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Abstract: The accurate identification and monitoring of invasive plants are of great significance
to sustainable ecological development. The invasive Pedicularis poses a severe threat to native
biodiversity, ecological security, socioeconomic development, and human health in the Bayinbuluke
Grassland, China. It is imperative and useful to obtain a precise distribution map of Pedicularis for
controlling its spread. This study used the positive and unlabeled learning (PUL) method to extract
Pedicularis from the Bayinbuluke Grassland based on multi-period Sentinel-2 and PlanetScope remote
sensing images. A change rate model for a single land cover type and a dynamic transfer matrix
were constructed under GIS to reflect the spatiotemporal distribution of Pedicularis. The results
reveal that (1) the PUL method accurately identifies Pedicularis in satellite images, achieving F1-scores
above 0.70 and up to 0.94 across all three datasets: PlanetScope data (seven features), Sentinel-2
data (seven features), and Sentinel-2 data (thirteen features). (2) When comparing the three datasets,
the number of features is more important than the spatial resolution in terms of use in the PUL
method of Pedicularis extraction. Nevertheless, when compared with PlanetScope data, Sentinel-2
data demonstrated a higher level of accuracy in predicting the distribution of Pedicularis. (3) During
the 2019–2021 growing season, the distribution area of Pedicularis decreased, and the distribution
was mainly concentrated in the northeast and southeast of Bayinbuluke Swan Lake. The acquired
spatiotemporal pattern of invasive Pedicularis could potentially be used to aid in controlling Pedicularis
spread or elimination, and the methods proposed in this study could be adopted by the government
as a low-cost strategy to identify priority areas in which to concentrate efforts to control and continue
monitoring Pedicularis invasion.

Keywords: Pedicularis; positive and unlabeled learning; dynamic variation; change detection;
PlanetScope

1. Introduction

The Bayinbuluke Grassland, which is the second largest grassland in China, boasts a
diverse array of grassland species and maintains a relatively intact ecosystem, providing a
favorable habitat for various animals [1]. In recent years, the invasion of Pedicularis has sig-
nificantly impacted animal husbandry and the ecological environment of the Bayinbuluke
Grassland. Pedicularis, with its gorgeous appearance, is a poisonous grass and a semi-
parasitic plant that has rapidly spread in alpine grasslands throughout western China [2].
The invasion of non-native grasses such as Pedicularis can cause a drastic alteration in
ecosystems, leading to significant socioeconomic costs [3]. Therefore, local authorities must
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urgently investigate the spatial and temporal patterns of Pedicularis invasion and develop
effective management strategies to control this toxic plant species.

Previous studies have reported that Pedicularis had affected an area of 2.33 × 104 hm2,
which expanded to 3.30 × 103 hm2, from 2000 to 2008 in the Bayinbuluke Grassland [4].
In 2018, Hejing County, Xinjiang Province, strived for CNY 7 million of funding for the
Pedicularis control project to manually eradicate 2093.33 hm2 of pastureland Pedicularis.
The local government invested a significant amount of financial and labor resources into
limiting the invasion of Pedicularis through physical, chemical, and biological means [5].
The traditional method of field surveying grassland species requires considerable human,
material, and financial resources, and fieldwork makes ensuring quality and efficiency
challenging [6,7]. Currently, remote sensing technology has significant advantages for
dynamically monitoring and analyzing vast grassland resources and their ecological envi-
ronments [8]. However, only one related study has been conducted on the identification of
Pedicularis in the Bayinbuluke Grassland using satellite images, and the applied method
did not perform well. Gao. S [9] studied the distribution of Pedicularis in 2016 using a
maximum likelihood algorithm based on GaoFen-1 WFV with a spatial resolution of 16 m;
they achieved a low precision of 80.91%, and a large number of samples were required
for labeling. Therefore, here, we demonstrate an innovative application of high-resolution
remote sensing imagery to discern the invasive species Pedicularis by employing the PUL
method. Furthermore, we conduct a comprehensive assessment aimed at precisely outlin-
ing the advantages and limitations associated with the utilization of various remote sensing
images for Pedicularis extraction.

