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Automatic Calibration Model of FDR Soil Moisture
Based on Transfer Learning
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Abstract; Aiming at the problem of large fitting error of manual calibration data for FDR sensors, the
data from other regions were introduced as auxiliary data, and an automatic calibration model based on
migration learning was established. In this model, historical data from other regions were introduced as
auxiliary data. Data collected from FDR targets were used as source data. Combined with auxiliary data
and a small amount of source data, an accurate FDR sensor calibration model can be obtained by using
TrAdaBoost algorithm. TrAdaBoost algorithm for classification problem was improved to TrAdaBoost
algorithm for regression. The basic learner of TrAdaBoost algorithm was changed from AdaBoost to
XGBoost, which improved the calculation method of error rate when updating weight. Firstly, XGBoost
was used to train the auxiliary data to get the initial calibration model, and then a small amount of data
was collected from the target location of FDR, and the improved TrAdaBoost algorithm was used to
calibrate the initial calibration model, so that the accurate FDR calibration model can be obtained. The
data of 10 different regional sites were trained as auxiliary data to obtain the initial calibration model. For
the six sites in Shenyang, the target sites were used respectively. Totally 80% of the data were used as
the source domain data for model correction, and the remaining 20% were used for testing. The results
showed that the average preparation rate using the calibration method was 99. 1% , which indicated that
the automatic calibration model using migration learning was effective and accurate.
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Tab.1 Composition of soil particles

FifE/mm 53 E %
0 ~0.002 10.3
0.002 ~0.075 67.5
0.075 ~0.250 17.3
0.250 ~0. 850 0.2
0. 850 ~2. 000 4.7
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Fig. 1 Sensor equivalent circuit
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Tab.2 Data of different soil layers in experimental site 1

+EHE/em F,/Hz F,/Hz F /Hz F, &KBEKZ/ %
87.089 64.475 73.724 0.591 10. 627
87.089 64.475 71.847 0.674 18.933
86.881 61.523 72.652 0.561 19.322
10 86.881 61.523 72.758 0.557 24.287
86.881 61.523 75.110 0.464 26. 200
86.881 61.523 68.306 0.733 30. 360
86.430 65.836 73.106 0.647 13. 065
86.994 61.290 63.354 0.920 19. 750
86.994 61.290 75.873 0.433 22.137
20 86.994 61.290 78.709 0.322 25. 666
86.994 61.290 75.825 0.435 30. 465
86.994 61.290 63.354 0.920 34. 855
86.195 65.171 73.707 0.59%4 6.225
86.195 65.171 74.611 0.551 9.370
85.671 59.684 73.072 0.485 29. 180
40 85.671 59.684 75.815 0.379 32. 605
85.671 59.684 79.491 0.238 34.200
85.671 59.684 75.911 0.376 36. 105
86.157 65.960 79.714 0.319 3.217
86.157 65.960 79.472 0.331 5.596
86.312 60.211 72.844 0.516 20. 030
60 86.312 60.211 81.962 0.167 30. 701
86.312 60.211 72.844 0.516 31. 184
86.312 60.211 75.306 0.422 37.062
90.002 63.351 75.490 0.545 21.070
90.002 63.351 75.330 0.551 31.706
90.002 63.351 74.888 0.567 35.780
80 90.002 63.351 79.395 0.398 35.910
90.002 63.351 80.808 0.345 36.011
90.002 63.351 79.395 0.398 37.790
86.399 66.882 77.343 0.464 16. 881
86.399 66.882 77.128 0.475 19. 107
88.022 61.384 71.696 0.613 30. 441
100 88.022 61.384 71.696 0.613 31.890
88.022 61.384 71.722 0.612 33.570
88.022 61.384 71.195 0.632 36. 874
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Tab.3 Correlation between input and output
TR F, F, F, F, R kR
TRRE 1
F, 0.028 34 1
F, -0.25852 0.15792 1
F -0.35338 0. 106 03 0.614 47 1
F, 0.31079 0.074 31 -0.301 47 -0.926 40 1
[N E & 0.648 21 0. 448 24 -0.52175 -0.63693 0.562 80 1

