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η�;ɵĂƮʁřůƇʯ°ǣǌ̍ʚȄʋ̫ʁ̶Ƨ;Ğ̳ʓȊΏ;Ƈˤůi̷

ʁɊŊƟŽ;ŉŉa�ʁʢʓˀʜċɃʋÐŏ;ʣș͡óʁjɷČȨͽɘɘʁƐĎ

\Ʈ8ĞʢʓǫΨ;Ǯ̤ǹ̤Ǧͪγ͟ǹŎʪ�Ǟ;Ƈˤůͽ�Ɏĸƚ̈：]\

Ʈ˨ƚʁ。řċƀ̡8ĞȋȖòŦǫΨ;Ƈˤůak：]Ʈ͈ķʁ。ɡċǜ、;Ȁ

：]Ʈ˲ɹòŦʁʬΏ;͠ cŲÒoƮʁŨ�ċȋȖòŦ̈́Æ\²Ŏ�ɸ8Ğɷɐ

ǫΨ;ƇˤůȀǹ：]\ƮǮƙa˳ʁ§ƞ;Ğ˸Ρʁǳ�ŌƬTλÓƮ;�Ʈ˰

͂·jɷĚĬ8 

ƨ̶ŏθőʁů�ůŁċ¨oÿŊ<ʧ̃Tͺ[ŮTĊ{TƇĸŖT¾[ƀT

ιƜȇTȂǺ̬TΖɏμT̄zT̓ˆńT˻ͤʴ;ƨ̶�sĞǥMʓʫɷȊΏŗ

ƮŊZŨ�：]ʁŲÒċǜ、8ƨ̶�sʁΛ~;ƪƮsʁð̵ĹΌğr8 

ƨ̶Ʈʁɦi;：Ʈ�ſʁ͏�;ōǥʁjȨ;ǣzƮĥƊʁơȨċͱÆĚΡ

aťȈʁMơ8 

ƨ̶Ʈʁȼi;ŁŁ;ŁĻ;Ľȇðƨ̶�sĞȄ˸Ρʁǳ�ʁΛ~;ėoȆ

�sĞƮƵ˰[ʇĥ、Cë;άÄʁōƭȿI̤Ǧ8 
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͞ŶȖ;ǮˎţĨˠ；ʁŸɌͻˢċʥÑǿ˰̥ĳʁ͛ͮǽïoǮˎő¬Ŏ

�Ǔ�\�Äȕt8ĞxĶˌˊʁŎ�ƺȍN;Śα。ˍƺȍɹ_©ȆˀŽιTƭ

Ȍ�ʁyɡ;ćƅ\͆Ȗ͆Ķʁʓʫjĉ§Ɏ8�bȸÿǳ;ő¬ɺʙɰĬĴȏ;

ÏuΞȎė˂͜Ķ;Ǯɿz：Śα。ˍŎ�ʁˀŽŰȖƐĎ;ėȸΆŗȸΎγ;Ȍ

ǦśȎēŊZƅ¢Śα。ˍŎ�N;Ş̪Ǔ·ǪʁʺɋrǓιŎ�ˀŽ8 

Ğ|˘ʁŚα。ˍŎ�ˁ˘N;ɹ_Śα�ûôÆĶʡė˂ʁƐĎ;ş¨ǹĞ

ʋŏʁĸ̖ȱĴȏő¬ɰĬN;。ˍ�ûċğɴ�ˡuΏŗŻʁʁǤŊȱĦΡr

Țƀ8Άŗ̭Ύγ;ƮsǓ·\[ʡĪ_?Ťʜ˔ˠ；ʁŚα。ˍǫɋ8̭ ǫɋ�

ͭ͜śêŀʁ。ˍ�û͕¢ÆĕŤʁɘŽʜ˔ˠ；NǇǎ·Śα。ˍNʁɟĞɪ

Ƒ;ɣ”ś̭ɟĞɪƑ͕¢Æ[MAŤʁʜ˔ˠ；N̉͡Ŏ�8ɹ_ǇǎʁɪƑ

ŗ_aÿʁɩɴʬΏ©ȆȀľʁͩŻơ;̭Śα。ˍŎ�ˁ˘Ğ UJIINDOORLOC

¤ƁǤǋBørŏɱ 99%ʁŎ�´ʘɮ8 

¨ȴ;ŏθ˕ȝ̍Ǵ;ƌͪóʁɓ̪ǳΏȾ̠ˏǼĕMȅǳ;Ŏ�´

ʘŽCΗÆ 72%;͠ ̱Ǵ;ĞĪ_ȎēŊZʁŚα。ˍŎ�N;ΞʌǳΏʁǑʥ;

Ŏ�ˀŽƝͮCΗ8ͭ͜ºțr RSSI oq̍ʁŚα。ˍΞǳΏõ×ʁ˘̜ɪƑ;

òɱĞaÿǳΏȺ¬;Śα�û©ȆaÿʁǤǋºŭ;ř˴\Ŏ�ˁ˘ʁǳǡơ͒

Ū8Άŗ̭Ύγ;ƮsǓ·\hʡĪ_͚ʥȎēŊZʁŚα。ˍʺɋ8[ʡǹĪ_

ɪƑʁ͚ʥȎēŊZ;̭ǫɋǹͭ͜Ǉǎʟˎ。ˍǤǋċĞˎ。ˍǤǋʁɟĞ。

ˍɪƑȖŏɱˀʘŎ�;ė˧©ȆȀľʁǳΏͩŻơ8ö[ʡ¿Ī_ȥȌʁ͚ʥȎ

ēŊZ;ͭ ͜ƅ¢ŜͻºǪʁ。ˍǤǋȖǞõêŀ。ˍǤǋºŭ;n˧ǓιŎ�ˀ

Ž8Ğ UJIINDOORLOC ¤ƁǤǋBʁɓ̪˕ȝ̍Ǵ;ƌͪóʁɓ̪ǳΏ

Ⱦ̠ˏǼĕMȅǳ;Ī_ɪƑ͚ʥȎēŊZʁŚα。ˍŎ�ˁ˘;ørŏɱ 82%

ʁŎ�´ʘɮ=Ī_ȥȌ͚ʥȎēŊZʁŚα。ˍŎ�ˁ˘;ørŏɱ 90%ʁŎ

�´ʘɮ;ĢȾʇǐ̠ˏʁȱĦʁ´ʘɮȆ\Ǻ̀ʁǓι8 
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ABSTRACT 

In recent years, with the widespread deployment of wireless local area networks and 

the rapid spread of mobile smart devices, the prior art provides convenient conditions for 

wireless indoor positioning. Among the many positioning technologies, RF fingerprint 

technology has the characteristics of high precision and low cost, which attracts more and 

more researchers. However, due to the complex electromagnetic environment in the room 

and the excessive random factors, it will undoubtedly affect the accuracy of RF 

fingerprint location. Therefore, this paper introduces machine learning into RF fingerprint 

location and attempts to propose a new algorithm to improve the positioning accuracy. 

In the traditional RF fingerprint positioning system, since the RF signal is affected 

by many factors, especially in a real large-scale complex indoor environment, the 

mathematical model corresponding to the fingerprint signal and the geographical location 

is difficult to construct. To solve this problem, we propose a radio frequency 

fingerprinting method based on machine learning. The method firstly extracts the 

potential features in the radio frequency fingerprint by inputting the original fingerprint 

signal into the four-layer deep neural network, and then inputs the feature into a three-

layer neural network for positioning. Since the mining features have better adaptability to 

different physical spaces, when the test set and the training set are the fingerprint data 

collected during the same period, and the sample quantities are 8000 and 3000 

respectively, the machine learning-based RF fingerprint positioning system is disclosed 

in UJIINDOORLOC. 99% positioning accuracy on the data set. 

Secondly, the experimental results show that when the selected test set acquisition 

time is four months later than the training set, the positioning accuracy drops to 72%, 

which indicates that in the machine-based RF fingerprinting, the positioning is over time. 

The accuracy drops rapidly. By analyzing the statistical characteristics of the RF 

fingerprint represented by RSSI over time, it is found that the RF signals have different 

data distributions in different time periods, resulting in poor timeliness of the positioning 

system. In response to this problem, we propose two RF fingerprinting systems based on 

migration machine learning. One is feature-based migration machine learning, which 

achieves accurate positioning by mining potential fingerprint features of different time 

periods, and thus has better time adaptability. The other is based on sample-based 

migration machine learning, which introduces a small amount of new fingerprint data to 

change the original fingerprint data distribution, so that the model can adapt to RF signals 
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with different data distribution. The test results on the UJIINDOORLOC public dataset 

show that when the selected test set acquisition time is four months later than the training 

set, and the sample size is 10000 and 1000 respectively, the RF fingerprinting system 

based on feature migration machine learning can be realized. 82% of the positioning 

accuracy; based on the sample migration machine learning RF fingerprint positioning 

system, can achieve 90% of the positioning accuracy, which is significantly higher than 

the accuracy of the directly trained model. 

KEYWORDS < RF fingerprint positioning; weighted KNN algorithm; coordinate 

clustering; point clustering 
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1.1  Y_m=�1� 

͞ŶȖ;ΞʌʥÑa˫ˠʁƝͮòŦċǿ˰ƴȎ˒ʱʁ͛ͮǽï;Ī_�ˡʁ

ȈÐ9location based service ;LBSWĞʛzɷeɷɐN：jsŰȖ\Ɣĸʁ�Ä8

ĞőĵɰĬC;jsͭ͜Ŏ�ørǫ�ʁŘƹεèTΈ̉TĵáT·̉;ɶ˳dð

ʴʴ8Ğő¬ɰĬN;jsͭ͜Ŏ�ørǫ�̉͡ő¬ř˶;đIǑŸ;ɩČ͎ͧT

Ȏēj̴ŽrïjĉǢǔʴ!
"8ʆÊ;őĵŎ�ȈÐū˔ĸ̖ȱđɸ;�ő¬Ŏ�

ȈÐmĲĞʓʫΔȺ8ɹ_ GPS ř˶�ûʭ͜ĭ�”͛ͮ̎µ;ř˴ǮɋĞő¬

�ɸåǷř˶!(�)"8ėȸýʡő¬Ŏ�ʁǫɋbƺȍ̐ʈ˙Ǔ·;¨NŚα。ˍŎ

�ƺȍė˰ķÄɸɱȆʁŸɌͻˢʁǮˎţĨˠ；ċʥÑ˒ʱ̉͡Ŏ�;˧©ĳ

Ŏ�ƭȌ�TŎ�ˀŽιTɰĬͩŻ˰ÌƊʴy͆ơ˰;ôÆxĶʓʫjĉʁ§Ɏ;

ƭoő¬Ŏ�ʁSɑƺȍ8 

Śα。ˍŎ�η�Τ̒ÄɸĞƓŎ�ÚĨͿʁŚα�ûʁƊŽ�ȖȚƀ·

bʋŏɩɴɰĬʈŗŻʁ�ûǮˎğĝ;ɣ”śĞƓŎ�ɡɓƗʁ�ûƊŽ�͕

¢ÆƀʯʁǮˎğĝN̉͡Ù;Ȗ˿Ɨ̭ɡʁŏΕ�ˡ!"8ɣ˧;ɹ_ő¬ɰĬĴ

ȏTjĉΞƧɑÑTǮˎ�ûĞ|͕͜ʧʁ̎µċĶƒǡŻř˴�ûǮˎğĝƀʯ

̿ǳ̿ÌTŎ�ˀŽaιTŎ�ˁ˘aʩŎʴΎγ!�"8ėȸĿ�ǓιŚα。ˍŎ�

ʁ´ʘơċʩŎơ;©ȆÛº̒ʁƧt8 

͞ŶȖ;ΞʌjŨǿ˰aǨʁĞýMΰĨóƗĸʮʔ;śȎēŊZċő¬Ś

α。ˍŎ�˕þƭo\[MǪʁʓʫɢɡ8Ŀ�ÄɸȎēŊZ˰ķĞĸ̖ȱǤǋ

NǇǎ·ɟĞɪƑƀʯȱĦʁyÔȖ̚²ő¬Śα。ˍŎ�ͱÆʁΡγ;ƭo\

[M̒ʁʓʫ¬œ8ȎēŊZǹ[Ȳ͋ĶMΰĨʁdîŊʢ;ͭ ͜ĞĸʁǤ

ǋN̟̜ʺȎ˰ķ˲òʁŊZÆǤǋuΏʁͰ͔§ˁ;Ǉǎ·ƐĎȱĦ˕ȝʁɟ

Ğė˂;ƀʯ̈́Ő̕ʁǤŊȱĦ;͡ ˧̚²ŏΕΎγ8ȎēŊZ˔͜¶ÛŶʁòŦ;

ū·ɱĶʡŷ̉ʓʫǫĂ;�ĿͰ͔ĖƋTǜ、ĂȎTˬʿTʜ˔ˠ；TrïŊ

Zɴ̤ʴ;dĢūóƗ\xĶȆu�ʁƭȝ!,"8 

Ī_ȎēŊZʁő¬。ˍŎ�ǹø̉ʁ;[ǫΨ;͞ ŶȖ;ȎēŊZƺȍĞ̲

ĶΰĨƗÆ\ÛºƭÎʁŻɸbòŦ;Ŀ̯Ω;ǦȌ;̗αʴ!-"8 ȎēŊZør

Ğv�˰ķʣ）˔θǤǋʁğǫòǈƊĸʁ�ɸ;ʆÊ;。ˍŎ�ūbȎēŊZ˕

þ�ɷ·\̣Ķ̍ɱyʠʁŎ�ʺɋ8ö[ǫΨ;|˘Śα。ˍƀʯʁà[ǤŊȱ
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ĦΡrͩŻő¬Ŏ�ɰĬʁĴȏĶõ;Ğĸ̖ȱʁĶɩɴʬΏʁŎ�ɰĬNɹ_

ɩɴʬΏʁŪƂơř˴Ŏ�ˀŽõŪ;˧ȎēŊZ˰ķnĸʁʋŏǤǋNǇǎ

·aÿʁő¬ɰĬN¦ȆʁɟĞɪƑ;�ƗƀʯʁȱĦŗ_aÿʁő¬ɰĬȆȀ

ľʁͩŻơ;ėȸĪ_ȎēŊZċŚα。ˍŎ�ʁ˕þ©ȆÛº̒ʁƧt8 

ʆÊ;ʓʫ˦ĞǏ˃śȎēŊZċő¬ŚαŎ�̉͡˕þʁǳ�;ĸĶǹĞʓ

ʫŚα。ˍǤǋɪƑʁĲɴ;ɈȆ˥̆Śα。ˍ�ûºŭ͊ΞǳΏʁǑʥòɷõ

×8ėȸĞÊjʁʓʫĪʕB;ȌǦͭ͜Ǖƀŏθŵù;ŏθǤǋ;ºț。ˍ

�ûʁ˘̜ɪƑ;η�ʓʫ\Ī_ȎēŊZʁő¬Śα。ˍŎ�ĞŏΕɰĬʁŻ

ɸ;Ǔ·\[ʡĪ_?Ť˲ͩŻʜ˔ˠ；ʁő¬Ŏ�ˁ˘8ÿǳĞŏθNòɱ\Ś

α�ûºŭʁõ×ř˴Ŏ�ˀŽõŪʁΎγ;ɣ”Ǔ·\Ī_͚ʥŊZʁ̚²ǫ

Ȫ;ŷ̥̜\hʡĪ_͚ʥȎēŊZʁ。ˍŎ�ʺɋ;Ȅ”ŗȌǦǓ·ʁˁ˘ċʺ

ɋ̉͡\ơ˰̧}8 

1.2  �� Y_SP 

Ȍ˹ºohͻº;r [ͻºǹŗő¬Śα。ˍŎ�ƺȍʁʹ̒l˓8Ğ̭ͻº

Nͭ͜l˓ő¬ŚαŎ�ʁƺȍºʿċ¶ʡ˔ªʁő¬Śα。ˍŎ�ˁ˘ʁĪȌ

êɴċŎ�ơ˰;ȖȰͦő¬Ŏ�ƺȍʁ̈́ɝċòŦ8r ^ͻºǹŗĪ_ȎēŊZ

ʁŚα。ˍŎ�ƺȍʁʹ̒l˓8Ğ̭ͻºN;śnʟˎΔȺʁ。ˍźƀʯċĞˎ

ΔȺʁ�ˡ̜ʺhMǫΨ;ºÅl˓ȎēŊZĞŚα。ˍŎ�͜ʧNʁ。ˍίĲ

ɴċŎ�ʺɋBʁŻɸ;rȸȰͦȎēŊZĞŚα。ˍŎ�BʁòŦ͜ʧ8 

1.2.1  $�&|"	3@ 

Ğ 20 e， 90 Ŷq;Ğő¬Ŏ�Ǔ·u”;òŦ\xĶʁŎ�ƺȍ;Öǂˆĵ

ˎ(infrared )Ŏ�ƺȍT́ɨ(blue tooth)Ŏ�ƺȍTͅŔŰ(ultra-wideband, UWB)ʁ

Ŏ�ƺȍTZigBee Ŏ�ƺȍrïŚαŎ�(radio frequency, RF)ƺȍ!.�

"8¨NŚα

ƺȍė©Ȇ˰ÄɸɱȆʁţĨˠċʥÑ˒ʱ˧©ĳƭȌ�TˀŽιʁy͆ơ˰˧

ƭoő¬Ŏ�ʁSɑƺȍ;ėȸȌǦS̒Ǐ̞ŚαŎ�ƺȍ8Wi-Fi ǹ[ʡǜ、

IEEE 802.11 ȡ´ʁǮˎţĨˠƺȍ!
(�
";Wi-Fi �ûė¨Ğő¬ĠǾʁǽïơ˧ƭ

oŚαŎ�ƺȍηͪʁŚα�û8Ī_ Wi-Fi ʁő¬Ŏ�̐Ǔ·”;ôÆ\ʓʫ˦

sʁŸɌʓʫ;òŦ\xĶʁŎ�ǫɋ!
��
,";͠cǫɋS̒ȆhʡǫƄ;[ʡǹĪ

_¶�Ŏ�ɋ;[ʡǹĪ_Śα。ˍɋ8̈ NĪ_Śα。ˍŎ�ƺȍôÆ\xĶŊ

˦ʁʓʫ;ŷƁò\̣ĶĪ_ơ˰y͆ʁŚα。ˍŎ�ˁ˘8Ğ̭Ŝ˹N;ȌǦś

ͭ͜l˓ŚαŎ�ʁhʡǫƄċ¶ʡ˔ªʁő¬Śα。ˍŎ�ˁ˘ʁòŦ͜ʧȖ



Ø g d ͭ ĸ Ŋ ʖ İ c I Ŋ � ̤ Ǧ                            ƅ ̛ 

3 

ΑͦŚα。ˍŎ�ƺȍ8  

91WŚαŎ�ʁhʡǫƄ 

1W¶�Ŏ�ɋ 

Ī_¶�Ŏ�ɋǹ�ɓ·ƓɓɡbĊěʁAMƯAMrBʁūʐǐ¢ɡ

9access point;APWʁʈŗ�ˡ;ɣ”͝ɸA̙¶�êɴǑɓ·Ɠɓɡ�ˡʁ[ʡ

ǫɋ!
-"8̈ Nʈŗ�ˡʁɓȆĕʡ̜ʺǫƄ;ºÅǹ�ûÆ͙̙ɓɋ9angle of 

arrival;AOAW;�ûÆ͙ǳΏɓɋ9time of arrival, TOAW;�ûÆ͙ǳΏŪɓ

ɋ9time difference of arrival;TDOAWċǐǝ�ûƊŽɓɋ9received signal strength;

