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The market for cameras that produce images for Machine vision (MV) and
Artificial Intelligence (Al), in contrast to pictorial images for human vision, is
steadily growing. Applications include automotive (driver assistance and
autonomous vehicles), robotics, security, and medical imaging systems.

Two questions arise when designing camera systems for such applications.

1. How best to select (or qualify) cameras for MV/AIl applications?
2. What image processing (ISP or filtering) is optimal?

To answer these questions, we must go beyond standard measurements of
sharpness (MTF) and noise and apply metrics derived fromi nf or mat on
t h e, dncluding information capacity and related metrics for object and edge
detection.

These metrics are important because Object Recognition (OR), MV, and Al
algorithms operate on A Y F 2 N)Yidt IR WrBakirtg them far better
predictors of system performance than MTF or noise.

L Y I (h& 8eiieloped a highly convenient method for measuring information
capacity and related metrics from the most widely used ISO standard
resolution test pattern — the slanted edge. We describe how the new metrics
can be used to select (or qualify) cameras and determine the optimum Image
Signal Processing (ISP) for Object Recognition, which is likely to improve the
performance of MV and Al algorithms.
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Qutline

This white paper begins with an Introduction, then it describes two mathematical approaches to
calculating information capacity and related metrics from the slanted edge: the edge variance method
and the noise image method.

We describe several information capacity-related metrics (measurements that combine sharpness and
noise). This leads to the key object and edge detection metrics, 3 . 2rd %A @A 2tiat can be used to
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design a filter that significantly improves edge and object detection prior to sending the image to the
MV/AI algorithm.

We will not cover important metrics not directly related to information, including dynamic range and
susceptibility to stray light.

Finally, five appendices introduce information theory, describe how to filter images and obtain results
from L Y | (isBod iow the key detection metrics correlate with information capacity, and explain
binning noise (obscure but important).

l ntroducton
Traditional image quality measurements are based on several image quality factors, including sharpness,
noise, dynamic range, optical distortion, tonal and color response, and spatial uniformity.

These measurements have proven useful for human vision, where tradeoffs are often required. For
example, sharpening makes fine features more visible to the human eye, but it increases noise. Choices
are often based on experience; they come down to what looks best, i.e., what has the most pleasing
appearance for the application.

Object Recognition (OR), Machine Vision (MV), and Artificial Intelligence (Al) systems are different.
System performance is not dependent on image appearance. A more objective metric is required.

|l nf or mat on

Information is a metric that quantifies how much is learned from a measurement. For example, an

individual pixel in a blurred image is highly correlated with its neighbors, so little is learned from its
contents. But if the image is sharp, it is weakly correlated, and much more can be learned from its

contents, i.e., it contains more information.

The concept of information dates from 1948 and 49 in two celebrated papers by Claude Shannon [1],[2].
Appendix | contains a brief introduction to information theory. Earlier work on measuring information
capacity from Siemens Star images [3] will only be briefly referenced in this document.

In electronic communications, information capacity is the maximum rate that information can be
transmitted through a channel without error. In images, it is the maximum amount of information that a
pixel or image can hold.

The sl anted edge

The slanted edge, which is a key part of the ISO 12233 standard, “Photography —
Electronic still picture imaging — Resolution and spatial frequency responses” [4], is
the most convenient and widely used resolution test pattern. It is highly efficient in
its use of space (with multiple edges, sharpness can be mapped over the image
surface), and calculations are very fast.

L Y I (offess skveral charts with multiple edges that can be automatically detected
and rapidly analyzed. Some of the charts offer additional color, tone, noise, and
distortion analysis.
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LYy T2 NXYI o 2 g¢hnbOdaltullatéd krdimdan overlooked capability of slanted-edge regions that was
quite literally hidden in plain sight. To understand it, we start with a summary of the standard ISO

12233 E

1.
2.

The

dge SFR (e-SFR) algorithm.

