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PER) : optimal partition of the image plane as
to 'qj

By maximizing a posteriori probability PCPcool 1) for a given image 1 .
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: PCPlow
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i. PCPWb) / 1) & P

"ᵗ%Ñm⇔c properties of the partition .Image Based cues
observation given a
model state .

The image partition to be composed of N regions without correlation between labelling

PCLIPCND =p (21 {obs , . . .. MN } ) =¥,PRi)
the pro of observing an

image 2 when Ri is a

region of interest .

Assume that the observation 1 consists of a set of feature values text associated
with each image location . ( image intensity, pixel color , gradient . . . .)

we make the assumption that the value of fat different locations of the same regi can

be modeled as independent and identically distributed realizations of the same random process .
Let pi be the PDF of this random process in hi .
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dx is the bin volume .
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AN}) = -& fan. Ivypitted)dxt ✓KI
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. min ( F-{hi }) = min C- { for. pctcx) )DX)

Two- Pase Level Set
Assume that a portionring of the domain or such that each pixel is ascribed to one of
two possible phases .

i. F- 1$ ) =far - H (4) log pcf) - (1-1-140)) log Plf) + v1OH (D) Idx

where Hilo) = { 1 it ∅ ≥0
,

0 0 else
.



Robust Real-Time Visual Tracking Using Pixel-Wise Posteriors Choose]
wcx, p) : take a pixel location ✗ in the object
frame and warps it into the image frame
according to parameters p .
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The joint distribution fora single pixel given the model :
PCX , y , B , P . M) = PCX , YI B , P , M) PCI , P, M)

↑ ↑ ↑ ↑ ↑
Exist color counter warp
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PCM; b) = It's j=f, b -
pixel-wise posterior

= ip-i.j-tt.bg
= PCX , B, P / D) of the model M given

a pixel values y .
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the location p given pixel {× , y }
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it can be drop as it is constant .



The pixel- wise posteriors :
✓ number of pixels .

PCB
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constantfor all pixels

B is known from model
.
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2D- 3D Pose Estimation Of Heterogeneous Objects Using a Region Based
Approach (2016)

It is common in region- based segmentation for a closed curve to be evolved such that
discrepancy CHASES between the statistics of the 1- ground and those of the
background region is maximised :

F-= Joy rfl It) , C)dirt fourbold , C)din
why -_ foregroundof image CRZ , [ {✗☐

, yo}, . . . , {✗N ,y µ }] , N is number of pixels .
Lhb : background
✗ = IX. y]

ICX) =y , pixel value
C-{ ix. y>c-R4BCX)=o} : the contour

,
the zero level- setof the function DX

where rf and rn are two monotonically decreasing functions, measuring the matching quality
of image pixels with respect to the foreground and background models

.

① Rewritten the energy function :

F-(B) = fan He (B) rf CX) + ( I- HeCBD risk doh

Bla = {
-du

,
it✗East

,
dex)= min I × - ✗c I

DCXJ . V-✗C-Wb XcEC

He is smoothed Heaviside step .
He [ ②(X)) = -¥atancs.BG/D--z

,

with s determines the pitch of the smoothed transition

rf and rb are given by the likelihood ofa pixel property [such as color) under a given
model

,
i. e. VCX) = PCY/M)

,
with ME {Mf , Mb }.

PDF of a pixel value y belonging to the foreground- or background
.

② In contrast
, assuming pixel-wise independence, and replacing integration with summation

,

the energy given by the negative log ( posterior probability of the shape of the contour (B)
given the image data :

^

PC 201 2)✗ ftp.CHECBIXDPflyl-C/-HelBlX)DPblyD-hgx
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i. F-(B) = - log CPC ② I ID
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>

=
-I log CHe(B)Pf + ( 1- He(D)Db)
✗EN



9=21×3. pixel
value

↓
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: ply)= PcylMf)P(Mf)t PCYIIUb) PCMb)

i.

t.CM#y)Ply)--PlYlMjJPCMj),j--hf.bY.--P-Mjyj--P-YM-PCM-j
_

E{i=fb}PfPlM#
Let hf = ,,He(③CXID, Mb = ¥2,11 - HCBCXID) , 4=nf+Yb

foreground pixels background pixels all pixels number

number number

i.P-f-nnt.PL/b--nyb:.P;cy)--P-Ujyf---PlYlMi#i- = PCYIM;)

Yj [{ i-f.by PCY /Mi)H.PT#nftynb)Mb
The Ply /Mj) are estimated by calculating the histograms 1256 bins) of each color space and smooth

using a Gaussian kernel . For simplicity . we assume the RGB channels are independent .
:¥= PCyp.IM) pcyo.IM ) PCY /BIM)

(a)

1-

7

[ is



Let A- [Xi .dz
,
I } .
Xx , Is ,
I6 ]

T
the pose parameters .

t = [×, , Xz ,×} ]T

R= exp(A) , ✗ = [ ,
→6 Xs
0 ⇒

-Xs do 0

i. =
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relay on statistical properties est geo differentials of the
weight applied to the geo differentials . Object with respect to the

pose parameters .
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-
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Local Regin Based Pose Estimation

Defined a musk function Bncxi, ✗c) Which catered at Xc
,
with a radius d :

Bn (✗i. ✗c) = { I 1 Xi -✗ckd
0 else

E- = -g
( Pf - Pb)

*i ✗ c-ou He(B)Pt + ( 1- Hec☒Ñ
'&ᵗ¥¥"

-

: He LED value only change on the counter ! So we define a local
veg , s around every point along the object's contour

.

Using large sized regions, the region statistics will be more robust to the initialization of the object 's pose .
Change in the objects pose will have a lower impact on the statistical models .
Using small sired regions, the ability to capture variations in the region's statistics
increases

.

A small object or a cluttered C'Eskimo background require a small radius to correctly
calorie the variation between regions, whereas for a large objet and a slowly
varying background, a large radius is preferred .



<<Real-Time Monocular Pose Estimation of 3D Objects Using Temporally
ConsistentD (2017)

Result evaluate : ¥,
> t

,
1- C- [0.5, 0.6] ,

lost

F- = - 8 log LHelBCXD-pg-CX.us/-Cl-HeCBCX)D-PbCX.yD
↑ ✗EM

we want get the min of F-

oh CRZ being the image domain , oh→{0,1}↑
background[ foreground

last : foreground region pixel number

tde-histograms :



In order to cover different scales, each of these 
48 base orientations is used to generate a 
template at a close, an intermediate and a far 
distance to the camera, resulting in overall 144 
base templates.

Pose Detection



Real- Time 3D Model Tracking in color and Depth on a single CPU Core (2017)





A Region- Based Gauss-Newton Approach to Real-Time Monocular Multiple Object Tracking
[2019)

In 2D- 3D Pose Estimation Of Heterogeneous Objects Using a Region Based
Approach (201b)

The local region centers ✗ i were caduated as arbitrary sets of pixel locations along C for eoeh
image . Thus

,
this approach in general does not allow to establish correspondences of centers

across multiple frame C Xi Ltc) Xilt i- i )) which is required in order to update the respective
histograms .

Td c- histograms : projecting all model vertices into image plane ,
Xi =TalkCT Ii)*,)

and selecting the subset of all ✗i c- C. center correspondences between frames :

Tv CKCTCTL ) Ii )s× , ) 70CKITCtl-1)Ii ) 3×1

This ensures to keep the individual histograms temporally consistent .

① It a vertex projets onto the contour for the first time, its corresponding
histograms are inited from the local region around its center in current tune .

② Otherwise :
PCYI Mfi ) = G- at) Pt" 191 Mfi) + at Pt

' Ly/ Mti)

PC YIM bi) = ( 1- Ab) Ptl -1 Cyl /Ubi) 1- Ab Pt' Cyl Mbi)

More robust results can be obtained by computing the average posteriors from all
local histograms instead :

Ftl ) =1-
,

Bil✗5- {
'

,
t✗ER:

Ei? Bia,
i&

,

Pti (X )Bia,
0
,
it✗¢-0k

Fb ( X ) = q.in#.x, ,

Pbi (X )BiCX)



i. F- (§ ) =- wIoyC HELD LXC} D) 1-7-44
+ It He (② LXB ) ) )) -PbC☒D .

Gauss- Newton strategy

F-(3) =×jH✗, 3)
,

FIX . } ) =- log (Hel②(☒§)))5th
1- ( 1- He(②(✗ (3)D)Fb(XD

rewrite it as a nonlinear weighted least-squares problem of the form -

.

