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ABSTRACT provided localization techniques with respect to vision-based SLAM

fi ded-robot licati that has b | I lored. Th
This paper presents a method for localizing an Unmanned Aeriafrgroun ed-root applications that has veen largely explore e

. L . se of such approaches for UAV still requires some improvements
Veh|clg_(UAV) m_mdooror outdoor environments. The approach _haqo obtain optimal UAV's position [7] [8]. Once we have a cali-
the "’Fb"'t-‘/ to estimate the 3D pose of the on-board camera by_usmg&ated on-board camera, the problem consists of estimating its rel-
Hauris corner detector and the Levenberg-Marquardt (LM) with theative position and orientation by matching images (i.e. computing
Random Sample Consensus (RANSAC) algorithm to perform det'he inter-image point correspondences), and this is closely related to

tection. The implementation of such computational intensive task&I . ; .
. . e epipolar geometry. Whereas, point correspondences, whieh hav
in embedded system is necessary for the autonomy of UAV. Accel- PP 9 Y P P

A . . _~heen extracted from images, always contain wrong matches, estimat-
erators implemented on FPGA provide a solution to reach requlrea] 9 y 9

f dditi he alqorithm devel ing relative pose from such data requires a robust algorithm. A new
performances. Ina |t|on_tot e algorithm eve_oprr_\ent, we Preserglgorithm was originally proposed for computing the rotation and
thelgmbeddlng of a real time camera pose estimation aIgonthrn Ofanslation between the observed geometry (3D points) and the pro-
a Xilinx System on Programmable Chip (SoPC) platform. Partmon-.ected points (2D points). Combining RANdom SAmple Consensus
ing of our embedded qpp!ipation into hardware and _softV\_/are par EEANSAC) [9] with the Levenberg-Marquardt (LM) [10] method
onaZynq Bc_)ard has S|gn|f|cantly redgced th.e execu_non time whe ads to bearing measurements of the relative pose of an object from
compqred W'th SO“W‘?V.G. implementation, while offering NECesSan initial position since our problem can be formulated as a non-
reconfiguration capabilities. linear least squares problem. To track a set of points through a se-

Index Terms— Localization, UAV, 3D pose of the camera, quence of images, it is required to run a number of iterations and
Harris corner, Matching, Levenberg-Marquardt, Zyng board keep only the hypothesis that fits most of the data as the best one.
The set of points, which totally miss their correct positions (outliers),
can have a severe impact on the solution of the pose problem and it
is important to detect and discard them. The input to the algorithm is

simply the images and the output is the estimated movement together
In the last few years, the development of UAVs attracts lots of reyjth a set of interest points in correspondence. The first step of the

search interests. Their utilization has significantly increased in man¥|qyorithm is to compute interest points in each image. This prob-
tasks such as navigation, recognition [1], surveillance [2] or mili-jo, s resolved after by using robust estimation, here in our case
tary missions [3]. Our main goal is to develop a UAV with flight paANSAC, as a search engine. The idea is first to obtain by some
management system including multiple functionalities in the sameneans a set of putative point correspondences. It is expected that
design. To achieve UAV autonomy, one particular mission of in-the proportion of these correspondences will in fact be mismatches.
terest involves computing UAV's location in unknown environment g ANSAC is designed to deal with exactly this situation-estimate the
using the information gathered by the on-board sensors. Navigayoyement and also a set of inliers consistent with this estimate (the
tion systems are indispensable components of a UAV, enabling {,e correspondences), and outliers (the mismatches). The paper is
accurately localizing the position and orientation, or pose of theyyctyred as follows: In section 2, we present the proposed localiza-
UAV particularly when flying in bad conditions (weather, disaster, jon algorithm considered to get the camera location and orientation
etc.) which decreases the quality of the Global Positioning Sysy, the world. We then describe the hardware implementation used
tem (GPS) navigation. This work focuses on the design and imy, the context of the experimental platform that we have chosen in
plementation of a localization algorithm from a set of images sexection 3. We present also some performance results concerning re-

quence taken from an on-board downward looking camera. The 3Qqrce costs and execution times. The section 4 concludes the paper.
pose estimation of moving camera from its images is one of the

most important functions in a number of applications such as cal-
ibration [4], object recognition/tracking [5] and Simultaneous Lo-

calisation and Mapping (SLAM) [6]. Hovyeyer, these_ appli_cationsA already stated, our goal is to perfoémegrees of freedom (trans-
need accurate measurements of the position and orientation (poﬁgjion and the orientation) localization of the UAV in indoor environ-

of the camera with respect to the scene. Previous researches hemgm (Fig. 1). The principle is to acquire a sequence of images while

