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Abstract: Stellera chamaejasme (Thymelaeaceae) is amongst the worst invasive species of the alpine
grasslands on the Qinghai-Tibet Plateau; timely and effective monitoring is critical for its prevention
and control. In this study, by using high spatial resolution Planet imagery, an optimal approach was
explored to improve the discrimination of S. chamaejasme from surrounding communities, integrated
with TWINSAPN technique, Transformed divergence and image classification algorithms. Results
demonstrated that there were obvious spectral conflicts observed among the TWINSPAN ecological
communities, owing to the inconsistency of S. chamaejasme coverage within the communities. By
determining the threshold of spectral separability, the adjustment of ecological classification produced
spectrally separated S. chamaejasme communities and native species communities. The sensitive
index characterizing the spectra of S. chamaejasme contributes to its discrimination; moderate or
good classification accuracy was obtained by using four machine learning algorithms, of which
Random Forest achieved the highest accuracy of S. chamaejasme classification. Our study suggests the
distinct phenological feature of S. chamaejasme provides a basis for the detection of the toxic weed,
and the establishment of communities using the rule of spectral similarity can assist the accurate
discrimination of invasive species.

Keywords: plant community; TWINSPAN; Transformed divergence; machine learning algorithms;
Planet multispectral image

1. Introduction

Alpine grassland is one of the most representative ecosystems on the Qinghai-Tibet
Plateau (QTP), and plays an irreplaceable role in maintaining regional ecological bal-
ance and animal husbandry sustainability [1,2]. During the last several decades, alpine
grasslands have been overgrazed and suffer on-going degradation; the trends indicate
remarkable increases of forbs and poisonous plants [3-5]. Stellera chamaejasme, a toxic
perennial weed, has become established in alpine grasslands on the QTP since the 1960s,
and become a major invasive species, seriously threatening a wide range of grasslands [6].
With broad ecological adaptability, S. chamaejasme competed and encroached the niches of
native forage species, gradually dominating alpine grasslands, and serving as an indicator
of moderate to severe grassland degeneration [7]. The toxic weed rapidly spreads on
the QTP, especially in alpine meadows and alpine steppes, leading to reasonably adverse
impacts on alpine ecosystem functions and local economies [8]. This issue has not yet been
paid sufficient attention.

Field surveys of ecological invasion are time-consuming and laborious, particularly
if large areas are involved [9,10]. Remote sensing technologies provide efficient meth-
ods for invasive plant monitoring [11,12]. High resolution panchromatic and color aerial
photography acquired in early stages achieved good results in studying the invasion
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process [13,14]. Taking the advantages of extensive coverage and repeated observation,
Landsat TM/ETM/OLI multispectral images are successfully used to extract the distribu-
tion of woody plants over large areas [15,16]. Hyperspectral images are an ideal source of
information for spectrally discriminating invasive species [17-19], but their use is limited
by the difficult accessibility. Most recently, unmanned aerial vehicle (UAV) imaging has
been increasingly applied in identifying ecological invasive patterns at small scale, ben-
efiting from rapidly providing accurate information of affected areas [20,21]. Compared
to invasive trees and shrubs, spectral discrimination of herbaceous plant species is more
challenging due to the overlapping of spectral signature. High resolution multispectral
satellite imagery provides a spectrally and spatially optimal choice for invasion mapping,
achieving a balance between accuracy and scale [13]. QuickBird and SPOT6 images were
used to recognize Avena sterilis and Parthenium hysterophorus with high accuracy [15,22];
Heracleum mantegazzianum in large patches could be discerned with moderate accuracy
based on RapidEye images [13]. IKONOS images were adopted to effectively monitor the
distribution area of leafy spurge with greater than 30% coverage [23]. The studies indi-
cate that high resolution multispectral images hold great potential in monitoring invasive
grasses at large scale.

Ecological classification groups species/quadrats data into plant communities, con-
ceptualizing the communities and characterizing their environmental gradients [24,25].
Vegetation mapping mainly specifies the spatial distribution of plant communities based
on their spectral differences, but the ecological significance (composition, structure, and
pattern, etc.) of the divided classes is ignored, which may result in misclassification. Schol-
ars have discussed how to integrate the techniques of quantitative ecology with image
classification to improve vegetation mapping accuracy. Combined canonical correspon-
dence analysis (CCA) and two-way indicator species analysis (TWINSPAN) with spectral
separability analysis and maximum likelihood classification (MLC) technique, optimized
classification of boreal forest peatland was achieved by using 6 bands CASI images in north-
ern Canada [24]. The integration of TWINSPAN, principal component analysis (PCA) and
CCA were applied to examine the spectral correspondence between SPOT multispectral
images and the shrub forest communities in the Himalayan foothills [26]. Furthermore, the
non-metric multidimensional scaling (MNDS) in combination with imaging spectroscopy
provided an expedient approach for mapping floristic compositional patterns in Bavaria
swamps and meadows [27]. The findings indicate that there is a lack of obvious relationship
between plant species and image spectra, suggesting the difficulty of classification at species
level; however, the communities composed of ecologically related species showed definite
spectral separability [24]. The conjunction of ecological and remote sensing techniques
helps to classify plant communities with clear composition and structure, thus providing
an accurate approach for the management of toxic weeds invasion in alpine grasslands.