Supervised classification algorithms, such as maximum likelihood, decision trees,
support vector machine (SVM), random forest, and deep neural networks, have been
widely used for land use and cover classification. Their performance has been validated
in previous studies [10–12]. However, these algorithms require labeling all land cover
types, which can be a tremendous drain on resources when only one specific land cover
type is of interest [13]. Therefore, there is a growing need to develop one-class classifiers
that can extract specific land cover types using only feature data of the target of interest.
Several one-class classifiers have been proposed, including one-class SVM, isolation forest,
and naive Bayes classifier [14–16]. In addition to labeled samples, unlabeled samples can
provide useful information for constructing classifiers. Positive and unlabeled learning
(PUL), a special one-class classification approach, has been increasingly improved upon and
has demonstrated improved land cover classification accuracy in recent years [17]. Previous
studies have mainly applied PUL and one-class classification to identify features such as
urban buildings, large land targets, and rivers [18–20]. A UAV-based study found that
the PUL approach was more appropriate for accurate Pedicularis extraction, suggesting its
potential as a promising approach for single-species extraction [21]. Owing to the sporadic
distribution pattern of Pedicularis, the reflectance characteristics of the pixel bands in remote
sensing images with lower resolutions showed reduced spectral purity, thereby posing
challenges to accurate identification endeavors. Compared with other measurements,
both PlanetScope and Sentinel-2, as multi-spectral instruments, exhibit superior spatial
resolution and better temporal revisit capabilities. This attribute renders them a judicious
choice for Pedicularis identification.

Remote sensing image change monitoring is a technique that quantitatively analyzes
and determines the process and characteristics of feature changes based on remote sensing
images of the same area over different periods [22]. It is widely used in disaster assessment,
urban development, and land use/cover [23]. Common methods for change monitoring
include the image difference method, the image ratio method, the principal component
transform method, the vegetation index method, and post-classification comparison [24].
To improve the temporal transfer of the algorithm, we selected unlabeled samples from
multiple periods. The change-detection-based sample transfer approach is efficient, simple,
and robust and has the potential to be used in large-scale ground cover classification [25–27].
This study takes advantage of PUL’s ability to conserve negative sample information, reduc-



Remote Sens. 2023, 15, 4383 3 of 16

ing the statistical distribution differences between images of the target area by identifying
areas of invariance between multiple temporal images [28], and combining the change-
detection and post-classification approaches to solve the image classification problem of
the target area [29]. A post-classification comparison is the most direct method of change
monitoring. The advantage of this method is that it avoids the image sequence consistency
conditions required for the direct comparison method, as well as avoids image radiation
correction and matching problems. However, this method requires the development of
uniform classification criteria enforced via image classification [30,31]. This method is
extremely dependent on the accuracy of the classification algorithm, but this method per-
forms well when analyzing the variation in a single species [32]. Therefore, this research
uses a post-classification change detection approach for the analysis [33].

The aim of this study was to employ remote sensing techniques to obtain the temporal
and spatial distribution of Pedicularis in Swan Lake and the buffer zone of the Bayinbuluke
Grassland. Remote sensing data were collected in August for three consecutive years
(2019–2021) to facilitate a comparison of the changes over time. Geospatial information
holds valuable and significant data useful for the strategic planning of eradication efforts
targeting Pedicularis infestations. Our objectives are as follows:

(1) Assessing the accuracy of PUL on predictions of the poisonous species Pedicularis;
(2) Comparing the efficacy of Sentinel-2 and PlanetScope satellite imagery in the identifi-

cation of Pedicularis;
(3) Generating precise distribution maps of Pedicularis with time-series data for sub-

sequent spatiotemporal analysis to support the conservation of the Bayinbuluke
Grassland ecosystem through time-series remote sensing dynamic monitoring.

This paper is structured as follows. Section 2 describes the materials and methods,
including the dataset used for the study, the principles of the PUL method, and the scheme
for extending PUL for land cover classification and change detection. Section 3 presents the
experimental results, including a comparison of the two types of data sources. Section 4
discusses the issue of change detection and the obtained results. Finally, Section 5 draws
some conclusions.

2. Materials and Methods

All calculations and analyses of the research were performed in Python (v3.6.12) and
the geographic information system ArcGIS (v10.6, ESRI). The experiment was run on
Windows 10 on a machine with two 36-core Intel Xeon 3.10 GHz processors and 128 GB
RAM. The technology workflow of the study has been organized in the following sections
(Figure 1).

2.1. Study Area

The Bayinbuluke Grassland (42◦18′~43◦34′N, 82◦27′~86◦17′E), in the southern hinter-
land of the central part of Mountain Tianshan, is located in the northwest region of Hejing
county in Xinjiang Province [34]. Furthermore, it is the second largest grassland in China
and the most extensive subalpine, alpine meadow grassland in the desert region of China,
with a total area of 3523.94 km2 [35,36], and the main vegetation types are alpine grassland
and swampy alpine meadows [37]. The Bayinbuluke Grassland is part of the Kaidu River
basin, where water comes mainly from alpine snow melting and the recharge of natural
precipitation. Its altitude is 2400~4400 m; the average annual temperature is −4.7 ◦C, with
an extreme high of 28.3 ◦C and an extreme low of −48.1 ◦C; the annual precipitation is
216.8~361.8 mm; it experiences about 150~180 d of snow; and the annual dry grass period
is seven months. Due to the cold weather, the soil in this area is frozen and there are almost
no large trees. There are six main land use types in this grassland: high-cover pasture,
low-cover pasture, marshland, timberland, water, and wild land. The water areas include
rivers and lakes in the grassland and mountain snowfields [34]. The study area is shown in
Figure 2.
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2.2. Data Sources
2.2.1. UAV RGB Imagery