The i mage
Li near i z éyapplyiegtheinversg af the
encoding gamma curve or using the edge itself if
the chart contrast is known.
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The Edge Variance method uses an overlooked capability of the ISO 12233 binning algorithm to calculate
information capacity.
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The next step is to calculate the information capacity, #, typically in units of bits per pixel, by entering

appropriate values of the signal and noise power, 3 } dd] | AtheShan-Hant |l ey. equaton

. oo YQ .
0 [ €] 7o QQ

3} d&d] j Arequency-dependent signal and noise power, and 7 is the bandwidth, which is always
equal to 0.5 cycles/pixel (the Nyquist frequency). Frequency-dependence is entered into 3 Ausing
- 4 |88 (described below).

This method, which is called the 9R A& N& | Y O § is tieSitsti6fawd methods for calculating
#. The second method, calledthe b2 A B$E 3 S Y, $néyMesIightly more accurate, but only
suitable for uniformly or minimally processed images; it should not be used for bilateral-filtered
images (mostly in-camera JPEGSs), to be described below.

SignalS power
The peak-to-peak signal amplitude at low spatial
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Signhal power 3is proportional to the square of the chart contrast if the image has been properly
linearized. 3i A& fq@ linearized images normalized to 1. (It may be less in systems that limit signal
levels.)

Noi se .power
Noise power N has the same units as signal power 3; hence 3 ¥ is dimensionless.

In examining a great many images, we observe two broad classes of images with very different noise
properties, visible in A§ @] We call them (1) uniformly/minimally processed and (2) bilateral filtered
images. The value of noise power, . , used to calculate #, is different for the two image types.

For “black box” cameras with unknown image processing, the table below shows how to distinguish the
two image types. If the image processing pipeline is known and understood, the table may not be
necessary. For most applications, uniformly/minimally processed images are preferred.

The two i Mlagekdidftexs over sampl ed)

Bil aftlereded | mage Minimally (i.e., uni f

Sharpened near the edge; usually noise-reduced | Converted from raw with an external raw
elsewhere. Nearly universal in consumer camera | converter, with no sharpening or noise reduction.
JPEG images. Image processing appears to
increase information capacity #, even though
information is removed. For this reason, it is
important to use the peak noise A&} @}as
described below) to calculate #.

A stAdg&dipe ak i seartheesligeb | €L i t |l e or n oin/yjeHkise incgeasas
transition. (This peak below is stronger than on the right because noise power is proportional
usual.) to signal power (the mean number of photons
striking each pixel) for linear sensors.

Srongly sharpened i mg
amplitude peak, proba
al gor it hm, whi ch bins
pol ynomi al ft to the
themselves) 1 s design
cal cul atondlget nomotset h

For calculating #, For calculating #,

. is the peak noise power, smoothed with a 0 1 AAJ & forallvalues of Ein the RO

rectangular kernel of length PW20/2.
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For both images, the solid Kk4gdihe is the

Avoid for evaluating cameras for MV/AI systems. Recommended, if available.

T e x tisirédeced in low contrast portions of the | T e X t: ralatively uniform; affected very little by

image. Bilateral filtering is the reason texture is image contrast. Charts such as Spilled Coins and
measured with charts such as Spilled Coins and Log F-Contrast should have MTF similar to the
Log F-Contrast: measurements can be very slanted-edge.

different from slanted edges.

Bilateral-filtered images are of interest because we often measure “black box” cameras, where we don’t
know whether bilateral filtering is present, but we want to obtain a reasonable estimate of #.

Uniformly/minimally processed images should be used for evaluating cameras for use in MV/Al systems,.

Binning noise is a type of quantization noise that affects the Line Spread Function, but has no effect on
standard MTF measurements. It is described in Appendix 5, below.

