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Mapping invasive alien plants (IAPs) has become essential for land and biodiversity conservation authorities, as these species can
transform the areas they invade. Fortunately, advances in remote sensing using publicly available products such as Sentinel-2 have
improved this process, especially in hard-to-access mountainous regions. In South Africa, poplar (Populus alba) is among the IAPs
of concern and is found in the eastern Free State and elsewhere in the country, but remote sensing has not yet been used to map this
species. Using Sentinel-2 imagery and the random forest (RF) algorithm, this study allowed us to: (a) map and distinguish poplar
trees from other land covers throughout the year in the eastern Free State’s mountainous region, (b) evaluate influential bands and
their combinations in classification, and (c) assess the accuracy of the classification for the first and second halves of the year.
The results showed that images from the first half of the year (January—June) had higher classification accuracy (overall accuracy
[OA] =91% and kappa = 0.89) than those from the second half (Jul-Dec) (OA =87% and kappa = 0.84). Poplar and other classes
were separable, with poplar mostly found in riparian areas. The study identified variables such as short-wave infrared-1 (SWIR-1),
normalized difference vegetation index (NDVI), blue, poplar detection index-1 (PI-1), modified normalized difference water index
(MNDWI), near-infrared (NIR), and PI-3 as key parameters for classifying poplar trees in mountainous regions. Overall, our
findings demonstrate that Sentinel-2 bands and indices combined with an RF classifier provide an effective method for mapping
poplar invasive trees in mountainous ecosystems.
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limited resources [6, 7]. Several IAPs, including poplar species,
have been documented to spread and replace important native
species in many locations [8-10], particularly in grazing and

1. Introduction

The invasive alien plants (IAPs), referring to species introduced

to new habitats, intentionally or unintentionally, by humans or
natural influences, such as wind [1, 2], pose a significant threat
to natural and human-modified environments worldwide,
reportedly affecting biodiversity, ecosystem services, the econ-
omy, and society [3-5]. Most of these species are adaptable and
naturalize in new ecosystems, outcompeting native species for

remote areas, negatively impacting various agricultural and
socioeconomic elements [5]. Knowledge of IAPs’ geographical
distribution and extent of invasion is necessary to reduce these
impacts [11], and remote sensing has demonstrated remark-
able capabilities in this regard [12]. More recently, Mapuru et al.
[13] reviewed remote sensing of poplar studies and found a


https://orcid.org/0000-0002-5248-8314
https://orcid.org/0000-0003-0849-0967
https://orcid.org/0000-0002-4784-576X
https://orcid.org/0000-0003-1625-5422
mailto:johnmapuru97@gmail.com
https://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1155%2Fjs%2F3138385&domain=pdf&date_stamp=2025-08-21

growth trajectory worldwide, demonstrating varying degrees of
success in ground-to-satellite sensors for mapping and moni-
toring of this species.

Despite these encouraging patterns and the poplar inva-
sion in South Africa, few studies have explored poplar specifi-
cally using remote sensing approaches in the country. Publicly
available products, such as Landsat and Sentinel-2, have
shown satisfactory results in discerning poplar in complex
landscapes [14-16]. For this purpose, Sentinel-2 products
appear as a preferred choice over Landsat [17], especially in
regions affected by frequent cloud cover. This is partly due to
their relatively shorter acquisition cycle of three to 5 days
(increasing the probability of cloud-free scenes) and 13 spec-
tral bands. These properties have facilitated detailed charac-
terization of poplar, including biophysical structure and
biomass from tree to landscape level [18, 19]. Other com-
monly used products, such as light detection and ranging
(LiDAR), are limited by higher costs, particularly in develop-
ing countries with limited financial resources [13]. Therefore,
the use of Sentinel sensor images has become a practical solu-
tion [16, 20], especially in mountainous areas [21]. Studies
using a combination of machine learning and Sentinel pro-
ducts to map poplar have achieved optimal classification
accuracies [16, 22]. For instance, Ozturk and Colkesen [23]
used random forest (RF), support vector machine (SVM), and
Adaboost along with Sentinel-2 imagery to map poplar tree
growing areas in the Akyazi district of Turkey. The study
yielded remarkable results, with RF achieving an accuracy
of 99%, outperforming SVM (98%) and Adaboost (97%).
Recent studies have improved accuracy by computing various
indices suitable for poplar classification in addition to using
bands of the images [20]. While there have been successful
remote sensing and machine learning techniques for mapping
poplar in agriculture and natural forested areas, less has been
done to quantify the distribution of poplar in the mountain-
ous landscapes of South Africa. To our knowledge, our study
will be the first to spectrally map poplar distribution against
other land cover features in South Africa.