1. INTRODUCTION

2. POSE ESTIMATION METHOD

*Email: hanen.chenini, Catherine.Dezan@univ-brest fr the sensor (which will be embedded on a drone) moves. At each ad-
*Email: dominique.heller, jean-philippe.diguet@univ-tibs. ditional acquisition, a set of image features is detected and tracked
This work is supported by French CNRS (Project PICS SWARMS) in the image. The problem of localization and mapping consists in
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and windowed image patches of the key image (features at time
tn_1). Given these two consecutive imag€sand”, our method
directly finds a set of primary matches features using ZNCC (Zero-
Mean Normalized Cross-Correlation) approach. These matched
couples often contain many incorrect matches. In order to achieve a
robust matching algorithm, the RANSAC algorithm is used in com-
puting 3D position of the camera. We thus propose the following
LM algorithm for refining the parameters:

I- We initialize the number of estimatioN=100 performed by
RANSAC before converging and the maximum number of inliers

z M AX _inlier = 0. Then, we give the intrinsic parameter matkix
World Frame RW . . . . . . .
},X of the calibrated camera (i.e. with known intrinsic parameters):
Y
Fig. 1. Localization of the UAV using a set of real images. aw 0 uo
K = 0 Oy Vo (l)
0 0 1

3 steps. For each new image, we: (1) detect distinctive features in

each new video image using Harris corner detector [11], (2) identify =~ Whereug andwo are the column and row where the optical axis

the detected significant features allows to match 2D image featurd€c axis of the camera frame) intersects the image plaranand

in the current image with their correspondences in the key imagew encode the scale change between metric coordinates and pixel

features using ZNCC [12]. The goal of this step is to find corresponcoordinates. Itis equal to the ratio of the focal length on the vertical

dence between two images. Practically, the current images can [pxel size.

matched by taking the previous image as the reference image. In Then, we give initial extrinsic parametefs=[¢, 0, ¢, tz, ty,

brief, the matching process involves computation of the similaritytz]. the3x 3 rotation (orientation matrix (3, 3) and the3 x 1 trans-

measure between two pixels windows and finally (3) estimate canfation (position) vectoflv(3, 1) where, ¢, ¢ are rotations around

era pose based on 2D correspondence using RANSAC. the Xc, Yo andZ¢ axis of Rc respectively (see Fig. 1). To get the
rotation matrixRo, 3 x 3 rotation matrix from the 3-vectog],6,¢]

L . and the translation vectdi,, we use the following conversions:
2.1. Camera Pose Estimation Algorithm

Ccosp.cosp— —siny.cosb.sing— sinf.sing
. . . iny.cost.si .cosb.si
We present here Fhe camera pose estimation algorithm for a cal- Ro = Szfoi:i;;fqﬁ Cfifnc‘zioss;? —sinf.sind
ibrated camera with known intrinsic camera parameters where sing.cosd.sing  cosg.cosd.sing
degrees of freedom of a camera’s pose have to be calculated (i.e. sing.sinf cosp.sinf cosf
orientationR=f(#,0,) and positiorT” = [tz, ty, tz]* between cam- tx
era and image coordinate system. As shown in Fig. 2, our estimation 7o = |ty
tz
Imaget, | HARRIS+ Il for k" (k = 1 : N) estimation
Description ; ;
1. Applying Levenberg Marquardt algorithm (LM). Fgrfrom
l Features t, 1 to N estimation
Featurest, 4/  ZNCC ! (@) Randomly choose 6 correspondences.
— " Matching System's :
parametres (b) For the chosen matched pairs, we compute the error:
Pairs eetimation e=0 — [K~'.m}]". B K" .m} wherem! andm] are
the projection of @D point P, on the panoramic im-
Randomly select Y B For each pair: aQGSIl andI" respectively. NotingEﬁ; is the essential
6 pairs ” e reconsuction matrix of the two columns containing; andm}, we
2D re-projection can write:Ef-;- =[T1%.R? where[T'| x is the antisym-
metric matrix of the vector".
LM Inlier/Outlier (c) Estimation process terminates when the iteration counter
I o tost exceeds a pre-specified limit.
s (d) Compute the updated parameters ve@lor P + ¢,
parametre WhEI'ePCZ[qf)C,ec,gOc,ta?c,tyc,tzc].
estimation .
2. for all theM correspondences: (andy positions of an ex-
Fig. 2. The proposed localization algorithm. tracted corner in the right and left images):
(a) Recalculate? = f(¢pe, Oc, pc) andT = [txe, tye, tzc)
methodology initially considers the corner locations of the current using the updated parametersiofobtained after min-
image extracted by the Harris corner detector (features attifne imization.
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(b) Calculater, y andz (3D position) positions of the pro-

