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Highlights

This study aims to prepare high-accuracy Plant Ecological Units (PEUs) classification maps in
heterogeneous landscapes and rangelands. Due to the similar spectral behavior of PEUs and the
presence of mixed pixels, the classification map accuracy is reduced. Therefore, to achieve high-
accuracy PEUs maps:

What are the main findings?

e DEM-PCA with L8 + RF produced the top performance (OA = 79%, x = 0.71), with statistically
significant gains over other feature sets (Friedman/post-hoc).

e Gains were class-dependent: the most confounded PEUs improved the most, while several
auxiliaries added little; prioritizing DEM derivatives and first PCs is recommended.

What is the implication of the main finding?

¢ Discriminating vegetation subclasses in heterogeneous rangelands is difficult with
multispectral data alone. Classifying the landscape into homogeneous PEUs enables more
reliable biodiversity assessment, systematic landscape management, and operational
monitoring.

e  Selecting auxiliaries can be costly and time-consuming. Our results indicate that DEM-derived
terrain variables and PCA components should be prioritized with L8 + RF to improve PEU
mapping accuracy, helping researchers concentrate effort where it yields the greatest gains and
enabling more efficient, transferable workflows.

Abstract

Mapping Plant Ecological Units (PEUs) supports sustainable rangeland management, yet
distinguishing them from multispectral imagery remains challenging due to high intra-class
variability and spectral overlap. This study evaluates the contribution of auxiliary data layers to
improve PEU classification from Landsat-8 OLI imagery in semi-arid rangelands of northeastern
Iran. A Random Forest (RF) classifier was trained using field samples and multiple feature
combinations, including spectral indices, topographic variables (DEM, slope, aspect), and Principal
Component Analysis (PCA) components. Classification performance was assessed using Overall
Accuracy (OA), Kappa coefficient, and non-parametric Friedman and post-hoc tests to determine
significant differences among scenarios. The results show that auxiliary features consistently
enhanced classification performance compared with spectral bands alone. In particular, integrating
DEM and PCA layers yielded the highest accuracy (OA = 79.3%, k = 0.71), with statistically
significant improvement (p < 0.05). The findings demonstrate that incorporating topographic and
transformed spectral information can effectively reduce class confusion and improve the
separability of PEUs in complex rangeland environments. The proposed workflow provides a
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transferable approach for ecological unit mapping in other semi-arid regions facing similar
environmental and management challenges.

Keywords: vegetation mapping; auxiliary data; random forest; accuracy assessment; plant
ecological units

1. Introduction

Satellite images form the basis of land cover and vegetation mapping and monitoring, owing
to the periodic and accurate data [1,2]. Land cover mapping using remote sensing and satellite
imagery is used for monitoring and managing natural resources, vegetation, and landscapes, as
well, assessing and quantifying ecosystem services [3-7]. Plant Ecological Units (PEUs) are defined
as the potential vegetation communities occurring at a landscape or site that differ from other
vegetated land covers in their potential to generate determined types and quantities of vegetation
[8]. Therefore, PEUs provide a standard reference for monitoring and land management [9]. Even
though the notion of PEUs in natural resource and land cover assessment and monitoring is
commonly accepted [10], the application and importance of PEUs still need to be better understood.
The identification of PEUs remains challenging in the landscape [11], despite five decades of
application of satellite image processing and remote sensing (RS) for monitoring and mapping land
cover and vegetation. In general, PEUs have a complex spatial structure and quite similar spectral
behavior, which results in reduced separability and classification inter-class. [12]. Thus, these
heterogeneous plant communities are challenging to classify using remote sensing satellite images
[13]. Processing and classifying optical remote sensing imagery for trustworthy and accurate PEUs
mapping in heterogeneous landscapes using merely reflectance satellite imagery (e.g., reflectance
data) is difficult due to the similarity in spectral behavior of PEUs [14], more specifically in arid
rangelands where soil background dominates reflectance from vegetation canopy cover [15].

