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Introduction

High-resolution satellite imagery data is widely utilized for Land Use/Land Cover (LULC) mapping.
Analyzing the patterns of LULC and the data derived from changes in land use caters to the increasing societal
demands, improving convenience, and fostering a deeper comprehension of the interaction between human
activities and environmental factors. Although numerous studies have focused on remote sensing for LULC
mapping, there is a pressing need to improve the quality of LULC maps to achieve sustainable land management,
especially in light of recent advancements made. This study was carried out in an area covering approximately
8000 hectares, characterized by diverse conditions in LULC, geomorphology and pedology. The objective was to
investigate the potential for achieving maximum differentiation and accurate mapping of land features related to
LULC. Additionally, the study assessed the impact of various spectral indices on enhancing the results from the
classification of Landsat 8 imagery, while also evaluating the efficacy of support vector machine (SVM) and
maximum likelihood algorithms in producing maps with satisfactory accuracy and precision.

Materials and Methods

As an initial step, LULC features were identified through fieldwork, and their geographic coordinates were
recorded using GPS. These features included various types of LULC, soil surface characteristics, and landform
types. Following the fieldwork, 12 types of LULC units were identified. Subsequently, the LULC pattern in the
study area was classified using the RGB+NIR+SWIR1 bands of Landsat 8, employing both SVM and maximum
likelihood classifiers. To assess the impact of various spectral indices on improving the accuracy of the LULC
maps, a set of vegetation indices (NDVI, SAVI, LAI, EVI, and EVI2), bare soil indices (BSI, BSI3, MNDSI,
NBLI, DBSI, and MBI), and integrated indices (TLIVI, ATLIVI, and LST), and digital elevation model of study
area were successively incorporated into the classification algorithms. Finally, the outcomes from the two
classification algorithms were compared, taking into account the influence of the applied indexes. The
classification process continued with the selected classifier and indices until reaching the maximum overall
accuracy and kappa coefficient.

Results and Discussion

Field observations revealed that the study area could be categorized into 12 primary LULC units, including
irrigated farms, flow farming, dry farming, traditional gardens (with no evident order observed among planted
trees), modern gardens (featuring regular rows where soil reflectance is visible between tree rows), grasslands,
degraded grasslands, highland pastures (covered by Astragalus spp., dominantly), lowland pastures (covered by
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halophyte plants), salt domes (with no or very poor vegetation), outwash areas (River channel with many
waterways), and resistant areas. The results of image classification indicated that the performance of the SVM

algorithm across different band combinations is superior to that of the maximum likelihood method. Using SVM
resulted in an increase in overall accuracy and Kappa coefficient by 3-8% and 0.03-0.08, respectively. For the map
generated using RGB+NIR+SWIR1 bands and employing SVM, overall accuracy and Kappa coefficient were
determined to be 76.6% and 0.72, respectively. Among the vegetation indices used in the SVM algorithm, LAI

had the most significant impact, increasing the classification accuracy by 2.64%. Among the soil indices, BSI and
MBI indices demonstrated the best performance; with BSI increasing the classification accuracy by 1.95% and
MBI by 1.64%. Among the integrated indices, LST and ALTIVI enhanced the classification accuracy by 2.75%
and 2.35%, respectively. It should be noted that the inclusion of the digital elevation model did not significantly

improve the classification accuracy when using the support vector machine algorithm; in fact, it led to a decrease
in accuracy when applied to the maximum likelihood classification. The probable reason for this issue is the
different nature of DEM data compared to the other input data, as well as the limitations of parametric statistical
approaches to effectively integrating data from diverse sources. Finally, the classification process was executed
using the three visible bands, NIR, and SWIR1, in conjunction with selected indices (LAI, BSI, MBI, LST, and
ALTIVI). Results indicated that using these spectral indices significantly improved classification accuracy,
particularly for the DF, DGL, MG, O, and IF land cover/use classes. The calculated accuracies for these classes
increased by 11.62%, 18.57%, 20.06%, 29.39%, and 33.19% respectively. Consequently, the accuracy of the
classification and the Kappa coefficient (using support vector machine algorithm) increased to 85.24% and 0.82,
respectively.

