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R o HRURRE . RAFE T Ik ML I bR 1 2 2
HX S5 RIS B T R ZEHRE
g I E M, GLUE T 3 AL 34 e T
1) EHTFIRLMERS; 2) LR IREIR2Z MRS
fi 125 3) MRS R SRR 2E 5 4) AT
ERMATE M ik, AR SCEEFEGLUE T AR
T AR(E 2 T C DEA R 2 450 K A5 R 000 245 51 1) R o8
P, AR LS A KU PP HR I — 2 5% .

BRI

L1 B
i BB R B R E R BT K

W AESEZRKS (114.51° E~114.60° E,
34.98° N ~35.06° N) , k& in] up U A i) i 7
Wt. ARBmE, HEFMIEA (EEEH ) 45
HIMwbEL (0~20 cm) | P+ (20~40 cm)
AP+ (40~60 cm) , BEFPFMCRE =&
B, o tRE, LB H B NELS om, B
79 em) i A WL I AE . SRAERE, 7E 44 Py R
TRERD Y LN, DA AR ST . ZR8x Ji
ARG BEIR o TERBEUIR EAF R —Hh s, BGE
Pesh ey M s s =, BTG O RE AL
( Mastersizer 3000, FE[E ) MEMLRA R, 4T
B E A, BALEEpH, T HEREA I AL P B
msk1,

Tl TEEARBUMR

Table 1 Physical and chemical properties of soil sample

TG R FkL Clay

Bk Silt

WML Sand ZX H Bulk density

Column Soil texture (<0.002 mm)/% (0.05~0.002 mm)/%  (2~0.05mm)/% /(grem™) pH
a b 15.6 31.2 53.2 1.384 7.6
b b 1 6.5 8.3 85.2 1.439 7.3
c WHEE L 20.2 19.1 60.7 1.534 7.4

M T IR S E AR T L /025, T IA Note: Soil textures were classified according to the United States Department of
Agriculture. DSandy loam, @Loamy sand, 3Sandy clay loam. The same below

1.2 BESHMEFEHRREMEFRBTE

H455. 10, 15, 20, 25 mg-L ™" W7l R 4
(Cu(NOs),) WA . 1£50 mLIy gL 43l
FA2.00 g4, finA20 mL & i i A [ e i 6 i
(RS IR AW, N B, fE IR R e DR IR
23°C £1°C, 7E%24 ho R 1A4 000 r-min Y5 i
030 min, IR EH LIETR, FHHREBEES SRR
FEY ( PerkinElmer Optima 8000, ZE[E ) Wl5E ik
(ICu™ W T, BB EIANEL, et
25 LG, FAFSHEE PRSI, SRS IR
FRHASE AT X Cu B B, I AR PR R K

SR AR W B 7 R, 0 )Xo = o 5 b, 4 38 vp
Cu’ AL i A 56 (0 5080 AT 05 I F T L
¥, HAKT .

R=1+pK,/ 0 (1)

X, ROABHMEREG phHIETAE, gem™; Kb
SRR Lmg'; O HIEARIEKE, cm’em™,
1.3 TRERARSEHBIRE

RERR I TE = FORF B (a®PHEL, biERD

+, WL ) WP R R
F20°C £ 1°C. HERZhHE A T EZ4E i 1
e, PR E RSN, A — D FLBAT (Pore
volume, PV) pHHN5.5. ¥ 40.05 mol-L™'f
AL (KBr) 1HMEREEE, R IELLBER30
ho AEIRIGSE 5T, LATRRE 9 28 A BE % ) A
FTApHN3.5, WIE H0.5 mol-L'HCu(NO,),iF
W1 PV, SRIGELVEN30 ho HIRERA A 31
PSR R . MR P B E i Brok R LR
DRE , Cu® Ve B Fh o s50BAH €035 - 45 B AR 1Y
(Agilent 7700x, JRAFIW ) W .
14 =HIFRE

