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OBJECTIVE METHODS FOR IMPROVING DIRECT
IMAGE - BASED REGISTRATION

Image - based minimization
 Similarly to several ICP strategies that accelerate the alignment, a creation of a balanced kd-tree for
the reference image is proposed, which is done only once before the iterative loop [2].

Improve direct image-based methods to solve the registration problem that provides the
alignment between two measurements acquired at different poses, hence a matching
strategy is proposed based only on the intensity of the pixels and image formation
without feature extraction, which allows to increase the local convergence domain and
speed up the alignment whilst maintaining the robust and accurate properties of
direct approaches.

» Extend the proposed method to simultaneously register both color and depth data and further

improve results when RGBD-sensors are available.
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* The kd-tree is defined such: k* = k(M*), where each measurement of the vector M" =
involves the pixel coordinates with their respective intensity value as:

M; =[p; I"(p)]'
« Anewset M = [M;.M..... M,]is defined as the warped measurements vector, where

o~ % % T

M; = [p? I (w(TT(x),K‘lpIZi))]
e The matching points are estimated with the search function of the FLANN library(3]. The
correspondences are identified by an index as: | m; = match(k*, M|, which gives the i-position

where the nearest neighbor for M; was found in M". Therefore, the new photometric error is
computed such as: e, = M; — M™"

The registration problem has been widely studied in the field of computer vision, direct
methods solve the problem by minimizing the photometric and the geometric error directly in
sensor space as opposed to ICP (Iterative closest point) or feature-based image approaches
which require feature extraction and matching.

* Many optimizations have been applied in one or more stages of the ICP method, but searching
the closest point is the most expensive stage in computational cost. Diverse methods have
been proposed to improve searching for the closest points and they can be classified as
follows:

Point to point, point to plane,

metric -
Geometric - based plane to plane, kd-trees, ...

where M;"= AM*(m;) is a vector with the matched points.

Matching
strategies —> Feature - based = SIFT, SURF, ORB, ...

If the match is computed at each iteration, then the metric error generated
between the warped and matched pixel coordinates could be minimized. The
error function is computed as:

Nearest Neighbors,
we===__ bilinear, bicubic, spline,

lanczos, ...
* Whilst ICP has been studied separately from direct image-based pose estimation approaches,

these matching techniques share much similarity in obtaining the estimation of the pose in
different applications (Figure 1).
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-+» In order to find correspondences using information from the reference data
measurements, the projected warped points could be projected-back into the
reference image trough the inverse of the transformation matrix as:

M, = [w (Kﬂs (TT(x))_l P}, ) I (w(TT(x), P; ))]T

Applications of Image
registration methodology

Multisensor - based Model - based

TT(x)

Viewpoint - based

Bi-objective minimization

Images of the same scene Images of the same scene Images of the same scene Images of a scene and a * The measurements vectors are Created 1mn 4 dlmensmns (3D + lntenSItY) as fOHOWS:
are acquired from are acquired at different are acquired by different model (pre-computed) of -
different viewpoints. times. Sensors. the scene are registered. fp* K_] p“" A T 4
M’ M= - . R4 xmn
Z (TT(x).P*)
Fig 1. Applications of Image -based registration [1] 4
* The matched points are used in the minimization of the two error functions point to plane and

bilinear interpolation such that:

\ exyzl, = [AﬁR(x)N*T(P?‘ —M3TT(X)P;) 1 (w(TT(x), P; )) — I ]T

_____________________________________________________________________ .
T I W W W . : m — vector that contains the index values _, . m _ gy :
ees U AMatehine Veiohtine Minimize error aclinc k: p¥ = [u¥ v"]T - warped pixel coordinates where the closest point was found P;, - Warped 3D points Ii* = I'(p]") — matched intensities :
. . * * * * . . .
If the aforementioned stages are developed, first a measurement vector M"* = M|, M;3,....M;] is - Simulated images
obtained in a reference position and its corresponding match is found in the following position, 50 synthetized images with Gaussian noise and random initial pose were generated for the simulations,
where a new measurement vector M = [Mi.Mz.....M,] is obtained. where a multiresolution pyramid was used to improve the computational efficiency. The computational
Based on the point pairs between two datasets, an error metric is defined as: time estimated during the iterative loop and the number of iterations until achieve convergence are
= M, — f(M},x) computed for each image generated. The average of these results is shown in the following table:
l | R
. . Number of Iterat1ons Computatlonal time Method Iterations Tlme (SeC)
where the unknown motion parameter x is computed such that: i R i - B i (mean) (mean)
H_XYZIN_first_iter ESH | : _0_”:’“’21:”-" irst_iter ESH | Bilinear interpolation
v 200 |- :?:L‘:ﬁ;?;z&é;e'“—E.s” ....... ........ ag ... ...... ......... il —%Tﬁ:i???:ﬂé_;rﬁer‘jsﬁ ....... ............... ....... ......... (I_ESM) 61.40 0.6515
X = [ ] = _(’TW])_llTWe € R6X1 . Bilinear interpolation +
w l 1k : : L : : 3 ; : : d o [f: matching at first iteration 57.28 0.4809
0 150 feeeene ........ ........ ........ :ﬂ ....... ............... Bt Sarees s T - 1.5 : : : : : : : | (I_UVI_first_ ESM)
Finally, the pose estimate is computed at each iteration using an homogeneous update T until 5 1R 2 Fybrld method 14.88 0.3784
- o ool - - Y gpif L f AR R Al (H_P2PI_ESM)
convergence as I < TT(x), where the homogeneous pose matrix T(x) is related to the angular NN Hybrid + matching a firs 1086 N
w and linear v velocity by the exponencial map T(x) = el*]r, with the operator [], as: e """" T LA (HXYZIN._first_iter)
.L.ﬁ‘ AR RAE a : M P AT AH 1o PR 4 0 Hybrid + matching in all
[(l) v i eeandins "" s o SO LAl e aed TR Y 8 ST 0 W 0 : : - iteration 10.26 0.4808
x|\ = s B B m & % % 4 & W P R (4 XY21 N alliten
where [+], is the skew symmetric matrix operator. - Real images
» J Part of real RGB-D images in a real sequence [5] were used and resized to carry-out the new image-based
algorithms. The first image was considered as the groundtruth and the correspondences are found for

