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Abstract

To improve the practicability and accuracy of passive IR ranging, a new passive IR ranging method
based on ensemble learning is proposed. The atmospheric transmittance data of 3.5 um - 4.0 um
and 4.5 um - 4.7 um in different range are generated by MODTRAN, then these data are converted
to voltage based on infrared transmission theory, using these voltages to establish single gbdt,
xgboost and adaboost models under the framework of boosting, and then merge the three models
with stacking method as the final model. At last, the accuracy of the model is tested by testing data.
For comparison, average method is also used to merge the three models above. The result shows
that stacking method can make further improvement of accuracy.
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1] Geometry and Spectral Band (3)-Run Number 1 of 1 =

Path Type |Observer Height, Zenith Angle and Range ~|
Start End Inc

Observer Height (Km) 0.400 | [0.400 | [0:400
Zenith Angle (deg) 5.000 | [s0-000 | [5-000
Range (Km) 0.500 | [1-000 | [0-050
Radius of Earth (km) [.000 default]
Path Length Type
Initial Frequency 2128 (17cm) [3.500175 | um |3500.175 |NPm
Final Frequency 2857 (17cm) |4.6992481 | um |4699.2481 | nm
Frequency Increment 1 (17cm) [0.0016448 | um [1.6448191 | nm
FWHM of Slit Function |1 (17cm) |0.0022082 | um |2.2082933 | nm

Slit Function Type TRIANGULAR ~v| FwHM Type ABSOLUTE v

Type of pltout output |No PLOT FILE ~|  and its units WAVENUMBET ~
and delimeter [ ] pegrade Type [Only Total Rad/Tran ~

Next Prev I 0Ok I Visual Input |

Figure 1. The setting of MODTRAN
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Table 1. The format of training data

= 1. ARG EEER

3.5um~4.0 um PELHLE w1 45 um~4.7 um P EBHE w2 A ul —u2/ul +u2 BEE: m
4050 4460 80 4.81 1500
4020 4300 90 3.36 1500
3750 3960 5 2.72 1550
3740 3900 10 2.09 1550
160 200 90 11.11 16,400

5. AN EENRIES SR

AL R T python [ scikit-learn [, scikit-learn /& — 3 T python 125 = 75 FFIEAL 25 2% S
B UL A RS S 5, I B 7 5 T python 2 1. AR S0 F B 88 7 2
A gbdt. xgboost. adaboost, IXLEAETITLE scikit-learn & # A X BL 482 1 BR %L, 437N GradientBoosti
ngRegressor. XGBRegressor UL Jz AdaBoostRegressor.
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Figure 2. The flow chart of stacking model
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Figure 3. The schematic diagram of stacking method
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Figure 4. The flow chart of average model
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Figure 5. The error of GBDT model
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Figure 6. The error of xgboost model
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Figure 7. The error of adaboost model
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Figure 8. The error of stacking model
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Figure 9. The error of average model

E 9. 3 =FhiERY average Bl & BITIM LS

K 5~9 AR L gbdt. L xgboost. . adaboost. stacking fili & LA average fili-Gr 1 T iR
YPHIR IR PIRAX R ZE . BRI DUE B, 7R AT 4, xgboost PN IEAf % e iy, FLIO2

GBDT #%4, {H GBDT BRI A T7 ZZHCR, R average Rl & FI§H R 1]

Lk B

He =g

TR,

{H average

(IR T 1 K0 L e R, TSR stacking fil A T (10 45 S A P A A 5w o A 256 A

DOI: 10.12677/csa.2019.93068 610

FFRHLR 5


https://doi.org/10.12677/csa.2019.93068

=4, AT

Table 2. The statistical characteristics of the five models’ predicting error

2.5 MRAE TR E ST R

Error Mean Median Var
Gbdt 0.1089 —0.0203 0.0047 0.0238
Xgboost 0.0838 —0.0173 0.0003 0.0201
Adaboost 0.2188 —0.0379 0.0273 0.0549
Average 0.1189 —0.0252 0.0149 0.0239
Stacking 0.0706 —0.0136 0.0054 0.0148

Horf Error: AHAFRZE/NT 15% M T G EUBI, Mean: FiAT MRABARAHXHR ZEME: Median: Fra MRS R ZE T AEG Var: Fia

AR AR R T %

2 2 0N 5 PR AL TR A TR 22 B LT RENE , NR P REE HH stacking B8 RS R AN T 22802 B /N
Xt B AR R G MR R AN AR e ME AR EL AT, HL VR A& xgboost FE A, averge Fill &A1 adaboost TH 4 57 R
i, (TR E, 5 N T B3R 22 50 A0 BB RE R H ok

NAMERTUNMIRESHESE (XH: RETE, Yi#: EERHEE)

0.5"20kmE FE £ Hebdt RBRENHEHE 0.5™20kmE F £ #ixgboostii RIIRE N E 5 & 0.5720kmE T % #tadaboost AR E S HEHFE
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Figure 10. The histogram of the five models’ predicting error
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Figure 11. The comparison of stacking and average model
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