In the literature, numerous methods have been presented to overcome the difficulty of
distinguishing land cover features with overlapping spectral characteristics. Particularly, the
incorporation of auxiliary geospatial data in addition to satellite reflectance imagery has been
recommended to facilitate distinguishing land cover features from satellite data [6,16-19]. However,
the choice of input data and auxiliary data to enhance the precision of land cover and vegetation
classification is still a controversial topic [20]. Many types of auxiliary geospatial data can be
potentially fused to improve and enhance land cover classification and mapping performance.
Usual data sources include: (1) topographic data such as DEM (Digital Elevation Models), and (2)
vegetation indices, owing to their potential to target specific land cover and vegetation classes.
Also, (3) linear transformation techniques like PCA (Principal Component Analysis) and TCT
(Tasselled cap transformation) proved to be efficient auxiliary data sources in increasing and
enhancing land cover and vegetation mapping accuracy [21,22].

While the utilisation of complementary auxiliary data has been well established in increasing
the classification accuracy of satellite images, the process of detecting and classifying vegetation
types is more complex. Since PEUs are a subclass of grassland vegetation, they exhibit very similar
spectral reflectance, which presents an intricate classification task, especially when Landsat OLI-8
data are used for mapping.

So far, the impact of complementary auxiliary datasets on the accuracy of PEUs classification
for rangeland monitoring and assessment has yet to be quantitatively assessed, especially in arid
lands. Therefore, in this study, we propose to bridge this science gap by investigating the impact of
complementary auxiliary datasets on PEUs classification. We selected a heterogeneous landscape
with four distinguishable and dominant PEUs as our study area. Therefore, this study focused on
increasing the accuracy of mapping and classification of PEUs using geospatial auxiliary data
derived from reflectance bands of the akin images or produced independently. As such, it brings us
to the following main objective: to improve PEUs mapping using combinations of the following
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types of complementary auxiliary data: (1) spectral vegetation indices, (2) linear transformation
methods, and (3) topographic factors of DEM in improving PEUs mapping to reveal their pros and
cons.

2. Materials and Methods

2.1. Study Region

The study area is located in southwestern Iran (Figure 1). This landscape covers an area of 7736
ha with an average elevation of 2697 m a.s.l, expanding from 32°03'56” to 32°04’05” N and
51°1853” to 51°19'12” E. Its climate is characterized by dry summers and cold, temperate winters;
the average 50-year rainfall in this region is about 200 mm. Due to appropriate management
strategies, harvesting intensity is low, and despite the low rainfall (200mm), this region has good
conditions for plant growth, with shrubs and perennial grasses forming the dominant vegetation

type [23].
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Figure 1. The position of the region: (a - On the Iran border; (b)- on the province border; (c)- Study area border
(Marjan). A set of recorded points from PEU that divided into two groups: training data (60%) for classifying
PEU and testing data (40%) for evaluating of PEU classified maps.

2.2. Field Measurements of PEUs

Four PEU types, namely PEU 1 (As ve (Astragalus verus Olivier)), PEU 2 (Br to (Bromus
tomentellus Boiss)), PEU 3 (Sc or (Scariola orientalis Sojak )), and PEU 4 (As ve- Br to (Astragalus
verus Olivier-Bromus tomentellus Boiss), were identified in the region. Vegetation cover percentage
data using the physiognomic-floristic classification method can be used to identify the PEUSs’
dominant types. We identified four PEU types in the region and sampled each type using three
replicates. In each PEU, the vegetation cover percentage was estimated along three 100 m transects.
The sampling points were tried to have the same distribution in the region (Figure 1).

Alongside each transect, 30 quadrats were located, which are made of 360 sampling quadrats
in total. The sampling was systematic-randomly done, ie. the first node was selected
systematically, but the others were randomly distributed along the transect. The vegetation
percentage of each species was estimated in each square to discern PEUs’ composition. The
attributes of the PEUs are displayed in Table 1.
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Table 1. Selected PEUs and their vegetation characteristics in the region.

Code _ F photo ) Abbreviation life-form
PEU 1 As ve Shrub

PEU 2 Br to Tall grass
PEU 3 Scor Semi-shrub
PEU 4 As ve-Br to Shrub -Tall grass

2.3. Satellite Data

We first downloaded Landsat OLI-8 (Landsat Operational Land Imager). images acquired on
June 10, 2018. Images downloaded from the USGS (https://earthexplorer.usgs.gov/). This date
approaches the peak in the phenological and productivity development of the major PEUs in the
region, which are critical for accurately classifying land-cover types. Bands from Landsat 8 that are
Uninformative to the vegetation analysis (such as cirrus clouds, coastal aerosol, and thermal bands)
were removed. All Landsat 8 bands were surface reflectance corrected by the USGS.

