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Abstract: Forests contribute significantly to terrestrial biodiversity conservation. Monitoring of tree
species diversity is vital due to climate change factors. Remote sensing imagery is a means of data
collection for predicting diversity of tree species. Since various sensors have different spectral and
spatial resolutions, it is worth comparing them to ascertain which could influence the accuracy of
prediction of tree species diversity. Hence, this study evaluated the influence of the spectral and
spatial resolutions of PlanetScope, RapidEye, Sentinel 2 and Landsat 8 images in diversity prediction
based on the Shannon diversity index (H′), Simpson diversity Index (D1) and Species richness (S).
The Random Forest regression was applied for the prediction using the spectral bands of the sensors
as variables. The Sentinel 2 was the best image, producing the highest coefficient of determination
(R2) under both the Shannon Index (R2 = 0.926) and the Species richness (R2 = 0.923). Both the
Sentinel and RapidEye produced comparable higher accuracy for the Simpson Index (R2 = 0.917
and R2 = 0.915, respectively). The PlanetScope was the second-accurate for the Species richness
(R2 = 0.90), whiles the Landsat 8 was the least accurate for the three diversity indices. The outcomes
of this study suggest that both the spectral and spatial resolutions influence prediction accuracies of
satellite imagery.

Keywords: natural forests; diversity; prediction; sensors; random forest; conservation

1. Introduction

Forests cover about one-third of the earth’s total landmass and contain a large amount
of terrestrial biodiversity [1,2]. Forest biodiversity is an expression of the differences among
the living organism present in the ecosystem and it is considered as one of the means of
measuring forest health and stability [3]. The interdependence and interaction among the
species influence and facilitate the provision of ecosystem goods and services [4]. These
ecosystem goods and services include carbon sequestration and storage, provision of
habitats for wildlife, production of non-timber forest products (NTFPs), regulation of water
and biogeochemical cycles [5]. Though forest biodiversity includes trees, animal species
and other life forms, trees seem to be the most essential elements as without them there
will be no forest and most ecosystem goods and services provision will be hindered.

The prediction and estimation of tree species diversity provide forest managers, ecolo-
gists and conservationists information to assist forest management decisions. The spatial
information obtained through the estimation of the tree species is vital for effective forest
management and biodiversity conservation [6]; and it provides a better understanding of
forest ecological processes such as tree growth rates, species recruitment, and net produc-
tivity [7]. In recent years, remote sensors have provided data that help predict, estimate
and map forests at various levels [8,9]. This is due to its large spatial coverage, less time
consumption, and cost-effectiveness as compared to traditional inventories and assess-
ments [10–12]. That notwithstanding, the methodological approach that establishes the
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relationship between remote sensing imagery and field data is identified as a robust means
of predicting tree species diversity.

The advances in remote sensors, data characteristics, and processing systems have
increased the potential of satellite imagery in providing accurate and robust spatially ex-
plicit estimates of tree species diversity. Satellite imagery from sensors has been employed
for tree species diversity assessments for various types of forests many areas. The output
of these assessments has demonstrated the ability of remote sensing satellite imagery to
predict the species diversity based on field derived measured data. Furthermore, many
of these studies prescribe images and approaches that could be adopted in the modelling
process.

Different types of sensors, including multispectral [9,13–19], hyperspectral [20–25]
and active ones like the Light detection and ranging (LiDAR) have been used over the
years for the prediction of tree species diversity in different forest types, and climatic
zones and scales. The hyperspectral images can predict tree diversity with much accuracy
due to its numerous narrow bands [26,27]. On some occasions, the hyperspectral data
are fused or combined with LiDAR [28,29]. This data fusion approach helps to take
advantage of the ability of the hyperspectral data to detect different vegetation community
and the ability of the LIDAR data to measure the structural attributes of trees species.
Furthermore, the LiDAR data can bypass cloud cover, which allows incident rays to reach
the target feature and the reflected rays to get to the sensor. However, the high cost in the
acquiring hyperspectral and LiDAR data has hindered the mass application in diversity
prediction. [15].

Multispectral images could be said to have been used much in the prediction of
tree species diversity. One of the used most is the Landsat images which have proven
useful in the forest zones within which they were applied [16,30,31]. Over the years
there has been an improvement in its spectral bands and how they sense vegetation,
especially with the Landsat 8 [32]. Since the success of diversity prediction across different
forest zones depends on the ability of the spectral bands to correlate to with tree species
characteristics, it is important to adopt images that have a high sensitivity to forests.
Another satellite imagery that has been used is the Advanced Spaceborne Thermal Emission
and Reflection Radiometer [ASTER] [15,33]. It seems to have not had much application in
the prediction of diversity across many forest types as compared to the Landsat satellite
imagery. However, the studies that have used it have found its spatial and spectral product
capable of producing good prediction accuracies [34]. Another remote sensing imagery that
has also proven robust and informative and is also freely available is Sentinel 2 imagery. It
has a medium resolution and a large number of spectral bands that enhances its accuracy
outputs [9,13,35]. It is also one of the images that have been used extensively for many
vegetation studies. It is the only remote sensing imagery that has three red edge bands
which give it some level of advantage over the other satellite imageries [36]. This is because
of the chlorophyll information it contains which contributes to the high sensitivity it has
for vegetation. These reasons could be the basis for the high accuracies it produces in
diversity studies.