Conclusion

In this research, we aimed to accurately map various land use/land covers by utilizing Landsat 8 imagery and
incorporating three group of spectral indexes. Despite spectral interferences and overlaps among various
phenomena related to LULC, the utilization of different spectral indices resulted in significant differentiation
among LULC classes. Finally, considering the limitations of modelling in ENVI software, it is recommended to
investigate the effectiveness of other models for classification in more specialized software, such as R.
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4- Maximum likelihood
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9- Binary Encoding
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Figure 1- A) Location of study area in East Azerbaijan province and Sarab county, B) Standard false color composite of
study area
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Table 3- The results of the separability of training classes by the Jeffries-Matusita method

ok S S TG WB SD RA o MG LLP IF HLP GL FL DGL DF
Training classes

TG 0

WB 1.26 0

SD 1.99 1.99 0

RA 198 171 199 0

0 196 146 199 1.72 0

MG 090 104 199 196 1.89 0

LLP 199 181 199 194 178 199 0

IF 123 105 199 196 192 0.88 1.99 0

HLP 198 161 199 193 180 18 199 184 0

GL 154 086 199 198 191 135 199 103 192 0

FL 172 126 199 191 173 145 198 118 184 1.03 0

DGL 193 136 199 195 196 165 199 165 162 169 1.68 0

DF 159 121 199 192 185 124 198 113 191 118 054 163 0
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Crele i g8l )3 (Ko slapad L B> (5) OLI oioei
g olamy (¥ Jodn) 39 «/VY o /L YEIF s pan sl Jbp
bl 9 45 55 (Dehghani et al., 2022) Lo
i g A cwad laodls 3l edla ol b sl (g5, lyos
rnsliiel 3 oo by gl &) (a8 slaasls ;) oalizul
Mde ylaisee oyl Gladss by aibl cowd (Sl 08 aids
A3l e < IVY g L VEIVY s LIS oy g IS Como
pLis 4L 4y (lodimy 5 jeite Sl Shg cilive ko
bl g Gy o3l o ) (S laas Ll oalisl
> digs 4,5 Jai 33 Sapny Laye sla a3l o 5] s
LB ¥ Jeis 55 zptie gl cilies o adli ol S
D po—ile wiysN dodb 3)ls LS sla sl 3 5l as ol
o VIFY ialidl el pl op it b LAL jasls olusy
5 (Amiri, 2023) (g ypol (gl ayy ol 00 (gdad b Coro
Sre BBl oS 5 b ool alS (elayasls o5 ool o3l oL
Oiby Al Cawlus (gl BB b o35 508 (gle
3y SB slapad L I fizmed Wiy o0 S92 1) jew (2L
MBI 4 BSI (sla jas Ui« yluiiiy jlo g silo w63 &y 00
VEY 9 VA0 il el o sy 5 a1y 5)Slas o pogllas
JALTIVI 5 LST (el adlis g oiid (caindih Comus (gduoyd
YI¥O o VIVO Lioli8l cels iy af aidgy adli gla sl
Sl ol S5 a3V (P Joda) Bad abaib Cos (gauo)d
il Co o Gl ) Sl 536 gl aghy Jaa 28
2 ol eslaiwl oo g cily Hlusiis Joy bl wi oSl 4o
{F Jsi) 1 st oo inlS cely sl Slis o,
Sl s (Niazi et al., 2011) olSen 5 il @l @b

s9bme oS > WIS (pl A ))de (25 dlé o 1AL
oW Gl Loy s 35 gandals jl ol gls e pledl
S (g 53 0l duwloee LIS (s g (IS Cono Hlade WB
U9y 3 g (e (xk SLS 5 ) duo 3 AL D e 4 Sl
ol el il as ) VY STas jlade ay sl Jbpeile
g bl G Shg 4 Jlisl Slis by il (Suly ggu09e
il w slaei ool L 1) leedly m5e7 0 Jloy
4 (Simly 9 oml g phySlasl Jdsay Jlus) Sl by wiile
098 Jloy ©y5m0 5 |y (i bt 2l i (osS slol S
o)l cuddge s aS Jla 3 iygl walyd edss cloodls
lises mlio b (olaodld 3.2l ISl He0 5l iodw )0 Syl )Ll
(Niazi et al., 2011) cul

