Into the Twilight Zone: Depth Estimation using
Joint Structure-Stereo Optimization
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Motivation — Jptimization—____________RTV -Relative Total variation [6] _|ResuUlts —
Stereo vision under night-time conditions — ' Espructurenata(Le1s Isa) = Z ([Iﬂ'{p) I.(p)? + (Ia(p) I}ﬂ(p})i) TV — L, based e Evaluatlon on I\/Ilddlebury[4] (with AWGN of level g,, € {25,50,55,60})
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»  We propose to handle the problem of noise first in this paper. Estereopata(Is . Isa, D3) =Z(a- (Iﬂ(q} — I (g—D;{g})) BCCc+GcCe ||l e e e e e e e e e
Problems with conventional denoising — ' p geW, stereo constraint; | [* Evaluation on the Oxf(')r'c RobotCar night-time dataset [5]
«  PSNR not an optimal measure for envisioning stereo quality. ) (also data term | L —
L . Lo Z lllﬂ(\?fsz — VIa(q— D5(q))] 9) for stereo) | : - : : - - : - : -
« Maximizing PSNR for maximizing stereo quality is not necessary. Low- = 1 Setl | 63.86 | 4166 | 3096 | 2440 | 19.66 | 58.76 | 33.75 | 23.03 | 16.89 | 12.31
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Our proposed solution —

« Obtain piecewise-constant structures from the images by TV — L, style of
decomposition. Give-away the fine-details (and some PSNR), as they are
inextricably mixed with noise, and hence, more difficult to recover.

« Obtain the structures stereo consistently by injecting a BCC+GCC based

stereo constraint into the above decomposition objective.
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Solve Estructure (1;11'152! D;) ~ Elsz (152) by expressing Efsz (152) = stz) + 8(152),
where f(-) and g(-) contain the convex and non-convex terms respectively.
Due to "windowed” operations, the above form is difficult to solve. However,

with some algebraic manipulations we can simplify itto — |
1}13211 EIQE—I}HH f(/s2) —I—Z Zi=A;i(ls)+ B;

which can now be solved W|th the ADMM variant dlscussed in [1][2] (Linearized
ADMM with “global” consensus (I.,) among “local” variables (Z;); A; and B; are
some linear operators independent of I.,). This gives us the solution for I, -

ours

_Linearly constrained
optimization problem!

s.t

TS E
‘ :
4 i

1 T Imv t :
e —1 ' "' ‘
I = (21 4+ 2AsL; ., + Agpa(l — Wo)T (A + AT) (1 — W) AT A & y — N
s2 (( +2Aski, +Aspal )" (A+ A7) ﬂjz ) update rule for ,5"5-’.'_~k‘l‘; g !'
. - T . — uglobalu 152 — »- . /., \
((ﬁfngugm(ﬂ — W) T (A + AT)WIZ, pZ A Z:* + U, J) / - S
consensus \> update rule for SU m m ary -
Z; = prox:, (AT + B+ UF) U = UF + A LM + B, — Z*" [ “local” Z;, dual Ul |+ A joint structure-stereo optimization objective is proposed to solve the

problem of stereo vision under night-time (or low-SNR) conditions.
 Low-PSNR but stereo-optimized images can still perform better than their
high-PSNR unoptimized counterparts.

Similarly, obtain the solution for E;,cture (Is1) 152, D3) ~ Em(lsl)

Problem Formulation — After solving Esrryceure (Is1) Isa) D), SOIVE Egporeo (121,15, D,) using SGM [3], and

- To obtain disparity D, using structures I.4, I, from input images I,,,, I, then repeat solving the two problems until convergence. Overall process — References —
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(until convergence)