The spectral and spatial products of images including the bands, vegetation indices
and texture variables are normally used as the predicting variables. Apart from the
spectral bands, one the most used predictors are the normalized difference vegetation
index (NDVI) [16,19,37–39]. It is derived from the bands with the highest absorption (Red)
and reflectance (near infrared), which makes it useful under various conditions. However,
one of the drawbacks of the NDVI is data saturation in areas with high leaf area index
(LAI). This could also likely affect diversity estimation under certain circumstances. Texture
variables such as the Gray Level Co-occurrence Matrix (GLCM) have also contributed to
the prediction of diversity [8,40,41]. The spectral bands such as the near infrared (NIR), red
edge (RE) and the shortwave infrared (SWIR) have been found to be important in many
diversity studies [42–45]. These are located in the regions in the electromagnetic spectrum
that contains vegetation information and including any of them in predictive models could
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improve performance outputs. The use of any of these variables could be dependent on
the forest type and the tree cover density. For instance, most forest in temperate and boreal
zones may not be of high density and heterogenous as compared to tropical and subtropical
forests. As such forest in the tropical and subtropical forest are likely to require robust
predictors as compared to temperate and boreal forests. The capabilities of the predictors
may be sensor-dependent and the advancement in their design over the years has made
diversity studies much more successful.

The methods and modelling techniques are also one of the main factors that contribute
to diversity prediction outputs. Most studies have resorted to the use of regression which
is carried out by either parametric or non-parametric machine learning algorithms. The
Random Forest (RF) which is a non-parametric algorithm is one of the main algorithms
that have been extensively used in predictions [13,46,47]. As a non-parametric algorithm,
it does not assume a normal distribution of data and it is optimal to be used for diversity
modelling of natural forests due to these characteristics. The linear regression which is
a parametric algorithm has as well been used many studies [14,34,48]. The modelling
technique in the use of these algorithms is an important factor to consider as one of the
things that affects accuracies.

The prediction of tree species diversity in many forests and climatic zones have
become necessary with time due to factors such as increasing climate change that are
negatively affecting species. The availability and advancement of different sensors are
continually being tested for their suitability for diversity modelling as well as increasing
knowledge in their application. However, none of these studies has been carried out for
subtropical natural forests in the Republic of South Africa, which creates a gap in tree
diversity management. It must be noted that subtropical natural forests are characterised
by high tree species diversity and density [49–51]. As such, it will require informative and
robust imagery to predict and map their tree species diversity. Thus, evaluating multi-
sensors performance and identifying the best based on their spectral and spatial resolutions
is beneficial for the application of imagery in diversity prediction and mapping. Hence,
our study aimed to assess how the performance and accuracies of PlanetScope, RapidEye,
Sentinel 2 and Landsat 8 images could be influenced by their spectral and spatial resolution
in the prediction of tree species diversity for a subtropical natural forest in KwaZulu-
Natal (KZN) province, Republic of South Africa. The Shannon Index (H′), Simpson Index
(D1) and the Species richness (S) together with RF regression modelling, are utilised to
identify which image has a good relationship with them and produce good accuracy. The
outcomes of our study will provide information on how spectral and spatial resolution
could influence image model accuracies, which can provide a guide in the decision making
on the imagery to select for predicting tree species diversity of subtropical natural forests.
It will also contribute to existing knowledge and approach in the modelling of diversity
for forest management and conservation. Furthermore, it could assist forest managers in
devising measures that can enhance the conservation and protection of forest diversity.

2. Materials and Methods
2.1. Study Area

The Nkandla forest reserve is an Afromontane sub-tropical forest type, and it was
established in 1918. It is found in the north of KwaZulu-Natal province, Republic of
South Africa. It has a total area of 2217 ha and located on 28◦43′50.88”S and 30◦7′9.84”E
(Figure 1). A peak average temperature of 27 ◦C is experienced between December and
January, and the lowest average temperature of 2 ◦C in the winter months of June and
July [52]. It has an undulating and steep topography with an altitude of a minimum level
of 500 m and exceeding 1300 m. It has four land cover types made up of closed canopy
forest (1,059.23 ha), open canopy forest (910.60 ha), grassland (226.55 ha) and bare sites
[53]. It has common tree species such as Cryptocarya myrtifolia, Trichilia dregeana, Bridelia
micrantha, Elaeodendron croceum, Podocarpus henkelii and Olea capensis.
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Figure 1. Map of the study area. Note: A is the Nkandla forest reserve, B is the map of South Africa
indicating the location of KZN province and the forest and C is the map of Africa indicating the
location of South Africa.