F- (3) =Éw¥g, FZCX, 5) = É€w4lX FIX ,5)

fixed weights ✗ (X) by means of Gauss-Newton opt and alternationgly using the
refined pose for updating the weights 4lb .

i. 2EÉ÷ = -2 E.wycxs2-t.gs#--EikHT-E-z--EooEg
with 4lb FIX . 33--1

.

i. 22¥84 = gaita> 4¥35'¥s + FEED
Let 21=54,1 =]

-

: -1=(3+05) ≈ F-B) 1- Joss

:
. ÉH Ets) 1- JOSIP = -12111=1-51113-1 2EBJwJo3 + É 051w4Ñ5 5)

Let 21-41%3155031121--0
.
: JTJ 63 = - JT F- (3)

i. o } = ( J 5' JT F-B)





By projecting 3D model into image plane with a given pose, we obtain the silhouette 
mask I s , in which the projected contour segments the image into the foreground region 
Ωf  and the background region Ω b . At each projected contour point m i , the search line 
l i is sampled along the direction vector n i which is perpendicular to the projected 
contour. The j -th sampling pixel of the search line l i is denoted by x ij . s i is the object 
contour point. The object pose that transforms a 3D model point in the object 
coordinate to the camera coordinate is represented by a 4 × 4 homogeneous matrix

Pixel-Wise Weighted Region -Based 3D object Tracking using contour Constraints (2021)

'

iii.I [Rt]
=

0 I

✗= TLC KC -1m¥ ))

0T is parameterized by p = Iwi Wz Was V , V2 Vs ] -1

↓
projected contour

.

real
contour



representing the foreground and background region 
membership posterior probability of each pixel’s color, which 
are calculated by temporally consistent local color 
histograms

we build a bundle image I b by simply stacking each search line. As shown in Fig. 3, 
each row of I b is the sampling pixels x ijof the search line l i.

F- ( p) =
- §ge< wlxi;) toy [ HeCdcxij)) Pfcxij ) -11 1- Held cxij)))Pblxij )]

① P = IWi w2 Was V , V2 Vs ] T

② Xij : The j-th sampling pixel of the search line Ii

③ L : all sampling pixels Xij

④dciij ) = hill ✗ ij - mi) ,

mi : projected contour point .
ni : perpendicular to the projected contour , pointing to background .

dciij) {
>0

, Xij C-Ebb

< 0
, Xij C-Dot

⑤ He [dcxij ) ) = ¥1- atanldcxij)s) +E)

s controls the pitch of the smoothedtransition .

⑥ Pfcxij) amd Pb Cxij) :

Candidate Contour Point :



we assume that the object contour point s i is in the location where the foreground 
probability changes rapidly. Then the candidate point h ij can be computed by 1D 
convolution of a 1 × 3 filter kernel f = [−1, 0, 1] at each row of I p .

The candidate contour point h ij can be extracted if the convolution value is larger 
than the threshold  .

If P(s i | C) is small, the search line l i is likely to be influenced by partial occlusions or 
ambiguous colors, then we reduce the weights of all sampling pixels x ij on the search 
line l i .

hij = (f- * Ip) (Lij ) > c-

lij is the location in 2ps

Probability of Contour Point

For a sampling point Xij , the left area ②xij is defined as ( Xi,j-1 , Xij-2 , Xij-3)
right ② xtij ( ✗ i. j-11 i Xij-12 , ✗ ij-13 )

pchij / C) = Tl Pbcxi;) -11 Pfcxi;)
the probability

✗ is c-③nij ✗ ijE2+hij

that the candidates point hij belongs to the contour

Plhijl F) = IT Pfcxij) IT Pfcxij)
Xijtthij Xijtthijhij belongs

to the foreground clutter point

Plhij / B) = IT Pbcxij) IT Pbcxij)
Xijtthij Xijtthijhij belongs

to the background clutter point

The normalized probability that the candidate point hij belongs to the object contour point :

Pclhij)= Pchij 1C)

pchij lot Plhij /F) 1- pchijÑ

Weight Function using contour constraints

Wclxij ) = { expck , Cl - Pcsilc))) , if Si -1-6
exp ( ki) , otherwise



where k 1 is a negative constant that controls the rate of decay, so that the weight 
function w c (x ij ) decays exponentially with 1 − P(s i | C).

Since sampling pixels far from the object contour are more likely to be influenced by 
partial occlusions and cluttered backgrounds, we reduce the weights of the sampling 
pixels far from the object contour.

wdcxijt-fexplks.DLXij.si )) it 5-1-10 ,
DCXij.si) --HXij - Sill/Nc

expckz ] i otherwise ur

length of
search line /i

Wlxij ] -_Wccxij)WdCXij)

pose Optimization

F- ( p) =
- §ge< wlxi;) log [Hecdcxij)) Pfcxij ) -111- Heldcxij)))Pbcxij )]

= -12 I wlxij)4lXi;) -1-2 (✗ ij
,
P)

XIJEL

where ✗ cxij) = 1-
y ,×ij,p,

,
Fliij , D= - 109-LHeCdCXijDPf(Xij) -1 ( 1- HeldcxijD)Pbcxijj]

f- 2=cXi

2Helgd.ph/ijD2HeCdlXijD2--CXij,P-
= Pf - Pb

2HecdlxijDHeldcxijDPf-ll-Hecd.ch;D)Pb

2Helgd¥ = 2He_2dg.cm#ii.??gmpi---8ddcxiiDniTZmj2dlXijJ8eldLXijD--
2He_ =5-
Zdcxij) TLLH dlxij)⇒

i. bp= - ( I wcxijucxij)JTJ )-18 wcxij)JT
Xij EL XIJEL



RD : rendering
PP : pixel-wise posterior probability caculation
SL : search lines sampling
CS : object contour points searching
DT : signed distance transform
PO : pose optimization
HU : histogram up-date



A. Sparse Gaussian Approach to Region-Based 6170=1 Object Tracking
[2021)

✗ i
= [Xi Yi Zi ]

-1

,
3D model Points

Ii = [Xi Yi Zi 1 ] -1

2 : oh→ {0, . . . . 25J }
}
,
color image 1 with image domain Rick .

Yi = ICXI)
,
color values Yi at image Xi = Ixi Yi] -1

✗i = TLC ✗ i ) = [ Xitx/Zi 1- PxYify /Zi +py ]

¥ i =
'"

i = [% it ]# i
camera model
ref frame ref frame

-

: R= exp ([r]×) = It Ir]✗ + É:[r]I+ ¥:[r ]×3 + - - -

"✗
=

-1%1=-1%8--7,1
-V2 V1 0

The linear variation of a 3D model point represented in camera reference frame C :

' Ii = [Kor ¥, / [ ↳ [AH A;]
'" Ii

0

@ T =[Art Ott ]

It is more natural to variate a model point CFs&) in the model frame since
object is typically mined significantly more than the camera

.

A correspondence line is described by a center ci-ICxicy.IT C-R2 and a
normal vector hi = Inxinyi]

-1 C-R2, with 11h ill2--1 in image .

3D colour point Xi and Ci

associated vector normal to ni

contour Ni image



Using the knowledge that 
foreground and background are 
equally likely along the 
correspondence line, i.e. p(m f) = 
p(m b),

pixels on the line : ✗di Cr) = Lci -1mi -10.5J

↑
distance from center Ci

-÷Xdilr)
↑
t.cc✗F) -Ci

During the pose variation in boot , the projected difference ocit from the

unmoved center Ci to the variated model point
'
✗ it is calculated as :

Oct = hit CTLCCX ! ) - C ;)

The color on the line with distance r :

Yi (r) = 7- (✗di Cr)) Xcli (r) = Lci -1mi -10.5J

The pixel-wise posterior , of the model mi , given a pixel value Yicr) :

pjilr ) = pcmj / Yilr)) = PCY.ir/Mj)PCmj)---PCYilDlMi)Plmi)--
, jc-gf.by

↑ PCYILRD Plyilr) /Mt) Pcmf)+ Plyilr) /Mb) Plmb)

mt : foreground model
background model

=

PCYil.rs/Mj)PlYilblmt)tPlYilrJlMb)--PCYiLrJlMj)ni--
PCYilblmfnf-pcyil.rs IMb) Mb

toregroulnd pixels ↑
" ↳ ' = ;'ˢ=¥¥jÉµ,¥=÷÷;m .

background pixels
number number

Define Pjicr) = Pcmjlyilr)) = PCYiLrJ1Mj
↑ ↑ PCY.in/mfJMf-PCYilb1MbJMb-

model pixel



Remap r C-Ri→ rs in a discrete space :

DCF = hit CTLCCX ! ) - Ci ) > s CST

vs = Cr- Dri )Ñ÷ ,
Ocs? = (Oct - Ori)n

SEN+ the scale describes the number of pixels combined into a segment.

Ñi = maxclnxil , lnyil) projects a normal vector nx to the closest horizontal or
vertical coordinate

.

Ori ER distance from center Ci to defined segment location ( chosen such that the
center rs=0 lies on the boarder between two segments ) .