Selecting samples through a visual interpretation of remote sensing images with a low
spatial resolution (relative to UAV images) presents a challenge due to the varying degrees
of sparsity in the distribution of Pedicularis across different regions. Therefore, this study
selected Pedicularis samples on satellite images via visual interpretation with the aid of
UAV RGB (380~760 nm) imagery, which was obtained using a SONY RX1RII. The UAV
data selected for the study area were taken on 7 August (f), 8 August (c), and 9 August
(d, e), 2019 (Figure 2). The UAV was a DJI M600 (DJI, Shenzhen, China), and the flight
information was planned in DJI GS Pro. The flight height of the UAV was 230 m, and the
forward and side overlaps were 80% and 70%, respectively. The spatial resolution of all
images acquired was 3 cm. The areas photographed by the UAV and where it was located
are shown in Figure 2.

2.2.2. Sentinel-2 Imagery

The Sentinel-2 L2-level product used in the study was a Sentinel-2 Multispectral In-
strument (MSI) from the European Space Agency (ESA). Sentinel-2 images cover 13 spectral
bands in the visible, near-infrared (NIR), and short-wave infrared (SWIR) wavelengths,
with four bands at 10 m, six bands at 20 m, and three bands at 60 m spatial resolution. The
characteristics of the bands are listed in Table 1. For Sentinel-2 data, four 10 m and six 20 m
bands can be used for land cover/land use (LCLU) mapping and change detection. The
Sentinel-2 L2-level product provides the surface reflectance of images [38]. Regarding the
matching of imaging data, imaging quality, and imaging time, through the Google Earth
Engine platform, this study screened remote sensing images from 1 August to 31 August
2019. In order to obtain a better surface reflectance product, the Sentinel-2 L2-level product
needs to be filtered and pre-processed. This experiment selected images with less than
10% cloudiness and filled the filtered images via temporal interpolation. Next, the filtered
images were mosaicked and clipped through the region of interest (ROI) and all bands
were resampled to 10 m. The sensor configuration of Sentinel-2 is as follows [39].
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Figure 2. Location of the study area. (a) The study area is located in Hejing County, Xinjiang
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mosaic image taken via an RGB UAV in August 2019 (the purple pixels are Pedicularis).

Table 1. Configuration information for the Sentinel-2 satellite.

Band Name Sentinel-2A/Sentinel-2B
Central Wavelength (nm)

Resolution
(Meters)

Band 1—Coastal aerosol 443.9/442.2 60
Band 2—Blue 496.6/492.1 10

Band 3—Green 560.0/559.0 10
Band 4—Red 664.5/664.9 10

Band 5—Vegetation red edge 703.9/703.8 20
Band 6—Vegetation red edge 740.2/739.1 20
Band 7—Vegetation red edge 782.5/779.7 20

Band 8—NIR 835.1/832.9 10
Band 8A—Narrow NIR 864.8/864.0 20
Band 9—Water Vapor 945.0/943.2 60

Band 10—SWIR–Cirrus 1373.5/1376.9 60
Band 11—SWIR 1613.7/1610.4 20
Band 12—SWIR 2202.4/2185.7 20

The 60 m spatial resolution bands were not used in the experiment.

2.2.3. PlanetScope Imagery

The PlanetScope images with a 3 m spatial resolution were from the Planet Labs. It
had four reflectance bands—blue, green, red, and near-infrared—with near-daily global
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coverage. The PlanetScope images can be accessed for free by researchers through a research
and education license (https://developers.planet.com/ (accessed on 1 May 2022)). This
study used a Level-3B surface reflectance product, which was geometrically corrected,
radiometrically corrected, and atmospherically corrected. We also processed it with ENVI
(v5.3, ESRI) for mosaic, registration, and reflectance calculations (divided by 10,000). The
daily acquisition of PlanetScope data allowed us to select images with optimal imaging
quality for our analysis. For our experiment, we selected PlanetScope images from 7 August
and 12 August 2019. Similarly, for the year 2020, we selected images acquired on 5 August,
24 August, and 30 August. For the year 2021, we selected images acquired on 11 August,
18 August, and 23 August. The configuration information for the PlanetScope satellite is as
Table 2 [40].

Table 2. Configuration information for the PlanetScope satellite.

Band Name Spatial Resolution (m) Spectral Wavelength (nm)

Blue

3.0

464–517
Green 547–585
Red 650–682
NIR 846–888

2.3. Datasets and Data Analysis
2.3.1. Generation of Additional Features

Identifying Pedicularis on satellite images is a challenging operation. It is difficult to
identify Pedicularis accurately through object-oriented methods. Therefore, it is necessary to
use pixel-based classification to extract Pedicularis, and feature engineering is a particularly
useful method. Some work in the literature has indicated that spectral features and com-
bined vegetation indices are more essential than textural features and principal components
in target identification and classification [41,42].

