is the true colour image using R, G, B bands; image B is the false colour image using NIR,
G, and B bands. Detailed biophysical description of different classes can be found in Nicholls (1976).

agreement from good to excellent.
There is no result for the “WV-2 Original Resolution SVM” scenario
because the RBF kernel is not suitable for the classification of large
datasets; the training complexity can increase with the increasing size of
the input dataset. Lottering and Mutanga (2016) discovered the appro
priate spatial resolutions for WV-2 to determine different levels of
defoliation were 1.25, 1.25, 1.75 and 2.25 m for different levels of
defoliation. However, in this study, 3.125 and 10 m resolution data both
seemed to have worse classification ability than the original image.
The optimal results of different classification scenarios (bold
numbers in Table 4) were shown in Fig. 5. The reasons that caused the
differences among these products will be discussed in the next section.

Table 2
Description of training and test pixel numbers for land cover classes used in this
study for the original resolution WV-2 image.
No.

Land Cover Class

Number of Training
Pixels

Number of Test
Pixels

1
2
3
4
5
6
7
8
9

Conifer
Low Layer Vegetation
Broadleaf Evergreen
Highland Softwood
Wetland Vegetation
Water
Dead Tree
Lowland Softwood
Low-density Vegetation &
Bare Soil

19,870
19,951
50,620
22,267
14,567
2740
12,447
16,590
33,323

5685
7515
20,460
9405
7693
543
5272
8728
5106

Total

192,375

70,407

3.2. Omission and commission errors
The user’s accuracy and producer’s accuracies of different scenarios
were grouped by land cover classes and shown in Table 5; the results of
“WV-2 resampled to S-2” and “WV-2 resampled to PS” were not included
due to the poor overall accuracy comparing with the other scenarios. For
all scenarios, the user’s accuracies were all above 0.6. The producer’s
accuracies of all land cover classes except water and wetland vegetation
were quite stable with all values above 0.6.
Although the “S-2 NN” and “WV-2 original resolution NN” didn’t get
the best overall accuracies, these scenarios were outstanding among the
others because of the good producer’s accuracy and user’s accuracies for
all land cover classes. On the contrary, “PS-S-2 fused data NN” got the
best overall accuracies, but its producer’s accuracy of the water class
was low, with a value of 0.306. It could be concluded that image fusion
can improve the overall accuracy by sacrificing the classification

Table 3
Different degrees of agreement for kappa statistic (Monserud & Leemans, 1992).
Lower Bound

Degree of Agreement

Upper Bound

< 0.05
0.05
0.20
0.40
0.55
0.70
0.85
0.99

No
Very poor
Poor
Fair
Good
Very good
Excellent
Perfect

0.05
0.20
0.40
0.55
0.70
0.85
0.99
1.00

Table 4
Overall accuracies and kappa coefficients (shown in square brackets) for different classification scenarios. Bolded values indicate the greatest overall accuracy or
Kappa coefficient for a given image type.
Classifier

S-2

WV-2 Resampled to S-2

PS

WV-2 Resampled to PS

PS-S-2 Fused Data

WV-2 Original Resolution

SVM

0.918
[0.901]
0.910
[0.893]
0.935
[0.922]

0.829
[0.796]
0.854
[0.825]
0.852
[0.824]

0.955
[0.946]
0.948
[0.939]
0.948
[0.939]

0.703
[0.647]
0.811
[0.775]
0.669
[0.609]

0.919
[0.904]
0.932
[0.920]
0.956
[0.948]

–

RF
NN

6

0.907
[0.889]
0.951
[0.942]
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Fig. 5. Optimal classification results of different scenarios. Map A is the classification result of the scenario “fused data NN”, which gives an overview of the whole
study area, but only the Region of Interest (ROI) was shown for detailed inspection from Map B to H. Map B is the WV-2 image showing the true ground cover of the
ROI. Map C is the result of “S-2 NN”; Map D is the result of “WV-2 resampled to S-2 RF”; Map E is the result of “PS SVM”; Map F is the result of “WV-2 resampled to PS
RF”; Map G and H are the classifications of “fused data” and “WV-2 original resolution” using NN. The semi-transparent red arrows indicate one of the main dif
ferences among the classification results. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

accuracy of specific land cover class.
Although “PS-S-2 fused data NN” seemed to be the best scenario
considering all accuracy matrices in this study, significant misclassifi
cation could still be seen in the classification map, as shown in Map G of
Fig. 5. In Map G, as well as the other maps, the dead tree class was
apparently over-classified. It may be because of the low reflectance of
shadow and dead tree both. The low spectral reflectance of dead trees
and shadow could also cause the overestimation of water, as shown in
Map H. Kupidura (2019) discovered that higher classification accuracy
could be generated by masking shadow out of the scene. However, the
drawback of shadow removal is the exclusion of many pixels; some
studies have found shadow removal excluded more than half the pixels
from classification analysis (Trier et al., 2018). Therefore, the input data
were processed without shadow masking.