The likelihood function in scale-space :

PCDI to Ési ) ✗ IT Chflrs - ☐ Esi ) Pst ,- Crs) + hbcrs -oE) Psb ; Crs))rsERS
↑
0 Is ; is a function of A ( pose)

PC Dil A) ✗ IT Chf Cr- Oct) Pfi G) + hbcr- ☐Cit ) Pbi (r))
r C-Ri

Rs a set of distance to segment centers , oÉi has to be chosen such that precalculated
values aligned with segment centers . For htcxs , hbcxs , 10 precomputed values ✗ c- {-4.5. -3-5 , -2.5, -1.5 , -0.5

✗

are used
.

function .

0-5
,
I-5

, 2.5 .
3.5.45]

batty r→ rs
, FEEBLEoffset ☐ Esi 144}_ precalculated values *3-48 segment centers

.

Psfi and Psbi Segment-wise posteriors . Assuming pixel-wise independence : Vs { r}

Psji Crs) = IT pcyicr) /Mj )VESCRS)

+ Yes,!,"Yicrumbs
'
i c- {f. b }

pjic.rs = Pcmjl Yilr" = ¥y?¥¥mF+pcyiwlmb
Mj

where s is a set-valued function that maps rs to a set of values r that describe the
SC scale) closest pixel centers of a segment .



• • i• ; ;•
.

, ↳¥
Precomputed values
◦tht

• • • • • htl)
◦
-4.5

• • •

'

•

'

,
I
•

,
'
• I •

4-§ •

-5 -4 -3 -2
'

I
1

,
121 3 4 J

Ñsi
' l '

l I 1 I / '

i
'
< ¥. I

_

! i.
_ a

hflrs- Pstilrs

① PLDI to Gi ) is calculated for 11 discrete values DCST Eh-5,-4, . . 5 }
distribution- length

② For hfcx) , hbcx ) , 10 precomputed values ✗ C- f- 4J, -3-5 , -2.5, -1.5 , -0.5

function .

at , I-5 , 2.5 .
3.5.45}

are used
.

③ htcx>= É - É tankns.hbcxj-l-zt-ztanhc#sn)Sh--1.3

1. Dri chosen such that the center rs=O lies on the boarder and closest to the
line center Ci

2. For hfcx) , hbcx ) , 10 precomputed values ✗ C- f- 4J, -3-5 , -2.5, -1.5 , -0.5
0-5 ,

I-5
, 2.5 .

3.5.45]
are used

.

3
.
DTs ,

has to be chosen such that precomputed values of hay are
aligned with segment centers of r, making hers -05;) and Psi Crs) and
the same position



Due to a limited number of p recalculated values for hf and his ,
PCDI to Ési ) can

only be evaluated at discrete values ocii
,
theupper and lovers neighboring discretized values

Ots! and of are used to linearly interpolate :
otocsi

%!
085; ☐ Etsi
-

PCD
,
- I A)I Cots! - Ocs?)pCDi lots:-) 1- [OLÉ - 0%;) PCD i 108¥. )
-

PCDI to Ési ) ✗ IT chfl.rs - ☐ Esi ) Pst ,- Crs) + hbcrs -oE) Psfi Crs))
rsERS

c <Is

I
"

l !
,

I

1 Ocs? = (Oct - Ori3k¥
÷

'

!
I a >

Isi 0Gt off,'

PC Dilocsi) = PID.to Is ;-) + coCsi- oc~5.gl#-Ei-PCDikEsiDcocsi--oEsi)

= +_☒5iloGi+_Ñ PID
;
lots ;-)

COE?-oEsi)

1- LOGY- 0%7)
PCD

,-10T¥)

coEi-ac

= OCYi-OGF-PID.to Is ;-) -1 Pepito Estis
iscsi-oEsi

'

: ☐ Est-085.- is a fixed value , it can be dropped .



Gaussian Equivalence
Newton optimization yields good resits for Gaussian distributions .
The goal is to fund smoothed step function hf and his that ensure that the likeihood

follows a Gaussian distribution .
we want the first-order derivative ofthe logarithm of the likehood has to

be equal to that of a normal distribution .
PC Dil A) ✗ IT Chf Cr- Oct) Pfi G) + hbcr- ☐Cit ) Pbi (r))
- r c-Ri -_

PC② , pl Wb) Pc✗ it B. P.Mf) PCMflyi)

① @ T =[Art Ott ]
② Di the data specific to a single correspondence line ,
③ Ri a set distance r from the line center to pixel centers .
④ Pti and Pbi the pixel-wise posteriors for foreground and background .
⑤ Dct the projected difference from correspondence line center Ci to the variatod

model point cXi+

' Ii = [air wit, ] [ It [A]✗ At
◦ , ]

"Fi ,

Ci = TLC✗ i
0 Dci = hit CTLCCX ! ) - C ;)

For Pti and Pbi
,
perfect segmentation 453kt .IE/ikPose) and a contour at the correspondence

line center assumed .

Pti ( r) = { to it r≤0
, Pbicr) = { 0

,

, it r ≤0
else

, else

suppose :
① hfthb = I
② hf and hb be symmetric .

i. hfcx>= 0.5 - th ] , his CD= D-Jtt 'D

where ted is an odd function C-tart c-xD that lies within the interval

E- 0.5 , 0.5] and
^

,
ten

¥%tw - as and Iim 1-⇔ -0-5
"

✗→a

"

± I



Infinitesimally small pixels are assumed to write the likihood from in
continuous form ( product Integral)

PCDIIA) ✗ %chfcr-bci-spfil.rs/-hbCr-bCi-PbiCrDdrr--
→

Convert the product integral to Riemann integral in the perfect pixel-wise posteriors assumption:
Tblafcxsd' = ¥5,1T f- Lxii

"
= exp ( lab In tcxdx)

✗
PC DilA)✗ exp C)*→ In chfcr-bci-spfilrl-hbcr-bc.it PbiCmdr)

= expcf,?→lnchfcr-oci-spficrddr-fr-Y.rs/nLhbCr-bCi'TPbiCrDdr)PfiCr)--
{ to it r≤0

, Pbicr) = { 0 , it r≤0
else 1

, else

= expcf,?→lnchfcr-oci-Ddr-fr.to/nLhbCr-bCi+Ddr)-oCi+1etr-wcF--✗ : fr?→ ⇒ /✗⇒ ,

dr = dcx-10Gt)=dX

✗
= exp ( f-

"÷
In Chf lid DX + /✗=- ☐ ( it

In Chb CX) ) DX)
✗=-0

To eliminate both constant scaling factors and the integral :

=

21h [ e✗P( f-
""
Inc htliDd✗ + /×?-ocitlnlhbcx) ) did]

✗=-0

2 Dci

✗
= 2C f-

" it
In Chf (XD DX + /✗=- ☐ ( it

In Chb CX) ) DX)
✗=-0

20C?

① 2 ( f-
" it

In Chf (XD DX) Leibniz Rule : 4- Bet)=f%¥, 1- ix. tsdx , then

✗=-0

2Dci ᵈ¥=%¥,H¥

dxtfcbcts.tl#t-fcact.tsdaa---5EijalnjhE?+D-dx-1nchtl-acid

= - In Chf C-acid



② 2C /×?-ocilnlhb CX) ) DX)

-

= 0 + 0 1- lnchbl-oc.it))

i. 21n?¥# = - lnchfl-sci-D-lnchbl-oci.tl)

✗
hbo) ✗ Ink)

-

:

F- ± I %

i. Iim In Chf CXD =D ,
/ im lnlhbcx)) = 0

✗→→ ✗→a

-

: htcx>= 0.5 - ta ] ,

hbcxt-O.tt/-lD:.21n%Dc;lI---lnco.5-fc-oCi+DtlnCa5ttc-oci-D
= - Incas (1-21-(-04-+3)) -1 In (0.511+21-(-84+1))
= - Incl-2ft-0C it)) - Ino-5 + In (1-121-(-84--1)) -1 /no-5

= - Incl-2ft-0C it)) + In (1-121-(-84--1))

-

: The inverse hyperbolic tangent : stank_ ' (2) = - Incl- 2) + Incl-12)
'' tanh-1

2ln?÷ = 2. tank
' (21-(-04-1))

.:|; >

✗

We want to enforce our likelihood function follows a normal distribution X~NCU.by
The PDF : fix)=gµ÷éÉ¥-

i. let Dci- NCO , Sn ) ✗ expc-t-ncoc.DZ)



we attain a probabilistic model that follows a Gaussian distribution . Although
assumptions, such as perfect pixel- wise posteriors and infinitesimally small pixels ,
are not an exact description of reality . Experiments demonstrate that we achieve
excellent convergence for used regularized Newton optimization

.

