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Abstract. Environmental issues like deforestation are major challenges in the
context of dry regions. To characterize this topic, we propose a new algorithm
based on the unsupervised K-Harmonic Means classification algorithm and veg-
etation indices (VIs). The purpose is to optimize vegetation cover information
mapping using Landsat images. The region of Mecheria in South-Western Alge-
ria, classified as a semi-arid to arid area, is selected for experimentations. More-
over, two dates 1987 and 2019 are considered for a better assessment of the re-
sults.

The proposed methodology integrates multiple vegetation indices regarding their
ability to extract vegetation covers in dry climate conditions. The classes present-
ing the highest correlation ratio are then combined in a quick yet ingenious way
creating the final vegetation area.

The new combination technique, inspired from clustering ensembles algorithms,
shows an average improvement in accuracy of 16.55% and 29.15% respectively
for 1987 and 2019 classification results. These values were computed using con-
fusion matrices. An additional assessment is conducted comparing the proposed
methodology with established combination techniques using multiple criteria.

Keywords: K-Harmonic Means, Vegetation Indices, Automatic Classification,
Landsat Images, Indices Correlation.

1 Introduction

In Algeria, the term ‘steppe’ is adopted to describe the vegetation in arid and Saharan
areas. According to studies by several authors, an important steppe zone is the region
of Nadma in South-Western Algeria known to contain a natural species richness that
has yet to be valued [1][2][3].

Mecheria is one of the principal cities situated in Nadma that is constantly subject to
extensive human pressures [4] and multiple climate issues [5]. The pasture system of
Mecheria, often characterized by bad practices, associated with the region semi-arid
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characteristics, are currently pushing the regression of vegetation covers and land deg-
radation [6]. The delimitation of vegetation areas, in particular, is especially useful as
it can provide important information regarding several natural disasters such as defor-
estation, floods, and climatic phenomena [4] [6] [7].

There is a wide availability of methods and techniques for vegetation area extraction
in steppe region. Among them, remote sensing based classification approaches are the
most popular as they can decrease human error while efficiently reducing costs, and
time [8] [9][10]. However, developing suitable methods with satisfactory performances
using limited resources remains one of the biggest challenges. This especially true in
case of developing country where ground truth data is mostly unavailable [11] [13].

In fact, most recent state of the art vegetation mapping and monitoring techniques
involve advanced classifiers such as random forest [14] [15] and support vector ma-
chine [16] [17]. This type of approaches are known as rule-based classifications, and
despite their satisfactory performances they are highly time and resources consuming
[18]. As a result, the use of completely unsupervised efficient techniques is essential in
order to exploit unlabeled open source datasets.

In this context, the K-Means (KM) algorithm is by far the most exploited technique
[19] [20]. However, it presents the issue of randomly selecting K initial centers which
may lead to unstable results and sometimes large errors.

In [21], a density peak k-means (DPK-means) algorithm is used to classify vegeta-
tion and non-vegetation pixels from a normalized difference vegetation index greyscale
image with the fitting accuracies of 0.87 and 0.93 respectively. To solve the local opti-
mization problem of the k-means algorithm, density peaks are used as the initial clas-
sification center points. Despite good performances, the methodology relies on addi-
tional pretreatments where, the data is fitted by a multimodal Gaussian fitting.

In [22], the authors relied on visual interpretation to perform a series of reclassifica-
tions in order to overcome KM initialization issue. The purpose of the study is to extract
forest vegetation on the basis of their spectral characteristics and estimate the level of
forest fire danger.

The K Harmonic Means (KHM) is an improved version of the KM that uses the
harmonic averages of Euclidean Distances to overcome the K-Means high dependence
on its initial identification of elements, thus our choice. The algorithm is quick and
simple to implement and have the advantage of being a robust classifier [23] [24] [25].

Recently, classification algorithms are computed within a Data Integration technique
that combines the selected images bands with additional spectral bands such as different
color composition and spectral indices [26]. This way of proceeding can significantly
improve the classification accuracy without the need of labelled resources [11] [12]
[27].

