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Fig. 1 The paradigm theory and judgment conditions of geophysical parameter retrieval
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Table 2 Retrieval errors of surface temperature for band

28-29-31-32 combination

[SSEm

% N

% &

600 700 800 900

JZ M/K SD/K R M/KSD/K R M/KSD/K R M/KSDK R

7 076 0.68 0.987 0.89 1.13 0.984 0.77 0.71 0.988 0.66 0.68 0.987
32 MREEMAGERE 8 0.97 2.25 0.956 0.82 0.84 0.986 0.53 0.58 0.9910.71 0.72 0.985

9 0.79 0.78 0.986 0.82 0.79 0.986 0.45 0.53 0.998 0.78 0.73 0.981
Ere Il L L N NE
TE3 Y e P rh R 0, e R R 10 0.83 0.89 0.986 0.71 0.78 0.987 1.03 2.63 0.928 1.14 1.56 0.963

i 2/ T B A LT A B 2 AR S AR O TR ‘ \
T2 ek A LT S D T A AR R R 23 J& MODIS i B 27-28-29-31-32 % Bt 40 4 it
Bi. 12 MODIS B 29, 31 M2 ST E 4 PRI ARIR L D22 R B, MR 3 il LA i =5
EF MG . S TR, Wpag e R0 BIRRETITAUZ 00T, SR b

JZIE 9 )2 HAZ B 0 55#18 R 700 B, S35 #IS A
B N 113K, fiEZE RN 1L1TK, HXREN
0.988.

B EHEEHE R 044K, FRMEZEE 052K,
S Z B0 0.999. MODIS 27 % Byt 2 Ak 5k B, 18
T /K IR W Wik B RS 42 E K R AR B, e T LA

1 KB 20-31-32 AARHEFIRE R HIRE B BRSO BORTIE o X HUR SRR AT, R 2

Table 1 Retrieval errors of surface temperature for band DRI B 27 £14 i 1 ) L P AR 25 a5 1K 30 £ el

29-31-32 combination WA R AR AR, B LR E AR s

5 LR RAUKIUGEE PO M AR B o T 2 s kA2
k& 600 700 800 900 FEHIR, EIEI T R AR EE

= ; s
Z MKSDK R MKSDK R MKSDK R MKSDK R % 4 2 MODIS J B 27-28-29-31-32-33 1 K i
7 151 141 0.9121.32 1.25 0.985 1.26 1.84 0.95 1.36 1.23 0.961

SR YRR R, MR R8I B
8 1.42 132 0.9251.22 1.21 0.9851.24 1.81 0.951 1.61 1.56 0.960 /\/ﬁ Taﬁfi{/‘mi{NIU%’ é][g._, HEIE ﬁﬂﬂ:

9 133 1250932 1.13 1.17 0988 121 1.32 0963 137 136 0962 ~ *3 B 27-28-29-31-32 AAMMKRIBEE N R EIRE

10 1.27 2.04 0.9121.23 2.48 0.9102.46 3.11 0.879 2.34 3.77 0.896  Table 3 Retrieval errors of surface temperature for band 27-28-
e MOBTAGEE, SD AR RAHIGERK 29-31-32 combination

222 /& MODIS 1z Bt 28-29-31-32 41 & 1 1Y 35 K Wt
EZEEE, NE2PTUEL, YRE)E2E9IFH Gl 600 700 800 900
5 R 5 800 i U OKS JE L B I P 0 J2 M/K SDK R M/KSDK R MKSDK R MKSDK R
‘ R o 7 0.64 0.68 0.993 0.58 0.59 0.995 0.61 0.69 0.995 0.76 0.88 0.979
40.45 K, ArifEZE N 0.53 KAIAHOC &R AN 0.998. 8 0.61 0.67 0.9950.62 0.93 0.993 0.66 0.85 0.978 0.48 0.54 0.998
MFE TR 20 LIEH, 4RI B R, 9 0.62 0.68 0.9940.65 1.02 0.991 0.73 0.97 0.965 0.44 0.52 0.999