2.2. Field Inventory and Diversity Indices Estimation

Tree data information was collected from the accessible parts of the Nkandla forest
reserve between 24 April 2019 and 7 May 2019. This is because it was observed from a
reconnaissance survey that some parts of the forest, especially the western portions were
inaccessible due to the presence of high elevation and deep slopes. Therefore, the inventory
was restricted to the middle and northeastern parts which have gentle slopes. Existing
transects were followed and a systematic approach was used in setting up the sampling
plots in the gentle slope and relatively flat terrain. Eleven 100 m × 100 m plots (1 ha) were
randomly set up in areas with the gentle slopes and flat terrain. Each of the 1 ha plots
was subdivided into 25 subplots of 20 m × 20 m sizes each to facilitate the data collection.
Thus, the tree data was obtained from a total of 275 subplots. In each subplot, the diameter
at breast height (DBH) of tree species ≥ 5 cm was measured with a diameter tape. Other
information recorded for the trees were the species name (local and scientific) and the
GPS coordinates of the trees. The individual number of species was summed up for each
sampling plot. This approach of tree inventory did not compromise on the data collected
because similar number and types of tree species were measured and recording in most of
the sample plots. The tree data were further compared and confirmed for similarity with
tree list the management plan of the forest obtained from the Ezemvelo KZN Wildlife.

The relative number of each tree species was used to compute the Shannon Index
(H′) [54], Simpson Index (D1) [55] and Species richness (S) [56] for each species. The was
done by using the mathematical functions in equations 1, 2 and 3 for the three diversity
indices respectively. These indices have been well established and they allow for com-
parison of tree species diversity levels at different scales [57] and they as well help to
account for the evenness and richness of diversity for each site. The Species richness takes
into consideration the absolute number of species in a particular ecosystem, whiles the
evenness takes into consideration the relative abundance of each species [47]. The Shannon
Diversity Index (H′) accounts for both the species richness, species abundance [58]. The
original Simpson Index (D) emphasizes on the evenness component of diversity [55]. The
Shannon Index is sensitive towards species rarity and abundance, whiles the Simpson
Index is sensitive towards abundance in species distribution [56]. These indices have been
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used widely and are confirmed to have a relationship with spectral reflectance of remote
sensing sensors [22].

H′ = −
S

∑
i=1

pi x ln(pi) (1)

D1 = 1−
S

∑
i=1

pi (2)

S = N (3)

where pi is the proportionate abundance of the ith species in the sampling plot, S is the total
number of all species in a sampling plot, and ln is the natural logarithm of the proportionate
abundance of species in the sampling plot.

2.3. Remote Sensing Data

We used four different sensors of different spectral and spatial resolutions because
the study’s focus was to compare and assess multi-sensor spectral and spatial resolution
effects on accuracies in tree species diversity prediction. The satellite imageries used in
the study were Landsat 8, Sentinel 2, RapidEye and PlanetScope (Table 1). All the images
were cloud-free. The Landsat 8 has 10 spectral bands covering the visible to the shortwave
infrared (SWIR) region of the electromagnetic (EM) spectrum with a spatial resolution of
30 m. The Sentinel 2 has a spectral resolution of 13 also ranging from the visible range
to the SWIR region of the spectrum with varying spatial resolution. The blue, green, red
and near infrared (NIR) spectral bands have a spatial resolution of 10 m, whiles the three
edges bands, narrow near infrared (NNIR) and the two shortwave infrared bands (SWIR 1
and SWIR2) have a spatial resolution of 20 m. The coastal aerosol (Band 1), water vapour
(Band 9) and cirrus bands (Band 10) have spatial resolution of 60 m. The Landsat 8 and the
Sentinel 2 are both freely available imagery that has been used extensively for vegetation
related studies. The Landsat 8 is provided by the United States Geological Service (USGS)
whiles Sentinel 2 is provided by the European Space Agency (ESA).

The RapidEye have a spatial resolution of 5 m and five spectral bands which ranges
from the visible to the NIR region of the EM spectrum. It is also among the sensors that
have been used extensively for vegetation studies. On the hand, the PlanetScope is a
relatively new sensor and it is yet to be much used in diversity prediction. It has four
spectral bands ranging from the visible to the NIR of the EM spectrum with a spatial
resolution of 3 m. Both the RapidEye and PlanetScope are commercial sensors provided by
the Planet Team.

A Landsat 8 image captured on 8 May 2019 was downloaded from the Earth Explorer
website (www.usgs.gov) of the USGS. The Landsat 8 image was atmospherically corrected
from Top-of-Atmosphere to surface reflectance using the apparent reflection function
in ArcGIS 10.6.1. The coastal aerosol band (Band 1), the panchromatic band (Band 8),
Cirrus (Band 9) and thermal infrared bands (Bands 11 and12) were not included in the
bands considered for the analysis. They were excluded because the band 1 contains
aerosols, band 8 is panchromatic, band 9 contains cloud information, whiles bands 11 and
12 contains thermal information. The Sentinel 2 image was captured on 14 April 2019 and
was similarly downloaded from the Earth Explorer website (www.usgs.gov) of the USGS.
It was atmospherically corrected using the semi-automatic classification plugin (SCP) of
the QGIS 3.10 software. The image radiance was transformed into spectral reflectance with
the dark object subtraction (DOS1) SCP plugin of the QGIS 3.10 software. The image was
further resampled to 10 m spatial resolution using the SNAP toolbox for the spectral bands
to have a uniform resolution, as they are varied. This operation was done to enhance the
analysis. The Bands 1, 9 and 10 were excluded because they contain aerosols, water vapour
and cloud information respectively. The PlanetScope and the RapidEye images were
downloaded from the Planet Explorer website (www.planet.com/www.api.planet.com).
The PlanetScope was captured on 30 April 2019 while the RapidEye was captured on

www.usgs.gov
www.usgs.gov
www.planet.com
www.api.planet.com
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18 June 2019. The two images were atmospherically corrected by the suppliers (Planet
Team) and subsequently provided to be downloaded for the analysis. The characteristics
of each of the four images have been detailed in Table 1.