jection of the corresponding model point in the right Table 1. The average of computing time for each processing step

image using the obtained extrinsic parameters (e. P& frame_ . S—
andT). Processing steps number of points| Execution time(s)
u Harris 715/643 0.7829308
z B gg; ggg g% ;g; v Matching 256 0.035613
Z R R(B3) RO T(3) } RANSAC 146 0.090461

(c) Compute the error projection between the left image
coordinates and projective coordinates and count thétable. Once this has been done, the camera trajectory is estimated
number of inlieram. in a two processing steps : the first one focuses on the problem of
) o . recovering the camera orientatiaR,.., and the second step returns
3. if(m > M AX inlier) Update besPsave = Peurr, MAX inlier g estimate for the camera translati@h,,. Given enough points,

=m and record all the inliers. the measurement errors also give good results as shown in Eq. 2.
IlI- refinement: re-estimaté®s,,. from all the inliers using the
LM algorithm. 0.988 0 0
IV- The 6 parametersd, 0, p, X, Y, Z) of Ps.,e define the Rexp = [ 0 0.974 —0.007| , Teap = [0.926,0.093,0.184]*
orientation and the position parameters of a panoramic camera. 0  0.004 0998

@)
For the next experiment, the measurements error is also fine as
3. EXPERIMENTAL RESULTS shown in Eq. 3 and 4 and the RANSAC step is computationally ex-
pensive since it requires solving a nonlinear minimization problem
and does not work well for few points.
To show the validity of the proposed camera pose estimation, we
applied it on simulated data. In order to investigate the efficacy of { 0.7 0 0.7} [ 0.634 0.125 04611:|
) Reacp =

3.1. Experiment Result with Simulation Data

the proposed approach, we perform experiments with a calibrate&:rco = | 0 0.999 0 0.145  0.988 0.037
sensor (HDR-CX240E). For accurate measurements, a sophisticated -07 0 07 —0.678 0.169 0.607
camera calibration is a crucial step before using the sensor for local- @
ization or 3D reconstruction. The calibration step consists in com-

: ) Tiheo = [0.7,0,0.7]%, Tezp = [0.641,0.059, 0.636] 4)
puting the values of geometrical model parameteysvo, o, and . . .
. The image resolution 8280 x 720 pixels. We obtaini, and The errors in rotation and translation depend on several factors such

vo equal to 615.5 and 434.4 respectively. We record two differenfS the initial approximations of the rqtgtiop and translation ve(_:t'ors
and LM parameters used for the optimization process. In addition,
the motion estimation highly depends on interest point features den-
sity in each image. Now, we are trying to adapt the proposed ap-
proach to process real data taken from an urban environment in orde
to obtain accurate results without losing precision.

3.2. Implementation of localization algorithm on a ARM

The software implementation of the proposed algorithm with a min-
imum memory footprint is a straightforward solution for the deploy-
ment of the application in our flight management system. ARM Cor-
tex A9 dual core processor is a popular embedded processor with a
SIMD NEON coprocessor. It has a low cost, low power consump-
tion and small footprint. With the Zyng, we can port our existing
application to run on the ARM processor, without the need for an
FPGA designer. The pose estimation code is written in embedded
C. The development software is Xilinx Vivado 2014.2 under Win-
dows7. The ARM cores run at 667MHz and the off-chip 1-GB
DDR3 memory at 533MHz. The time required for execution of the
different processing step is calculated. Table 1 gives the time delay
Fig. 3. RANSAC results: green points and lines represent inlierso estimate the camera pose between two consecutive frames. The
(number of inliers: 626). total time required for pose estimation execution is more than 909
ms. Here, the time required for RANSAC execution is calculated for
sequences: forward motion (Translation along X axis see Fig. 3) anti00 iterations to generate hypotheses and then keep the best solution
motion on a sphere around the scene in 45 degrees with the camwith the smallest number of outliers. As we can remark in Table 1,
era pointing to the center. In case of forward motion, the motiorthis application contains sequential tasks with different degrees of
composed 0f{ireo = [1,0,0]%,Rineo = I3.3) is the theoretical so-  complexity. In each frame, the different processing phases (Karris
lution. The whole process is executed recursively until the result idlatching and RANSAC) are computationally expensive processes
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specially for Harris step. We will try then to get the best performancel_
out of our code by implementing this part in hardware. The Zynq a

