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ABSTRACT

A groundwater potential map (GPM) was built for the Nakdonggang River Basin based on ten variables, including
hydrogeologic unit, fault-line density, depth to groundwater, distance to surface water, lineament density, slope, stream
drainage density, soil drainage, land cover, and annual rainfall. To integrate the thematic layers for GPM, the criteria were
first weighted using the Analytic Hierarchical Process (AHP) and then overlaid using the Technique for Ordering
Preferences by Similarity to Ideal Solution (TOPSIS) model. Finally, the groundwater potential was categorized into five
classes (very high (VH), high (H), moderate (M), low (L), very low (VL)) and verified by examining the specific capacity
of individual wells on each class. The wells in the area categorized as VH showed the highest median specific capacity
(5.2 m*/day/m), while the wells with specific capacity < 1.39 m*/day/m were distributed in the areas categorized as L or
VL. The accuracy of GPM generated in the work looked acceptable, although the specific capacity data were not enough
to verify GPM in the studied large watershed. To create GPMs for the determination of high-yield well locations, the
resolution and reliability of thematic maps should be improved. Criterion values for groundwater potential should be
established when machine learning or statistical models are used in the GPM evaluation process.
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Table 1. Examples of Groundwater Potential Mapping (GPM) based on Multiple-criteria decision-making (MCDM)

Method Region Variables for GPM Data for validation Reference
Zanjanrood Catchment 7 including slope, land use, drainage density, ~Geoelectrical field survey, .
AHP, . oo . . et . Shabani et al.
and the Tarom spring density, lithology, lineament density, spatial distribution of high
TOPSIS : . . (2022)
Region, Iran rainfall discharged wells
e 9 including slope, geology, rainfall, land use/ .
AHP, Ujjain District, land cover (LULC), geomorphology, drainage Groundwater level, Patidar et al.,
TOPSIS India . ~» 8 TPAOTOEY; € & exsiting well location (2022)
density, soil, lithology, elevation
Influencing factor Vaitarna ? 1rTculdmg ht.h ology, geomf)rphology i slope, Das
. . drainage density, land use, lineament density, number of wells
(IF), AHP basin, India . . . (2019)
rainfall, soil texture, soil depth
. 5 including drainage density, lineament . Adiat et al.
P Kedah, Malaysian density, lithology, rainfall, slope borehole yield (2012)

AHP, Analytical
Network Process

Unnao district,

9 including geology, geomorphorphology,
lineament, drainage density, slope, rainfall,

well yield data of Agarwal et al,,

India soil, land use, mean post-monsoon ground- pumping wells, (2013)
(ANP)
water depth
Loni and Morahi 8 ineu |ding geoliogy, geomorphology, LU.LC’ Yield data of pumping  Agarwal and
AHP . drainage density, water table fluctuation,
watersheds, India . . wells Garg (2016)
slope, soil, rainfall
12 including geology, geomorphology,
Southern Western LL.JLC’ hne.ament density, drainage densn.y, water yielding Arulbalaji et al.
AHP Ghats. India rainfall, soil, slope, roughness, topographic capaci (2019)
’ wetness index (TWI), topographic position pacity
index, curvature
s v Sl sl
AHP Batman-Hasankeyf g 1, siope, - Celik (2019)
. density, land
Sub-Basin, Turkey . .
use, soil properties
AHP, Catastrophe Tiruchirappalli 8. 1nclu(%1ng.ra1nfall, land s.lope, drainage den- Dynamic . Jenifer and Tha
model, entropy district. India sity, soil, lineament density, geology, prox-  Groundwater Potential 2017)
model > imity to surface water bodies, elevation (DGWP)
Durg district, 7 1nc1u'dlng slope, ram'fall, dr.alnage density, ' Kumar et al.
AHP Chhattisearh lineaments density, soil texture, borehole yield 2014)
g geology, LULC
N 7 including slope, lineament density, geology, .
AHP Tehran-Karaj plain, LULC, drainage density, precipitation, soil discharge wells Panahi et al
Iran (2017)
type
Kurdistan region, 5 mcludmg raerfall, llthology,‘ drainage . Rahmati et al.
AHP density, lineament density, well yield
Iran (2015)
slope
10 including altitude, slope angle, slope
Varamin plain, aspect, TWI, rainfall, drainage density, water . Razandi et al.
AHP Iran table level, aquifer thickness, lithology, well yield (2015)
distance from rivers
pumping
Juve Coun 5 including depth of sandstone, thickness of test, workface
AHP e ~ Re sandstone, fault density, fold density, detailed and dewater Yin et al. (2018)
China . .
aquifer lithology boreholes
inflow rate
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F7F A2E FA|=(Thematic map) F2 o2 53k &
AYFEAIZH(GIS) 71&s o83t Aekr A= 7Fs
S 3718 Aot} Diaz-Alcaide and Martinez-Santos
(20195= 2007} olde] GPM T AT AFES ZHES)
31 A= AREEE 20712] WS (variable)s B3I,
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e Ze Gl
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SJAFA A (Multiple-criteria decision-making, MCDM) 4}
Ho g AFSEAH (Analytic Hierarchy Process, AHP)]
7FE Bol| AL8E3L 9)e™, TOPSIS(Technique for Order
Preference by Similarity to Ideal Solution)E ARE3F A}
g% AckTable 1). =5, WY F#|2~E(Random Forest,
RF), 4|3 E H]E] ®Al(Support Vector Machine, SVM),
A7 (Neural Network, NN) 5¢] 7|Ag5S &8d=
WO ALg WIS} EolHTL Sk FAlo|Th(Table 2).
AR, FAZRIE o] &8 J=dl, 53] HlEH] 4
(Frequency ratio; FR)©] GPM %7}l A5+ ARE-Hrt}
(Table 3). HZ GPM H7}ell Qo] o5 Al 7] whHe
AHHE vlusks A7 v Z18) Folth@l]: Razandi
2015; Lee et al., 2019; Das, 2019, Hasanuzzaman