In order to better extract Pedicularis from the land cover, we compared the spectral
characteristics of Pedicularis and familiar grasses. These spectral curves were obtained from
the results in a previous study [43]. The normalized difference vegetation index (NDVI),
the normalized ratio vegetation index (RVI), and the difference water index (NDWI) were
obtained using Equations (1)–(3), respectively. The NDVI is one of the most influential
parameters for characterizing changes in vegetation greenness, and it is often employed
in studies of land cover [44]. RVI is widely used to estimate and monitor the biomass of
green plants [45]. Pedicularis is a water-loving plant, often growing next to rivers [4,46].
Therefore, this experiment calculated the NDWI to extract Pedicularis [47]. Numerous
studies have verified that the three indices are efficient for land use/land cover and target
extraction [44,45,48–51].

NDVI =
ρnir − ρred
ρnir + ρred

, (1)

RVI =
ρnir
ρred

, (2)

NDWI =
ρgreen − ρnir

ρgreen + ρnir
. (3)

2.3.2. Construction of the Datasets

This study was based on UAV RGB images from the PlanetScope and Sentinel-2
satellites, with visual interpretation using ROIs plotted on the UAV RGB images to select
the Pedicularis samples. These data were obtained in August for each of the years 2019~2021,
and the details are presented in Section 2.2. Subsequently, we selected a sample of non-
Pedicularis species for 2019 to 2021, ensuring that the chosen locations exhibited a consistent
distribution of non-Pedicularis species in 2020 and 2021. Finally, the samples used as input
data for the construction of the model were of three types: PlanetScope data (7 features),

https://developers.planet.com/
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Sentinel-2 data (7 features), and Sentinel-2 data (13 features). The sample information is
shown in Table 3. The location of the sample selection is shown in Figure 2b.

Table 3. Ground sample information for the study regions.

Training Samples (Pixels) Test Samples (Pixels)
Pedicularis Others Pedicularis Others

2019
Sentinel-2 data (7/13 features) 7690 7690 1923 5598
PlanetScope data (7 features) 62,063 62,063 15,515 455,615

2020
Sentinel-2 data (7/13 features) 1943 6477 486 1900
PlanetScope data (7 features) 15,568 51,893 15,515 15,434

2021
Sentinel-2 data (7/13 features) 2395 7983 599 1900
PlanetScope data (7 features) 19,520 65,066 4880 15,434

Others: unlabeled samples. Seven features: four 10 m bands and three vegetation indices. Thirteen features: four
10 m, six 20 m bands, and three vegetation indices.

The constructed models were applied to three different datasets for change detection
in multi-period remotely sensed images. The classification results were evaluated and
analyzed separately, and the samples were partitioned into training and test sets at an
8:2 ratio. To ensure balance within the training set, we performed downsampling such that
the proportion of positive class samples to unlabeled samples was 3:7 in 2020/2021. Since
the sample size in 2019 was sufficient, 1:1 was chosen for modelling to ensure the model’s
generalizability. The details of the selected samples are shown in Table 3.

2.4. Methodology
2.4.1. Classification Method

This study used the PUL method, which was demonstrated to be feasible for identify-
ing Pedicularis in another study [21]. This method is based on the bootstrap aggregation
(bagging) technique: the algorithm iteratively trains many binary classifiers to distinguish
known positive (P) examples from random subsamples of the unlabeled (U) dataset and to
average their predictions. PUL is a semi-supervised learning algorithm based on a positive
and unlabeled sample [52]. This study chose decision trees as the base classifiers and
described PUL’s classification results in detail. Similar to all machine learning approaches,
the PUL methodology encounters challenges in addressing the intricacies of spatiotemporal
migration within the recognition process. However, this algorithm is a few-shot learning
approach, which is well-suited for addressing the challenge of identifying Pedicularis in the
presence of limited samples, particularly within a vast spatial extent.

The steps are as follows: (1) determine a set of reliable negation (RN) examples, which
has a small number of positive samples, from U and transform the problem into a binary
classification problem; (2) train binary classifiers based on P and RN by iteratively applying
existing classification algorithms; and (3) iterate over the previous two steps, with the
number of bootstrap samples T also being a user-defined parameter. Finally, the probability
of each unlabeled sample being judged as a positive sample is calculated.