Bandwi dt h

Bandwidth 7 is| f & b.®cycles/pixel (the Nyquist frequency). Signals above Nyquist do not contribute
to the information content; they can reduce it by causing aliasing — spurious low-frequency signals like
Moiré that can interfere with the true image. Frequency-dependence comes from - 4 {88

G mbi Bidgdy, &ntd oBtain
3a & . ,and 7 are entered into the Shannon-Hartley equation.

871y “ .

— AE 1T —— Y0

MT B) can take a large bite out of #, especially since it is squared in the above equation. Because of its
frequency-dependence, it is sometimes confused with bandwidth.

# is measured with relatively low contrast test charts to ensure that the camera is operating in its linear

region. For most of our work, we use charts with a 4:1 contrastratio (- EAEAT O1T 1 AF+OO0AOO0

1), following the ISO 12233 standard [4].
Since 6oy is directly proportional to chart contrast, we label # according to the contrast ratio: # for n:1
contrast ratio. We use #ythroughout this document.
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Measurements of #yfrom a variety of exposures make it clear that (a) #yis highly dependent on the
exposure level, and (b) #ydoes Yy’ 2répresent the maximum information capacity of the camera.

Maxi mum i nf or fiai0o ra anaop &cictoynsi stent metric

#yis strongly dependent on exposure because (1) voltage range 36 E 6gpis a strong function of
exposure, and (2) noise power b is also a function of exposure (derived from image sensor properties).

We have develfopedtaai memrioaféingndtadoni capaaity
i ndependent.Iitivobtaingl ¥ v@sepd, sha@dvninsidea“gr e e n  f” boxbelowe e k s

Cal cul atng maxi mum#iamf or mat on capacity,

St e peflace the measured peak-to-peak voltage range 6gpwith the maximum allowable value,
() p. This may seem like a simplification, but it works well for most cameras. Referring to the

section on Signal Power 3,

St e [Replae the measured noise power . with. | A 4the meanof. overthe range O 6 (dhere
1 is the maximum allowable normalized signal voltage ). For linear (non-HDR) image sensors, the general
equation for noise power N as a function of V is

0w 0 Qo
1nis the coefficient for constant noise (dark current noise, Johnson (electronic) noise, etc.). {mis the

coefficient for photon shot noise. They are calculated from noise powers . v EAu and . ¢ EA(pc, which are
measured along with signal voltages on the darker and lighter sides of the edge transition.

I O0OIET® Qo AT A O Qo xEAOA 0§ forlinearimage sensors, we can
solve two equations in two unknowns for {nand {m
. 0 w 0 - 6 0
Q ; ; naQ ———
w w W ()

. closely approximates the noise used in noise calculation method (1) (for minimally processed images
that don’t have bilateral filtering). But if method (2) (the smoothed peak noise) is used (recommended for
in-camera JPEGs with bilateral filtering), b is generally larger, and must be modified.

60 QiR xBAGA T
In bilateral-filtered images (most JPEGs from consumer cameras), lowpass filtering (for noise reduction)

may be affect buand b strongly enough so the equation 0 & Q  "Qadoes not reliably hold. This can
adversely affect the accuracy of / v &

The mean noise power Nime aaver the range 0 VD fdr calculating Cma is

; . ULy e
0 S T Q QwQu Q QTc
Qo
To handle cases where noise is not lighter on the light side of the edge, which can happen with HDR image
sensors or with weird image processing, use

0 iA®G R M
Using 0 0 ho p ATAY "Q 0°YM Tp ¢
. 87y . -
. 8 bvYm . byare .
5 i —— Qe i - — ¥
pPQ pQ
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Because noise in High Dynamic Range (HDR) sensors does not follow the simple equation for linear sensors,
we recommend giving the image sufficient exposure so the brighter side of the edge is near (but definitely
below) saturation, then, if the noise does not increase with exposure, use . i A 4as indicated above.

Cma is nearly independent of exposure for minimally or uniformly processed images with linear sensors,
where noise power b is a known function of signal voltage .