Poplar (Populus alba) is a fast-growing and highly adapt-
able species that has been introduced to many regions outside
of its natural range, including South Africa [24]. Due to its
occurrence and impact in fragile landscapes such as riparian
zones, it has been classified as a species of high concern by the
South African National Parks (SANParks) [25, 26]. Itis listed as
Category 2 in the published lists of IAPs under the National
Environmental Management: Biodiversity Act (NEMBA;
Number 10 of 2004). Poplar species are often found near water
bodies and consume more water, leaving native plants with less
water [27, 28]. This signifies the need for mapping and moni-
toring of its distribution and abundance for effective manage-
ment and conservation of natural resources. Mapuru et al. [10]
modeled the potential habitat for poplar invasion in the coun-
try, which includes the eastern Free State province as one. In
the same region, Steenhuisen et al. [29] manually identify the
presence of poplar trees in the Golden Gate Highlands National
Park (GGHNP) using traditional survey methods. In this study,
we present a first attempt to demonstrate the ability of remote
sensing techniques for poplar monitoring in South Africa,
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which holds much promise to complement other mapping
efforts.

The objective of this study is to discern the P. alba species
over a mountainous landscape in the eastern Free State prov-
ince of South Africa using Sentinel-2 imagery and the RF algo-
rithm. Specifically, our study allowed us to: (1) distinguish
poplar from other types of land cover classes at different times
of the year, (2) identify the key spectral bands and indices in the
classification process, and (3) evaluate the accuracy of the clas-
sification process over the study period.

2. Materials and Methods

2.1. Description of the Study Area. The research study was
conducted at Phuthaditjhaba, an area situated in the northeast-
ern Free State (Figure 1). The area’s elevation ranges from 1675
to over 2200 m above sea level. Phuthaditjhaba is intersected by
streams, such as Metsi-Matso, Mphukojwane, and Namahadi,
which converge to form the Elands River. According to the
Agricultural Research Council Institute for Soil Climate and
Water [30], Phuthaditjhaba has moist and warm summers and
dry and cold winters. The region receives an average annual
rainfall of about 629 mm, with most of it falling between Octo-
ber and March. The Karoo Supergroup is the primary geologi-
cal formation in this area [31]. Glenrosa, lithosols, and mispah
are the main soil types in Phuthaditjhaba [32]. From a vegeta-
tion perspective, the study area is part of the grassland biome,
with some forest patches.

2.2. Methodological Approach. The overall approach for exe-
cuting this study is outlined in the workflow diagram (Figure 2).
The workflow includes seven stages: data source, image selec-
tion, feature extraction, time series analysis, feature selection,
RF classification, and classification accuracy assessment.

2.3. Sentinel-2 Data Acquisition. The study utilized composite
imagery from the Sentinel-2 Surface Reflectance (SR) dataset
for the first and second half of 2023. This timeframe was chosen
to cover all phenological phases. Composite images were pre-
terred over individual ones because they minimize the impact
of noisy data caused by elements such as clouds, cloud sha-
dows, and haze. By merging multiple images into one, it
becomes easier to compare images over time. The study used
a simple median compositing method to produce composites
for the first and second halves of the year. The median method
is more resilient to outliers and prioritizes observations closest
to the central tendency [33]. The data was obtained from the
Digital Earth Africa Data Cube [34].