2.4. Methodology

2.4.1. Image’s Pan Sharpening

Spatial resolution of Landsat OLI-8 bands varies from 15 m (panchromatic band) to 30 m
(multispectral bands). To exploit the robustness of the panchromatic band (having higher spatial
resolution and a wider spectral wavelength) and, as a result, to increase the accuracy of the PAUs
classification maps, the 30 m resolution bands (bands 2 to 7) were enhanced to 15m resolution using
the panchromatic band (band 8).

2.4.2. Auxiliary Geospatial Data

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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The pan-sharpened bands (2-8 bands) were stacked into a set of reflection bands. Then, the
following auxiliary geospatial data derived from reflectance bands were calculated and used as the
auxiliary data next to the reflectance bands of Landsat-8 imagery:

1. Vegetation indices of Modified Soil Adjusted Vegetation Index (MSAVI), as a representative of
soil-adjusted vegetation indices.

Enhanced Vegetation Index (EVI)

Proportion Vegetation (PV), as well as three image transformation outcomes, namely

Principal Component Analysis (PCAs)

Tasseled Cap Transformation (TCT)

Digital Elevation Model (DEM)

PCA analysis was performed to extract the first three principal components of the reflectance

AN

bands, PC1, PC2, and PC3. The PCA products were generated using spectral information and
explain more than 99% of the information and data variation.

The Tasselled cap 3-dimensional transformation was applied to the six bands of OLI-8 data (2-
8, excluding the thermal bands, Cirrus, and coastal bands) to merge spectral data into a few bands
of greenness, brightness, and wetness with little loss of information. Greenness is determined by a
high reflectance in the near-infrared band and a high absorption in visible bands, which
considerably correlates with healthy biomass and leaf index [24]. Brightness is the weighted sum of
all reflective bands, representing natural, artificial features, bare or semi-bare soil. Wetness is
sensitive to plant and soil moisture [25]. The greenness, brightness, and wetness indices were
calculated using Eqs. See Table 2.

Since topography influences the dispensation of many PEUs, a 15 m resolution DEM was used
in the classification. The DEM data was extracted from the SRTM (Shuttle Radar Topographic
Mission), 30 m DEM was then merely rescaled to 1515 m to be used together with reflectance-pan-
sharpened multispectral Landsat-8 OLI data. This rescaled DEM was added to the dataset for
further analysis as auxiliary data. SRTM-DEM data are available freely at USGS. Details of the
auxiliary dataset used to increase the PEUs’ maps’ accuracy are presented in Table 2.

Table 2. Specifications of Auxiliary dataset features used for PEU mapping.

Auxiliary data Formula/Description

Principal Component Analysis  This transformation technique is often used for data
(PCAs) compression or noise removal

3D Cartographic ground representation of the terrain’s
Digital Elevation Model (DEM) surface is the most common basis for digitally
produced relief maps
OLI Wet = (OLI2*0.1511) + (OLI 3*0.1973) + (OLI4
Tasseled Cap-Wetness (TC-W) *0.3283) + (OLI5 *0.3407) + (OLI6 *(-0.7117)) + (OLI7 *(-
0.4559))

Modified Soil-Adjusted
Vegetation Index (MSAVI)
Enhanced Vegetation Index (EVI)  EVI=2.5*(NIR-RED)/(NIR+6 * RED-7.5* Blue +1)
proportion vegetation (PV) NDVI-NDVI (Min) / NDVI (Max) - NDVI(Min)

MSAVI=(NIR-RED)(1+L)/NIR+RED+L

2.4.3. Sampling PEUs

After the field survey and the introduction of four dominant PEUs groups in the area, a total of
300 geographic (XY) locations were recorded using a handheld GPS for four PEUs (Figure 1c). The
sampling points were distributed into two groups: “training points” to be classified (60%) and “test
points” to validate the classification results (40%) [26].

2.4.4. PEUs Mapping Using Reflectance Bands and Auxiliary Data

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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We first classified pan-sharpened reflectance bands of Landsat OLI-8 images based on training
sample sites (points). Then, to reveal the determine of auxiliary data on enhancing the accuracy of
PEU mapping, each auxiliary band was added to the classification multispectral bands separately,
and the images were reclassified using the same field-gathered training data used in the previous
phase to avoid sampling effects.