each image that follows, where each one generates a bigger error when the camera moves gradually its

R ELATED WORK position. Finally, the full trajectory was estimated (sequence freirburgi_xyz).
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° WheIl a RGB_D SeNnsor iS aVaﬂable, tWO images Of dimenSiOIlS m X n tal<en at different VieWS 0,025 boveeeeeeeiaann ................. .......... ' .. 200 |- - - _Q_E-zgi-ﬁ-:iqsgggeggﬁs" .............. ................. 16} I:ﬁﬁfégﬁa”'“e”ES" ............... .................. ...................
of the same scene can be considered to estimate the unknown pose between them. Each image ] S SUY W — —— LW hrst £ 5 f =3 g ?
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is associated with an intensity function and a depth function as Z = (I(p), Z(p)), where the
parameter p = [u v]', correspond to the pixel coordinates of T . P . 5
* Three main strategies can be considered to compute the unknown pose. Since the techniques S =

H_KYZI_N_first_iter_ESH

Time(sec)
=

05015 Fempenssspape % ............ J AR % ............. i..é .................

RMS error

Iterations

100F---F--- .......% ................. ; ................. %"""""'TJ?':{;‘ R, g 8

shares much similarity in the iterative estimation of T(x), the main differences are shown in S e B et CINC T R I 1
the following table. L j E R | i ; i . 0
0 5 10 15 20 25 % : 0 15 2 %
Number of inages Number of images
GEOMETRIC - BASED PHOTOMETRIC -BASED HYBRID - BASED[4] W . ... ... N, Lo 2 [ orond
: A T(x) T(x) T(%),_ 0| ' — estimated
) ) Measurement: Brightness at pixels Measurement 3D + bl’lghtness 1.2} ngﬂlmi:h L i ........ ......... ........ Il 1 IZ 2 13 | ."1 T é';, _ difference
Measurement: 3D Euclidean points coordinates ey E Y S 7, , 08 Vi
M. =K 9.7Z. =[X.Y: Z1" M; [X;Y; Z; 1 | T R 07 a,t"k:;
l pl l [ 1 71 l] Ml — I(pi) I(pl) (pl)] 2 T _ .E?}
E 06 ____ N /
Minimization of Error function: Minimization of Error function: M'mmlzatl(_m Of error function: . K
Point to plane. Bilinear interpolation Bi-ob 3Ct|Ve Ny B
D *.1- T FY [ —1 _ xr7x * * 6?(;-
eGi = RR(x)Nl (Ml — H3TT(x)Ml) eli = I(w(TT(x),K 1piZi )) —1 (p ) €i = [ € l] )
" 2 I N B N B B . |
Without the matching step in the pose estimation algorithms, the distance is computed bees w7 s s 1 An 12 a3 a4 is bt a3y 1 5 1

for every set of coordinates M,, and its performance depends on the dimension n of the
measurements vector.

T T T T T T T T T T T T T T T T T e T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T ST S TS S m s \
I{ K — Calibration Matrix N* — Normals of the reference points a)(TT(x), P) — warping function [4] A — constant that scales the relative | C O N T R I B U T I O N S
I R Rotation Matrix R — H date f : I3 = [1,0] € R3** - Projects T (x) onto error distributions :
: (x) = Rotation Matrix R — Homogeneous update for rotation the 3 x 4 space P =[XY Z]" - 3D Euclidean point

* A direct image-based registration method that benefits from a “direct” matching step which avoids

q n o S References any feature extraction yet benefits from a larger convergence domain and faster minimization.
* Whilst the novelty lies mainly in the direct matching approach, the technique readily extends for
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