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Motivation Mutual Information-based Approach

Temporal coded imaging techniques have proven useful in + Model imaging system as y, = H.x + n,, where H, encodes a time-varying PSF at frame t
tasks such as motion deblurring, high dynamic range capture,  Use mutual information as performance metric: decoder-independent upper bound on recoverable
and light field acquisition. information, unlike SNR or SSIM which depend on reconstruction algorithm choice
. . . 1 o2

. . . . * Closed-form M| expression under Gaussian priors: I(x,y) = —log det (1 + =23 HI'H )
Most prior work optimizes static spatial encoders and the role P P (x,y) = 3log , g Ct=17L L
of temporal multiplexing (i.e. varying the PSF across frames) * Extend to dynamic scenes via motion model x; = xq + 0, 6; ~ N'(0,041)
remains underexplored from an information-theoretic Baseline
perspective Example Objects: Dense vs. Sparse (i = 100 photons/pixel) 1 ve, SN wsing Static Gouesian PSF with o 2.0 (123) Mi vs. Gaussian PSF Width (T=1) Mi vs. Sparsity with Fixed Mean Photon Count =100
This work: Using mutual information-based framework, when 57
does temporal multiplexing increase information content and -5 i
for which object types”? How do scene dynamics limit its PoLw
benefit? E 0__'15, = ; SNRE;{EIB] . : . i R : | 6 8 10 12 K . Njﬁﬁberﬂrﬁnnzeroﬁxelskjln .

Related Work Experimental Results

Existing performance analyses are decoder-dependent (eg: SNR, Static scenes Dynamic scenes

SSIM) and require ground-truth reconstructions [1, 2] e L e——
Dense Gb]ecf ‘:; =1.0,0,=0.5) g Dense vs. Sparse Objects (fixed photon budget) g 100 ] 3|

Ref. [1] establishes theoretical bounds showing that computational

imaging outperforms impulse imaging only in low-light regimes /\/\‘ E | S L N
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Motion strength oy
» " ] ] 10 1 201 L Ml vs. T: Static (oy=0)
Recent works apply mutual information as a metric to design R e e S S SR = .
[V S : : , : , : , 1 Z 3 4 5 B 7 8 48 1207/~ very sparse (k=5) 1 2 3 4 5 & ; B
- - - . 1 2 3 4 5 & 7 ] b f | 3
encoders for maximal information capture - show higher decoder Number of Temporl Codes T e A i
¥ Dense (k=M) limpulse) == Very sparse (k=5) E i =@ Static {0a=0) == Fast motion (0y=1.0)
iu k=Ni4] & - Very sparse (k=53] (Impulse) g Slow motion {(gy=0.1] =X Impulse baseline (stal hrou
performance [3]

E a0 Ml vs. T and Scene Motion Speed
MI vs. T: Comparing Temporal Code Strategies T inormalized to gy = 0.01, T =1 static baseline)
: : | 3 204
—8— Random codes MI Gain from Temporal Multiplexing vs. SNR = i
04

Shifted codes for random Gaussian PSFs with gean = 2.0
P
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