et al.,

Table 2. Examples of Groundwater Potential Mapping (GPM) based on Machine-learning techniques

Method Region

Variables for GPM

Data for validation or

. Reference
learning

Decision-tree model Boryeong and

Topography, river, geology, lineament, soil,

Specific capacity Lee and Lee

Pohang, South Korea forest, groundwater (2015)
Random forest (RF), 15 including elevation, slope, aspect, slope
boosted regression tree . length, profile curvature, plan curvature, TWI,
(BRT), ensemble of RF Sindhudurg coastal distance from streams, distance from lineaments, occurrence of Prasad et al.
stretch on the west . .
and support vector lithology, springs and wells (2020)

. coast of India
machine

(SVM)

geomorphology, soil, land use, normalized
difference vegetation index, rainfall

Parallel RF (PRF),

eXtreme Gradient Borujerd region,

13 factors extracted from digital elevation model

spring and non-  Naghibi et al.

Boosting (XGBoost) Iran (DEM) spring locations (2020)
Artificial neural networks 16 including aspect, rainfall, altitude, stream
(ANN), RF, SVM power index(SPI), geology, land use/landcover,
K- Near’es ) I’\Iei hb(’)r Quetta Valley, lineaments density, drainage density, slope in Groundwater Rasool et al.
& Pakistan degree, curvature, topographic roughness index, yield data (2022)

(KNN), Naive Bayes
(NB), XGBoost

TWI, distance to fault, distance to lineaments,
distance to stream, distance to highways

19 including alteration band ratio, clay content,

Decision tree, RF,

AdaBoost classifier, Koulikoro and

clay content, saturated thickness, water table
depth, distance from channels, geology, geo-

Gomez-Escalo-
borehole success

. . Bamako regions,  morphology, land use, soil, rainfall, drainage . nilla et al.
Grac}i:lztr;; l:;)::stmg, Mali density, thickness matrix, elevation, normalized rate, yield (2022)
difference vegetation index (NDVI), normal-
ized difference water index, slope, SPI, TWI
12 including elevation, slope, drainage density, Hasanuzzaman
RF, NB gl(;ta N?rglﬁilr TWI, distance from the river, lineament, NDVI, chlijelrll ce et al.
ateau, Indid - soil, rainfall, lithology, geomorphology, LULC of wells (2022)
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Table 3. Examples of Groundwater Potential Mapping (GPM) based on Statistical models

