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Signatto-noise (SNR) and eventually high measurement
Abstrac® In this work, we deal with the problem of denoising accuracy[7]. Such working conditions are considered as a
3D scene range measurements acquired by Tirwd-flight (ToF)  normal operating mode of the device and, typically, the
range sensors and composed in the form of 2D imagjke depth  obtained range measurement dataseful even without post
maps. We address the specific case of ToF lesensing processing
environment (LSE). Such environment isset by lowlight sensing  Strong illumination sources require a lot of power whereas
conditions, low-power hardware requirements, and low |gngintegration times require static or slowly changsegnes.
reflectivity scenes We demonstrate that data captured by a device |, practice therearenotablecases where one or both of those
in such mode can be effectively pogirocessed in order to reach requirements cannot be met, for example, when a ToF sensor
the samemeasurement accuracy as if the device was working in needs to bentegrated in a portable devide such cases, the
normal operating mode. In order to achieve this, we first present received reflected signal is weak and notbys imposing,the
an elaborated analysis of noise properties of ToF data sensed in ) g

need ofpostprocesmg of captured datgd], [10], [11]. In line

LSE and verify the derived noise models by empirical - . . : )
measurements. Then,we develop a related novel noi#ocal with our previous work$12], [13], in this paper we consider

denoising approach working in complex domain and demonstrate Précisely suchcapture conditionsvhich we characterize as

its superiority against the state of the art for data acquired byan N | &®nsing environmento (LSE).
off-the-shelf ToF device. working in LSE isdetermined by the reflected sigl intensity
which can beused as a confidence measure for the expected

Index Term® 3D, Time-of-Flight (ToF), range sensinglow- fange measurement errgi@]. The importance of ToF data

sensing environment, noise model, denoising, phaseap acquired in various sensing conditions motivates the intensive
resarch in this area.
EDICS: ELI-STE TEC-RST, SMR-SMD In a ToF device, the distance information is acquired in pixel
maps which can be regarded as imagesst, there argaw
I. INTRODUCTION measuremerimages, taken along time to estimate a harmonic

ACTIVE range sensing devicesiantify the geometry 8D  signal with its amplituded, phase delay and modiation
visual scenesdy measuring the scene response to agpntrast 6, all being spatial pixel maps. Among these
emitted (active) signalDevices can bdistinguished by their parameters,hie phase delajs the sought outcome, as it is
operational principles and include structured light 3D scannepgoportonal to the range. Regarding the above modalities as

[1], lidars[2], and Timeof-Flight (ToF) sensorf3]. images, pinciples of imageadriven denoising techniquesre
In ToF devices, the range data is measured byeldygsed applied to takle the noiseffectscaused by SE.
timewhena | i ght signal il | umi na tMedern aensising nezhniguesl erfiploy dovatigagtiveb a ¢ k «

to the sensr. The range accuracy of a typical ToF device highlyegularization procedures such as bilateral filtering and local
depends on the intensity of the received reflected light signablynomial approximations [14], [15], nonrlocd and

and the integration timevhich impacts the strength of the collaborative filtering [16], [17], or total variation
measured signdl stronger signal implies better accurddy, regularization[18]. They exhibit edg@reserving properties,
[5]. [6]. On the contrary, when the received reflected signal énable guided anisotropic filtering utilizing ooecombination
weak an error is introduced in the range measurement thet modalities, and have mechanisms for flexible parameter
manifest itself as noig&], [8]. Therefore, a typical ToF device adaptation according to spatialarying noise parameters
uses a high illumination power of the beamingdules and/or Such modern denoising methods have besebsequently
long integration(sensing) timesProper illumination ensures modified and applietbr denoising of ToF datd 9], [20], [21],
strong reflected signahind longer integration ensures high[22], [23], [24]. A detailed overview of Tofelated denoising
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approabes has been presented by Lengemal in [25]. The Although dominant, it is typicallyneglected andeventually
overview adopts a noise model previously derivef8]n[26]. omitted fom the analysi$8], [25]. We show that a notocal
It implies that the meased signal amplitudeharacgerizes the denoisingapproactapplied in a complex vectafalued domain
reliability of phase measuremeratisd thenoise variancef the [12] is resilient to thewrap-effect. Third, we developa new
latter isinversely proportional to the squaradplitude The denoising method based on a complalued vector image
model also suggests that the measurement noise for the phapeesentation of the sensed sigamad make use dtfs naturally
exponentially decreaswhen the amplitude increases.lime  stabilized noiseariance.
with this model and th@ssumption that the phaseaps are The outline of the paper is as follows: In Secfilqrihe basic
piecewise smooth, an overwhelming majority of denoisingroF sensing principles are summarized. The noise analysis is
solutions have been developed to work directlytlos noisy presented in Sectiohl followed by the proposed denoising
phase modality25]. The overview[25] refers to cases where algorithm in SectionlV . Experimental resultand comparisons
straightforward implementations of ndmcal means denoising with state of the art methodsre given in Sectiov, while
[17] or joint bilateral filtering[14] have produced good results.conclusons are summarized in Sectidon