9 gdudids IS Conis dwlbre gl (gt alpe b silleo
92 )I ool L ﬂﬁl_«a) L;,\udj...b )I = (\c Jab) Llf w)_m
g2 0 23 b s oy oyl 5 Jlais] ySlis S
coin g jas Ll Sy (99380  OLI sdionw b Wb
el (gl oas a5 IS4 (sl GloS 5 eled o S 0l L
B9y 4 Camd (50 e Glestly I pcpdle By s anaibs
i ysSl 0,Slos a8 el gosas g5 cpl )b sl @Sl
GlaS 5 ) ol dwloee IS Covis blod 1 by jhop il
S AG Lo b oy b g a0 ALY o b il
Sl ol slaasl ool 03gy iy Jlein! wSlis (o) 4y Caus
Hasani Moghadam et al., ) o,\Ken g pide e clidss
L t_wlypa ;o (Ojaghi et al., 2015) - Ken 4 Sl 5 (2018
2 Ol ) poele win)sS i 3)Shos e, Sl BuioS
Sl sloglanle yoliad (saaids ;5 Jlan! iShs gy b duwlde
sl o )0 el 039y (Bl i gl ()8 Al ags
)5 515 (g 3y90 GBaios el (sl ey Hlpotle


https://www.sid.ir/search/paper/%20%D8%AD%D8%AF%D8%A7%DA%A9%D8%AB%D8%B1%20%D8%A7%D8%AD%D8%AA%D9%85%D8%A7%D9%84/fa?page=1&sort=1&ftyp=all&fgrp=all&fyrs=all

VPe¥ 50331 b oslods FA al> (S g T 4 ,i5  Foe

1y bty b poplo wia s 5l ool ol by (saaids llas
5 OLI st s 3l g 1 Jolo sk a8 5 b 5o
& Js ¢l LST g ATLIVI MBI BSI LAl slo jasl_s
slpas i g bl & 1 ob pbol gundib cono o5V
3590 ddlate 5| Sy pd SleMbl o ity hls SV 598 cite
Ao ddllas

035 )y bl (L (ganaib el | ol bt coles 5
JS_5) ALTIVI 5 LAI BSI MBI LST _aslis gy olojen
il 51,651 ;0 OLI onimew ads (ils iy ol oy (¥
9 4 NOIYY & gandil IS con o jlade ¢ lai iy j3popile
(Sl (Slayline 4 dn g b a5 3L dgu0 JAY & LISyt
i Je o 3,Slas ol S B N e U
.(Ghoodjani, 2016) ¢l

sloodly plw b glas)] 058, (sbaodly cuglaio Cunle g4 b50 (]
ol slogigy p (e sabadds slabs) o Ul 5 (5399
Gl aliseo mlio b olrodly 5.0l )5 S ol )by
W oy QB polaieds (Smen (g yile li 0 Jgio
o 1ed e Gl |y e ib gloasl 3 o loaily 5.4l 5l
hUE oo g il (JS oo ol 53 Gl oy
)55 de sl el b ST @l b sallas ol Lo ciled S sl
s 5 25292 (i (Sl b iy B (Siad o (ol
Y (Sran LAL 5 BSI (slajas L b <35 50,8 g3le 1L
i Siansod MBI g ATLIVI (gla jasls b 5 (—+/2+ 5 +/AY)
SNsed o pd () (e 1> (L) (=4 /YY) (Jassgie
OLI osizew aub glaails gl b Sop 508 90l ails
e @l Ao aids b (L ) (o8 sl (Siuson
bl dolsl a5 wisl pousge oyl oS Ml 5 Sised ol