The Classification Random Forest (RF) algorithm [27,28] was applied for the classification of
PEUs after testing different classification algorithms (MaxLike, MinDist, neural network, and RF).

The increase in PEU map accuracy was evaluated at the end of each classification process using
the confusion matrix then estimated OA (Overall Accuracy), OK (Overall Kappa), UA (User’s
Accuracy), and PA (Producer’s Accuracy). The users” and producers’ accuracies of each PEU class
were measured to determine the best classification accuracy after applying different auxiliary data.
The equations used to calculate the OA (1), OK (2), UA (3), and PA (4) are given as follows:

k s

OA=Zi:1Xu (1)

N

Kooy ST X,
OK _Zi=12Xu r21=1 Xi+X4i (2)
ne = Ni—q XitX4i

. Xii
UArgr e 5

__Xij
PA= S % 4)

Where n is the total number of all classifications; X ij, is an element, located at the ith row and
jth column of the confusion matrix; UAi represents UA of class i, and PAj represents UA of class j.

2.4.5. Statistical Analysis of Adding Values of Multiple Auxiliary Data

To display the efficiency of the added values of auxiliary data on the PEUs mapping accuracy
of reflectance bands, in addition to the customary values of OA and OK index, we used the
Friedman test with the post-hoc comparison of means following Demsar [29]. This test measures
different PEUs in terms of UA, PA, and KIA (Kappa index of agreement) values, which were
regarded as repeated measures over multiple data sets used for classification.

Figure 2 shows the methodology applied in this study to evaluate the result of different
auxiliary datasets on PEUs’ mapping accuracy. First, the 30m bands (2-7) were pan-sharpened
using the 15 m panchromatic band (band 8) of the OLI-8 sensor. Then, the complementary auxiliary
layers of MSAVI, EVI, PV, and PCAs, TCT derived from reflectance bands, and DEM were used to
develop collection datasets to enhance the PEUs mapping accuracy. The collected point samples
were divided into training points (60%) for classification and test points (40%) for accuracy
assessment. Following, the resulting map from the classification of reflectance bands, and
reflectance bands complemented with each auxiliary data, were validated using test points. Finally,
a statistical comparison was performed to reveal each auxiliary data point, adding values to the
classification of reflectance bands.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 2. The framework of mapping PEUs using reflectance bands of Landsat-8 OLI data and auxiliary data to

enhance mapping accuracy in this study.

3. Results
3.1. Reflectance Bands and Auxiliary Data Used for Classification

Figure 3 shows the auxiliary datasets used to enhance the PEUs” mapping accuracy. These data
include a false color-composite of Landsat OLI-8 ( bands 3 (green), 4 (red), 5 (near-infrared)), EVI,
MSAVI, PV, TASSCAP-wetness (TC-W), PCAs, all derived from Landsat 8-OLI data, as well as
rescaled to 15*15 m DEM.

3.2. Impact of Auxiliary Data on PEU Classification Accuracy

Confusion matrix results for the accuracy evaluation of PEU classification achieved from
crossing testing points with the resulting map of classification datasets of reflectance bands and
auxiliary data, are presented in Table 3. As displayed in this table, UA, PA, and KIA for each PEUs,
moreover OA and OK of each classification process, are shown. The results show that since pan-
sharpened reflectance bands were applied, PEU1 had the highest PA (78%), UA (88%), and KIA
(71%). However, PEU3 had the lowest PA (56%), UA (56%), and KIA (40%). The OK was 52 and the
OA 65%. Adding the auxiliary data to the reflectance bands led to an enhancement in the
classification accuracy. The auxiliary data effect showed that PCAs-DEM returned the highest OK
(71%) and OA (79%). PEU1 had the highest PA (87%), UA (90%), and KIA (82%), and PEU4 had the
lowest PA (69%), UA (74%), and KIA (58%), while PCA-DEM auxiliary data together with
reflectance bands were used for classification. PEU1 had the highest PA, UA, and KIA in almost all
auxiliary data, but in contrast, PEU4 had the lowest PA, UA, and KIA.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 3. Auxiliary dataset used to enhance the PEUs classification accuracy.