RSSW!
."8 

 
ĝ 1-1  �ɸ¶�ɋ̜ʺ·ʥÑ̥ĳʁ�ˡ 

Fig.1-1 Use geometry to calculate the location of your mobile device 

¶�Ŏ�ɋė¨̜ʺʹà˧ôÆƔĶʓʫ˦ʁΥʍ;�ǹɹ_¨Ŏ�Τ̒AM

rBʁ AP;dŎ�͜ʧΤ̒�̦ǳΏiȨÿȹċ̙Žɓˀ´;ėȸŗ_Ŏ�̥

ĳ©Ȇ͒ιʁǳΏÿȹơ̒Ƀ;Ŏ�ƭȌ͒ι;dŎ�ˀŽœǵėoýM AP uΏ

ʁǳΏÿȹʁ�Ū˧ôÆ͒ĸʁƐĎ8 

2WŚα。ˍŎ�ɋ 

Śα。ˍŎ�ʁĪȌêɴǹͭ͜ǝƓɓÚĨýɡʁŚα。ˍ�û;ƀʯ̈́

Śα。ˍċģȡ�ˡuΏʁǮˎğĝ;ɣ”śĞƓɓɡǝƗÆʁŚα。ˍͭ͜

ǮˎğĝɸŎ�ʺɋ̉͡Ù;˿Ɨ¨ģȡ�ˡ8Ī_。ˍŚα。ˍɋ;ȧǋɸ

ʁŎ�ʺɋaÿ;Ŏ�ºohʡʿĦ;[ʡǹĞŎ�ΔȺɸʘŎơʺɋŏɱŎ�;

ö[ʡǹĞŎ�ΔȺɸȰɮơʺɋŏɱŎ�8 

a. ʘŎơʺɋǹ;ǹĞ 2000 Ŷ Microsoft ¤—ʁ Bahl òŭ Randar Ŏ�ˁ˘

ǳǓ·ʁ8ǹͭ͜。ˍĂuΏʁȵɀ͉ʟ(Euclidean distance) ȖȾ͒Ɠɓɡċ。

ˍźNūʐɡuÊʁ͉ʟ;̈ Ŏ�ƠƦǹ。ˍʬΏNȵƄ͉ʟʈ͞ʁhMɡ;̈ Ğ

AP1

AP3

AP2

X
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ŏΕʁğɴ�ˡNȆǹʈ͞ʁ8ų̔ʁʘŎơŎ�ʺɋ͞ʺɋ9nearest neighbors, 

NNWċ K ͞ʺɋ9k-nearest neighbors, KNNWʺɋʴ8 

bWȰɮơʺɋǹ;ǹĞ 2001 Ŷɹ Castor òŭ Nibble ő¬ŚαŎ�ˁ˘ǳǓ

·ʁ8ͭ ̜͜ʺ。ˍźNʁ。ˍ˘̜ɪƑ;ǀþ·。ˍʁǤǋºŭ;ɓÆƓɓɡ

。ˍ”ȧǋǀþʁǤǋºŭɸ̺úǩʺɋ̜ʺ·Ɠɓɡʁø˰�ˡ8ų̔ʁ

ȰɮơŎ�ʺɋȆȄĸ”θȰɮċȄĸ�ɣȰɮhʡǫƄ8 

Śα。ˍŎ�ƺȍǮΤδĵʁ̥ĳ;ͭ͜ő¬ʬΏʁǮˎţĨˠċǿ˰ʥÑ

̥ĳçøōƭ�ˡʁʘŎ;ėȸ©ȆƭȌ�ʁyɡ8ÿǳʈȾ¨oʺɋ;Śα。ˍ

Ŏ�ˀŽ͒ι;ėȸƭo\ŚαŎ�N[ʡSɑʁŎ�ƺȍ= 

92W¶ʡŚα。ˍŎ�ˁ˘ 

Śα。ˍŎ�ƺȍ̐Ǔ·”;Ĝ¬ĵxĶʁʓʫŊ˦Ɓò\̣ĶŎ�ǡȝ͒

ľʁŎ�ˁ˘;ȌǦͭ͜l˓͠cŎ�ˁ˘ȖΑͦ。ˍŎ�ƺȍĞ͞ŶȖʁòŦ

éʧ8 

2000 Ŷ;[ȶ“oRRandarSʁő¬Śα。ˍŎ�ˁ˘òŭ;̭ ˁ˘ǹɹƙ͑

9MicrosoftW¤—ʁ Bahl P ŰΰʁĘΒ̥̜ōƭ!
/"8̭ˁ˘Ŏ�ºƭhMΔȺ;

ĞʟˎΔȺ;�ŗÚĨ̉͡ˠȨ¼º;ɣ”ĞśĞȽMˠȨʁǐǝ�ûƊ

Ž9received signal strength index , RSSI;Wċ̭ˠȨŏΕģȡ�ˡň�ƭ。ˍź8

ĞˎΔȺ;ĞƓɓɡǝÆ RSSI ”;ȧǋ。ˍǤǋźʁǤǋ;ɸȄ͞ʺɋ

9nearest neighborhood, NN Wċ K ͞ʺɋ9k-nearest neighbors, KNNW̜ʺ·Ɠ

ɓɡʁŏΕģȡ8ȸĵ;Randar ˁ˘ͭ͜ŗȾ。ˍÙ;ɋċȱĦ|ǘɋ;̦ǴĞ

ʈÿȕtC;。ˍɋʁŎ�ˀŽ̒ι_ȱĦ|ǘɋ!(	"8�ɹ_ĞƀźΔȺċŎ�Δ

Ⱥ Randar Ģɸ\͒oʹàʁĲɴǫƄ;Ŀ<ʟˎƀźΔȺ;óĶȴɓʁ RSSI

ʁŵĢ��o̭ɡʁ。ˍ�;ĞŎ�ΔȺ;ƓŎ�ɡʁģȡó。ˍʬΏȄʈ͞ʁ[

MɡʁģȡƯǹ K MɡʁģȡŵĢ�;ėȸŎ�̰Ū͒ĸ8 

2001 Ŷ;ö[ȶ“oRNibbleSʁő¬Śα。ˍŎ�ˁ˘òŭ;̭ˁ˘ǹɹ

Castor ŰΰʁĘΒ̥̜ōƭ!(
"8ċ Randar ʈȾ;Nibble ȆhMaÿuĲ;[Mǹ

ĞʟˎΔȺ;aÿb Randar ˁ˘ɸ RSSI �o。ˍ�û;Nibble ɸ\Śα�

ûǐǝ�ĔȾ9siginal-to-noise ratio, SNRW�o�ˡ。ˍ�û8ö[MǹĞŎ�Δ

Ⱥ;aÿb Randar ˁ˘ɸ KNN Ư NN ʁʘŎơŎ�ʺɋ;Nibble ɸ\Ȱɮ

ơʺɋ8¨ĞʟˎΔȺ;ĞƓɓÚĨǝ SNR;ś。ˍģȡɡċǝʁ SNR ʁ͡

̉ň�8ĞˎΔȺ;ĞƓɓɡǝÆ SNR ”;ͭ͜。ˍźNʁǤǋȧǋȄĸ”θ

Ȱɮʺɋ̜ʺ·ȄȆø˰ʁŎ�ɡģȡ8 

2004 Ŷ;[ȶ“oRHorusSʁő¬Śα。ˍŎ�ˁ˘òŭ;̭ ˁ˘ǹɹ Youssef

ŰΰʁĘΒ̥̜ōƭ!(("8Ğ�ˡ。ˍʁͪóB;Horus ÿ Randar ˁ˘[ȥ;ɸ
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ʁǹ RSSI �o。ˍɪƑ8ĞʟˎŎ�ʺɋʁͪóB;Horus ċ Nibble [ȥ;ɸ

ʁǹȰɮŎ�ʺɋ8ĞʟˎΔȺ;�ĞƓɓÚĨǝ RSSI;ɣ”ȧǋ�ûºŭǀ

þιǩºŭĝŷň¢。ˍźN;ĞˎΔȺ;�ǹĞƓɓɡǝÆ RSSI ”;ɣ”ȧ

ǋ。ˍźNʁǤǋ;ɸ̺úǩʺɋ˿ƗƓɓƓɡʁģȡ�ˡ8ȸĵ;aÿ_

Randar ċ Nibble ˁ˘ʟˎΔȺċĞˎΔȺŗ_。ˍɪƑʁʹàĲɴ;Horus Ğʟ

ˎΔȺ;ƅ¢\ AP ͪǁʺɋ;ͭͪ͜ǁȄyʁ AP ȖµŝaʩŎʁ RSSI �͡˧

ǓιŎ�ˀŽ8¨ȴ;Horus ƅ¢\ˬʿʺɋ;�ǹĞʟˎƀ。ˍźΔȺŗƳȆʁ

。ˍ̉͡ˬʿ;ɣ”ĞŎ�ΔȺ;η�ÃǨǹĞďMˬʿÚĨ¬;ɣ”̉͡ˀʘ

Ŏ�;Ǔι\Ŏ�ǡɮ8 

2006 Ŷ;[ȶ“oRWeyesSʁő¬Śα。ˍŎ�ˁ˘òŭ;̭ˁ˘ǹɹØ˶

ůɷ̥̜ōƭ8Ğ�ˡ。ˍBʁͪóB;Weyes ͪǁ RSSI ʁŪ��o。ˍ�û8

ĞʟˎŎ�ʁʺɋͪóB;Weyes ͪǁ\ȰɮŎ�ʺɋ8ĞʟˎΔȺ;�ĞƓɓÚ

Ĩǝýɡʁ RSSI;ɣ”ŗƳȆ RSSI ċ¨ŵĢ�̉͡�Ū;ś�Ū˕ȝċ。ˍ

ɡģȡň¢Æ。ˍźN8ĞŎ�ΔȺ;�ĞƓɓɡǝ RSSI ŷ�ŪƗÆŪ�”;

ȧǋ。ˍźNǤǋ;ɸȰɮʺɋȖƗÆȄȆø˰ʁŎ�ɡģȡ8ɹ_ Weyes ǹ

ś RSSI ʁŪ�Ź½�o。ˍǤǋ;ėȸȆǡʁ̚²\aÿ̥ĳř˴Ŏ�̰Ū8¨

ȴ;ĞͪǁȄȆø˰ʁ N Mɡǳ;Weyes ˁ˘ɸʁǹÑƟʁ N �;ŷś N Mɡ

ʁÏȐŵĢ��oƓɓɡģȡ�ˡ;Ǔι\Ŏ�ˀŽ!()"8 

1.2.2  ��A�!�V&|4d"	3@ 

ΞʌjŨǿ˰ĞýMΰĨaǨóƗʮʔ;śȎēŊZċŚα。ˍŎ�̉͡˕

þƭoʆÊʁ[Mʓʫɢɡ8ɹ_ȎēŊZ©ȆĞĸ̖ȱʁǤǋNǇǎ·ɟĞɪ

̽ʁ˰Ì;ėȸ͞ŶȖ;ƔĶʓʫ˦ƁŀĞŚα。ˍŎ�NʟˎΔȺċĞˎΔȺƅ

¢ȎēŊZȖ̚²ɱȆΎγrȸǓ�Ŏ�ˀŽ8 

91Wʟˎ。ˍźʁƀʯ 

Śα。ˍŎ�Nʁ。ˍźʁƀʯǹͭ͜ĞƓɓÚǐǝ�ûƊŽ�ŷÿ

ɡʁģȡ[̈́ň�ĞźNƀʯʁ8ĞʟˎƀźΔȺ;[MΎγǹ。ˍ�ûʁ

˩ǳ˩Ì;|˘ʁ。ˍŨ�ǹ�ĞƓɓÚĨʘŎxĶʁì˥ɡ;ɣ”ĞȽMì

˥ɡ[ȺǳΏʁŚα�ûǐǝƊŽ�ŷň�Ğ。ˍźN8ƌʁÚĨȾ͒

ĸʁǳ�;。ˍźʁƀʯś˩̿ũĸʁjÌɩÌ8ö[MΎγǹ。ˍ�ûʁίĲɴ;

ɹ_Ğĸ˽ěʁő¬ʬΏʁ。ˍ�ûȾ͒ʦɾ;díėoŚα�ûĞő¬|

ǘôÆ̎µTĶƒǡŻʁƐĎ©ȆƔĸʁaʩŎơ;ėȸʇǐɸǝʁ。ˍ̉͡

Ŏ�zͯƭŎ�ˀŽʁCΗ8 

ʓʫ˦o̚²ƀźƭȌιʁΎγ;Ǔ·\xĶʁǫȪ8ǱȊʁǳ�;Ȇʓʫ˦
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Ǔ·\Ū�ǀþʁÍɋȖµŝȥɡʁMǤ;µŝƀźƭȌ;Ğ。ˍΔȺ÷Τ

̒ŗʁŝʁ。ˍ̉͡Ū�ǀþçøƗÆ͈ķʁ。ˍǤ!("8Ⱦ͒ųɸʁŪ

�ÍɋȆ<ÏȐ͉ʟñ͐ɋ!(�"8�ΞʌȎēŊZĞýMΰĨʁƝͮʮʔ;͆ Ȗ͆Ķ

ʁʓʫ˦s˥̆�ɸȎēŊZȖ̚²͠MΎγ8[ʡǫƄǹÝʃʎŊZɋ;Ýʃʎ

ŊZǹͭ͜Äɸū˔ȡ̢�ˡʁŚα。ˍċ[ͻºɈȆȡ̢�ˡʁŚα。ˍ;Ȗ

Țƀ。ˍź!(,"8ͭ͜͠ʡǫƄakørĸĸʁµŝȥʁƭȌ˧dÿ£ͻʁ

。ˍƀźʁǫɋʈȾŎ�ˀŽŷɈȆƔĸCΗ8ʓʫ˦ Pan Ğ 2007 ŶǓ·[ʡǪ

ʁƀźǫɋ;çÝʃʎŊZʁƀźǫɋ;̈ ĞʟˎΔȺÄɸ[ͻºȡ̢�ˡʁ RSS

。ˍċ[ͻºɈȆȡ̢�ˡʁ RSS 。ˍͭ͜ǕƀʁɑƎȱĦƀʯ。ˍź;ĞˎΔ

Ⱥͭ͜Ī_ĝʁÝʃʎŊZǫɋċÏȐ KNN ʁǫƄ̉͡�ˡʁ̜ʺ;Ȅ˒ŏɱ\

ʥÑ̥ĳċǐ¢ɡʁßÿŎ�!(-"8ö[ʡǫƄǹŜȥȌŊZɋ;ŜȥȌŊZɋS̒

ǹ̚²ʁǹƌȥȌǤȾ͒ŝʁǳ�Ŀ�˰ķŊZǤǋNʁɪƑċ§ˁ8ʆÊʁ

[ʡų̔ʁ̚²Íɋǹ;ȧǋŝʁū˔ȡ̢�ˡʁȥȌNŊZǤǋNʁɟĞɪ

Ƒ;ɣ”ś¨ŻɸÆĸɈȆȡ̢�ˡʁǤǋN8͠ ʡnūʐʁǤǋNŊZʐ̨͝

ɸÆȋʐʁǤǋȱĦNǫɋvør̝oǹ[M͚ʥŊZʁΎγ!(.�(/"8ŜȥȌŊZɋ

�Ɨͭ͜ƔŝʁjÌɩÌƭȌŠƀʯ˰ķͩŻaÿ̥ĳCʁŚα。ˍź8 

Κȸuĵ;͞ ŶȖȆʓʫ˦Ǔ·\Ī_xÖʁ。ˍźʁȚƀǫƄ;Ğ͠ʡǫƄ

C;ɸƱ÷Τ̒ƴ、ǿ˰ƴȎ˒ʱĞɓÚĨ¬̉͡˲ɹ͂Ñ;ƴȎŐƱʱ�zŎ

ǳʁŚα。ˍ�û!)	";˧ǝ。ˍɡʁ©��ˡørȧǋ̉j�ˡǑʺˁ˘

̉͡}̜8ɸƱĞÚĨ͂ÑǳΏ͆Ό;ŐƱʱÆʁŚα。ˍ͆Ķ8。ˍǝ

ōƭ”;͟ΤÄɸÝʃʎȱĦċǤǋǇǎƺȍŗ_͠cǮȡ̨�ˡʁǤǋ̉͡

Ĳɴ;ɣ”Ğň�Æ。ˍźN8ɸxÖǫƄʁ。ˍźƀʯǫɋak˰ķȆǡʁµ

ŝƀźƭȌ;˧ dɹ_xÖʧŹǹΌȊ̉͝ʁ;ėȸ˰ķïǳȀǪ。ˍźċŚα。

ˍŎ�ˁ˘8�

9(WŚα。ˍǤǋʁίĲɴ�

ɹ_Śα�ûĞő¬|ǘ͜ʧNzôÆĶƒǡŻTjĉ͂ÑŴƷT�ûʁñŚ

ċƽŚʴė˂;ʁŚα。ˍzôÆƔιʁĔıŴƷ;íɹ_ɓÚĨ͒ĸ˽ě

ʁǳ�;ǝʁŚα。ˍ©ȆƔιʁʦɾơ˧ř˴Ŏ�ʁˀŽaι8ĞǱȊʁʓʫ

N;ʓʫ˦ĸĶŗŚα。ˍ̉͡ʹàʁĲɴ;ĿĞ[MɡɓĶȴ”óŵĢ�ʴ8

ΞʌȎēŊZʁ͛ͮòŦ;ȆƔĶʓʫ˦ƁŀśȎēŊZʁɴ̤ŻɸÆ\Śα。

ˍʁίĲɴB8ίĲɴS̒ȆhʡƎƄ;[ʡǹ AP ͪǁʺɋ;S̒ǹo\̚²ĸ

˽ěʁŎ�ʬΏ¬。ˍȾ͒ʦɾċͻº AP aʩŎř˴Ŏ�ˀŽCΗʁΎγ8ö[

ʡǹ。ˍɪƑʁǓó;S̒ǹÄɸȎēŊZ˰ķǇǎ·ɟĞɪ̽ʁ˰ÌȖǓó·

ŗŎ�ȱĦȾ͒§ʁɪ̽;rȸǓιŎ�ȱĦʁ´ʘơ8 
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Ğ 2004 Ŷ;Ğ Youssef ʴjòŭ Horus ő¬Śα。ˍŎ�ˁ˘ǳ�ŠǓ·\

AP ͪǁʺɋ!)
";Ğ Horus Ŏ�ˁ˘N;ȽȴĞaÿʁŎ�ÚĨN;�ȧǋ�ûʁ

ƊŽ�̉͡ǍŹ;ɣ”ȧǋ�ûʁʩŎơǍŹ;Ȅ”ǋȸͪǁ AP ʁ RSS �oŚ

α。ˍ8ȆǡʁǓι\Ŏ�ˁ˘ʁʩŎơċ´ʘơ8Ğ 2006 Ŷ;chen ʴjǓ·\

[ʡĪ_�Ƥ�ʁ AP ͪǁʺɋ!)(";Ğ͠MʺɋN˕þ\ˬʿʺɋċ²ʷȣʺɋ;