Data for validation or

Method Region Variables for GPM . Reference
learning
Weights-of-evi- Pohang, South 5 including topography, lineament, Specific capacity, Lee et al.
dence (WOE) . N
model Korea geology, forest, and soil data transmissivity (2012)
13 including DEM, Slope, Land Cover, Soil Drainage,
FB, bo.osted Goyang:si, Soil Texture, Soil Depth, Timber type, Tlrpber density, Groundwater pump- Lee et al.
classification tree South Korea Geology, Hydrogeology, Unconsolidated ine canaci 2019)
BCT)” Aquifer, Fractured Rock Aquifer, Accumulated g capacity
Precipitation
16 including convergence Index, convexity, mass balance
FR, BCT, ensemble Yangpyeong- lflde)f’ slope angle, slope height, textyre, topography posi- specific capacity, Lee et al.
models of FR and gun, South tion index, topography ruggedness index, valley depth, transmissivi (2020)
BCT Korea flow path, slope length and steepness factor, forest type, vy
soil, land cover, geology, distance from fault.
o Vi 2 e W wemamiions e gt ot s i
basin, India RE ’ Re ’ ’ available (2019)

soil depth

15 including DEM, slope, aspect, curvature, TWI, SPI,
FR Tunisia river density, drainage density, rainfall, recharge, thickness Transmissivity
of aquifer, soil, land use, fault & lineament, lithology

Trabelsi et al.
(2019)

10 including altitude, slope angle, slope aspect, TWI, rain-

FR, certainty factor Varamin fall, drainage density, water table level, aquifer thickness, well yield

Razandi et al.

(CF) models plain, Iran lithology, distance from rivers (2015)
D a machine learning technique used for comparison or ensemble with FR
et al., 2022). 2. o
o] 7, I=AEAALATAlA MCDM, FA17]
Hhwdl A HS E8ste] Ak A Al B 2.1. 947X
7} 7S 3%t vt dth. AHP9} TOPSISE: ©]83}4 HEFAGS R Al A= AUE(GPM)E H
202197} 20239 247 4 2 $53E9e GPM 7kl sk AP BElEo] gl AkEe] EahaA]

S AABIHOH(KIGAM, 2021; 2032), °]2jol= SA7] o] & A AHL GPM H7lollA AlLsiltt. 1 A,
ke ef: FR) 2 7A@ SVR, Convolutional ARGl F WAL 30,735 km’C.E, HE Weko g
Neural Networks (CNN))S- o83} A3l FsA= 266 km, 54 eSO Z 189 kmoll 2 H3xsHH, o7 of
2 =3k 3 ol Z2E (hitps://www.bigdata- oS54, e, Biskd, Slob4q, s, G
environment.kr/)l| 3718}, GPMS] ASoll= 71 & ) & 37l SRYeE FAdEo] tk(Fig. la). 3
Aol v e BT ol8H U o]gfddl= AFdem B ), 73 o, 3] ) F9A]

uvel FY Askr 7ERA W ASRAS AL B A 2% W 3wl Aol 5] 9o, BUws)
o A e Ak A A ASE RBREARS B AehEe] &% ARl B, T, G 9y £

7 8 AESES s glovk, FAE 44 2 ARy

A 57F i Sl Bk 7hol=2iele: AR Aotk

2

ot

o] =g FEAEAA AT 2023 WS HE 2.2. X5l AEN "o 288 FH =
739 A AR AR 59 G549 GPM G54 AYGY] GPM H7HE S8l & 1009 ®ig=E A
EIge el FF B0l 8RN NekrE . AL, FEAZE )] ArcGIS Pro 3.1.0& ARS8
ol g3l & 25 FU8I=dl o] GPMS E-83517] FAEE T3 cH(Fig. 2). Diaz-Alcaide and Martinez-
fsl agk A7 IS AAstaAt st Santos(2019)°1 28 GPM 71l glo} 71 W= 7

28u= Aoz RlE Y WA, dE, A,
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Fig. 1. Study area: (a) Large watersheds and medium-sized watersheds on the topographic map in the Nakdonggang River Basin. (b) The
distribution of specific capacity (m*/day/m) in bedrock wells on the shaded relief map (n=2014). The specific capacity data were log-

transformed and then classified using the Jenks natural breaks.

