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1. CONTEXT AND OBJECTIVES

1.1. General context: The secular erosion of Tugay forest along 
Amu Darya River 

The Amu Darya is one of the longest rivers in Central Asia. The river is 1415 km long from the 
confluence of the Vakhsh and Panj rivers to the Aralkum desert (ancient eastern basin of Aral Sea). 
The total length of the river is around 2540 km if measured form its farthest source located in high 
mountains between Afghanistan and Tajikistan within the former Badakhshan region. The 
drainage basin of Amu Darya totals around 534 700 km² with 4 countries: Afghanistan, 
Tajikistan, Turkmenistan, and Uzbekistan. 

The Amu Darya River flows through dryland regions defined by the Köppen classificationas from 
cold semi-arid climate in upper section to cold desert climate in lower section. The river divides the 
deserts of Kyzylkum and Karakum. The habitat type in the region is defined as Deserts and 
xeric shrubland. As a permanent watercourse, the Amu Darya has produced outstanding wetland 
ecosystem in an arid and semi-arid context known as Tugay. The Tugay ecosystem is a riparian 
forest associated with fluvial and flood plain areas; a kind of river mangrove, made up of an 
interlacing of trees and shrubs linked together by vines. The habitat is mostly linear, known as 
gallery forest, following river course in arid landscapes of central Asia. Tugay communities have also 
a function as wildlife corridors. Tugay habitats have their own fauna: hares, deer, wolves, wild pigs, 
desert cats, foxes, many birds and specially the last population of Bukhara deers. 

The development and intensification of irrigated agriculture around Amu Darya during the two last 
centuries leads to the so-called “Aral Sea Disaster”, including the related ecosystem impacts and land 
degradation in the Amu Darya Delta. Among others the conversion of Tugay ecosystem into 
degraded forest and farmland is part of this evolution. In the Amu Darya lower section, Tugay 
covered around 500 000 ha in 1950. Now less than 10% remain. These ecosystems have been 
mostly replaced by irrigated agricultural land or have disappeared due to lack of water supply. 

Despite this ecological erosion of biodiversity around Amu Darya, national authorities of Uzbekistan 
struggle develop specific tools for nature conversation and production. According to the 
United Nations Environment World Conservation Monitoring Centre (UNEP-WCMC) and the 
IUCN World Commission on Protected Areas (WCPA), Uzbekistan established since 1982 only one 
protected area in the lower section : the Baday-Tugay State Nature Reserve (Ia). The Baday-
Tugay State Nature Reserve covers a total of 48,500 ha and represents an almost fully 
conserved natural ecosystem (riperian river forest). According to UNESCO, the Baday-Tugay State 
Nature Reserve is the the only reserve in the country where relict Tugay ecosystems are conserved. 
The reserve holds 86 plant species, 250 species of birds and others wild animals from river and land. 
The Bukhara deer (Cervus elaphus bactrianus) and the tree Populus pruinosa are included in the Red 
List of IUCN.  

In order to extend the conservation dimension of the baday-Tugay State Nature Reserve, 
the Government of Uzbekistan created a State Biosphere Reserve in the lower delta of Amu Darya 
River in the Republic of Karakalpakstan (Resolution of the Cabinet of Ministers of the Republic of 
Uzbekistan No, 243 of 26 August, 2011). The so –called “Lower Amu Darya State Biosphere 
Reserve” (LABR) was included the territory of the former Baday-Tugay National Reserve and some 
areas of Beruni and Amu Darya districts of Karakalpakstan, which made its total area officialy to 
68,700 ha. The LABR follows the recommendation of UNESCO Man & Biosphere program of 
promoting a sustanaible development with the combination of protection, conservation and 
economical activities. But LABR is not yet recognize by UNESCO as a member of the international 
network of biosphere reserves. 
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1.2. Mission context: Mapping Ecosystem-based land use and 
preservation of ecosystems in the lower section of the Amu Darya  

In 2018 GIZ (German Corporation for International Cooperation GmbH) has been commissioned by 
the German Ministry of Environment (BMU) to accompany the candidacy process and further analyse 
the sustainable use of natural resources along the Lower Amu Darya in Khorezm region and 
Karakalpakstan autonomous republic. The project is named ‘Ecosystem based land use and 
Ecosystems conservation along the lower Amu Darya reaches’ (IKI Amu Darya). 

The GIZ (German Corporation for International Cooperation GmbH) is supporting the implantation of 
the LABR action plan through the project.   

In this project, CIRAD is responsible for characterizing and mapping natural ecosystems (min 
scale 1:100 000) in the LABR in collaboration with local stakeholders. According to the 
terms of reference, a precise mapping of the land use, land degradation and ecosystems will be 
established. CIRAD proposes to use three different mapping methodology: 

• Precise mapping of vegetation cover will be proposed according to a typology of different
vegetation and state of degradation. Agricultural land will be differentiated according to crops
and salinization level.

• Seasonal mapping shall cover the seasonal land use in the areas around the forest allowing
analysing the agricultural cycle and the salinization dynamic over a few years

• Longer term dynamic mapping, analyzing data over the past fifty years, will allow
providing an insight in the long-term land use perspective in the study areas. Related maps and
analysis will be produced

CIRAD uses three sources of spatial information from satellite imagery: historical LandSat programs 
+ LS8 (US), Sentinel 2 (EU) and Spot 6 (Fr).

