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An Integrated Geoinformation-based Methodology for
Spatiotemporal Modelling of the Environmental Impacts of
Climate Change in Dying Lakes Basins
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Department of Remote Sensing and GIS, University of Tabriz, Iran
Institute of Geoinfomatic, University of Munster, Germany
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A research project funded by Alexander Humboldt Foundation

Scenario-based spatial modeling of land use/cover change effects on
food security: the case of the Lake Urmia drought
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Climate change and its environmental impacts

V Climate change has resulted in several environmental challenges that
threaten the wellbeing of humans and wildlife alike.

V Droughts are one of the most tangible impacts of climate change as
they affect water availability, food production, ecosystem services, and

can potentially trigger conflicts between stakeholders.




Climate change and its environmental impacts

A As this figure shows, global temperature has increased by abGutver the
past50years.

A The researchemndicated thatthe results underscore thented for
Immediate actiofito avoid even greater warming.
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Climate change and the issue of dying lakes

A One of the most tangible environmental impacts of climate changédean
observed in the environments of dying lakes.

A Thel40lakes comprising abo9% of the Earth's freshwater habitats are
threatened by climate chang&éumann) 2021).

A Changes in thermal habitats as a result of climate change can have a variety
significant environmental impacts on dying lakes.
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https://upload.wikimedia.org/wikipedia/commons/c/c6/Urmia_lake_drought.gif
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Environmental issues resulted by the lake drought
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Salt-dust storms around the lake threats the productivity of
farmlands and public health of the 7.3 million local inhibition




Time series land use/cover mapping and change detection
based on different data driven approaches (1990-2020)
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An integrated Fuzzy Object Based Image Analysis and Deep learning methods

Image object hierarchy

Input images
: Level 3
Multiresolution > Level 2
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Final merged classification

Segmentation parameters used for the analysis

Segmentation  Scale  Color  Shape  Shape settings

level Smoothness  Compactness
Level 1 3 08 0.2 0.8 0.2
Level 2 250 0.8 0.2 0.5 0.5

Scale is a unitless parameter related to the image resolution. Values for
color and shape as well as smoothness and compactness are weighting
factors mnging from 0 to 1.



Object based image analysis in integration with deep learning
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techniques for LULC mapping

Level operation
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¥ delete mage object level
AL, rename image object kevel
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Implementation of different OBIAG features for LULC
classification

Quantifiable attribute Mathematical formulation
i Nyis —
Spg:::ﬁ::utes Brightness B=_L ; Ti(vis) B is the mean brightness of an object and Ci,) is the sum of all the mean
brightnesses in the visible bands divided by the corresponding number of bands n
Normalized Difference Vegetation Tv = mean NDVI
Index (NDVI) LC if F(Obi <7
f (Object) = I ( JeCt) = v) __ meanNDVIc+meanNDViy,
VA if f(Object)>T,) Vv 2
Specific leaf area vegetation Tv is an average of the mean NDVI values for “landslide candidates” (LC) and vegetated areas (VA).
index (SLAVI) The NDVI, which has a value between —1.0 and +1.0
SLAVI = 100*[Mean band 4]/([Mean band 3]4+[Mean band 5])
Green Normalized Difference GNDVI = 100*(1+(([Mean band 4]-[Mean band 2])/([Mean band 4]+[Mean Layer 2])))
Vegetation Index (GNDVI)
Modified Normalized Differenced MNDWI = 100*(1+(([Mean Band4]-[Mean Band5])/([Mean Band4] +[Mean Band5])))
Water Index (MNDWI)
Normalized Built-up Index (NDBI) NDBI = ([Mean band 5]-[Mean band 4])/([Mean band 5]+[Mean band 4])
Soil Water Content Index (InfraRed SWCI (IR) = (NIR — ETM7)/ (NIR+ETM?7)
Index) SCl=R - G/R +G
Soil Color Index
Normalized Built-up Index (NDBI) NDBI = ([Mean band 5]-[Mean band 4])/([Mean band 5]+[Mean band 4])
Salinity Index (SI) Salinity Index (SI) = ([Mean Layer 1]*[Mean Layer 3])A0.5
Normalized Difference Salinity NDSI = ([Mean band 3]-[Mean band 4])/([Mean band 3]+[Mean band 4])
Index
mean band G (V) = G(P) = = C(x,y,z, t)[CPin, Cox]
! (x.y.z.t)eP,
Standard Deviation
o (V) = ap(P,) . | Y Cy.zt)—-1( ¥ Cx,y,zt) |01
k( ) k( ) #Pu ((x.y.z_.t)st k( 24 ) #Py ((x‘y.z.tij, k( y ) [ 2k ]
« 0 (v) is the standard deviation of intensity values of image layer k of all pixel/voxels
forming an image object v
« Pv is the set of pixel/voxels of an image object v
- #Pv is the total number of pixel/voxels contained in Pv
- (x,y, z, t) are the pixel/voxel co-ordinates
« c(xy, z, t) is the image layer intensity value at pixel/voxel (xy, z, t)
- (7" is the data range of image layer k with C;""%¢ = CP]-C[in
Geometric Shape length/width %%Length of the image object
attributes Width of the image object
Shgﬁ:::yﬁnggtﬁ:gular 1— }’\‘:;1}\,,.,[“ is the minimal eigenvalue
Amax is the maximal eigenvaluewf% = (x,y) is the elliptic distance at
a pixel (x,y)
[0,1]; where 1 is a perfect rectangle.
Shape Index

B . . -
oy By is the image object border length



Implementation of different OBIA® features for LULC
classification
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Satelliteimageandresultingobjectfeaturesfor a selectedareain ULB, namely a) croplandsp) GNDV of croplandsc) Orchardsd)
GNDVI of croplandsg) dry farms f) SWCRof dry farms pastureandrangelandsh) NDVI of pastureandrangelands



LULC classes and their respective thresholds obtained for
object features

-0.123<Mean NDVI<0.365

TRI=S
Rock output 0<Relief<110

NDVI<0.05

0<Mean NDVI<0.1
0<SWCI (IR)<0.4
1.02<Shape Index<1.36
Dry and fallow lands
Rectangular fit>0.84
2.5531 <GLCM Contrast<9.642

SCI=0.04

Pasture lands Mean Slope = 5

Mean NDVI=0.18

Rangelands Mean Slope = 5

Mean NDVI=0.08




Results of the LULC classification based on the FOBIA-DL
a/ * “,b) " ",¢)200 ,d)2005,e) 200 0,f), » /andg), -
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Difference function and its respective default values for each

category
Confidence in Very High Confidence in Classification (VHCC) * =90
classification
High Confidence in Classification (HCC) h > 85
Acceptable Confidence in Classification (ACC) . >80
Reduced Confidence in Classification (RCC) * 80 <
Very Reduced Confidence in Classification (VRCC) * 50
Acceptable Error (AE) 50 <
Magnitude errors  High Error (HE) > 85
Very High Error (VHE) >90
Journals & Magazines > IEEE Geoscience and Remote Se... > Volume: 15 Issue: 1 @
A Novel Approach of Fuzzy Dempster— Need

Shafer Theory for Spatial Uncertainty
Analysis and Accuracy Assessment of e e ror )
Object-Based Image Classification for your organizaption?

Publisher: IEEE i CONTACT IEEE TO SUBSCRIBE >

Full-Text




Dempster-Shafer Theory for spatial accuracy assessment
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Comparing efficiency of machine learning data-driven approaches for land use/cover
mapping and trend analysis using Google Earth Engine: Support Vector Machine
(SVM), Random Forest (RF) and Classification and Regression Tree (CART).
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