Previous attempts have been concentrated on using spectral reflectance as the main
metric to map vegetation types. The correspondence between spectral signature and plant
community provides an important basis for the identification of invasive plants, has not
yet been well studied. Our previous study extracted the distribution area of S. chamaejasme
using IKONOS images on the basis of spectral difference between S. chamaejasme and the
occurring species, but the ecological significance of the classification was not clarified [28].
Therefore, the main goal of this study is to explore the link between ecological classifica-
tion and image classification, and propose an combined procedure to map the regional
extent of S. chamaejasme. The species /community sampling data were used in conjunction
with Planet imagery, our aims are as follows: (1) to examine the spectral separability of
TWINSPAN classes (S. chamaejasme communities and the surrounding communities), and
present an image classification scheme defined by spectrally separated communities, still
maintaining their ecological significance; (2) to determine the optimal classification algo-
rithm for S. chamaejasme discrimination, and evaluate the applicability of high-resolution
Planet multispectral imagery in the large-scale monitoring of invasive toxic weeds.
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2. Materials and Methods
2.1. Study Area

S. chamaejasme is a perennial herbaceous plant with the height of 20-50 cm, character-
ized by lanceolate leaves, dark brown capsules, and white-pink inflorescences of capitula [7].
S. chamaejasme is distributed in patchy patterns over large areas, its white-pink flowers
are distinct from surrounding communities during the flowering phase of late June to late
July (Figure 1). The whole plant of S. chamaejasme is toxic, and vomiting, abdominal pain,
diarrhoea, convulsion, and even death may occur when livestock ingest it [5]. Populations
of the toxic plant have been increasing constantly due to long-term degraded succession
of alpine grassland, making it a persistent weed problem on the Qinghai-Tibet Plateau,
forming typical degraded grasslands invaded by S. chamaejasme [29]. In Qinghai Province,
S. chamaejasme is mainly distributed in Haibei Tibetan Autonomous Prefecture, Hainan
Tibetan Autonomous Prefecture, Huangnan Tibetan Autonomous Prefecture, Yushu Tibetan
Autonomous Prefecture, and Qinghai Lake area, covering an area of 1.4 million hm? [30].

Figure 1. UAV RGB photo S. chamaejasme distribution in the study area. Clumped patches of a
white-pink color are S. chamaejasm communities.

The study took place in Qilian County, Haibei Prefecture, Qinghai Province (at
100°11”15.69"-101°0'34.21" E, 37°45'41.84"-38°16/30.49" N, Figure 2). The study area
is about 4000 km? and the altitude is 3169 m. It is a typical plateau climate in the region,
with annual average temperature of 1 °C and annual precipitation of 420 mm. Vegetation is
typical of the degraded alpine meadow, which is used as winter rangeland for the heavy
grazing of yaks and sheep, yearly from November to May. Dominant species mainly
include S. chamaejasme, Poa annua, Kobresia pygmaea, Elymus nutans, Potentilla fruticosa, and
Thermopsis lanceolata. Co-occurring species include Anemone rivularis, Potentilla chinensis,
Medicago ruthenica, Gentiana straminea, Taraxacum mongolicum, and Plantago asiatica.



Agronomy 2023, 13, 593

40f18

92°01'0"E 96"0]'0“ E 1 00°?'O"E

38°0|0 N
I
38°0'0"N

County

Haixi Mongol and Tibetan Autonomous Prefecture
Haibei Tibetan Auto ous Prefecture

36°0I0 N
I
36°0'0"N

. Q q Xining City
Qinghai Province

Haidong Prefecture

Hainan Tibetan Autonomous Prefecture

34°00"N
1
34°0'0"N

Yushu Tibetan Autonomous Prefecture Huangnan Tibetan Autonomous Prefecture

Guoluo\Tibetan Autonomous Prefecture
Legend
[] Study area

0 60 120km
[ B

32°0|0 N
I
32°0'0"N

92°00"E 96°00"E 100°00"E
Figure 2. Location of the study area.