Ȇǡʁŗ AP ʁÃÅÌ̉͡\̧Ã;ͭ ̭͜ʺɋak˰ķȆǡʁǓι\Ŏ�ˁ˘ʁ

ʩŎơċ´ʘơ;˧dĞʈÿʁŎ�ˀŽC;˰ķµŝŐƱʱʁÎɮɖ˩8 

ö[ʡŚα。ˍʁίĲɴǹ。ˍɪƑʁǓó;aÿb AP ͪǁʺɋʇǐgƃa

ʩŎʁ AP;ɪƑǓóÄɸ\ȎēŊZǚΌĞĸ̖ȱǤǋǇǎ©ȆƊÃÅÌɪƑʁ

yÔ;ͭ ͜ŗι˛ʁ。ˍɪƑ̉͡Η˛;ǓóιÃÅÌʁɪƑ;ȆǡʁǓι\Śα

。ˍŎ�ˁ˘ʁ´ʘơċʩŎơ8Ğ 2006 Ŷ;Fang ʴjǓ·\�ûƻƐɋʁ。ˍ

ɪƑǓóɋ!))�)";ͭ͜śʁ。ˍ�ûƻƐÆʈ§ʁɩɴʬΏB;Ȗµŝ\ AP

uΏʁʈ§ơ;ĞǦɭŏθͻºɸ\Sƭººț PCA ʁǫƄȖŗȾ|˘ʁ AP

ͪǁʺɋ;̦ Ǵ\ͭ͜ŗ。ˍ�û̉͡Η˛;˰ ķșĸʁ˞µŎ�͜ʧNʁ̜ʺ

ŷd�ɽ\。ˍɪƑNS̒�Ƥ8͞ ŶȖ;͟ Ȇʓʫ˦Ɓŀͭ͜ś˲˝ʒēċȦ¹

Ǥƅ¢ÆŚα。ˍNȖǓóŚα。ˍʁȆǡɪƑ;Ǔι\Ŏ�ˁ˘ʁ´ʘơċʩ

Ŏơ!)�"8 

9)WŚα。ˍʁˬʿ�

ĞˎŎ�ΔȺ;ǹͭ͜śĞƓŎ�ɡɓʁ。ˍɸŎ�ʺɋċ。ˍźNʁ

。ˍ̉͡Ù;̜ʺr˿ƗƓŎ�ɡʁ�ˡģȡ8Ğ͠MΔȺ;[MΎγǹɹ_Ŏ�

ʬΏ͒ĸǳ;Ŏ�͜ʧʁ̜ʺĴȏŽ͒ι8ö[ΎγǹĞˎΔȺʁŎ�ʺɋǹ²Ŏ

Śα。ˍŎ�ʁ§ė˂;Ŀ�ͪǁþͩʁŎ�ʺɋÛº̒8 

͞ŶȖ;ƔĶʓʫ˦ƁŀŞ̪ɸȎēŊZʁɴ̤ë̚²͠cΎγ8o̚²Ğˎ

ΔȺʁ̜ʺĺĸʁΎγ;Ȇʓʫ˦Ǔ·\ˬʿʺɋ8©��ɋǹ�Ğ。ˍźʁƀ

ʯōƭ”;ś。ˍź¼ȧǋˬʿʺɋ¼ºƭ¶MÚĨ;ɣ”ĞŎ�ΔȺ;˿ ƗƓŎ

�ɡʁ。ˍĂ”;śƓŎ�ɡʘŎĞȟMÚĨ¬;Ȅ”Ğ͠MÚĨ¬̉͡�ˡʁ

ˀŽʘŎ8͠ ʡǫƄșĸʁµŝ\Ğĸ̖ȱŎ�ɰĬNʁŎ�ĴȏŽ;ȆǡʁǓι

\Ŏ�ǡɮ8Ğ 2004 Ŷ;Youssef òŭ Horous Ŏ�ˁ˘ǳ�;Ǔ·\ͭ͜ˬʿʺ

ɋȖµŝĞˎΔȺʁ̜ʺĴȏŽ;ǓιŚαŎ�ˁ˘ʁǡɮ!),"8Ğ 2006 Ŷ;chen

ʴjíǓ·\[ʡǪʁˬʿǫƄ;ͭ͜ĞƀźNɸ K-means ”ĲɴǫƄ;͒ĸ

ʁǓι\Ŏ�ǡɮ;�͠ʡʺɋœǵĞ k-means ̜ʺ͜ʧNΝ¢ţͻș�8Ğ 2012

Ŷ;íȆʓʫ˦Ǔ·\[ʡ̚² k-means œǵΝ¢ţͻș�ʁǫɋ;ŏθ̦Ǵ͠ʡ

Ǟ͡”ʁǪʁˬʿǫƄȆǡǓι\Ŏ�ǡɮ!)/"8Ğ 2015 Ŷ;Ȇʓʫ˦Ǔ·\[ʡ

ºĤÏȐʁˬʿǫɋ;buÊʁˬʿʺɋʈȾ;͠ ʡˬʿ˥̆\¼ºÚĨuΏʁa



Ø g d ͭ ĸ Ŋ ʖ İ c I Ŋ � ̤ Ǧ                            ƅ ̛ 

8 

ÿʁȐ;�˦ĞŏθN̦Ǵ;͠ ʡǪʁˬʿǫɋŗ_ǞĒŎ�ǡɮ©ȆƔľʁǡ

ȝ!	"8 

9WĞˎŎ�ʺɋ�

Ŏ�ʺɋĞŚα。ˍŎ�©ȆÛº̒ʁ�ɸ;Ŀ�ͪǁþͩʁŎ�ʺɋÛ

º§8ĿB˹Ƴͦ;Ŏ�ʺɋȆhʿ;[ʿǹȧǋ。ˍʬΏʁȵƄ͉ʟȖ̋h

ɡĞŏΕ�ˡʁ͢͞§ˁʁʘŎơʺɋ8ö[ʿǹȧǋ̺úǩʺɋ̜ʺʁȄĸ”

θȰɮ�oŎ�ɡͪǁ�ǋʁȰɮơʺɋ8ĞǱȊʁǳ�;Ŏ�ΔȺǹɸʹàʁ

Ù;ʺɋ;͠ ʡʺɋ̜ʺʹà�Ŏ�ˀŽaι8͞ ŶȖ;ȆʓʫŊ˦śŎ�͜ʧN

Żɸ\ȎēŊZʺɋ8Ğ 2002 Ŷ;Brunato M ʴjŠƁŀʓʫ˘̜ȎēŊZʺɋ

Ğő¬Śα。ˍŎ�BʁŻɸ8ĞǦɭN�˦Żɸ\ǜ、ĂȎ9support vector 

machine, SVM)�oŎ�ʺɋ;ŏθ̦Ǵ\̭ʺɋ©Ȇ̜ʺĴȏŽ�;Ŏ�ˀŽι

ʁyɡ!
"8Ğ 2006 Ŷ;Wu ʴjǓ·\śǜ、ĂĖƋƅ¢ÆʥÑ̥ĳʁŎ�ˁ

˘N;ŷóƗ\aΊʁŎ�ǡȝ8͞ ŶȖ;íȆʓʫ˦śʜ˔ˠ；ʴɘŽŊZƺȍ

ƅ¢Æ\Śα。ˍN;ͭ͜ǕƀĶŤʜ˔ˠ；˰ķǇǎ·ĸ̖ȱǤǋNɟĞ©Ȇ

ιÃÅơʁɪƑ;ɣ”ŏɱˀʘŎ�!(�)"8 

ŢʻaǨʁȆʓʫ˦Ǔ·Ǫʁʺɋ;�Śα。ˍŎ��ɣȆΎγɈȆ̚²8ʆ

ÊΨmʁΎγȆhM;[MǹŚα。ˍ�ûʁ©ȆƔĸʁaʘŎơ;Ŀ�Ǉǎ·a

ÿɰĬNʁŚα。ˍ�ûʁɟĞɪ̽Ûº§8ö[Mɹ_Śα。ˍ�ûʁǳõ

ơ;ÊȊɓʁ。ˍźɹ_ɰĬõ×ř˴Ŏ�ļǡ;。ˍźʁƀʯTȀǪċ˛ƾΤ

̒˺̿͒ĸʁjÌɩÌƭȌ8ȌǦśͭ͜ʓʫŚα。ˍ�ûʁɪƑ;o̚²͠hM

ΎγǓ·ø̉ʁ̚²ǫȪ;ŷdĪ_ŏɓǤǋċ¤¦Ǥǋ̉͡θ̦ºț8 

1.3  Y_�% 

ȌǦʓʫ\Ī_ȎēŊZʁő¬Śα。ˍŎ�ƺȍĞŏΕɰĬNʁ͝ɸƥ³8

Ğɘ¢\̚ő¬Śα。ˍŎ�ƺȍʁòŦ͜ʧċĪ_ȎēŊZ。ˍŎ�ƺȍʁʓ

ʫɱɫ”;Άŗ|˘ʁ。ˍŎ�NƀʯȱĦǮɋͩŻĴȏʁĸ̖ȱő¬ɰĬř˴

Ŏ�ˀŽaιċŚα。ˍ�ûĞŏΕɰĬNʁǳõơř˴Ŏ�ˀŽCΗʁΎγ;

nʟˎƀźċĞˎŎ�hMǫΨƁŦʓʫŨ�8Ǔ·\[ʡĪ_ĕŤʜ˔ˠ；ʁ

Śα。ˍŎ�ʺɋċ[ʡĪ_͚ʥŊZʁŚα。ˍŎ�ʺɋ;r̚²|˘Ŏ�ȱ

ĦǮɋͩŻĴȏɰĬř˴Ŏ�ˀŽCΗċŚα。ˍǳõơΎγ;͙ÆǓιő¬Ś

α。ˍŎ�ʁʩŎơċˀʘơʁʓʫʆȡ8 

ȌǦʁʓʫ¬œĿC< 

1.Άŗ|˘。ˍŎ�ȱĦǮɋͩŻĴȏʁő¬ɰĬř˴Ŏ�ˀŽaιʁΎγ;
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Ǔ·\[ʡĪ_ĕŤʜ˔ˠ；ʁŎ�ȱĦ8ºțɹ_ő¬Ŏ�ɰĬĴȏ;jĉΞƧ

͂Ñ;Śα�ûĞő¬|ǘ͜ʧNôÆ\ĶƒǡŻʴƐĎ;ř˴Ŏ�ˀŽaι;o

ȸ̥̜ͭ͜\[ʡĕŤʁʜ˔ˠ；ȖǇǎ·ͩŻaÿő¬ɰĬʁɟĞ。ˍǤǋɪ

Ƒ;ɣ”Ǖƀ\ĕŤʜ˔ˠ；Ŏ�ȱĦ̉͡�ˡʘŎ8ŏθ˕ȝ̦Ǵ;ȸʺɋ˰Ȇ

ǡʁǓι\Ŏ�ˀŽ8 

2.ΆŗŚα。ˍ�ûǳõơř˴Ŏ�ˀŽCΗʁΎγ;Ǔ·\Ī_͚ʥŊZʁ

Śα。ˍŎ�ʺɋ8η�ºțŚα。ˍ�ûʁ˘̜ɪƑ;òɱΞʌǳΏʁǑʥ;Ś

α。ˍ�ûʁǤǋºŭvĞòɷõ×;�ƗȧǋuÊ。ˍǤǋƀʯʁȱĦŗ_Ǫ

ʁ。ˍǤǋaͩŻ;n˧ř˴\Ŏ�ˀŽʁCΗ8ɣ”ȧǋǤǋºŭʁʈ�ơ;Ǔ

·\[ʡĪ_ɪƑ͚ʥʁő¬Śα。ˍŎ�ʺɋċ[ʡĪ_ȥȌʁő¬Śα。ˍ

Ŏ�ʺɋ8 

ȌǦʆƍŌǍ< 

ȌǦ¦ºobʰ;©�ʁ˕ȚŌǍĿC< 

ʳ[ʰη�Ȱͦ\ő¬ŚαŎ�ʁʓʫƧtċˮǾ;ɣ”ºÅnő¬Ŏ�ƺ

ȍºʿ;Śα。ˍŎ�êɴċ˔ªʁő¬Ŏ�ˁ˘AMǫΨl˓\̭ƺȍʁòŦ

͜ʧċʓʫɱɫ8 

ʳ^ʰη�ȰͦŚα。ˍŎ�ƺȍʁĪȌɑʧċŎ�êɴ;ɣ”nʟˎƀź

ċĞˎŎ�hMΔȺ̞̤\Śα。ˍŎ�ƺȍ8Ȅ”ºț\Śα。ˍ�ûʁǳΏ

ɪơċʬΏɪơ;̦Ǵ\Śα。ˍ�ûĞǳΏB©ȆaʘŎơ8 

ʳAʰη�l˓\ȌǦNɸÆʁȱǀTŏɓTċ¤ƁǤǋ;oCǦNʁŏθ

ͻº̉͡Ήħ8ɣ”Αͦ\ȌǦɸÆʁȎēŊZʁʈ§ƺȍɴ̤8Ȅ”̮ˑl˓\

ȌǦǓ·\Ī_ȎēŊZʁŚα。ˍŎ�ʺɋċŏθ͜ʧ;ÿǳòɱ\Śα。ˍ

Ŏ�ơ˰ΞʌǳΏǑʥCΗʁΎγ8 

ʳĕʰη�l˓\|˘ʁȎēŊZŚα。ˍŎ�ƺȍΨmʁΎγ;çŚα。

ˍǤǋºŭʁõ×ř˴\ő¬Ŏ�ˀŽʁCΗ8ɣ”l˓\ȌǦΤ̒ɸÆʁ͚ʥ

ŊZʁʈ§ɴ̤ʐ̨8Ȅ”;̮ ˑΑͦ\ȌǦǓ·\Ī_͚ʥŊZʁŚα。ˍŎ�

ʺɋ;çͭ͜ŊZêȖ。ˍǤǋºŭʁɟĞɪƑŷ͝ɸÆǪʁ。ˍǤǋBʁĪ_

ɪƑ͚ʥʁ。ˍŎ�ʺɋċͭ͜ƅ¢[ͻºǪǤǋǞõêȖ。ˍǤǋºŭʁĪ_

ȥȌ͚ʥʁ。ˍŎ�ʺɋ;ŷ̮ˑl˓\ʺɋʁŏθ͜ʧ8 

ʳbʰƢ˕\ȌǦʁʓʫ¬œċ̚²ʁΎγ;ŷŗȌǦʁa͈uĲ�\̱Ǵ;

Ȅ”ŗŚα。ˍŎ�ƺȍ�\Ŧȉ8
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2  KCWLANV&|4d"	 

ĞxĶʁő¬Ŏ�ƺȍN;Śα。ˍő¬Ŏ�ƺȍɹ_©ȆˀŽιTƭȌ�ʁ

y͆ơ˰;ė˧ƭoő¬Ŏ�ʁȄ�̚²ǫȪ˧̐ŸɌŻɸ8Ȍʰśη�l˓\。

ˍŎ�ƺȍʁĪȌɑʧċŎ�êɴ;nʟˎƀźċĞˎŎ�hMΔȺ̞̤Śα。

ˍŎ�ƺȍ;ɣ”ºțŚα。ˍ�ûʁǳΏɪơċʬΏɪơ;Ȅ”ŗȌʰ¬œ�\

Ƣ˕8 

2.1  &|4d"	�T�J^ 

2.1.1  "	�T 

Śα。ˍŎ�ǹͭ͜ƀʯ。ˍ�ûʬΏċğɴ�ˡʬΏuΏʁŗŻ§ˁȖŏ

ɱ�ˡʘŎ8Ŏ�͜ʧºohMΔȺ<。ˍźƀźʁʟˎΔȺċ�ˡŎ�ʁĞˎΔ

Ⱥ;Ŀĝ 2-1 Ƴʚ8ʟˎΔȺ;ƀʯň�Śα。ˍ�ûċŗŻ�ˡģȡʁ。ˍź8

ĞˎΔȺ;śǝÆʁƓŎ�ɡ。ˍ�ûɪƑċ。ˍźNʁ。ˍ̉͡Ù;;˿ ƗÙ;

。ˍ”;çø̝oÙ;。ˍʁ�ˡģȡçoƓɓɡʁ�ˡģȡ8 

 
ĝ 2-1  Śα。ˍŎ�êɴ 

Fig.2-1 Principle of RF fingerprinting positioning 

|˘ʁŚα。ˍ͜ʧ;ørʊƭ[MÙ;Ύγ;Ğʟˎƀźʁǳ�;�ĞƓɓ

ÚĨͪóĶMì˥ɡ;ɣ”śȽMì˥ɡʁŚα。ˍɪƑċ�ˡģȡň�ĞǤǋ

źN;ĞˎŎ�ʁǳ�;ĞƓɓɡɓƗŚα。ˍ�û”;ɸÙ;ʺɋċźNʁ。 
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ˍ̉͡Ù;;˿Ù;。ˍ”;çøś̭Ù;。ˍʁ�ˡ�oƓɓɡʁŎ��ˡ8 

Ğ͠M͜ʧN;Ù;ʺɋ̥̜ǹ²ŎŎ�ˀŽʁö[M§ė˂8Ù;ʺɋȧ

ǋŚα。ˍʬΏNhM。ˍɪƑuΏʁ͞�ʧŽȖ̋hM。ˍŗŻģȡ�ˡʁ

͢͞ʧŽ8aÿʁÙ;ʺɋ;ͪǁ\aÿʁ。ˍ͞�ʧŽ8͞ŶȖ;ʓʫ˦sɸ

�û。ˍʬΏNʁ͉ʟŽȖ�o͠ʡ͞�ʧŽ;Ȇ<ȵɀ͉ʟ(Euclidean distance)T

ȁčή͉ʟ(Manhattan distance)ʴ8ĞxĶʁʺɋN;ÄɸȵƄ͉ʟȖ̋。ˍ�

ûuΏʁ͉ʟäǋ\Sɑğ�;͞ ŶȖ;íȆʓʫ˦Ǔ·\[ʡĪ_»ȾΣĻ͉ʟ

(Chebyshev distance)ʁÙ;ʺɋ;ŏθ̦Ǵ͒¨oʺɋŎ�ˀŽȆ\ǴǺǞĒ8  

b|˘ʁŚα。ˍŎ�aÿ;Ī_ȎēŊZʁŚα。ˍŎ�ͭ͜Ğĸ̖ȱʁ

。ˍǤǋNŊZÆŚα。ˍĂċ�ˡģȡuΏʁ§ˁ¹ǤȖŏɱŎ�8Ŏ�ʁ

͜ʧÿȥºohMΔȺ<。ˍźƀźΔȺċ�ˡŎ�ΔȺ8ʟˎƀźΔȺ;ÿȥǹ

η�Τ̒śĶMì˥ɡʁ。ˍɪƑċ�ˡģȡň¢ÆǤǋźN8�aÿ_|˘ʁ

。ˍŎ�;Ğ͠M͜ʧN;Ī_ȎēŊZʁŚα。ˍŎ�zŗň¢Æʁ。ˍźN。

ˍ̉͡ίĲɴ8ίĲɴʁ͜ʧÖǂ\ AP ͪǁċɪƑͪǁ8ɣ”ȧǋ͠cĲɴľʁ

Śα。ˍ�ûǤǋɸþͩʁȎēŊZʺɋëŊZ。ˍɪƑċ�ˡģȡuΏʁΦ

ˎơ§ˁ;Ȅ”ĞˎŎ�ΔȺ;ĞƓŎ�ɡǝÆŚα。ˍ”;śŚα。ˍŰ¢Æ

ŊZÆΦˎơ¹ǤNçøƗ·ƓŎ�ɡʁ�ˡģȡ8 

2.1.2  "	J^ 

ĿB˹Ƴͦ;Ī_ȎēŊZʁŚα。ˍŎ�͜ʧ;ÿ|˘ʁŚα。ˍŎ�[ȥ;

vºoʟˎƀźΔȺċĞˎŎ�ΔȺhM͜ʧ8aÿuĲĞ_;o\ǓιŚα。ˍ

Ǥǋ̽;ʟˎƀźΔȺÖǂ\ AP ͪǁċɪƑͪǁhM͜ʧ;o\ǓιŚα。ˍ

Ŏ�ʁ̜ʺͮŽ;ĞˎŎ�ΔȺÖǂ\ÚĨŎ�ċˀʘŎ�hM͜ʧ8 

91WAP ͪǁ͜ʧ 

ĞŏΕŎ�ɰĬN;ɹ_ő¬ʬΏɰĬĴȏ;jĉΞƧ͂Ñ;Śα�ûĞ|ǘ

͜ʧôÆĶƒǡŻ;ñŚ;ƽŚʴĶMė˂ʁƐĎ8ř˴ AP ò·ʁŚα。ˍ©Ȇ

͒ƊʁaʩŎơ;ėȸç�Ğÿ[M�ˡ;ĞaÿʁǳÈ˰ķÆʁ AP vø˰

aʈÿ;n˧ř˴ÿ[M�ˡĞʟˎ。ˍźN。ˍɪƑċĞˎΔȺǝÆŚα。

ˍŎ�vaÿ;ėȸͯƭ\Ŏ�ˀŽʁCΗ8 

o̚²͠MΎγ;͞ŶȖ;aŝʓʫ˦Ǔ·\Ķʡaÿʁ AP ͪǁʺɋ!)
";Ȇ

AP ƊŽǍŹɋ;çŗȽMì˥ɡʁǐǝʁ AP Śα。ˍ�û̉͡ǍŹ;ͪǁŵĢ

�ûƊŽȄιʁ¶M AP8ȆǫŪͪǁɋ;çŗȽMì˥ɡǐǝÆʁ AP Śα�û

[ȺǳΏʁ�ûƊŽ�ʁǫŪ̉͡ǍŹ;ͪ ǁǫŪȄŜʁ¶M AP �8Ȇ˜þͪǁ

ɋ;ç�ŗì˥ɡʁǐǝÆʁ AP Śα。ˍ�ûȧǋŵĢƊŽ�̉͡ǍŹ;ɣ”
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ȧǋýM AP ʁŚα�ûʁǫŪ�ͪǁȄʩŎʁ¶M AP �!)("8 