2.4. Image Selection. The image selection process involved
filtering the imagery to retain only scenes with less than 15%
cloud cover and full (100%) spatial coverage of the study area.
Sentinel-2 Level-2A SR products are already atmospherically
corrected; no additional atmospheric correction was required.
All selected images were subsequently clipped to the bound-
aries of the study area. This process took place within the
Digital Earth Africa Sandbox, a cloud-based computational
environment hosted in JupyterLab.
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FIGURE 1: Study area map showing (a) South Africa; (b) Free State; (c) QwaQwa; and (d) Sentinel-2 natural color image of the actual study site,

with ground truth data.

2.5. Feature Extraction. For this study, only Sentinel-2 spectral
bands relevant to vegetation analysis, specifically bands 2, 3, 4,
5,6, 7,8, 11, and 12, were extracted. Bands mainly used for
atmospheric studies (bands 1, 9, and 10) were excluded. To
ensure consistency in spatial resolution across all inputs, bands
originally at 20 m resolution were resampled to 10 m using the
Nearest Neighbor method. This standardization enabled accu-
rate analysis and integration of all selected bands. Table 1
shows the spectral bands included in the analysis. Sentinel-2
SR imagery was also used to calculate vegetation indices chosen
for their ability to distinguish vegetation from other land cover
types while reducing soil background interference. In particu-
lar, indices utilizing red-edge and near-infrared (NIR) wave-
lengths were applied to improve vegetation detection and
mapping [35-37]. These indices include the normalized differ-
ence vegetation index (NDVI) [38], modified normalized dif-
ference water index (MNDWI) [39], leaf area index (LAI) [40],
and four variants of the poplar detection index (PI; PI-1, PI-2,
PI-3, and PI-4) [20].

2.6. Ground Truth Data (Training and Validation). To pro-
duce an accurate land cover map, the first step involved

gathering high-quality reference data to train the classification
models, following solid standard practices in remote sensing [20,
41]. Populus alba presence samples were recorded using a Gar-
min Global Positioning System (GPS) device set to operate at
2m positional accuracy. Data collection was carried out under
optimal conditions, mainly during clear-sky periods with mini-
mal multipath interference to ensure precise geolocation. To
improve accuracy, field measurements were taken after allowing
enough time for the GPS receiver to lock onto multiple satellite
signals. The field-based dataset was further supplemented with
additional reference points taken from high-resolution imagery
accessible through Google Earth Pro. Poplar presence samples
were collected between January 5 and 15, 2023, a time when
P. alba shows distinct spectral features that help distinguish it
from other land cover types. Sample points were chosen from
areas where poplar was the dominant vegetation, especially
along riparian zones and wetlands that support its growth. To
ensure a balanced and thorough classification, more samples
were gathered for other land cover classes, including bare
land, grassland, settlements, roads, and water bodies within
poplar-invaded areas, using the same GPS method (Table 2).
The complete dataset was split into two parts: 70% was used to
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train the classification model to learn the relationship between
input features and land cover types, while the remaining 30%
was set aside for validation to evaluate the model’s accuracy and
fine-tune its parameters (Table 2 and Figure 3).

2.7. Time Series Analysis. The time series analysis was con-
ducted to determine the optimal months of the year to include
in the machine learning model for mapping poplar species. The
primary goal was to identify the periods when spectral charac-
teristics of different land use and land cover (LULC) types,
including poplar species, were most distinctive and informative
for classification purposes. By understanding these temporal var-
iations, we aimed to enhance the accuracy and reliability of the

orkflow diagram.

machine learning models. For each LULC class, median values of
the spectral indices were calculated across the time series. This
step aimed to identify the months when the spectral character-
istics of poplar species were most distinguishable from other
LULC types. The time series analysis revealed critical periods
during the year when the spectral signatures of different LULC
classes, including poplar species, exhibited maximum distinc-
tiveness. These insights guided the selection of specific months
for inclusion in the machine learning model, ensuring that the
temporal variability captured in the training data would enhance
the classifier’s performance. Based on the insights gained from
the time series plots, it was decided to create semi-annual med-
ians for the periods January—June and July—December.
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TaBLE 1: Sentinel-2 imagery bands and vegetation indices used.