S A5 BE B TS T 0.68 K, MODIS 5 B 28 57k 5% 10 0.65 0.8 0.978 0.64 1.12 0.99 0.48 0.61 0.998 0.56 0.89 0.997
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JE 5 3 4 ULIA 230 i) U B i s S ) 5 o6
ROHE BRI T M, SRR R

(7] s s T DA R S 3 S AR ok, XL R
G T P BE27-28-29-31-32 H A I BE 31 R 32 &
SR 2E, MRS ML 6 FIR, IR ZEHRTE 0.01

F4 KB 27-28-29-31-32-33 AR RHKRIBEENRE
RE
Table 4 Retrieval errors of surface temperature for band 27-28-
29-31-32-33 combination

SRR

% &

600 700 800 900

JEM/KSD/K R M/KSD/K R M/KSDK R M/KSDK R

7 0.68 0.69 0.991 0.65 0.67 0.991 0.65 0.68 0.996 0.63 1.21 0.957
8 0.62 0.65 0.992 0.63 0.88 0.992 0.65 0.70 0.995 0.51 0.55 0.997
9 0.64 0.66 0.991 0.68 0.68 0.995 0.69 0.79 0.992 0.54 0.56 0.996
10 0.93 1.65 0.912 0.69 0.72 0.994 0.51 0.55 0.998 0.77 1.51 0.935

PATR o b AR A AL A MY BRI 9 8 ipl 52 1 3K
O AEACRYSEMAAL/N, REAE IR RAE MR . 1EfL
BB, KSR H ORI AR K, ik
i 2 R S K i i e S AR A e

R5 HEBE27-28-29-31-32 AARKE I HWEHRIRE
Table 5 Retrieval emissivity errors in band 31 for band 27-28-29-31-32 combination

SRR
Bz 600 700 800 900
M/K SD/K R M/K SD/K R M/K SD/K R M/K SD/K R
7 0.006 0.007 0.971 0.006 0.007 0.976 0.008 0.086 0.926 0.005 0.006 0.981
8 0.007 0.008 0.965 0.005 0.006 0.980 0.005 0.007 0.979 0.007 0.023 0.953
9 0.005 0.007 0.972 0.005 0.007 0.978 0.008 0.021 0.944 0.005 0.006 0.983
10 0.005 0.006 0.976 0.004 0.007 0.981 0.004 0.005 0.991 0.007 0.007 0.961
®6 KB 27-28-29-31-2AF KKK R2MRHRIRE
Table 6 Retrieval emissivity errors in band 32 for band 27-28-29-31-32 combination
B
B = 600 700 800 900
M/K SD/K R M/K SD/K R M/K SD/K R M/K SD/K R
7 0.005 0.006 0.972 0.005 0.006 0.977 0.005 0.007 0.976 0.006 0.008 0.962
8 0.005 0.006 0.975 0.004 0.005 0.986 0.004 0.005 0.986 0.004 0.004 0.992
9 0.004 0.005 0.979 0.005 0.013 0.961 0.008 0.014 0.948 0.005 0.005 0.981
10 0.004 0.006 0.978 0.004 0.006 0.977 0.007 0.006 0.956 0.005 0.006 0.977

3.3 fMR=[EERE

AT i e 2 R B R R A ARl T R AR
MOCHES R, DITE B 2R 1 G ol A (E AR
WA —LEBE 5T AL GE 7 vk i 22 190 205 DA S R
b S T e s LS, EE = ] R A
U, T ERGEEA R . AWFFER IR 55 > I
T RS A I S O AR A T, AR )
Prd 2% 30k (9] F1 [15]. 7ERELsh e /g 1
Wb, RLLHMEIRGARBN FZAEER AR, i
MR A R AR B A8 D, R B kg 52

FR. %72 MODIS J Bt 27-28-29-31-32 41 & i} B 4%
RO RS R IR ZFRER, HREZEE10
FIEEJZ B 17 A 700 BPAS B 9 i o IS X KS B
TN 142 K, FRifE2E N 1.46 K, HHKEFRE0.975,