In [26], the authors integrate three types of features including geometry data in order
to reach an accuracy of 86.9%. However, the latter relies on high resolution images in
conjunction with the Digital Elevation Model that are not always available in practice.
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Another common technique to extract LU/LC data is to perform a Majority Voting
combining several spectral indices classification results [28]. However, each individual
index outcome contains errors that when combined with other indices errors, in case of
Majority Voting, can distort the final output map. Data Integration techniques deal with
this issue by performing a classification of the multi-feature data, still, accuracy go
significantly down as the image size increases [29].

Our work, on the other hand, performs an additional classification in local classes
areas of the indices results averaging the number of misclassified elements and effec-
tively dealing with both problems.

Following the lack of resources issue that greatly hinders researches advancement,
multiple companies have created interactive online access to free satellite images. The
leading technology USGS Earth Explorer with Landsat archives is freely providing a
limitless well of information, accessible for multitude regions all around the world [19]
[22]. Our experiments are carried out using two Landsat images covering the city of
Mecheria over the years 1987 and 2019. The observed vegetation areas within the re-
gion mostly corresponds to agricultural zones and reforestations.

The proposed methodology, aims to explore the ability of multiple VIs combined
with remote sensing datasets to improve vegetation cover classification. Considering
the natural characteristics of the region of Mecheria, six indices [30] [31] [32] are as-
sessed namely: the Normalized Difference Vegetation Index (NDVI), the Soil-Adjusted
Vegetation Index (SAVI), the Modified Soil-Adjusted Vegetation Index (MSAVI), the
Optimized Soil-Adjusted Vegetation Index (OSAVI), the Green Soil-Adjusted Vegeta-
tion Index (GSAVI) and the Green Optimized Soil-Adjusted Vegetation Index
(GOSAVI). The NDVI is by far the most commonly used index in agricultural parcels
and vegetation covers detection and monitoring [33]. The SAVI and its multiple ver-
sions (MSAVI, OSAVI, GSAVI and GOSAVI), on the other hand, are developed to
overcome some of the NDVI limitations especially in less dense areas such as semi-
arid regions [34]. Indeed, these indices contain a regulatory parameter, often referred
as “L”, which serves the purpose of minimizing the soil effect on the vegetation signal
[35]. Therefore, resulting in a more realistic estimation of sparse vegetation covers. In
this work, the SAVI is set as the reference index in a Pearson Coefficient [36] based
correlation process in conjunction with a surface ratio (equation 3). The proposed merg-
ing approach is rooted within unsupervised ensemble clustering techniques. These
methods use different procedures to combine several classification outcomes [37]. The
final classes retain the useful information from the combined results with an increased
precision [37].

Finally, the simplicity of the proposed procedure ensure its effectiveness and flexi-
bility improving the obtained classification results.
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2 Used Data and Study Area

In the presented work, the region of Mecheria in Algeria with a longitude of 33°.483185
and a latitude of -0°.0373201 was selected as an experimental site.

Our choice is first based on its elements diversity including dense vegetation, sparse
vegetation, urban areas, soil and wetlands (5 classes). Secondly, the vegetation land-
scape of the region suffered visible changes over the years [38]. This allows us to eval-
uate the performance of the proposed algorithm on a zone characterized by different
features and configurations that often get misclassified [12].
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Fig. 1. Landsat 8 RGB image of Mecheria (2019).

The used images (Table 1) are freely available through the U.S. Geological Survey
(USGS). Landsat 8 data were acquired using the Operational Land Imager (OLI) and
the Thermal Infrared Sensor (TIRS) sensors, while Landsat 5 data were collected using
Thematic Mapper sensor.

The images are then radiometrically and geometrically corrected and clipped to ex-
tract the region of Mecheria.

Table 1. Used Landsat satellite images.

Satellite Date Size Resolution
Landsat 8 2019/03/16 7801 x 7941 30 meters
Landsat 5 1987/04/25 8001 x 7648 30 meters

3 Methodology

Fig. 2 shows a diagram of the proposed methodology and its different steps.
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Fig. 2. The proposed methodology diagram.