Regularized Newton Method

To maximize the likelihood
,
we estimate the variation vector A and iteratively update

the pose . We use newton optimization with Tikhonov regularization :

② = C - H + [✗v23 0

° ItIs
] )
-'

g

where gt = 2ln%¥1I / •⇒ , 1-1=2212%43100-1 •⇒
✗ r and at the regularization parameters for rotation and translation

.

avymin 111 AX
- b 112 + 117×112 )

,
T is chosen as a 7--22 , I = CATH+ TTT)

- ' Atb
✗

= (At A -11225112135
' AT b

= CATH -122 1) AT b

Finally, the pose can be updated according to :

int = it [ e×PCTgÉr]×) &;-]



The full likelihood : not is the number of correspondence lines
.

PCD / d) 2%1 PCDit
i =L 0%. ≤ 0Gt ≤ Ots!

:
. In PCDIO) & %É In. PCDil

PCD
,
- I A)I Cots! - Ocs?)pcDi lots:-) 1- Cbcs? - 0%;) PCD i 108¥. )
-

PCDI to Ési ) ✗ pychflrs - ☐ Isi ) Psf ,- Crs) + hbcrs -oE) Psfi Crs))

Oct = hit CTLCCX ! ) - C ;)

c It = [air E) [ It [A]x A;]Hi0 I 0

Ocs? = COC? - or,- 3k¥

gt=21ncj / •⇒ = É2hᵈP"i}%; / •⇒it 20cg?

2 /NCPCD; /og ,
✗
linear interpolate

Today Cst> PCDilocsi-J-cocst-OE-iJPCDiloc~st.JP /•=,
=

- PCDI lots :-) + PCD ,-10T¥)
Cots! - Ocs!) PCD ; lots:) 1- Cbcs? - OCT;) PCD i 108¥)

-

: p(Dilocs ;) INC Ñsi I tlocsi , 608;)
-

: PCD
,
- I A)I Cots! - Ocs?)pcDi lots:) 1- Cbcs? - 0%;) PCD i 108¥)

The linear interpolation of two Gaussian distribution PCD i 10 EÉ) and PCD i lots!]
is also a Gaussian distribution

.

and

PCDiloc~si-J~NCOC.si/MoEsi..6ocsi)~PCDiloEsit)i.PCDilA) ~ Nlds! 1 Mois; , 605;)



6e-%E2tn-PD.IE)
= 2lI%¥ÉMEsi , 605 ;D20 Csi

= 2C In •¥⇔+-ⁿᵈzÉ¥s)
Isi
= -4%%z!fñ = -co↳%¥?Y

PCDI / 0 Ési ) ✗ pychflrs - ☐ Isi ) Pst ,- Crs) + hbcrs -0E) Psfi Crs))

✗NcoEsi 1 Mois; , 608;)

and ÑnlPcDj!%¥ =
- 1-

65Gt

' Ii = [if É, / [ It [A]x At
0 , /

'"Fi

/
•⇒

= n'R [ - I!"Xi]× I ]



Oct = hit CTLCCX ! ) - C ;) Ocs? = (Oct - or,-3k¥
✗i = TLC Xi ) = [ Xitx/Zi + Px ]Yify /Zi +Py

o Cst; = ( ☐ Cit - Ori )ñ÷ = ( nil Il ' ✗ it] - C ;) -or;)¥
= ni- ( [ nix niy ] [✗it×/

'
Zi + Px - Cix ] - origYi fy / ' 2; 1- Py - Cig in

scalarIan

= ( hi ✗ ✗Xifx/ 'Zi + Px - Ci × ) tniyl
"/i fy / 'Zi 1- Py - Ciy )

- ori )

ni%?- -ni÷¥it ]%¥÷=ñ÷[ni¥÷

H≈iÉ•%%?¥l%¥÷+%¥" '%¥÷+%¥ / •⇒



Geodesic Grid

The 3D model of an object is thereby render from 2562 different viewpoints that
placed on the vertices of a geodesic grid with a distance of d-8m to the object
center . For each rendering, we randomly sample nai --200 points from the object
contour

.

geodgsic point
•j ✗ = downwards ✗ 2
Render camera

2-
✓

←

> y --2 ✗ ✗
-geodesic
point

✗

" downwards =L 0,1 , 0]

Body • >

Y

✓ 2-



Code

Init

I. ReadposesRBOTDataset

2. Init TrackerC)

Normal,mage viewer {
RenderGeometry : holds rendering data for all assigned bodies as well as the glfw context- t.o.ir the

render make render camera has the same intrinsics as real camera

Renders all bodies into a Dataset RBOTCamera : load images from the RBOT dataset .

normal image that is displayed
on top of a color camera image

Body : holds all body into such as name . geometry data, pose and occlusion ids

Model : stores a model of a body that consists of template views with

multiple contour points .

It includes all functionality to generate ,
save and load the model .

Body
RegionModality : { Model

Dateset RBOTCamera

correspondence search , calculation of the gradient vector and
hessian matrix

. pose optimation ,
color histograms .

visulization . occlusions using an occlusion mask
.

NormalImage viewer 4
RenderGeometry

Tracker :

Dateset RBOTCamera

1 Body
RegionModality : { Model

Dateset RBOTCamera

Evaluate

1 .
Init Bodies

① Model→ GenerateModel

A.Generate camera poses C GenerateGeodesicPoses) See Geodesic Grid

b. NormalImageRender : Render both a depth image and an image where the normal
vector of the surface is encoded in the color of each pixel

setupRender→ RenderGeometry
.
AddBody → Load Mesh IntoVertices I 1



C. Generate template views normal_ image : CV-80C 4
For each view : depth _ image : CV- IOU

① Render image by GL
② FetchNormalImage ( BGRH

,
SVC 4)

③ FetchDepth Image ( 16 U)

④ Generate PointData
1. get A channel of BGRH image .

2. findcontours

3. Calculate data for contour points
a. Randomly sample point on contour

b. compute the point 3D position in the model body frame
2D pixel → 3D in Cam Trane → 3D in Body frame .

The 3D point of model
A channel of BGRH image . ofthe contour .

408¥ point
Render camera

%
-geodesic

✓
Y

point
" downwards =[ 0,1 , 0]

Body
!
§

✓ =L

C. Calculate contour segment and approximate normal vector

segment

¥"n%
""""" "tor

ñ. Liz - p .> = 0
p, contour

= Ñ . F = 0•

Pa sample point
= nxvx + My Vy =D

i. in = [ -Vy , ✓×]

D. normal vector of the sample
'

contour in Body frame

it
normal vector in

am CAM from :Ñ=[nx.my , 0]

•
uy

center_f-body



F-
. compute continuous distances for the foreground and background
where the corresponding regions are not interrupted by the other

.

starting from a coordinate . those distance are measured

along the normal vector
.

[¥%ñ][E]=[¥¥+Éz]=Tᵗ×¥ -141=-147
00 I z Lts (Y) L , ]

1- ✗¥ + c×=u ⇒ ¥ = ¥u
, ✗ ¥ = G- U

i. pixel-to- meter = ¥×

background
distance {=Max

a normal vector

◦ sample point

.

• sample point

foreground[a.#distance
distance

✓ normal vector

•

Closest Contour Point

Finally , we get these from GenerateModel :

- data
-point→ center_ f- body

✗
the contour Point in the body of body frame

data
-point→ normal-t- body{ view_orientation [ data_point→ foreground_distance ] }(

2 axis of cam-view
in body

± am

data
_point→background-distanceat

→

IT ±

Vz



version_id
1
sphere_radius
0.8
n_divides
4
n_points
200
image_size
2000
n_template_views
2562
geometry_path
/media/luohanjie/Hanjie/RBOT_dataset/ape/ape.obj

geometry_unit_in_meter
0.001
geometry_defined_counterclockwise
1
geometry_enable_culling
0
geometry2body_pose
1 0 0 0
0 1 0 0
0 0 1 0
0 0 0 1
maximum_body_diameter
0.3( body-1Camera2 body _ pose : view_ cam from Generate PointData

%i%T can-1body2world_ pose : =

body from model to real camera
.

cam

-1Regionmodality→ body 2.camera_ pose : camera⇒worlds camera - body→ body 3-world = 1 -

body

geometrybody_ pose :

body
-1NormalLmuye Renders → camera Zworld- pose = view_ cam ,

= Camera 2.body_ pose

2. Reset Body ( O)

① region_ modality _ ptr_→ startModality C)

a. Init histograms
AddtinepixelcolorstotempHistogramsC)

can

'T)① GetClosest TemplateView ( body
>✗ t

cam-view

it
Zv ✓y
8ntntat-motcam-vien.in bodycam
> ✗ EH

< ↓
,

>

< body - in body z
> y ✓

orientation

of cam ✓

in body
Z

body body
I"mRj

' 'am

,
orientation = aunt / H%TmtH

body body
't = cant

get template-view which oriotcamtoriofcam-view is maximum
.



n - histogram _bins -32

histogram _f- ( 323 )

histogram- b (323

For each data points of the matched template-view

body 2Camera_ pose . center_f-body = center_f- camera
.

