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Introduction

e Our goal is to make robust systems capable of Navigating in
GPS denied Enviorments.

e Exploring the enormous scope of Indoor Navigation
(Surveillance, Disaster Management or systems for first
response).

e System which can be used Ubiquitously overcoming
nonuniform environmental conditions.

e We present some solutions to the goal we want to achieve.
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Our Approach

Why No to GPS!!

e GPS systems are not indigenous and thus cannot be relied on.

e GPS signal are highly dependent on the operating conditions.

Localization

e The major milestone for autonomous navigation is localization.

e Recently, SLAM based techniques are showing promising
results.

e Our major focus is on localization working on Wifi and Range
based sensors along with vision, laser and sonar based
approaches.
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Our Approach

Why Wifi and RO based solutions

e Payload efficient: requires just 25-30gms of additional
payload.

e Processing efficient: SLAM based solutions require higher
computational cost which in process requires powerful and
heavy processors.

e Cost efficient: These solutions are cheaper. Wifi systems are
becoming common to lots of Places.
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Estimation using UWB sensor

e An EKF based solution to estimate the position and attitude
of the system.

e Uses Gyroscope, Accelerometer and Magnetometer data for
estimation of quaternion.

e Fusion of Sonar with accelerometer for height estimation.

e Fusion of velocity from optical flow camera with the
accelerometer data for position estimation.

e A SLAM based approach for the UWB sensor position
estimation and simultaneously correcting for system’s position.
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Quaternion Estimates

e Gyroscopic data is main input in the prediction update of the
Kalman fusion process for acquiring quaternion.

e Gyroscopic data suffers from bias and an integrating solution
can thus result in erroneous output in long run.

e Assuming that the accelerometer data in the body frame
when operated by the predicted quaternion will result in
gravity vector.

e Thus the accelerometer serve as measurement correction.
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Quaternion Estimates

Prediction Step for Quaternion

1
Sw:[o Wx Wy Wz]v q:§q®5w

: 1 :
qu,t = 5 Qu,t—1 b2y So.n qu,t = Qu,t—1 + qw,tAt

Accelerometer Update
E,=[0 0 0 1], B,=[0 ax a, a
Bo=q}: ®EL® qu,

ax —2(q193 — qoq2)
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Quaternion Estimates

Accelerometer transformation

cosflcos) cosfsiny —sinf 0
ap = | —cospsiny + singsinfcosyy  cosOcosy) + singsinfsinyy  singcosf | |0
singsiny + cosgsinfcosy)  —singcosyy + cospsinfsiny  cospcosh| |1

Magnetometer Update

e The accelerometer however cannot correct for the yaw motion
as the rotation about yaw parallels the gravity direction.

e Based on the magnetic field of the earth we can find the north
direction.

e Our approach uses a Magnetic distortion model for the yaw
estimation.
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Quaternion Estiamtes

Magnetometer Measurement Update

Bn=[0 m¢ m, m,]

En=[0 he h, h]=qE®Bn®qE

Eb:[o JR4+R 0 hz}:[o be 0 by

mx — 2by(3 — 3 — q3) + 2b,(q1q3 — Goq2)
em =2 — Zm = | my —2b.(9192 — qog3) + 2b.(qoq1 + g293)
mz — 2b,(qog2 + q193) + 2b(3 — ¢ — 3)
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Quaternion Estimates EKF

State Vector and Observation Vector

-
vi=[d0 @ @ g m« my m; x y z Vi Vy Vo Xg ya zd),
zz=1ax a, a, me m, m; Vip V,g hg R ]T

t X y z X y z X, y, t

Measurement Update

R 2,
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Attitude Estimates (Roll)
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Attitude Estimates (Roll)
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Attitude Estimates (Pitch)
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Attitude Estimates (Pitch)
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Attitude Estimates (Yaw)
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Attitude Estimates (Yaw)
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Attitude Estimates (Yaw)
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Attitude Estimates (Yaw)
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Attitude Estimates (Yaw)
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Attitude Estimates (Yaw)
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Position Estimation

e Fusion of accelerometer data with the raw velocity
measurement from optical flow camera.

e All vision based solution suffer from drift and in the long run
diverges from ground truth results.

e However, for short duration flights result accuracy matches
vision based ORB SLAM solution.
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Position Estimation

e Fusing the Sonar data and the accelerometer data along with
quaternion operations to account for non linearity.

e Sonar data is precise with an accuracy of & 5cm but suffers
from irregularities.

e High dependence on sonar can lead to noisy and inaccurate
estimates of height.

e We pass the sonar raw estimates through a median filter,
which sorts out the outlier values.
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Position Estimation

Prediction Update

Xe = xt—1 + Vi_1At
Ve = Vi1 + (REa—[0,0,g]T)At

Measurement Update

VX,B

2pxs = Vy.B
(10)t
(g3+a2—a7—q3)

Kexa = HpxaX(HpxaZHpxs + Q)
ve = Up+ Kpxa(zpxa — 2pxa)
Yy = (I — KpxaHpxa)x:
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Height Estimation
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Height Estimation
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Height Estimation
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Position Estimation
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Range Only SLAM

e Range only data does not allow the other UWB sensor to be
localized until we have accurate estimate of system position.

e Our approach make use of velocity-accel fusion for initial
measurements.

e Once the system is able to localize the UWB sensor the weight
on the estimates from the UWB sensor is given more weight.
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Range Only SLAM

5p = \/(ot(s) — 0:(14))2 + (%:(9) — %:(15))2 + (9:(10) — 0:(16))?
Kp = HpX(HpZHj + Q)
Uy U+ + Kp(zp — 2p)
Y. = (I—KpHp)%:
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Position Estimation
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Wifi Triangulation for Localization

e Better initialization of router position leads to better accuracy
in position estimates.

e First interval involves data gathering and applying least
squares to estimate router positions.

e The estimate router position serve as an intial guess to the
EKF.
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EKF Localization
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EKF SLAM with o =3 dB
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WiFi RSSI Fingerprinting

e A pre-calibration is done to extract a fingerprint of the RSSI
signal.

e Based on the distribution we extract the position estimates.

e KNN and WKNN methods are used applying discrete or
guassian dristribution.
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Conclusion

Conclusion

e We presented solutions which do not require high
computation cost.

e The presented sensor solutions are light weight allowing UAVs
to have higher payload.

e The performace of the solution performs comparable to the
state of the art techniques.
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