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Abstract Atmospheric optical turbulence is the fundamental parameter closely related to the design and application
of optoelectronic systems. The field measurements of atmospheric optical turbulence profiles by instruments are
limited by labor, materials, financial resources, and other conditions. Therefore, it is of great significance to
estimate the intensity of atmospheric optical turbulence according to the conventional meteorological parameters. A
back propagation combined with genetic algorithm (GA-BP) neural network is proposed. First, based on Tatarski
atmospheric optical turbulence parameterization scheme, the HMNSP99 outer-scale model is used to estimate the
optical turbulence profiles; second, attempting to construct BP artificial neural network combined with genetic
algorithm, which are trained by measured data to predict atmospheric optical turbulence profiles. The atmospheric

optical turbulence profiles estimated by the two methods are compared with the measured profiles. The results show
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that the root mean square error (RMSE) between the estimated values of GA-BP neural network and measured

values is smaller than that of HMNSP99 model, which proves that it is a feasible method to use GA-BP artificial

neural network model to estimate the optical turbulence profiles.

Key words
sounding measurement

OCIS codes 010.1290; 010. 1330

1 9 i

6 AE KA AR I, 32 3 RS U Y R e
EEE T CRI W N NTTI RS = o B8 AN i N T
G B 2 55 — R 5 i I R0, S E S 1O R
G I RO T U SR S R R T SR
SEAH L (CO) RAE 1% S B0 VAR R A i X B0
KA HESH . HEiA 2/l & C) 4%
KA 2 B AL AR B R R R S
Scintillation Detection and Ranging (SCIDAR) " |
Multi-Aperture Scintillation Sensor (MASS)" | [A 4k
S0 AR AR IR A ol 2 T U T BEAE B R i A )
Yy, 3% B 32 3000 T B 0ty B il DA S80S L Y
SEEFI A, PR, O i S B R, T
T S B0 MG S B B R O T U 2
RIX — [R] RA T Z A R 7 1

H AR A AR 2 A 5 il i 2 B B X
WFIEIF IR T K& W TAE . Tatarski “ 42 H T AR 45 5
ARG S B 5B R A0 % im Ui, B Tatarski B .
Hufnagel %"/ 3% T8 25 B4 19 99 8 2= KA i 2
B H AL BB 8 T XX A SR S 8O0 i
Uit B 52, T HL 245 X2 v 2 B AR A A S
LA . Warnock 2 & T 55 [ [ 516 A
KRAE IR (NOAA) B IZR S T T
K AN 454, (5 A B A 2% RO — . i Ah
Abahamid %" 3t F Tatarski o6 2% it it 2 8L A
87 FH R AN [ b 09 T It 7R 25 BOHE WF 9 1 G R 2
AE H RAP B KA iR . Hufnagel-Vally 5/7
(HV 5/7) 8 )& Hufnagel # X b i o & 4 38 )72
N7 FH A A2, SR 1% G A AR AR 7 2 e AR A Y PR L
i R HV 5/7 B G153 2 1 2% B RE C) 54k
AR, FHTREVRAHV S/ TR BAEHTH
R A IR CF R A 2. NI AEE
NOAA B AE AL b 5 H XA B K I = B 43
fiBELk . B %K Tatarski KOG i S 44
7 %8, A EE R AR 0 (WRF) B4, T & 2%
oA R T A A M X s RSO 2R T

atmospheric optics; optical turbulence profile; Tatarski model; back propagation neural network;

Lk . BEAR A ST Tatarski i i 2 804k %, A
FHER 25 Bt o Ik (5 I8 ) LT Bl 32 4k (7% 45 ) N
T2 T Y 3K 3O [ FR 5 TR 618 DR A 25 i It i 2k
51T . RAE KT S B A — E 1y ik 40
PG B2 & [l S A Ry BR A 2 B S Y A
B — 20 T R Al B 06 2 i T J8 2 A S U T 5
AR, N T 28 I 2% 1 [ Ak PR RIASE 5 26
AR T TR SR G e Ak R T
AR EE N T 28 0 2 HAT 5505 19 AR £ 1 e S g
AR B R AT S R 2 AN AR S 5 A 5
Wang 45 F # 28 W 2% #£ Mauna Loa Observatory
XFCritAT 1o —A A B AR S R B R A
HBR B I 2 LR S ROHEATAG 5, W) AP IR
TRRMAEE COT R AT S B2 e
N T 8 T 24 7 A BT 0 T ok S R gy R
DX T b THT A D' 25 i e B i — 2B R Y €
EATTER AT . N TR 2 2% 5 AN AL fE sk T
Monin-Obukhov A {bL Hl 38 1 52 % ) 4 BB 0o 7
W IR T AEAS R RS GE T AR R AG ST M )2 CF i
3o BRI FE TN TR 28 0 2 B Al 8 v s RO
i L B £k B BT O A RE o AR SO 2017 4F
11 A —12 A W1 AE =30 Hb X TF Ji 19 /=1 43 9% 238 i ik
2B, $2 t — PR 4l G AL A 1 R ) AL #E (G A-
BP) M 22 W 258 Sk B AU B8 CF B4k o T Tatarski
SR L B GA-BP B 15 C) B4k, W] i 4
PP R AL B0 CF 4 5 S CF BR 2 E 47 % 1, IF:
A FH 8 5 il s 19 A XAl B 5 2R 1 ot 2