A number of denoising approachdsve utilized the
amplitudeas a predictor of the expected noise presence and a II. TIME-OFFLIGHT SENSING PRINCPLE
guiding mode for localhadapting the denoising being either a \ye present the ToF sensing principle in brief and refer to the
bilateral or noAocal filtering varian{23], [27], [21], [12],[28], umerous excellent sources for further dets]g7] [3] [36].
[29]. Computationally cheaper approaches, utilizing wavelgthe active partis an opteelectronic system emits a
transform combined with amplituesdaptve thresholding30]  continuously modulated harmonisignal with modulation
or linear Gaussian smoothif@l] have been developed as well.frequency ¢ “@elated with themodulation period a%

Other group of methods have utilized an additional colqfyy and correspondingo a neainfrared wavelengthThe
modality captured by another camera, to assist the rB&ne  gensor acquires the light reflected from tzene In ideal
of the ToF captured depth md@9], [32], [33]. An edge conditions, the reflected signal iseplica of the emitted signal,
preserving method has been proposed3Bi. It employsa  gejayed by (an unknown) time. A crosscorrelation module
weighted least square sothingguided by thegradient in the  compares the similarity between the emitted sicarad the
aligned color modality. A mukview fusionapproachalong reflected signaiin order to find the time delaftime of flight)
with trilateral filtering scheme has beenoposedin [28]. A 4 gThe crossorrelationis performed as integration over a
ToF sensingpproach employinguulti-frequency active signal neriod (integration time), which in practide selected as
has been combined with wavelet processing targetirhgump”er of the modulation perioh 6 o 0 "Y[8]. The

simultaneous denoising and phasevrapping[34]. output is another haronic signal being function of the
A denoising approach aimed at linear filtering vestalued correlationlag t and with the same frequency
ToF data has been first suggested[31]. Processing of Ot 6 o AiP - (1)

complexvalued data has been elaborated by studying relate%
spatial bilateral and nelocal denoising techniques [ibh2], [9], wheres
[13]. In [25], the possibility of utilizing bilateral filtering on a
vectorvalued (complex) data has been brieflgntioned. Also ; o "
there, the idea of using total variation regularizafid®], as an“th‘eo fNTH ; the ?effseb Nb.ﬂ’ andlthe phaseéj(_alaylvv
initially presented ij24], has been extended for denoising théquare(? mgnzet @%%T unambiguously estimated in a least
Cartesian components of a compleaiued vector.

1 o isthe sought phase delay from which the range
can be calculated. By equidistantly sampling: in 6,0~
3 points | ORMMMO , 3t ¢, the

The abovementioned methods perform well in general, that 6 -B OAgba-e
is, when the measured amplitudes aefficiently high. . AOcB 0 Agfa-t | 2
However, they all exp&nce problems when denoising data ; .
captured in LSE. This indicates that there are issues with the 6 -B U,
used noise model. whered®i is defined as
To address the case of ToF sensors working in ifSEis AdEe OAI _X BN E. A3)

article, wemake a few contribution§irst, we deriveanalytical ] _ )
representatiomof the random variables involved in the sensingN€ rangeo is proportional to the phase delay given by the
process in a form which shows their dependence on the sc&f@se of mixed signal and is calculated in the form
characteristics and noise levels. This allows us to develop a 06 —— (4)
detailed analysiand provideproofsabout the sutmptimality of B B

commonly adopted denoising methaalsile workingin LSE. ~ Wherew is the speed of light in dry a(tx & ¢ p ma7Ti ).
More specifically, we address anexplan phenomena The®i Dfunction causes a phaseap and related ambiguity
previously caekatasd fd ifdbtewes ¢udgiermininggfrgm- 7 one can only determine »  *H
demonstrate that they are not related wathy hardware thatcorrespondstor mio .

implementations, but depend entirely on the noise properties of " @ TOF device equipped with a CMOS or CCD sensor, the
the ToF measurementSecond we evaluae the influence of COMPonents of the harmonic sigd) are calculated pixekise

the phasavrap effet that is a common artifact I'SE sensing. [OF Spatial phase framés @, yielding twodimensional maps
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6 ®,0 @,and w,oN wwherewd u is the image domain.
The observed (measured) valleare always coaiminated by
measurement  errors. Correspondingly, the harmonic
component® @ ande « alsoappear noisy and differ from
the ground true valués & and%. ¢ that would result from an
ideally (noiseless) sensed scene. An example of the sen®
components of a test scene is shownFig. 1. The phase
intensity isgiven in radians, and the intensities of the oth
components are given in system units, which are consistess
along the paper.