Cam
T . 3D point in the bodybody project point in camera frame

which is projected become
contour .

normal_f-body

↑?am -view contraries
> ×ʳnte_fb¥¥"%%"ʳʰᵗb%

"

••

✓
y

compute : data in com trane
.

center i. in image

normal : in cam frame

foreground_ distance : in image
background- distance : in image

compute the foreground and
background histogram

along the line , which maximum is

10 pixels .

^ normal

• center C project contourpoint of nearest template
-view]

foreground µ compute the foreground histogramdistance

along the line

Histogram __ [ B ⇒3×322-16>73×32
~

(323)
pg 1- Rs> 3 ]

white:[255,4-5,255]

=

2¥. 32×32-1 2¥32-12¥
= 255.4×32-1 255.4-1

B G R ][
III



n - histogram_bins
_ : 32

temp_ histogram_f- : n - histogram_bins-3
temp_ histogram_ b- : n - histogram_bins-3



To find the final pose, the process is repeated 7 times, starting each time with the retrieval of a new template view. 
The first and second iterations use a scale of s = 5 and s = 2, respectively. For all other iterations, the scale is set to 
s = 1. Examples of different scales are shown in Fig. 1. The specified scales have the effect that in the first iteration 
a large area with low resolution is considered while short lines with high resolution are used in later iterations.

3. Iterate wer all frames
3. I ExecuteMeasuredTrackingCycle

For each iteration : scale __ [5,2
, I , I

. . . . . ]

3.1.1 CalculateCorrespondence

body 2.camera_ pose = camera⇒worlds camera - body→ body -world =

1.is?eyTline-length-in-segments--function- length_ + distribution- length _ - I
20 segments To #

y
precomputed values
◦tht

• • • • • • • • • • hft)
◦
-4,5

• • • • • • •
4-§ •

-5 -4 -3 -2 2 3 4 g-
Ñsi

① PLDI / oÉi ) is calculated for 11 discrete values OCST Eh-5,-4, . -5 }
distribution- length

② For hfcx) ,hbCX )
,
10 precomputed values ✗ C- f- 4.5, -3-5 , -2.5, -1.5 , -0.5

function .

0-5,1-5 , 2.5 .
3.5.45]

aroused
.

③ htcx>= É - Étank¥n ) , hbcx)=£tÉtanhc¥n )

5h -4.3

PrecalculateFunctionLookup : ① function Length -40 , ✗ C- f- 45, -3-5 , -2.5, -1.5 , -0.5
at , 1-5 , 2.5 .

3.5.45]
hfcx) - É - Étunh 1¥, . } )
hbcx> = I - hfCX)



line-length = line- length- in - segments ✗ scale

search closest template view

For each contour point of matched template- view :

compute : center_f- body
center- f-Camera

center
_
u
,
center-v

normal. - U , normal_V

continuous : in pixels ✗ scale

① CalculateSegment Probabilities :

• • @ @ • @ @ • • •

-4.5 4-5• • •z •

3 •

4 §→ normal

✓

co " " " "

I"¥ 20 segments
.

' & a
norm""

Mw [center-a. center_☐
ex [ 0.1 , ax] [U-end

,

a- into. I -12012-D) = into. / - 9) = -8 ✓
-
end]↓

[U,v]

if normal _a > normal_✓ → v.step =
normatv
normal-u tbh'B- Scale = ,

starting point u=intc center-u - C knee-length -0-53+0-5)
2

= intCenter-u - (line- length/2- 1)
U- end = ut 1in- length -1



0%. ≤ o Csi ≤ Ots!

PCD
,
- I A)I Cots! - Ocs?)pCDi lots:-) 1- [ocÉ - Ots;) PCD i 1 DIE. )
-

PCDI to Ési ) ✗ pychflrs - ☐ Esi ) Pst ,- Crs) + hbcrs -oE) Psb ; Crs))

PLDI to Gi ) is calculated for 11 discrete values 0 Csi c-{-5,-4, . . 5 }
distribution- length

Rs a set of distance to segment centers

Iterate over all pixels of line and calculate probabilities Psficrs and Psbilrs

for ✗ C- [ V , V-end] , y c- [ V , V-end]
,

get ① pixel- color- probability_f- = histogram _ f- IX. y] : pcyilrlmt)

pixel- color- probability- b = histogram -b - IX. y] : Pcyilrlmb)

pcyilr) 1Mt)ÑcyiG) 1Mt) = pcyicrjlmf) -1 PCYILVJI Mb)

pcyilr) 1 Mb)ÑCYILVJIMb) =
pcy ;G) Imf) + PCYILVJI Mb)

Then :
Ilyich 1Mt)segment -prob bitty _f- [segment _ idD= sirs,

segment _Prob bitty-b [segment _ idk] = IT Ñcyicrslmb)
✓ C-Slrs)

Where s is a set-valued function that maps rs to a set of values r that describe the
SC scale) closest pixel centers of a segment .

normal - component-to- scale = ñi Is
delta- r = Ori

Ñi = maxclnxil , lnyil) projects a normal vector nx to the closest horizontal or
vertical coordinate

.

Ori ER distance from center Ci to defined segment location ( chosen such that the
center rs=0 lies on the boarder between two segments ) .



.

② Calculate Distribution

distribution- length = 110 Csi c-{-5,-4, . . 5 } It ,
11

Loop over entire distribution and start values of segment probabilities :

Loop overvalues of segment pro!>abilities and corresponding lookup values:

function Length -10 , ✗ C- f- 4J, -3-5 , -2.5, -1.5 , -0.5
0-5 ,

I-5
, 2.5 .

3.5.45]Lookup { htcxs-z-Etanhlz.is '
hbcx> =L - hfCX)

!g,µ,,, ,µ, , , , ,,⇔, ,,
compute PCDiloc.si) for each oÉi

• • @ @ • @ @ • • •

-4.5 4-5• • •z •

3 •

4 %→ normal
'

¥
" " " "

¥-20 segments
.

7 8 9
normal-v

I
[[[Ñw [center-a. center_☐

ex [ 0.1 , ax] [U-end
,

a- into. I -12012-D) = into. / - 9) = -8 ✓
-
end]↓

[U,v]



③ Calculate mean and var of PCD ,-10 CST )

3.1.2 For each update- iteration : 2

① Calculate PoseUpdateC)
cam

-1body2. camera_pose_ : body

Oct = hit CTLCCX ! ) - C ;) Ocs? = (Oct - or,-3k¥

21h

"%io%¥)=y-Cd↳¥¥oe
,

PCDilocs.TT and PCDI lots:') < AM

- PCD,
- to Is :-) + PCD ,

-10T¥)
Cots! - Ocs!) PCD ; lots:) 1- [Ocs? - OCT;) PCDI 108¥. )

n% -¥Yit ]%¥ = E- [ ni¥÷
/
•⇒

= n'R [ - E!"Xi]× I ]

ñniP%%¥' = -¥:

alniPcD%¥- / a-- ogT=2lnl / •⇒ = in 20Gt

1-1--2212%91*-10=0

≈iÉ•%%?¥l%¥÷%¥ᵗl%¥÷+ %¥ /
•⇒

② = C - H + [%" ¥+2, ] ) -19



delta - Cs : Ocs?

dlogliklihood- ddelta- Cs : 21nlPCDilocs)
20 Csi

d.delta -as -darter : %¥,
d.delta-Cs- dtheta : %fg

gradient : :&
,

alñP" %¥ /← ☐20Gt

hessian :

E-1- %¥÷+%¥ᵗl%¥÷+%¥ /
•⇒i=i 60%2

② = C - H + [Xr 23 0

° At2s ] ) -1g

i.%-1--8%151.51



contours : clockwise

=[V✗ ,
Vy],;iÉPᵗ' ✓ =Ptz

- Pt ,

vt-I-vy.VXJ-I-ptz.y-Pt.is
,

ptz.x-pti.it ]

198896
.

-0.14818 )



SRTSD : A sparse Region-Based 3D Object Tracking Approach for the
Real World [ 2021J

Images : 1 : oh→ { 0, . . .

, 25533
↑
Rcpi image domain

correspondence line : ( : w→ { 0 , . . . . 25J }}

↑
WCR

,
line domain

image value : y= ICX) ,
✗=[✗ YJT

y = Lcr) , r CR in line
.

= I Cctrn)

c-[Cx
. Cy]

-1 center
,
n =[n× UYJT normal vector

.