Table 3. Error matrix results table. Summary of the best PEUs classification accuracy by different auxiliary
data.

Reflectance Bands Reflectance Bands + EVI
PA UA KIA PA UA KIA
PEU1 78 88 71 PEU1 78 86 71
PEU2 65 60 51 PEU2 65 68 53
PEU3 56 56 40 PEU3 69 66 57
PEU4 60 58 44 PEU4 62 57 47

Overall Kappa: 52%  Overall Accuracy:
Overall Kappa: 57% Overall Accuracy: 69%

65%
Reflectance Bands + MSAVI Reflectance Bands + PV
PA UA KIA PA UA KIA
PEU1 78 82 70 PEU1 78 77 70
PEU2 58 67 46 PEU2 58 65 45
PEU3 78 68 68 PEU3 74 63 62
PEU4 62 60 48 PEU4 54 60 41

Overall Kappa: 58%  Overall Accuracy:

€9% Overall Kappa: 54%  Overall Accuracy: 66%

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Reflectance Bands + TC-W Reflectance Bands + PCAs
PA UA KIA PA  UA KIA
PEU1 85 83 79 PEU1 83 85 76
PEU2 72 70 61 PEU2 78 78 70
PEU3 69 69 58 PEU3 78 65 68
PEU4 57 60 43 PEU4 57 70 45
Overall Kappa: 60% Overall Accuracy: Overall Kappa: 65% Overall Accuracy: 74%
71%
Reflectance Bands +DEM Reflectance Bands + PCAs -DEM
PA UA KIA PA UA KIA
PEU1 89 86 84 PEU1 87 90 82
PEU2 72 69 60 PEU2 76 80 67
PEU3 76 73 66 PEU3 85 74 75
PEU4 69 79 59 PEU4 69 74 58

Overall Kappa: 68% Overall Accuracy: 76% | Overall Kappa: 71% Overall Accuracy: 79%

The effects of different auxiliary data on the OLA 8 images bands, to enhance PEUs
classification accuracy, are presented in Figure 4. As indicated in Figure 4a, most of the PEUs’
classification maps benefit from auxiliary data up to 29%; however, some are negatively affected by
up to 7%. PEU3 significantly benefits from all the auxiliary data in terms of PA, but MSAVI and PV
negatively affect the classification accuracy of PEU2 by 7%. Likewise, PV, TS-W, and PCA also
negatively affect the PA of PEU4 by up to 6%. PEU1 was neutral to some auxiliary data but profited
from most of the auxiliary data in terms of PA, up to 11%. PEU2, PEU4, and PEU3 identification
benefit from adding auxiliary data to the reflectance bands when PA is concerned.
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Figure 4. Effects of different auxiliary data on the PEUs classification accuracy. a: UA b: PA, c: KIA: d: OA and
e: OK.
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As shown in Figure 4b, all but PEU1 significantly benefit from the auxiliary data, up to 21% in
terms of UA. PEU3 and PEU2 significantly benefit from all the auxiliary data. Most of the auxiliary
data negatively affect UA of PEU1 up to 11%, except PCAs-DEM, which positively affects UA by
2%. Likewise, PEU4 was affected slightly negatively by EVI (1%).

As indicated in Figure 4c, most PEU classification improves their KIA accuracy up to 35% from
auxiliary data however, some were negatively affected up to 6%. Meanwhile, PEU3 benefits
remarkably from all the auxiliary data. MASVI and PV negatively affect the KIA of PEU1 by 1%
and PEU2 up to 6%. Likewise, PEU4 was negatively affected by PV and TC-W (up to 3%). The side-
by-side comparison of the efficiency of reflectance pan-sharpened bands and auxiliary data showed
that auxiliary data enhanced OA between 1-14% (Figure 4d) and OK between 2-19% (Figure 4e).
Among the PEUs classification maps, the map resulting from PCAs-DEM resulted in the highest
overall classification accuracy (14%) and OK accuracy (19%).