In the PUL classifier, positive and negative samples are selected from the training
dataset to train the model. In an example conducted in 2019, Sentinel-2 had 7690 positive
and 7690 negative samples. To improve the training efficiency of PUL, we trained ‘n’
decision trees to fit the training dataset. Firstly, we selected 10% of the positive class
samples as positive samples (y = 1); secondly, the remaining 90% of positive class samples
and all negative class samples were labeled as unlabeled samples (y = 0); then, the same
proportion of unlabeled samples was randomly selected as negative samples (y = −1) for
training; and, finally, ‘k’ iterations were performed in this manner. The probability of each
sample being positive was calculated to obtain the classification result of this classifier. The
parameter ‘k’ was adjusted from 100 to 2000 with a step size of 100. The ‘n’ ranged from
100 to 1000 with a step size of 100. PlanetScope datasets were modelled using the same
methodology and range of parameters.
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2.4.2. Accuracy Assessment

Using PUL, we obtained a confusion matrix and calculated the evaluation metrics on
the test dataset, including recall, precision, overall accuracy (OA), F1-score, and AUC (area
under the ROC curve), which can be calculated using the ROC curve (receiver operating
characteristic curve). These metrics were utilized to assess the model’s performance.
Precision represents predictions for a positive class in the truly labeled dataset and can
be obtained using Equation (4). Recall represents the evaluation of samples predicted to
be in the positive class and can be obtained using Equation (5). Overall accuracy (OA) is
the sum of the true positives plus true negatives divided by the total number of tested
individuals, as shown in Equation (7). F1-score is a metric that combines the strengths
of precision and recall, is well suited for evaluating models in situations where there is
an imbalance between categories, and can be calculated using Equation (8). AUC can be
viewed as the probability of randomly selecting a pair of positive and negative samples
from a sample, which is the area under the ROC curve drawn using the FPR and TPR
(Equations (5) and (6)). The AUC is less sensitive to class imbalance than OA and reflects
the model’s performance under sample imbalance more accurately [53].

precision =
TP

TP + FP
, (4)

TPR = recall =
TP

TP + FN
, (5)

FPR =
FP

TN + FP
. (6)

OA =
TP + TN

TP + TN + FP + FN
, (7)

F1− score =
2× precision× recall

precision + recall
(8)

TP, FP, FN, and TN are the classifications true positive, false positive, false negative,
and true negative, respectively.

2.4.3. Change Detection

This study took the distribution area and proportion, and the change rate of Pedicularis
from the classification results for 2019–2021 [54]. To further reflect the direction, amount,
and rate of Pedicularis change, this study generated a dynamic transfer matrix from the
change detection results in 2019–2021, which can reflect the flow of species change [55].
Based on these results, we analyzed the change in the dynamics of Pedicularis. The change
rate of the area of Pedicularis was calculated using Equation (8).

Ci =
Wbi −Wai

Wai
× 1

t
× 100% . (9)

where Ci is the change rate of Pedicularis during the study period; Wai and Wbi are the
distribution areas of Pedicularis at the beginning and end of the study period, respectively;
t is the study period, measured by year; and the calculation results indicate the annual
change rate of Pedicularis [56].

A transfer matrix model can depict a species’ evolutionary patterns, capturing both
species distribution changes and their migration directions. Using the classification out-
comes of the study area in 2019, 2020, and 2021, we derived the transfer areas for each stage
and constructed a transfer matrix.
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Sij =

S11 · · · S1n
...

. . .
...

Sn1 · · · Snn

 . (10)

where S is the species area; i and j are the species types at the beginning and end of the
study, respectively; and n is the number of species types.

3. Results
3.1. Comparison of Classification Accuracy on Sentinel-2 and PlanetScope

Three classifiers were developed for the positive and unlabeled learning (PUL) method
using three different types of datasets. Based on the results presented in Table 4, the highest
extraction accuracy for Pedicularis was observed when using Sentinel-2 data (13 features),
yielding an F1-score of 0.9405. On the other hand, the lowest classification accuracy
was obtained using PlanetScope data, resulting in an F1-score of 0.7049. Notably, the
classification accuracy for Pedicularis using Sentinel-2 data (7 features) was significantly
higher compared with that obtained using PlanetScope data and slightly lower than the
accuracy observed for Sentinel-2 data (13 features).

Table 4. Assessment metrics of models during the 2019–2021 period.

Year Datasets Types
Metrics

Recall Precision Accuracy F1-Score

2019

Sentinel-2 data (7 features)
Pedicularis 0.9212 0.9286

0.9617 0.9248Others 0.9757 0.9730

Sentinel-2 data (13 features)
Pedicularis 0.9278 0.9536

0.9700 0.9405Others 0.9845 0.9754

PlanetScope data (7 features) Pedicularis 0.8458 0.6042
0.8678 0.7049Others 0.8728 0.9610

2020

Sentinel-2 data (7 features)
Pedicularis 0.8861 0.7307

0.9169 0.8009Others 0.9241 0.9721

Sentinel-2 data (13 features)
Pedicularis 0.8710 0.9045

0.9583 0.8874Others 0.9786 0.9702

PlanetScope data (7 features) Pedicularis 0.8340 0.6132
0.8708 0.7067Others 0.8793 0.9584