Table 1. Details of the spectral and spatial resolution of satellite imageries.

Sentinel 2 Landsat 8 RapidEye PlanetScope

Bands Bandwidth
(nm)

Spatial
Resolution

(m)
Bands Bandwidth

Spatial
Resolution

(m)
Bands Bandwidth

(nm)

Spatial
Resolution

(m)
Bands Bandwidth

(nm)

Spatial
Resolution

(m)

Blue 458-523 10 Blue 452-512 30 Blue 440-510 5 Blue 455-515 3
Green 543-573 10 Green 533-590 30 Green 520-590 5 Green 500-590 3
Red 650-680 10 Red 636-673 30 Red 630-685 5 Red 590-670 3
RE1 698-713 20 NIR 851-879 30 RE 690-730 5 NIR 780-860 3
RE2 733-748 20 SWIR1 1566-1651 30 NIR 760-850 5
RE3 773-793 20 SWIR2 2107-2294 30
NIR 785-899 10

NNIR 855-875 20
SWIR2 1565-1655 20
SWIR2 2100-2280 20

Note: RE: Red edge; NIR: Near infrared; NNIR: Narrow Near infrared; SWIR: Shortwave infrared.

2.4. Important Variables Selection

The Recursive Feature Elimination (RFE) algorithm was subsequently used to select
important variables to be used as input variables for the Random Forest regression model
for each of the four images. This process is very important as it helps to eliminate noisy
variables and reduce redundancy and computational complexities [59,60]. The RFE process
of elimination is carried out in a stepwise approach involving; (1) the training of the RF
model, (2) computing the permutation importance measure, (3) eliminating of the less
relevant variables (features) and (4) repeating the first 3 steps until no further variables
remain [60]. The most informative variables are ranked in the last stage of the steps of the
backward procedure and the algorithm selects a smaller size and more efficient variable
subset.

The SWIR1, SWIR2, RE2, NIR and NNIR bands were selected for the Sentinel 2,
whereas the Red, NIR and RE bands were selected for the RapidEye. The VNIR bands were
maintained by the algorithm for the PlanetScope after the running of several iterations.
Lastly, the Green, Red, NIR and SWIR1 bands were selected for the Landsat 8.

2.5. Random Forest Regression Modelling

Random Forest (RF) [61] regression models were used to predict the tree species diver-
sity based on the Shannon diversity (H′) and Simpson diversity (D1) and Species richness
(S) derived from the field measured data. The prediction established the relationship
between the diversity indices and the spectral characteristics of the image data. The RF
is a non-parametric machine learning algorithm which can undertake both classification
and regression [61]. A bagging system is used to split the data by the algorithm where
a part of the data is used for training and building the decision tree. The remaining set
is used for estimating the out-of-bag (OOB) error for each tree. The RF algorithm has an
advantage of not overfitting data because there is a convergence of the generalization error
when the number of trees increases [61,62]. It is also able to deal with the problem of
multicollinearity [63,64]. The RF has two main parameters of the RF that contribute to the
accuracies of models. These are the ntree and the mtry and they may be tuned or left in
defaults values. The ntree has a default value of 500 and it is the total number of decision
trees grown in the model. The default value of the mtry is the total number of predictor
variables divided by 3 (N/3) when it used in regression models. Studies that have used the
default values of both parameters have obtained satisfactory results [65,66]. Aside from
these characteristics, the RF enables the assessment and ranking of statistical significance
of each predicting variable in the model with the use of its variable importance feature.

The four models were implemented with the “randomForest” package [67] in the R
statistical software environment [68]. The spectral pixel values of each of the four images
were extracted and used in the models. The 275 sample plot values of each of the Shannon
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(H′) and Simpson (D1) diversity indices and Species richness (S) values computed from tree
species data were partitioned into 70% training data (192), and 30% independent validation
data (83) in a random selection approach. We calibrated each RF regression model with the
training data and then applied the bootstrapping of 500 iterations to predict the diversity.

A parameter optimization process was carried out to find the best ntree and mtry
values for the RF model of each of the four satellite imageries. The “tuneRF” function in
the “randomForest” package was used to find the optimal mtry value for the models. The
value obtained after the process was 1 for all the models. On the other hand, the optimal
ntree values obtained for the Sentinel 2, RapidEye, PlanetScope and the Landsat 8 models
were 600, 500, 900 and 400 respectively. The ntree and the mtry values were then used in
models for predicting the tree species diversity. The independent 83 validation set of each
image was subsequently used for the validation of prediction accuracies.

2.6. Models Evaluation

The four RF regression models’ predictive abilities were compared and assessed based
on two main statistical parameters. These parameters were the coefficient of determination
(R2), and the root mean squared error (RMSE). The means of the 500 bootstrapped samples
were used to calculate the accuracy parameters values. The RF regression model with the
highest R2 and lowest RMSE values was determined as the most accurate.