Selected Indices

Six vegetation indices (Table 2) are selected and assessed based on their classification
results. According to studies in [34] [39] [40], the SAVI is especially adapted to extract
vegetation under dry climate conditions and is considered our reference index. The ‘L’
parameter of the SAVI is fixed to -0.25 according to experiments in [39] [41].

Table 2. Vegetation indices equations and references.

Formula Ref

Ryir — R
NDVI = NIR Red [30]
Ryir + Rgea
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SAV] = 0.75 * (Ryir — Rgea) [41]
Msavi = 2*Rwm +1-val, [30]

val = \/(2 * RNIR + 1)2 — 8% (RNIR - RRed)

1.16 * (Ry;r — R

0SAVI = (Rnir Red) [42]
Ryir + Rpeq + 0.16
1.5* (Ryjr — R

GSAVI = ( NIR Green) [18]
RNIR + RGreen + 0.5

Ryir — R
GOSAVI = (Rnir Green) [42]

Ryir + Rgreen +0.16

The selected indices range from [-1 +1], where the closest values to +1 represent
dense vegetation and the second closest values represent sparse vegetation covers. In
case of Mecheria, like previously cited, these regions mainly corresponds to agricultural
and reforestation parcels.

3.2 K-Harmonic Means Classification

The selected indices are classified using the KHM unsupervised algorithm [37], which
function is given as follows:
—_ VN K
KHM = Bl g (1)
Where, K is the number of clusters empirically fixed by the user and Djj is the Eu-
clidean Distance between pixels xi (i=/, ..., N) and centers ¢j defined by:

Dij = ||x; - Cj||2 2

We initially fixed the number of classes to K=35 corresponding to the visual elements
in Mecheria. However, the majority of indices presented a confusion between soil and
urban areas that were consequently merged into a single class adjusting the number of
clusters to K=4.
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33 Indices Correlation

Given a set of 10000 randomly extracted pixels from the reference, the correlation pro-
cess uses a newly proposed measure (CM) combining the Pearson Coefficient (PR) [36]
and a surface ratio (SR) to assess the selected indices. The CM between the reference
index SAVI and a given index VI is defined as follows:

PR £SR

CM = ©)
PR = OSAVIVI (4)
OSAVI* OV]
SR = min(Surfacesayy ,Surfaceyry) (5)

max(Surfacesayy ,Surfaceyy)

Where,

m o(SAVLVI) is the covariance between indices SAVI and VI
m 0 SAVI and ¢ VI are the standard deviations of SAVI and VI respectively.

The CM ranges from [-1 +1], where -1 indicates a negative correlation, +1 indicates
a positive correlation and 0 corresponds to nonexistent correlation.

The correlation is computed over vegetation class values, where the rest of the pixels
are set to null during this process. We argue that, the selected VIs were initially adapted
for vegetation extraction and should be tested for that purpose to maximize their per-
formance.

Table 3. Indices correlation values.

SAVI 1987 SAVI 2019
NDVI 0.9999 0.7120
MSAVI 0.9967 0.6859
OSAVI 0.9999 0.9999
GSAVI 0.5275 0.4847
GOSAVI 0.5277 0.4630

Table 3 shows CM values for all selected indices. Only correlations close to 70%
and above are retained [36] corresponding to the MSAVI, OSAVI and NDVI. In case
of GSAVI and GOSAVI, the indices presented a large confusion between soil and veg-
etation classes. However, when using the Pearson Coefficient alone, the metric sug-
gested a high correlation close to +1. This is explained by the SAVI vegetation area
being entirely included within the confused vegetation area (with soil region) of the
GSAVI and GOSAVI. Integrating the surface ratio within the CM efficiently corrects
this issue and returns realistic correlation values.
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3.4  Composite Classes

In this context, a composite class is formed by combining the surface areas belonging
to the same classes across all used indices. The newly obtained combination zone is
then extracted from each of the selected indices classifications to form a 4 (4 indices)
dimensional feature that we refer to as a composite class. This principle is rooted within
clustering ensemble techniques [37] and is illustrated in Fig. 3 for a supposed vegetation
class.

SAVI NDVI MSAVI OSAVI

T T E TR ST T

Vegetation class center
Composite vegetation class
Merged vegetation class center

Fig. 3. Vegetation composite class.