MHz =/

⑨ ⑥

¥4s
{r , y} is a sample

1. For a single pixel
Pcr, y , d , m) = Pcr , y I d.m) P(d.m) = plrld.ms plytd.vn) pcd.vn)

↑ ↑ ↑ = Plrldsm) Pcylm) PCd) Pcm,
color / model

distance from the correspondence line
center C to an estimated contour.



Pcr, y , d , M) = plrld.vn) PC y l m) PCd) Plm)
Pcr , d , m ly) Ply) = plrld.vn) PC y l m) PCd) Plm)
Pcr, d.mly) = Pcr, II.m) [

PCYY.my#m)JPld)Fpcm1yjplyj--PCylm)pcm)--PfrndmPlmly) P (d)

conditional line coordinate probabilities

,
i c- {f. b }

-

: amino
-

-

s.IE?.,Y.iIYm..I.-moPCmily
) :the probability distributions that describe how likely it is that a specific

color value is part of the foreground / background region .

Foreground and background are equally likely along the correspondence
line , pcmf ) =pCmb)

i. Plmi ID= pYyfmYf,+mpY→m, ,
it {t.to#FPCX)=EgPLX.Y--Y)pld1r,y)PLv,y)--PLd,r,y)--PlIlr.y
) Pcr) Ply)

=

gpcxpf-yjpif-yjpldlr.rs) = ¥,"¥y = ¥,

= ¥, Pcd, rly)
=
1- E Pcd , r.mil b)
Pcr) i c-{t.by

=¥, €{t.by#ld-miPlmilYJPCd)
d.mi ERKER 'm probability

Posterior probability over the entries correspondence live domain W :

Pldlw . 1) = IT E
rc-wic-lt.by ¥ , Pcr

I d- Mi) P C mi ly) p(d)
The probability of the contour distance
d given data from a correspondence

✗ ¥w§gµ
, by
Pcr I d , mi) PLM it llr))

line .

I lr) =L cctrnt-Y.PH and Pld) are considered to be uniform and constant
and are thus dropped .



Estimating the Pld 1W . 1) is computationally expensive since, for each distance
d. the product of pldlw.LI has to be computed over the entire domain W .

2. Discrete scaled space formulation combines multiple pixels into segments and projects from
continuous space along the correspondence line into a discrete space that is mdepent of
a correspondence line's location and orientation

.

-

Vs = ( r- or) Ig ,
SENT : the number of pixels combined into a segment.
ñ --mail In✗ 1 Any 1)

ds = C d-or)Is

i. The posterior probability in the discrete scale- space :

IT E Pcr I d , mi) Plmil Lcr))pldlw , 1) drew itht.by

⇒ pcdsl Ws , Is ) 21T E P Crs Ids , mi) pcmi I lsÉrs ))
vs c-Ws i c-His}

I s = Is Crs) is a set-valued function that mapsscaled correspondence from the scaled line coordinate vs
line domain

to the segment S, which is a set

of the closest s pixel values y .



,
i c- {f. b }

-

: Pim :b"

q.EE?!Fijimp-:pcmb)--Plmt3PlmilYi.YiYD--
P¥yyYgYsy!m,i÷mi= PLYilmispcyzlmisplyslmijpadisjc-ct.byPCYIYLY 3 /Mj)Plµj)

= :%:i%¥¥¥:¥÷%Y,
= :%:i%¥¥¥:¥÷%Y,
= %Ef.ph?,ipfy?fhfjfYyisfm%FdpY#imnpos. lmiopcyslmb

-
: plmils) = ¥sPCY1M

In
a set ofthe

¥MY /Mt) +¥1s PCYIMBT
closets pixel valuesy

Pcdsl Ws . Is)d¥wiminillsÉrsD
Lt color Yi do not sample , Pani ly;)--0.5① plmilyit-PPYyi.fm?jpL-mfY-i#y;lmb)PlmT

② Pmi = P Lmi IY ,) Plmil Ya) Pcmilys) - - -

③
Plmi / 5) =Pmi

Pmt 1- Pmb

= PCY.lmil-LP-mt-pr-nbd-LPYyfih.im?p-yI# [p%¥mY¥p→Inw]-
cpYy.fm?i-p-y.T*-p?i#IyIm--pm+m-In] 1- [pYy%mY+÷aInw][p%%nY+÷Inw][pFMYip-y.im#--

÷¥¥%mI¥¥→mñ



① Lt PLMBIYD PlmblYa) Plmnl%) ② . PLM b)5) = ×H✗⇔1
AT ' O' \

g.shot ✗☒✗0¥ t afoot xoxo?HxÉÉ
Plmtlyi ) Plmflyz ) Plan 1-193)
as 0 0-9 =

d.4th on ✗ a- 3

Plmb /5) = AT - 1 . 0. /
- =\
at - i. 01+0

=

aÉz≈ 1

Laplace smoothing

Laplace smoothing is a technique to smooth categorical data . Given a set of observation counts
✗ ={Xi , Xi , . . . - Xd} from a d- dim multinomial distribution with IV trials ,

a
" smoothed" version of

counts gives the est:

=✗' Ci = 1
, . . . .
d)

Nttnd

It can address the problem when we encounter a unseendata which the Posterior probiilitywill become 0.
ex .

Xi is the number of color Y observation times
.

÷ ply / mi) = the-umber-p.net which value Y cxi)
total sample pixelnumbe.rs#

→ smooth icy / mi> = t€Éi✗d which valueYCXi
total sample pixelnumbe.rs#+ the total number of Y values ( 32768=(256/813)

Underflow
Lt PCY 1mi) is small , ¥1s PLY 1mi) can produce numbers too small for floating point storage

.

Plmils) = ¥TsPCY1M
yes
PCY /Mt) +Jfs PCYIMBT

¥1s PCY 1mi) = expllog ( ¥1s PCY 1mi))) = exp@ logCPCY / mi))
YES



3. Plrld , Mt) . Plrld , m b) models a local uncertainty with respect to the exact
location of the foreground and background transition .



hi (D= Pcr Id ,
mi)

Ah C- [0 , AJ]

{
htlN=É - Antunhlxkshj.sn C-Rt

pcmt) =P(Mb) = an ☆ Autodeskhb (D= Étahtanhlx/25h)
PC Mn) = I-2An

suppose m C- {Mt , Mb , Mn}
Eloise

pcmt) =P(Mb) = an ,
and the probability of a noise mn

[0,0-5]
PC Mn) = I-2An

-

: pcmilyj-PCYIMIJPl.mil i tht -b.n}
8jc-ht.b.mg PCY /Mj ) Pcm;)

We define the conditional color probability given the noise model :

ply / Mn ) = -12117191Mt > + PCY /Mb))

i. PCM ily) = PCYlmijpcmidplylmnspcmns-pcy.IM/-)Plmf)-PCYlMbP(miss'
= PCYlmijpcm.pcylmnsll-2aw-pcy.IM/-)An-PCylMb An
= ¥yYm;%Ya_pwm+, an + Postman

=

PCYlmijpcmid-zlpcylmtj-PCYIMBDCI-2anl-anl.MY/Mt)tP(YIMBD
=%%Ymi¥%mw

For foreground and background :

pcmilbt-2payyn.ES?lpYyY-mwsic-H.b3.--2AnPiCr
)



For noise :

"miss --%%%?;%%→=⇔%%%¥%%%:
= pcmn )
= I-29h

•

: Pldlriy) & C Pcr , / dsm.JP (milk , hicx-pcrld.mili c-{t.by

Piers -_¥ÉYm%Hmb>
we define pcrld.mn)=É for noise .

i. Pldlhy) ✗ % Pcr / d.Mi) pcmily)
ifht.b.tn}

= Zclhhtlr - d) Pfcr) -1 Zanhblr-d) Pbcr)

+É( 1-2Wh)

Let ① hfcx)= £ - tcx suppose :
① hfthb =/

② hbcxj-z-t.ly ② htandhb be symmetric .

③ Ptcr)-1 Pblrj = 1
.

'

. htcxt-0-5-tcxs.hr.ci/t-O-J-tix

where this an odd function C-taste- xD that lies within the interval

E- 0.5.0.5] and

↑
""

¥%t⇔=as and Esta> = - as

i. Pldlris)22anLÉ - fer-dDPfcr,
,

+2anl-lzl-fcr-dDP.hr)
+ £11 -20in) (Pfost PBCRD

=

ankfln-ZA.ir/-Cr-dJPfcr)AhPblr)-2fcr-d)PbCrj-zCPtCrItPbCrD-ahlpfcrt-pb.rs)

= ( £ - Zahfcr-d ) ) Pflr) -1

LÉ -1 Zahflr-d) Pbcr)



-

: ta )=Étanh¥sn)

i. pldlrsy> a LÉ - antanhcrzsdn) )pfcrtlz-antanhcts-n-DPbl.rs
Extending the probabilistic model with a noise model Mn with a detuned constant
uncertainty and using the foreground and background probabilities plmt) =PCmb)
= an is equivalent to the introduction of a simple amplitude parameter an
into the smoothed step functions .