Figure 5 illustrates the PEUs classification maps using the RF classifier based on pan-
sharpened bands and auxiliary data such as vegetation indices (EVI, MSAVI, PV), image
transformation outcomes (TC-W, PCAs) and the topographic factor of DEM. In each of these maps,
the spatial distribution of the PEUs appears relatively similar. PEU2 is mostly distributed in the
central flat areas of the study area, while PEU1 and PEU4 are distributed in the steeply sloping
areas where the altitude is higher (see DEM in Figure 3). PEU3 is distributed throughout almost the
entire study area.
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Figure 5. PEUs classification maps using reflectance bands and complementary auxiliary datasets (EVI,
MSAVI, PV, TC-W, PCAs and DEM).

Figure 6. illustrates the resulting map from reflectance bands and auxiliary data of PCAs-DEM
that indicated the highest OK (71%) and OA (79%). In this map, PEU4 comprises Shrub-Tall grass
dominant species that cover about 44% of the area. In contrast, PEU3 is a dominant semi-shrub that
occupies a small area (16%), PEU2 is a tall grass species, and PEU1 is a scrubby species that
accounted for 18% and 20%, respectively.
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Figure 6. The PEUs mapping resulting from pan-sharpened bands and PCAs-DEM as auxiliary data, which
revealed the highest OK accuracy (71%) and OA (79%).

3.3. Statistical Comparison

The UA, PA, and KIA for PEU classes were calculated and compared by Friedmans’ test with
the corresponding post-hoc (Table 4) to reveal the added value of the auxiliary data on PEU classes.
The results of auxiliary data comparison by Friedmans’ test indicated that the PCAs-DEM and DEM
displayed statistically significant effects on PEUs classification (P < 0.05), but vegetation indices and
tasselled-cap transformation did not show a significant added value to the reflectance data for PEUs
classification (Table 4).

Table 4. Results of statistically significant comparison (P<0.05) between the accuracy of PEUs and auxiliary

data.
PEUs Accuracy Sig Auxiliary dataset Accuracy Sig
Reflectance bands-EVI .613
Reflectance bands-MSAVI .665
Reflectance bands-PV 773
*
UA 0.021 Reflectance bands-TC-W 248
Reflectance bands- PCAs 194
Reflectance bands-DEM 0.036*
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Reflectance bands- PCAs -DEM 0.004*
Reflectance bands-EVI .665
Reflectance bands-MSAVI 470
Reflectance bands-PV 773
PA 0.025* Reflectance bands-TC-W 427
Reflectance bands- PCAs 112
Reflectance bands-DEM 0.030*
Reflectance bands- PCAs -DEM 0.008*
Reflectance bands-EVI 773
Reflectance bands-MSAVI .665
Reflectance bands-PV .613
KIA 0.021* Reflectance bands-TC-W 248
Reflectance bands- PCAs 194
Reflectance bands-DEM 0.036*
Reflectance bands- PCAs -DEM 0.004*

The mark * represents that the difference is statistically significant (P<0.05).

4. Discussion

Although traditional and field-based mapping approaches have proven to deliver high
accuracy, the costs and time associated with producing such maps reduce their application. This
study examined whether the pan-sharpened bands alongside auxiliary datasets are adequate to
classify PEUs across heterogeneous rangelands. In this study, the PEUs’ classification is based on
the premise that each PEU class results from a distinct combination of dominant species and
environmental ecological effects applied to distinguish the PEU classes. Four PEU types, namely
PEU 1 (As ve (Astragalus verus Olivier)), PEU 2 (Br to (Bromus tomentellus Boiss)), PEU 3 (Sc or
(Scariola orientalis Sojak )), and PEU 4 (As ve- Br to (Astragalus verus Olivier_ Bromus tomentellus
Boiss), were identified in the region.

We used Landsat OLI 8 images in this study. Although these sensor images, due to their high
spatial and temporal resolution, have demonstrated their utility for land use and land cover
mapping [30]. However, the PEU’s classification is more complicated due to the similar spectral
behavior of PEUs and the intricate spatial structure of the landscape. Nevertheless, 30 m spatial
resolution bands likely lead to complex pixels and consequently low classification maps precision,
especially at the subclass of plant community, i.e,, PEUs. Thus, to circumvent the problem and
reduce the mixed pixels effects, the 30 m resolution bands (bands 2 to 7) were pan-sharpened using
the panchromatic band with a 15m resolution (band 8). A suite of classification algorithms has been
explored for vegetation mapping. However, their success and efficiency depend on many factors,
such as satellite images, the classification system, the characteristics of the study area, and the use of
auxiliary datasets [31].