There is a total of four composites classes (K=4). For each, we compute a merged-
center (MC) obtained by averaging the centroids of a given class across all selected
indices classifications. The average number of pixels (ANP) of each composition is also
extracted for the next step.

3.5 Final Classes Extraction

Using the obtained MCs and ANPs from the previous step, we select the final pixels of
a specific class by calculating the Euclidean distance over each composite area. The
resulting classes consist of the closest pixels to merged-centers with a total correspond-
ing to the ANP of each class.

4 Results and Discussions

The evaluation section relies on a careful visual analysis using meticulously selected
Regions of Interest to create viable ground truth datasets and compute confusion matri-
ces. The assessment of the proposed methodology is performed in two different
schemes: an accuracy assessment and a comparison with the widely used Majority Vot-
ing [28] and Data Integration [43]. Majority Voting consists of attributing for each pixel
the class that is returned by the majority of VIs classification results. This approach is
highly preferred due to its simplicity and satisfactory results [28]. Data Integration, also
known as band combination, is another commonly used technique that combines the
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VIs and spectral bands into a single data. A chosen classification algorithm is then com-
puted on the multiband constructed image. This methodology increases classes separa-
bility by introducing higher amounts of spectral information [43]. Our proposed tech-
nique, on the other hand, could be viewed as the combination of both approaches with
satisfactory results.

4.1 Accuracy Assessment

Accuracy assessment is common practice for rigorous validation based on a robust
ground truth dataset. In our case, however, such data is not available. In order to address
this issue, we rely on a careful visual analysis of the selected images.

A total of 4 groups (see section 3.2) known as Regions of Interest (ROIs), each corre-
sponding to a given class, are formed. The ground truth datasets are then constructed
through a classification process that satisfies an overall accuracy of 97% and 96% re-
spectively for images acquired in 1987 and 2019. These values are calculated by com-
puting confusion matrices between the used multispectral images and the obtained
ROIs. In case of the 2019 data, a Sentinel-2A high resolution image (10 meters) was
also exploited to further confirm ROIs precision.

Using the generated ground truth, confusion matrices are computed based on a strat-
ified random sampling [42] process to assess the proposed methodology in comparison
with the unsupervised KHM classification algorithm. Both approaches are applied on
the two selected Landsat multispectral images of 1987 and 2019. Finally, Table 4 re-
ports the average values between user’s and producer’s accuracies with the showed
improvement (the difference between values) for sparse and dense vegetation classes.

In this case, we chose to not report the overall accuracy, despite values being higher
than 80%, as our work focusses on vegetation extraction only.

Table 4. Accuracy values using confusion matrices.

1987 2019
Sparse Dense Sparse Dense
Proposed methodology 75.1% 71.4% 82.3% 72.9 %
KHM unsupervised
classification 58.9% 54.5% 59.4% 37.5%
Difference 16.2% 16.9% 22.9% 35.4%

According to [26] a classification with an accuracy above 70% could be used in
practice. From Table 4 we can see that the proposed methodology reported satisfying
and practical results. In comparison with the KHM classification of images, there are
significant improvements of 16.55% and 29.15% respectively for 1987 and 2019 data.
The obtained results are especially interesting, considering that they are achieved by
simply introducing a couple spectral indices. In addition, the unsupervised characteris-
tic of the proposed methodology is extremely useful in the case of limited resources
such as Landsat images that do not usually provide ground truth labels.
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However, the major drawback of the proposed techniques is its high computational
time, where several KHM classifications are performed. Though, other advanced clas-
sifiers like Random Forest and Support Vector Machine, known for best achieving re-
sults, are equally time consuming. Another issue resides in the poor extraction of urban
areas. The use of urban spectral indices in combination with vegetation spectral indices
presents a good future perspective.

4.2  Cluster validity indices

In this section, we perform a comparison of the proposed combination technique with
two established methodologies that are Majority Voting and Data Integration. The ob-
tained classification results from each method are evaluated through cluster validity
indices [44]. A total of three criteria [44] were selected namely: the Xie-Beni Index
(XB), the Davies—Bouldin Index (DB) and the Sum-of-Squares based Index (WB).