Consi stfiesmcy of

We performed a set of analysis on two cameras with a range of exposures (indicated by 6; 4 i The
results showed that #; 4 gvas highly consistent with exposure for the raw—>TIFF images (which were not
bilateral-filtered), but less consistent with the bilateral-filtered (JPEG) images. #yvaried as expected.
Because of the inconsistency, we don’t recommend using bilateral-filtered images where accurate

information capacity measurements are required— especially when cameras are being evaluated for use
in MV/AI systems.

CGandafCor mini mall yTIpFF caersd edPEG@GQW mages
Camera 1 (10 MP) Shannon capacity C, & C . vs. Exposure Camera 4 (16 MP) Shannon capacity C, & C_ vs. Exposure
from 4:1 Slanted-edges: raw-->TIFF & JPEG from 4:1 Slanted-edges: raw-->TIFF & JPEG

4.5 T T 4.5 T T T
. e,
s, s
= 4r 0‘ T = 4‘\ O *
o o P -
s ; H 35k &
] ]
UE DE 3F
oF o
o o' /
(=] o
E £
S ——C, raw->TIFF E 2r ——C, raw>TIFF ||
2
H e C, raW->TIFF H e = C,__ raw->TIFF
o wrwmnnn G, JPEG ® q45f wwvmenns G 4 JPEG
wogp G JPEG «ogen G JPEG
. . - ’ - -
1071 10° 107 10°
an (proportional to exposure) an (proportional to exposure)
mMmn at O2YLJ} Ou OFY Mc ak ORBHKIA NRa O YS!

Cma may be need to be adjusted if the image is incapable of spanning the entire range of Digital

Numbers (DNs), for example, 0-255 for images with bit depth = 8. Information capacity measurements
fail if local tone mapping has been applied.

Tot al i nformaton capacity
Thus far, we have presented information capacity C in bits per pixel. The total information capacity,
Ci o tfanthe entire image takes variations in C over the image into account.

To obtain C; o far puto-detected slanted-edge modules, SFRplus, eSFR ISO, or Checkerboard, select 3 D
& cont othensefedd A gse i n f o (ordtee pght©f thmRescharts window, below). The

mean value of Cma for the image will also be displayed. For the information capacity plots (#yand #i A
the zone weights are always [1, 1, 1].

0 mean 0  megapixels.

N. Koren Image Information Metrics and Applications: Reference, November 2023 p. 10


https://www.imatest.com/docs/sfrplus_instructions
https://www.imatest.com/docs/sfrplus_instructions
https://www.imatest.com/docs/checkerboard_instructions

G3_eSFR_ISO160_excmp1P1060138.tiff
Edge Info Cap C_{max} V-edges

Rotate 3D ~ | Whole img Crop

Chant 9. eSFRISO X

22 Read image file Save Reload

2 [CJ Acquire from Device
i New analysis of th cumant image v
Setup More Settings...
s e piis (WxH): 45 RO Display MTF compensation
A e oy 22 ‘ 16 Mpxis 09-Jan-2023 17:07:00 113D & contour plots =
B w2 a2 1\ a,\nzté:_?s Y-channel Vert-edges
[Nz %08 -, -_. g = T\ Gamma =0.40 (0.427 from ROIs) 24, Edge Info Cap C_max  ~ Plat
A N -
2ea1 © 68 2033 765 ||| feor MTF asymmetry xy = -4.8% 1.0% Pscalar stiaded, iriage & it ISR
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2088328433880 350 16343404 29742122871
R, e O

<o aag/ 2017 Edge InfoCapC_
M e = / it Mean: 2.847; total Mb: 45.44 Backgnd Al H|
e ._5,_‘__ o ./2; ¥ Center I Part way | Corner
X 2ot —1 / ¥ 1

[ invert results Scaling

Weights: 111071 Plot Vertical adges-only v Top

262 ¢
/;"m Means: 3.347/2.868/2.324 o

e 2484 Worst:  3.347 /1.8 /1.731 SEV“"BE"j Help 23.1.0. ALPHA.