2.2. Data Collection
2.2.1. Remote Sensing Data

Planet image is used as the data source of S. chamaejasme discrimination. The image
is obtained by Planet Labs satellites, which consist of roughly 200 Dove satellites in orbit,
and provide high-resolution and complete view of the world with the daily frequency. Five
channels were collected with 3 m spatial resolution and 16 bits depth, ranged from visible
to near-infrared wavelengths (Table 1). Two images in the flowering phase of S. chamaejasme
were spliced together for covering the study area, which were taken on 12 and 17 July 2021.
The acquired images have been radiometric calibrated, further atmospheric correction and
orthorectification were performed by using ENVI 5.3 software.

Table 1. Planet channel wavelengths.

Channel Waveband (nm) Range
Bl 465-515 blue
B2 547-583 green
B3 650-680 red
B4 697-713 red edge
B5 845-885 near infrared

2.2.2. Field Vegetation Data

In mid-July 2020 and 2021, Field campaigns were carried out during the flowering
phase of S. chamaejasme. By combining vegetation and terrain with accessibility, two
transects were placed along Qingyang Gully and Babao River Valley. The floristic data were
collected in 37 plots, each consisting of 2-3 quadrats (1 m x 1 m); 93 quadrats were totally
obtained (Figure 3 and Table 2). When sampling, the homogeneous community patch of
larger than 3 m x 3 m was selected, and the quadrat was placed in the center of the region,
in order to ensure the spectral accuracy of 3 m Planet image representing the community
characteristics of 1 m quadrat. In each quadrat, the photograph was taken vertically
downward and the species/community coverage were estimated by image interpretation.
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The location (lat/lon) of the quadrat was specified using GNSS RTK. Then, plant species
were recorded, and the height and abundance of each species were measured. Finally, the
aboveground biomass of each species in the quadrat was measured by clipping the plant
samples at the soil-surface level, the samples were weighed after Kill-green at 105 °C for

0.5 h and oven-drying at 80 °C for 8 h.
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Figure 3. Sampling plots distribution in the study area.
Table 2. Sampling plot and quadrat list.
Sampling Plot/Quadrat Sampling Plot/Quadrat Sampling Plot/Quadrat
51/1,2,3 514/37, 38 S27/67, 68
52/4,5,6 515/39, 40 528/69,70,71
53/7,8,9 516/41, 42 S29/72,73,74
54/10,11,12 517/43, 44 S30/75,76
55/13, 14,15 518/45, 46 S31/77,78,79
56/16,17,18 519/47, 48, 49 S32/80, 81
57/19, 20, 21 520/50, 51, 52 533/82, 83
58/22,23,24 521/53, 54 S34/84, 85, 86
59/25, 26,27 522/55, 56, 57 S35/87, 88, 89
510/28, 29, 30 523/58, 59 536/90, 91
S11/31, 32 524/60, 61 S37/92,93
512/33, 34 525/62, 63
513/35, 36 526/64, 65, 66

Field tested points were collected in the study area, located in the center of large and
homogeneous sites. There were 160 test sites for S. chamaejasme and 166 test sites for non-S.
chamaejasme (native grassland, residential area, farmland, road, and river), for a total of 326
obtained ground test points. For the sites, information of vegetation type and coverage
were collected, and their locations recorded as the above.
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2.3. Methods
2.3.1. Two-Way Indicator Species Analysis (TWINSPAN)

TWINSPAN is a hierarchical clustering method with a “top-down” split strategy,
modified from indicator species analysis [31]. The approach adopts discriminant function
analysis and weighting algorithms to divide species dataset into small subsets, based on
the indicator species that contributes the most variation [24]. By dichotomy, the division is
repeated until the specified criteria are reached. TWINSPAN divides the entire dataset by
stepwise refinement, constructing an ordered two-way table to group the objects (quadrats)
and variables (species), and finally obtains a classification of quadrats in hierarchical struc-
ture and forms a dendrogram of classes. In the study, taking the importance value of the
species as the metric, all quadrats were grouped into the plant communities by TWINSPAN
analyses in PC-ORD 5.0 software. The importance value (IV) is a parameter used to repre-
sent the relative importance of plant species in a community, and the calculation formula is
as follows [32]:

IV =(Rc+ Ry + Ryp)/3 1

where Rc is the relative coverage, referring to the ratio of the coverage of each species to
the sum of the coverage of all species in the quadrat; Ry and R4p are relative height and
relative aboveground biomass, respectively, and have the same meaning as Rc.