In this study, pan-sharpened Landsat OLI-8 images were classified using an RF algorithm.
Such an approach will allow for improving PEUs classification with very fragmented,
heterogeneous vegetation communities and spectrally similar features [30,32].

Lu et al. [33] in their research showed that in land cover mapping using spectral bands, the
maximum likelihood classification (MLC) algorithm provides the most accurate maps compared to
other classification algorithms and even machine learning algorithms. However, when additional
auxiliary datasets were used, machine learning classifiers provided superior classification results
than MLC. The RF algorithm relies on recursive sub-setting, which organizes the training data into
groups of increasing homogeneity [27]. The relatively higher performance of the RF classifier
suggests a level of intra-class variability, making recursive sub-setting efficient [34,35].

4.1. The Roles of Reflectance Bands and Auxiliary Dataset Features
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We used two models for PEUs’ classification of arid rangelands. The first model includes only
pan-sharpened bands (2-8 reflectance bands) from Landsat OLI-8 images. The overall classification
accuracy (65%) and OK (52%) obtained in the first model (Table 3), indicated that the reflectance
bands of Landsat OLI_8 images were still the most significant feature in PEUs classification.
According to Table 3, PEU1 had the highest KIA (71%), but PEU3 had the lowest KIA (40%). PEU3
is usually characterized by a scattered and irregular distribution on the map, so that often between
the PEUs visible large area of bare soil and bare space, ranging from a few square meters and in
some cases, even several meters. Therefore, the presence of bare spaces and bare soil and their
influence on the reflectance recorded by the sensors has probably reduced the PEUs map accuracy.
Thereby, the distribution form of the PEUs may play a significant role in the intra-class spectral
variation.

The second step is based on auxiliary data complementing the reflectance data. While the
development of an auxiliary dataset is often time-consuming, it is the most effective way to identify
and determine auxiliary datasets to improve the PEUs classification accuracy in heterogeneous
landscapes. This research introduces an appropriate auxiliary dataset, including topographic data
such as DEM, vegetation indices such as MSAVI, EVI, and PV, and linear transformation methods
such as PCAs and TC-W, which are effective in enhancing PEUs mapping accuracy. The second
step results showed that combinations of different auxiliary data could enhance OA and OK
classification (1-14% and 2-19%, respectively). As opposed to using only reflectance bands, nearly
all of the auxiliary data improved classification accuracy. As indicated in Figure 4d and e, among
the auxiliary data, vegetation indices such as MSAVI, EVI], and PV have the least positive effect on
classification precision. The vegetation indices are normally derived from red and infrared bands.
These two bands are already exploited when reflectance data are used. Therefore, less improvement
is observed in the classification accuracy when vegetation indices are applied.

In contrast to vegetation indices, the topographic factor (DEM) and linear transformation
methods of reflectance bands, i.e., PCAs and TC-W, respectively, yielded the highest classification
accuracy and made the most impact on the PEUs’ accurate identification. Since PEUs are
distributed differently in the study area, therefore, topographic variable of DEM is a thematic map
that significantly improved PEUs classification. Likewise, the purpose of PCA is dimension
reduction by determining the effective information. Therefore, PC1, PC2 and PC3 contain the
highest spectral information (more than 99%); these PCs reduce noise and therefore significantly
improve the PEUs maps” accuracy. The Tasseled cap transformation was also extracted from the six
bands (2-7 bands) to consolidate spectral data into a few bands with little loss of information. While
most vegetation indices are only a combination of the two red and infrared bands, they are also
present in the tasseled cap transformation. This can be regarded as the reason for the higher
classification accuracy increment of Tasseled-cap transformation when compared with vegetation
indices.

Figures 4 a-c illustrate that PEU3 substantially profits from all the auxiliary data. The
classification result based on the reflectance data and the combination of DEM-PCAs auxiliary data
has enabled us to easily separate PEU3 from other PEUs, with the greatest gain in accuracy
compared with reflectance bands (35%). It seems that these two data layers of the auxiliary data set
(DEM-PCAs ) reduced the effects of bare soil reflectance, thus presenting purer pixels of this PEU.