This is coincident with the study result of Sesnie et al. (2008), which
used the RF to determine the input variables for the further classification
of priority floristic alliance categories. In that study, elevation got the
highest importance value among terrain variables, climate data, original
Landsat TM bands as well as NDVI due to its strong relationship with
floristic composition. Zhang and Yang (2020) also found that elevation
was one of the most helpful variables for land cover classification
because of the high correlation between plant types and elevation.
It’s notable that the GLCM-Mean contributed most among GLCMs
and was the second most important feature when NN was applied to
both “fused data” and “original WV-2”. Ghosh and Joshi (2014) found
GLCM-Mean contributed most to bamboo patches mapping in India
using WV-2 by applying recursive feature elimination (RFE). It is
because the GLCM-mean feature was able to capture the texture infor
mation when vegetation composition was complex (Ghosh and Joshi,
2014).
Original bands showed high importance for vegetation classification
using NN as well. For the fused data, blue, red, NIR1, and green were the
most important original bands with an importance score of more than
0.025; for the original resolution WV-2 image, they were RE, NIR2, NIR1,
green, red, yellow and blue. It’s notable that the blue band of fused data
seems much more important for vegetation than the original resolution
WV-2. Gong et al. (1997) proved the importance of blue bands for the

3.3. Feature importance of NN
Among 17 classification scenarios, the RF worked best only with
resampled WV-2 data. However, the NN classifier could achieve much
better results with “fused data” and “original WV-2”. Therefore, this
section will focus only on the NN feature importance of these latter two
classification scenarios (Fig. 6).
The DTM was identified as the most important feature for both cases.
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Table 5
User’s accuracies and producer’s accuracies (shown in square brackets) of different classification scenarios. Values below 0.6 were bolded and coloured in red.
Class Scenario
S-2

SVM
RF
NN

PS

SVM
RF
NN

PS-S-2 Fused Data

SVM
RF
NN

WV-2 Original Resolution

SVM
RF
NN

1

2

3

4

5

6

7

8

9

0.899
[0.915]
0.904
[0.889]
0.913
[0.897]

0.912
[0.989]
0.894
[0.989]
0.931
[1.000]

0.953
[0.992]
0.957
[0.984]
0.961
[0.996]

0.945
[0.908]
0.945
[0.908]
0.971
[0.882]

0.932
[0.833]
0.897
[0.788]
0.967
[0.879]

0.750
[0.273]
1.000
[0.455]
1.000
[0.636]

0.931
[0.779]
0.875
[0.808]
0.879
[0.837]

0.983
[0.967]
0.967
[0.967]
1.000
[0.984]

0.712
[0.922]
0.721
[0.863]
0.817
[0.961]

0.864
[0.950]
0.842
[0.961]
0.847
[0.920]

0.915
[0.985]
0.911
[0.990]
0.918
[0.993]

1.000
[0.999]
1.000
[1.000]
0.999
[0.995]

0.997
[1.000]
0.970
[0.980]
1.000
[1.000]

0.994
[0.948]
0.970
[0.907]
0.987
[0.966]

0.857
[0.500]
1.000
[0.222]
0.696
[0.444]

0.953
[0.768]
0.953
[0.780]
0.887
[0.739]

0.941
[0.955]
0.940
[0.946]
0.949
[0.955]

0.900
[0.992]
0.925
[1.000]
0.916
[0.975]

0.897
[0.942]
0.858
[0.972]
0.930
[0.961]

0.951
[0.970]
0.936
[0.980]
0.933
[0.995]

0.992
[0.974]
0.995
[0.995]
0.998
[0.999]

0.983
[0.901]
0.981
[0.901]
0.989
[0.931]

0.970
[0.806]
0.974
[0.821]
0.924
[0.935]

0.667
[0.389]
1.000
[0.528]
1.000
[0.306]

0.899
[0.783]
0.892
[0.777]
0.937
[0.824]

0.967
[0.958]
0.997
[0.964]
0.979
[1.000]

0.603
[0.966]
0.707
[0.970]
0.854
[0.992]

–
0.821
[0.855]
0.913
[0.888]

–
0.976
[0.973]
0.960
[0.971]

–
0.989
[0.992]
0.988
[0.992]

–
0.696
[0.927]
0.879
[0.967]

–
0.948
[0.506]
0.971
[0.819]