20 P B R S AR

2.1 CINERE
XF T AT DGR £L AN B, 3 5 R AR E 2R R
JEARAR DI Y o AR e ) 8 b DX 35950 4% i [m] 2 i Jic 2R
T, U BE 2R R C 730 3 5 R A e b — X iR
PRI N Sk 233 ) 9 A (I Sy ) ()3 2 D S A5 3 il
JESSHBRELD 5 IR S T CHl R AT K&
Di(r)= {([T(x)=T(r+x))=Cir",
[y << |r| < Ly, (1)

2101001-2



£ 585 £ 21H/2021 £ 11 B/EEXBFZHE

A ox fMlr B B8RS, BALEm; T(x) M
T(r+x) Ao B r IR E AV EK; (o)
RN REEEY 5 Lo 143 3 36 7 i i 20 RO Ay R
B A m,
R o] B R S5 R W C LR 8 CL 3Rk =R
Cf——(79><106;1) ce, (2)
L P RHRIE, A7 2 hPa; T 57 R 450 W % C?
BB R m P ARSI R R TR R A R R

5 [l A 0.05~30 Hz, fix /N & B 8h R 22 /N F
0.002 K™™' Ao i A% IR 25 0 o 2 8 &) 1 B, —
SFAIEE 1 m . AR 29 10 wm B 50 22 18 61 4 ik 2
AR PR . P 2R D ROR AR Sk, — X
TR R 3k ) B R [ 25 ()7 A IR 22, OF HERE AEh
FLBH 25, P20 0o HMT O R PR L BEL 25 e Ak ok L TR
P AR IRAN R S I I 25 AR A R E e
280V J5 i (1) 2 H 345 2R B 45 0 5 5 Cr,
T (2) X EAE T C2

P ol A R s i R L (a) BRI A% AR s () B ZZ IR AT

Fig. 1 Micro-thermometer measurement system. (a) Micro-thermometer; (b) platinum wire probe
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Fig. 2 Measurement experiment of turbulence meteorological

radiosonde
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Table 1 Sounding records of turbulence radiosonde
No. Date Launching Termination Termination No. Date Launching Termination Termination
time time height /m time time height /m
1# 2017-11-15 18:09 19:40 32510 20# 2017-12-07 07:40 09:16 32480
2t 2017-11-17 18:06 19:36 32300 21# 2017-12-07 18:26 19:49 31350
3t 2017-11-19 07:42 09:12 32300 22# 2017-12-08 18:53 20:22 32020
4 2017-11-21 18:03 19:29 28630 23# 2017-12-09 07:42 09:00 31970
St 2017-11-22 07:47 09:20 32560 24# 2017-12-09 18:55 20:26 32110
6# 2017-11-22 18:50 20:22 32630 25# 2017-12-10 07:47 09:18 32110
# 2017-11-24 07:39 09:04 32480 26# 2017-12-10 19:00 20:39 31820
8 2017-11-25 07:45 09:19 32670 27# 2017-12-11 07:43 09:21 32910
o# 2017-11-25 18:47 20:15 32080 28# 2017-12-11 19:00 20:23 29740
10# 2017-11-27 07:37 09:17 31350 29# 2017-12-12 07:40 09:00 31560
11# 2017-11-27 18:56 20:32 33270 30# 2017-12-12 18:59 20:32 32960
12# 2017-11-28 07:50 09:10 31210 31# 2017-12-13 18:59 20:21 32100
13# 2017-11-28 18:55 20:27 33060 32# 2017-12-15 19:01 20:34 32700
14# 2017-11-29 07:39 09:07 32190 33# 2017-12-18 19:00 20:32 32670
15# 2017-11-29 18:53 20:20 30600 344# 2017-12-19 07:35 08:58 28400
16# 2017-12-02 08:07 09:39 32100 35# 2017-12-19 19:01 20:26 31690
17# 2017-12-04 07:44 09:28 33090 36# 2017-12-20 19:00 20:25 33250
18# 2017-12-04 18:57 20:29 30920 37# 2017-12-24 19:00 20:36 32830
19# 2017-12-05 07:41 09:13 32260 38# 2017-12-27 07:49 09:06 30140
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Fig. 3 Topological structure diagram of GA-BP neural network
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Fig. 7 Measured and estimated values for turbulence profile
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