ZRSTAE YRR, IR BOE WO T B S A
(] S VA S 1Y) o 78 B A 5 T A BF 1) — 4R AR A it
W 2 F50T LU CDER i ids -

> y—v%—uC (2)

A, RO R % CRWA % B E
mg- L7y xABEE, cm; ¢ IEHE, min; p RILIA
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1110 + b1 2 Eile 55 &
(u C) WMHEERZE, min™', TR R R 2 5 WA Te] $UL 5 AR 25 RE
FHeF — B i AT i Ab e R v LB L(@,\yw:l_w:Rz (4)

M, cmmin™'; DRIKEIIVRECAREL, om®min',
1.5 NLLS7##%

NLL STk S LA S I AR 2 3530 {1 1) ) % 22
S5 R/ Ay R DU A PR3l e i AS A R S ) —
SR, BTN ) A TNLLS Y 4
B i iz B 2 M0 T AR e 2 1 36 [ - S A T
KIJCXTFIT, CXTFITRK fHLevenberg- Marquardt
Bk, g DR S T A A I 48 ( Breakthrough
curve, BTC ) K il 7R R %L . FL PR /K I 1 S5 955 i
BRI SR, I BRI VA o R B o 1] 760 23 [ 19 53
fAlE . AR H AR TRk — 4 S Bl Se A5
{H2Z AP E RER R AL . 58257 5l (SSQ)
B/ HARRECh UoE ZBR, R

2_ _27:1 (Ci_fl) 2: _ SSQ
RS oo s c-er (3D

Kb, CN £ B0 A WA AR R S(E ;s oo e
UL R P - S5 0E s R ORI S5 8, RPEL R 25
1, RHPEROER BT

1.6 GLUEZ%

GLUE A &S] “fefl” X — s, X
WA TR — “ERfL” A R A R RURS:
B A SHOTRERY 25 A AR SR R 22, KT
PIALBRK R (v ) 400 4 BRU(E 3 L e kg 0
WELREL (D) %E40.000 1~0.05
em’min~', PH#F RS (Ry) & HN1.0~3.0, JLIH R
FH (u) 5EH 0.001~0.1 min~', FEHF R B RALE
W R L T #8575 kA )75 (Latin hypercube
sampling, LHS ) 4 NS E4L A& -

TEV A8 B 2 50U T, Ry B 5 500 R it A
M, — B2 s R g R e v I DA 2
o, SRR R LA AL S5 hit, A
WXt GLUE Jy ¥& 1 B FH Ao A A B B, BB —
3 3 % 7 B 0 B 1 L T 2 1 S B
D; BrBe=.: AZHAH (v, D) HEHLIEEC1004H %
HLHSREREIN (Ry, p) EHAS, R
MWSEAHE (v, D, Ry, 1) o

R J7 S NLLS 7 [ #% , 3% FiNash—Sutcliffe
PR (JERIPLE RER ) RN RISR RS, < filiid

|
v.* 0.5V, cm ‘min ,

> (0,-0,)°

X, L (0,1Y) WSEAFIRIREE; 0,855
A i AT AR, mgL™s 6, 0% ) I
SR, mg- L™ 0, WM A4, mgL™;

oA S RS 0T S P IO (i P RS 25 2R

HAUSR bR EAE 1. DIMUSRE S T°0.9 0 B 2R X 43
RGN “FTHEE”  (Behavioral set) 8¢ “JEATH
4" (Non-behavioral set) o X = MetrkEm3E
AIE S MR B 95 %0 B AR IX (8] o 43 5l S ~F- 4 A X X
[#] K i (Average relative interval length, ARIL ) Lol

TEAE9S %o B AR DX TE] P9 A9 LI 5 e ] ( Posey) DA
MR EZEE (Maximum determination
coefficient), Blfx KMI4A{H ( Maximum Nash-
Sutcliffe, MNS) . ARILZEZAAXMT

ARIL:%Z% (5)