Validity indices are often used to evaluate the quality of classification results, where
minimum values are associated with better performances [45].

The Majority Voting was applied on the KHM classifications of the four correlated
indices (see section 3.3). As for the Data Integration technique, we combined all of
Landsat spectral bands with the four correlated indices bands and classified the new
data using the KHM algorithm also.

Table 5. Cluster validity indices for 1987 classification results.

1987 XB DB WB

Proposed Methodology 2.13 2.94 0.35
Majority Voting 2.14 2.94 0.35
Data Integration 2.52 1.52 1.09

Table 6. Cluster validity indices for 2019 classification results.

2019 XB DB WB

Proposed Methodology 0.13 1.58 0.31

Majority Voting 0.21 1.13 0.38
Data Integration 3.06 2.78 1.0

Table 6 shows the outperformance of the proposed methodology in case of the 2019
data for the majority of indices. The 1987 classification results (Table 5), on the other
hand, are almost similar especially in comparison with Majority Voting. This is ex-
plained by the fact that the KHM classifications of all indices returned almost identical
results. This could also be seen within their correlation values close to +1 (=0.99) sug-
gesting similar outcomes.

From both Tables we can observe that the proposed methodology closely matches
performances with Majority Voting. However, our technique has the notable advantage
of combining a pair of indices (two indices). In comparison, Majority Voting is com-
puted from a minimum of three indices.
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As for the KHM algorithm, it showed satisfactory classification results despite high
computational time for both Majority Voting and the proposed method. Finally, Data
Integration technique possessed the fastest execution time of the three but with the low-
est results.

4.3  Visual Interpretation

A visual comparison over the obtained results with their corresponding RGB images is
shown in Fig .4 and Fig .5. Two vegetation areas covering reforestations and agricul-
tural parcels are selected and compared.

The performances of the proposed methodology are clearly visible especially in re-
forestation parcels (Top section of Fig .4 and Fig .5) with an increased definition and a
better visual quality. In addition, we can observe from the top section of Fig .5 that the
KHM classification on the Landsat images included parts of urban structure within the
obtained vegetation class further confirming our results.

From Fig. 4 bottom section, we could notice a small confusion between sparse and
dense vegetation by the proposed methodology. However, the latter performed well in
general and only showed a few areas of error as suggested by the accuracy analysis (see
section 4.1).

Il Dense Vegetation

(a) (b) (©

Fig. 4. Visual interpretation of Landsat 5 image (1987). Top: reforesta-
tion parcels. Bottom: agricultural parcels. (a) Landsat 5 RGB image.
(b) KHM classification of 1987 image. (c) Classification results using
the proposed methodology.
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Bl Dense Vegetation

(@ (b) ©

Fig. 5. Visual interpretation of Landsat 8 image (2019). Top: reforesta-
tion parcels. Bottom: agricultural parcels. (a) Landsat 8 RGB image.
(b) KHM classification of 2019 image. (c) Classification results using
the proposed methodology.

5 conclusion

In this study, an automated scheme for an improved classification of vegetation land
cover was introduced using Landsat open data. The methodology is rooted within en-
semble clustering techniques and relies a simple combination of surfaces and distances
to merge the results of several VIs. In the proposed procedure, the KHM algorithm is
computed to perform an unsupervised classification of selected indices. The purpose
being the use of open source unlabeled Landsat datasets. For this study, the region of
Mecheria, in Naama Algeria, is selected over two dates: 1987 and 2019. The natural
characteristic of the city combined with its uncontrolled pasture system, has led to se-
vere land and vegetation covers degradation over the years despite the increase of agri-
cultural areas. This is due to the Algerian government plan to establish new agricultural
perimeters in arid region in the 2000s. The phenomenon can be observed through the
obtained results with satisfactory performances in terms of accuracy and quality using
confusion matrices and cluster validity indices respectively.

The major drawbacks of the proposed work were finally discussed consisting of a
high computational time and the inability to extract urban areas. Consequently, it could
be interesting to combine vegetation indices with urban spectral indices while using a
faster classifier for future perceptive.
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