2.3.2. Spectral Index Conduction

During the flowering phase, S. chamaejasme forms dense white-pink inflorescences of
capitula. Such distinct features make the toxic weed distinguishable from the surrounding
green vegetation. For the sake of enhancing the spectral difference among S. chamaejasme
communities and other communities, spectral indices were conducted on the principle of
difference index (DI), ratio index (RI), multiplicative index (MI), and normalized difference
index (NDI). For each kind of the 4 indexes, 10 combinations can be derived by pairwise
calculation using the 5 bands of Planet imagery. In total, 40 combinations were obtained.
The indices are as follows:

DLy = pm — Pn 2

Rlyn = pm/pn 3)

MLy = pm X Pn 4)
NDLyy = (om + 0n)/ (om — on) )

where p,; and p,, are the 5 bands of Planet imagery (listed in Table 1), m, n are band number,
and m # n.

2.3.3. Spectral Separability Analysis

Transformed divergence (TD) was selected as a spectral separability criterion, the
method offers advantages of simple rules and strong robustness [33]. TD algorithm cal-
culates the separability of two classes based on their spectral signatures, which is as
follows [34]:

Dy =or[(L-T) (T -] e (BT w-wmw-u)T] e

TD;j =2 {1 — exp(?)} )

where TD;; is the degree of separation between class i and class j; }; and }; are covariance
matrices of class i and j, respectively, and U; and U; are mean vectors of class i and j,
respectively. The range of TD value is 0-2. TD values approaching to 2 indicate high degree
of separability between classes. As TD value decreases, the degree of separability between
classes decreases. TD values approaching 0 indicate low degree of separability between
classes. Spectral separability analysis was performed through Python script programming.
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Spectral separability measurement was used in two aspects. First, TD values of all pairs
of the 93 quadrats were determined by using each index, according to Equations (2)-(5),
then the mean of the TD values (hereinafter referred to as TD Mean) was calculated, which
characterized the capability of each index in spectrally discriminating the quadrats. The
indices with high values of TD Mean were chosen as the sensitive indices. Furthermore,
the same processing was performed on the integration of original five bands of Planet
image and the sensitive indices, and the optimal feature combination were selected for the
remote sensing classification of plant communities. Second, spectral confusions among
the TWINSPAN communities were examined, and TD threshold of spectral separability
was determined by measuring the TD value of the quadrats between and within the com-
munities. Then, the quadrats of TWINSPAN communities were adjusted and a spectrally
separated scheme of plant communities were derived.

2.3.4. Image Classification and Assessment Metrics

Based on the ASTER GDEM (https:/ /earthdata.nasa.gov, accessed on 11 October 2021)
and Vegetation map of the People’s Republic of China (1:1,000,000) [35], the snow /ice,
bare land with the altitude above 4000 m, and mountain forest/shrub were hierarchically
excluded from the image. Then, using the TWINSPAN-adjusted groups and 40 samples of
residential area, farmland, road, and river chosen from the 166 non-S. chamaejasme sites, clas-
sification was performed based on the optimal feature combination, applying four machine
learning algorithms. By grouping the resulted categories into the S. chamaejasme area and
the non-S. chamaejasme area, the infestation of S. chamaejasme communities was identified.

The four algorithms are: random forest (RF), support vector machines (SVM), naive
Bayes classifier (NBC), and k-nearest neighbor (KNN). Cross-validation was used for
model training in order to obtain robust estimates of classification accuracy. Among the
93 quadrats, 70% of the samples were used as the training set and 30% as the test set.
The algorithms were implemented using Python language based on PyCharm platform.
Detailed parameters for each classification model are as follows:

Random forest: the ensemble package in the sklearn library is used, the number of
decision trees is 10, the maximum depth is 50, and the minimum leaf size is 4.

Support vector machines: the radial basis function (RBF) is selected as the kernel
function, with a penalty coefficient of 10 and a gamma of 0.1.

Naive Bayes classifier: The Gaussian Naive Bayes classifier in the sklearn library
was adopted.

K-nearest neighbor: the Euclidean distance is used as the distance parameter, and the
n_neighbors parameter is set to 5.

To accurately assess accuracy, the overall accuracy (OA), user’s accuracy (UA), pro-
ducer’s accuracy (PA), and Kappa coefficient, in combination with Quantity disagreement
(QD) and Allocation disagreement (AD), were adopted as assessment metrics. Quantity
disagreement is defined as the amount of difference between reference map and predicted
map, which is caused by the imperfect matching in the proportion of the classes. Allo-
cation disagreement is defined as the amount of difference between reference map and
predicted map, which is caused by the imperfect matching in the spatial allocation of the
classes [36]. A lower value of quantity disagreement and allocation disagreement indicates
good classification accuracy. The two metrics were calculated as follows:

Nis N
Pi= | — ®)
Yj—1Mij ) \Xij=1 Ni

B ()

1 1
QDZEZﬂgZEZ
g:

g=1
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J

Z X 2min

g=1

(10)

() = ()

where Pj; is the estimated proportion of the study area; i, j represents the class i in the
predicted map and the class j in the reference map, respectively. | is the number of classes.
N; is the number of samples of class i in the predicted map; n;; is the number of samples
classified as i and referenced as j. g is an arbitrary class, g is the quantitative disagreement
of an arbitrary class g, and QD is the total quantity disagreement of all classes; a4 is the
allocation disagreement of an arbitrary class g, and AD is the total allocation disagreement
of all classes.