We are interested in the functional model describing ho
the noise in theneasurement vectdf affects the estimated
components of the harmonic sigalf . In the literature, such
functional relation has been developed assuming the asympt
CramerRao Lower Bound (CRLB) for an unbiased estimato
which is usually considered to be an arithmetiean[25]. It
has been commonly adopted that the variafmesach of the [(9)

(d

harmonic parameters for the case 1 are related as follows Fig. 1. Sensed data by a ToF device in normal operating nejdase del:
[8], [26] * @ in"Y & 'Qb) phase framé , ¢) amplituded &, d) modulation offs
' 6 w, all in system units.

ooTh g A ®)
assuming all four components of the vedtare i.i.d. and have
Gaussian distribution with the same variancgSimilar model
can be generalized for arbitraky t18The model described by
(5) has been used for denoising ToF data, specifica
recognizing the inversely proportional relationship between t
phasevariance and the scene amplitude and thus using the lal
as a measerof the error presendd1], [30], [21]. While the F
model appears valid for certain ToF devices operating in nor
mode, there are cases when the sensing conditionshand t

device operational settings invalidatelitthe next section, & LSE is given inFig. 2. It shows a rather strong noise, which
summarize such conditions as LSE g@ndsenta more general however can be effectively suppressed by novel techniques
noise model for the ToF operation including the cases of LSEEmploying adegate noisenodeling.

ig. 2. Psenap- @ of ToFevicea) sensed in LSH) denoised

B. Fixed pattern noise removal from rasensed data
Ill. NOISEANALYSIS OF TOF DATA IN LOW-SENSING p

ENVIRONMENT Equation(5) hasbeen derived assuming that the raw data in
) i the vector |- have been contaminated by additive Gaussian
A. Lowsensig environmen(LSE noise. In our previous workve motivaed the importance of

We define lowsensing environment (LSE)O], [12], [11]as  modeling and removal of afially-correlated noise cast as
an operating mode of a particular ToF device that delivefixed-pattern noise (FPNJ10]. More specifically, we have
measurement errors considerablgher than the error range demonstrated that such noise strongly influences the raw data
specified for the normal operating modevo groups of factors and becomes especially dominant in LSE. Therefore, we have
creating such environment. First, there are sceteged factors proposed spedif technique for its removal as a first step in
such as materials of loveflectivity, objects with dark textures, getting noisefree amplitude and phase estimate$2n From
and reflectiongrom surfaces olfow-incident angles, mosquito here on we assume that the FPN has been taken carethfnd
effect on dissipated light from object pinnacles with sharfhe measurement data in the \/edFds Gaussian.
facing edges, trapped light paths, and distantly situated objects. ) L ,
The latter is related to the fact that reflectivity of the receiveg' Notations and initial model assumptions
light fades exponentially acaing to scene rande® pfO [8], The random variables, « denote the amplitude and phase of
[31]. Additionally, in lowreflectivity zones, noise with high the signab t which are calculated from raw measureméys
variance may cause phase wrapping, which manifests itselfisorder to estimate the true scene characteristias and
impulse noise. Second, there are factors related with the systér@ - For the sake of simplicity, we consider the case of-four
hardwaren attempts to reduce its size and power consumptigi®mponent vectoof raw measurement§ 0 f0 O i
with theaim to integrate it into portable devicd$ese include Which is also the most used case in practideese form two
miniaturization of beamers, decreasing the emitted power @ther random variables
active illumination, or applying very short integration times | -0 0, -0 0,
(e.g.OL ca ).

An example of measurements acquired by a ToF device in
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which are the Cartesian omonents determining, « in (2).