4. i ① Pldlw . 1) & Few .EE#byPCrld,mi)PLmillLr))

② hier- d) = Pcr Id ,
mi)

{
hflN=É - Antun h ( ✗bsh)

hb (D= Ét an tanh LX/25h)

③ Piers = Plm ill LRD =PCmi b) = pfyfmbf.tn#mg,.itH.b}
✓

llr) =L cctrn)=y

.

'

- Pcdlw . ↳ ✗ Tfw htlr- d) Ptcr + hbcr-d)Pblr]



To analyze the posterior probability Pldlw , l) distribution ,

we assume a contour at the line center c and perfect step function pin
for the pixel - wise posterior probabilities defined by :

Ptv) = É - Ésgncr)
{pblrt-zt-zsgnc.rs
we consider infinitesimally Samak pixels and write the posterior probability
distribution pldlw , 1) in continuous form for an infinite correspondence
line :

The classical Riemann integral of a function f- :[a. b)→R :

fabtcxdx-ljy.fr/-cxisox

Product integrals are similar, but take the limit of a product instead of the limit of sum . They
can be thought of as "

continuous
"
version of "discrete " products

.

One kind of Product Integrals is Geometric Integral :

tank = !;yg☐ IT f- Lxii
"
= exp ( lab In tcxdx)

Pcdlw . 1) & % htlr- d) Pfc v3 + his Cr-d)Pbcr)ᵈr
✓=-D

= exp ( f In lhtlr- d) Ptcr + hbcr-d)Pblr) ) dr)

= exp CS
,
?→ In lhtlr

- d) Ptcr + hbcr-d)Pbcr) ) dr
"

i
"
◦

✗ In lhtlr- d) Ptcr + hbcr-d)Pbcr) ) dr)+ Sr
--0

8
"

i

= exp [Jr=% In lhflr-d) Idr -1

5¥ In chbcr-d)Jdr)



Let ✗= r- d ↓ bit) .

+ =

-d
-
: pldlw.LI ✗ exp C)✗ =, lnlhfcx) ) DX -1

↑act)

✗

/ ✗ =-D Inch bed DX)

:
-

21nlhfddtwI-2CSF-xandhtcxbdx-121JE.ae/nChbLDdXD
2d

Leibniz Rule : 4- Bct)=f%¥, fix,t)dx , then

date -1b¥,

dxtfcbcts.tl#--tcact.tsdda-Letd-t,-d-bit
,

✗ = -✗← alt)

lnchtCXD-tcx.tl

i. 2lS%a%htc×DdX_
= 5%21%1*1 DX - lnlhttds -10
= - lnlhtc -d ))

i. 2lJÉdand-×Dd✗_
= 0 to + In this C-d))

21nlhfddlw.LI = - lnchtc-d )) -1 In this C-d))



•

: hf LN= É - Antun h ( ✗Ksh)

hb (D= É +an tanh (✗125h)

i. 21nlhfddlw.LI = - In CÉ- an tanh l¥nD + In L It-an tanh C¥nD

☆ tanh- ' = arc tmh
-

: 2tank ' CX) = - In ( I - X ) + In [ It✗ )
tanh C-D= - tanned

i. 21nlhfddlw.LI = - In LILI-2an tanh tzsdn)))
+ In ( It I -12an tush L¥snD 7

=- In 11-2AntunhC¥snD + Incl -12an tanh l¥nD
= Ztomh -' C 2 An tanh C¥snD

Ñ = stun h
-' C2 An tanh c¥nD



① Lf an = É PDF : fix __¥≈é%
¥lD = _d- = 2 In CNC d 10 , shy

5h 2d

Ncd 10,5ns = I-expl-z.sn#)N2TLSh
The first-order derivative of the toy- likelihood of Pldlw . L) is equal to the
first-order derivative of the logarithm of the normal distributionNcd 10,5ns

i. pcdlw , 1)& expC- 2%-3

Bemuse the PDF of Pld 1W . 1) that integrates to one
,
the final solution

can only be the Gaussian distribution :

Lf an = É ,
In Pldlw , 1) = ,¥gn expC- zs% )

② If 5h→ 0 atanhlx)

¥¥D = -ztunh
-' C2 An tanh c¥nD

⇒ = -2tank ' (2am sgnld) - -1

pcdlw.lk exp (g 2lnlMᵈ od)2d

= exp c) → tanh-112Ah)Sgn (d)odd dd¥=sgn⇔
for ✗ to

= expc-ztanh-llta.nl 1dB-1C

Laplace distribution :
= e✗P( -#-) + [

ÉÑC2AhT

1- (✗ In.b) = -2lb exp (-1×-7,1) = ⇒ {
eat . it ✗an

expc- Ebs , itx≥n



with the exception of a constant scaling factor, the function is equal to a
Laplace distribution , which again is a valid PDF that integrates to one .

If 5h→ 0
,
Pldlw , 1) = Ibc - Hs ) , b.=1-

Ztonh-42An,

The variance of Laplace distribution : 2b2

=1-
2 ( tanh

- '
Gah)2

The slope parameter Sn controls local uncertainty , allowing multiple values
d to be almost equally likely .
The amplitude parameter an controls the size of the peak compared to

its surroundings , thereby controlling global uncertainty .

Ln the prefect situation .

If an = É ,
In Pldlw , 1) = JVCdlo.sn] = ¥gne×Ptzs% )

65ms = 5h

If 5h→ 0, Pldlw , 1) = Ibc - Hs ), b=Étmh Gun,
Giaplace = 25 = Étomhc2.Ah)

i. In the normal situation
,
the variance of JV ( dsi 1 Mi

, 6 ;D , 6 ?
should larger than 6-gauss

and 62Lapluce
.



ab
- 1.)

¥ .

Ah

5 . 3D model points : 11=2×4251
* =[✗ YZIJT

✗=ñX)=[¥t×tP× ]
Y-zfytpyx-TL-llX.dz

)=dzf×¥ˢ9-+1%-1
Li



* = In # =

[ CRM it;)#
O

R = expltr] ×) = It Ir]× + ±, [Nxt [v34 1- . . .

c Ils) = [ Rn ctfu] [2+-4] ]#O O

Ar ER} , At ER} AT = [AT ATT]

6
.
The

_

3D geometry is rendered from a nwmbe of nv viewpoints all around
the object . Virtual cameras are placed on the vertices of a geodesic grid .

For each rendering, no points ✗ i EIR
'
are randomly sampled from the contour

.

hi C- IRL is the normal is computed, 11%112=1
.
3D vectors with respect to

the model frame :

MÑi = MTC ¥-1 ( ✗ i.dz ;) god: Point

Render camera

2-
LM Ni = µ Rc [%] -geodesic

°
"

point
" downwards =[ 0,1 , 0]

Body
!
§

orientation vector 1W = in Rc [8, ] %

Given a specific pose in Rc, ctm .
the closest

precomputed view iv :

iv = avgMax CMV it in Rc ctm)
i C- hi , .. . ,N✓}

7. 3D model points and normal vectors from the closest view of the sparse
view are projected into the image :

Ci = TLLCTM i )
hi Llc Rin inNi )2×1 , 11h ill 2=1

Contour distances are calculated as the distances along normal vectors ni

from correspondence lone centers Ci to projected 3D model points ✗ i

d. it A) = hitLTLC cxi (A) ) - Ci)

Cc Ilo> = [ Rn ctfu] [ HEAR] ft ]#0 0



Asummig a numberof nc independent correspondence lines .

← num of sample points

PLAID) ✗ ¥1
, pldsicqlwsi.IS# ④ ,

D: the data from all

%espondence lines

① Pcds / Ws , Is ) It Irsewsic-et.bg#dEmiPCmuillsc-rs ⑦ ⑧
w → { 0 , . . . . 25J }}
↑
wcpe.i.nedomam.ws is the scaled correspondence line domain

- An funh_gh] ,
i = f② Plrslds ,

mi ) = hilts - ds) =

{ Étahtanhtlrsds )/25h] , i =b
unknown, Lcr) =Lcctrn,

↓ ↓ different
from s

③ Vs = ( r- or) Ig ,
SENT : the number of pixels combined into a segment.
ri-maxclnxl.my 1)

ds = [ d-or)ñ
~ 3

④



④ d (A) = NTLTLCc¥
) ) - C)

⑤ c * cos = [ Rn ctfu] [2+12] ft ]#0 0

③ Plmi IS) = ¥spcy%_
↑

a set ofthe
MY /Mt) +⇒ PCYIMb)

closets pixel valuesy ↑
⑦

⑥ Pani b) = ppyfmyj.mg?y-.,.itH.b}

⑦ S = Is Crs) is a set-valued function that maps from the scaled line coordinate vs

to the segment S, which is a set of the closest s pixel values y .