• Landsat 8, launched on 2013, provides seasonal coverage of the global landmass at a spatial
resolution of 30 meters (visible, NIR, SWIR) + Historical landsat image: Seven Landsat
satellites were launched between 1972 and 1999. This dataset of images is important for long
term assessment ;

• Sentinel-2A, launched on 2015, acquires optical imagery at high spatial resolution of 10m
(visible, NIR) ;

• Spot 6, launched on 2012, provide imagery at very high spatial resolution of 1.5 m
(panchromatique) and 6 m (multispectral). The SPOT images are marketed by Spot Image, a
subsidiary of EADS Astrium. The images acquired as part of the IKI Amu Darya project
comes from The GEOSUD project which aims to encourage the use of satellite imagery by
researchers, among others, in the fields of environment, agriculture and land development.

The project aims at strengthening capacities for developing and implementing ecosystem-based 
adaption (EbA) strategies in Turkmenistan and Uzbekistan by promoting EbA land use and the 
preservation of ecosystems in the lower section of the Amu Darya River. Land use models will be 
elaborated in order to rehabilitate degraded irrigated land and to restore its productivity. This will 
relieve the pressure on the region’s few remaining riparian forests as well as the biodiversity they 
contain, allowing ecosystems to recover more rapidly. The project is also working at different levels 
to increase people’s knowledge of ecosystem-based land use alternatives, primarily by training local 
actors in new methods. The national stakeholders and international development partner will be 
supplied with the concepts developed by the project for up-scaling. 

Source : https://www.international-climate-initiative.com (nov. 2018)
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1.3. Objectives of the expertise  

In order to start the mapping activities, the expert, a remote sensing engineer, is responsible for a pre-
test of ecosystem classifications based on Landsat and Sentinel imageries. The objective of this 
activity is to provide CIRAD with a functional typology for ecosystem analysis and mapping in 
the LABR area. This first classification will be based on an ex-nihilo analysis of satellite images 
without field data. However, the expert will take into account the various scientific papers already 
carried out in remote sensing in the region. 

Abdullaev, I., & Rakhmatullaev, S. (2014). Data management for integrated water resources 
management in Central Asia. Journal of Hydroinformatics, 16(6), 1425-1440. 

Conrad, C., Schönbrodt-Stitt, S., Löw, F., Sorokin, D., & Paeth, H. (2016). Cropping intensity in 
the Aral Sea Basin and its dependency from the runoff formation 2000–2012. Remote 
Sensing, 8(8), 630. 

Conrad, C., Dech, S.W.,  Hafeez, M., Lamers, J.P.A., Tischbein, B., 2011. Remote Sensing Based 
Hydrological Modeling for Irrigation Performance Assessment in the Lower Reaches of the Amu 
Darya River in Central Asia. Water Resources Management 25, 10, pp. 2467-2485. 

Conrad, C., Dech, S. W., Hafeez, M., Lamers, J., Martius, C., & Strunz, G. (2007). Mapping 
and assessing water use in a Central Asian irrigation system by utilizing MODIS remote 
sensing products. Irrigation and Drainage Systems, 21(3), 197–218. 

Dubovyk, O., Menz, G., Conrad, C., Kan, E., Machwitz, M., & Khamzina, A. (2013). Spatio-
temporal analyses of cropland degradation in the irrigated lowlands of Uzbekistan using remote-
sensing and logistic regression modeling. Environmental monitoring and assessment, 185(6), 
4775-4790. 

Based on this information, the objectives of the expertise includes several tasks. 

• Analyzing scientific land cover classifications used in cited scientific papers and assessing
the reproducibility of the classifications for CIRAD activities in the IKI Amu Darya project

• Identify the satellite images with less than 10% of cloud cover on the scene by month since
1970 until today in the databases of the USGC (United States Geological Survey) for LandSat
images

• Choosing satellite images from LandSat 4 / 5 / 8 products within the same month to use for
classification according land cover

• Describing the difference between LandSat 4 / 5 / 8 in terms of forest cover and other land
cover and define hypothetical classification needed to be confirmed at field level

• Choosing images for classifications from the last forty years

• Classification of land cover for four images, with special interest for forest, after having
pre-process images and set-up typology and nomenclature (from Unsupervised image
classification to semi-automatic classification since 1980 until today)

• Mapping the classifications and give some facts and figures on land cover evolutions

In this report, the expert presents the results of the different tasks. In addition to the report, the expert 
delivered in a hard disk all the mapping classifications performed, the training plots specific to semi-
automatic classification. The expert provides CIRAD with a list of recommendations to improve its 
work by specifying the difficulties experienced in the remote sensing analysis. 
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2. METHODOLOGY
In this section, we will present the method used to obtain a mapping of the different ecosystems along 
the Amu Darya River between 1980 and today. In a second step, we will summarize the Landsat 
satellite images available since 1970. Then, we will explain why we chose to study the 
following image series: 1988/1998/2008/2018. And finally, we will detail the treatment chain 
developed to map land cover. 

2.1. Study area 

The Lower Amoudaria State Biosphere Reserve (LABR) is located in central-western Uzbekistan 
between longitude N42°30’ & N41°30’ and lattitude E59°40' and E60°50' (see Figure 1). The LABR 
has a north-western south-eastern orientation. Because it follows the Amu Darya River, the LABR is 
about 110 km long and 20 km wide. According to the geographical file provided by the GIZ, 
the LABR has an area of approximately 711.9 km² or 71190ha. The reserve is located on the 
eastern edge of the Daria Amou delta between an agricultural region irrigated by a series of canals 
and the Kyzylkum desert.  