Conversely, X CICLAR Y TR o TheE s
| 8Ai-® OOER|A ~s ® F s ‘\_

The relation between two sets of variables is illustrateBig. < T G 4\\\ P
3(a), whered, « areassociated ithe complex vectoeL ¢ . Q AT X
® AgG® . The variables| and 1 are assumed Re _‘g B e N2
independent and identically distributed (i.i.thjth bivariate ] ) U T phasewrap
Gaussian distribution )

N ‘R i ) , oL 0.04 ' (% TR 6 [Rads] ., ’/mq:[Rads
The bivariateprobability density function (p.d.fi) 7 6f , Lo 003
is given as Do 002

T R O  "Q06'Q 0 hwhere M oo 001
Q" ?AQD— RT™ ‘R . | * o

0
0 T
. . . . g 1.5
We adopt notations of p.d.f., which set the random variables if®) Amplitude,” Pt 15 Phase— (d)Amp"ufgev,, o s bhase—

subscripts and use other notations for the variables within F%e3 Bivariatenormal offset distribution ofiectord: a) relations betwee
expressions. While this might look more complicated, it allowsdom variabled) example positions of running variables for bivariate f

us to change and substitute variables while still showing whichs " fi—for the normal case (red, left) and case of possitis@ivrappin
density function we are dealing with. Thus, the axgdue. right), c) onwrapped case of  "h—, p M ¢ fi%
(independent variables) corresponding to the Cartesiadl @) Wrappedcase: p M p 1%  v*7q.

components | i are denoted by 6fb and the axes ; _ _ __X{.5 %, which is a modulated cosine
corresponding todrr are denoted by’ h—. 4

We are interested in obtaining analytiexpressions ofhie signal with an offset op7¢*. Forr | pthe p.d.f. has the form

bivariate p.d.f. ¥ ; "h— and the univariater —and T — —=Al S %ATGD—OE % .

1 " parameterized by the scene characteristimnd%.and This indicates thadnly for high values of , the p.d.f. becomes
the noisy conditions &n many cases, it is useful to uge close to a Gaussian normal distributignfamily of plots of
factorf —, in order toexpress the ration between the true T _— for different values of is shown inFig. 4(a).

reflectivity of the scene versus the noise lenethe Cartesian For the normal operating mode, the variance analysis can be
y carried out using the second central monm{@&m). For 1 ©

componentsFor the sake of better readability, derivations are

given in an Appendix, while the analyses and figures afe © —forr p.n  — V" r; and forhighvaluesofr,
presented further in the section. n —. Only the last case shows asymptotical convergence to
D. Bivariate probability distribution model of amplitude and the model given in(5). Means that model is adequate only
phase when the ToF device senses signals with relatively high

The p.d.fr ; "F—is given by (A3) amplitudes with respedto_ sensing errorThis observation

) » o allows us to characterize LSE as tlea®e when the
TR "h— fA QDCT "TAT-0 7 A% 9 measurement error in the phase component starts to
AGD— "6E: ' 6B ©) significantly deviate from the adopted noise mod®8)s This
can be quantified by a threshold valuef af [ .Inour

For graphical illustration, we refer téig. 3(b). Equation(9) case study, we sét ¢ vin relation with the operational
suggests that the pfdis sensitive to phase wraffects.If the characteristics of the device (see Sectdior more details).

true phasés close tg*, certain noise levelsause wrapping, see  In normal opeating mode, a direct denoising of the phase
the blue vectorsin Fig. 3(b)(in the right partand Fig. 3(d). components is doable When| grows, thep.d.f. gets a
narrowng Gaussian shapéc.f. Fig. 4(a)). A phasewrap
situation as inFig. 3(d) is unlikely 1 there is always a distance
between the camera and the scene and thetmeamera

E. Probability distribution model of the phase qooment
The p.d.f. of the‘ phase componeuwterived in(A5), is

parameterized by —, as follows objects are usually wellliiminated[8], [31]. For the same
p r [ reason the expected value is likely unbiased, thafots,
T gheR T gEATS % ' % Thus, a direct denoising of will yield the high
C C e 17 . % T us, a _|rect enoising of will yie _t_e ighest
o AOMAT O % ADBD—OEL % . signatto-noise ratio (SNR) compared to edgnoising the raw
n measurementf.
whereA O £ s A @bt Qtis Gaussian error functiofor For the LSE operating mode, oneeds to analyze the non
' Mp, the p.d.fcan be approximated as: central momentsy  given by (A6), for % T, due to the

probability of phasewrap effects. Te firstordermoment,n

~ ! While theprocess ophoton countingn the sensofor reading the values modeling [8], [32]. In Section 5, we experimentally demonstrate that this
U is best modeled as a Poissonian process, there are also other fagtwdeling is adequate enough.
influencing this reading which eventually result in walbtivated Gaussian 2 Color versons of the figures in thipaper are available online
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S
~

corresponds to the expedtevalue %e ‘ n and the
secondorder moment, n corresponds to the variance
6 AO " n F%o TL