Oy 132 commile g Jloisl S Tas sl ;91 51 o3likeol U (gl Cilisee G 35 (510 L s pd g (Sivaieb IS Como —£ Jgon
Table 4- Overall accuracy and Kappa coefficient for different band compositions using Maximum likelihood and Support
Vector Machine (SVM)

o oo LS s N oo L oo
b S 5 (Jlois! 2STas) (Jboxs! pS1as) (SVM) (SVM) W e Wi 09,5
iti Overall accurac Kappa coefficient Overall Kappa
Band composition (meaximunm y p(Fr)naximum accuracy coefficient Index group
likelihood) likelihood) (SVvM) SVM)
OLI osizmiw 8L 0 (g 8b oS
RGB+NIR+SWIR 7036 0.66 76.60 0.72 Band composition using 5
OLI bands
RGB+NIR+SWIR + EVI 70.72 0.68 77.76 0.73
RGB+N'R+EW'R EVI2 72.12 0.66 7754 0.73
RGB+NIR+SWIR + LAI 73.61 0.70 79.24* 0.75* 2lS b sl
RGB+NIR+SWIR SAVI 71.80 067 77.54 0.73 Vegetation indexes
; ) : . )
RGB+NIR+§_WIR NDVI 71.69 0.67 78.10 0.74
RGB+NIR+SWIR + BSI3 73.90 0.69 77.52 0.73
RGB+NIR+SWIR + BSI 74.66 0.69 78.55* 0.75*
RGB+N|R+§WIR NBLI 7253 0.68 7756 073
arypy SB oo 3l
RGB+NIR+SWIR DBSI 7B RO
+ 7200 069 7754 073 Bare Soil indexes
RGB+NIR+SWIR + MBI 74.55 0.71 78.24* 0.74*
MNSDI
RGB+NIR+SWIR + 73.61 0.69 77.58 0.73
RGB+NIR+SWIR + LST 76.40 0.74 79.35* 0.75*
ALTIVI . .
RGB+NIR+SWIR+ 73.91 0.69 78.95 0.74 dls (claasls
REBNIR+SWIR TLIVI 70.15 0.65 78.00 0.74 Integrated indexes
+
RGB+NIR+SWIR + TIR 72.21 0.70 77.57 0.74
TS
RGB+NIR+§WIR DEM 68.70 0.64 26,73 072 s ooy Jo

Digital elevation model
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Table 5- Correlation coefficient matrix related to five spectral bands of OLI sensor and indices that had the most efficiency in
increasing overall accuracy and kappa coefficient

R? Blue Green Red NIR SWIRL LST ATLIVI BSI LAl MBI

Blue 1.00

Green 0.95 1.00

Red 091 090 1.00

NIR  -040 -020 -051 ! 1.00

SWIRL 008 024 014 050 1.00

LST 0.8 013 023 -030 -009 | 1.00

ATLIVI 053 040 062 -077 -027 | 074 1.00

BSI 049 035 066 -090 -0.12 | 0.31 0.76 1.00

LAl 057 -040 -0.70 097 036 {-032 -08L -094 1.00

MBI 039 028 057 -077 012 | 0.26 0.64 093 -0.80 1.00
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Figure 4- Selected indices for improving classification accuracy A) MBI, B) LST, C) LAI, D) BSI, E) ATLIVI
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Figure 5- Comparing the amount of enhancing in classification accuracy (user accuracy) for each LULC classes
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Figure 6- Final classification map of LULC classes in study area
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Table 6- calculated area of identified LULC classes in study area

o)) Gzl 5 51,8
LULC

SD
LLP
DF
DGL
FL
GL
HLP
IF
MG
(0}
RA
TG

Area/ ol

ha/,Us» %
334.80 413
101.79 1.26
260.05 3.21
118.39 1.46
682.20 8.42
230.15 2.84
3173.31 39.16
1301.40 16.06
238.95 2.95
1419.42 17.51
68.87 0.85
175.09 2.16
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