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@ LiDAR principle and challenges
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3D Lidar Imaging : principle
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3D Lidar Imaging : Challenges
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3D Lidar Imaging : Objectives!
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A portion of this figure has been taken from [1] X. Ren, Y. Altmann, R. Tobin, A. Mccarthy, S. Mclaughlin, and G. S. Buller,
" Wavelength-time coding for multispectral 3D imaging using single-photon LiDAR”, Opt. Express, vol. 26, no. 23, Nov. 2018.
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3D Lidar Imaging : Objectives

Fast segmentation, depth estimation and uncertainty quantification

@ Spatial classification based on the known signatures
e Provide additional surface estimates (e.g. : depth estimate)

@ Deliver uncertainty measure about the estimates
— Possibility to perform a signature-based object detection.
— Help acquire multidimensional data (i.e, video applications)
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© Proposed solution
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Solution Using a Bayesian/Regularization approach

Bayesian inference

o Estimate ) from observations y using the likelihood 7(y|0) J
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Solution Using a Bayesian/Regularization approach

Bayesian inference

o Estimate ) from observations y using the likelihood 7(y|0)

@ The estimation of 6 is an ill-posed problem
o Noisy, corrupted or incomplete data

@ Introduction of a priori information () to regularize the
problem £(6ly) = f(y|0)f(6)/f(y)
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Solution Using a Bayesian/Regularization approach

F(0ly) = f(y[0)f(0)/f(y)

Exploit the posterior distribution

@ Simulate the posterior distribution using stochastic simulation
methods (e.g., MCMC)
= computationally expensive

@ Point estimators (e.g., MAP, MMSE) using optimization tools
= often iterative, no uncertainty

o Carefully build a Bayesian model leading to analytical formulas
of the estimates (and eventually their uncertainties)
= fast implementation
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Observation model : Likelihood

YH,t7/|rn,la dn, an ~ P[rn,lgl(t - dn) + bn,l]y
Reformulated as

yn,t,I’wn,ly dm bn,l ~ p{bn,l [wn,ngl(t - dn) + 1]}

where w, | = % is the signal-to-background ratio (SBR).
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Observation model : Likelihood

Y.t 1, dny bn g ~ Plragi(t — dn) + bp ],
Reformulated as
Yn,t,l‘wn,h dh, bn,l ~ p{bn,l [wn,ngl(t - dn) + 1]}

where w, | = % is the signal-to-background ratio (SBR).

@ Absence of target r,; = w,; =0
with Yn,t,I’wn,l - 07 dn-/ bn,l ~ P(bn,l)-
@ Mixture of target and background counts w,; > 0

o Parameters : 0 = (wp, d,), with w, € ]Ri and d, € [1,---, T]

@ The posterior distribution 1 (0|y) = f(y|0)f(0)/f(y)
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Prior distributions

Gamma prior for the background b,

'D(bn,l‘a?-/ b ) = g(bn,lva?:ﬁlb)

n,l

Spike-and-slab prior for the reflectivity r,

P(rni|un, a1, B ) = 8(un)d(rnp) + X4y 8(un — K)G(r1, 1, Bk )

@ u, =0 in absence of a target and wu, = k when a target is present
and its corresponding pixel has a class k

® o, By ab, 3P are user fixed positive constants related to the known
object spectral signatures.
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Prior distributions

Joint distribution of the background b, and the SBR w,

P(r, balun, @, K) = P(rp|up, ¢, K)P(bs| o)

_ _In
“n = p,T

!

P(w,,./b,,\u,,,gb./ K) Hl 1 ( ) (wn/)g(bm/,a?,[j;’)
+ z;f:l 5(Un - k)Ck,l(Wn,l)g(bn,laa/*;ﬁ}ik(wn,l)

Belmekki, McLaughlin, Halimi Heriot-Watt University, Edinburgh



Prior distributions

Uniform prior for the class label u,

plun=k) = 5ty Yk €{0,..,K}

Uniform prior for the depth d,

pdy=t)=%+ ,vte{l,.,T}
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The likelihood and posterior distribution

The likelihood

T L
p(Y’Q, B, d) - H Hp(}/n,t,l

t=1/=1

Whn,l, bn,/; dn)

where d = (dy,--- ,dy) and §2, B are two matrices gathering w, ;,Vn, [,
and by, /,Vn, |, respectively.