2.7. Variable Importance

The variable importance feature of the RF algorithm was applied to evaluate and
rank the predicting variables according to their statistical importance in contributing to the
accuracy of each model. The importance of each variable is determined by the percentage
increase in mean squared error (%IncMSE). The %IncMSE denotes the effect of a predicting
variable in a model when it is removed from it. This was assessed to determine the spectral
bands that play an important role in the prediction and correlated well with the Shannon
Diversity Index (H′) and Simpson Diversity Index (D1) and Species richness (S) for the
subtropical natural forest.

3. Results
3.1. Field Inventory Data Analysis

The descriptive statistics for the Shannon Index (H′) and Simpson Index (D1) and
Species richness (S) that were computed for the field inventory is presented in Table 2.

Table 2. Descriptive statistics of Shannon Index (H′), Simpson Index (D1) and Species richness (S)
produced from the field inventory data.

Parameter Shannon Index Simpson Index Species Richness

Mean 2.055 0.891 9
Minimum 0.949 0.155 4
Maximum 2.718 0.993 15

Standard Deviation 0.290 0.068 2.47

3.2. Sensor Performance Evaluation

The RF model was utilized to evaluate the performance of the four sensors for the
prediction of the tree species diversity for Shannon Index, Simpson Index, and the Species
richness. Their performances was evaluated based on the R2 and the RMSE. The model
with the highest R2 and lowest RMSE was considered as more accurate and robust.

As illustrated in Table 3, the Sentinel 2 image model was the most accurate (R2 = 0.926,
RMSE = 0.148) for the prediction of tree species diversity derived using Shannon Index while
the RapidEye emerged as the second accurate (R2 = 0.902, RMSE = 0.147) for the same diversity
index. The PlanetScope model was the third accurate (R2 = 0.898, RMSE = 0.156) with the
Landsat 8 model being the least accurate (R2 = 0.529, RMSE = 1.748).
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Table 3. RF sensor model accuracies for the Sentinel 2, RapidEye, PlanetScope and the Landsat 8 for Shannon Index,
Simpson Index and the Species Richness.

Image Shannon
Index

Simpson
Index

Species
Richness

R2 RMSE p Value R2 RMSE p Value R2 RMSE p Value

Sentinel 2 0.926 0.148 <2.2 × 1016 0.917 0.043 <2.2 × 1016 0.923 1.183 <2.2 × 1016

RapidEye 0.902 0.147 <2.2 × 1016 0.915 0.044 <2.2 × 1016 0.833 1.287 <2.2 × 1016

PlanetScope 0.898 0.156 <2.2 × 1016 0.899 0.045 <2.2 × 1016 0.900 1.293 <2.2 × 1016

Landsat 8 0.529 1.748 <2.2 × 1016 0.410 0.063 <2.2 × 1016 0.532 1.746 <2.2 × 1016

The Sentinel 2 and the RapidEye were the most accurate with a comparable accuracy
output (R2 = 0.917, RMSE = 0.043 and R2 = 0.915, RMSE = 0.044 respectively) for the
tree species prediction tree with the Simpson Diversity Index [D1] (Table 3). Whereas the
PlanetScope produced the second-best accuracy (R2 = 0.899, RMSE = 0.045), and Landsat
8 was the least accurate (R2 = 0.410, RMSE = 0.063).

The Sentinel 2 was once more the most accurate (R2 = 0.923, RMSE = 1.983), under
the Species richness (S), whiles the PlanetScope was the second accurate (R2 = 0.900,
RMSE = 1.293) (Table 3). The RapidEye was the third accurate (R2 = 0.833, RMSE = 1.287),
and the Landsat 8 was the least accurate model (R2 = 0.532, RMSE = 1.746).

The statistical evaluation conducted for the prediction has been presented in Table 4. It
was observed that there was a slight underestimation for the prediction under the Shannon
Index and the Species richness by all the four images. On the other hand, the prediction for
with the Simpson Index had the field measured values and the predicted values correlated
much better as they were within ranges of each other. Scatter plots produced by each RF
model of the imageries which establishes the relationship between the field measured and
predicted diversity under the Shannon Index, Simpson Index and Species richness are
presented in Figures 2–4.

Table 4. The statistical analysis of the prediction made with the RF for each of the images under the Shannon Index, Simpson
Index and the Species richness.

Satellite
Image Parameter Shannon

Index
Simpson

Index
Species

Richness

Sentinel 2

Mean 2.05 0.89 9.24
Minimum 1.51 0.55 6.58
Maximum 2.34 0.95 12.7

Standard deviation 0.15 0.04 1.33

RapidEye

Mean 2.05 0.89 9.22
Minimum 1.40 0.53 5.73
Maximum 2.44 0.94 13.48

Standard deviation 0.18 0.04 1.41

PlanetScope

Mean 2.05 0.89 9.26
Minimum 1.61 0.56 6.25
Maximum 2.44 0.95 12.67

Standard deviation 0.15 0.04 1.30

Landsat 8

Mean 2.06 0.89 9.04
Minimum 1.73 0.73 6.13
Maximum 2.42 0.95 13.37

Standard deviation 0.15 0.04 1.41
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3.3. Predicting Important Variables

The Variable Importance feature of the RF was utilized to rank the importance of
each remote sensing variables for the prediction of the tree species diversity. RF regression
algorithm provides the percentage increase mean square error (%IncMSE), which was
used to rank the variables. The variables for each of the sensors under the Shannon Index,
Simpson Index and the Species richness were ranked in decreasing order of importance for
each RF model.