S, Ly AL, 0596 X 1) 0 3 v 1

TR, mg L™ ah BN, R, KRR
WLI{E, mgL ™'
P95c1%§ﬁﬁﬁﬂ?!
995CI:NTQ'"X 100% (6)
K, NQu M IEFES P A DX [8] Py Y UL 55 A%
nj] A%‘\X%iﬂ”)ﬁﬁo
MNSF LT
MNS=max  {R*}=max} L (0]V) (7)

A, PHRTHEZRCREEGRD , N A 4252 () R EE R
. BRIE 4 R, ARILIE BT T0, Py
BT T 100% , MNSHGER T1.

2 iR 5iHe
2.1 NLLSZ#hit R EEZERL

- BRI S Bro g il 2k, [R5 2 5
v D, T BRI Br AN K AE WA AT . R DL vE
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12— M4, HTGLUEM LIS RERS

BT R ASHR E 1111

WA I, LR RER =1, DUTE T R
ZH0 1=0 min~', KT NLLSY #5585 Br 28 % i
LR LA 25 AR N 1 e I S 8 Btk e RAOIL R 2
FR27T A1, NLLSKEM “Hib” S5 4% R
EETEBML (BTC) MASERAE, RFYKT
0.98, ¥l 22RMSE<0.046,

B FCu”" iz B IR0 A s 5 R B i e i —
], G Cu® FBEMLR, ik HE—B BN

SV EIDIE , AU R M uit AT AL, R 1
P2 WAL, U0 it 2 ) 04 (i WS AER T 00 01,
XA AE A PR Sk A 5 4 R 22 1) T I 1 B 55 P A 0
FRE, W] RERSE I AT — E B L 1R 22 2 3L
(o AR T A A A ST B S R B
oyt B rp ot U O . BRI, B
ZE R A %, RPYIKF0.93 HRMSEH

PEFELE107 B0 (£2) .

035 0.08 -

030 ..', o MMEObserved point Y
§ T pEat S NLLS$ &l 4 2 Hep 1 P
E (o5l Sandyloam o . Fitted line of NLLS £ 0.06 Loamy sand
- E [ (5]
5 g
g 020} 2
0 Z 0.04F
g 015f =
= &
= 0.10 i
gg ' ¥ o0t
= i [
z 0.05 =

OOO i g L 1 1 ] OOO 1 1 1

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 0.0 0.5 1.0 1.5 2.0 2.5 3.0 35 4.0
FLBRAEFR Pore volume FLBSAFR Pore volume

- 0.20 -
% (K3 SR S
= Sandy clay loam S %
g 015} vew .
g .,
5
(o)
>
£ 010}
k)
&
4
K 0.05F
7
=

000 .t | N |

0.0 0.5 1.0 1.5 2.0 25 3.0
FLE AR Pore volume
F1 Ccu’'zriBihdk (BTCs) MMNE 54t/ Tk (NLLS ) A EA X L

Fig. 1

2.2 F—MEGLUEAASH T

PitHb (b +) MBr ZFE&LUE R
B, RULIGLUE kM e a5 i . B2 & —4
WO ACR B R BT — R R, B L] IR
AU e f ST AR R . AR 2 X010 000K 524% R
BRFET, A1 N SHU A MALRIERE > 0.9,
BHIE R AT AT o mE2RER20 A, KA
RIEMNS=0.987 219 Z % (v, D) = (0.031 7
cm'min~', 0.003 9 cm®>min™') , S5NLLS |
ME— “Ift” % (v, D) =(0.032 1 cm'min ',

Comparison between measured breakthrough curves ( BTCs) of Cu’"and non-linear least square (NLLS) fitted BTCs

0.004 2 cm*min™") , dEH I, HNLLSH
HHIR]0.987 4, SEAMSRIE (MNS) JL-FAH
Al WTLATUA, SR REEREEZ, BALEAT
MR EGE Z , GLUEJT A5 2 MNS 5NLLS T
IFEA BN R B .