#* 8 J& I Bt 27-28-29-31-32+LST+LSE31+
LSE32 £ 45 I 3 1 e 25 SR ) S it i 22 (Her,
LSE31 A BE 31 K413, LSE32 MilB32 K 41%),
o i R B R AE B 2 R 10 AN J2 B2 1Y 40k 800
WF, e m R o 0.81 K, ArifEfi2E 4 0.91 K,
FHIC R ECHR 0.984, 4 7 FH b 2k B2 R 5 232 4 oy
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R7 KB27-28-29-31-RHAMIEMFETRBERE
RE
Table 7 Retrieval errors of near-surface air temperature for

band 27-28-29-31-32 combination

®9 HER27-28-29-31-2 HAM KT KEEERFIRE
Table 9 Retrieval errors of atmospheric water vapor content for

band 27-28-29-31-32 combination

600 700 800 900

NI 2%

M/KSD/K R M/K SD/K R M/KSD/K R M/KSD/K R

B 1 o

600 700 800 900

DU A

M/K SD/K R M/K SD/K R M/KSD/K R MKSD/K R

1.64 1.55 0.958 1.52 1.55 0.962 1.58 1.66 0.963 1.68 1.78 0.966
1.58 1.64 0.953 1.56 1.58 0.958 1.56 1.65 0.964 1.60 1.72 0.958
1.44 1.51 0.959 1.49 1.54 0.9651.56 1.63 0.968 1.69 1.77 0.959
10 1.47 1.49 0.961 1.42 1.46 0.975 1.46 1.52 0.967 1.64 1.69 0.969

o o0

JoR AR, T e =S SR B RS T A B 4R
v, I LS TEORS FEE AR RE o 3k B PR A
F E AR S s MRROR T R A R A
M HR SRR TR, P SR R
Ry, JFHSB RN . I T A
i Sk AR R 2 A S A OGO S RO, A SRAH
SR A A Dy S AT LS g 8 A O S ) [
R

8 B 27-28-29-31-32+LST+LSE31+LSE32 A& Y

i R=SEERERE

Table 8 Retrieval errors of near-surface air temperature for

band 27-28-29-31-32+LST+LSE31+LSE32 combination

7 0.18 0.19 0.960 0.15 0.19 0.971 0.18 0.21 0.977 0.15 0.17 0.979

o]

0.12 0.15 0.975 0.23 0.27 0.972 0.11 0.13 0.979 0.13 0.15 0.980

9 0.17 0.22 0.963 0.18 0.23 0.973 0.09 0.11 0.989 0.14 0.16 0.976

10 0.87 0.93 0.875 0.35 0.41 0.938 0.13 0.15 0.983 0.40 0.55 0.923

0.992, X LR 9MFEK 10, Y ] LST M LSEFEH5L
B IPRE , WG B WA B e IR ZE AN LB E o A
ST LST I LSE HAT — @ 1R 220, T HEHS
EARSARRSE., HiL, @A hAa 21
i A\ e B it S HOK IR BRI, AT U A
Jel AR

&£ 10 kB 27-28-29-31-32+LST+LSE AAMAS KR

RENRERE

Table 10 Retrieval errors of atmospheric water vapor content

for band 27-28-29-31-32+LST+LSE combination
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The Paradigm Theory and Judgment Conditions of Geophysical
Parameter Retrieval Based on Artificial Intelligence
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Electronic-Electrical Engineering, Ningxia University, Yinchuan 750021, China; 3. State Key Laboratory of Remote Sensing Sci-
ence, Aerospace Information Research Institute, Chinese Academy of Science, Beijing 100094, China; 4. College of Environmen-
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[Objective] Deep learning is one of the most important technologies in the field of artificial intelligence, which has sparked a re-
search boom in academic and engineering applications. It also shows strong application potential in remote sensing retrieval of geo-

physical parameters. The cross-disciplinary research is just beginning, and most deep learning applications in geosciences are still
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"black boxes", with most applications lacking physical significance, interpretability, and universality. In order to promote the applica-
tion of artificial intelligence in geosciences and agriculture and cultivate interdisciplinary talents, a paradigm theory for geophysical
parameter retrieval based on artificial intelligence coupled physics and statistical methods was proposed in this research.