Band/index Description Central wavelength (nm) Resolution (m)
B2 Blue 490 10
B3 Green 560 10
B4 Red 665 10
B5 Red edge 1 705 20
B6 Red edge 2 740 20
B7 Red edge 3 783 20
B8 Near-infrared (NIR) wide 842 10
B11 Short-wave infrared (SWIR) 1 1610 20
B12 Short-wave infrared (SWIR) 2 2190 20
NDVI NIRRED — —
MNDWI 8::::7% — —
LAI 3.618 XEVI — 0.118 — —
PI-1 SWIRI-SWIR2 — —
PI-2 Red edgel — (SWIR1 4 SWIR2) — —
PI-3 Red edgel—(SWIR1+SWIR2) _ .
Red edgel+(SWIR1+SWIR2)
PI-4 SWIRI + SWIR2 — —

TasLE 2: Training and validation data corresponding to land cover
classes.

Classes Training points Validation points Total

Bare-land 139 59 198
Grassland 138 59 197
Settlement 106 45 151
Poplar 141 61 202
Road 71 30 101
Water 143 61 204

»n

3

2

gg

"« Training

ﬁ « Validation| »

1000m | 8

T T - 3 ;%

28°49°48"E 28°50"24"E 8(31

FIGURE 3: Sentinel-2 true color image with overlaid training and
validation data.

2.8. Feature Selection. To improve classification accuracy and
make the model easier to interpret, a thorough feature selection
process was performed before implementing the RF algorithm.

The initial set of predictor variables included 10 Sentinel-2
spectral bands (bands 2, 3, 4, 5, 6, 7, 8, 8A, 11, and 12) along
with several derived vegetation and water indices. These indices
included the NDVI, NDWI, LAI, and four variants of the PI
designed to highlight the spectral features of P. alba stands
compared to other land covers. A Pearson correlation matrix
was created to evaluate multicollinearity among all input vari-
ables. Variables with a correlation coefficient above 0.90 were
considered highly correlated, and redundant features were
removed to prevent overfitting and redundancy. When high
correlation existed between variables, the feature with stronger
ecological or spectral relevance to poplar detection was kept.

2.9. RF Classification. The RF algorithm was used to classify
P. alba against other land cover types using selected Sentinel-2
spectral bands and vegetation indices. RF is a strong, nonpara-
metric ensemble learning method that builds multiple decision
trees and combines their outputs to enhance classification
accuracy and minimize overfitting [42]. Its capacity to handle
high-dimensional, collinear, and nonlinear datasets makes it
especially suitable for remote sensing land cover mapping
[43, 44]. The classification employed a carefully selected set
of input features derived through correlation analysis and vari-
able importance ranking. The final variable set included Senti-
nel-2’s short-wave infrared-1 (SWIR-1) band (band 11), blue
band (band 2), NIR (band 8), NDVI, MNDWI, and two variants
of the PI (PI-1 and PI-3). These features were chosen for their
strong ability to distinguish P. alba from other land cover types,
especially in diverse mountainous landscapes.

To ensure the model’s robustness and prevent overfitting, a
10-fold cross-validation was used [45]. The ground truth data-
set, comprising samples from six land cover classes, that is, bare
land, grassland, settlement, poplar, road, and water, was ran-
domly split into 10 parts. In each cycle, nine parts trained
the model and one part validated it. This process was repeated
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FIGURE 4: Spectral signatures for land cover classes ([a] PI-1, [b] SWIR-1, [c] Blue, [d] NDVI, [e] MNDWI, [f] NIR, and [g] PI-3).

10 times, with accuracy metrics averaged across all cycles to
provide a reliable performance estimate [45]. The number of
trees (ntree) in the RF model was explicitly tested and opti-
mized, while other parameters, such as the number of variables
tried at each split (mtry), remained at default settings. To find
the best number of trees, the model was run repeatedly with
ntree values from 10 to 1000. The configuration achieving the
highest overall accuracy (OA) during cross-validation was
selected for the final classification. The optimized RF model
was then used to classify the entire study area into six land
cover classes. The study measured variable importance using
the mean decrease Gini (MDG) value, which measures how
much a variable reduces the Gini impurity within a specific
class. A higher MDG value indicates a purer and more influ-
ential variable [46, 47].