Table 5 illustrates the ranking of the important variables of the Sentinel-2 spectral
bands used for the prediction of tree species diversity under the Shannon, Simpson, and
Species richness indices. The SWIR1 band was the most important variable for the tree
species diversity predicted using Shannon index. The second-best to the least important
variables were the SWIR 2, RE2, NNIR and the NIR respectively.

Table 5. Variable importance ranking for the Sentinel 2 image model under the Shannon Index,
Simpson Index and the Species richness.

Shannon Index Simpson Index Species Richness

Band %IncMSE Band %IncMSE Band %IncMSE

SWIR1 17.75 RE2 6.71 SWIR1 18.57
SWIR2 14.11 SWIR1 6.05 NNIR 16.19

RE2 13.52 SWIR2 5.43 SWIR2 13.27
NNIR 8.97 NNIR 4.50 RE2 10.88
NIR 4.89 NIR −0.03 NIR 6.99

For the Simpson Index (D1) predictions, the RE2 was the most important variable,
whiles the SWIR1 was the second important variable. The third and fourth positions were
occupied by the SWIR2 and NNIR. The NIR was again least important in the prediction.
The %IncMSE values indicated that it played a very minimal role for this diversity index.
Regarding the Species richness, the SWIR1 was once more the most important variable,
whiles the NNIR, SWIR2, RE2 and NIR followed as second to the least, respectively.



Remote Sens. 2021, 13, 1033 11 of 18

The important variable ranking for the RapidEye spectral bands used in the RF model
has been illustrated in Table 6 for the Shannon Index, Simpson Index and the Species
Richness. The most important variable under the Shannon Index was the Red band. The
second was the NIR whereas the RE was last. The ranking of the most important variables
for the Simpson Index and the Species richness was the same. The NIR was the most
important band, whiles the RE and Red bands were the second and third respectively.

Table 6. Variable importance ranking for the RapidEye image model under the Shannon Index,
Simpson Index and the Species richness.

Shannon Index Simpson Index Species Richness

Band %IncMSE Band %IncMSE Band %IncMSE

Red 19.64 NIR 6.28 NIR 12.58
NIR 14.24 RE 4.79 RE 9.25
RE 14.01 Red 1.91 Red 8.39

Table 7 displays the important variables for the PlanetScope image under the three
diversity indices. The Green and Red bands had the same level of significance under the
Shannon Index in their contribution to the accuracy of the image’s model. They shared the
first position whiles the Blue band was third and the NIR was the least significant. For the
Simpson Index, the Green band was the important variable for the prediction done under
the Simpson Index. The NIR was the second-best contributor to the accuracy with the Blue
and Red being third and last. With the Species richness, the NIR emerged as best variable
and the Green band was the second best. The Red and Blue bands shared the third and
fourth position respectively.

Table 7. Variable importance ranking for the PlanetScope image model under the Shannon Index,
Simpson Index and the Species richness.

Shannon Index Simpson Index Species Richness

Band %IncMSE Band %IncMSE Band %IncMSE

Green 9.93 Green 6.03 NIR 14.54
Red 9.91 NIR 5.83 Green 13.46
Blue 7.78 Blue 5.44 Red 12.78
NIR 7.04 Red 2.01 Blue 10.11

The variable importance of the Landsat 8 was not much different from that of the
Sentinel 2, RapidEye and the PlanetScope as presented in Table 8. The SWIR1 which is one
of the key spectral bands of the Landsat 8 was the most important variable for the Shannon
Index. The NIR occupied the second position, followed by the Green and Red bands as
third and last respectively. The reverse was the situation under the Simpson Index, where
the NIR was the most important and the SWIR1 was the second. The Red band emerged as
the third and the Green was the last. In the case of the Species richness, the SWIR1 was the
best variable and the NIR following as the second-best variable. The Red and Green bands
occupied the third and last position respectively.

Table 8. Variable importance ranking for the Landsat 8 image model under the Shannon Index,
Simpson Index and the Species Richness.

Shannon Index Simpson Index Species Richness

Band %IncMSE Band %IncMSE Band %IncMSE

SWIR1 18.01 NIR 8.36 SWIR1 18.96
NIR 15.38 SWIR1 7.87 NIR 16.71

Green 14.16 Red 5.11 Red 13.91
Red 11.96 Green 3.77 Green 13.80
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4. Discussion

In recent years there has been the launch and availability of free and commercial
remote sensors that produce imageries which are adopted for forest vegetation-related
research. The spectral and spatial attributes are vital for remote sensing imagery, and these
could influence their suitability, and robustness for the characterization and prediction
of forest attributes such as tree species diversity [69]. The sensor type influences and
contributes much to accuracy [70]. Therefore, the assessment of different sensors based
on their spectral and spatial resolution in the prediction and mapping species diversity is
beneficial to ecologist and remote sensing experts. It is worth noting, that each sensor does
have its strength and limitation [71], as a result of their spectral and spatial resolutions.
This was displayed in the accuracy produced under each of the three diversity indices.
Furthermore, it indicates the relationship between the predicting spectral variables and
the indices.