5B BEE R, “TTAET S
BBV B B S 4 /s o ST LB A v ) B R R
Je BUE L4334 [ 0.015 6, 0.046 8] cm'min”",
[0.028 6, 0.035 4] cm'min'; VRHLREDHIH]
Uy FHRE B Je B R 43930 24 [0.000 1, 0.050 0]
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C I 55 4

cm®min~', [0.000 1, 0.022 1] cm’min”", [X[i]
FE o 4R/ T 55.0%H155.8% ., {HNLLS T i
SEMIOS T EARRE (F2) , Q2 v s 1 Tt s 114 26
BT, A% B E B GLUEBY 2 80U 3G Fl 2 1R

%, ULHAINLLS 7 V: 75 Bris #4112 85 i 1 i 77 A
“SZRE% W%, HHESEMDR EFRZ /N
TEEBR A2 S EGE R, FEOKE T2 S5

%2 NLLSZEXMBr #flCu”" FiEM &GN “RIL” SBRBEHR

Table 2 Optimum parameters of NLLS fitting Br~ and Cu*” BTCs and fitting effect

T+ A + 34 Br Ccu”’
=
S it v/(em'min)"”  D/(cm®>min™") ”  R* RMSE R,V u/min™ " R* RMSE
Column Soil texture
. 0.0334(0.0333, 0.0051(0.0046, 0.0063(0.0062,
a Wit . 0.996 0.024  1.386(1.370, 1.403) 0.960 0.015
0.0336)” 0.0055) 0.0064)
. 0.0321(0.0319, 0.0042(0.0035, 0.0031(0.0030,
b Herb 4 , 0.987 0.046  1.034(1.016, 1.052)" , 0.937  0.028
0.0323) 0.0049)° 0.0032)"
_ ., 0.0308(0.0306, 0.0043(0.0038, 0.0038(0.0037,
c i 0.995 0.029  1.203(1.184, 1.221) 0.954 0.016
0.0309) 0.0047) 0.0039)

e UV FRBrOMC BB BRI SE, VS NBE SRR N SIS B EAR R . v, Do Ry Aludy IR B FLER
ViEk . URECREL. B RBORICBUHCR R A RONUeE BB RMSE N MRi% 2%, F A Note: '’ Parameters optimized in fitting

Br and Cu®" transport; >’ The figures in the parentheses stand for the 95% confidence intervals of the corresponding parameter; v,

D, R,, and u stand for respectively average pore water velocity, dispersion coefficient, retardation factor and rate coefficient; R* for

determination coefficient, and RMSE for root mean square error. (DSandy loam, @Loamy sand, 3 Sandy clay loam. The same below

1.000

0.975 -

0.950 |-

0.925 +

Br il A ISA{H Likelihood value of fiited Br™ (R?,)

0.900

0.028 0.029 0.030 0.031 0.032 0.033 0.034 0.035 0.036

v /(cm - min™)

Br il &SR A Likelihood value of fiited Br™ (R?,)

1.000

0975 & o8 et Vn

PRI A
AR e
-”l. . CE e '--.,;f'
I YA
B - A Crdy
0.950—'.... Tt .,..". A
.

0.925

0.900L—-% © 4w Lt T
0000 0005 0010 0015 0020  0.025

D /(cm? - min™')

H: GLUEN) ™ USRI E PEAG T, IS & TG (19 2 BE O NLLS )5 ik 995% E 5Bl . FIA] Note: GLUE is the short for generalized

likelihood uncertainty estimation and the dashes at the top of the scatter diagram stand for 95% confidence limits determined by NLLS.