Analytical solutions of(A6) are difficult and we solve the
integrals numerically bgipproximating the ingration with the
trapezoidal methodA family of variance plots fogee “ and I e
LSE v mfx ¢ is given inFig. 5(@ and the corresponding L ————a TS
family of expected value plots is givenkig. 5(b). One can see  (a)© 1Phase‘_22 Aiip "(0)° 5 Amplli(t)u de
that the variance and expected value alepend on the true rig 4 phase and amplituged.. plotsfor varyingt ' 7, % Th
phase and their shapes considerably differ from the typicaliy » m&f m:a)r —and by
assumed asymptotic model (given by black solid lingse 10
plots ofexpected values show high bias for small amplitides
the sensed sceriEhis bias cannot be compensated in any direct
denoising approachMeén an ideatienoising method applied on 8 ‘5
the phase modality, for example averaging of numeroufsu_
temporal phase realizations, would produce a biased o'Utpugz
the rangeestimatewould besmaller than it really is. T
The effectis illustratedin Fig. 5(c) andFig. 5(d). The black 0 o 50100 20 g
squares of a chess board are in USE], and the white squares (a)  Amplitude,' (logscale)  (b)
are innormal sensing{ ¢ 0. The denoised map is obtained by o5 5 &
averaging ofp i temporally captured realizations of the same
static sceneOn both phase maps, the black squares appeg
extruded.

The above effect has been observed in some works art
referr éntbnsityoe lasat éid d i[25]f[2Bh Oue ¢
analysis clearly explains it as related to the noise properties. |
also demonstrates that typical approachedlii@ct denoising '. !
of spatial maps & are systematically wrondf the device Fig. 5. Statistics of noisyphases in LSE for, pmf - T, G,
works in LSE.In SectionlV we propose a newindirect, %d T : a) Variance, , b) Expected valué , c) Noisy phase @ (left

denoising approach for such cabased on the above analysis!PPe) and amdlided @ (r i ght 1 ower )% v wh jatck
rx ¢ yd)» @ denoised by calculatingixel-wise temporal arithmetic me:i
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F. Probability distribution model of the amplitude component 40 7
The p.d.f. of the amplitude given by the expression (A8) 30 _Exzjfjdg‘)’a'”e
) ” p ) ! ” . ’
T "—A (73] C.T : ) ”_ h (1 ) stday (A, o) 20
where ‘O denotes the modified Bessel function of zero order sda=10 0 .
(A10). A family of plotsof 1 ” is shown inFig. 4(b). The _+° == —AmplitudeA, GT
expected value and variancerof " are[39] 6 0’
- ¢ 0 50 100 150 © 10 20 30 4
%0 w = — (@) Amplitude A (b) Amplitude A
C C (1 } Fig. 6. Statistics othe amplitude for  p ma)std,, "'h, and b)expectet
6AD ., o ' —b —, valer

good: it says that it is better the use aalsed amplitude for
where L- A@#&c p -) - -0 - . The gyidance, and not the noisy one, as in most of the current
formulas (12) suggestthatonly in the case of relatively high methodsOn the other had, Fig. 6(b) suggests that in any case
values of' leading to e.g;r [ , one getsclose to the the denoised amplitudeill remain bised, so its use is not
asymptotic solutior5) universal and should be applied with care.

e —  h . P — . — (1} G. Probability distribution properties of a vector with random

Equation(12) showsalsothat the variance of the amplitude isphase and fixed amplitude

not constantbut signatdependentas function of thescene L€t us consider thdt is the denoised valuand holds the
reflectance anche expected value is biased in relation with theropertiesof its expected value (c.f(b)), 8  * .In order to

std value, . lllustrative examples for the standard deviatiofnotivate its proper use for further processing, we combine it
(std), and the expected value as functions of foratypical with the noisy phase havingp.d.f.1 — to a new complex

, are given inFig. 6. Thefigure revealsthat the amplitude in random variablet & A @®e., illustrated inFig. (a). We

the LSE varies witlsmaller noisetdin comparson to the raw derive the probability distribution propertiethis variableby
data components, which are considered varying wgifistant considering directional (or circular) statistjd®]. The complex
std, (the reddashed linén the figure).On one hand thiss  vector of momentsoi the circular distribution of a unitary
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random vecto= A @T- is defined as ;
n . 1T —Qono—&h 1y
wherel is an interval of lengtk“ . The vector of first moment

S 6
(mean or raw vectotY~ E is denoted as B | o] p
%A gl 0 Y (13 ) A
5 A G o= 10
. %A B D 9. W . (a) tRe (b) 0 20 40 60; 80 100
where J is a complex conjugate operator. The variance of the s _Amplitude, "
complex vectors can be easily calculated utilizing the
following operator properties 0
A & A % 30
6 Az@ ? 6 AEQ D. Z co=4 ‘,A"‘: ---------- o=4
% Qe Y Qofe Y @y 20 =6 e
o=8 > ‘w‘.a o=
%p YAZDPQ. YY YAg®-. 10 o= 10 o=10
o=0,GT ¥ —0=0,GT