The Sentinel 2 imagery was the most accurate and performed better than the RapidEye,
PlanetScope and Landsat 8 for the prediction using the Shannon Index and the Species
richness. It was also the best image together with the RapidEye under the Simpson Index
as both had a comparable high R2 and low RMSE. Several factors could account for the
higher performance of the Sentinel 2 than the other images. Firstly, the five important
spectral bands (RE2, NIR, NNIR, SWIR1 and SWIR 2) selected through the application
of the Recursive Feature Elimination (RFE) may have been robust than that of the other
three images. The availability of the red edge and the SWIR bands for the Sentinel 2
might have also contributed significantly to its accuracy. The red edge and SWIR bands,
which are also positioned in Sentinel 2, have a higher sensitivity to healthy vegetation and
minimum susceptibility to saturation [72,73]. These attributes of the bands make them
effective for diversity prediction in high density natural forest. It is important to note
that the sensitivity of the red edge and the SWIR bands enhance their correlation with
vegetation [74]. This sensitivity may be attributed to the narrow bandwidth and their
location in the electromagnetic spectrum. It is also likely that the spectral bands of the
Sentinel 2 are more informative than that of the RapidEye, PlanetScope and the Landsat 8.
This may explain the better correlation of the Sentinel 2 with the field measured Shannon
Index, Simpson Index and the Species richness that led to its high accuracy. Also, the larger
number of spectral bands used for the RF regression model of the Sentinel 2 could have
enhanced its capability and influenced the high accuracy. Findings of Rocchini, Ricotta [75]
indicated that a large number of spectral bands increased diversity prediction accuracy,
thus, suggesting the preference of large number spectral bands to a small number [76]. The
spatial resolution of the Sentinel 2 could have also been a key factor because the pixels of
the image are likely to have more tree species falling within it. As a result, more information
on vegetation might have been preserved for the image. Since the three diversity indices
rely on the types and number of species, the ability of the image to have more trees
falling well within its pixels is vital for higher accuracy in predictions. Our study shares a
similarity with Mallinis, Chrysafis [47], who also found the Sentinel 2 performing better
than the RapidEye in species diversity prediction in the Mediterranean region. Among
other reasons, the study indicated that the absence of SWIR bands for the RapidEye could
be a contributing factor, which have some relations to our findings. The inherent capability
of the Sentinel 2 that enhances the detection and characterizing of vegetation have been
confirmed in other research [13,77,78], which further validates our findings.

A knowledge of the variables that contributed most to the accuracy of models is
important in modelling. It helps to select key variables that are robust, reduces redundancy
and noise in the prediction and characterisation of vegetation attributes [59,79]. With
regards to the Sentinel 2, the RE2, SWIR1 and the SWIR2 contributed significantly to
accuracy outputs both under the Shannon index and the Species richness, mainly due to
their high sensitivity to vegetation. Immitzer, Neuwirth [77] also observed that the red
edge and the SWIR bands were useful and produced better accuracy for broadleaf species
classification. In addition, the importance of the red edge band is emphasized by Grabska,
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Hostert [9], while Persson, Lindberg [35] and [80] highlights the significance of the SWIR
vegetation variability classification and separation. It is worth stating that, though the
NIR had a higher reflectance for healthy vegetation, it was the least contributor to the
higher accuracy of the Sentinel 2. It was not robust enough for the prediction as it could
not enhance the capabilities of the image. With the advancement and increase in remote
sensing imagery and their application to vegetation and forests attribute characterisation
and mapping, the identification of these key bands is vital.

In the prediction with the Simpson Index, the RapidEye performed better than the
PlanetScope and the Landsat 8 as it produced a comparable higher accuracy together
with the Sentinel 2. This could have been due to the availability of the red edge and the
NIR band for the RapidEye [77,80,81], which may have significantly contributed to the
higher accuracy it produced under this diversity index. Though, it has been suggested
that having a larger number of variables are important [75,76], it is also possible that
selecting few but robust and informative bands as inputs variables for a model could
help produce noise and produce higher accuracies. That might have worked for the
RapidEye under the Simpson Index. On the other hand, its finner spatial resolution could
have had an effect on accuracies under the Shannon Index and the Species richness. It is
indicated that higher spatial resolution of satellite imageries usually contain the structural
attributes of vegetation community, but some information on the species type and the
relative abundance is lost [82]. This may further account for why it placed second to
the Sentinel 2 under the Shannon Index and Species richness. Taking individually, its
coefficient of determination for the three diversity indices ranged between 0.83 and 0.92,
accounting for its good explanation of the variance and suitability for diversity modelling.
The RapidEye has been found useful in vegetation studies such as intra and inter-species
biomass prediction [83], forest structural information [84], tree species classification [10]
and urban vegetation classification [43]. Hence, it could further be evaluated in similar
studies to ascertain its suitability for diversity prediction.