The core areas of the reserve totals 111.58km², the buffer zones 93.25km² and the transition areas 
507.09km². The core areas of the reserve are made up of particular forests and the buffer zones include 
most of the Amu Darya banks. Finally, the transition zone is mainly composed of agricultural lands 
and a small part of desert. The river that crosses the reserve measures about 125km or a little less than 
8.4% of the total length of the Amu Darya.  

Figure 1: Zoning of Lower Amu Darya State Reserve
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The LABR is located between several large urban areas (Figure 2). In the north, the city of Noukous 
has a population of 312,100. Noukous is the centre of a conurbanition composed of the cities of 
Taxiatosh (about 64,000 inhabitants) and Kızketken (no data). Towards the centre of the region, there 
is the city of Mang'it, which is also a border city with Turkmenistan. This city had about 35,000 
inhabitants in 2009. A little further south is the city of Gurlen with about 24,000 inhabitants in 2004. 
In the south of the reserve, the city of Ourguentch has 135,000 inhabitants in 2010. All these cities are 
located on the left bank of the Amu Darya River in the delta region.  

The LABR is included in Republic of Karakalpakstan with Noukous as regional capital. The 
southern part of the reserve is next to Khorezm province. The northern part of the reserve is located 
directly on the border with Turkmenistan for 20 km. 

Figure 2: Situation Map of Lower Amu Darya State Biosphere Reserve 
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2.2. Availability of Landsat satellite images 

With nearly 50 years of images, the American LandSat program is particularly interesting because it 
offers great opportunities for multi-temporal analysis. In addition, these images have the advantage of 
being available free of charge on the Internet. 

Figure 3: Landsat program timeline  1

2.2.1.Landsat satellite image calendar since 1970  

The analysis of the USGS databases focused on satellite images that fully included the project study 
areas with cloud cover below 10%. 

In the case of the LandSat program, the first image acquired in the area dates back to 1972 (Figure 4). 
In 1977, the MS1 program managed to obtain 5 images of the area. Despite the launches of LS2 and 
LS3, cloud cover was still present between 1977 and 1986. With the launch of the LS4 and LS5 
satellites, image acquisition is increasing significantly. There is good coverage of the area between 
1986 and 2002. The launch of LS7 in 1999 offers better definition images. But due to the impact of a 
small space object in the perspective of satellite, LS7 no longer has a processable image. LS5 provided 
some intermediate images in 2006 and 2009. The launch of LS8 has resulted in a significant increase 
in image acquisition with records of 16 images per year in 2014 and 2016. The distribution of images 
per month follows the climatic phenomena distribution across year (Figure 5). In winter, clouds are 
much more present in the area.  

Figure 4 : LS images per year since 1970 Figure 5 : LS images by month since 1970

Source : USGS database, Cirad calculation (oct. 2018)

 https://landsat.gsfc.nasa.gov/wp-content/uploads/2013/01/L8-program_timeline.png1
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Cross-referencing by month and year provides even more detailed information for seasonal and 
diachronic analyses. The years 2014 and 2016 remain the best two years for seasonal analysis since 
LS8 has acquired at least 1 photo over 11 months. The year 2014 better covers the winter and spring 
while the year 2016 better covers autonomy and winter.  

Between 1970 and today, the months of July and August are the most photographed months with 34 
images. 

The high spatial resolution and homogeneity of Landsat 4/5/7/8 data (30 m for TM, ETM+ and OLI) 
allows to characterize 900m² landscape elements on the ground. That is why we have chosen to focus 
on images captured after 1982. In addition, with the objective of mapping the territory and its 
dynamics over the last 40 years ("since today") with a ten-year time step, we looked at the years 
1988/1998/2008/2018 to see if it was possible to identify a month of common photography on each of 
these dates. 

2.2.2. Available images from the series 1988/1998/2008/2018 

After having carried out a quantified analysis of the available images, we focused our selection on the 
most captured months (June/July/August/September/October) from the series 1988/1998/2008/2018. 
To go further, a visual analysis was associated to this pre-selection from the site : https://
earthexplorer.usgs.gov/ that catalogues all the available images and allows them to be viewed online. 

This analyse allowed us to list the images available for the four targeted years (Table 1). 

Table 1: List of Landsat images without cloud cover for 1988/1998/2008/2018
Year Month Image Satellite

1988

June LT04_L1TP_160031_19880619_20170208_01_T1 Landsat 4

July LT05_L1TP_160031_19880713_20170717_01_T1 Landsat 5

August LT05_L1TP_160031_19880830_20180301_01_T1 Landsat 5

September LT05_L1TP_160031_19880915_20170717_01_T1 Landsat 5

October LT05_L1TP_160031_19881001_20180112_01_T1 Landsat 5

October LT05_L1TP_160031_19881017_20170613_01_T1 Landsat 5

1998

June LT05_L1TP_160031_19980623_20180704_01_T1 Landsat 5

August LT05_L1TP_160031_19980826_20161222_01_T1 Landsat 5

October LT05_L1TP_160031_19981013_20161221_01_T1 Landsat 5

October LT05_L1TP_160031_19981029_20180727_01_T1 Landsat 5

2008

June LT05_L1TP_160031_20080602_20161031_01_T1 Landsat 5

July LT05_L1TP_160031_20080704_20161030_01_T1 Landsat 5

September LT05_L1TP_160031_20080922_20161029_01_T1 Landsat 5

October LT05_L1TP_160031_20081008_20161029_01_T1 Landsat 5

2018

May LC08_L1TP_160031_20180529_20180605_01_T1 Landsat 8

June LC08_L1TP_160031_20180630_20180716_01_T1 Landsat 8

August LC08_L1TP_160031_20180801_20180814_01_T1 Landsat 8

September LC08_L1TP_160031_20180902_20180912_01_T1 Landsat 8

October LC08_L1TP_160031_20181004_20181010_01_T1 Landsat 8

October LC08_L1TP_160031_20181020_20181031_01_T1 Landsat 8
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2.2.3.Choice of Landsat satellite images 

After analyzing the different available images, we looked for redundant months for these 4 years: the  
months of June and October are the two months that stand out for each year (Table 2). 