Plot D) describes how well the current pose *(A) estimate explains
the segmentation of the image into a foreground region and background
region .

Pose c.✗ (A) → contour distance : DCA)→ PLAID)

In LP LAID)) ✗ Élntpldsi (A) I Wsi
.

Is)]
i

=

'
↳

In [ §e{t.by P Crs Ids , m;) PCM; 1 IsCrs) ) ]
i vs



8. To maximize the joint posterior probability InLPC A / D)) , we estimate the
variation vector ② and iteratively update the pos.ee

§ = C- Ht [art} °° 4+23]
)
"

9

gT=2lnl / •⇒ , H=22ln£¥D /
•⇒

i. cTm=cTm [e✗PlEr]x) &]0



ds = [ d-or)ñz , d (A) = NTCTLCCX (A) ) - C)
↓

① g+=ÉiahlP'ᵈ;¥?"Z%÷ 28¥ / •⇒
6×1 1×3 3×6

:c * cos -- [ ncᵗ↑] -1K¥] ]#

Or ER? At ER} AT = [AT ATT]

83--250, 801 ] -1

Iim expBTexxsgyp-expc.si)P2¥⇒=s3→o 83

≈ km expel 12+83^1 P - expC%p
83-20 83

= Iim
g§→o e✗P↳g8IP [SAY + so]

= Iim

so-so [8F][g;^sÑ
=¥n→☐[Rs∅^Pg;Rse+ᵗ]_=A
= [ ¥ 1¥ ] R8ÑP= -RP's∅

= [ f
- Rom ]

2g¥i_ = arm [- [in✗ i ] × Is] = [ mxi ✗ cRm ,
c. Rin]

3+3 3×6
3×6

1--1×37 [
-Inti] ✗

2s]
3+5

3 " } .

ex"
"



ds -- C d-or>Is , d (A) = nttclcx (A) ) - c)

✗=ELX)=[¥tx 1- Px ]

Y-zfytpyds.fi#txtPx-CxJnx-lEztytPy-cy)nyJ-or1Ig
⇒ lcxtxnxtcyfyny)

: %÷i=ñ_s[ txnx-z.it:2?i---i.txnxi+isitsnsi-]
1×3

② Suppose f- : R "→R
g : R→ R

and hCN=g( f-CXD

:Phas=P [ g
' CFCXD7th]

= o-Lgictcxsbttcx-cjctc.MY [01-1×3]

= 9
" cfcxbotcxsotcxi-tgctcxD-ptc.io

nxi 1×4 MXN

Let g : R→R
,
lnlpldsilwsi.lsib-gcd.si)

f- = R"→R , f- (A) = dsi
6×1

" '

24ncpldsilwsislsiDY.dz?gi-J-C2dzsi-g):
. 1-1=8

2dg?1- =\

+ 2 In Cpldsilwsisls :D ( Iffi)
2 dsi

~~ § 24h Cpldsilwsisls :D (2d÷.JC2d£i_•)
1- =L 2 ds?



① For global optimization : In lpldsilwsi . Isis) ~Jvcdsiltli , 6?)

The required mean Mi and standard deviation bi are thereby estimated from a
set of discretized contour distances dsi and their corresponding probability values .

i.2-didw.si≈ - Cds; -µ;) PDF : fix__¥É%

£lPld¥dWg,d≈- ¥, 4- an = É inPldlw. " = ,¥gne×Pl-%-)

The approximated derivatives direct the optimization towards the mean Mi

using the variance 622 to consider uncertainty .

In the real world , the mean
does not exactly coincide with the maximum . Using the approximation has
the advantage of fast convergence and that the opt avoids local minima

resulting from invalid pixel - wise posteriors and image noise .

② once the opt is closer to the maximum ,
the algorithm switches to

local opt .
We use the probability dsi and dsit that are closest to the current

estimate dsi (A) and :

2 In lpldsilwsi
,
IsiD
≈ %, In (pldsilwsi.IS#2dsiPldsilwsi, Isi



24plds-jdwsg.it#≈-¥

If F-10) = ¥4 -6% InCpldsilolwsi , Isi D

The weighting § , improves robustness because correspondence lines with
high uncertainty are considered less important .
The step size as helps to balance the weight and specifies how
far the opt proceeds . directly scaling the B .

:< gt = , -6%2
In ( Pldsilwsi , Isis ads i

2dsi -20/0=0
µ ≈,,¥

221h (Pldsilwsi . Is:D %d•jTl2d• ) / ◦⇒
dsi 2

Central difference :
'

: 21nlptdg.sk#sisi) ≈ In ( Pldsitlwsi , Isi) - IntPldsilwsi_ Isil

Ods = I

= in "¥!Yñ¥P
:

_ a:-# = ¥ In l%%i¥Yˢw!:Ped÷c%⇒
Let 24ncPldds;!Ysidsi ≈ tas
i. H≈=,
⇔ l¥É5l%ˢ to-0
↑

same as global opt



① For An = -4 , Sir⇒ where alncplydld-w.lk is a linear first-order
derivative . It leads to the estimator of the weighted mean over all

correspondce lanes .

gt = ?ahlP'ᵈ;¥!" Y.si/-i2Fi-/a--o
② For An = I ssh→0

, 21nlplydldw.LI is a binary derivatives
guide the opt toward the

weighted median .



1. continuous distances from the sparse viewpoint model are used to reject 
correspondence lines with distances that are below 6 segments.

2.an offset of one pixel, the first 18 pixels are considered in both the positive 
and negative direction of the normal vector.

3. the posterior probability distribution p(d si | ω si ,l l ) is evaluated at 12 
discrete values d si ∈ { −5.5, −4.5, . . . , 5.5 } .

4. In the calculation, we use 8 precomputed values for the smoothed step 
functions h f and h b , corresponding to x ∈ { −3.5, −2.5, . . . , 3.5 } . 

5.Also, a minimal offset ∆ri  is chosen such that the line coordinates r i point 
to pixel centers while the scaled line coordinates r si ensure matching 
values for x = r si − d si . In our case, this means that r si∈ Z.

6. For the first iteration, the global optimization is used to quickly converge 
towards a rough pose estimate. In the second iteration, the local 
optimization is employed to refine this pose, using a step size of α s = 1.3. 
As regularization parameters, we use λr =5000 and λt = 500000.

9.

5=15,2 , I , 1,1 ]

distribution- NUM = 12

✗ =rsi -dsi
function_names



10
.
Parameter Analysis

an : a constant level of noise

Sn '

.
local uncertainty

RBOT : an = 0-36
Sh→ 0

OPT : Ah = A 42

Sh =at

Jr = 500000 for soda

as = 1-3

It --100Xr
,

while Xr = Xt tr soda

4- Xr . It too small, the opt is unstabe for directions in which no or

very little information is avaliable
.

If drat too large . the opt is slowed down and the final pose
might not be reached .

Use regularization parameters that are in the same order of magnitude as the
maximum rotational and translational diagonal elements of the Hessian matrix

.



^ htcrs -13.5)

I. > 2fds=o-5

rs={-3 .
-2 .

" .-4}

✗
htlrs-ds.ds-o.si (Vs- Is) C- 4-3.5 . .-3.5}

T
•⇒#ÉÉ r,

>• • • •

3

' '

;÷÷"E

① ⑧ ① ②¥ ⑨ ⑧ @ ☐ ③ 0 •! 0 @ 0 •⑧ D ⑧ ① @ ⑨ ③
- 6 -5

dsi 2 3 4 6
vs V5 Vs rs rs rs rs rs

② plrslds.mil -_ hicrs - ds) =

{
É - Antun hÉVs-sh]

Étantanh _ÑÉdsX2sn]
← different

from s

③ Vs = ( r- or)Ig ,
SENT : the number of pixels combined into a segment.

ri-maxclnxl.my/)ds--Cd-or)n-g vs- ds

w

④ {-5.5, ._ "5.5}
↓

Pcds / Ws , (g) LIT Ipcrslds.mil/CmiIlsc?rsDrsEWsic-ft.bblVs-ds)C-f3.I....3.5 }
( %ÉÉE⇒} ds-s.su/rsC-Sr9,....2}

✗ C- {-3-5,3-5}

hcx,
• • •

j
• • • • • • • • >

hcx,
- 4 -3 -2 I 2 3 4

%)-1s(9)"

i÷⇔⇔?%÷É;;÷¥"¥" >

- y - 8 -7 -6 -5 - y -3-2-10 I 2
/

Vs
I 01

line - length _segment = (function _ num - 1) +distribution_num - H

ly ✗ C- {-3-5,35} sifts-5,5-53
8 12

line - length _ pixel = line - length _segment ✗scale .
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