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Improving The Accuracy of Visual Localization for UAV

Using Satellite Imagery by Semantic Segmentation
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In this paper, we propose a method to accurately estimate the position of a UAV on satellite images
by using the region information of buildings extracted by semantic segmentation for UAV pose estimation.
The localization of UAV using satellite images is based on the similarity between images features using
intensity information. However, the estimation accuracy of intensity information alone is degraded
by changes in the seasons and moving objects. Therefore, in addition to the intensity information, the
proposed meathod uses information on building areas extracted by semantic segmentation from overhead

images to improve the accuracy of position estimation.
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Fig.1 Exploring UAV captured image on pre-existing
satellite image
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Fig.2 Flowchart of proposed framework

2.2 EYEEOMmH

REFETIE, HEERE REEGD S DY OMHIC U-Net
EHCIBYORR YT 4w IR TR YT = a Y ETATH S
building-footprint-segmentation[3] W\ 5. #EF 12X, JofH
BEHEBrEMOT ) 77— a VIEAHEEEGRD T -2ty P TH
% Massachusetts Building Dataset[4] Z W7z, ZDET LI
UAV OIRsZEf{g ¥ # 2B O N7 & A LBz fil U 7z
SAOVEGZ L T1T 5. ANl PR Fig.3 1TRT. $7:4
BE{GOANB e BHH% Fig.d g, HBNIEE @ W
ZEZ DEFREYTEIRT D 2 AR BV 2 2R L TV 5.

(a) Example of input (b) Example of semantic
UAV captured images segmentation result

Fig.3 Extraction of building area from UAV captured im-
ages by semantic segmentation

(a) Input of satellite image

(b) Semantic segmentation result
Fig.4 Extraction of building area from satellite image by
semantic segmentation
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Fig.5 Example of Mask image
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Fig.6 Satellite image with gaussian noise(c = 40)
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EH{%To RMSE % Fig.7, Table.11Z, /A4 X&MA7-fEH
fT®D RMSE % Fig.8, Table.2 IZ/RT. /4 X&EMZ5HE
DR TOVEWEEDWNHICBWTIREFED RMSE 3EkF
HED RMSE K DEDPLTWBZeRnah5. /A4 X&2MATW»
RWEEICBWT RMSE X, S—7 4 ZVED 50 D & EicH
13%, 28—F 4 ZVEDY 100 D & =128 11%, 28—T 4 Z VB
200 D F W 12% WP LTW3B. 4 X2MAGE BV
T RMSE &, »$—7 4 Z VD 50 D & =128 13%, S—T 4
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Fig.7 Comparison of RMSE

Table 1 Root Mean Squared Error[m]

Conventional method | proposed method
50 8.10 7.07
100 7.95 7.09
200 8.07 7.13

Fig.8 Comparison of RMSE with noise

Table 2 Root Mean Squared Error with noise[m]|

Conventional method | Proposed method
50 8.15 7.09
100 7.90 7.19
200 8.11 7.14
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