June and October correspond respectively to spring and autumn but also to the beginning and end of 
the growing season. 

Note : For the year 2018, we chose to make an exception by taking an image of late May because the 
image of June was available after the beginning of the growing season. 

Table 2: List of images chosen for 1988/1998/2008/2018 (Color Infrared) 

Year May/June October North

1988

1998

2008

2018
N

N

19/06/1988

29/05/2018

13/10/1998

N

02/06/2008

04/10/2018

01/10/1988

N

23/06/1998

08/10/2008
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2.2.4.Description of Landsat 4 / 5 / 8 satellites 

The characteristics of TM sensor (Landsat 4/5, 1988/1998/2008) and OLI sensor (Landsat 8, 2018) are 
summarized in Table 3.  

Table 3: Characteristics of Landsat 4 / 5 / 8 satellite sensors  (the bands used in this study are in 2

black text) 

*-meter resolution, but products are resampled to 30-meter pixels


Landsat 4-5 
Thematic 
Mapper 

(TM)

Bands Wavelength 
(micrometers)

Resolution 
(meters) Utilisation

Band 1 - Blue 0.45-0.52 30
Différenciation sol / 


végétaux, 

zones côtières

Band 2 - Green 0.52-0.60 30 Végétation

Band 3 - Red 0.63-0.69 30 Différenciation 

des espèces végétales

Band 4 - Near Infrared (NIR) 0.76-0.90 30 Biomasse

Band 5  - Shortwave Infrared (SWIR) 1 1.55-1.75 30 Différenciation 

neige/nuage

Band 6 - Thermal 10.40-12.50 120* (30) Thermique

Band 7 - Shortwave Infrared (SWIR) 2 2.08-2.35 30 Lithologie

Landsat 8 
Operational 
Land Imager 

(OLI) 
and 

Thermal 
Infrared 
Sensor 
(TIRS) 

Band 1 - Ultra Blue (coastal/aerosol) 0.435 - 0.451 30

Band 2 - Blue 0.452 - 0.512 30 Différenciation sol / 

végétaux, 


zones côtières

Band 3 - Green 0.533 - 0.590 30 Végétation

Band 4 - Red 0.636 - 0.673 30 Différenciation 

des espèces végétales

Band 5 - Near Infrared (NIR) 0.851 - 0.879 30 Biomasse

Band 6 - Shortwave Infrared (SWIR) 1 1.566 - 1.651 30 Différenciation 

neige/nuage

Band 7 - Shortwave Infrared (SWIR) 2 2.107 - 2.294 30 Lithologie

Band 8 - Panchromatic 0.503 - 0.676 15

Band 9 - Cirrus 1.363 - 1.384 30

Band 10 - Thermal Infrared (TIRS) 1 10.60 - 11.19 100 * (30) Thermique

Band 11 - Thermal Infrared (TIRS) 2 11.50 - 12.51 100 * (30) Thermique

 https://landsat.usgs.gov/what-are-band-designations-landsat-satellites2
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2.3. Land cover classes nomenclature  

Considering the satellite images identified, their characteristics and the unavailability of field data, 7 
main land cover classes were retained. These land cover classes allow the discrimination between 
mineral areas, vegetated areas and water areas (Table 4). In areas with vegetation, it is possible to 
discriminate between dense forests, open forests and cultivated areas. In mineral areas, a distinction is 
made between artificial areas, mineral areas and sedimentary areas. 

Table 4: Nomenclature 

Class Name of class Color (RGB) Exemple True color Exemple False color

1 Artificial 
areas 227,75,66

2 Mineral areas 191,191,191

3 Sedimentary 
areas 255,254,209

4 Closed forest 41,100,25

5 Open forest 78,189,47

6 Cropland 253,231,32

7 Water 72,175,234
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2.4. Method for diachronic land cover classification 

Figure 6 presents the overall methodology used in the study for land cover mapping. The methodology 
was repeated for 1988, 1998, 2008 and 2018. 

After trying different methods of single date classification (unsupervised/supervised algorithm), we 
finally oriented our tests towards a supervised classification method (via the definition of object 
classification rules) based on two dates.  

In order a better spectral discrimination between natural and cultivated vegetation classes, the 
classification was based on two Landsat images acquired at the beginning (late May/June) and end 
(October) of the growing season,  

The general approach  is organized into 3 main stages (Figure 6): 

1) Images download;

2) pre-processing (radiometric conversion, area subsetting , creation of new channels);

3) supervised classification (creation of training samples, analysis of spectral signatures
and classification);

4) classification accuracy assessment and post-processing.

To carry out the various land cover maps, all the treatments were done using QGIS  (Plugin : SCP - 3
Semi-Automatic Classification Plugin ), OTB image processing library (Orfeo Toolbox ) and the 4 5
GDAL  library (Geospatial Data Abstraction Library). 6

 https://www.qgis.org3

 https://fromgistors.blogspot.com/p/semi-automatic-classification-plugin.html4

 https://www.orfeo-toolbox.org/5

 https://www.gdal.org6
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Figure 6 : Flowchart of the methodology 
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2.4.1.Downloading of Landsat images 

Landsat level 1 - L1TP (The Standard Terrain Correction) images are accessible directly from the 
website: https://earthexplorer.usgs.gov (Table 5). 