0 10 1

P YY YY Yy P $Y§ ' 0 20 30 40 50 107! 10°
. . . . ] . !
Because of the symmetry of —, wrapping it on a circle © Amplitude, (d) Amplitude,
. . L . . Fig. 7. Random complex vectatd a) vectorformation in complex pland)
and calculating the integrgl4) eliminates the r's_k of gettmg std, + for varying scene reflectivity and sevefavaluesc) scaled raw vectc
wrong expected value caused by phase wrapping. That is, th€Ysfor varying scene reflectivity and severalvalues,d) same as (c)

result for'y cannot be influenced by any phaseap effect and logarithmicscale.

10

the direction of 'Y will estimate tle true phasé. A OC.The Capture raw Remove Calculate noisy Denoise
i ) - noisy data || FPN > modalities  [=* Amplitude map [—=
resulted amplitude of is always equal or smaller than one ] -0 Q= A0,C A) - Ap(x)
sYs 1. Finally, for the complex vectdkethe variance has the [— ——— B I —
corresponding scaledrim ! |Calculate denoisqd |  Denoise Utilize similarity | | Calculate complek |
e . e “ * phase map [+ Z(x) [ searchin [« vectorvalues [
wollee 1 b wdE b p S 8 1) ||z | [z0-2@ | | u@ =z | | 2=deecie

The variance behavior is given by the std pld&im (b). The | = t0——po—
std is near constantor the most of the amplitude range and Apply
sharply fades to zero for p. This suggests no signal iterative
dependency of the noise variance for a wide range of input
amplitudes.Fig. (c), (d) exemplifiesthe biased nature of the Fig. 8. How diagram of proposed denoising scheme
calculatedscaled rav vector amplitude o svYs for different
noise levels, in linear and legrale

YES| Updatesi™ (x) < ~| output f———s
=f(2500,257"w)

dow Uwm -—owhov wdy a3y

whereadu© E is the real or complexalued noisy observation,
wd© E is the information signal of interest anglu® E is i.i.d.
white noise with Gaussian distributionD™ * h,

The general idea is to find and stack similar patches together

In this sectionwe propose an approach for denoising Tolnq utilize their closeness as weights in a filtering process based
dataacquired in LSE, utilizing the noise analgcarried outin - oy weighted averaging. Patches are extracted from a similarity
Section Ill. The proposed approach is illustrated by the f|0Map"Y1u0 e. Usually, it is the noisy image itselfio & @,
diagram inFig. . The preliminary step is to remove the FBN however it can come also from another modality. A patch
discussed iff10]. Then the signal modalitie®, « , 6 from the  5round a pixebois formed as= * “Yo 1N w, wherey
FPNHree raw input vectof: arecomputed. In the second step,is a neighborhood (e.g. a square block). Distances between a

IV. DENOISING TECHNIQUE PECIFIC TO LOWSENSING
ENVIRONMENT OFTOF DATA

a denoised amplitude map & is obtained L reference patcls and patches=h’ ¥ m O wwithin a search
Then, in the main step, a compiealued map = & windown) around the pixedy are determined as

0 WA@DPQ.0w is denoised by patebased notocal . ) . .

denoising. This step requires search for similar patches to be Q ot ws =Vl =V h (13

grouped together. The search is performed on the cOMPlgyhere k is a window with nonnegative coefficients (e.g.
valued map combining the denoised amplitude and noisy phasgyssian) The centered pixel of the reference patch is filtered

Yo dw 6 @A@pQee . Then, the map estimates gs a weighted average of thizels within the search window

of phase are obtained & A O£ & .The main step can be . N

iterated optionally. Each of these steps is motivated and @o B. " ot ¢ hwhere

discussed in more detail in the following sections. v i A@B Q‘*”Q . A oD QQHQ )
S ! S

A. Norrlocal means denoising andQis a parameter associated with noise variance.

We adopt nodocal means (NLM) s.our main denoising tool  The proper way to filter ToF daia LSEis to apply theNLM
since it is known for providing a solution converging to thgjenoising on the maptco 6 & A@®+¢ , since the
expected value related with the p.d.f. of the random procegsmplexvalued pixels exhibit Gaussian distribution. At the
[17], [41]. Consider a generalgnal noise mixture otel same time the similarity search for extracting and comparing
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patches is to be performed on the mab o

0 wAgB.w , whered o is a denoised version éf ¢ .
The noise variare of the pixels oft is expected to behave as
in Fig. (b), being constant for wide range of amplitudes an
fading for small amplitudes. Thus, thengplex mapez is
expected to provide the best SNR in the LSE case and is b
suited for similarity search in complex domain. Not only will it
distinguish textures but will also handle phagap situations @)
since it is not affected by phase wrappingfacts. The stability
of the noise variance allows also to fix the NLM filtering
parametetQfor all amplitudes and depth ranges of a particul
ToF device.