1< 1

3. Results
3.1. Ecological Classification by TWINSPAN

The 93 quadrats collected in the study area were classified into six communities
by TWINSPAN, the dendrogram and final communities are shown in Figure 4. Among
the six groups, P. annua—K. pygmaea community (Group I), E. nutans community (Group
V), and P. fruticosa community (Group VI) are typical native vegetation types in alpine
meadows. Three types of S. chamaejasme communities were separated by TWINSPAN,
including Group II, III, and IV (Table 3). As the invasion aggravated, the species dominance
of S. chamaejasme communities changed significantly; S. chamaejasme replaced P. annua
(Gramineae) as the major dominant species in Group II and III. The coverage of three
S. chamaejasme communities exhibited a gradient increase (14.3%, 22.3%, 29.5%), which
indicated gradually serious grassland degradation.
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Figure 4. TWINSPAN dendrogram.

Table 3. Ecological characteristics of TWINSPAN classes.

Group Description
It is a typical native alpine meadow widely distributed on QTP, with the average
Group I community coverage of 41.7% and P. annua average coverage of 12.4%. Dominant

P. annua—K. pygmaea community

species include: P. annua, K. pygmaea, and T. lanceolata. Accompanying species include:
G. straminea, Anaphalis lacteal, and Gentiana macrophylla.
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Table 3. Cont.

Group

Description

Group II

S. chamaejasme—P. annua—P. chinensis

It is a typical degraded meadow invaded by S. chamaejasm heavily. The average
community coverage is 53.0%, and S. chamaejasme coverage is 29.5% with a range of
6.6-57.7%. Dominant species include: S. chamaejasme, P. annua, and P. chinensis.

community Accompanying species include: M. ruthenica, A. rivularis, and T. mongolicum.
It is a degraded meadow invaded by S. chamaejasme moderately. The average
Group III community coverage is 49.6%, and S. chamaejasme average coverage is 22.3% with a
S. chamaejasme—P. annua—G. straminea range of 6.7-46.7%. Dominant species include: S. chamaejasme, P. annua, and G.
community straminea. Accompanying species include: A. rivularis, Morina kokonorica, and
Bupleurum chinense.
It is an alpine meadow invaded by S. chamaejasme mildly. The average community
Group IV coverage is 48.7%, and S. chamaejasme average coverage is 14.3% with a range of
P. annua-S. chamaejasme community 4.0-46.1%. Dominant species include: P. annua, S. chamaejasme, and A. rivularis.
Accompanying species include: M. kokonorica, G. straminea, and T. mongolicum.
It mainly contains native species and is distributed in flat valleys. The average
Group V community coverage is 54.8%%, and E. nutans average coverage is 42.6%. Dominant
E. nutans—M. ruthenica community species include E. nutans, M. ruthenica, and T. mongolicum. Accompanying species
include Ranunculus sceleratus, T. lanceolata, and Lancea tibetica.
It is a typical native alpine meadow widely distributed on QTP. The average
Group VI community coverage is 44.6%, and P. fruticosa average coverage is 20.9%. Dominant
P. fruticosa—P. annua community species include P. fruticosa, P. asiatica, and Caragana jubata. Accompanying species

include A. rivularis, P. chinensis, and M. ruthenica.

3.2. Optimal Feature Selection

The spectral discrimination ability of each conducted index was evaluated by the
measure of TD Mean. Among all indices, the TD Mean values of Ml;3, NDI,3, and Dl
(0.377, 0.363, and 0.341, respectively) were much higher than those of the other indices
(Figure 5); the three indices were sensitive to the spectral variation in the quadrats and
reflected the highest spectral separability among the quadrats. Furthermore, TD Mean
values were calculated based on the integrating of original five bands and three sensitive
indices. Compared to the use of the original bands, the spectral discrimination ability
was improved in different degree by the use of the combining strategies (Figure 6). The
result confirmed the contribution of sensitive indices to the accuracy improvement of plant
community identification. Among all feature combining strategies, 5 bands+MI;3 rated at
the top of the list with the TD Mean of 0.386, and was selected as the source of information
in the classification of plant communities.
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Figure 5. TD Mean values of the conducted spectral indices (the top 20 of 40 feature indices presented).
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Figure 6. TD Mean values of the feature combing strategies. A: 5 bands+MlIy3; B: 5 bands + M3 +
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D123,' G: 5 bands + NDIzg + DIzg,,' H: 5 bands.