2021

Sentinel-2 data (7 features)
Pedicularis 0.8971 0.8629

0.9454 0.8796Others 0.9591 0.9703

Sentinel-2 data (13 features)
Pedicularis 0.8864 0.9277

0.9593 0.9065Others 0.9802 0.9678

PlanetScope data (7 features) Pedicularis 0.8985 0.7399
0.9313 0.8115Others 0.9377 0.9791

Our findings indicate that the highest classification accuracy for Pedicularis was ob-
served in 2019. While recall and precision were generally comparable across most models,
recall was found to be higher than precision for the models built using PlanetScope data.
Moreover, our results demonstrate that the difference between accuracy and F1-score is
minimal when the model’s accuracy is high but becomes more pronounced when the
accuracy is low.

To evaluate the temporal transferability of the model, we tested the model developed
in 2019 on data from 2020 and 2021. As illustrated in Figure 3, the model’s performance
on this test was unsatisfactory, with the F1-scores for both years being less than 0.62.
Specifically, the F1-score for the PlanetScope dataset in 2020 was insufficient, with a value
of only 0.3300. Subsequently, upon training the model with the corresponding year’s
training set, a notable improvement in accuracy was observed. These results demonstrate
the potential of positive and unlabeled learning (PUL) for small-sample learning.



Remote Sens. 2023, 15, 4383 10 of 16Remote Sens. 2023, 15, x FOR PEER REVIEW 11 of 17 
 

 

 
Figure 3. Comparison of accuracy between the 2019 model and model built in the same year as the 
test set. 

As evidenced by the ROC and AUC curves depicted in Figure 4, changes in precision 
and recall exhibit an inverse relationship while the AUC values remain stable. In order to 
maximize the AUC, we could appropriately adjust the threshold to manipulate the preci-
sion and recall, ultimately achieving a balance between the two for accurate classification 
of Pedicularis. However, in scenarios with a large F1-score and accuracy gap, the AUC of 
the model remains low compared with that of other models. 

 
Figure 4. ROC and AUC curves for the models developed from 2019 to 2021. 

Figure 3. Comparison of accuracy between the 2019 model and model built in the same year as the
test set.

As evidenced by the ROC and AUC curves depicted in Figure 4, changes in precision
and recall exhibit an inverse relationship while the AUC values remain stable. In order to
maximize the AUC, we could appropriately adjust the threshold to manipulate the precision
and recall, ultimately achieving a balance between the two for accurate classification of
Pedicularis. However, in scenarios with a large F1-score and accuracy gap, the AUC of the
model remains low compared with that of other models.
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3.2. Changes in Dynamics of Pedicularis

The classification results obtained using Sentinel-2 data (13 features) were the most
accurate among all models. Accordingly, changes in the distribution area of Pedicularis
from 2019 to 2021 were monitored based on this classification result. The analysis revealed
that Pedicularis had the largest area, 195.7803 km2, in 2019, accounting for 5.55% of the total
region, while its size decreased to 3.54% in 2020.

Figure 5 illustrates the spatiotemporal distribution of Pedicularis from 2019 to 2021
using Sentinel-2 data (13 features). The results showed a gradual decrease in its distribution
in the northwest and an increase in the south over the past three years. Additionally, the
total distribution area of Pedicularis showed a decreasing and then increasing trend over
this period.

Remote Sens. 2023, 15, x FOR PEER REVIEW 12 of 17 
 

 

3.2. Changes in Dynamics of Pedicularis 
The classification results obtained using Sentinel-2 data (13 features) were the most 

accurate among all models. Accordingly, changes in the distribution area of Pedicularis 
from 2019 to 2021 were monitored based on this classification result. The analysis revealed 
that Pedicularis had the largest area, 195.7803 km2, in 2019, accounting for 5.55% of the total 
region, while its size decreased to 3.54% in 2020. 

Figure 5 illustrates the spatiotemporal distribution of Pedicularis from 2019 to 2021 
using Sentinel-2 data (13 features). The results showed a gradual decrease in its distribu-
tion in the northwest and an increase in the south over the past three years. Additionally, 
the total distribution area of Pedicularis showed a decreasing and then increasing trend 
over this period. 

 
Figure 5. Spatiotemporal pattern of Pedicularis in 2019–2021 using Sentinel-2 data (13 feature). 

The change in the distribution area of Pedicularis in the Bayinbuluke Grassland was 
analyzed from 2019 to 2021. Comparing the changes in Pedicularis in 2019 and 2020, it was 
observed that 173.89 km2 of the Pedicularis distribution area disappeared, while 103.0704 
km2 was converted from distribution areas of other species to that of Pedicularis, indicating 
an overall improvement. From 2020 to 2021, there was a decrease of 106.0108 km2 in Pedic-
ularis, followed by an increase of 138.2587 km2. However, the total amount of Pedicularis 
from 2019 to 2021 still decreased, with a decrease in distribution area of 38.5740 km2. 