O3RN AN TR 3 X ) B 23 A S8 A ] SO BE
PTGl DCRSC AR FH T 229 i DX A A% S A A6
RISk, R, A SCHIATERE = 0 Ik, R
TrAdaBoost $.72 7E 4 Hij Hh X /D 5 45 3505 2 2040 19 1
DU 258 HoAh 3 DR A S 3l Bh EA T AR ST

2.1 FIETmAESSH
2.1.1 HEwiaba

TERCHE AR B S AT B g Uk, 25 BR i
B, RN 32 5 W (E RS20 | RE 8 B A5 E H
fifi 2z RO B B O A O, R T RO T . A
SCRHARRE R, B R E 2 % 4 FiR,
BEXE SR AE USSR SR AT B HE 2R i Bl
W G A BcHls F, 7 85.07 ~ 88.64 Hz 4 F, 7F
58.55 ~64. 85 Hz 41 F, 7F 63. 73 ~76. 58 Hz SMI%L
/i

100r
-+
80+ ;
g 60’
B
® 40
20+
YRR R
i A R e

B2 Ad i Bl AR e

Fig.2  Box plot of input and output data
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Tab.4 Sort of input and output data
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‘ R/ %
/ME 84.84  59.37  63.35  0.167 2.80
TP 86.41  60.91  68.55  0.630 24.83
GREIVE 86.75  61.44  69.71  0.680 32.55
s 87.30  62.49  71.76  0.720 38.01
KM 97.37  68.87 82.88  0.919 49. 87
BAMIXH 88.64 64.85  76.58  0.855 57.77
/MEXE]  85.07  58.55  63.73  0.495 5.07
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Fig.3  Probability density distributions of training data
at site 1 ~ 10 in other regions
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Fig.4 Probability density distributions of site 11 ~ 16 source area in Shenyang

oA A9 KRS N 10 R BAS E) | uh AR
11 ~16 7+ 5I1E A FDR & H br i A b o5, B
80% EHls R IR BUEHE (X, ) HEATIER % 2T I 2R A5 2]
FRE LAY Fo 4% 209% $HaVE A B AR U8 50 UE S
BRI 7R B iy A, VR S HE 1) SR £ LR
TEA IR + 5T 09 4% B0 F % & 10,20 .40, 60, 80,
100 em )2, KB & K HTE 0% ~ 20% ,20% ~
30% 30% ~50% 1A BAE  FEA i 2 A B 25
BAGFEARN 10% |, FEAR B/ R 20 A, BT
B RR AL R Fe S RO
2.2.1 HE A E——XGBoost 57

AR B SR B s AT s b ¥ s DA F, )2
WREEAE I IR B /KR AE i |, R XGBoost
YRy F 2] B AT I 25

XGBoost' ! J&—FpHE T4 i 2% > A4 4k BAG
BRI 2 2] Bk e B s AR T e i 4
TR IR o B K B () S B i R

ZA RS A

BN L, SR RSB s d  FRIE AR ; gaine—
05 (G,.Gp)— X g5 (H, Hy)— X by

iel iel
For k=1 tom:
G,<—0, H <0
For j in sort (/, by x;) do
G, —G, +g;, H<—H, +h;
Gr—G -G, ,Hy«—H-H,
G, G _ G )
'H, +A Hi+A H+A

score<—max ( score

end
end
i 245 191593 score
2.2.2  Hbri—f ) [ H A TrAdaBoost 5%
TrAdaBoost 53752 % AdaBoost 1E R34 8%
3SR, A WA SCI ALY g ez 3 5 ol
N XGBoost, 7E TrAdaBoost 52 H % A gE A7 24T
T R R FE AR 228
Ct = z wil (4)
X m——FEARRE w'—FE
X AR B iR 25 R
wrowilh (x) —c(x) |
LS ) o) )

i=n+l matht(xi) _C(xi) |

K b, (x,) —— 2R T
c(x;) FLSH
max |k, (x;) —c(x,) |—INZREE LFEAR R R
KirZ

it )5 B9 TrAdaBoost Sk RELR B T XGBoost 7]
RIS | A B2 > SRR AEAS 1 53 2807 1) S A
NRAN T XGBoost ANREHATHIRIERE B EREG , 2
JE ARSI

R DR X, BB X, & 0F
GBAEE T =X, UX,|, 3% & (Learner)
XGBoost, IZEACIKEL N,

(1) wiatk
W1 AT )
w' = (w} ’w; )T ’w711+m)



218 &k MO ¥ 2020 4F
Hep | (I/n (i=1,2,-,0) 20% .

