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1 Computer Vision
1.1 Digital Image
Def Image f : Rn → S, for greyscale n = 2, S = R+, in

digital form: I : {1, . . . , X} × {1, . . . , Y } → S

Rem Pinhole size affects blur, Lens Camera as sol.
Rem Charge Coupled Device (CCD) sensor reads line-by-

line (rolling shutter), then each line pixel-by-pixel
Def Sensor array is an array of photosites (bucket of el.

charge ∝ light intensity), then read via ADC.
Rem Blooming Caused by photosite saturation
Def Dark Current CCDs give non-zero output in darkness,

fluctuates randomly
Def CMOS Sensor Each photo sensor has own amplifier,

more noise, lower sensitivity, “smart” pixels bc. CMOS
Def Sampling Repeated measurement on certain interval,

Reconstruction is inverse. Issues: undersampling (lose in-
formation), oversampling (too large files).
Def Nyquist Frequency highest signal freq that can be

accurately captured, half of sampling rate
Def Quantization Lossy discretization of analogue value,

simple versions have k = 2b values for b bits
Rem Quantization “on” y-axis, Sampling “along” x-axis
Def Res. Geometric: PPI; Radiometric: Bits/Pixel
Def Signal-Noise-R. (SNR) Image quality index: s = F ÷

σ, with F = 1
XY

∑X
x=1

∑Y
y=1 f(x, y).

Def Add. Gaussian Noise I(x, y) = f(x, y) + c, with
c ∼ N (0, σ2), s.t. p(c) = 1√

2πσ2 e− c2
2σ2

Def Poisson Noise p(k) = λke−λ

k!

1.2 Filtering
Def Moving Average New image G where G[x, y] is av-

erage of surrounding pixels and F [x, y]
Def Linear Shift-Invariant Filter. New pixels lin. comb.

of neighbours, shift-invariant = doing same for all pixels.
Good for: smoothing, noise reduction, sharpening
Def Linear Operation L lin. if L[αI1 + βI2] = αL[I1] +

βL[I2], I ′
j =

∑N
i=1 αijIi for j ∈ {1, . . . , N}

Def Linear Filtering I ′(x, y) =
∑

(i,j)∈N(x,y) K(i, j)I(x+
i, y + j) with I the input image and K the kernel of opera-
tion, N(x, y) neighbourhood function for pixel (x, y). Shift-
Invariant if K doesn’t depend on (x, y) (i.e. same weights
everywhere)
Def Kernel Typically matrix, center of matrix is (0, 0)

Def Correlation I ′(x, y) =
k∑

j=−k

k∑
i=−k

K(i, j)I(x+i, y+j)

Def Conv. I ′(x, y) =
k∑

j=−k

k∑
i=−k

K(−i, −j)I(x + i, y + j)

Gen.: g(x) = (f ∗h)(x) =
∫ ∞

−∞ f(τ)h(x−τ) dτ , h(τ) kernel
Rem If K(i, j) = K(−i, −j), then Convolution = Corr.
Rem Convolution is linear: [(af + bg) ∗ h](x) = a(f ∗

h)(x) + b(g ∗ h)(x), commutative: (f ∗ h)(x) = (h ∗ f)(x),
associative: (f ∗g)∗h = f ∗(g∗h); Diff: d

dx
(f ∗h)(x) = f ∗h′

Rem At edge of image, extrapolate, options: clip filter
(black), wrap around, copy edge, reflect across edge
Def Gaussian Kernel Gσ = 1

2πσ2 e
x2+y2

2σ2 . The smooting
amount depends on σ and window size.
Rem g(x, y) = g(x)g(y), with g(x) = 1√

2πσ2 exp
(

− x2

2σ2

)
.

Efficient implementation: First rows 1D, then cols 1D
1.3 Convolution

https://janishutz.com

	Computer Vision
	Digital Image
	Filtering
	Convolution