92WɪƑͪǁ͜ʧ 

ĞŏΕĸ˽ěʁŎ�ɰĬN;ɹ_ŭˡ\ĶM AP;˧ȽM AP ʁ͓Ś˽ěǹ

ȆΘʁ;ėȸĞȽMì˥ɡĲ÷˰ǐǝÆ[ͻº AP �;ř˴ň¢ʁ。ˍźNʁ。

ˍ©ȆƔƊʁʦɾơ8͠cʦɾ。ˍǤǋĞŎ�͜ʧNř˴\Ŏ�ˀŽʁCΗ8 

o\̚²͠MΎγ;͞ ŶȖ;ʓʫ˦sǓ·\Ķʡaÿʁ。ˍɪƑǓ·ʺɋ8

ȆˎơΗ˛ʁǫɋ;ĿSƭººț9principal components analysis;PCAW;ͭ͜ŗ

。ˍ�û̉͡ˎơõǊ;śι˛Žʁʦɾ。ˍǤǋ͐õƭ�˛Žʁaaʈ§ʁĂ

;Ȇǡʁ̚²\。ˍźN。ˍʦɾơʁΎγ;�ɹ_ˎơΗ˛ʁţΘơ;ř˴Ŏ

�ˀŽʁCΗ!)"8ĞǦɭ[35]N;ʓʫ˦Ǔ·\[ʡΦˎơʁΗ˛ǫƄç˲ͩŻ˝ 

ʒē auto-encoder ʁǫɋ8ͭ͜Țƀ[MĶŤʁʜ˔ˠ；˕Ț;ak˰ķśι˛Ž

ʁʦɾ。ˍĂ͐Ǌƭ[M�˛Žʁ。ˍĂ;˧dørȆǡʁŊZΦˎơɪƑ;

Ǔι\ȱĦʁŎ�ơ˰8 

93WÚĨŎ�͜ʧ 

Ğ͒ĸ˽ěʁŏΕő¬ɰĬN;ɹ_ő¬ͪóʁì˥ɡ͒Ķ;ř˴\ĞˎŎ�

ΔȺ̜ʺĴȏŽ͒ι;Ŏ�ͮŽ͒ƫ8 

o\̚²͠MΎγ;ĞˎŎ�uÊ;�ŗ。ˍźNʁ。ˍ̉͡ˬʿǛ�;ś。

ˍˬʿƭ¶ͻº;ȧǋ。ˍɪƑċ�ˡģȡʁŗŻ§ˁ;ˬ ʿĞ[̈́ʁ。ˍŗŻ\

ŏΕɰĬN[MɪŎÚĨ8ĞˎŎ�ʁǳ�;η�ȧǋÆŚα。ˍċȽMˬʿ

ÚĨNʁ。ˍǤǋȧǋʈ�Ž̉͡Ù;;ʘŎĞďMˬʿÚĨ¬”;ȧǋ͠MÚ

Ĩ¬ʁ。ˍɪƑċģȡ�ˡuΏʁΦˎơ§ˁƗ·©�ʁ�ˡ8Ğ͠M͜ʧN;̋

ˬʿÚĨ。ˍċƓɓ。ˍĂ͞�ʧŽørͭ͜ŗÚĨ。ˍóŵĢ�ċNƚ�;

ɣ”Ⱦ͒Ɠɓ。ˍċýMÚĨ¬ŵĢ�ƯNƚ�uΏʁȵƄ͉ʟ8 

ĞˬʿǫɋN;͞ ŶȖ;Ȇʓʫ˦Ǔ·\Ī_ k-means ʁˬʿǫɋ;çȧǋ。

ˍɪƑuΏʁȵƄ͉ʟśĶM。ˍˬƭ¶Maÿʁʼ!),"8ö[ʡˬʿǫƄ;ǹɸ

DB-Scan ʁˬʿǫƄ;͠ʡˬʿǫƄȧǋ。ˍɪƑʁŕŽś。ˍɪƑˬƭĶMʼ8

ɹ_͠ʡˬʿǫƄŗ_ɰɫǤǋ©Ȇ͒ľʁˬʿǡȝ;ėȸȾ͒ͩþő¬Śα。

ˍʁˬʿ8 

94WˀʘŎ�͜ʧ 

Ğŗ。ˍǤǋNʁ。ˍ̉͡ˬʿĲɴ”;ȧǋȽMʼNʁ。ˍǤǋ;ɸȎē

ŊZʺɋ;ŊZ。ˍɪƑċģȡ�ˡuΏʁΦˎơ§ˁ8̝ ͜ÚĨŎ�”;ørʘ

ŎƓɓ。ˍĞ©�ȟMÚĨ¬;ɣ”Ğ͠MÚĨ¬̉͡ˀʘ�ˡʘŎ;÷Τ̒ȧǋ

͠MÚĨ¬ʁΦˎơ¹Ǥ§ˁ;ørƗ·©��ˡģȡ8 

ĞŎ�ʺɋʁͪǁB;ȆhʡǫƄ;[ʡǹĪ_ĖƋʁȎēŊZʺɋ;Ŀˎơ



ØgdͭĸŊʖİcIŊ�̤Ǧ                          ɒț WLAN ʁŚα。ˍŎ�                            

13 

ĖƋ;śίɓģȡċŏΕģȡuΏʁŵǫŪ�oǉļ¹Ǥ;Ƀ̚·。ˍɪƑċ�ˡ

ģȡuΏʁƐĎėņ8[ʡǹĪ_ºʿʁȎēŊZʺɋ;ĿͰ͔ĖƋ;ΞȎȮȜʴ;

ͭ͜ʟˎ。ˍźNʁ。ˍɪƑċ¨�ˡģȡŊZ·þͩʁºʿ¹Ǥ8͞ ŶȖ;Ȇʓ

ʫ˦Ǔ·\Ī_ɘŽŊZŚα。ˍŎ�ʺɋ;ͭ ͜ǕƀĶŤʁʜ˔ˠ；;ŏɱŗ�

ˡģȡʁˀʘ̜ʺ;óƗ\͒ľʁŎ�ǡȝ8 

2.2  &|4dMVw���C 

2.2.1  &|4dVw� 

Ğ。ˍŎ�N;。ˍǹ。ør̐ɓd˰ķñǸő¬ʬΏ�ˡĐ[ơʁ�û

ɪƑĂ;ė¨©ȆĐ[ơʁɪɡ;ʤo。ˍ8˧ 。ˍʁʿĦ;ørǹıΩ;ĝ�;

Ư˦ɺ�û8ĞŚα。ˍŎ�N;Śα。ˍǹ。˰ķñǸʬΏĐ[ơʁǮˎɺ�û8

ŏΕB;[M˷ľʁŚα。ˍŻ̭©ȆrC¶ʡɪơ;[ǹʬΏĐ[ơ;ɹ_Śα

Ŏ�ǹͭ͜ƀʯ。ˍʬΏċ�ˡģȡuΏʁŗŻ§ˁȖŏɱŎ�ʁ;ėȸĞő¬

ʬΏN;ȽMì˥ɡĲʁŚα。ˍŻýaʈÿ;aňĞ©Ȇÿ[MŚα。ˍʁĶM

ì˥ɡ8̂ ǹǳΏʩŎơ;çő¬ʬΏN;[Mì˥ɡĞaÿǳÈɓƗÆʁŚα

。ˍŻ̭ǹ[ȥʁ;ƯŻ̭Ğ[ȺǳΏ¬�、͒ľʁʩŎơ;az·ɱ͒ĸʁɍÑ8

AǹĔıκȭơ;ɹ_ĞŏΕɰĬN;jĉʁΞƧ͂Ñċő¬ɜŽʁõ×ͽzͯƭ

ő¬ɰĬòɷõ×;ėȸŚα。ˍŻŗ_ɰĬNʁƙŜõ×Ż̭[ŎʁͩŻơ;Ś

α。ˍŗ_ɰĬõ×eɷʁĔıȆ[ŎʁƼŴƷơ!��"8 

ĞxĶøɓʁǮˎɺ�ûN;ɹ_ǐǝ�ûƊŽ9receive signal strength, RSSW

˰ķÄɸɱȆŸɌͻˢʁǮˎ̥ǬċĸͻºʁʥÑǿ˰˒ʱǮΤəÏδĵʁ̥ĳ

çøǐǝ RSS;ėȸ�oŚα。ˍŎ�NȄŸɌ�ɸʁŚα�û8 

Κȸuĵ;Ǯˎ�ûʬΏ̸ɪƑ;�ͳɫƟ�Ƥ(channel state information, CSI)T

�ͳʁ±¸ĎŻ9channel impulse response, CIRW;�ͳʁαɮĎŻ9channel 

frequency response , CFRWT�û�ĔȾ9signal noise ratio, SNRW;vør�oŚα

。ˍ!,�."8ĞǦɭ[49]N;ʓʫ˦ͭ͜śͪó\ CIR �oŚα。ˍ;Ǔι\Śα。

ˍʁŎ�ˀŽ;̦ Ǵ\ɩɴŤʁ�û�oʁŚα。ˍʁy͆ơ8�ǹ͠c©ȆżŤ

ɩɴ�Ƥʁ。ˍƛέ�Χcʁ͑ʗtƵ˰ǐǝ;ĮÏδĵʁʗtř˴\ƭȌʁ

BÜ;ėȸșĸʁΘÇ\͠c。ˍʁòŦ8ėȸȌǦͪǁ RSS �oŚα。ˍŎ�

N。ˍ8 

2.2.2  &|4dV�C 
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RSS �o。ˍvȆ[ŎʁΎγ;[TRSS ÷ǹ̢ƍ\�û|ǘÆʃɓɡʁƊ

Ž�;�ɽʁ�ƤƔŝ8^Tɹ_ RSS �ûĞő¬ʬΏʁ|ǘôÆĶƒǡŻT

�ûñŚT�ûƽŚT�û̊ŚrïjĉĞő¬ΞƧ͂Ñř˴ɰĬʁõ×ʴė˂ʁ

ƐĎ;Ğÿ[M�ˡaÿǳΏȺɓʁ RSS vø˰ȆcŪÅ;ř˴\ RSS ©Ȇ\

͒ƊʁaʘŎơ8ATRSS �oŚαŎ�Nʁ。ˍ;ǹĪ_ RSS ċŏΕő¬ʬΏ

Nʁ͉ʟňĞʌ[MΦˎơ§ˁ;çȈnŗǤ͌ƒǉ˩ȱĦ;�͠MȱĦNʁĶM

ìǤzĞaÿʁő¬ʬΏN©Ȇaÿʁó�8rBʁAMė˂ř˴\ RSS Ğ�o

Śα。ˍŎ�Nʁ。ˍʁǳ�;z·ɱ͒ĸʁŎ�ʁ̰Ū;ǹͯƭŎ�ˀŽCΗʁ 

S̒ė˂8 

o\ƀʯ©Ȇ͒ľŎ�øΧơʁʟˎ。ˍź;Η�Ŏ�̰Ū;ǓιŎ�ˀŽ;

Ȍ˹ś£ΨTŐ̕ʁ\̚Tºț RSS ʁ|ǘɪơċĞő¬|ǘôÆʁýMė˂ʁ

ƐĎ8Ȍ˹;śȧǋŏɓǤǋnƐĎ RSS |ǘʁhMė˂ǳΏċʬΏºÅ̞̤ RSS

ʁ|ǘɪơċ˘̜ɪơ8 

91WRSS ʁʬΏɪơ 

ŏθ[< 

RSS �oŚα。ˍǹĪ_ RSS ĞaÿʁʬΏ�ˡ©Ȇaÿʁó�;˰ķƀʯ

̈́�ûʬΏċ�ˡʬΏʁŗŻ§ˁ8Ğő¬ʬΏN;RSS Ğ�û|ǘ͜ʧNȈn͌

ƒǉ˩ȱĦ;ç RSS ͊Ξ�û|ǘʁ͉ʟƭ。Ǥ̎µ8o\θ̦͠MȱĦ;Ʈs

̥̜\ŏθ[;ͪǁÿȟM AP ͉ʟͫɛĮÏʁĶMì˥ɡȖºț RSS ċ͉ʟu

ΏʁŗŻ§ˁ8ĞŏΕɰĬC;ͪǁ[M AP �oɓ̪ AP;�、 AP ʁĹˎǫĂ

aõ;Ğ͌ɹēʁȷÊǫȽΠ 0.6 ʾó[Mɡ;ĞȽMì˥ɡʁɓ̪\ 30 ȴŷó

ŵĢ�8 

 
ĝ 2-2  RSS ċ|͕͉ʟuΏʁ§ˁ 

Fig.2-2 The relationship of fingerprint received signal strength and distance  

ŏθʁ˕ȝ;ĿBĝƳʚ8Ǻʚɓ̪ AP Ğ͉ʟ¨aÿ͉ʟʁì˥ɡ RSS �

ŢʻňĞɍÑ;�ǹ©ȆΞʌ͉ʟʁĮĸ;ǐǝʁ RSS ͫɛµŝ8 
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ŏθ^< 

Śα。ˍʁŎ�ǹͭ͜ƀʯ�ûʬΏċ�ˡʬΏʁŗŻ§ˁŏɱʁ;o\θ

̦͠ʡŗŻ§ˁ;ȌǦĞŏθɰĬN̥ˡ\ 9 MʈΠ 0.6 ʾʁˠȨɡ;�oğɴ�

ˡʬΏ;ÿǳͪhM AP �oɓ̪ AP;bŏθ 1 ʁʈÿ;ĞȽMì˥ɡɓ̪ 30 ȴ

Ȗ˲hM AP ʁ�ûƊŽ�8 

 
ĝ 2-3  �ˡʬΏċ。ˍʬΏŗŻ§ˁ 

Fig.2-3 Correspondence of Location space and fingerprint space  

ŏθʁǤǋ˕ȝ;ĿCĝƳʚ;Ǻʚ�ˡʬΏNĢÕºŭʁ 9 Mì˥ɡ;̈ Ğ

。ˍʬΏʁŗŻʁ RSS 。ˍºŭɈȆ̖ƕ8hMʬΏNaňĞǴǺʁˎơ§ˁ8

¨ȴ;øròɱĞ。ˍʬΏN;。ˍĂʁºŭΦųaĢÕ;ȆcºŭȾ͒ʦɾ;

ȆcºŭȾ͒（ŕ8ȧǋ。ˍŎ�ʁêɴøʐ;Ğ。ˍºŭʦɾʁŎ�;Ŏ�͒´

ʘ;Ğ。ˍºŭʨŕʁğǫ;Ŏ�œǵ·ɱ̰Ŏ�;ř˴Ŏ�ˀŽ͒�8 

ͭ͜rBŏθ;η�ørʊ· RSS ĞŏΕʁő¬ɰĬC;ĸ˴ʲþ̎µȱĦ;

oŚα。ˍŎ�Ǔ�\ɴ̤ǜ、8̈ ȴ;ͭ ͜ŏθòɱ�ˡʬΏċ。ˍ�ûʬΏa

ňĞǴʘʁˎơ§ˁ;d。ˍʬΏN。ˍʁøÚºŽôÆĶMė˂ʁƐĎ8ėȸŚ

α。ˍŎ�̒ŏɱ͒ľʁŎ�ǡȝ;mΨmʌƔĸʁǆư8 

92WRSS ʁǳΏɪơ 

ɹ_�ûĞ|ǘ͜ʧNôÆĶƒǡŻT�ûñŚT�ûƽŚrïjĉĞő¬ʁ

ΞƧ͂Ñͯƭő¬ɰĬʁõ×;�ƗĞÿ[M�ˡaÿʁǳΏȺǝÆʁ�ûƊ

Žvzòɷõ×;çǐǝ�ûƊŽΞʌǳΏ©ȆaʘŎơ8 

ŏθA: 

o\θ̦ RSS �͊ΞǳΏaʘŎơ;ĞŏθɰĬNͪǁ\[Mì˥ɡ�oɓ

̪ì˥ɡ;Ğɓ̪ì˥ɡ 300 s ǐǝȖ˲[M AP ʁ�ûƊŽ8 
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ĝ 2-4  Śα。ˍ�ûΞǳΏʁaʘŎơ 

Fig.2-4 Uncertainty of RF fingerprint signal over time 

ŏθ˕ȝĿBĝ;Ğÿ[�ˡ;ͣ˚ǳΏȺ˿óʁ�ûƊŽ�̇ɣƢ�B�

、aõ;�ǹzĞ[M�BCɍÑ8ŏθ̦Ǵ\;�ûʬΏNʁ。ˍĂ͊Ξǳ

Ώ©Ȇ͒ƊʁaʘŎơ8 

 

ĝ 2-5 aÿǳΏȺǝʁ。ˍǤǋºŭĝ 

Fig.2-5 Distribution of fingerprint data collected at different time periods 

˜BƳͦ;ĞǳΏɪƑB;RSS ©ȆaʘŎơ;dĞǦɭ[61]Nv̦Ǵ\ÿ[

ő¬ɰĬaÿǳΏȺǝʁ。ˍ�û©ȆaÿʁǤǋºŭ8ĞʬΏɪơB;RSS 。

ˍĂċ�ˡʬΏ©ȆΦˎơ§ˁ;�ûʬΏċ。ˍʬΏŷaǹiȨʁ[ŗ[ʁ

§ˁ8ėȸř˴\。ˍĞ�ûʬΏNʁøÚºŽaι;òɷiʁŎ�̰Ū;�Ɨ

Ŏ�ˀŽʁCΗ8 

2.3  ?`'g 

ĞȌʰN;η�Ȱͦ\Śα。ˍŎ�ƺȍʁĪȌɑʧċŎ�êɴ;ŷnʟˎƀ



ØgdͭĸŊʖİcIŊ�̤Ǧ                          ɒț WLAN ʁŚα。ˍŎ�                            

17 

źċĞˎŎ�hMΔȺ̞̤\Śα。ˍŎ�ƺȍ8ɣ”ºț\Śα。ˍN。ˍʁ

ͪǁȡ´;ŷͪǁ\ RSS �oȌǦNʁ。ˍ8Ȅ”̥̜ͭ͜ŏθºț\ RSS Śα

。ˍ�ûʁǳΏɪơċʬΏɪơ;̦ Ǵ\Śα。ˍ�ûĞǳΏB©ȆaʘŎơ;o

CǦʁĪ_͚ʥŊZʁŎ�ˁ˘Ǔ�\ɴ̤ǜ、8 
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3  ��A�!�V&|4d"	3@ 

ȎēŊZċŚα。ˍŎ�ʁ˕þƭo\͞ŶȖʁ[Mʓʫɢɡ;Ȍʰη�ś

l˓ŏθNɸÆʁǤǋċų̖ȎēŊZʺɋʁɴ̤ʐ̨8ɣ”ͭ͜ŏθȖθ̦

Aʡų̔ʁȎēŊZʺɋĞŚα。ˍŎ�BʁŻɸǡȝ;r̦ǴȎēŊZċŚα

。ˍŎ�ʁ˕þʁø̉ơ8Ȅ”;Άŗų̖ȎēŊZʺɋǮɋͩŻĴȏʁĸ̖ȱʁ

ő¬ɰĬř˴Ŏ�ˀŽaιʁΎγ;ȌǦ˕þȎēŊZǫɋŗ。ˍŎ�̉͡\Á

Ǫ;Ǔ·\[ʡĪ_?ŤɘŽʜ˔ˠ；ʁŎ�ʺɋ;ŷĞĸ̖ȱő¬ɰĬǤǋ

UJIINDOORLOC B̉͡θ̦8 

3.1  :5{�e 

ȌǦoθ̦Ī_ȎēŊZʁŚα。ˍŎ�ˁ˘ĞĶʡő¬ɰĬCʁŎ�ơ˰;