Note : Landsat level 2 images are available on demand but due to the Shutdown during this study they 
could not be downloaded. 

Table 5: Landsat Level-1 Processing Levels  7

2.4.2.Pre-processing 

Pre-processing is all the operations necessary to format the data before any classification: dataset 
homogenization in case of data from different sensors and/or acquisition periods, creation of additional 
channels for classification (e.g. spectral indices). This involves converting images into surface 
reflectance, transforming them into different spectral indices to synthesize the information to reveal 
discriminating properties. 

2.4.2.1. CONVERSION OF LANDSAT IMAGES TO SURFACE REFLECTANCE (TOA)


Surface reflectance products provide the best spectral accuracy that is useful for studies involving a 
precise comparison of spectral signatures through time. 

More information : https://www.usgs.gov/land-resources/nli/landsat/using-usgs-landsat-level-1-data-
product 

 https://landsat.usgs.gov/landsat-processing-details7
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2.4.2.2. CLIP IMAGE TO VECTOR LAYER


Landsat tiles cover areas of about 190 km x 180 km (raw images are ~ 500 MB and 1.80 GB 
depending on the sensors). The classification process for an entire tile can be very time-consuming, 
especially since additional information is added to the initial data set to improve classification 
processes. Therefore, it is wise to reduce the images to the footprint of the study area of interest. We 
defined a right-of-way oriented around the Lower Amu-Darya State Biosphere Reserve (Figure 7). 

Figure 7: Lower Amu-Darya State Biosphere Reserve - Zonation
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2.4.2.3. CALCULATION OF ADDITIONAL SPECTRAL INDICES


In order to highlight certain surface properties that are not easily catch by the original channels, new 
channels (or neochannels) corresponding to spectral indices, are created : NDVI , SAVI , NDWI , 8 9 10

BI , NDBI (Table 6). 11

Table 6:  

2.4.2.4. CREATING OF LAYER STACKS


The last pre-processing step consists of  layer stacking combining multiple images into a single image. 

Indices Name Formule

NDVI Normalized Difference Vegetation Index

SAVI Soil Adjusted Vegetation Index

NDWI Normalized Difference Water Index

BI Brilliance Index

NDBI Normalized Difference Built Up Index NDBI =
ρswir1 − ρnir
ρswir1 + ρnir

NDVI =
ρnir − ρred
ρnir + ρred

BI = (red * red) + (green * green)

NDWI =
ρnir − ρswir
ρnir + ρswir

SAVI = (1 + L)
ρnir − ρred

ρnir + ρred + L

 J. W. Rouse. Monitoring the vernal advancement and retrogradation of natural vegetation. Type ii report, 8

NASA/GSFCT, Greenbelt, MD, USA, 1973.

 A. R. Huete. A soil-adjusted vegetation index (SAVI). Remote Sensing of Environment, 25:295–309, 1988.9

 B. cai Gao. NDWI - a normalized difference water index for remote sensing of vegetation liquid water from 10

space. Remote Sensing of Environment, 58(3):257–266, Dec. 1996. 

 E. Nicoloyanni. Un indice de changement diachronique appliqué deux scènes Landsat MSS sur Athènes 11

(grèce). International Journal of Remote Sensing, 11(9):1617–1623, 1990. 

17



2.4.3.Classification 

2.4.3.1. CREATION OF  ROI (REGION OF INTEREST)


Any supervised classification method requires prior identification of “training” samples (ROIs). To do 
so, a shape file that contains polygones visually interpreted from the corresponding image and 
labelling with land cover classes was created for each year. 

There are some general rules to follow when creating training samples (Figure 8):  

• Select as many training samples per class as possible

• Select training samples throughout the entire image, not just one area

• Training samples selection must be of spectrally homogenous areas (as much as possible)

• Training samples must be as large as possible

The training samples are created with an interactive process till to obtain a classification with an 
acceptable accuracy.  

Figure 8: Example of ROIs 
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2.4.3.2. IMAGE CLASSIFICATION WITH SHARK RANDOM FOREST


There are a number of supervised classification algorithms that can be used to assign the pixels in the 
image to the different land cover classes. We used Shark Random Forest algorithm (Table 7) after 
testing an unsupervised classification (Kmeans) and supervised : SVM (Support Vector Machine) and 
Random Forest. 

Random Forest algorithm creates numerous decision trees for each pixel. Each of these decision trees 
votes on what the pixel should be classified as. The land cover class that receives the most votes is 
then assigned as the land cover class for that pixel.  The advantage of Shark Random Forest over 
Random Forest is that it allows you to benefit from the parallel prediction capabilities of the Shark 
implementation. Shark Random Forest is efficient on large data and accurate when compared to other 
classification algorithms. 

Table 7: Shark random forest parameters (OTB)

Note : Image classification is an iterative process with a lot of learning by trial and error. If the level of 
satisfaction is not reached, it is possible to modify the ROIs. 

2.4.3.3. ACCURACY ASSESSMENT


Due to the random process of the Shark Random Forest algorithm, each land cover classification was 
launch 7 times (resulting for each year to 7 land cover classification) and the final land cover classe 
was set by taking the median classe. Accuracy metrics were derived from the internal validation 
process (cross-validation) of the Shark Random Forest algorithm for each of the 7 resulting land cover 
classifications.  