3.3. Spectral Adjustment of TWINSPAN Classes

The importance value is adopted in the TWINSPAN vegetation classification in the
study area, which is an integrative measure taking into account the coverage, height, and
aboveground biomass of each species. However, the white-pink inflorescences make S.
chamaejasme distinguishable from surrounding green vegetation in the flowering phase, S.
chamaejasme coverage is the most important factor in spectral discriminating S. chamaejasme
communities and the surrounding communities. TWINSPAN classification indicated the
spectral conflicts between and within the plant communities. S. chamaejasme quadrats
and the native species quadrats were grouped together; S. chamaejasme quadrats with
high-, moderate-, and low-coverage were involved simultaneously in each of the three
S. chamaejasme communities. The result implied the unsuitability of original TWINSPAN
groups in further optimizing image classification. Therefore, TD is used to determine the
spectral separability of the six TWINSPAN communities and the quadrats are adjusted
based on their spectral similarity, by using 5 bands+MVI;3 as data source. The resulted
clusters were defined as follows:

e  Four kinds of quadrats corresponding to the high-, moderate-, and low-coverage of
S. chamaejasme (35-60%, 20-35%, and 0-20%, respectively), and green native species
were picked out. TD values between each pair of the four groups were determined.
Among them, the minimum value of 0.74 is taken as the TD threshold for the spectral
adjustment of the TWINSPAN communities;

o If the TD value between two quadrats is less than the threshold, they cannot be
separated; if the TD value is greater than the threshold, the two can be separated;

e  The TD values between each quadrat and all other quadrats within a class were less
than the threshold;

e The TD values of the quadrats between different classes were greater than the
threshold.

Based on the above guidelines, six TWINSPAN communities were regrouped into four
classes (Table 4). Group 1, 2, and 3 are the S. chamaejasme communities in high, moderate,
and low coverage, respectively, approximately corresponding to TWINSPAN group 1I,
III, and 1V; Class 4 is mainly composed of TWINSPAN group I, V, and VI, which were
green native communities and can hardly be discriminated using reflectance data, with the
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maximum TD value of 0.23 between the communities. As a result, a classification scheme
for the spectrally separating of ecological community was proposed.

Table 4. Ecological characteristics of TWINSPAN-adjusted classes.

Group

Description

Group 1
High-coverage
S. chamaejasme community

Group 2
Medium-coverage
S. chamaejasme community

Group 3
Low-coverage
S. chamaejasme community

Group 4
Native species communities

The group mainly corresponds to TWINSPAN Group II, contains 16 quadrats from Group II,
also contains 2 quadrats from Groups III and 3 quadrats from Group IV. It is characterized by
densely clumped patches of S. chamaejasme over large area. S. chamaejasme average coverage is
41.1%, ranging from 35.1% to 57.7%.

The group mainly corresponds to TWINSPAN Group III and II, contains 9 quadrats from
TWINSPAN Group IIT and 5 quadrats from Group II, also contains 2 quadrats from Group IV. S.
chamaejasme and P. annua are the dominant species. S. chamaejasme was distributed in the mosaic
of dense and sparse patches. Its average coverage is 26.4%, ranging from 20.8% to 34.6%.

The group is a compound of TWINSPAN Group IV, III and II, containing 6 quadrats from
TWINSPAN Group 1V, 5 quadrats from Group Il and 4 quadrats from Group II. P. annua and A.
rivularis are dominant species, followed by S. chamaejasme. 1t was distributed in sparse patches,
its average coverage is 13.5%, with a range of 6-19.4%.

The group mainly corresponds to the TWINSPAN Groups I, V, and VI, contains 40 quadrats of
native species, of which 12 quadrats is from TWINSPAN Groups IL, Il and IV (S. chamaejasme
communities). The dominant species include P. annua, P. fruticosa, E. nutans, and T. lanceolata,
with an average community coverage of 46.3%.

3.4. Image Classification-TWINSPAN-Adjusted Classes

Classification was performed based on the TWINSPAN-adjusted scheme and 40 sam-
ples of other classes, by applying four machine learning algorithms. As a result, Groups
1, 2, and 3 were combined into S. chamaejasme communities; Group 4 included native
species communities; the residential area, farmland, road, river, and the excluded area were
combined into non-grassland area, with the results were shown in Table 5 and Figure 7.
S. chamaejasme communities accounted for 16.13-31.21% of the total grassland area based
on different classification models. Four cases indicated high-coverage S. chamaejasme com-
munity accounted for the largest proportion of total S. chamaejasme area with the range
of 39.95-50.96%, followed by low- and moderate-coverage S. chamaejasme communities.
Among them, S. chamaejasme area estimated using KNN was obviously larger than the
other models. Spatial distributions of S. chamaejasme derived by RF and NBC were fairly
similar, which reveal S. chamaejasme to be mainly distributed in gentle slopes of hills and
flat river valleys, characterized by clumped patches in random dispersion. Image stitching
influenced the classification using SVM and KNN, resulting in the apparent inconsistency
of S. chamaejasme distribution crossing the area.