[Methods] The construction of the retrieval paradigm theory for geophysical parameters mainly included three parts: Firstly, physical
logic deduction was performed based on the physical energy balance equation, and the inversion equation system was constructed the-
oretically which eliminated the ill conditioned problem of insufficient equations. Then, a fuzzy statistical method was constructed
based on physical deduction. Representative solutions of physical methods were obtained through physical model simulation, and oth-
er representative solutions as the training and testing database for deep learning were obtained using multi-source data. Finally, deep
learning achieved the goal of coupling physical and statistical methods through the use of representative solutions from physical and
statistical methods as training and testing databases. Deep learning training and testing were aimed at obtaining curves of solutions
from physical and statistical methods, thereby making deep learning physically meaningful and interpretable.

[Results and Discussions] The conditions for determining the formation of a universal and physically interpretable paradigm were:
(1) There must be a causal relationship between input and output variables (parameters); (2) In theory, a closed system of equations
(with unknowns less than or equal to the number of equations) can be constructed between input and output variables (parameters),
which means that the output parameters can be uniquely determined by the input parameters. If there is a strong causal relationship be-
tween input parameters (variables) and output parameters (variables), deep learning can be directly used for inversion. If there is a
weak correlation between the input and output parameters, prior knowledge needs to be added to improve the inversion accuracy of
the output parameters. The MODIS thermal infrared remote sensing data were used to retrieve land surface temperature, emissivity,
near surface air temperature and atmospheric water vapor content as a case to prove the theory. When there was strong correlation be-
tween output parameters (LST and LSE) and input variables (BTi), using deep learning coupled with physical and statistical methods
could obtain very high accuracy. When there was a weak correlation between the output parameter (NSAT) and the input variable
(BTi), adding prior knowledge (LST and LSE) could improve the inversion accuracy and stability of the output parameter (NSAT).
When there was partial strong correlation (WVC and BTi), adding prior knowledge (LST and LSE) could slightly improve accuracy
and stability, but the error of prior knowledge (LST and LSE) may bring uncertainty, so prior knowledge could also be omitted. Ac-
cording to the inversion analysis of geophysical parameters of MODIS sensor thermal infrared band, bands 27, 28, 29 and 31 were
more suitable for inversion of atmospheric water vapor content, and bands 28, 29, 31 and 32 were more suitable for inversion of sur-
face temperature, Emissivity and near surface air temperature. If someone want to achieve the highest accuracy of four parameters, it
was recommended to design the instrument with five bands (27, 28, 29, 31, 32) which were most suitable. If only four thermal infrared
bands were designed, bands 27, 28, 31, and 32 should be given priority consideration. From the results of land surface temperature,
emissivity, near surface air temperature and atmospheric water vapor content retrieved from MODIS data using this theory, it was not
only more accurate than traditional methods, but also could reduce some bands, reduce satellite load and improve satellite life. Espe-
cially, this theoretical method overcomes the influence of the MODIS official algorithm (day/night algorithm) on sudden changes in
surface types and long-term lack of continuous data, which leads to unstable accuracy of the inversion product. The analysis results
showed that the proposed theory and conditions are feasible, and the accuracy and applicability were better than traditional methods.
The theory and judgment conditions of geophysical parameter retrieval paradigms were also applicable for target recognition such as
remote sensing classification, but it needed to be interpreted from a different perspective. For example, the feature information extract-
ed by different convolutional kernels must be able to uniquely determine the target. Under satisfying with the conditions of paradigm
theory, the inversion of geophysical parameters based on artificial intelligence is the best choice.

[Conclusions] The geophysical parameter retrieval paradigm theory based on artificial intelligence proposed in this study can over-
come the shortcomings of traditional retrieval methods, especially remote sensing parameter retrieval, which simplify the inversion
process and improve the inversion accuracy. At the same time, it can optimize the design of satellite sensors. The proposal of this theo-

ry is of milestone significance in the history of geophysical parameter retrieval.

Key words: artificial intelligence; deep learning; retrieval paradigm; physical logic derivation; explainable; agrometeorological remote

sensing
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