Ğŏθ͜ʧN�ɸ\hMǤǋ;[MǤǋǹĞʋŏʁŜĦő¬ɰĬNƗ

ÆʁŏθǤǋ;ö[MǹĞĸ̖ȱĶƀʵɩĶȯŤʁő¬ʬΏNʁ¤ƁǤ

ǋ;ɱĞºÅl˓hMǤǋ8 

3.1.1  #}:5{ 

ȌǦo\θ̦ĞŜ̖ȱʁŏΕɰĬNŚα。ˍŎ�ʁơ˰;ͭ͜Ǖƀʋŏʁ

ŏθŵù;ǝʋŏő¬ɰĬC^˛ʬΏʁŚα。ˍ;ƀʯʟˎǤǋ。ˍź;�o

̧}Ŏ�ʺɋʁʋŏǤǋ8 

1WŏθĠğ 

ȌǦͪŎʁŏθĠğoØgdͭĸŊȟǣŊȯAȯʁ[Ώǣő;ǣőʁĸŜ

Όo 20m Ŕo 15m;ͪǁ͌ɹē�oǮˎǐ¢ē(access point, AP);o\�̦ Wi-

Fi �û˰ķ̓ʄÆǥMǣő;Ğ̭ǣőŭˡ\ 6 M AP;ì˥ɡˠȨΏΠo 0.6m8 

  

ĝ 3-1  ŏθɰĬ 

Fig.3-1 Experiment configuration 
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2Wŏθŵù 

ȌǦ̥̜\[MĪ_ Android ˁ˘ʁ[M�ûɓˁ˘8̭ ˁ˘ɹAMȱĤː

ƭ;[Mǹ�ûȱĤ;[M�ûĲɴȱĤ;[Mǹ。ˍźƀʯȱĤ8ĞǤǋ

ȱĤN;ʥÑǿ˰̥ĳͭ͜ƴȎ˲Űʁ Wi-Fi ͣǐÎ˰ͣǐÆȟ[MǮˎɢɡ

”;�ûǝȱĤƁŀǐǝÆʁǮˎ�û;ȽȴɓȴǤo 30 ȴ8Ğ͠Mȱ

ĤN̢ƍʁ�û�ƤÖĄ;ɸǳΏTAP “ʤTǐǝ�ûƊŽTͣǐͮŽ8ĞǤ

ǋĲɴȱĤN;ɹ_ RSS ʁɍÑơŗ_Ŏ�ˀŽȆƔĸʁƐĎ;Τ̒ŗĞ[Mì

˥ɡǐǝʁĶȴʁ RSS ̉͡ŵĢ×Ĳɴ;çŗĞȟMì˥ɡĶȴǝʁ。ˍóŵ

Ģ�8Ğ。ˍźƀʯΔȺ;śƀʯ RSS ċ�ˡʬΏʁŗŻ§ˁ8Ğ͠MȱĤN;

ȽMì˥ɡĞ�ˡʬΏBɹ[M^˛ģȡ̍ʚ;Ğ RSS �ûʬΏNɹ[M¥˛ʁ

RSS �Ƥ̍ʚ8ĞȌǦŏθN;[¦ͪó\ 225 Mì˥ɡ;ȽMì˥ɡŗŻʁ�û

˛Žo 8 ˛;¨NÊ 6 ˛ǹȖ˲¥M AP ʁǐǝ�ûƊŽ;ʳ 7T8 ˛ǹì˥ɡĞ

ő¬ʁ�ˡģȡ8 

̍ 3-1  ̢ƍʁǮˎ�û�Ƥ½̍ 

Table 3-1 List of information about received radio signal 

“ʤ ǒͦ ǤǋʿĦ T� 

Time ȥǳΏ datatime 2019-01-11 12:48:27 

SSID AP “ʤ char TP-LINk_6274 

RSSI ǐǝ�ûƊŽ int -55 

LinkSpeed ͣǐͮŽ int 65 

3.1.2  �*:5{ 

o\θ̦ȌǦǓ·ʺɋʁĞĸ̖ȱƀʵɩő¬ɰĬCʁͩɸơ;ȌǦ�ɸ\

UJINDOORLOC ¤ƁǤǋ!�
"8̭ǤǋǹĞ̑ɲɨ Jaume I ʁĸŊʁĶȢǣŊ

ȯɓʁ,ǹ[M͋ȯ͋ŤʁĸĦǤǋ;ǤǋŎ�ÚĨʁƢΨʣo 108703 ŵǫ

ʾ;ÖĄAȢǣŊȯ;ȽȢǣŊȯȆĕŤƯbŤ;Ğ͠cÚĨ¦̜ŭˡ\ 520 M

AP dŭˡʁ�ˡĸĶȾ͒Ο̂;ͽŭˡĞ\Ĺ˺ȘƯĭįB8ǹ[Mȡ´ʁɸ_

ŏΕƀʵɩċȯŤ̨ÅºʿʁǤǋ8Ǥǋʁǝɸ\xÖƺȍ;ǤǋȖ˲_

20 MɸƱʁ 25 MʥÑ̥ĳʁ8ǤǋÖĄ\ 933 M Wi-Fi ì˥ɡʁ;Ȇ 21049

ȕ̢ƍ8¨Nºo 19937 ʁ̠ˏċ 1111 ʁɓ̪8dɓ̪ǤǋǹȾ̠ˏǤǋ

ǼĕMȅʁ8 

̭ǤǋȆ 529 M˛Ž;¨NÊ 520 ˛ǹǐǝƊŽ�;ɹ_ AP ͓Ś˽ěȆ

Θ;ėȸǤǋ©ȆƔƊʁʦɾơ;ǐǝ�ûƊŽo-100dBn ̍ʚ�ûΦųƙƉ;˧ 

�ûƊŽo 0dB ̍ʚ�ûΦųƊ8ėȸÊ 520 ˛�ûó�o-100dB Æ 0dB uΏ8
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521 Æ 523 ºÅŗŻ\̭ì˥ɡĞƳĞʁ˔ŽT˛ŽTȯŤû8524 ˛ƳĞȯû;

525 ǹŗŻʁƲΏʿĦ;526 ǹȡƜǹăĞő¬;527 ǹ˦͏wȡ̨;528

ǹʥÑ̥ĳʿĦ;529 ǹȥǳΏɡȡ̨8 

3.2  A�!�XTr�C 

ȎēŊZǹ[Ȳ͋ĶMΰĨʁdîŊʢ;ͭ͜ĞĸʁǤǋN̟̜ʺȎ˰

ķ˲òʁŊZÆǤǋuΏʁͰ͔§ˁ;Ǉǎ·ƐĎȱĦʁɟĞė˂;ƀʯ̈́Ő̕ʁ

ǤŊȱĦ;͡ ˧̚²ŏΕΎγ8ȎēŊZ˔͜¶ÛŶʁòŦ;ū·ɱĶʡŷ̉ʓʫ

ǫĂ;�ĿΞȎȮȜTȫŽǓÜʺɋTˬʿTʜ˔ˠ；TrïŊZɴ̤ʴ;dĢū

óƗ\xĶȆu�ʁƭȝ8 

Ȍ˹ŗ_AʡȎēŊZʺɋêɴʁΑͦśͭ͜bŚα。ˍŎ�ʁ©�ĠǾ͡

̉˕þȖl˓;oC[˹ʁŻɸǓ�ɴ̤ǜ、8ĞŎ�ÚĨ¬;�̥Ğĸ̖ȱɰĬ

Nͻˢ\mM AP;¦ͪó\"Mì˥ɡ8ǐǝ�ûƊŽ9RSSW

̐ Ŏ t o � û ʏ  ; ¨ N q ̍ Ğ � ˡ ǝ  Æ ʁ 。 ˍ ;

; q̍ RSS �;̍ʚnʳ M�ˡǝȖ˲ ʁ

�8 ̍ʚ�ˡȡʸĂ;̈ N#$̍ʚʳ iM�ˡʁģȡ;̈ N

#$ = (#($ , #*$ )̍ʚ\̭�ˡʁȲˋģȡ8ɣ”;nMì˥ɡʁ�ˡĂċŚα。ˍĂ

ːƭ\ʟˎ。ˍź8Ʈs�ɸ͠cǤǋȖ̠ˏørś。ˍǸŚÆ�ˡʁȱĦ8 

3.2.1  vxI�Nearest Neighbor� 

͞ɋǹ[ʡΦʃʎȎēŊZʺɋ;ÿǳvǹ[ʡ˔ªʁĞˎŎ�ʺɋ!�(";̈

Ŏ�ʁĪȌƠƦǹ;Ğū˔ƀʯʁʟˎ。ˍźN;Ⱦ͒ĞƓŎ�ɡɓʁ。ˍĂ

ċźNƳȆ。ˍĂʁʈ�ʧŽ;ͪǁʈ�ʧŽȄιʁ。ˍĂŗŻʁģȡ�o

ƓŎ�ɡʁģȡ8̈ Nʈ�ʧŽøɸĂʇǐʁȵƄ͉ʟTȁčή͉ʟʴ̋;d

ĂuΏʁ͉ʟ͆͞;ʈ�ʧŽ͆ι;¨NȵƄ͉ʟʁ̜ʺĿƄ(3-1)8 

 d(.,/) = 	 1(2( − #()* + (2* − #*)* + ⋯+ (26 − #6)*7                (3-1) 

͞ʺɋɹ_ǹʇǐóźN[M。ˍĂŗŻģȡ�oƓŎ�ɡʁģȡ;˧

ĞŏΕƥ³N;ƓɓɡƔĸø˰aĞʟˎ。ˍźɡì˥ɡB;ėȸŎ�͜ʧNzȆ

Ɣĸʁ̰Ū8ėȸ K ͞9K nearest neighborsW�o͞ʺɋʁǞ͡ʺɋ;Ğͪ

ǁċƓŎ�ɡʁ。ˍĂʈ�。ˍĂʁǳ�;ͪǁȄʈ�ʁ K M。ˍĂ8ɣ

”ś K M。ˍŗŻʁģȡ̉͡ŵĢçƗÆƓŎ�ɡʁģȡĂ;̜ʺ¤ƄĿƄ(3-

2)8 

X = (x1,x 2 ,...,x j ,...,xn )

x j thj

1 2( , ,..., ,..., )j j j j j m
i mx x x x x R= Î i

jx thj iAP
Y = ( y1, y 2 ,…y j ,…, yn )
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 (x, y) = (.:;.7;⋯;.<
=

, /:;/7;⋯;/<
=

)                      (3-2) 

K ͞ɹ_ǹŗ K M。ˍĂŗŻʁģȡʇǐɃŵĢ;˧ K M。ˍċƓŎ�

ɡʁ。ˍĂʈ͞ʧŽʘaʈÿ;ėȸͯƭ\Ŏ�̰Ū8ėȸÏȐ K ͞9Weight 

Nearest NeighborW�o K ͞ʁǞ͡ʺɋ;Ğ K MĂʁģȡ̉͡˜þʁǳ�;

aǹʇǐŵĢɃċ;˧ǹśƓŎ�ɡʁ。ˍĂċ K M。ˍĂʁʈ͞ʧŽɃ

ñȾ�oģȡȐ;ŗģȡ̉͡ÏȐɃċçoƓŎ�ɡģȡ,�ƗίɓʁģȡȀÏ

´ʘ, ̜ʺ¤ƄĿƄ(3-3)8 

 

(x, y) = (>:∗.:;>7∗.7;⋯;>@∗.<
=

, >:∗/:;>7∗/7;⋯;><∗/<
=

)       (3-3) 

A$ = 	∑ C(D,$)=
$ /	C(D,$)                      (3-4) 

3.2.2  zAHD(Random Forest) 

ΞȎȮȜǹ[ʡ˔ªʁȎēŊZƭȱĦ;ÿǳvǹ[ʡųɸʁĞˎŎ�ʺ

ɋ!�)"8ΞȎȮȜørͩɸ_ºʿċĖƋΎγ;ƌśŎ�ʊ�[MĖƋΎγǳ;çƀ

ʯ[M。ˍĂċ�ˡģȡuΏʁ[MΦˎơĖƋ¹Ǥ;̈ Ŏ�ʁĪȌƠƦǹ;ȧ

ǋʟˎ。ˍǤǋźNʁ。ˍĂċ�ˡģȡȚƀĶMĖƋ²ʷȣ9decisionW;̈ N

ȽMĖƋ²ʷȣʁ̠ˏȥȌċȥȌɪƑǹͭ͜ΞȎƿȥƗÆʁ;dȽMĖƋȣʁ

̠ˏǹŷ̉ʁ;ɣ”śĶMĖƋȣίɓ˕ȝǅɤþ̖¿̉͡ːþ8Ğ͠M͜ʧN;

ųɸʁþ̖¿ȆóŵĢċÏȐŵĢhʡǫƄ8 

²ʷȣǹ[ʡʹà˧˔ªʁȎēŊZʺɋ;̈ ŏɱŎ�ʁĪȌƠƦǹ;Ğ。ˍ

ĂʬΏNŊZ[MͅŵΨ;�Ɨͭ͜ͅŵΨ¼ºʁȽM。ˍʬΏNʁ。ˍĂ

ŗŻÿ[M�ˡģȡĂ8ͅ ŵΨŏΕBǹȆĶM。ˍɪƑºʿ͘ɼːƭ;çȽȴ

ȧǋ[M AP ʁó�ͪǁ[M¼º͘ɼ8̈ NĞ͘ɼ¼ºʁ͜ʧN;¼ºǫƄÖǂ<

�ƤĮʂT�ƤĮʂȾTĪšˁǤ;¨NƄ(3-5)o�ƤĮʂ;Ƅ(3-6)oĪšˁǤ8

ͩɸAʡ¼ºǫƄʁ²ʷȣºÅʤo<ID3TC4.5 TCART8¨NĞ。ˍŎ�ʺɋ

N;�ɸʁǹ CRAT ĖƋȣ8 

g(G, HI) = J(G) − J(G|HI)                     (3-5) 

¨N;ɪƑ AP ŗ_。ˍǤǋ D ʁ�ƤĮʂo g(D,AP),H(D)o。ˍǤǋʁ

˔θɥ;H(D|AP)oɪƑ APĞ：ŎȕtCʁȕtɥ8	
Gini(M) = 	∑ M=(1 − M=)O

=P(                       (3-6) 

¨N;M=oȥȌɡŧ_ʳ k ʿʁȰɮ8 

ĞŎ�͜ʧN;[βĖƋ²ʷȣŗŻ\。ˍʬΏNʁ[M¼ºrïĞ¼ºà
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�ʁ�ˡģȡ͕·8Ğͪǁ¼ºà�͜ʧN;Ğ CRRT ĖƋȣNɸʁǹąòƄ

ʁǫɋ8�̥。ˍʬΏǹɹ n M AP ʁǐǝ�ûƊŽːƭʁ;ȽM AP ʁø˰�Ğ

-100dB Æ 0dB uΏ;Τ̒ͲéƳȆ AP �ͪǁ[M AP;ɣ”Ͳḙ́ AP ʁƳȆó

�;ŗ。ˍʬΏ̉͡¼º;ʇÆóÆʳ m M AP ʁó� s,�Ɨǉļ¹ǤȄŜ;çƹ

Æ\[Mºɼɡ;¨Nǉļ¹Ǥ̔Ƅ(3-7)8 

min	[min	(RSTT(#$, U() + min	(RSTT(#$, U*))]               (3-7) 

Ğś。ˍʬΏ¼ºƭ\ M MºʿÚĨ”;R1;R2,…Rm;ͶsȽMÚĨʁ͕

·�ŠǹWX = YZ[(#$|2$ ∈ ]X);ç̭ºʿÚĨ¬ƳȆ�ˡģȡʁŵĢ�8ĞˎŎ

�͜ʧN;ĞƓŎ�ɡǝÆȖ˲_ m M AP ʁǐǝ�ûƊŽ”;ȧǋʟˎΔȺ

ŊZʁͅŵΨś̭。ˍĂ¼ºÆ©�ʁȟMºʿÚĨ¬;̭ÚĨŗŻʁ�ˡģ

ȡçoƓŎ�ɡģȡ8 

3.2.2  G)7�bI(Gradient Bosting Decision Tress , GBDT) 

ȫŽǓÜʺɋǹ[ʡ˔ªʁøɸ_ĖƋTºʿΎγʁȎēŊZƭȱĦ;ÿǳ

vǹ[ʡ̒ʁĞˎŎ�ʺɋ!�"8 

¨Ŏ�ʁĪȌƠƦǹ;ȧǋʟˎ。ˍǤǋźNʁ。ˍĂċ�ˡģȡȚƀĶ

MĖƋ²ʷȣ9Decision TreeW;ɣ”śĶβȣǅɤȟʡƭ̖¿ːþƭ[M§_

。ˍĂċ�ˡģȡuΏʁΦˎơ¹Ǥ8�ǹaÿ_ΞȎȮȜʁŷ̉ʁƭǫƄ;

ĞȫŽǓÜʺɋN;Ƚβ²ʷȣʁ̠ˏǹo\ƈ̌ūȆȱĦʁa͈;çĖƋ²ʷ

ȣʁȣʁ̠ˏǹl̉ʁ8ĞŎ�͜ʧN;͕ ¢Ăǹ。ˍɪƑ;͕ ·ĂǹŗŻʁ

�ˡģȡ;ȧǋ。ˍźNʁǤǋ̠̉͡ˏ;ŊZ·。ˍċ�ˡuΏʁΦˎơ¹Ǥ8

Ğ͠M͜ʧN;ʆȡ¹Ǥǹǉļ¹ǤȄŜ8 

L_#, `(2)a = (
*
(# − `(b))*	                   (3-8)

¨N y oģȡ�ˡ;F(x)ǹȱĦŊZʁ。ˍĂċ�ˡģȡuΏʁΦˎơ¹

Ǥ=ĞɃ̚͜ʧN;ȫŽǓÜǫɋɸ\Ǥ�y×ʁƠ˛;ͭ͜ȄͮCΗɋɃ̚

ǉļ¹Ǥ8Ȅ˒ƗÆ。ˍċ�ˡuΏʁΦˎơ¹Ǥ8 

3.3  ��A�!�V&|4d"	 

|˘ʁŚα。ˍŎ�ɸʁǹĪ_。ˍ§ˁÙ;ʁōƭʁ;�ǹɹ_Śα�

ûĞŏΕɰĬNzôÆĶƒǡŻT̎ µT̉ jŴƷʴ̲Ķė˂ʁƐĎ;ř˴ŏΕŎ

�ɰĬCʁŎ�ˀŽ͢�_ɴ̤Ŏ�ˀŽ8ėȸΆŗʆḘ̂ΰĨ|˘Ŏ�ǫɋˀ

ŽaιʁΎγ;ȌǦ˕þȎēŊZǫɋŗ。ˍŎ�̉͡\ÁǪ;Äɸų̖ʁȎēŊ
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ZʺɋȖŏɱ�ˡʁʘŎ;͠ cʺɋķĞ©Ȇ͒�ƭȌʁȕtC;Ȇǡʁŏɱ�ˡ

ʁʘŎ;©Ȇ[ŎʁÁǪơ8Ȍ˹śl˓͠cʺɋ;ŷĞŏɓʁ^˛ʁŏθǤǋ

Bθ̦AʡȎēŊZʺɋĞŚα。ˍŎ�BŻɸǡȝ;ŷºțȽʡʺɋʁȆǡơT

ĴȏŽċƐĎė˂8  

3.3.1  �� KNNV4d"	 

Ī_ KNN ʁŚα。ˍŎ�;ė¨©ȆŎ�ʺɋʹà;Ŏ�ǡȝ͒ľʁyɡ;

˧ƭo\ʆÊŻɸȄŸɌʁ[ʡʺɋ8ĞŎ�͜ʧN;KNN ̴ͭ͜ǥͪóþɴʁ

K ʁó�ȖŢµŝ。ˍôÆŴƷͯƭʁƐĎ;r͙Æ͒ľŎ�ǡȝʁʆʁ8ĞĪ

_ KNN ʁŚα。ˍʁŎ�ʺɋŏɱ͜ʧN;ĞʟˎΔȺƮsȧǋŏθɰĬŏɓʁ

。ˍǤǋƀʯ。ˍź;ĞˎΔȺɸ KNN ʺɋ̉͡Ŏ�8 

91Wʺɋêɴ< 

ʟ ˎ Δ Ⱥ ś Ƚ M � ˡ ʁ 。 ˍ Ă  ċ � ˡ ģ ȡ

ň�Ğʟˎ。ˍźN;ĞˎΔȺśÆʁ。ˍĂ

ċ。ˍźN。ˍĂɃȵƄ͉ʟ;ͪǁȵƄ͉ʟȄŜ

ʁ K M 。 ˍ ; ŷ ŗ k M 。 ˍ ŗ Ż ʁ � ˡ ģ ȡ ó ŵ Ģ � (y(, y*) =

(/:
:;/:

7;⋯;/:
<

=
, /7

<;/7
<;⋯;/7

<

=
)�oίɓʁ�ˡģȡ8 

92Wʺɋºț< 

Ğ�ɸ KNN ̉͡�ˡίɓʁ͜ʧN;K ʁó�ǹƐĎŎ�ˀŽʁS̒ė˂;

ėȸ;ǦȌͭͪ͜ǁaÿʁ K �ȖȾ͒Ŏ�ˀŽ;ȖʘŎȄ�ʁ K �= 

93Wŏθºț< 

o\ȬθĪ_ KNN ʁŚα。ˍŎ�ˁ˘ĞŏΕŎ�ɰĬNʁŎ�ǡȝ;Ğ̭

ŏθN;ȌǦɸ\ŏɓǤǋ�oŏθǤǋ;̭ Ǥǋ¦Ȇ 225 Mì˥ɡ;ȽM

ì˥ɡʈ͉ 0.6m,Ǥǋǅɤ 7:3 ¼º̠ˏċɓ̪;¨Nɓ̪BʁŎ�ˀŽ

ĿCƳʚ: 

 

X = (x1,x 2 ,...,x j ,...,xn )
Y = ( y1, y 2 ,…y j ,…, yn )

1 2( , ,..., ,..., )j j j j j m
i mx x x x x R= Î
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ĝ 3-2  ĖƋ KNN Ŏ�ơ˰ 

Fig.3-2 ĖƋ KNN positioning performance  

ȧǋBĝ˕ȝ;Ɓŀʁǳ�;Ξʌ K �ʁĮĸ;Ŏ�ˀŽͫɛĮĸ;Ŏ�̰

ŪƁŀΗ�;ƌ K �óƗ 10 ʁǳ�;Ŏ�ˀŽ͙ÆȄĸ�;Ŏ�̰Ūo 1.65m;

u”;Ξʌ K ʁĮĸ;Ŏ�ˀŽƁŀCΗ=ėȸȧǋŏθ˕̤;aÿʁ K �ŗ

_Ŏ�ˀŽȆ˦Ǻ̀ƐĎ;K ��ĸċ K ��Ŝͽzř˴Ŏ�ˀŽʁĮĸ8ºț

êė;Ğ_ƌ K �óĸʁǳ�;ίɓʁ�ˡģȡzôÆaʈ§ʁ�ˡɡʁƐĎ;

ƌ K �ó�͜Ŝʁǳ�;ίɓʁ�ˡzôÆĔıʁƐĎ˧Ŏ�ˀŽ= 

3.3.2  ��zAHDV4d"	 

Ī_ Random Forest ʁŚα。ˍŎ�;ė©ȆŎ�ǡȝ͒ľʁyɡ;˧ƭo\

ʆÊŻɸ͒oŸɌʁ[ʡʺɋ8ĞŎ�͜ʧN;Random Forest ͭ͜ƀʯĶβ²ʷ

ȣ;ŷĞŎ�ΔȺƻʞͪǁȄľʁŎ��ˡ;Ţµŝ。ˍôÆŴƷͯƭʁƐĎ8

ĞĪ_ΞȎȮȜʁ。ˍŎ�ʺɋŏɱ͜ʧN;ʟˎΔȺȧǋŏθɰĬŏɓʁ。ˍ

Ǥǋƀʯ。ˍź;ĞˎΔȺɸ Random Forest ʺɋŏɱ�ˡʁʘʯ;ȖºțĪ_

Random Forest ʁŚα。ˍŎ�ƺȍʁŎ�ǡȝ8 

91Wʺɋêɴ< 

ΞȎȮȜͭ͜ƀʯĶMĖƋ²ʷȣŏɱ�ˡʁʘŎ;ʟˎΔȺȽMĖƋ²ʷ

ȣzȧǋ。ˍĂ ċ�ˡģȡ ƀʯĖ

Ƌ¹Ǥ;ĞˎΔȺȽβ²ʷȣzȧǋǝÆʁ。ˍĂʘŎ[Mģȡ(y(, y*);ŷŗ

k βȣʁ�ˡģȡ̉͡ŵĢ�oίɓ�ˡ(y(, y*) = (/:
:;/:

7;⋯;/:
<

=
, /7

<;/7
<;⋯;/7

<

=
)8 

92Wʺɋºț< 

Ğ�ɸΞȎȮȜ̉͡�ˡģȡʁίɓ͜ʧN;²ʷȣʁǤǹ²ŎŎ�ˀŽ

[M̒ė˂;ėȸ;ĞȌǦͭͪ͜ǁaÿǤʁ²ʷȣȖȾ͒Ŏ�ˀŽ;ȖʘŎ

Ȅ�ʁȣMǤ8 

X = (x1,x 2 ,...,x j ,...,xn ) Y = ( y1, y 2 ,…y j ,…, yn )
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93Wŏθºț<  

o\ȬθĪ_ΞȎȮȜʁŚα。ˍŎ�ˁ˘ĞŏΕŎ�ɰĬNʁŎ�ǡȝ;

Ğ̭ŏθN;ȌǦɸ\ȌǦŏɓǤǋ�oŏθǤǋ;̭Ǥǋ¦Ȇ 225 Mì

˥ɡ;ȽMì˥ɡʈ͉ 0.6m, Ǥǋǅɤ 7:3 ¼º̠ˏċɓ̪;̈ Nɓ̪B

ʁŎ�ˀŽĿCƳʚ: 

 

 
ĝ 3-3  ĖƋ Random Forest Ŏ�ơ˰ 

Fig.3-3 ĖƋ Random Forest positioning performance  

ȧǋBĝ˕ȝ;Ɓŀʁǳ�;Ξʌ²ʷȣǤʁĮĸ;Ŏ�ˀŽͫɛĮĸ;Ŏ

�̰ŪƁŀΗ�;ƌ²ʷȣǤó 180 ʁǳ�;Ŏ�ˀŽ͙ÆȄĸ�;Ŏ�̰Ū

o 1.675 m;u”;Ξʌ²ʷȣǤʁĮĸ;Ŏ�ˀŽƁŀCΗ=ėȸȧǋŏθ

˕̤;aÿʁ²ʷȣǤŗ_Ŏ�ˀŽȆ˦Ǻ̀ƐĎ;Ǥ�ĸċǤ�Ŝͽzř

˴Ŏ�ˀŽʁĮĸ8ºțêė;Ğ_ƌ²ʷȣǤ͜ĸʁǳ�;ίɓʁ�ˡģȡė

oȱĦ͜ǀþ˧ř˴Ŏ�ˀŽCΗ;ƌ²ʷȣǤ͜Ŝʁǳ�;ίɓʁ�ˡģȡė

oȱĦȳǀþ˧ř˴Ŏ�ˀŽCΗ= 

3.3.3  ��G)7�bIV4d"	 

Ī_ GBDT ʁŚα。ˍŎ�;ė©ȆŎ�ǡȝ͒ľʁyɡ;˧ƭo\ʆÊŻ

ɸ͒oŸɌʁ[ʡʺɋ8ĞŎ�͜ʧN;GBDT ͭ͜l̉ƀʯĶβ²ʷȣ;aǨy

×。ˍǤǋċ�ˡģȡuΏʁΦˎơ¹Ǥ;rŢµŝ。ˍôÆŴƷͯƭʁƐĎ8

ĞȌŜ˹N;śͭ͜ĞʟˎΔȺŗĞŏθɰĬŏɓʁ。ˍǤǋƀʯ。ˍź;ĞˎΔ

Ⱥɸ GBDT ʺɋ�ˡʘʯȖ;ºțĪ_ GBDT ʁŚα。ˍŎ�ƺȍʁŎ�ǡȝ8 

91Wʺɋêɴ 

ÿΞȎȮȜʿ�;ȫŽǓÜʺɋͭ͜ƀʯĶMĖƋ²ʷȣȖŏɱŎ�;�Ƚβ
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²ʷȣʁƀʯ�́_uÊƳȆ²ʷȣːƭʁ²ʷ¹Ǥʁίɓǡȝ;çȽβ²ʷȣ

ͽǹĞƈ̌ƳȆuÊʁĖƋ¹ǤʁŎ�̰Ū,Ȅ˒Ķβȣʁ²ŎʁĖƋ¹Ǥ�oȄ

˒ʁ�ˡĖƋ¹Ǥ8 

92Wʺɋºț 

Ğ�ɸȫŽǓÜʺɋ̉͡�ˡģȡʁίɓ͜ʧN;²ʷȣʁǤǹ²ŎŎ�

ˀŽ[M̒ė˂;ėȸ;ĞȌǦͭͪ͜ǁaÿǤʁ²ʷȣȖȾ͒Ŏ�ˀŽ;Ȗ

ʘŎȄ�ʁȣMǤ 

93Wŏθºț 

o\ȬθĪ_ KNN ʁŚα。ˍŎ�ˁ˘ĞŏΕŎ�ɰĬNʁŎ�ǡȝ;Ğ̭

ŏθN;ȌǦɸ\ȌǦŏɓǤǋ�oŏθǤǋ;̭ Ǥǋ¦Ȇ 225 Mì˥ɡ;

ȽMì˥ɡʈ͉ 0.6m, Ǥǋǅɤ 7:3 ¼º̠ˏċɓ̪;̈ Nɓ̪BʁŎ�

ˀŽĿCƳʚ: 

 
ĝ 3-4  ĖƋ GBDT Ŏ�ơ˰ 

Fig.3-4 Random Forest positioning performance  

ȧǋBĝ˕ȝ;Ɓŀʁǳ�;Ξʌ²ʷȣǤʁĮĸ;Ŏ�ˀŽͫɛĮĸ;Ŏ

�̰ŪƁŀΗ�;ƌ²ʷȣǤó 130 ʁǳ�;Ŏ�ˀŽ͙ÆȄĸ�;Ŏ�̰Ū

o 1.93 m;u”;Ξʌ²ʷȣǤʁĮĸ;Ŏ�ˀŽƁŀCΗ=ėȸȧǋŏθ˕

̤;aÿʁ²ʷȣǤŗ_Ŏ�ˀŽȆ˦Ǻ̀ƐĎ;Ǥ�ĸċǤ�Ŝͽzř˴

Ŏ�ˀŽʁĮĸ8ºțêė;Ğ_ƌ²ʷȣǤ͜ĸʁǳ�;ίɓʁ�ˡģȡėo

ȱĦ͜ǀþ˧ř˴Ŏ�ˀŽCΗ;ƌ²ʷȣǤ͜Ŝʁǳ�;ίɓʁ�ˡģȡėo

ȱĦȳǀþ˧ř˴Ŏ�ˀŽCΗ= 

3.3.4  �\bI0g 

˜Bŏθ;øʐĪ_ȎēŊZʁ。ˍŎ�̰ŪͽĞ 2m r¬;dȄľʁŎ�ˀ
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Žør͙Æ 1.65m;ʈȾ|˘ʁŚαŎ�ǫɋ;©Ȇ͒ľʁŎ�ǡȝ;ėȸȎēŊ

Zċ。ˍŎ�ʁ˕þǹø̉ʁ8 

ÿǳȌǦŗAʡ͒ųɸʁʺɋ<KNN;Random Forest ċ GBDT ʺɋʁŎ�

ˀŽTʺɋĴȏŽïŎ�ƭȌ�\ºțȾ͒;ºț˕ȝ̔̍ 3-28ͭ͜ŗȾòɱ;

KNN ʺɋnŎ�ˀŽċʺɋĴȏŽBĢ©Ȇ͒ιyÔ;ėȸƭo\[ʡ͒oŸɌ

�ɸʁŚα。ˍŎ�ʺɋ8 

ȌǦrŚα。ˍŎ�ǫɋoʓʫŗ̹̉͡\͒oˁ˘ʁºțċʓʫ8ĞĜ¬

ĵxĶŊ˦ʁʓʫĪʕB;ΆŗʆḘ̂ΰĨ|˘Ŏ�ǫɋˀŽaιʁΎγ;̞ þȎ

ēŊZǫɋ̉͡\ÁǪ8͒ |˘ʁÙ;Ŏ�ʺɋ;ȌǦŗǓ·ʁĪ_|˘ȎēŊZ

ʺɋʁ。ˍŎ�ƺȍ˰ķĞ©Ȇ͒�ƭȌʁȕtC;Ȇǡʁŏɱ�ˡʁʘŎ;©Ȇ

[ŎʁÁǪơ8 

̍ 3-2  ʺɋĴȏŽºț 

Table 3-2 Algorithm complexity analysis l 

ʺɋ KNN Random 
Forest GBDT 

Ŏ�ˀŽ 1.62m 1.675m 1.93m 

Ŏ�ƭȌ o(n*k) O((m log n)). O((n log n)). 

ʺɋĴȏŽ � ι ι 

S̒ìǤ K=10 N=180 N=150 

 Ɏ<¨N k ǹ KNN ʺɋN k �;n ǹȥȌǤʆ;m ǹɪƑǤ8 

rBʺɋʁa͈Ğ_;ŏθǹĞà[ʁő¬ɰĬCŏɱʁŎ�;�Ğʋŏɷɐ

NʁŎ�ɰĬN;ɱĞ̣ĶʁŎ�ĠǾͽǹĸ̖ȱʁő¬Ŏ�ɰĬ;˧ |˘ʁȎē

ŊZʺɋĞĴȏʁĸ̖ȱĶʬΏʁő¬Ŏ�ɰĬɰĬNzɹ_ýMʬΏʁɩɴɰ

ĬʁŪƂơř˴Ŏ�ǡȝõŪ8ėȸĿ�̚²Ğĸ̖ȱĴȏő¬ɰĬNʁŎ�Ύ

γ;C[˹ƮsśǓ·ǪʁʺɋȖ̚²8 

3.4  ��L)!�V&|4d"	 

ĿB˹Ƴͦ;|˘ʁȎēŊZʺɋƔΡͩŻĸ̖ȱĶʬΏʁő¬ɰĬ;˧ Ğʋ

ŏʁŎ�ɰĬN;Ŏ�ĠǾĸĶǹĸ̖ȱʁĶɩɴʬΏʁŎ�ɰĬ;Ğ͠ʡŎ�ɰ

ĬC;|˘。ˍŎ�ɹ_ΡrͩŻ͠ʡĶɩɴʬΏʁŪƂơ;ř˴Ŏ�ˀŽCΗ8

˧ΞʌjŨʜ˔ˠ；aǨóʁǪʁʮʔ;ɘŽŊZɹ_¨ȀľʁŊZơ˰ƅ̈́\

ƔĶ§Ɏ;ėȸȌ˹śŞ̪ͭ͜ʜ˔ˠ；ċŚα。ˍŎ�̉͡˕þȖ̚²͠MΎ

γ8oȸ;ȌǦǓ·\[ʡǞ͡ʁĪ_?Ťʜ˔ˠ；ȱĦʁŎ�ʺɋ;Ȍ˹Nśl
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˓̭Ŏ�ʺɋ;ŷĞĸ̖ȱʁ¤ƁǤǋ UJJINDOORLOC Bŗ̭ʺɋ̉͡θ̦8 

3.4.1  L)!�Tr�e 

ɘŽŊZǹ[ʡɹĶŤʜ˔ˠ；òŦʁŊZȱĦ!��;�,"8|˘ʁȎēŊZʺɋŗ

_ɪƑŨʧʁ�́ơȾ͒ĸ;˧ͭ͜ɘŽŊZȱĦørͭ͜ɪƑǓóƯºŤɪƑ

ǓóȖqȃjŨ˿óɪƑ;Ȗ͙ÆȀœǵnŏ�NŊZvÐǡȝ8 

ʜ˔ˠ；;Ğ 80 ŶqƁŀƭo\jŨǿ˰Nʁʓʫɢɡ;¨ͭ͜ŗj˱ʜ˔

̉͡ƿ̹ƀʯǤŊȱĦ;ɹĶŤʁʜ˔�ċʜ˔�uΏʁaÿʁͣǐǫƄȚƭˠ

；8ʜ˔ˠ；Ğ¨oΰĨaǨóƗʮʔʁÿǳ;vƭo\[ʡ̒ʁ。ˍŎ�ʺɋ8

¨Ŏ�ʁĪȌêɴǹÄɸĶŤʜ˔�uΏʁͣǐ;ȧǋ。ˍźNǤǋŊZ·。ˍ

Ăċ�ˡģȡuΏʁΦˎơ¹Ǥ8ĞŎ�͜ʧN;͕ ¢ʁĂoŚα。ˍĂ;

ç X = [2(, 2*, … , 26],͕·Ăo�ˡģȡf	 = 	 [#(, #*, … , #6] .ýŤuΏʁɠɐ¹

ǤɸΦˎơɠɐ¹Ǥ;Ğ̠ˏ͜ʧN;ͭ ͜ñĂ|ǘʺɋɃ̚·ýŤʜ˔�uΏ

ʁȐ;ƗÆȐçøƗÆ。ˍĂċ�ˡģȡuΏʁΦˎơ¹Ǥ 

3.4.2  ���([fjhV4d"	ci 

ȌǦǓ·\[ʡĪ_?Ťʜ˔ˠ；ʁŚα。ˍŎ�ˁ˘;©�ʁˁ˘˕ȚĿC

ĝ 3-5 Ƴʚ8ĞʟˎΔȺ;ǝÆʁŚα。ˍśͭ͜[MĕŤʁ˲˝ʒʜ˔ˠ；

(Auto-encoder)!�/";ɣ”ƗÆ。ˍĂΗ˛”ʁɟĞɪƑ8ĞˎΔȺ;。ˍĂˎͭ

͜ū˔Ǖƀľʁ˲˝ʒˠ；˿ƗΗ˛”ʁɪƑ;ɣ”ͭ͜[MĕŤʜ˔ˠ；ŏɱ

�ˡʁʘŎ8Ğȸˁ˘N;ι˛ŽʁÂŀ。ˍĂͭ͜ Auto-encoder ”͐×ƭ�ˉ

ŽʁɘŤȴɪƑĂ8ɹ_̭ɪƑĂ˰ķōǥʁƣĴ·êŀʁ。ˍĂ;ėȸ�

ɽ\。ˍĂNȄɘŤȴʁɪƑ8ɹ_Ğĸ̖ȱʁő¬ɰĬN;AP ʁ͓Ś˽ěȆ

Θ;ėȸĞì˥ɡǝʁ。ˍǤǋ©ȆƔƊʁʦɾơ8ėȸ˔͜ȸˠ；;ƮsǓó

·Śα。ˍNʁɟĞɪƑŏɱŎ�;Ǔι\Ŏ�ˀŽ8 
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ĝ 3-5 ʟˎΔȺȩȞ 

Fig.3-5 Offline stage framework  

 

 
ĝ 3-6 ĞˎΔȺȩȞ 

Fig.3-6 Online stage framework  

 

Ğʟˎͻºʁˠ；ȩȞN;Encoder ͻºǹɘŽʜ˔ˠ；ʁ[ͻº;ɸ_ͭ͜

ĞǮʃʎ̠ˏȊΏŊZêŀǤǋ;ōƭŗι˛Ǥǋ̉͡Η˛Ĳɴ;rǓó。ˍɟĞ

ʁɪƑ;Decoder ͻºʁʆʁǹƣĴ·͕¢ʁ。ˍǤǋ8Ŀȸ̠ˏ Encoder-Decoder

ʆʁǹ˰ķŊZ·͕¢。ˍǤǋʁɟĞɪƑ8 

Ğˎͻºʁˠ；ȩȞN;Encoder ǹɸȖōƭŗ。ˍǤǋʁɟĞɪƑǓó8

Classifier ǹśǓó·ʁ。ˍǤǋʁɟĞɪƑ�o͕¢;Ȅ˒͕·Ťǹ SoftMax Ť;