The same below

&2

GLUEJ I 3RA3 HSR 1 Ry, >0. 9 v I DS 1K

Fig. 2 Dotty plots of v and D of R*;,> 0.90 acquired by GLUE for bromide BTCs

23 E-MEGLUERESH G T RERHEN

S B BB it GLUE i X Cu®™ 2535 i 2 1

W& AT A dr (AL e R H) )
J8184H R, >0.91 “F7 M 43 HIFEHL 10040 18 i
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= — A% - TGLUER IR

BT M ASHR E 1113

pisray 2

Pr T ST RAE (LHS) 52 AFEHLSER A w0,
H 81 8OO S E A A . BWis TR, 155
403 BEAL A R RS, 0.9, X S 1
W3R o HoAth P 5 b 174 4 HE 50 51075 31 T 448
6484 “11RHEE" .

A EIB3 AT, URIER, S K N0.936 9, RN HY
ZHHEGHN (v, D, Ry, 1 ) =(0.034 9 cm'min”',
0.005 3 cm”min~', 1.112, 0.003 2 min™"), %% "B
B IS5 DA A 55— B BOW Br 28 3% M 2211
A, B, XA SE00 AT 432 0 L S B2 — 3

( TNLLSH95% EAGRR ) o (HIHAES By By im
N AR (E3) 5% —FrBoim . X 2&Hh,

SR DZ IR B 28 BAR TR S B BOAS s — Fr
BOEMW, B BB SEBGEn, f Z [R AR E
SR, Homp R S R 2 B . BRI W] 2
Bl [ 1.0, 3.0] 4i/hA [1.001, 1.221 ], X5
WRAEAZ (1), A5 20§ St A Se 56 i
Ry= 1251 14382 ; S8 p T 3235

0.940 -
& 0935}
= 0.930]
Q
b 1
£ 2 0.925) z
== <
B 0.920} =
=2 0915 =
& = N %
= > N »
Q = N . g
§ 0.910}F . :
2 0905} g N
™ 0.000 CVh LSRR ERSY
0.028 0.030 0.032 0.034 0,036
v/(cm + min™')
0.940 -
i L.
B 0.935F L L. L
& 0.930F 0 5:.’-;'--. =
O RN AR O
gg 0.925 P e f
&3 0.920 % =
%3 g
LS 0915F > 5
O - st 5
§ 0.910 e
2 0.905" N
— e .
0.900
1. oo 1.05 1.20 125

[0.001, 0.010 ] min'45/NK [ 0.002 6, 0.003 7 ]
min ', XA 95 B 43 B 46 /N 17 89.0%M190.0% . #&
ﬁ'ﬁ, 58— BRI, X LR 52 10 S H0E FMD

I NLLS 7 995 % 15 BR 56 5 1) 5. 8443 1
5. 501;.@ X4 RERW, A2 5NLLS LT3

“EARART S8R P S A Y AR G A Y
cuz*E’le_:%za;ﬁ; sz, fENLLS A E
FIRZAN, A ERZ I SEH A T2, JIfa]
PB4 Nl B BRI LS S o T ANGE R T2 00 ) W
To Ml 7 X e 2 A R R — H S HUE A R ST
H”, 3XARIE R AR T ke 5 B SR A AEAS
W R — A EEREE . kel W, FIHINLLSAE
RS F T AR BN AR g i
iof B0 BEAEAE AR R R, PR R LR A R A
TR EARE ., Zhang® " FME S S0 R
GLUEJ7 ¥ [F B 4341 1 738 B3 W55 AR 243 B AR L A
TP B, GRWERNES KA SR e
Kt ER 4.

900
0. i
D /(cm? + min™")

0940,

R
e 2
o o
(%) (%)
S &
T T

0.925+
0.920+
0915}
0.910}

o

o

S

N
T

Likelihood value of ﬁtted Cu* (

RPN A LT

.900 - !
0.0025 0.003 0 0.003 5 0.004 0

4 /min!

