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Frame camera

Synchronous images
Spatially dense information
Adjustable exposure
Images absolute intensity

Images static scenes.
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By fusing event and frame data it should be possible to
have it all

e Images that are spatially and temporally dense
Full image available at any time stamp.

e Images with High Dynamic Range (HDR) in absolute
Intensity scale.

e Able to image both static scenes and hlghly dynam|c
scenes without blur. P .~ Y
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An event camera yields a series of events {eg }

€k = (ak:tkaukavk)

where (o, tr, ux, v ) are the polarity, time stamp and pixel location of event k.

V = logl(t)
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Er(u,v)o(t —ty) H ﬁ(t;u,’v)

E(t)

- h E(tuv) =S Ey(u,0)5(t - tr)

k=1

{k | tp<t}

[ L(tu,v)= > Ek(u,v)f;E(T,u,v)dT}
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Direct integration

) t
L(t;u,fu)zf E(r,u,v)dr

E(u,v) (t)

L(uﬂ,) (t) Transfer.functior.l interpretation
> of direct integration

W =

\ 4

High levels of noise in the event
stream stay in the image stream
and make direct integration im-
practical.
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Ewwn(t) 7] [ L) ()
1 s | s+a .
Integration High pass filter

Integration without high pass Integration with high pass
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L(u,’v)(tg

T
w |

Transfer function realisation

L = - F

(%’U)(S) S+ S (u,v)(s)

ODE system realisation RoTvare LT e
d . N lj\}(u’,{,)(t) is the internal state
— Luw)(t) = =Ly (t) + Euw) (t) of the filter.

dt
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E(u,v) (t)
If an estimate Y (u,v) of ~
the conventional image is Y'(u’,v)(t) 1o 11 L(u,v)(t)
available . 1 s i
Transfer function realisation It
tk
- s 1 a E dr ~ L(t
Ly (5) = —— = By (8) + ——Yius [ BT~ Lo,
() (8) = ———Eu0)(8) + ——Y(u0)(5) oo

~ Yk:(ua U)

ODE system realisation

- S «
. L(s,u,v) » ( + )L(t,u,v)
EL(U,U)(t) = —O{(L(ujv) (t) - Yv(um)(t)) + E(u’,u)(t) S+ S+«

~ L(t,u,v)
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A

Low-pass reconstruction High-pass reconstruction
- 3 T _ s E(s)
Lip= (Sfa)Y(S) Lyp = (sta) s

X

v

~

A complementary filter
v with both high- and low-
frequency input is all-pass

(s+a) (s+a)

[ ﬁ(S) = IA;LP + IA—/HP = ﬁf/(s) + (S_fa) E(s) J

S
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Ordinary differential equation

d

d_f/(u,’u)(t) = ~a(Luw)(t) = Yun) (1) + By ()

Solve on the time period t € (ty,ty.1) for fz(u’v)(tk) known.
For Y{,, ) (t) constant (zero-order-hold) and E,, (%) =0 then

A [ﬁ(u,v)(tkﬂ) = e_a(t’*“_t’“)fz(u,v)(tk)+(1—6_a(tk“_tk))(ﬁ(u,v)(tk)—y(u,v)(tk))}

Solve on the time period t € [tgy1,tre1] for .E(u,v)(tg_i_l) known.
Integrate through the Dirac delta function

B [f’(u,v)(fkrﬂ) = [A’(’Un’U)(t;H) + gké(“ka’”k)(u’v) }

e Asynchronous: Only compute when an event arrives.

e Computationally efficient: One scalar exponential.

e Image state: Estimate ﬁ(t,u,v) is stored in memory and can be ac-
cessed whenever required.
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The gain « used in the image reconstruction filter is tuned by hand. Typical
value a = 6rad/s.

However, adaptively tuning the gain will produce much better response across
the full image.

e Pixels where the conventional camera is properly exposed should trust
the conventional camera response.

e Pixels where the conventional camera is under or over exposed should
trust the event camera response.

How should the gain o be adaptively tuned.
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e EXxploit the asynchronous
nature of the sensor with
algorithm design and
Implementation.

e Use both frame and
event data.

e A shallow algorithm (no deep learning)

As the quality of event camera sensors
Improves so will the output of the AKF
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[Pﬁ = —P3Rx(t) + Qﬁ(t)K
Py(ty) = Pa(ty ) + Qp(ty)
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