¨͕·ŧ_ίɓƌÊȥȌƳŧ�ˡºʿʁȰɮ8ÿǳĞ Classifier ʁΟ̅ŤuΏ�

ɸ\ΞȎgƃ;ͭ ͜Ğ̠ˏΔȺΞȎgļŤuΏʁͣǐ;rƊÇˠ；ŊZ®�̍ʚ;

n˧ŏɱȀľʁɌ×ŷʹ¡͜Žǀþ8 
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3.4.3  #}�C 

o\ȬθǓ·ʁŎ�ˁ˘Ğĸ̖ȱĶƀʵɩő¬ɰĬNʁŎ�ǡȝ;Ğ̭ŏ

θN;ȌǦɸ\ UJJINDOORLOC ¤ƁǤǋ�oŏθǤǋ8̭ǤǋÖĄ\ 3

žƀʵɩ¦̜ 13 MȯŤʁǤʀMǣőʁŏθǤǋ;ȽMǣőʁɩɴɰĬĢȆŪÅ;

ǝÆ。ˍǤǋ©ȆƔƊʁʦɾơ;ėȸĞȸĸ̖ȱʁő¬ɰĬN̉͡Ŏ�©Ȇ

Ɣĸʁǆươ8íėo̭ǤǋʁȡʸǹƀʵɩûċȯŤû;ėȸĞ̭ŏθNŎ�

Ύγ͐×ƭ[MºʿΎγ8ÿǳo\θ̦Ǔ·ʁʺɋċ|˘ʁȎēŊZʺɋuΏ

ʁÚÅ;ÿǳ̥̜\ĞB˹NǓÆʁʺɋ�oŗɤŏθ8©�ŏθ˕ȝĿC< 

̍ 3-1 ȎēŊZċɘŽŊZŗȾʺɋʁŏθ˕ȝ 

Table 3-1 Experimental results of machine learning and deep learning comparison algorithms 

1+(KLGNF, 799 :#-CK,�

5KLD0N� 624�� 12NK�D-BKCDL 

̠ˏ /(� /	� ./� //� 

ɓ̪ ,� ,(� ,
� -(� 

ĝ 3-7 Ī_?Ťʜ˔ˠ；ʁŎ�ˁ˘ʁ̠ˏ͜ʧ 

Fig 3-7  Positioning performance of positioning system based on deep neural network 

Ğ̭ŏθN;Ʈsòɱ;Ī_?Ťʜ˔ˠ；ʁŎ�ˁ˘ΞʌͥqȴǤʁĮÏ;

Ŏ�´ʘɮͫɛĮÏ;Ȅ˒Ğ̠ˏ͙Æ\99%ʁ´ʘɮ;˧ Ğɓ̪͙Æ\72%;

ʈȾ|˘ʁȎēŊZʺɋĞ̠ˏǤǋċɓ̪ǤǋBʁ´ʘɮͽȆ\͒ľʁǞ

Ē;̦Ǵ\Ǔ·ʺɋʁø̉ơ8 

�ǹȧǋŏθ˕ȝ;Ī_ʜ˔ˠ；ʁŎ�ˁ˘Ğɓ̪Nʁ´ʘơǴǺ�_\

̠ˏNʁ´ʘơ;ͭ ͜ºț;Ʈsòɱ\ŏθǤǋNɓ̪ċ̠ˏʁǳ

ΏʈŪ\ 4 Mȅ;ɹʳ^ʰʁŏθ˕ȝøʐ RSS 。ˍ�ûΞǳΏ©Ȇ͒Ɗʁaʘ

Ŏơ;íɹ_ĞĕMȅʁǳΏĶMǣőʁő¬ɩɴɰĬø˰òɷ\͒ĸʁõ×;
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ėȸř˴\hƸǤǋʁºŭòɷ\õ×8˧ ɓ̪Ǥǋºŭõ×;�Ɨ̠ˏŊZ

ʁȱĦaĞͩɸ_ɓ̪Ǥǋ;ͯ ƭ\Ŏ�ơ˰Ğɓ̪ΔȺʁCΗ8ĞC[ʰN;

śzͭ͜ƅ¢ǪʁʺɋȖ̚²͠MΎγ8 

3.5  ?`'g 

η�l˓\ȌǦNɸÆʁȱǀTŏɓTċ¤ƁǤǋ;oCǦNʁŏθͻº͡

̉Ήħ8ɣ”Αͦ\ȌǦɸÆʁȎēŊZʁʈ§ƺȍɴ̤8Ȅ”̮ˑl˓\ȌǦǓ

·\Ī_ȎēŊZʁŚα。ˍŎ�ʺɋċŏθ͜ʧ8 

ÿǳȌǦĞĜ¬ĵxĶŊ˦ʁʓʫĪʕB;Άŗų̖ʁȎēŊZʺɋǮɋ̚

²ĸ̖ȱĴȏő¬Ŏ�ɰĬʁʁΎγ;̞ þɘŽʜ˔ˠ；ʁǫɋ̉͡\ÁǪ8͒ |

˘ʁŎ�ʺɋ;ȌǦǓ·ʁĪ_?Ťʜ˔ˠ；ʁ。ˍŎ�ƺȍ˰ķĞ©Ȇ͒�ƭ

ȌʁȕtC;ȆǡʁŏɱĞĸ̖ȱʁő¬ɰĬC�ˡʁʘŎ;©Ȇ[ŎʁÁǪơ8 
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4  ��u]!�V&|4d"	 

ĿB[ʰƳͦ;Ğ̉͡ő¬Ŏ�ʁ͜ʧN;ő¬ɰĬʁõ×śzř˴Śα。ˍ

�ûƊŽʁºŭòɷõ×;ͯ ƭŎ�ơ˰ʁCΗ8bȸÿǳ;Ğĸ̖ȱʁɰĬN

ǪǝǪʁǤǋíś˺̿ũĸʁǳΏƭȌ8ɹ_͚ʥŊZ˰ķ̚²̠ˏċɓ̪

ʁǤǋ©ȆaÿʁǤǋºŭʁŊZΎγ!,	�,(";ėȸȌǦŞ̪ɸ͚ʥŊZë̚²͠

MΎγ;Ǔ·\hʡĪ_͚ʥŊZʁŚα。ˍŎ�ʺɋ;ŷĞ¤Ɓő¬Ǥǋ

UJIINDOORLOC ̉͡θ̦ʺɋ8 

4.1  u]!�VTr�e 

͞ŶȖ;ȎēŊZĞýMΰĨóƗƔĸʁ͡Ŧ;�ȎēŊZʺɋʁƭÎŻɸͽ

Ȇ[M̒�̥;ç̠ˏċɓ̪©ȆʈÿʁǤǋºŭ8˧ ĞŏΕŻɸʁƔĶǫ

Ψ;͠M�̥ƔȆø˰ŷaƭʯ8ĞŏΕɰĬN;ΞʌǳΏʁǑʥ;Ǥǋʁºŭv

Ğòɷõ×;˧ ƌ̠ˏǤǋċθ̦Ǥǋ©ȆaÿʁǤǋºŭʁǳ�;ĸĶǤʁ

˘̜ȱĦΤ̒ǪǝǤǋŷ̉͡ƀȱ;Śα。ˍŎ��ǹ¨Nʁ[M�ņ8 

͚ʥŊZȷǹɸȖ̚²θ̦Ǥǋºŭaÿ_̠ˏǤǋºŭř˴ʁŊZơ

˰õŪʁ[ʡƺȍ!,)"8ͭ ͚͜ʥŊZ;śʹ¡ĸʁĴŷȡɎǤǋʁŨ�;

șĸʁǓιŊZơ˰8Ğ͚ʥŊZN;ūȆʁǤǋʤoɝĨ;ś̒ŻɸʁǤǋʤo

ʆȡĨ;ͭ͜śĞɝĨŊZÆʁȱĦƯŊZÆʁɪƑ͚ʥÆʆȡĨȖŏɱŊZơ

˰ʁǓι8Ȍ˹śǏ̞͚ʥŊZʁhʡʿĦ8[ʡǹĪ_ȥȌʁǫɋ;ͭ ͜Ǟõʆ

ȡĨʁȥȌȐȖ̚²ʆȡĨċɝĨɪƑʬΏa[˴ʁΎγ8ö[ʡǹĪ_ɪƑ

ʁǫɋ;ŋͭ͜Ğ�˛ʬΏNƹÆɝĨċʆȡĨʁ¦ÿɪƑȖ̚²͠MΎγ8 

Ğ͚ʥŊZN;ǤǋĨɹhͻºːƭ;ɝĨGgċʆȡĨDi;dhMĨ©Ȇa

ÿʁǤǋºŭ8ŊZvÐȆhM;ɝvÐċʆȡvÐ;hMvÐørʈÿ8ʆʁǹ

śɝĨGgĞɝvÐŊZʁʐ̨͚ʥÆʆȡĨDiĞʆȡvÐBȖ8 

4.1.1  O-u]!� 

Ī_ɪƑʁ͚ʥŊZ;ĪȌ�̥ǹɝĨGgċʆȡĨDiňĞ¤¦ɪƑ;͠M¤

¦ɪƑørǹĞƌÊʁɪƑʬΏC;vørǹĞɟĞɪƑʬΏC8ĪȌƠƦǹŘƹ

ÆɝĨGgċʆȡĨDiʁɟĞ¤¦ɪƑ;�ƗɝĨċʆȡĨuΏʁŪƂ˰ķȄŜ×;

ÿǳ˰ķµŝºʿĖƋvÐʁ̰Ū8ͭ ͜śɝĨċʆȡĨǸŚÆʈÿʁʬΏ;�Ɨ
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Ğ͠M�˛ŽʁʬΏC;ɝĨċʆȡĨʁŪ͉͒Ŝ!,;,�";Ưͭ͜ŗɝĨGgċʆȡĨ

DiʁɪƑ̉͡ɪƑõǊŏɱɪƑ͚ʥ8͞ ŶȖ;Ȇʓʫ˦íaǨʁǓ·Ǫʁǫɋ;

ĞǦɭNǓ·\rȄĸĢ�ŪƂ(Maximum Mean Discrepancy, MMD)�oɪƑŽ

ȡ´;rɝĨGgċʆȡĨDiɪƑºŭŪƂȄŜoʆȡ¹Ǥ;ŏɱɪƑ͚ʥ;̭ǫ

ɋʤo͚ʥƭººțǫɋ(transfer component analysis, TCA)8ǦɭǓ·Ğ̉͡ɪƑ

õǊʁǳ�;ørśȟ[MʬΏNɬȆʁɪƑõ×ǸŚÆ¨oƳȆʁʬΏB!,,"8Ǧ

ɭǓ·;Ğ̉͡ɪƑ͚ʥŏɱºŭŪƂȄŜ×ʁÿǳ;śĪ_ȥȌ͚ʥʁͪǁǫɋ

ÿĪ_ɪƑʁ͚ʥǫɋ̉͡˕þ!,-"8ÿǳ͞ŶȖ;ƔĶʓʫ˦íƁŀśʜ˔ˠ；ċ

|˘ʁĪ_ɪƑ͚ʥʁǫɋ̉͡˕þ;ŏɱĞʜ˔ˠ；ʁ̠ˏNśɝĨGgċʆȡ

ĨDiʁɪƑ̉͡\͚ʥ!,."8 

 
ĝ 4-1  ɝĨGgċʆȡĨDiN¤¦ɪƑ 

Fig.4-1 Common features in source domain Gg and target domain Di   
 

4.1.2  F?u]!� 

Ī_ȥȌ̍ʚʁ͚ʥ;ĪȌƠƦǹͭ͜ǞõɝĨʁǤǋȥȌȐ͙ÆǪʁǤ

ǋºŭċʆȡĨʁǤǋºŭȀʈ�ʁʆʁ8çʆȡĨċɝĨuΏĞι˛Ž̇ɣǤ

ǋºŭaÿ;�ǹǸŚÆ�˛Ž”ʈÿʁǤǋºŭ;ɣ”ɸȎēŊZʺɋ̉͡

ŊZ8 

ĞǦɭN!,/";Ǔ·\Ī_ AdaBoost ʁǞ͡ʺɋ;ͭ͜Η�ɝĨNʁºΊȥȌ

Ȑ;ĮÏºŗȥȌȐ;ŏɱŗɝĨNǤǋɸr̴ǥǤǋºŭʁʆʁ8ǦɭN
!-	";�˦Ǔ·\ȦǫɋĢ�Ù;ʁǫɋ(Kernel Mean Matching, KMM) ;ͭ͜ƅ¢

Ȧ¹Ǥ͙ÆÏȐ”ʁɝĨċʆȡĨʁºŭuΏʁŪ�Ţø˰ʁŜ8ĞǦɭ[71]N;

�˦Ǔ·\|ͬƄʁ͚ʥŊZǫɋ(Transitive Transfer Learning, TTL) ,Ğaÿʁΰ

Ĩ¬͚ͭ͜ʥŊZ̉͡ʐ̨͚ʥ¦f8Ī_ȥȌʁ͚ʥŊZĞơ˰BċĪ_ɪƑ

ʁ͚ʥŊZʈȾ;©Ȇɴ̤ơƊ;Ɍ×Bɼǵ_̦Ǵʁyɡ;ÿǳvȆ÷ȆĞǤǋ

ĨNºŭ©Ȇ͒ŜŪƂʁǳ�Ƶͩɸʁ˟ɡ8 
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ĝ 4-2  ͚ʥŊZȩȞ 

Fig.4-2 The framework of transfer learning  

 

4.2  ��O-u]V&|4d"	 

ʆÊĸĶǤʁ。ˍŎ�ˁ˘Ğ̉͡�ˡʁʘŎʁ͜ʧN;ɈȆ˥̆。ˍǤǋ

ʁºŭzΞʌǳΏòɷõ×;ėȸř˴\Ŏ�ˁ˘ΞʌǳΏʁǑʥŎ�ˀŽaǨ

CΗ8ȌǦ˕þɪƑ͚ʥŊZǫɋŗ。ˍŎ�̉͡\ÁǪ;Ǔ·\[ʡĪ_ɪƑ͚

ʥŊZ。ˍŎ�ʺɋ;̭ ʺɋ˰ķĞʋŏʁŎ�ɰĬN; Ȉ。ˍǤǋºŭõ×ř

˴Ŏ�ˀŽCΗʁΎγ;Ȍ˹śl˓̭ʺɋŷĞ UJIINDOORLOC ¤ƁǤǋB͡

̉θ̦8  

4.2.1  bI�e 

ȌǦoθ̦Ī_ɪƑ͚ʥʁ。ˍŎ�ơ˰;ͪǁ̠ˏNʁƳȆǤǋ�oɝ

ĨDg;ͪǁθ̦NʁͻºǤǋ�oʆȡĨDi;ȧǋɝĨDgċʆȡĨDiNʁǤǋ

ƀʯ[MŚα。ˍŎ�ȱĦ;ɣ”ɸθ̦Nʁö[ƸǤǋȖθ̦̭Ŏ�ȱĦ 

Ī_ɪƑ͚ʥʁ。ˍŎ�ˁ˘ÖĄhͻº;ĞʟˎΔȺ;ȧǋʟˎ。ˍǤǋǕ

ƀ[MɘŤʜ˔ˠ；ŊZ。ˍĂċ�ˡʇǐʁΦˎơ§ˁ;ŷśȱĦʁÊ¥Ť

Ȑ�ɽ8ɹ_jŨʜ˔ˠ；˰ķnêŀǤǋNŊZÆ�˛ŽʁɟĞɪƑ;ėȸ�

ɽÊ¥ŤȐç�ɽ\ɟĞɪƑǓóǫƄ8ĞˎΔȺ;�ɸ[ͻº”ȖʁǤǋ

Ȗ̠ˏˠ；ʁȄ”[Ť;Ȅ”[Ť�oȄ˒ʁ�ˡʘŎ8Ğ͠MȱĦN;ʟˎΔȺ

ċĞˎΔȺʁêŀʁ。ˍǤǋ©ȆaÿʁǤºŭ;�ǹͭ͜ʈÿʁɪƑǓó͜ʧ
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u”;hƸĞêŀ˛ŽBňĞºŭŪƂʁǤǋǸŚÆö[MɪƑʬΏ©Ȇʈ�ʁ

Ǥǋºŭ;n˧ Ȉ\ǤǋºŭΞǳΏòɷõ×ř˴Ŏ�ˀŽCΗʁΎγ8 

 
ĝ 4-3  Ī_͚ʥŊZʁ。ˍŎˁ˘ȩĝ 

Fig.4-3 System diagram of the fingerprint positioning based on transfer learning 

ʟˎΔȺʁ̠ˏ͜ʧºohMΔȺ;r [ΔȺǹÄɸʟˎ。ˍźNʁŚα。ˍ

̠ˏ·[M?Ťʁʜ˔ˠ；;̭?Ťʜ˔ˠ；ÿʳAʰǓ·ʁ?Ťʜ˔ˠ；Ŏ�

ȱĦ©Ȇʈÿʁ˕Ț;ÊĕŤǹ Encoder ͻº;̭ͻºʁʆʁǹǓó·êŀ。ˍ

ǤǋʁɟĞɪƑ8”AŤǹ classifier ͻº;̭ͻºʁʆʁǹȧǋǓóʁɟĞɪƑ

ŏɱŗ�ˡģȡʁίɓ;͕ ·ίɓ·ʁȥȌŧ_ď[ʿʁ�ˡʁȰɮ8r ^MΔȺ

ǹÄɸŝʁū˔ȡ̢�ˡʁĞˎΔȺʁ。ˍǤǋ;�Ǟʳ[ΔȺŊZʁˠ；ȱ

ĦìǤ8Ğ͠MΔȺN;�ɽ\ʳ[ΔȺŊZˠ；ʁÊ¥Ťˠ；ͣǐċìǤ;ȧǋ

ŝʁȡ̢�ˡʁĞˎΔȺǝʁ。ˍǤǋ;�ǞȄ”[ŤȱĦìǤ8 

ĞˎΔȺ;。ˍǤǋͭ͜[M Encoder ͻº;Ǔó·。ˍǤǋʁɟĞɪƑ;ɣ

”ͭ͜�Ǟ͜Ȅ”[Ťˠ；ʁ classifier ͻº;ŏɱ�ˡʁʘŎ;͕·ʁÿȥǹί

ɓ·ʁȥȌŧ_ď[ʿʁ�ˡʁȰɮ8 

4.2.2  bI�o/�C 

ĞŏΕʁő¬ɰĬN;[ǫΨ;ĞʑǳȊ¬;Śα。ˍ�û©ȆǳΏBʁaʘ

Ŏơ;ç�ûĞ|ǘ͜ʧNôÆĶƒǡŻTñŚTƽŚrïjĉĞő¬ʁΞƧ͂Ñ

ͯƭő¬ɰĬʁõ×;�ƗĞÿ[M�ˡaÿʁǳΏȺǝÆʁ�ûƊŽvzò

ɷõ×;çǐǝ�ûƊŽΞʌǳΏ©ȆaʘŎơ8ö[ǫΨ;ĞΌǳȊ¬;ƲΏȨ

ţċ̥ǬʁǖǠͽø˰òɷõ×;ř˴ő¬ɰĬzòɷ͒ĸõ×;�ƗĞÿ[�ˡ

aÿǳΏȺǝÆ。ˍ�ûvȆ͒ĸŪÅ8 

�bȸÿǳ;ɹ_ő¬Ǡˡ AP ʁ�ˡɈȆõ×;ì˥ɡċ AP �ˡuΏʁʈ
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ŗ�ˡvɈȆòɷõ×;ėȸ©ȆĞ͠ʡƥ³;aÿǳΏȺĞÿ[Mő¬ɰĬǝ

ʁ。ˍǤǋŢʻȆaÿʁǤǋºŭ;�ǹhƸǤǋmȆɟĞ˫ˁ;ėȸør͚ͭ͜

ʥŊZȖŏɱƌő¬ɰĬòɷõ×ǳǓι。ˍŎ�ơ˰8ėȸͭ͜ɪƑ͚ʥŊZ;