2.10. Classification Accuracy Assessment. RFs classification
maps were created for images from January to June and from
July to December. The confusion matrix, OA, producer accu-
racy (PA), and user accuracy (UA), as well as, the kappa coetfi-
cient, were used to evaluate the accuracy and reliability of the
classification process as follows:

Overall accuracy = N

)

where C; =number of correctly classified pixels for class i
(diagonal values of the confusion matrix), N = total number
of observations (sum of all elements in the confusion
matrix), and k = total number of classes.

i

Producer accuracy; = ———,
2 1Cij
i=

where C; = correctly classified samples for class iand 3}, C; =
total reference samples for class i (column total for class 7).

ii

Zf:l Gi

User accuracy; =

’

where C; = correctly classified samples for class iand Y ¥, C; =
total predicted samples for class i (row total for class 7).

Kappa coefficient (k) = P

where P,=observed accuracy (same as OA) and P, =
expected accuracy.

PA indicates the likelihood that a randomly selected point
in the field has the same class value as indicated on the map,
while UA indicates the likelihood that a randomly selected
point on the map matches the class value in the field [48].
OA is calculated as the total number of correctly classified
values, and divided by the total number of values [48, 49].
Kappa coefficient measures the agreement between the classi-
fied map and reference/ground truth datasets.

3. Results

3.1. Spectral Separability of Classes. We begin this analysis
with a detailed consideration of the spectral separability of all
classes, with a particular focus on poplars. As already men-
tioned, we plot temporal signatures of different Sentinel-2
derived bands and their combinations for all classes over the
year 2023. The plots of the most influential variables are shown
in Figure 4. Our results show a clear pattern of class separability
in some variables at certain times of the year while spectral
overlap is relatively small but noticeable. In particular, the
blue band, NIR, SWIR-1, PI-1, and NDVI show a high degree
of separability between classes in the summer and autumn
months (Figure 4). Poplar is more distinct than other classes
with NDVI, blue band, NIR, and SWIR-1 during this period. In
autumn, the blue band showed moderate separability like
SWIR-1 in spring. Low separability between winter and spring
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image bands and indices. The higher the MDG value, the higher the predictor importance.

TasLE 3: Confusion matrix for (a) January—June and (b) July—December.

Classes Bareland Grassland Settlement Poplar Roads Water UA (%)
(a)
Bare land 181 6 2 5 3 1 91
Grassland 4 190 0 1 0 2 96
Settlement 7 1 141 0 2 0 93
Poplar 0 1 0 173 5 22 86
Road 2 0 4 3 92 0 91
Water 0 0 0 19 2 183 920
PA (%) 93 96 96 86 88 88 —
OA (%) 91
Kappa coefficient 0.89
(b)
Bare land 174 8 4 1 3 8 88
Grassland 8 184 0 2 0 3 93
Settlement 14 1 133 0 3 0 88
Poplar 4 2 0 147 9 39 73
Road 2 0 7 3 89 0 88
Water 1 0 0 18 0 185 91
PA (%) 86 94 92 86 86 79 —
OA (%) 87
Kappa coefficient 0.84

was observed for the blue band, NIR, SWIR-1, NDVI, PI-1, and
PI-3, with notable overlaps of spectral curves. The MNDWI
consistently shows low separability throughout the year.
Opverall, our results suggest that there is high separability
between classes in the summer and autumn months, while
moderate to low separability is observed in the winter and
spring months.

3.2. Influential Variables. In Figure 5, we show the most
important spectral bands and indices used to distinguish poplar
from other types of land cover in mountainous regions for (a)
January—June and (b) July-December 2023. Out of 16 spectral
variables, only seven were identified as important for the clas-
sification; however, their order of importance slightly varied in
the first and second half of 2023. As Figure 5a illustrates, the
first half had SWIR-1 as highly ranked, followed by the NDVI,
blue band, PI-1, MNDWI, NIR, and PI-3. In the second, the
NDVI was the most important in the classification process,

followed by the blue band, PI-3, MNDWI, SWIR-1, PI-1,
and NIR (Figure 5b).