–
0.832
[0.619]
0.926
[0.899]

–
0.991
[0.920]
0.984
[0.923]

–
0.929
[0.972]
0.939
[0.973]

–
0.945
[1.000]
0.945
[0.997]

discrimination of groups of conifers and between conifers and broadleaf
species by applying NN classification on high-spectral-resolution radi
ometer collected data. The chlorophyll absorption, as well as the
carotenoid absorption features present in the 450–499 nm region, can
strongly affect the reflectance of blue wavelengths (Hennessy et al.,
2020). NIR, RE and the other visible bands were already known as
powerful bands for vegetation discrimination because the reflection in
these wavelengths is dominated by absorption from foliar pigments
(Hennessy et al., 2020). For VIs, GI, Norm-G, and SR-NIRR were the most
important features for both cases, with an importance score greater than
0.025.

shown that autocorrelation between input features can impact classifi
cation accuracy (Liu et al., 2020). The present research could be
extended by reducing the input feature space using an initial autocor
relation test to identify redundancy in the feature information.
As discussed in Section 3.2, the shadow can lead to the overclassification of specific land cover classes. It is important to find an
efficient and effective method to reduce the influence of shadow, at the
same time, retain as much information as possible. Some studies have
identified methods of cloud and shadow masking (Lisens et al., 2000),
though these steps were not undertaken in this study.
By identifying the combination of image type and classifier that
resulted in the greatest overall accuracy for land cover classification,
there is an opportunity to apply these methods and data to improve upon
mapping vegetation cover and dynamics of New Zealand’s indigenous
forests. Future research into these areas should be careful to ensure that
appropriate methods are used in area determination and accuracy
assessment (Olofsson et al., 2013).

3.4. Limitations and opportunities
Despite the DTM being the most important feature for two of the NN
classification scenarios, the DTM used in this study is not considered as
suitable for analysis because it was created by interpolating 20 m con
tours with post-processing and filtering (Land Information New Zealand
(LINZ), 2020). Unfortunately, it was the highest resolution DTM avail
able for use in this study. There are opportunities to explore the
importance of LiDAR-derived DTMs in future studies.
The digitisation of the ground truth was a problem because the field
data were collected more than ten years ago with a 5 m precision. It was
quite difficult to find the accurate location of the plots on the satellite
image. As a result, the digitisation of the reference data process was
reliant on visual inspection. If the species data had been collected with
greater positional accuracy, the vegetation classification would un
doubtedly have improved.
It was found that after resampling WV-2 to a different resolution, the
classification accuracy decreased markedly. Interestingly, the 10 mresolution data resulted in greater classification accuracy than the 3.125
m data (Table 4). Different resampling algorithms can lead to different
loss levels of spatial and spectral information. In this study, cubic
convolution was applied because it retained more spatial information
than the others by visual inspection. However, some studies demon
strated that it was not the best algorithm in some cases (Afwani and
Danoedoro, 2019). There are clear opportunities to study the effect of
image resampling on vegetation classification in future studies.
Although feature importance was described in this research, no
feature selection was carried out. In previous research, it has been

4. Conclusion
This study explored the feasibility of integrating S-2 and PS imagery
for detailed native forest classification in New Zealand. Pixel-based
classifications with three machine learning classifiers were under
taken, and classification results for these educational and research free
satellite data were compared with those using a commercial WV-2
product. The results showed that the classification using NN resulting
from the integrated data was comparable with the classification from the
WV-2 with better overall accuracy and kappa coefficient. This highlights
the value of data integration and the importance of optimising classifiers
to imagery types.
Interestingly, when the WV-2 imagery was resampled to spatial
resolutions consistent with either of the two lower resolution satellite
imagery datasets, the classification accuracy was much lower than it was
for the corresponding S-2 or PS imagery. This suggests that the spectral
resolution of the WV-2 imagery plays an important role in differenti
ating between New Zealand’s native forest species, perhaps moreso than
the spatial resolution of the imagery. This latter point may be supported
by the fact that when WV-2 was resampled to 10 m, it yielded better
classification accuracies than when it was resampled to 3.125 m.
The importance of input features for NN were assessed in this study.
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classification of New Zealand’s indigenous forests using freely available
S-2 imagery fused with PS imagery (free for educational and research
purposes). The cost savings of the integrated approach might prove
critical, especially as New Zealand’s indigenous forests cover a vast land
area that would require substantial financial investment if it were all
captured by WV-2. Using the approaches identified in the research, there
are opportunities to map the species diversity of New Zealand’s indig
enous forests at a greater scale than in previous vegetation mapping
projects, such as the LCDB and EcoSat.
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