4. Discussion 
4.1. Influencing Factors of Classification Accuracy 

We can identify Pedicularis clearly from the high-resolution drone images. However, 
the low spatial resolution of the images and the interplay of spectral information from 
different land covers produce mixed pixels. These phenomena result in the color and ge-
ometric textural information of Pedicularis not being easily acquired on satellite images. 
The PUL method used in this study can effectively improve the classification accuracy of 
Pedicularis based on satellite imagery; relevant studies on UAV imagery can support this 
method [21]. 

During the mosaicking of data, an uneven color balance across multiple images can 
have an impact on the outcome of image classification [57]. Sentinel-2 only requires two 
images to be sufficient to cover the study area; PlanetScope has a higher temporal resolu-
tion and a smaller coverage area per image. It requires 41 images to cover the study area, 
making the classifier more likely to learn some noise. 

The accuracy of Pedicularis extraction was significantly enhanced by increasing the 
number of features from 7 to 13 in the Sentinel-2 classification results. This finding aligns 
with other pixel-based classification methods [58]. Moreover, the classification results of 
the model constructed using Sentinel-2 data (13 features) provide a more realistic distri-
bution of Pedicularis. 

Comparing the identification results of PlanetScope data (seven features) and Senti-
nel-2 data (seven features), the identification result for the 10 m resolution is higher than 
that for the 3 m resolution, which is unexpected. Our analysis shows that this is mainly 

Figure 5. Spatiotemporal pattern of Pedicularis in 2019–2021 using Sentinel-2 data (13 feature).

The change in the distribution area of Pedicularis in the Bayinbuluke Grassland was
analyzed from 2019 to 2021. Comparing the changes in Pedicularis in 2019 and 2020,
it was observed that 173.89 km2 of the Pedicularis distribution area disappeared, while
103.0704 km2 was converted from distribution areas of other species to that of Pedicu-
laris, indicating an overall improvement. From 2020 to 2021, there was a decrease of
106.0108 km2 in Pedicularis, followed by an increase of 138.2587 km2. However, the total
amount of Pedicularis from 2019 to 2021 still decreased, with a decrease in distribution area
of 38.5740 km2.

4. Discussion
4.1. Influencing Factors of Classification Accuracy

We can identify Pedicularis clearly from the high-resolution drone images. However,
the low spatial resolution of the images and the interplay of spectral information from
different land covers produce mixed pixels. These phenomena result in the color and
geometric textural information of Pedicularis not being easily acquired on satellite images.
The PUL method used in this study can effectively improve the classification accuracy of
Pedicularis based on satellite imagery; relevant studies on UAV imagery can support this
method [21].

During the mosaicking of data, an uneven color balance across multiple images can
have an impact on the outcome of image classification [57]. Sentinel-2 only requires two
images to be sufficient to cover the study area; PlanetScope has a higher temporal resolution
and a smaller coverage area per image. It requires 41 images to cover the study area, making
the classifier more likely to learn some noise.

The accuracy of Pedicularis extraction was significantly enhanced by increasing the
number of features from 7 to 13 in the Sentinel-2 classification results. This finding aligns
with other pixel-based classification methods [58]. Moreover, the classification results of the
model constructed using Sentinel-2 data (13 features) provide a more realistic distribution
of Pedicularis.

Comparing the identification results of PlanetScope data (seven features) and Sentinel-
2 data (seven features), the identification result for the 10 m resolution is higher than that
for the 3 m resolution, which is unexpected. Our analysis shows that this is mainly caused
by the significant difference in spectral reflectance between the images due to PlanetScope
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requiring more images [59,60]. Additionally, the band characteristics of the pixels are
contingent on the complexity of the species within each pixel: the more intricate the object
within the pixel, the greater the divergence between its spectral features and the pure pixel
features, resulting in the reduced recognition accuracy of scattered patterns. Conversely,
during sample selection, we noticed that Pedicularis was easier to identify in Sentinel-2
images compared to PlanetScope images, based solely on color considerations.

It has been found that the spectral signature of the same object using the same sensor
may vary at different times, and this phenomenon also affects the classification results.
Consequently, identifying features resistant to temporal and spectral variations is crucial
for pixel-based classification methods, and can also help to improve the reliability of
monitoring changes after classification.