&, EXol 8%, 49, viEE, ARy B a9
2e & 3 FAES] AR A7l 30m x 30 mE
L3I, H(point) FR (G4, BT A= o
A2)7FsH(Inverse Distance Weighting, IDW)°.2 Bk
St A& z7e] 73$-(Figs. 2b, 2c, 2d, 2e, 2f, 2g,

2j), Jenks natural breaksE ©|-83}Y TS TE3IA

fr

Table 4. Weightings assigned by AHP (KIGAM, 2021)

Jenks natural breakst & W 4k
B AsiE wies FRe TRUn
1070 A== 2, A, 2, 3 'E"‘E}
#3hs VN 2FeE iEE 4 AUti(Table 4).
e FEAAE (Hydrogeologic unit)2} E}%* &l

O\__

(Fault-line density)g €83t Wgslaict. AT

=olaL, 5= 7

Weight . Weight Normalized weight

Grou Thematic layer
i (WGroup) Y (WTheme) (wj)
Hydrogeologic unit 0.469 0.168

Geology 0.357 . .
Fault-line density 0.531 0.190
Depth to water 0.625 0.189

Hydrogeology 0.301 .

Distance to surface water 0.375 0.113
Lineament density 0.380 0.049
Topography 0.129 Slope 0.302 0.039
Stream drainage density 0318 0.041
Soil drainage 0.319 0.068
Recharge 0.212 Land cover 0.287 0.061
Annual rainfall 0.394 0.084
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Table 5. Data sources for ten thematic maps in Fig. 2

e % (Lineament density), BAFE
(Slope), ’6}d HH—’F‘?;‘E(Dramage density)E ©]-83f] wh
ZHlT= H\:!:}X% = }\%?-2,]
it qu s AERE Ao AN,
PR AR FENI ABY B
£ o]8sl AFEREE ZAJR & 3 =iy (km/krnz)
£ ARGt Akt 22 Ay 5L Ask] &
o 2EY Bt ope} FeAEE SARE S, B
EE ARt SEAYPEY
o] AlF3h= 1:5,000 FAAPES] FidH F1HS o]
43}>] TIN(Triangulated Trregular Network)® DEM(Digi-
tal Elevation Modely2 WHSo] 7AI=(0)E ARkFsdch.

P Fe jrBel $9] A3} HE

I:E.

Fr&o] HE55E 4
7} AoAHA sk AdS FAdeh] wiwel sk Ad
Ueo} X|3lre] ARAde sl Ent. =7 keAkd
HFII RA)ZE) (www.wamis.go. kr)Oll A SEARE A
BE g531o sk wirEE (km/km?)E ARkt
stk 54 B4 =(Soil drainage), EX]o]&
(Land cover), AT 7 (Annual rainfall) HEE
sl Pt EY FrES 18 358, X

rooy o b

oF @ 77), FIH|e} APHom HHo] QI o)L
7ol Fagh Oﬂolt} wEh B e Ase

47 o] S Ao HuEh v?‘“/’%‘ﬁ#ﬂ%
(NIASYIIA] =3+ EQFEA 218 5 vlFsaes i

Thematic layer Data source File type Scale Pre-process
Hydrogeologic unit H}EdKrIO (%z)l\l/([)gfogip shape 1112(5)82)0886 Convert to raster
. . Digital geological map . Calculate line densities from polyline
Fault-line density (KIGAM, 2019) shape 1:1,000,000 features
Depth to water DeIEIt?_Vt;tegrrogr(l)(i\;v)ater shape - Covert lines to points
Distance to surface Cloastal ajeas (K?dSTAT’ 2019), Calculate Euclidean distances to the
water national, 1*- and 2"-order streams shape - closest water bod
(K-water, 2010) Y
. . Aerial photograph 1/33,000, Calculate line densities from polyline
Lineament density (KIG/EM, 2gozg)y shape 137,000 fotres
Digital topographic map .
Slope (NGII, 2021) shape 1:5,000 Create TIN and convert TIN to raster
. . River order maj Calculate line densities from polyline
Drainage density (K-water, 2010§J shape ) features Y
Soil drainage ]()Ifﬁglzgel ;:173195)5 shape 1:25,000 Convert to raster
Land cover IEES[ Oc](;ve; Orlns)p raster 1:50,000 -
Annual rainfall Annual ?\Eﬁie s 213222)0 03-2022 shape - Interpolate
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19} e Asle el ool
2 AYGer= H2 Holdt. A
iEF EAVEAEGHSE 30 mTZ.L)E L@iﬂ@iﬁﬂl
Z~(https://egis.me.go.kr/)el A AJF1to} LEEEE
TSI olejellE Aol "E“%}%’ﬁ% Za_“é’SF: T2
aRloz, °1HP<42_§ B BETE A8l ddEol
AR Al HE TFsdS ST SIS
Z4>(Automated Synoptlc Observing System, ASOS) 31
Ma9] 208 (2003~202240) HIS o835t A
(mm) FEEE A9,

2.2, K|35l AEA T} uby

G574 HE9] GPME Shabani et al.(2022)9} FAHI
AHPE o]83}] 24€ 71Ex1E TOPSIS 83l 3
7Fat5act.