The PlanetScope is a relatively new image as compared to the RapidEye, Sentinel 2
and Landsat 8. It was the second-best image for the Simpson Index, but the third-best for
the Shannon and the Species Richness in the prediction. Though four spectral bands were
used for its RF regression model, its spectral bands are likely less informative and sensitive
to vegetation as compared to the RapidEye and the Sentinel 2. Its bands are made up of
only the visible and near infrared (VNIR) and lacks bands such as the red edge and the
SWIR. This might have also accounted to the low accuracies it had as compared to the
Sentinel 2 and the RapidEye. As identified by our study findings and other vegetation
related studies [47], the red edge and SWIR are very useful and contributes to model
accuracies. Similarly, to the RapidEye, the fine spatial resolution of the PlanetScope might
have also reduced its ability to have a high number of species, thereby producing lower
accuracies for the Shannon Index and the Species richness. On a positive side, it has a very
good temporal resolution (revisit time) of one day, which makes it a suitable image for
time series species diversity studies. It could also be accessed for vegetation phenological
and seasonal variation studies because of the daily revisit time that could capture seasonal
changes observed in vegetation. In the variable importance assessment, the Green and
NIR bands were much accurate respectively for the Shannon Index, Simpson Index and
the Species richness. Generally, the VNIR bands are common to most satellite images and
are sensitive and correlate well with vegetation [32]. Among the VNIR bands, the Red,
Green and the NIR have high reflectance for healthy vegetation and could be considered
as part of the spectral bands employed for diversity prediction in high density natural
subtropical forests.

The low performance of the Landsat may be directly related to the low spatial resolu-
tion as compared to the other images. Its accuracy for the Shannon and Simpson indices
were just about half of that of the other images. Contrary to the findings of our studies,
it has provided satisfactory accuracies in studies, [30,85], though it was not compared
with other images. On a more general basis, it is among the images that have been used
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for vegetation studies including diversity [18,19,30]. Furthermore, its bands have been
designed and improved for detecting and mapping vegetation [86,87], and it has proven to
be useful for those vegetation studies. Similarly, the most important variables among the
spectral bands used for the prediction under the three indices were the SWIR 1 and the
NIR. The importance of these bands needs not to be overemphasized as their capabilities
have already been indicated for the other images. On an individual basis, it may be useful
for diversity prediction as has been found in vegetation related studies. Its high amount of
historical data could be explored for multitemporal and time series diversity studies.

Generally, the spectral bands had a high relationship with the Shannon index, Simpson
index and the Species richness with most of the accuracies for the Sentinel 2, RapidEye
and PlanetScope. Successful diversity estimation with the utilisation of remote sensing
data would be dependent on the spectral variables that could suitably capture the species
diversity for the landscape in question [30]. Therefore, spectral bands in the VNIR up to
the SWIR region could be used to further ascertain their suitability for diversity prediction
and mapping in natural subtropical forests.

Concerning the diversity indices, the use of either one of them could be dependent on
the objective of the study, the forest type and the image. Spectral bands respond differently
to them in their application to diversity prediction. However, little attention has been given
to finding out much about their sensitivity to the species distribution patterns [30], with
the use of spectral variables. Since species abundance, richness and evenness are likely to
change with time, it may be important to determine the indices that best correlates with
spectral variables through seasonal and temporal studies.

The Random Forest regression algorithm was very beneficial in the prediction by
each image model. It demonstrated the capability to handle different types of complex
remote sensing image data [88]. Since it is a non-parametric machine learning algorithm, it
does not assume normality [89]. This attribute is useful for natural forests since they are
mostly heterogeneous and do not have a normal distribution. Furthermore, it can handle
redundancy, reduce noise and deal with multicollinearity [61,63]. All these might have
probably influenced the functioning of the models to produce satisfactory accuracies. It
could explain why the RF is mostly adopted for most vegetation related studies including
diversity prediction.

The findings of our study have shown the capability of the images and important
spectral bands most especially for the Sentinel 2, RapidEye and PlanetScope that are
optimal for the prediction and mapping of tree species diversity. The output of our study
is important for forest managers and ecologists in the modelling and prediction of trees
species diversity. This could assist forest managers and ecologist in the selection of images
and spectral bands for the prediction of diversity in natural subtropical forests. Generally, it
could assist in the application of remote sensing technology and modelling in the estimation
of diversity.

5. Conclusions

Our study assessed how spectral and spatial resolutions influence the accuracy of
remote sensing imagery models based on the Shannon index, Simpson index and Species
richness for the Nkandla natural forest in the Republic of South Africa. Since various
sensors perceive vegetation differently based on their spatial and spectral resolutions,
finding a suitable one for the prediction of the tree species diversity in high density natural
forest is important. It has been demonstrated in our studies and others that both the
spectral and spatial resolutions of satellite imagery have much influence on the accuracies
of images. The medium spatial resolution of Sentinel 2 and its spectral resolution makes it
more capable in the prediction of the diversity. Though the RapidEye, PlanetScope and
the Landsat 8 had lower performances than the Sentinel 2, it is not indicative that they
may not be used for diversity prediction in natural subtropical forests. Since their abilities
has been demonstrated in our study, they may be used to further ascertain the condition
under which they could work better. On an individual basis, each of imageries may be
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applied as they produced satisfactory accuracies. Also, since there are no generic spectral
and spatial resolutions for diversity prediction currently, more studies could be carried out
to test different sensors in various forest types to ascertain which could work much better.
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