ble 2. On-chip area occupation of Harris design and the complete

SoC offers the possibility to accelerate the implementation througf€s!9" _ _ _
exploring the possibilities for hardware acceleration. Resource type| Harris design| Complete design
BRAM18k 120 134

. . /280 (43%) /280 (47%)
3.3. Hardware implementation of the proposed approach DSP48E 27 30
To accomplish even better performance than the pure software ver- 1220 (12%) 1220 (14%)
sion, we have designed the hardware accelerator for carrying ot~ FF 4127 7446
Harris detector using the programmable logic (PL) and then intek /106400 (3%)| /106400 (7%)
grated it to the complete system (see Fig. 4). Without affecting the LUT 6918 11179
estimation performance, the software parts matching and RANSAC /53200 (13%)| /53200 (21%)

are executed by an embedded processor (ARM processor), while the

hardware part Harris detector is implemented as an accelerator. By

When the hardware accelerator is implemented on PL, it consumes
more power but if we consider the speedup, it results a significant
energy efficiency improvement. When the hardware is running, the
whole design consumes around 1.357 watts with energy consump-
tion equal to 0,233 J1(357 x 0,172 = 0,233 J). The hardware
version with the direct access to memory through ACP AXI port can
reduce the energy consumption by 4.46x compared to the pure soft-
ware implementation. This point is crucial for small UAV where

Processing System (PS)
Cortex-A9

M~Pcore processor

Cortex-A9
MPcore processor

ICache

DCache ICache

Central DCache

Interconnect

Snoop Control Unit
A ]

512K L2Cache

Off-Chip . .
¥ Mernory DDR the payload and the size of the battery are critical. So the use of
326t GP o4 bitacp | L Terece Memory hardware accelerator connected to the ARM processor on a Zyng
Master ports slave port . . . . .
can achieve significant performance improvement for our localiza-

tion application. But a programmable chip also allows to update
the embedded system according to the objectives of the UAV mis-
sion. Moreover dynamic and partial reconfiguration (DPR) at run-
time during the mission is also offering interesting opportunities. It
is for instance possible to replace the Harris detector by a smaller
Fast detector according to luminosity conditions. DPR applied to
the Fast module requires 10ms when a Linux OS running on the

Fig. 4. HW Accelerator connected to the processing system (PS)ARM processor (5ms in a standalone version), it means that runtime
adaptation of the UAV embedded system is a valid solution.

AXI Lite Bus Harris
AXI DMA

AXI Streamirjg interface

AXI Streamir)g interface
Custom IP

Accelerator
ontrol Registers

L

AXI Lite Bus

Programmable Logic (PL)

using AXI-Stream bus to receive the incoming image (or to send the
output image) to the custom IP via DMA module, ACP (Accelera-
tor Coherency Port) AXI can provide maximum bandwidth which
can be benefit for image processing applications. Control signal/e have demonstrated the implementation of a new camera pose
of DMA module along with memory addresses are sent by ARMestimation method in an embedded system based on an hybrid de-
processor via general purpose AXI-Lite bus which is connected teice. We first describe the Harris corner detector, which is the most
central interconnect of the Processing System (PS). Fig. 4 showsommon algorithm for detecting and describing point features. Sec-
the connectivity of ACP AXI port with the hardware accelerator. ondly, we consider a similarity measure based on ZNCC method. To
The generated Harris engine PCore is connected to the system wsroid the matching issues, the idea is to directly eliminate the wrong
ing one AXIl4-Lite interface (AXI GP), two AXI-Stream interfaces matched couples between an image template and the current image.
(AXI DMA module), and one dedicated port each for clock, reset,Then, the RANSAC is used to estimate the best fitting epipolar ge-
and interrupt. The synthesis target is Xilinx XC72020 evaluationometry using LM algorithm. Finally, we extract the camera move-
Board. After synthesis, the resource requirement for Harris desigment from the essential matrix by directly comparing the whole cur-
and the complete design for Harris implementation is reported in Tarent and desired images. The design of an efficient embedded system
ble 2. is the second objective of this work. The implementation results on