Table 5. S. chamaejasme distribution area estimated using the four algorithms (1 x 10* ha).

Categories RF SVM NBC KNN

High-coverage community 2.69 1.98 1.75 4.50

S. chamagjasme communities medium-coverage community 1.53 1.28 1.15 1.94
Low-coverage community 1.72 1.46 1.48 2.39

Total 5.94 4.72 4.38 8.83

Native species communities 21.60 23.59 22.77 19.46
Non-grassland area 11.65 10.88 12.04 10.90
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Figure 7. Distribution map of S. chamaejasme based on the four algorithms.

3.5. Accuracy Assessment

In the study, 160 S. chamaejasme sites and 126 non-S. chamaejasme sites were used in
the accuracy assessment. The error matrix and accuracy comparison revealed considerable
variation in classification accuracy of the four algorithms (Table 6 and Figure 8). The OA
varied in the range of 70.6-87.8%, corresponding to the Kappa coefficient of 0.41-0.75.
The disagreement percentage for the four algorithms was mainly due to AD (11.2-25.2%)
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rather than QD (1.0-4.9%). RF obtained the best classification result with the OA, PA, and
UA of more than 85%, and the Kappa of 0.75, it also achieved the lowest disagreement
percentage with the QD and AD of 1.0% and 11.2%, respectively. The result based on NBC
is worse than RF; the metrics of OA, Kappa, QD, and AD were 76.9%, 0.53, 4.9%, and
18.2%, respectively. SVM and KNN showed relatively poor classification with the Kappa of
0.41 and 0.43, respectively, producing obvious higher spatial allocation disagreement, with
the AD of 25.3% and 23.8%, respectively. In comparison, RF exhibits good potential in S.
chamaejasme identification.

Table 6. Error matrixes of S. chamaejasme classification based on the four algorithms.

Reference . Non-S. chamae- UA OA Kappa QD AD
S. chamaejasme ,
Class jasme (%)
S. chamaejasme 141 16 89.8
Non-S. chamaejasme 19 110 85.3
RE pa (%) 88.1 87.3
87.8 75.2 1.0 11.2
S. chamaejasme 112 36 75.7
Non-S. chamaejasme 48 90 65.2
SVM - pp (o) 70.0 71.4
70.6 41.0 4.2 25.2
S. chamaejasme 134 40 77.0
Non-S. chamaejasme 26 86 76.8
NBC  pa (%) 83.8 68.3
76.9 52.6 49 18.2
S. chamaejasme 113 34 76.9
Non-S. chamaejasme 47 92 66.2
KNN pa (%) 70.6 73.0
71.7 43.2 4.5 23.8

100 B0A BKappa MAD BEQD

(%)

RF SVM NBC

Figure 8. Accuracy comparison for the four algorithms.

4. Discussion
4.1. Spectral Confusion and Adjustment of Ecolgical Classes

Spectral responses of plant communities are influenced by factors of various kinds;
ecologically distinct associations may have a similar spectral response, which accounts for
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the difficulties of remote sensing mapping of vegetation [24]. Our study indicated there
were obvious spectral conflicts between and within the TWINSPAN ecological communities.
In Group II (S. chamaejasme average coverage of 29.5%), 16 of the 26 quadrats were high-
coverage S. chamaejasme quadrats, the spectral conflicts were relatively small. Group III
and IV (S. chamaejasme average coverage of 22.3% and 14.3%) were the compounds of
high-, moderate-, and low-coverage S. chamaejasme quadrats and native species quadrats,
the spectral conflicts obviously increased. Groups I, V, and VI exhibited similar green
spectral behaviors and could hardly be separated. The result revealed the different spectral
confusions caused by the variation in coverage of invasive species, in agreement to the
previously study [23].

Establishment of communities using the rule of spectral similarity provides a new way
for the improvement of image classification. After the spectral adjustment of TWINSPAN
classification, the derived Groups 3, 2, and 1 were spectral separated in terms of consistency
in S. chamaejasme coverage. Group 4 contained all native species quadrats, which eliminated
the compounding of native species quadrats in S. chamaejasme communities and enhanced
the spectral difference between S. chamaejasme communities and the native species com-
munities. Meanwhile, the adjusted communities maintained their ecological significance.
Coverage gradient of S. chamaejasme in Group 3, 2, and 1 markedly increased (13.5%, 26.4%,
and 41.1%, respectively), and the three S. chamaejasme communities displayed clear and
different patch patterns. Thus, the invasive process of S. chamaejasme was depicted more
precisely. Group 4 represented the typical native plant species in the region, characterized
by P. annua, E. nutans, and P. fruticose. Our study implied the adjustment of the ecological
communities based on spectral criterion forms the S. chamaejasme identification scheme
which are ecologically significant and spectrally delineated.