3.3. Classification Algorithm Performance. We evaluated the
classification results based on the combined Sentinel-2 spectral
bands and indices, resulting in an overall classification accuracy
of over 80% for the January—June and July—December periods
(Table 3). The accuracy for January—June classification was
higher (UA [86%—96%], PA [86%—96%], OA [91%], and kappa
coefficient [0.89]) than for July—December (UA [73%—93%],
PA [79%-94%], OA [87%], and kappa coefficient [0.84]).
Our results suggest that the RF classifier and images acquired
during the January—June period are more optimal for the clas-
sification and separability of poplar from other land cover
types.

Figure 6 depicts classification maps created from (a)
January—June and (b) July-December Sentinel-2 imageries.
Both maps exhibit similar spatial distribution patterns for
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is included for visual inspection against classified maps.

different classes, with a slight overestimation of water, bare
land, settlement, and poplar in the July-December images.
Specifically, poplar appears to be concentrated along the ripar-
ian zones, which aligns with findings from previous studies on
poplar distribution trends.

4. Discussion

In this study, we utilized Sentinel-2 satellite imagery in combi-
nation with the RF classification algorithm to detect the presence
of poplar alien invasive plant species in the mountainous land-
scapes of Phuthaditjhaba. The classification process involved
imagery from the first and second halves of the year, with the
goal of assessing the mapping accuracy of both sets of images.
Firstly, we evaluated the distinguishability of poplar from other
land cover types across the different phases of the year through
time series analysis. Secondly, we employed the RF classifier to
identify the most important spectral bands and indices in the
classification process for both halves of the year. Finally, we
computed and produced a classification map depicting the spa-
tial distribution of poplar in relation to other land cover classes.

Our analysis of time series using Sentinel-2 spectral bands
and indices showed that there are specific months when pop-
lar and other land cover types can be distinguished from each
other, and there are also months when they are not easily
separable. We found that during summer and autumn, poplar
and other land cover types have distinct spectral characteris-
tics, while during most of the winter and spring, they exhibit
somewhat similar spectral characteristics, rendering them dif-
ficult to distinguish with high accuracy. Our findings align
with Cho et al. [50], who observed that Acacia species is
distinct from surrounding features during the growing season
(November—January) and peak period of vegetation produc-
tivity, and less separable during the winter period. Our results
provide detailed information on the bands and indices that
are associated with high, medium, and low separability at
different times of the year. This information is important
for selecting the appropriate bands and indices for models
that use images from periods where they are particularly dis-
tinctive and efficient for classification. We believe that this
information will help develop robust models that can produce
highly accurate results.
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Our study assessed the important variables required for a
robust model using Sentinel-2 bands and indices with an RF
classifier to classify poplars against other land cover classes. We
found that SWIR-1, NDVI, blue, PI-1, MNDWI, NIR, and PI-3
are crucial parameters for this classification. These findings are
consistent with a previous study by Kaila et al. [51], which
identified the Blue, SWIR, and NIR bands as important param-
eters for classifying parthenium weed. SWIR bands are effective
for distinguishing classes [52], while NIR bands are sensitive to
vegetation health and density [53]. Additionally, the NIR band,
combined with the red band, is used to calculate NDVI, which
is utilized to measure vegetation greenness, biomass, and diver-
sity [54, 55]. Incorporating NDVI in a model enables discrimi-
nation of vegetation and non-vegetation features based on
chlorophyll content sensitivity [56]. PI-1 and PI-3 help high-
light the difference between poplar and other landscape fea-
tures [20], making them important variables for poplar spatial
distribution modeling. The inclusion of MNDWT allows for the
explicit differentiation of water features from other land cover
types [57, 58]. Since poplar is a water-dependent species found
in riparian environments, the inclusion of MNDWI parameter
is imperative to enhance discrimination efforts. The identifica-
tion of these parameters has implications for the implementa-
tion of the methodology in various landscape settings as well as
for the monitoring and management of poplar species, espe-
cially in mountainous areas.