B. Prefiltering of amplitude modality map

We needhedenoised version of tremplituded @ toform
the complex imaget @ & A@®e+w . Though adirect
denoisingof 6 ® would result in a biased outputs specific
probability distributionsuggests thawve cansafelyutilize that ~ Fig. 7. Example of LSE amplitudenap denoising: a)noisy inputd &, b)
biased resultWith referenceto (12) and Fig. 6(b)), the bias filtered output & &, c) fitered outputd &, after fit wi
trend in theexpected valugs significant only forvery low ~'eguanzatond) GT' . B
sensed amplitudes (1 p) andis strictly monotonic The output Observations i (dots)
values are unique for the ground true amplitudeghBumore, 14| "o¥moma et )
for the same LSE casine variance fades to zerand makes
0 & even more useful. ;

The amplitude mapo @ is denoised by NLM in two 1o

0y = 0B

Observations i (dots)
Polynomial fitsi (dash)|

iteration steps. In the first iteration, the input is directly used as [— VO o
a similarity searchmaly ® 06 . Inthe second iteration, 0 -
the similarity search mapis updated as Y ® a()) 20(}\mp|mf3°ea o0 (b)o Arzglitudt;gOHLSlIES()regioﬁ())o
Q6 @M ® . The update is done by regularization referreéo folfcamens: B0 CamCube 21 40 Tor Comers - PMD CamCibe 20

GT datad - (dash

t o as f42]wAn exanmpig of the denoised outgut @ g
is shown inFig. 7, where it can be seen, also visually, that the

iteratively denoised amplitudes are very close in contrast and
details to the GT amplitude o . .

30 | Observations, - (dotg

| AOAOGROETQl énis of 20
I AGAOOGMA OETQl 00 § i

C. Denoising otcomplexvalued image 5| Pobnomialfit, — Q&iQ I
. won L ey Model plot, , i &€ &'QQ e Model plot,* itam
We denote the process#y & 0 0 M wAY o , where " 100 150 ° Ty m
L is the denoised version & using the similarity map (c) Amplituded ,(LSEregion  (d) Amplituded

Y ® gy . The filtered maps for amplitude and phase aréig. 8. Observation data for PMDCamCube 2.0 devicend propose

. . 1
obtainedfrom the denoised vector at the current iteratipas ~ eoretical modeg) std, and, , b) zoomed regionfor ¢ p 1t [
N . L & and o AO é & . The newd is with sgrtcovariance —plot, c)std, (along with, plot), d) expected valt
6 o £ . )

of amplitude' .
a_ r(_afm_e G “ampllt‘ude tr%?Od ‘f?ar&updat‘mg the device i Photonic Mixer Device(PMD) CamCube2.0 by
similarity search map’y & Q= @R & by pypred™ [6]. For acquiring empirical observationswe
i mplementing a ft[A2) cingo r egul feobsériatioh héthodology [43]. Specifically, we
have recorded number of image sefs,q mohservationgach.
V. EXPERIMENTS AND RESUI'S An fAobservationo ©ncdnmningfura f u
Our experiments illustrate two main aspects concerning tipgase framed wf oM M ©. The measured scene is
noise in a real ToF device. First, we demonstrate thet static frontally-facing wall colored in nowlossy solid paint.
derived probability models foiToF data are correct and Each sets sensed by applying a particuiategration timeow~
adequately represent the processes in a ToF device. Second,uMp 1 m 1t i taken with3'O=5' iincremental step (i.eq x p
quantify the performance of the proposed denoising method ftegraion times formingg x pets of observations). Pixelise
comparing it to the statef-the-art methods. The experimentstemporally averaged 6 :r e used to cal cul :
are performed on aumber ofscens that exthit all LSE t r U e By varying the integration time, we get a wide set of
specific sensing artifacts. amplitudes also representih§E. For each setasliding block

A. Probability distribution of a real ToF camera of x x pixels was used tempiricaly estimae the parameters
escribed further in the subsection

For the purposes of our experiments we select a popu%r
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ToF camera - PMD CamCube 2.0

Angle, ¢ [Rad]

ToF camera - PMD CamCube 2.0

S

Correlation between raw data First, we check whether there

is some correlation betweén6 by calculatinghe covariance ., g,

matrix between thenfi26]. The varianceg is calculated as an gg §

averageof the diagonal elements and sampling covarianse - g

calculated as an average of the fiemgonal elements in the g §

resulted covariance matrix. The result suggests that for LSE th% ) g"

covariance- betweend 6 s i s b#® times smaller £ | L.