4.2. Spectral Separability between S. chamaejasme Communities and the Native
Species Communities

There are more or less spectral differences between different plant species or commu-
nities, even if a number of vegetation types of similar structure are compared [37]. Spectral
separability is commonly measured using the metrics of TD, BH (Bhattacharyya distance),
and JM (Jeffries-Matusita distance) [38]. The greater the spectral distance between species
or communities, the higher the separability there will be. Spectral difference are obvi-
ous between forest types or major physiognomic types (forest, shrub, and grassland);
JM distance > 1.9 was used as the threshold for the spectral separability of boreal forest
types in northern Canada [24]. Spectral distances between grassland types significantly
decreased due to higher similarity in community structure; JM Distance > 1.4 was used
as the threshold to spectrally delineate the eight grassland species in Africa, by using leaf
spectra measured in the laboratory [39]. Spectral differences among 27 saltmarsh vege-
tation types were examined based on canopy spectra of densely homogeneous plots; the
lowest JM Distances were 0.81-0.96 [37]. Spectral separability among the alpine grassland
types on the QTP were relatively lower, the pair-wise JM distances between the different
communities ranged in 0.44-0.93 [40]. The results revealed that the spectral distances
of <1 were observed among grassland species due to the effects of soil background and
coverage variation.

Spectral separability was evaluated between the four TWINSPAN-adjusted commu-
nities using the TD measurement. With the decrease in S. chamaejasme coverage, the
white-pink color weakened, and the spectral differences between S. chamaejasme commu-
nities and the native species community attenuated; TD > 0.74 was used as the threshold
for distinguishing the four communities. Studies have indicated that there is a nonlinear
relationship between spectral separability and classification accuracy, an increasing spectral
distance does not necessarily indicate successful discrimination of classes [37,38]. Therefore,
the small spectral distance does not mean poor classification result; it is still possible to
obtain the classification accuracy of 70-90% with the TD value of large than 0.70 [24,37].
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In the study, the definite separability threshold was determined between the four plant
communities, which provides the basis for S. chamaejasme discrimination.

4.3. Potential of Planet Image and Machine Learning Algrithms in S. chamaejasme Discrimination

Planet imagery combined with machine learning algorithms obtained moderate or
good accuracy for S. chamaejasme identification. The combination of five bands+MVI;3
showed the highest spectral separability between the quadrats with the TD Mean of 0.39,
compared to the original five bands with the TD Mean of 0.31. Due to the subtle spectral
difference across all quadrats, the improvement of TD Mean implies that the sensitive index
spectrally characterizing S. chamaejasme can remarkedly enhance the discrimination ability
of S. chamaejasme from surrounding species. The result also confirms the potential of high-
resolution multispectral image in the detection of toxic weed invasion, which is consistent
with previous research [15,22,23]. Classification accuracy of the four algorithms varied
greatly, due to the relatively small spectral distance between S. chamaejasme communities
and the native species communities. High AD percentage is an important factor in affecting
the classification result of SVM, KNN, and NBC. Meanwhile, SVM and KNN have low
compatibility with the source of information, resulting in the varying degrees of mosaic
effects [41,42]. RF achieved the lowest disagreement percentage and highest Kappa, owing
to the strong anti-interference and stable performance of this method [43,44]. In viewed of
the OA, Kappa, AD, and QD, the RF model outperformed SVM, NBC, and KNN.

5. Conclusions

In this study, an integrative approach of the ecological classification and image clas-
sification were proposed for S. chamaejasme discrimination over a large scale. The feature
of white-pink inflorescences in the flowering phase makes S. chamaejasme distinguishable
from the surrounding species. Determination of the definite spectral separability provides
a basis for adjusting TWINSPAN ecological classes into spectrally separated S. chamaejasme
communities and the native species communities, which are amenable to image classi-
fication. The study confirms the potential of high-resolution Planet imagery combined
with machine learning algorithms in the monitoring of toxic weed invasion, which was
proved to obtain good accuracy for S. chamaejasme discrimination in alpine grasslands.
Environmental variables have important influences on the distribution of plant species and
communities, and the optimization of S. chamaejasme discrimination needs to be further
carried out by involving ecological ordination techniques and environmental data.
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