First, the Kappa index, characterizing the ratio between well ranked pixels and the total number of 
pixels surveyed (Congalton, 1991)  was used. In addition, a land cover study can be validated if the 12

Kappa index is between 50% and 75% (Pontius, 2000) .  13

Then, in a second step, the F-Score is analysed. It is a harmonic mean of precision and recall to obtain 
a qualification of the accuracy of each class using the the training samples. 

2.4.3.4. VISUAL ASSESSMENT


In this step, the operator's eye is used to control the classification to determine inconsistencies. For this 
purpose the classification is superimposed to the original image. This step is time consuming but 
allows to check visually the classification results and to improve the training samples accordingly. 

-classifier -sample.mv -sample.mt -sample.vtr
-classifier.
sharkrf.
nodesize

-classifier.
sharkrf.
nbtrees

sharkrf 2000 2000 0.33 25 200

F-Score or F-Measure = 2 *
Recall *Precision
Recall + Precision

  Congalton, R.G., 1991. A Review of Assessing the Accuracy of Classifications of Remotely Sensed Data. 12

Remote Sens. Environ. 37, 35–46.

 Pontius R.G.Jr., 2000 : Quantification error versus location in comparison of categorical maps. 13

Photogrammetric Engineering and Remote Sensing. Vol66(8).pp.1011-1016. 
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2.4.3.5. MEDIAN FILTER


In order to smooth the land cover classifications and to remove isolated pixels, a convolution window 
of 5 rows by 5 columns (25 pixels) has been defined. This convolution window determines the median 
land cover class among the 25 pixels studied. The filter then allows the central pixel to be modified by 
the median land cover class of the 25 pixels they surround it. The resulting land cover classification is 
more homogeneous. 

Figure 9: Median filter (OTB : median(im1b1N5x5)) 

Sorted : 0,0,0,0,1,1,1,1,1,1,1,1,2,2,2,2,2,2,2,2,2,3,3,4,5

2.4.3.6. CREATING LAYER STACKS FROM THE CLASSIFICATIONS


2.4.3.7. MEDIAN VALUE


After smoothing each of the classification individually, the median land cover class was keep to obtain 
the final land cover classification for each year. 

1 2 0 1 3
2 2 4 2 2
1 0 1 0 1 > 2
1 2 1 0 2
2 5 3 1 2

20



2.4.4.Post-classification 

2.4.4.1. REMOVE SMALL PIXEL AGGREGATE AND APPLY MINIMAL MAPPING UNIT


The raster polygons smaller than a provided threshold size (in pixels) were deleted and were replaced 
with the pixel value of the largest neighbor polygon. This step allows to remove small pixel aggregate 
which are not significant and to apply a specific a Minimal Mapping Unit (MMU). 

For this study, the GDAL Sieve function was used and a Minimal Mapping Unit of 300 pixels was set. 

Figure 10: Example before / after small entities removing 

2.4.4.2. RASTER TO VECTOR CONVERSION OF CLASSIFIED


The rasters of land cover classifications were converted into a vectors in order to perform statistical 
analyses of land cover.  

>
Before After
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3. RESULTS

3.1. Classifications 1988/1998/2008/2018

3.1.1.1. ACCURACY ASSESSMENT


The quality of each classification was assessed with the Kappa metric which ranges from 0.84 to 0.90 
through classifications. The average Kappa according to year are between 0.85 and 0.87 (Table 9). We  
can concluded to a pretty good quality of classifications (Kappa > 0.75).  

Table 8: Kappa index results by classification 

By looking at each of the land cover classes, it is possible to study the F-Score produced at the end of 
the classification (Table 10). Good F-Score are obtained for five of the seven land cover classes of the 
four years studied. In particular, water areas, mineral areas, sedimentary areas and closed forests 
exhibit average scores between 0.84 and 1. For open forests, average scores are between 0.80 and 
0.88, however they are more variable according to years. For artificial areas, the average F-score is 
also very satisfactory >0.75. The lowest F-Score are for the cropland classe, with F-Score around 0.70 
which is still acceptable for our study. 

Classification 1998 1998 2008 2018

Classif1 0,87 0,88 0,87 0,85

Classif2 0,86 0,90 0,86 0,85

Classif3 0,88 0,87 0,86 0,84

Classif4 0,86 0,87 0,86 0,85

Classif5 0,86 0,88 0,86 0,85

Classif6 0,88 0,87 0,86 0,84

Classif7 0,88 0,88 0,86 0,85

Average 
Kappa 0,87 0,88 0,86 0,85
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Table 9: F-Score results by classification 
1998 1998 2008 2018