2.2.1. Al (Analytical Hierarchy Process; AHP)

ATEAES A HwE S8l 7 dEES] A
FRRCEA} 7 97 35 aleld prse) Al
AEES 55 7, olF AFTEe] ¥} SYslsle] %
7 U] Wk S9lsh FUH AEEE Feks ol
CH(Saaty, 1980; Bae et al., 2015). Lukzog 715X
2ol HIHE}LA] ALS-FEth(Shabani et al., 2022). 8%
2= Aol o] WrRIEo] WA )] =83 T50)

A=A AS3] 28l YRI5 (Consistency Index, CI)

9} UTAJH|E(Consistency Ratio, CR)0] S-&Hc}. Ao
AHIE(CR)YS dBAAGF(CHE F29 A|4*(Random
Index, RDZ Y HIEZE, o] HI&o] 10% oY 45,

H7RPE U™ gl dado] thar B 4= o)

S A AL ATLL 10709] FA=] tigh 4] Hla
£ B3l 7FAE AHEE vk JTHKIGAM, 2021). &
50089] A8l HE7PE A AR Feetaiar, 43
24 A, QBARE(CRYT 10% RIF] Aoz veh}
AR Aol dAdo] Je AoE ATEI. ol &
=49 715X|(Table 4)= GPM H7}ol] o]&3lith

2.2.2. Technique for Order of Preference by Simil-
arity to Ideal Solution (TOPSIS)

Hwang and Yoon(1981)°] 7§'%3F TOPSIS 7]'H-&
MCDM ¥ ZF Rz, oF2] o4l &fl(Positive Ideal
Solution, PIS)ll 71ar, F-2] o4l dfl(Negative Ideal
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ol AP (Euclidean distance)s E3l ©]%
= WHoEHN, 71$Risle] te okt —E—?ﬂl k=Ll
453 O ™(Kim and Chung, 2013; Chung et al.,
2014; Won et al., 2014), GPM H7lo= &84 u} 3l
Th(Patidar et al., 2022; Shabani et al., 2022).
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Fig. 3. Box plot of specific capacity (m*/day/m) in bedrock aquifers (on a logarithmic scale) depending on hydrogeological units: a.
Unconsolidated clastic sediments (n=154), b. Porous volcanic rocks (n=31), c. Semi-consolidated clastic sedimentary rocks (n=36), d.
Non-porous volcanic rocks (n=170), e-1. Cretaceous-Paleogene intrusive igneous rocks (n=174), e-2. Jurassic intrusive igneous rocks
(n=344), e-3. Permian-Triassic intrusive igneous rocks (n=100), f. Clastic sedimentary rocks (n=787), g. Carbonate rocks (n=26), h-2.

Schists & Paragneisses (n=75), h-3. Orthogneisses (n=111).

Table 6. Scores of each class in 10 thematic layers. Frequency ratios provided for comparison

AHP-TOPSIS Frequency Ratio Analysis

}“hematlc Class (k) Score No. of pixels Percentage No. of Percent
ayer () (x2) W Xjk P in the domain wells () of wells FRy

! ! (P! Tp) W/ T
e-3/h-2 1 0.17 4406956 0.13 28 0.08 0.62
cle-1/e-2 2 0.34 8193021 0.24 78 0.22 0.92
E’gﬁ“’i‘t’{) d/fh-1 3 0.50 16005448 047 164 0.47 0.99
a/b/h-3 4 0.67 4907542 0.14 67 0.19 132
g 5 0.84 636186 0.02 15 0.04 2.29
< 0.042 1 0.19 8384642 0.25 114 0.32 1.32
Fracture-line ~ 0.095 2 0.38 9622501 0.28 104 0.30 1.05
density ~ 0.153 3 0.57 9334870 027 67 0.19 0.70
(km/km?) ~ 0232 4 0.76 5063870 0.15 53 0.15 1.02
> 0.232 5 0.95 1744578 0.05 14 0.04 0.78
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Table 6. continued