Overall, our study produced encouraging results with over-
all classification accuracy exceeding 80% in both study periods,
where the performance from Jan to Jun was higher than from
Jul to Dec. As such, poplars were clearly separable from other
landscape features, as bare patches and buildings/settlements
were highly distinctive, leading to improved classification accu-
racy. However, during the winter and early spring periods,
when vegetation loses its green color and appears brownish
like bare land and settlements, the classification accuracy is
compromised. The high OA during January—June suggests
that the combination of Sentinel-2 bands, derived indices,
and RF can effectively map poplar in mountainous regions.
These findings align with previous studies [16, 59, 60]. The
produced maps could help fill the gap in updating local atlas
inventories in South Africa, where deficiencies exist in alien
invasive plants land cover maps. While this study was con-
ducted at a local spatial scale, the same approach and dataset
(with more additions) could be used to classify other alien
invasive plant species in mountainous and various other envi-
ronmental settings at a much larger spatial scale.

5. Limitations and Future Direction

This study demonstrated the effectiveness of using Sentinel-2
imagery and the RF algorithm to classify P. alba in a moun-
tainous region of the north-eastern Free State province, South
Africa. While the results were promising, several limitations
should be acknowledged, and avenues for future research are
proposed. One of the key strengths of this study was the use of
seasonal composite imagery derived from both the first and
second halves of the year, effectively capturing seasonal varia-
tions in vegetation phenology. However, despite accounting for
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intra-annual variability, the spatial extent of the analysis was
restricted to a localized portion of the north-eastern Free State.
As a result, the model may not generalize well to other geo-
graphic regions with different climatic conditions, vegetation
assemblages, or land management practices. Expanding the
spatial coverage of training and validation data is therefore
necessary to improve the robustness and transferability of the
model.

Another limitation is the species-specific focus of the study.
The classification was limited to detecting only P. alba, exclud-
ing other Populus species. While this targeted approach was
suitable for mapping P. alba distribution, it may limit the mod-
el’s utility in broader invasive species management contexts,
where multiple species may coexist or exhibit overlapping spec-
tral characteristics. Future studies should consider incorporat-
ing multiple invasive species or functionally similar vegetation
types to enhance detection sensitivity and applicability.
Although Sentinel-2 provides high-resolution multispectral
imagery, its spectral limitation, such as the absence of thermal
or hyperspectral bands, may have constrained the ability to
fully discriminate between spectrally similar classes. Integrating
additional data sources, such as Sentinel-1 Synthetic Aperture
Radar (SAR), hyperspectral imagery, or LIDAR, could further
improve classification accuracy, especially in densely vegetated
or spectrally complex areas.

Moreover, this study employed the RF algorithm as a single
classification approach due to its strong performance in remote
sensing applications. However, the inclusion and comparison
of other advanced machine learning models, such as SVM,
gradient boosting machines, or deep learning approaches,
such as convolutional neural networks (CNNs), could provide
additional insights and possibly enhanced performance.

6. Conclusion

This study aimed to evaluate the effectiveness of Sentinel-2
spectral bands and derived vegetation indices, in combination
with an RF classifier, for distinguishing and mapping poplar
trees within mountainous landscapes. Specifically, the study
sought to identify the optimal seasonal period for accurate
poplar detection, as well as to determine the most influential
spectral bands and indices to enhance model performance. The
results indicated that the January—June period was most suit-
able for poplar classification, yielding superior performance
metrics (OA=91%; kappa=0.89) compared to the
July—December period (OA =87%; kappa=0.84). Key vari-
ables that significantly contributed to the classification process
included the SWIR, blue, and NIR bands, along with indices
such as the NDVI, MNDWI, and two PIs (PI-1 and PI-3).
Poplar trees were found to be most distinguishable from other
land cover classes when using NDVI, blue, NIR, and SWIR-1.
Opverall, the findings underscore the substantial potential of
integrating Sentinel-2 spectral information with RF classifica-
tion for operational mapping of poplar trees. Beyond the meth-
odological advantages, the freely available nature of Sentinel-2
data, coupled with its wide swath, high spatial resolution, and
frequent revisit time, along with the robustness and efficiency
of the RF algorithm, positions this approach as a valuable tool
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for monitoring invasive alien species in complex mountainous
terrains.
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