For the pure software version, the Harris stage takes alone moeeZynqg Board demonstrate that the hardware accelerator is an effec-
than 782.93 ms. When the hardware accelerator is used to peive way to achieve good performances. Furthermore, the usage of
form this stage, the time is reduced to 172.85 ms achieving a 4.54an hardware accelerator also contributes to improve the power effi-
speedup. Moreover, we measured the power consumption of eaciency of the embedded system, this is a key factor in the context of
component when the hardware accelerator is implemented on pra-small UAV with limited payload. Moreover we experienced DPR
grammable logic or not. In both cases, we observe that the CP#s an effective solution to update the embedded system according to
is consuming about 0.28 watts and the processing system consunmasgssion objective before the take off or even during the flight. We
1.31 watts when no hardware is implemented in programmable logi@re currently working on enhancing the precision of the proposed
In the first case, the complete design consumes around 1.331 wattgalization approach. In future work, we also plan to evaluate the
with energy consumption equal to 1,041J%31 x 0,782=1,04 J).  performance of our proposal in urban environments.

4. CONCLUSION

1546



(1]

(2]

(3]

[4]

(5]

(6]

[71

(8l

(9]

(10]

(11]

(12]

5. REFERENCES

Sung. Chen-Ko and Florian. Segor, “Onboard pattern recogni-
tion for autonomous uav landingProc. SPIE 8499, Applica-
tions of Digital Image Processing XXXV, 2012.

Michael Kontitsis, Kimon P. Valavanis, and Nikos
Tsourveloudis, “A uav vision system for airborne surveil-
lance.,” inICRA. 2004, pp. 77-83, IEEE.

U. S. Army UAS Center of Excellence, “U.s. army roadmap
for unmanned aircraft systems,” pp. 2010-2035, 2010.

Tomas Izo and W. Eric L. Grimson, “Simultaneous pose es-
timation and camera calibration from multiple views2012
IEEE Computer Society Conference on Computer Vision and
Pattern Recognition Workshops, vol. 2, pp. 439, 2004.

Mykhaylo Andriluka, Stefan Roth, and Bernt Schiele,
“Monocular 3d pose estimation and tracking by detection,” in
|EEE Conference on Computer Vision and Pattern Recognition
(CVPR), June 2010.

Hugh Durrant-Whyte and Tim Bailey, “Simultaneous local-
isation and mapping (slam): Part i the essential algorithms,”
IEEE ROBOTICS AND AUTOMATION MAGAZINE, vol. 2,

pp. 2006, 2006.

Jorge Artieda, Jds M. Sebastian, Pascual Campoy, Juan F.
Correa, han F. Mondragn, Carol Marinez, and Miguel Oli-
vares, “Visual 3-d slam from uavsJ. Intell. Robotics Syst.,

vol. 55, no. 4-5, pp. 299-321, Aug. 2009.

F. Caballero, L. Merino, J. Ferruz, and A. Ollero, “Vision-
based odometry and slam for medium and high altitude flying
uavs,” J. Intell. Robotics Syst., vol. 54, no. 1-3, pp. 137-161,
Mar. 2009.

Martin A. Fischler and Robert C. Bolles, “Random sample
consensus: A paradigm for model fitting with applications to
image analysis and automated cartograpl@gimmunications

of the ACM, vol. 24, no. 6, pp. 381-395, 1981.

Jorge J. Mog, “The Levenberg-Marquardt algorithm: Imple-
mentation and theory,” ilNumerical Analysis, G. A. Watson,
Ed., pp. 105-116. Springer, Berlin, 1977.

Chris Harris and Mike Stephens, “A combined corner and edge
detector,” inln Proc. of Fourth Alvey Vision Conference, 1988,
pp. 147-151.

Luigi Di Stefano, Stefano Mattoccia, and Federico Tombari,
“Zncc-based template matching using bounded patrtial correla-
tion,” Pattern Recogn. Lett., vol. 26, no. 14, pp. 2129-2134,
Oct. 2005.

1547