" 1/m (i=n+1,n 42,0 4+m) R BEAEAS FH A A 2 2 AT A1 A0 AR TR AR I F) A L

QU B = 1 P TESE S 11 ~ 16 43 5 F 32 2] 28Il kA5 2100 45

1+ 2In(n/N) PR IE TR 24 2 15 B R A AU bR e A X EL

(2) FE IEACTE B
StFi=1,2,,N:

ORE p W p' = ,Hu,:[
2
QVA M Learner, #4555 I 5 (I 255080 T DL 2
T LRRE A7 p' A58 —A[BF 4% A,
ORIEL(5) T b, 75 X, LRYIRZER

C

@R B =1
OB IHREAE
I - e L)
' wiﬂf‘h’u")ﬁ(”)‘ (i=n+1,n+2,---,n+m)
O B 2 Il 4%
(3) it B 2 B [l )

X TR B VI ZRRE AR T, T (AR 2
SR AR 5 TS T 5SSl U A sz, Tt e A 25 22
SBOR AR R 2R B B AR A R R R
i A B AT BVREAS | [R] I BOR PEIRAE A Toss 2
(RN 2 K s v A 1R R R B AR AR B AR, [ I
Il NG B DI 25 508 v R R B AR ) IR 4 DR SR A
TS5 AR 25 R A DT e, i A A 76 i o Ak B A 3
fify = i e HH A D IE (BCER 1) YR I3

3 ZWHERSHN

Wil 1 ~ 10 EARVE A BN 880 , i 11 ~
16 53 W R IR BB , A TR B br o BRI 25 5
MR, X B A~ 3l S HEA T 2 B, BB 3 1 809% %54
YER IR IE I , 3 60 55045 ; Tl 4% 20% B A 2 I
gk 3t 15 S8R,

HRYEAL B bm e 4 5, oh A% B dn s R T 5
15 AR K INRE , A PR A 2
BEAR B S KRN BE, 3 E o iR 2
( MAPE ) PEAS B Ry HH 285 5 04 oA %

i 1kt LA FE TSI I, 7 U s AN
DRAE FoR A kP28 SURHIE, A B 42 b R ML U5 35
BRI A b ATy k-1 AR T4k, 4
A IR, A R kK, A B R XA
RIMERR IO PEAN , JE TP E5 SR v LIS -2 bE6E , it
Ty R R 43 J7 % SRR B AR T AR, A vk 3 AR
PR EEANREAR 1 R — R A 2R sl il A 1)
BLes, AR k=5, BPAEASE85 R ol o B8 1

PR RE WY 5 5 28 1) o T R A R, 4 2R
5 PR, g 2] SR ELRUB S 0 A0 b R ) v
AR, A SR E RIS A i T RS o ) X B e
TRURCHESS IHERR R . 3R 5 25 0oR AU FH IR 2T 2%
B HERRALN 65% Fida , ANRETH AL BeAs b 2
SR 5 T I AL 2 ) SR R R A T A o I B 5
RTHR T 99% 7e A7, Bl il AL IR bR e 2K, ik
i FHIE RS 2~ 1 F Shhn e AR A R HLA )
x5 HEMLAEBE

Tab.5 Calibration test accuracy Y%
Wimids  EEEEIEEAD NTAREE AR ERE
11 64. 30 89.75 98. 29
12 66. 80 88.32 99. 30
13 60. 23 90. 83 99. 34
14 61.50 92. 64 99.10
15 62. 48 95. 86 99. 15
16 63. 48 94.01 99. 26
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