4.2. Spatiotemporal Pattern of Pedicularis

Figure 5, Tables 5 and 6 collectively elucidate the dynamic trajectory of the spatial
distribution of Pedicularis and characterize its temporal pattern, marked by an initial
decrease, followed by a subsequent increase from 2019 to 2021. While the distribution of
Pedicularis sharply decreased in the northwestern region between 2019 and 2020, other
regions showed no significant migration trend. Furthermore, in 2021, the distribution area
of Pedicularis in the southern region showed an increasing trend. As depicted in Figure 5,
the distribution of Pedicularis was predominantly along rivers, suggesting that Pedicularis is
a water-loving plant, which is consistent with local investigation findings [43]. Following a
comprehensive survey, it has been observed that the precipitation levels in the region have
exhibited a decline from 2019 to 2020. This observation explains the decrease also seen in
the distribution of Artemisia marcescens [61]. This case also contributes to the investigation
into the driving mechanisms underlying Pedicularis distribution. By utilizing GIS methods
to analyze the spatial distribution of Pedicularis, a further understanding of its invasion
routes and drivers can be attained.

Table 5. Statistics of distribution area of Pedicularis in different periods using Sentinel-2 data (13 features).

Year Area (km2) Area Ratio (%)

2019 195.7803 5.55%
2020 124.9584 3.54%
2021 157.2063 4.46%

Table 6. Transition matrix of land cover change for 2019~2021.

2019–2020 2020–2021 2019–2021
Pedicularis Others Pedicularis Others Pedicularis Others

Pedicularis 21.8880 173.8923 18.9476 106.0108 33.6437 162.1330
Others 103.0704 3225.0944 138.2587 3260.7280 123.5590 3204.6058

This article discusses the feasibility of a spatiotemporal analysis based on PlanetScope
and Sentinel-2 imagery. Both satellites have a high temporal resolution and meet the needs
of long-time-series monitoring. However, post-classification change monitoring can avoid
influencing the classification results due to different spatiotemporal and data sources. The
accuracy of the classification results dramatically affects the detection of changes in the
distribution of Pedicularis. It further shows that investigating a classifier or feature factor
that can resist spatial and temporal variation and developing a better transfer learning
method are essential.

4.3. A Case of Pedicularis Eradication

We learned that the government conducted a local campaign for the removal of
Pedicularis in July 2019. To verify the process of eliminating Pedicularis, we looked up
remote sensing images from PlanetScope, which has a high spatial resolution, for July 2019.
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These images correspond to the position in Figure 2f. As seen from Figure 6, Pedicularis
was physically removed by local people on 17 July, 23 July, and 29 July 2019. It is, therefore,
essential to identify the location of Pedicularis and its dynamics. This contributes to the
local government’s efforts to control the invasion of Pedicularis and to protect the ecological
environment [1,7].
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5. Conclusions

The main contribution of this work is the use of a new PUL method to extract Pedic-
ularis. This extracted Pedicularis distribution is subsequently employed for the dynamic
detection of Pedicularis and for conducting a spatiotemporal analysis of the prediction
results. With the use of the spatial distribution of Pedicularis from 2019 to 2021, we can
achieve real-time monitoring and the effective eradication of Pedicularis. In contrast to the
one-class classifier, which only uses positive-class samples, PUL makes full use of numer-
ous unlabeled samples to improve the accuracy of the classification results, contributing to
curbing the expansion of the distribution area of poisonous Pedicularis. The conclusions are
as follows:

(1) The proliferation of Pedicularis in the Bayinbuluke Grassland has resulted in signifi-
cant ecological damage, necessitating the substantial expenditure of resources and
efforts by the provincial government for rehabilitation efforts. In addressing this
issue, change-detection methods utilizing remote sensing technology offer a practi-
cal approach for informed management and mitigation. Sentinel-2 images have the
advantages of a large width, easily acquirable data, and high accuracy in extracting
Pedicularis. The resolution of PlanetScope is higher than that of Sentinel-2, which is
more advantageous when removing Pedicularis from small areas. The results of the
study show that the PUL method is able to achieve a high recognition accuracy across
different images.

(2) Within the confines of the same sensor platform, the influence of feature count on
improvements to the identification accuracy becomes obvious with an ample sample
size, as evidenced by an increasing feature count coinciding with increased recognition
accuracy. However, within an equivalent feature framework, the correlation between
resolution elevation and accuracy enhancement does not invariably hold, implying
that the resultant classification outcome is dependent on the inherent data quality
obtained using the sensor apparatus.

(3) The post-classification comparison algorithm avoids spectral differences in remote
sensing images, especially long-time-series images from different sensors. It enables
the rapid monitoring of regional variations in the distribution of different land types.
However, it is highly dependent on the stability of the model, and a transferred,
high-accuracy classification model needs to be further developed. The distribution of
Pedicularis is concentrated in the northwestern and southwestern parts of Bayinbuluke
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Swan Lake. From 2019 to 2021, the distribution area of Pedicularis exhibited a fluctuat-
ing trend, initially increasing and then subsequently decreasing, with the 2021 area
measuring 157.2063 km2. Despite better eradication efforts in the northeast region,
the distribution area of Pedicularis did not exhibit significant changes, indicating that
grassland managers may not have done enough to control the growth of Pedicularis.
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