Conversely, vegetation indices (e.g, MASVI and PV) negatively affect the classification
accuracy of PEU2 and somewhat PEU4. The role of the PEUs’ phenology should also be noted. For
instance, the growth season of PEUs with dominant grass species (Br to) grows earlier than that of
PEUs in the study area, while the growth season of PEUs with dominant shrub species (e.g., As ve
and Sc or) starts with a significant delay compared to other PEUs. In addition, due to a mild grazing
of the study area, PEU2 is more even and uniform than the other PEUs (e.g.,, PEU1 and PEU3),
making it more distinguishable in the images. Other PEUs are more variable in terms of canopy
reflectance at the same time due to shrubby species dominance or compositional variation (i.e.,
PEU1, PEU3, and PEU4). Finally, the sensors record a combination of soil and vegetation
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reflectance, thus increasing the number of mixed pixels and error rate in these PEUs. This is why
auxiliary data such as PCA and PCA-DEM have substantial impacts on PEU2 classification. PCA
has affected to easily extracting land cover signatures, which helped to classify the different PEUs.

PEU4 consists of two dominant vegetation types of As ve and Br to, so that due to structure and
life form differences having dissimilar spectral behavior, therefore consequently lower accuracies of
the classification map. The tested vegetation indices cannot detect and eliminate these errors. While
auxiliary data such as DEM and PCA-DEM have substantial impacts on the PEU4 Kappa index of
agreement. As mentioned before, PEUs" spatial distribution is different; therefore, topographic
variables are features in improving PEUs classification. As shown in Figures 5 and 6, PEU2 is
dispersed mainly in the flat Plains, whereas PEU1 and PEU3 are distributed on steeper slopes.
PEU4 is distributed evenly, almost throughout the entire area. Vegetation indices acted mostly
neutrally, or even negatively in some cases, for the classification of PEU1. Therefore, as much as the
PEU1 is a concern due to its dense canopy cover and consequently delivering pure pixels, using
vegetation indices as auxiliary data is not necessary. Yet, some of the auxiliary data, such as DEM
and PCAS-DEM, effectively improved the spatial distribution of PEU1 and increased the
classification accuracy.

The produced PEUs classification maps were validated by ground truth data (test points), and
assessed by computing OA and OK (Figure 6). Resulting PEUs classification maps from pan-
sharpened bands and auxiliary data of PCAs-DEM produced the highest OA (79%) and OK (71%).
According to the Land Use and Land Cover classification system with satellite images data
developed by Anderson [36], nine main classes were identified, including: Built-up Lands or
Urbans, Rangelands, Agricultures, Forests, Wetlands, Waters, Tundra, Barren Land and Perennial
Snow. Moreover, for each of these major classes of land use and land cover, subclasses have been
introduced. So far, most of the land cover mapping process has been implemented on the main land
cover classes, e.g., Macintyre [37] with OA, 50-74%, Pflugmacher [38] with OA, 75.1%, Feng [19]
with OA, 76%, Castillejo-Gonzalez) [35] with OA, 72%. However, this study focused on performing
the classification process for subclasses of rangeland vegetation (plant ecological units). When a
vegetation subclass map is concerned (i.e., PEUs), a more similar spectral (low inter-class
separability) is expected with a more intricate spatial structure. Therefore, their separation is a
difficult process, and the OA of 79% achieved in this study is sufficiently satisfactory.

5. Conclusions

Accurately delineating PEUs from medium-resolution multispectral imagery remains
challenging due to spectral similarity among vegetation types and spatial heterogeneity in semi-
arid landscapes. This study shows that augmenting pan-sharpened Landsat OLI-8 bands with
carefully selected auxiliary data can substantially improve PEU classification. In particular, the
combination of DEM-derived topographic information and PCA components yielded the most
consistent gains when used with an RF classifier. These results underscore that feature design
matters as much as the base imagery: not all auxiliary layers contribute equally, and some offer
little or no benefit. As a practical recommendation, we advocate prioritizing terrain derivatives
(elevation, slope, aspect) and low-dimensional spectral transforms (first PCs) before adding
additional indices or ancillary layers. This work provides an operational pathway for PEU mapping
in semi-arid rangelands and can inform ecological monitoring and management. Future research
should assess temporal robustness, adopt spatially explicit validation, compare additional learners
and feature-selection strategies, and evaluate transferability to other regions. Together, these steps
will further strengthen the reliability and scalability of PEU maps derived from satellite RS.
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