AHP-TOPSIS Frequency Ratio Analysis

}“hematlc Class (k) Score No. of pixels . Percentage‘ No. of Percent
ayer () (x0) W X P in the domain wells () of wells FRy

! ! (Pu/ T) M (Wal T,
< 6.608 5 0.95 8136163 0.24 73 0.21 0.87
Depth to ~9.11 4 0.76 15311934 0.45 196 0.56 1.24
water level ~ 11.698 3 0.57 7716430 0.23 59 0.17 0.74
(m) ~ 15.408 2 0.38 2625678 0.08 19 0.05 0.70
> 15.408 1 0.19 360256 0.01 5 0.01 1.35
< 0.572 5 0.57 11950846 0.35 191 0.54 1.55
Distance to ~ 1.236 4 0.45 9855825 0.29 83 0.24 0.82
surface water ~ 2014 3 0.34 6903932 0.20 48 0.14 0.67
(km) ~ 2997 2 0.23 4016041 0.12 26 0.07 0.63
> 2.997 1 0.11 1420106 0.04 4 0.01 0.27
<031 1 0.05 8072556 0.24 51 0.14 0.61
Lineament ~ 0.766 2 0.10 10422454 031 100 0.28 0.93
density ~1.207 3 0.15 8483704 0.25 93 0.26 1.06
(km/km?) ~ 1.761 4 0.20 5454013 0.16 73 0.21 1.30
> 1.761 5 0.25 1716706 0.05 35 0.10 1.98
< 6.703 5 0.20 8022040 0.23 230 0.65 2.78
~ 14.929 4 0.16 6565586 0.19 87 025 1.29
Sl(‘z;’e ~ 22.851 3 0.12 8043703 0.24 25 0.07 030
~ 30.468 2 0.08 6988493 0.20 9 0.03 0.12
> 30.468 1 0.04 4521306 0.13 1 0.00 0.02
< 1.637 5 0.21 4284559 0.13 13 0.04 0.29
Drainage ~ 2564 4 0.16 9062375 0.27 61 0.17 0.65
density ~ 3398 3 0.12 10500000 0.31 126 0.36 1.16
(km/km?) ~ 4325 2 0.08 7373591 0.22 94 0.27 1.24
> 4325 1 0.04 2929936 0.09 58 0.16 1.92
Very good 5 0.34 18567377 0.55 113 0.32 0.59
. Good 4 0.27 8258459 0.24 106 0.30 1.24
dr:i?lige Moderately good 3 0.20 3426152 0.10 67 0.19 1.89
Moderately poor 2 0.14 2069254 0.06 44 0.13 2.05
Poor/Very poor/Etc. 1 0.07 1674146 0.05 22 0.06 1.27
Used Area 1 0.06 1638954 0 15 0.04 0.90
Barren/Agricultural Land 2 0.12 4917433 0.15 152 0.44 3.00
3’; Grass 3 0.18 764779 0.02 23 0.07 2.96
Forest 4 0.24 25609519 0.76 149 0.43 0.56
Wet Land / Water 5 0.31 812106 0.02 8 0.02 0.97
< 1,116 1 0.08 8166186 0.24 81 0.23 0.96
Annual ~ 1,222 2 0.17 10038926 0.29 108 031 1.04
rainfall ~ 1,336 3 0.25 8600022 0.25 89 0.25 1.00
(mm) ~ 1,453 4 0.34 4031704 0.12 25 0.07 0.60
> 1,453 5 0.42 3313623 0.10 49 0.14 143

D a. Unconsolidated clastic sediments (n=154), b. Porous volcanic rocks (n=31), ¢. Semi-consolidated clastic sedimentary rocks (n=36), d.
Non-porous volcanic rocks (n=170), e-1. Cretaceous-Paleogene intrusive igneous rocks (n=174), e-2. Jurassic intrusive igneous rocks
(n=344), e-3. Permian-Triassic intrusive igneous rocks (n=100), f. Clastic sedimentary rocks (n=787), g. Carbonate rocks (n=26), h-1.
Meta-sedimentary Rocks, h-2. Schists & Paragneisses (n=75), h-3. Orthogneisses (n=111).
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