K3 GLUERAR M BIARMERE, >0.90 S EU B E
Fig. 3 Dotty plots of the parameters of R2,> 0.90 acquired by GLUE fitting Cu breakthrough
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GLUEJ7 % 22 B 4 W S I 2 —7F F 3 501
R BR BRI B B 2P 00 L Xy AT R
FUCHEAT M AET R B Y A AR RO
{EL 3 i B 46 S 57 FF 6T R ol A5 R I A A skt
Sehli > By, JRARARER ORI 2 R R
BB IR R I, AR ST ok B LR iR S
NLLS ik o RECA SO XM F, H 2
TNLLSFIGLUEM #f J5 ¥ B9 45 X b o I 4F %,
O 0] i 2 A BRI AR pR Bt AR B T 2 K
T WZhangE 122 g TSR A B A S2 bR R Y
AHEETIAT ZR ISR R gL, JFEETRERITAE
o T SE e A BRI LSR BRI K. Freni®s 1 I Z FE
2 LSRR B T T 38T It K RS TR 5 B 0 AN B

PRI XA RIS AT TRCIE . X SEF 5T R, Nash-
Sutcliffe pR EdE HI T E 40 5 A KR Ty 225 48 i —
RO B L5 RS I B0 o 2 UL I A B 3 22
H B 76 VR R A RE PR, 5 5038 Y BRI SR pR KL
IR ST
2.4 (RBEGHBITHE S
54080, thafl b iEcREEMCu™ iz
RIS Ry 3 E AR R . ATLLE
GLUEH#iZE My, D, Ry, u W EEXIEEEEME
NLLSHYEAF X H . UEWITE =Fp 13, NLLSHY
SHCEAG K BIY/NTFIBR T 32 I S EGE . #571Y
B HINL LS55 1 B A5 DX TA], 4 S SOK & i 1y 9k 2
ZHSEAH AW

#3 NLLSHIGLUERESHBBr ZBEESHEHISHEISX E

Table 3 Parameter of the Br transport model and 95% confidence intervals obtained using NLLS and GLUE

R4 - HE I ik . o N
Column Soil texture Method v/(cm:min") Di(em’min™) R p/min
T 1 NLLS (0.033 3, 0.033 6) (0.004 6, 0.005 5) — —
! Sandy Loam GLUE (0.029 4, 0.037 8) (0.001 0, 0.032 3) — —
b e+ NLLS (0.0319, 0.032 3) (0.003 5, 0.004 9) — —
Loamy sand GLUE (0.028 6, 0.035 4) (0.000 1, 0.022 1) — —
R NLLS (0.030 6, 0.030 9) (0.003 8, 0.004 7) — —
¢ Sandy clay loam GLUE (0.027 3, 0.034 5) (0.000 1, 0.026 6) — —

W 7 FRARIITSEAIS, LEGXE. T Note: “—” means these parameters don’ t fit and no confidence intervals.

The same below

%4 NLLSHIGLUERESIHCW EBRIERSHEEISLEIEXIE

Table 4 Parameter of the Cu’” transport model and 95% confidence intervals obtained using NLLS and GLUE

D/(cm*min”")

Ry

w/min”'

R EE e e Yrie:ii] T7i y/(ememin™)
Column Soil texture Method
et NLLS -
a Sandy Loam
Y GLUE (0.029 4, 0.037 8)
b b NLLS —
Loamy sand GLUE (0.028 6, 0.035 4)
. % e NLLS -
Sandy clay loam GLUE (0.027 3, 0.034 5)

(0.001 0, 0.032 3)

(0.000 1, 0.022 1)

(0.000 1, 0.026 6)

(1.370, 1.403)
(1.159, 1.770)
(1.016, 1.052)
(1.001, 1.221)
(1.184, 1.221)

(1.414, 1.027)