Class F-Score by
classification

Average  
F-Score

F-Score by
classification

Average  
F-Score

F-Score by
classification

Average 
F-Score

F-Score by
classification

Average  
F-Score

Artificial 
areas

0,78

0,77

0,82

0,80

0,77

0,77

0,75

0,75

0,75 0,83 0,78 0,76

0,77 0,77 0,77 0,74

0,76 0,79 0,75 0,74

0,75 0,80 0,78 0,77

0,78 0,80 0,77 0,74

0,77 0,80 0,77 0,75

Mineral  
areas

0,95

0,95

0,98

0,98

0,96

0,95

0,97

0,97

0,95 0,99 0,95 0,97

0,95 0,98 0,95 0,96

0,95 0,98 0,96 0,97

0,94 0,98 0,96 0,97

0,94 0,97 0,95 0,96

0,95 0,97 0,95 0,97

Sedimentary  
areas

0,95

0,95

0,99

0,98

0,95

0,95

0,93

0,93

0,94 0,99 0,95 0,92

0,95 0,98 0,95 0,93

0,94 0,99 0,96 0,92

0,95 0,98 0,96 0,94

0,95 0,98 0,96 0,92

0,95 0,98 0,95 0,93

Closed  
forest

0,95

0,95

0,93

0,94

0,94

0,94

0,95

0,95

0,95 0,94 0,94 0,94

0,95 0,93 0,94 0,95

0,95 0,94 0,94 0,95

0,95 0,94 0,93 0,95

0,95 0,93 0,94 0,95

0,96 0,94 0,94 0,95

Open  
forest

0,87

0,88

0,83

0,82

0,84

0,85

0,80

0,80

0,87 0,84 0,85 0,80

0,89 0,82 0,86 0,79

0,87 0,82 0,85 0,80

0,88 0,83 0,84 0,80

0,88 0,81 0,85 0,80

0,89 0,82 0,84 0,80

Cropland

0,71

0,71

0,76

0,74

0,72

0,70

0,68

0,68

0,70 0,79 0,69 0,69

0,73 0,71 0,70 0,68

0,70 0,72 0,69 0,68

0,69 0,74 0,70 0,68

0,73 0,72 0,72 0,67

0,74 0,75 0,69 0,68

Water / 1,00 / 1,00 / 1,00 / 1,00
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3.1.1.2. COMPARISON WITH HD GOOGLE EARTH IMAGES (2008/2018)


The validation of the classification results also relied on the visual comparison with available Google 
Earth images (of higher resolution) to verify the relevance of the geographical features obtained for 
2008 and 2018. The analysis was not conducted for 1988 and 1998 due to the unavailibility of good 
quality Google Earth images for 1988 and 1998. Comparing to higher spatial resolution images, the 
results are satisfactory and largely meet the needs of the project with some imperfections. 

This validation showed us that the results are generally good in terms of predicting the type of land 
use. However, it can be seen that : 

- the urban sprawl does not emerge because of the resolution of the Landsat images and the
smoothing carried out on the data,

- a misclassification of certain features (e.g. in 2008, in the North of the image, an urban area
emerged whereas it is an agricultural area),

- an overestimation of some open forests to the southeast of the processed image (mineral areas
with a slight natural vegetation).

Figure 11: Comparison with Google Earth Images (Aug. 2018) - Limit artificial areas/cropland 

3.1.1.3. CLASSIFICATION 1988/1998/2008/2018


The four classifications allow us to follow the evolution of land use in and around Lower Amu-Darya 
Biosphere Reserve.  

Overall, agricultural areas as well as mineral areas occupy a large part of the study area (Figure 12 and 
Figure 13). In addition, agricultural areas clearly show a decreasing trend in favour of artificialized 
areas. For natural areas no significant changes are noticeable visually. 
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Figure 12: Lower Amu-Darya Biosphere Reserve and its surrounding

Figure 13: Focus on Lower Amu-Darya Biosphere Reserve
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3.2. Land cover changes analysis 

3.2.1. Analysis of changes over the study area 

The analysis of Table 10, Figure 14 and Figure 15 shows that artificialized areas have doubled over the 
last 40 years together with a decreasing in agricultural areas have decreased. Other classes  don't  
present significant changes, except for the open forests, which seem to slightly increase between 2008 
and 2018. However, this increase in open forests can be due to an overestimation due to 
misclassification in the southeast of the study area. 

Table 10: Table showing the 40-year land cover analysis for each class.

Figure 14: Graph showing the evolution over 40 years by land cover class. 

1988 1998 2008 2018

Class Hectares % Hectares % Hectares % Hectares %

Artificial areas 31344,3 6,2 41314,5 8,2 48326,3 9,6 65839,2 13,1

Mineral areas 194136,9 38,6 191258,6 38,0 188712,6 37,5 189645,2 37,7

Sedimentary areas 6809,2 1,4 8096,0 1,6 8375,8 1,7 7368,9 1,5

Closed forest 8536,0 1,7 9624,6 1,9 7690,3 1,5 9148,2 1,8

Open forest 28278,4 5,6 29849,7 5,9 28537,5 5,7 34765,1 6,9

Cropland 220490,2 43,9 212511,9 42,3 212736,2 42,3 189391,2 37,7

Water 13200,7 2,6 10140,3 2,0 8396,3 1,7 6637,7 1,3

Total 502795,6 100,0 502795,6 100,0 502775,0 100,0 502795,6 100,0

0%

10%

20%

30%

40%

50%

1988 1998 2008 2018
Artificial areas Mineral areas Sedimentary areas Closed forest
Open forest Cropland Water
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Figure 15: Pie charts showing the evolution over 40 years by land cover class. 
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2008
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42,3 %

5,7 %

1,5 %
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2018

1,3 %

37,7 %
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1,8 %

1,5 %

37,7 %
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Sedimentary areas Closed forest
Open forest Cropland
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3.2.2. Analysis of the evolution for zone 1 - Core zone - LABR 

In the LABR-Zone 1 (Table 11, Figure 16 and Figure 17), a decrease in open forests areas is observed 
between 1988 and 1998, and an increase in closed forests areas over the same period. This temporary 
switchover between these two classes can be induced by a poor discrimination due to the coarser 
spatial resolution of Landsat images till 1998. Yet, Figure 16 and Figure 17 should be put into 
perspective with regard to the areas they represent (forests represent nearly 80% of the total area). 

Table 11: Table showing the 40-year land cover analysis for each class.

Figure 16: Graph showing the evolution over 40 years by land cover class. 