Posterior distribution

p(w"7 bl'h dn*, Un| an ¢7 K) X p( Yn‘wnv bl’h dfh un)p(wfh bn|¢7 Up, K)p(d")p(u")

where ¢ gathers all the hyperparameters of the model.
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Decision rule

Depth estimation

d, = argmax p(ds| Yn) J
d

Class estimation

Hp x = argmax p(up, = k| Yn)
where K
Closed form, conjugacy

u,,|Y,,)—/Z/ (wn, bn, dn, up| Yn)db, dw,

dp=1

convolution form with FFT

L integral with quadrature method

Overall complexity : = JKLTlog(T)
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Marginal distributions

Absence of target

p(un = 0]Yn) = [] p(un = O)F (7 + af)(T + pP)~Unrtad) 5
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Marginal distributions

Presence of class k

p(un:kYn):i{ﬁp(un: K)p(dn) D1 iy / HFnlk wnld)dwnl:|J
dp=1

Depth estimation

p(dn| Yn) = i {HP(Un = k)p(dn)Dn,l7k771:| {/03" lj Fo1,k(wn, 15 dn)dwn,l:|

exp{3 1 Yt In[wns Tai(t — dn) + 1]}

Fn n,ls n
,/,k(w 7/,d) 1 akl ab+ak /“V’}’nl
{87 + [T (1 +wni(1+ B NI
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Marginal distributions (Numerical challenges)

Presence of class k

T L
p(un = k|Ya) = Z [ p(u, = k)p d)Dn,/,k'ylef I Foik(wnis d )dwn/] J
dp=1 I=1
Depth estimation
K L
p(dnl Yn) - Z {Hp(un = k)P(dn)Dn,l,kVFI} [ fooo H;_:;[ Fn,l,k(wn,h dn)dwn,l :|
k=1 /=1
E / k(w / d ) _ eXP{Z;1 Yo, 1.t In[wn) Tgi(t—dn)+1]}
n n,ls T 1—al b r -
Wy BEHT (Lbwn, (1485, NI} ot
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Numerical challenges

Solution

@ Decouple the interlinked integrals by assuming different depth for
each wavelength.

T

p(un = k|Yn) = Z [Hp(un = k p(dn "7’7"7/ / H Fn,/,k(wn Iy dn)dwn /i|
dn=1 I=
L o0
~ H Z p(un, = k)P(dn,/)'Dn,/,k’Y,_l/ Fo1,k(wn,1, dn,1)dwn,
I=1 d, j=1 0

@ For depth estimation, consider point estimate instead of marginalising the SBR
parameter, i.e., p(dn|Yn, w;*P) instead of p(ds|Yn)
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© Results
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Multispectral classification on real data

@ 200 x 200 pixels

Acquisition times per pixel and per wavelength : 40 ms

o

@ Distance : 1.8 m

@ Average Signal-to-Background Ratio (SBR) : w = 66 and w = 1.3
°

Number of wavelengths and classes : L=4 and K=3
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Evaluation criteria

Criteria

e Depth : the root mean square error (RMSE) defined by
RMSE = /4 ||d™f — d|[2

TP+TN

o Class : Accuracy measure defined by (ACC = w5y epren

NB : The RMSE and accuracy evaluation will be done on the
subsampled lego data (40 x 40 pixels).
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Results on real data : depth RMSEs and classification

accuracy (40 x 40 pixels)
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Results on real data : estimated depth and RMSE maps
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Results on real data : estimated classes lables and accuracy
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Results on real data : the negative-log cumulative depth

density
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@ Conclusions and future work
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Conclusions

@ A new multispectral classification model based on statistical
framework.

@ Fast and modular per-pixel approach that scale linearly with the
number of pixels/wavelenghts.

@ Possibility to perform a signature based target detection

@ Possibility to get depth estimate and their uncertainty measure.
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@ Improve the data acquisition using an adaptive sampling approach

o Generalize to other challenging conditions (e.g. : multiple returns
per-pixel, and non-uniform background)
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V.

Thank you for your attention
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Appendix |

Multispectral classification 2_PCA

5 2 components, captures 98.59% of total variation
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Appendix Il

2 components, captures 98.59% of total variation
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FIGURE — Projection of the pixels onto the 2 dominant principal components (2D).
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Appendix Il

Presence of class k

p(un:kYn):i{ﬁp(un: K)p(dn) Do k; / HFnlk wnld)dwn/}J
do=1

Depth estimation

K L
p(dn‘Yn):Z{Hp(Un:k) ( n nIk”Y/ / HFn/kwnld)dwn/}
k=1 I=1 )
[(Fas+ab+al )(TBL )k
fy, - aiyb Ht 1Yn I t 1 ,Dn,l7k e ] ! r(ak;r(//) K,

(B

exp{ZtT 1 Ynrelnfwn Tg(t —dn) + 1]}
1 O’k/ o -
{82 + [T (L + wa(1 + By Dy kst

Fn,l,k(wn,h dn)
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