śʟˎΔȺċĞˎΔȺʁ。ˍǤǋǸŚÆʈÿ˛ŽB;�ƗĞêȌ˛Ž©Ȇaÿ

ʁºŭʁhƸǤǋ;Ğ�˛ŽB©ȆʈÿʁǤǋºŭ;n˧̚²\ɹ_ʟˎΔȺċ

ĞˎΔȺ©ȆaÿǤǋºŭř˴ʁŎ�ˀŽCΗʁΎγ8 

 
ĝ 4-4  ÿ[�ˡaÿ。ˍʬΏuΏʁɟĞ˫ˁ 

Fig.4-4 Potential links between different fingerprint spaces in the same location  

4.2.3  #}�C 

Ğ̭ŏθN;ȌǦɸ\ UJJINDOORLOC ¤ƁǤǋ�oŏθǤǋ8ĿB[

ʰƳͦ;ɹ_ UJIINDOORLOC ʁθ̦Ǥǋċ̠ˏǤǋʁǳΏʈŪ 4 M

ȅ;ř˴θ̦ċ̠ˏ©ȆaÿʁǤǋºŭ;n˧�Ɨ|˘Ŏ�ʺɋĞɓ̪B

ʁ。ˍŎ�ơ˰͒Ū8ȌǦǓ·ʁɸ_̚²̭Ύγʁʺɋ˕ȝĿĝƳʚ;ʈȾ_ʇ

ǐɸ̠ͭ͜ˏŊZʁȱĦŻɸÆθ̦BʁȱĦ;Ī_ɪƑ͚ʥʁŚα。ˍŎ

�´ʘŽo 84%;Ǔι\ 12 Mʀºɡ8 
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ĝ 4-5 Ī_ɪƑ͚ʥʁ。ˍŎ�ˁ˘ơ˰ 

Fig 4-5 Performance of fingerprint positioning system based on feature transfer learning 

ȌǦĞĜ¬ĵxĶŊ˦ʁʓʫĪʕB;Άŗ。ˍǤǋʁºŭʁǳõơř˴ʁ

Ŏ�ˀŽCΗʁΎγ;̞ þ͚ʥŊZǫɋ̉͡\ÁǪ8͒ ų̖ʁŚα。ˍŎ�ʺɋ;

ȌǦǓ·ʁĪ_ȥȌ͚ʥŊZʺɋʁ。ˍŎ�ƺȍ˰ķĞ©Ȇ͒�ƭȌʁȕtC;

Ȇǡʁ̚²Ŏ�ˀŽΞǳΏCΗʁΎγ;©Ȇ[ŎʁÁǪơ8 

4.3  ��F?u]V&|4d"	 

ĿB˹Ƴͦ;ʆÊxĶʁʓʫŊ˦ŗ。ˍŎ�̉͡ʓʫʁ͜ʧN;ɈȆ˥̆。

ˍǤǋʁºŭzΞʌǳΏòɷõ×;ėȸř˴\Ŏ�ˁ˘ΞʌǳΏʁǑʥŎ�ˀ

ŽaǨCΗ8ȌǦ˕þȥȌ͚ʥŊZǫɋŗ。ˍŎ�̉͡\ÁǪ;Ǔ·[ʡĪ_ȥ

Ȍ͚ʥŊZ。ˍŎ�ʺɋ;̭ ʺɋ˰ķĞʋŏʁŎ�ɰĬN; Ȉ。ˍǤǋºŭõ

×ř˴Ŏ�ˀŽCΗʁΎγ8Ȍ˹śl˓̭ʺɋŷĞ¤ƁǤǋ UJIINDOORLOC

̉͡θ̦8  

4.3.1  bI�e 

ȌǦoθ̦Ī_ȥȌ͚ʥʁ。ˍŎ�ơ˰;ͪǁ̠ˏNʁƳȆǤǋ�oɝ

ĨDg;ͪǁθ̦NʁͻºǤǋ�oʆȡĨDi;ȧǋɝĨDgċʆȡĨDiNʁǤǋ

ƀʯ[MŚα。ˍŎ�ȱĦ;ɣ”ɸθ̦Nʁö[ƸǤǋȖθ̦̭Ŏ�ȱĦ8Ğ

ʟˎ͜ʧN;Âŀ×ɝĨDgċʆȡĨDiʁȥȌȐŷ̠ˏĶMƉºʿē;ŗ_Ȗ

˲ɝĨʁȥȌ;Ŀȝºʿȷʘ¿ĮĸȥȌȐ;ĿȝºʿΊ̰¿µŝȥȌȐ8ŗ

_Ȗ˲ʆȡĨʁȥȌ;¿ȥȌȐʁ̴ǥ¿Àľʈñ;Ŀȝºʿȷʘ¿µŝȥȌȐ

;ĿȝºʿΊ̰¿ĮĸȥȌȐ8̈ NȐʁ̴ǥǫƄĿƄ(4-1)8̝ ͜Ķȴͥq;

Ȅ˒ɝĨċʆȡĨNʁȥȌȐ͇_ʩŎ8ɣ”ȧǋɝĨNʁȥȌȐ;ó͒ĸȐ

ʁǤǋȥȌċʆȡĨNȥȌːƭ̠ˏ;ƀʯŎ�ȱĦ8©�ʁʺɋ͜ʧĿ̍ 4-

1 Ƴʚ8 

ĞȱĦN;ɹ_ȀǞ\ʟˎΔȺʁȥȌʁȐ;�ƗêȌňĞºŭŪƂʁhƸ

ǤǋĞ˔͜ȥȌȐ̴ǥ”©Ȇʈ�ʁǤǋºŭ;n˧ Ȉ\ǤǋºŭaÿĔı

ʁŎ�ˀŽCΗʁΎγ8 

               (4-1) 
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                  (4-2) 

                         (4-3) 

                                       (4-4) 
 

                              (4-5) 

 

̍ 4-1 Ī_ȥȌ͚ʥʁ。ˍŎ�ʺɋĝ 

Table 4-1 Fingerprint localization algorithm based on sample migration 

ʺɋ0�ȥȌȐ̴ǥʺɋ��

͕¢0� ū˔ȡ̢�ˡʁǰǤǋ �ŝȡ̢�ˡʁǪǤǋ �ͪ

ŎʁĪʕʺɋ;ȄĸͥqȴǤ 9�=�

͕·0�ǪǤǋºŭʁǤǋȥȌTŎ�ȱĦ=��

Ɓŀ<�


��Âŀ×hƸǤǋNʁȥȌȐ=�

(��Ƙɰͥq� � ���

#� Ȑȡ´×� �

A� ś ċ �o̠ˏǤǋ�� ̠ˏ。ˍĂċ�ˡģȡuΏʁ
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D� ǅɤ �
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� �

˕Ȕ�

4.3.2  bI�o/�C 

ĿB˹Ƴͦ;。ˍŎ�ơ˰ΞʌǳΏʁǑʥaǨCΗ;̈ N[MêėŠǹ。ˍ

Ăʁºŭòɷ\õ×8Ī_ɪƑ͚ʥʁ。ˍŎ�ƠƦǹͭ͜śhMǤǋǸŚÆ
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�˛ʬΏN;�ƗĞι˛ʬΏNºŭaÿʁǤǋĞ�˛ŽʬΏN©Ȇʈ�ʁºŭ8

˧Ī_ȥȌ͚ʥʁ。ˍŎ�ƠƦǹͭ͜Ǟõ̠ˏNȥȌʁȥȌȐ;ŗɝĨGg
ŗȥȌȧǋȐ̉͡Ǫȥ;�Ɨ̠ˏNʁǤǋºŭċθ̦NǤǋºŭ�

、[˴= 

4.3.3  #}�C  

oθ̦Ǔ·ʺɋʁø̉ơ;Ʈs̥̜\hMŗɤŏθ;ŏθ[ɸêŀ̠ˏ̠

ˏȱĦ;ɸθ̦θ̦ȱĦ8ŏθ^;śêŀθ̦¼ºƭhͻº;[ͻºɸ_̠

ˏȱĦ;ö[ͻºɸ_θ̦ȱĦ8ŏθ˕ȝǺʚ;ŏθ[ʁƀʵɩċȯŤŎ�Ğθ

̦ʁ´ʘŽo 74%;ºțêėĞ_ŏθ[ʁ̠ˏǤǋċθ̦Ǥǋɹ_ǳΏ

ʈŪĕMȅ;hƸǤǋʁºŭ·ɱ͒ĸʁŪƂ;ř˴Ğθ̦ʁŎ�ǡȝ͒Ū8ŏ

θ^ʁ˕ȝǺʚƀʵɩċȯŤŎ�´ʘŽo 78%;ºțêėĞ_ŏθ^ʁ̠ˏǤ

ǋǹθ̦ʁ¨N[ͻº;ėoǤǋĺŜ;ř˴Ŏ�ơ˰͒Ū8ŗȾǺʚ;Ī_

ɪƑ͚ʥŎ�´ʘŽo 90%;ºțêė 16%ʁ´ʘɮǓι;Ğ_ͭ͜ȥȌ͚ʥ̴

ǥ\Ǥǋºŭ;�ƗŎ�ơ˰ƗÆ\ǞĒ8 

̍ 4-2 Ī_ȥȌ͚ʥʁ。ˍŎ�ŏθ˕ȝ 

Table 4-2 Fingerprint localization experiment results based on sample migration 

Algorithm ŏθ[ ŏθ^ ȌǦǓ·ʺɋ 

Accuracy 74% 78% 90% 

 

ȌǦr͚ʥŊZċŚα。ˍŎ�ǫɋoʓʫŗ̹̉͡\͒oˁ˘ʁºțċʓ

ʫ;ĞĜ¬ĵxĶŊ˦ʁʓʫĪʕB;Άŗ。ˍǤǋʁºŭʁǳõơř˴ʁŎ�ˀ

ŽCΗʁΎγ;̞ þ͚ʥŊZǫɋ̉͡\ÁǪ8͒ |˘ʁÙ;Ŏ�ʺɋ;ȌǦŗǓ

·ʁĪ_ɪƑ͚ʥŊZʺɋʁ。ˍŎ�ƺȍ˰ķĞ©Ȇ͒�ƭȌʁȕtC;Ȇǡ

ʁ̚²Ŏ�ˀŽΞǳΏCΗʁΎγ;©Ȇ[ŎʁÁǪơ8 

4.4  ?`'g 

ĞȌʰN;η�l˓\|˘ʁȎēŊZŚα。ˍŎ�ƺȍΨmʁΎγ;çŚα

。ˍǤǋºŭʁõ×ř˴\ő¬Ŏ�ˀŽʁCΗ8ɣ”l˓\ȌǦΤ̒ɸÆʁ͚

ʥŊZʁʈ§ɴ̤ʐ̨8Ȅ”;̮ ˑΑͦ\ȌǦǓ·\hʡʺɋĪ_ɪơ͚ʥŊZ

ʁŚα。ˍŎ�ʺɋċĪ_ȥȌ͚ʥŊZʁŚα。ˍŎ�ʺɋ;çͭ͜ŊZêȖ
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。ˍǤǋºŭʁɟĞɪƑŷ͝ɸÆǪʁ。ˍǤǋBʁĪ_ɪƑ͚ʥʁ。ˍŎ�ʺ

ɋċͭ͜ƅ¢[ͻºǪǤǋǞõêȖ。ˍǤǋºŭʁĪ_ȥȌ͚ʥʁ。ˍŎ�ʺ

ɋ;ŷ̮ˑl˓\ʺɋʁŏθ͜ʧ8Ȅ”ƮsŗhʡʺɋʁŎ�ǡȝċʺɋĴȏŽ

�\ŗȾ;©�˕ȝĿ̍ 4-28ȧǋŗɤ˕ȝ;øʐĪ_ȥȌ͚ʥʁ。ˍŎ�ˁ˘

Ŏ�ǡȝľ;ʺɋĴȏŽ�;ėȸ©Ȇ͒ľʁŎ�ǡȝ8 

̍ 4-2 Ī_ȥȌ͚ʥʁ。ˍŎ�ċĪ_ɪƑ͚ʥŽ。ˍŎ�ŗɤ 

Table 4-2 Fingerprint localization based on sample migration and fingerprint migration based on 

feature mobility 

ʺɋ Ŏ�ˀŽ ʺɋĴȏŽ 

Ī_ɪƑ͚ʥʁŚα。ˍŎ�  84% Ĵȏ 

Ī_ȥȌ͚ʥʁŚα。ˍŎ�  90% ʹà 
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5  gr 

ΞʌǮˎţĨˠ；Ğ£ɳ˽ě¬ʁŸɌͻˢċʥÑǿ˰̥ĳʁ͛ͮǽï;Ś

α。ˍő¬Ŏ�ƺȍɹ_©ȆˀŽιTƭȌ�ʁy͆ơ˰;ƭo͞ŶȖ[ʡSɑʁ

ő¬Ŏ�ƺȍ̚²ǫȪ8�bȸÿǳ;ėoő¬ɰĬĴȏĶõT。ˍ�ûĞǳΏB

©Ȇ͒ιʁaʘŎơ;ėȸŏɱιˀŽʁŚα。ˍŎ�m©ȆƔĸʁǆư8́ _j

Ũǿ˰ƺȍĞýMΰĨaǨóƗʮʔ;ȌǦśȎēŊZċŚα。ˍŎ�̉͡˕þ;

ŘɃ©ȆιŎ�ˀŽʁŚα。ˍŎ�ʺɋ8S̒ʁŨ�bƭȝƢ˕ĿC< 

1 Ǖƀ\[MŚα。ˍŎ�ˁ˘ŵù;ͭ ͜ĞŏΕő¬ɰĬCͻˢʁŚα。ˍ

Ŏ�ˁ˘;ǝŚα。ˍŏθǤǋ;ŷºț。ˍ�ûʁ˘̜ɪơ;rŏɱŚα。ˍ

ʁˀʘŎ�8ͭ͜ŗ。ˍ�ûʁǳΏċʬΏɪở͡ºț;òɱ<1WŚα。ˍ�

ûĞǳΏɪơB©Ȇ͒ιʁaʘŎơ;çĞÿ[�ˡɡaÿʁǳΏȺǝʁŚα

。ˍ�û©ȆaÿʁǤǋºŭ8͠ ǹɹ_ő¬ɰĬʁĴȏĶõ;�ûĞ|ǘ͜ʧN

ôÆĶƒǡŻTƽŚTñŚʴė˂ʴƐĎ;ėȸaÿǳΏȺǝÆʁ。ˍǤǋºŭ

ňĞŪƂ82WŚα。ˍ�ûĞ�û|ǘ͜ʧNȈn͌ƒǉ˩ȱĦ;ç RSS Ξ�û

|ǘʁ͉ʟƭ。Ǥ̎µ;ŏθǤǋ̍Ǵ;Ţʻɓ RSS �ňĞɍÑ;�Ξʌ|ǘ

͉ʟʁĮÏ;RSS ǥ�Ĉ。ǤCΗ͇Ô83WŚα。ˍʬΏċŏΕ�ˡʬΏaňĞ

ǴǺʁˎơ§ˁ;çĞŏΕɰĬN;�ˡģȡċ。ˍĂɈȆiȨʁ[ŗ[ʁ§ˁ;

。ˍĂċ�ˡģȡʁŗŻ§ˁɹ_Ĕıʴė˂ʁƐĎ©Ȇ͒ĸʁaʘŎơ8͠

ʡaʘŎʁΦˎơ§ˁǹƐĎŎ�ˀŽʁS̒ė˂84WĞ。ˍŚα。ˍʬΏN;

。ˍĂʁºŭΦųaĢÕ;ȆcºŭȾ͒ʦɾ;ȆcºŭȾ͒（ŕ8ȧǋ。ˍŎ

�ʁêɴøʐ;Ğ。ˍºŭʦɾʁŎ�;Ŏ�͒´ʘ;Ğ。ˍºŭʨŕʁğǫ;Ŏ

�œǵ·ɱ̰Ŏ�;ř˴Ŏ�ˀŽ͒�8͠ ʡ。ˍĂuΏʁÚºŽaʘŎÿȥǹ

ÿȥǹͯƭŎ�̰Ūʁ̒êė8 

2 Άŗ|˘Śα。ˍŎ�ˁ˘Ρrƀʯ。ˍ�ûċğɴ�ˡuΏ´ʘʁǤŊ

ȱĦʁΎγ;ȌǦ�Ǔ·\Ī_ȎēŊZʁŚα。ˍŎ�ʺɋ;ÄɸȎēŊZ˰ķ

Ğĸ̖ȱǤǋǇǎɟĞɪƑʁy͆ơ˰;ƀʯŐ̕ʁǤŊȱĦ;ǝő¬Śα。ˍ

Ă;ŏɱ�ˡʁʘŎ8ǐʌĞŏΕő¬ɰĬN;θ̦\ KNN;Random Forest Ğ

¬ʁĶʡȎēŊZĖƋċºʿʺɋʁŎ�ơ˰;ŷŗȽʡʺɋƐĎŎ�ơ˰ʁė

˂̉͡\ºț8Ȅ”;ȌǦǓ·\[ʡĪ_ɘŽŊZʁŚα。ˍǫɋ;ɹ_ɘŽŊ

Zŗ_Ǥǋ͒ŝʁǤǋĲɴơ˰͒Ū;ėȸȌǦͪǁ UJIINDOORLOC Ǥǋ

�oŏθǤǋ8̭ǫɋ�ͭ͜śêŀʁ。ˍ�û͕¢ÆĕŤʁɘŽʜ˔ˠ；NǇ

ǎ·Śα。ˍNʁɟĞɪƑ;ɣ”ś̭ɪƑ͕¢Æ[MAŤʁʜ˔ˠ；N̉͡
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Ŏ�8ŏθ˕ȝ̍Ǵ;ŗ_ÿƸʁθ̦;Ŏ�´ʘŽo 96%;�ŗ_aÿƸ

ʁθ̦;́ ʘŽo 72%8êėĞ_ΞʌǳΏʁǑʥ;”ʁθ̦Ǥǋº

ŭb̠ˏǤǋºŭňĞŪƂ;ř˴\Ŏ�ˀŽʁCΗ8 

3 ĞĪ_ȎēŊZʁŚα。ˍŎ�ʁŏθ͜ʧNòɱ;。ˍŎ�ňĞΞʌǳΏ

ʁǑʥŎ�ˀŽƝͮCΗʁΎγ8Ğˁ˘ºț\ƐĎŎ�ˀŽʁýMė˂”;òɱ

ǹŚα�ûʁºŭΞʌő¬ɰĬʁõ×˧õ×;ř˴Ŏ�ˁ˘ǳǡơ͒Ū8Άŗ͠

MΎγ;ƮsǓ·\hʡĪ_͚ʥȎēŊZʁŚα。ˍʺɋ;[ʡǹĪ_ɪƑʁ͚

ʥȎēŊZ;̭ǫɋǹͭ͜ǇǎaÿǳΏȺǝÆ。ˍĂʁɟĞ。ˍɪƑȖŏ

ɱˀʘŎ�;ɹ_̭ɟĞɪƑ©ȆȀľʁǳΏͩŻơ;ėȸĞ UJIINDOORLOC Ǥ

ǋB̉͡θ̦̍ǴŎ�´ʘŽǓιÆ 82%;ʈȾ|˘ʺɋǓι\ 10%8ö[ʡ

ǹĪ_ȥȌʁ͚ʥȎēŊZ;͠Mǫɋǹͭ͜ƅ¢[ŜͻºǪʁ。ˍǤǋȖǞõ

êŀ。ˍǤǋºŭ;ÿȥĞ UJIINDOORLOC ǤǋB̉͡ŏθθ̦;̍ ǴŎ�´

ʘŽǓιÆ 90%;ʈȾ|˘ʺɋǓι\ 18%8 

Bͦ˕ȝ̍Ǵ;ĞŚα。ˍŎ�ˁ˘N;ɸȎēŊZŘƹŚα。ˍb�ˡʁ

ŗŻ§ˁ;÷̠̒ˏʁǤǋ͈ķĸ;ǤǋʁǳΏ[˴ơľ;Š˰˿Ɨ͒ιʁŎ�

´ʘɮ;aļo[ʡȆǡʁŎ�ǫɋ8 
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