(0.006 2, 0.006 4)
(0.005 3, 0.007 7)
(0.003 0, 0.003 2)
(0.002 6, 0.003 7)
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Table 5 Quantification of the uncertainties in fitting Cu”  BTCs using NLLS and GLUE
A +- 4 B ik
ARIL MNS Poscr
Column Soil texture Method
b+ NLLS 3.45 0.960 28.13%
‘ Sandy Loam GLUE 10.24 0.960 87.62%
b Hewh + NLLS 397.66 0.937 64.00%
Loamy sand GLUE 223.96 0.937 80.93%
A+ NLLS 5.24 0.954 46.01%
¢ Sandy clay loam GLUE 4.79 0.953 84.35%
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and, Pysc; stands for percentage of points covered by 95% confidence intervals
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Parameter Estimation and Uncertainty Evaluation of a Soil Solute Transport
Model Using GLUE

YAN Yifan"? LI Xiaopeng' ZHANG Jiabao' LIU Jianli'’
(1 Institute of Soil Science, Chinese Academy of Sciences, Nanjing 210008, China )

(2 University of Chinese Academy of Sciences, Beijing 100049, China )

Abstract [ Objective ] Computer programs, such as CXTFIT, are commonly used to calibrate
soil hydraulic and transport parameters, such as dispersion coefficient and retardation factor. CXTFIT
can be used to fit observations quite well, which leave researchers in this aspect such an impression
that the “optimum” parameter sets simulated with this program can be used directly for modeling
prediction. However, in the process of parameter simulation, inherent uncertainties do exist and are often
underestimated. The objectives of this study were to assess and even quantify the uncertainties that may
occur in parameter estimation using the convection-dispersion equation (CDE) and in adoption of the
parameters in modeling prediction with the non-linear least squares (NLLS) and generalized likelihood
uncertainty estimation (GLUE) methods. [ Method ] In this study, with the aid of CXTFIT, NLLS and
GLUE coupled with the Latin hypercube sampling strategy was used to fit concentrations of bromide
and copper nitrate in transport through three oil columns different in texture (i.e. Sandy loam, loamy
sand and sandy clay loam), separately. And the parameters were optimized and analyzed to quantify the
uncertainties that may occur in these processes by means of three quantitative metrics, that is, MNS
(maximum coefficient determination coefficient ), P,sc, (the percentage of observations included within the
95% confidence intervals) and ARIL (average relative interval length). [ Result ] Results show that the
only “optimum” parameter set obtained with the NLLS technique fits the curve of solute outflow quite
well with determination coefficients (R*) all > 0.98 for fitting Br™ transport and > 0.937 for fitting Cu’’
transport, and with root mean square error lingering at the magnitude of 107, but it fails to cope with a large
number of equivalent parameters. R’ being high in value only indicates the “optimum” parameter set is a
proper fit of observation, but it does not mean the “optimum” parameter set is the true characterization
of solute transport. The parameter set corresponding to the MNS of solute outflow fitted with can be used
to simulate the observation as well as NLLS (R*>0.937). But the value range of acceptable parameters
determined by GLUE are much wider than that of NLLS (the length of 95% confidence intervals of GLUE
is about more than 5 times as high as that of NLLS), which means that a large number of parameter sets that
are high in likelihood value fall outside of the 95% confidence intervals determined by NLLS. The 95%
confidence intervals of outflow concentration determined by NLLS covered 28.13%, 64.00%, and 46.01%
of the data observed separately in the soil columns different in texture, leaving almost half uncovered on
average, whereas those determined by GLUE did 87.62%, 80.93%, and 84.3%, separately, which indicates
that it is not a good choice to use NLLS to optimize parameters and uncertainties of the model output.

[ Conclusion ] To put all into a nutshell, GLUE performs better than NLLS in both parameter and response
surface uncertainty analysis, for NLLS underestimates significantly the uncertainties in estimation of major
transport parameters. GLUE has a much wider acceptable parameter valuation range and 95% confidence

intervals for outflow concentration, which indicates that the “optimum” solution acquired by NLLS does
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not show any robustness as the solution acquired by CXTFIT does. So the usage of only “optimum”
parameter sets to predict solute transport has to face high risk and high uncertainty.
Key words Solute transport model; Parameter estimation; Generalized likelihood uncertainty

estimation (GLUE); Uncertainty analysis
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