than the dat variance itself (c.fFig. 8(b)), which supports the i o m S0 220
assumption bnear independent data sampleg8]. @ (b)  Ampiitudes, (logscale)

Standard deviation of rawdata. The PMD dgice employs a ¢ [Rad]

photaesensor of omplementary metabxidei semiconductor éjﬁ g?” %"

(CMOS) technology, which implies that captured data exhibitsg, , @

properties of Poissdan-Gaussian mixturesAfter acquiring fl,s GE,-"S £

raw data, we remove thHePN pedestadnd then daulate and  &,, g !

plot the std valug against GT amplitude , as shown irfFig. T, g s £

8(a),(b). One can observedependece which is typical for T T 20 ° i

Poissofan noise influencg43] and which can be modelled by  (c) " 0 e M (d)° Camplituden (scaled)

a polynomial of low gg!gree, in our ?age bynaar fUnCtIO(g ) Fig. 9. Experimental plots for observation data: fa variance, , b) and it
” = = fienfac@ proj ect i on,' ,andd)e kepfad@t epd ovj ae

Standard deviation of Cartesian components For our Tof camera - PMD CamCube 2.0

experimental analysis, we are mainly interested in the
probability properties of vector component$ (6)
y 6 A0 = Where

6AI0 6A0 0 ¢ -6AD 6AD -, .
This isillustratedby the empirical observations kig. 8(a),(b)
where the blue dots represents stdkulated from noisy f 3
and the black dashed lines represent the linear fit based on tago 4
linear noise mode| (21).
Mean and standard deviation of measured amplitudeThe
raw measurements ' are used to calculate amplitudés
their expected values and deviations . These are drawn in
Fig. 8(c),(d) along withthe moded derived in Sectiohl.F. We
use the polynomial fit for in (21) tofind, . heeded
for the modedd (12). The fitted curves based on that model
follow very nicely the empirical vaks, thus confirming the
models of* and, derived in(12).

Depth measurement error.Usually, a maximum error in o ] ]

Fig. 11. Resulted maps for a pixelise temporal arithmetic mean of a ch

measu_rlng depthe IS_ specified in teCth"?‘I manuals board scend@ 1 flames) forphasec)* @ and d)phase calculated frc
assuming normal operating mode. Correspondingly, an LSk ¢, =4 0'g o .

existence is assumed when theasurement errd@® , exceeds
the prespecified one

Std gz
Phase errogp —¢ [Rad]

0
9
8
74
6
54
4

oo 0s¢l (D) Amplitude (log-scald

Fig. 10. Experimental plots of observation data for-fileered vectorkaea)stc
.1, b)angle error fophase calculated frodgdo %% A O'QG .

near wrap boundaries. “. Final experiments for the same
) ) . observation data are related to the probability model of the
O L 0% o @7 complex vector withtrue amplitude £ ' A g%.. The
Forthe device athand, @t ui (ormdt T ¥ & Q10]. This  corresponding plot is shown Fig. 10(a) and suggestthat the
corresponds © 6 ¢ p uits. The std of raw data for suchproyided model isentirely representative of and demonstrates
amplitudes is,  p ¢ as seen irFig. 8(b). This evidence ihe predicted variance stabilization effect from the theoretical
complies very well with our earlier assumption of LSEjngyysis (see subsectidh.G and Fig. b therein. We also
quantified by, as discussed iSectionlll.E. include plot data for the calculated phaakiesto A O'G . It
Mean andstandard deviationof measured phaseFor the is expected that those should follow the GT va¥teThe
case of probability properties of the phase, we have plottecbbservation plot irFig. 10(b) suggests that this is true except
dense obseation data for its variance and expected value®r very small amplitude$ y, where tle estimated phase
covering range%~ it and' v m8hc p mWe specifically value starts to deviate upxomsr T ¥ & QNevertheless, this is
plot the variance instead of std, in order to be able to compa@mparable to the stated operating error for the def@2e
the curves with the models ig. 5. The experimental plots are Furthermorewe stow in Fig. 11(a),(b)a comparison between
giveninFig.9, wher e benfaoed 3Pl ansd dtengporsd Bveraged frames of a chbeard for phase maps
Comparing withFig. 5, one can see that the theoretical modekpresented b%om and* . It is easily distinguishable, dh

predicts very precisely the observation data with minahe estimation accuracy is greatly improved (Ei§. 5(d) for
exceptions for expected values in very low amplitudes and very





