Class 1988 1998 2008 2018

Hectares % Hectares % Hectares % Hectares %

Artificial areas 4,1 0,0 36,6 0,3 10,2 0,1 38,5 0,3

Mineral areas 1317,0 11,9 787,9 7,1 584,0 5,3 335,0 3,0

Sedimentary areas 318,8 2,9 511,0 4,6 814,5 7,4 454,9 4,1

Closed forest 3139,2 28,4 4083,7 37,0 3079,7 27,9 3317,5 30,1

Open forest 5023,5 45,5 4688,9 42,5 5452,4 49,4 5945,6 53,9

Cropland 373,8 3,4 395,2 3,6 707,6 6,4 609,3 5,5

Water 859,5 7,8 532,7 4,8 387,7 3,5 335,2 3,0

Total 11035,9 100,0 11035,9 100,0 11035,9 100,0 11035,9 100,0

0%

12%

24%

36%

48%

60%

1988 1998 2008 2018
Artificial areas Mineral areas Sedimentary areas Closed forest
Open forest Cropland Water
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Figure 17: Pie charts showing the evolution over 40 years by land cover class. 
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3.2.3. Analysis of the evolution for zone 2 - Buffer zone - LABR 

Visual analysis of land cover maps of the second LABR zone show high confusion between artificial 
areas and closed forest, leading to an artificial increase in artiticial areas between 1998 and 2008 
(Table 12, Figure 18 and Figure 19). There is also confusion between mineral and sedimentary areas 
for the year 2018. These poor discrimination between land cover classes are amplified by the 
important evolutions of Amu Darya's. However, it can be noted that the forests are generally well 
classified across the different classifications. 

Note: It is important to analyse Figures together with the resulting classifications. 

Table 12: Table showing the 40-year land cover analysis for each class.

Figure 18: Graph showing the evolution over 40 years by land cover class. 

Class 1988 1998 2008 2018

Hectares % Hectares % Hectares % Hectares %

Artificial areas 159,2 1,7 83,2 0,9 736,4 8,0 863,0 9,4

Mineral areas 121,8 1,3 65,5 0,7 109,4 1,2 520,8 5,6

Sedimentary areas 1207,6 13,1 1876,4 20,3 1134,1 12,3 765,7 8,3

Closed forest 1214,5 13,2 1100,4 11,9 736,5 8,0 919,5 10,0

Open forest 2198,0 23,8 2196,6 23,8 2266,7 24,6 2248,2 24,4

Cropland 2359,0 25,6 2401,2 26,0 2720,4 29,5 2861,3 31,0

Water 1963,4 21,3 1500,1 16,3 1519,9 16,5 1044,9 11,3

Total 9223,4 100,0 9223,4 100,0 9223,4 100,0 9223,4 100,0
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24%

32%

40%

1988 1998 2008 2018
Artificial areas Mineral areas Sedimentary areas Closed forest
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Figure 19: Pie charts showing the evolution over 40 years by land cover class. 
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3.2.4. Analysis of the evolution for zone 3 - Transition zone - LABR 

The analysis of Table 13, Figure 20 and Figure 21 concerning the "transition" zone highlights an 
overall  increase in artificial areas at the expense of cropland areas. 

Table 13: Table showing the 40-year land cover analysis for each class.

Figure 20: Graph showing the evolution over 40 years by land cover class. 

Class 1988 1998 2008 2018

Hectares % Hectares % Hectares % Hectares %

Artificial areas 4351,6 8,7 6487,0 12,9 9029,0 18,0 9201,7 18,3

Mineral areas 11312,1 22,6 11255,0 22,4 11105,7 22,1 10922,9 21,8

Sedimentary areas 464,2 0,9 44,8 0,1 143,2 0,3 158,0 0,3

Closed forest 332,2 0,7 271,2 0,5 300,1 0,6 395,1 0,8

Open forest 2653,2 5,3 2535,9 5,1 1401,9 2,8 1500,7 3,0

Cropland 30854,0 61,5 29415,7 58,7 28041,8 55,9 27883,2 55,6

Water 182,1 0,4 139,9 0,3 127,8 0,3 260,2 0,5

Total 50149,6 100,0 50149,6 100,0 50149,6 100,0 50321,8 100,3
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1988 1998 2008 2018
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Figure 21: Pie charts showing the evolution over 40 years by land cover class. 
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3.3. Conclusion 

Landsat images available between 1988 and 2018 allow to observe  land cover changes over the 
Lower Amu Darya State Reserve. 

The iterative process induced by supervised classification can be particularly time-consuming. A large 
part of process implemented in the framework of this study was automated in order to fully focus on 
the building of a training plots database with a good quality.  

In the absence of field data, it is sometimes difficult to visually categorize some plots. Despite all the 
attention paid, the confusion are still met according to years, with however an overall good accuracy 
or classifications. 

If the funder of the project wishes to continue studying Amu Darya's ecosystem riverbanks, we 
recommend to regularly collect data and with a special attention paid on agricultural and natural areas. 

Moreover, in the perspective of mapping LABR and its surroundings for additional years, the 
automated processing of satellite imagery seems essential. However, for a study centred on LABR 
only, it would be possible to consider a work of photo-interpretation of images (on VHRS images) 
which would allow to further improve the quality and accuracy of statistical analyses. 

To conclude, the short duration of the mission doesn't allowed to have a detailed and in-depth 
knowledge of the territory despite reading bibliographical documents. It is therefore essential to 
confronte the results of this study with expert-knowledge to describe what has been put forward. 
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