= Save data Edt (3 imatest®

zsas 2OZME T Ghara et
e B o4 308

05 LX 20 27 Ay T2RMOISN2 i K/SI WY®GABe a/dzNF I OS

The mean information capacity Cma is 2.847 bits/pixel. Since the camera has 16 Megapixels, total
capacity Cmam t for the Luminance (Y) channel = 45.44 MB.

Signal averaging
Signal averaging is a well-known technique that can improve the accuracy and consistency for
measurements of noisy images for both the Edge Variance and Noise Image methods.

Extremely noisy images, typically acquired in dim light or at high Exposure Indices, may result in
inaccurate measurements of - 4 &nd #. Signal averaging, where Nidentical captures of the same image
are averaged, is a classic technique for obtaining more consistent measurements by reducing the effect
of uncorrelated noise. When 1 images are averaged, the sum of the signal voltage and the sum of the
noise LJ2 & (8dMa voltage?), which is uncorrelated, are both proportional to N. This causes noise
amplitude to be proportional to € , so that SNR increases by Vi€ : by 3dB whenever | is doubled. To
obtain correct information capacity measurements when the signal is averaged, the noise power is
multiplied by n.

This effect is illustrated below for a camera with a one-inch sensor, which was imperfectly focused, at ISO
12800. A single image is shown on the left. Note that MTF is rough and has significant high frequency
noise bumps. For the average of 8 images is shown on the right, information capacity Cis slightly
reduced because MTF is better behaved, i.e., there is less spurious high frequency response.
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consistency_LX100_22.7mm_f4_[12800_s1-640_1010893 tiff

8 file avg (consistency_LX100_22.7mm_f4_i12800_s1-640_1010891 i, ..)

Edge profile: Horiz (V-edge) (sagittal) _01-Jan-2023 10:3423 Edge profile: Horiz (V-edge) (sagittal) 01-Jan-2023 10:33:24
[-4268 x 2872 pixels (WxH) AV 5 4288 x 2872 pixels (WxH) o R0
,s. 12.3 Mpxis 16 bit s g : : 12.3 Mpxls 16 bit Signalaw
8 | ROL: 211x303 pixels * 10-90% rise = 3.2 pixels ? [ ROI: 211x303 pixels [ 10-90% rise = 3.24 pixels
._E, 7.5% left of ctr = 891.4 per PH E 7.5% left of ctr = B885.9 per PH
@ | Ychannel (YL T) Over / undershool = 7.4%./ 3.7% 2 | vchannel (YLT) Over | undershool = 2.7% / 0.9%
s i Chart contrast = 4 L Chart contrast = 4
& |ewe sor° 7 (chart) = 0.235 Use for MTF. E |eage 510 7 (chart) = 0.238 Use for MTF.
o | VIL.R.mean.A) = 0.084 0021 0.063 olof e [ . ViL.R.mean.A) = 0.0807 0.0202 0.0605 0
“-.‘: Info cap C,=0.232; C,_ =126blf & Info cap C, =0.212; C__ =1.09 bip;
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b.0224 i
s : Imatest 23.1.0. ALPHA Master b.o: - Imatest 23.1.0. ALPHA Master
5 0 5 10 -5 0 5 10
rixeis (12, A F TR QG Pixels (Hor)
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MTF50 = 0.1684 Cy/Pxl 1 MTF50 = 0.1605 Cy/Px| 4
i =967.4 LWIPH NR i | =921.6 LWPH NR
(RGB) = 0.146 0.168 D.169 CyPxl = (RGB) = 0.148 0.167 0.178 CyPxl
. MTF50P=D.168CJP=957.TLV!IP:H 081 MTFS50P = 0.161 C/P = 922.1 LW/PH
08 & Undersharpening 326%: 51 41 Undersharpening 25.3%
MTF area PkNorm = 0.197 C{iPxt MTF area PkNorm = 0.179 Cy/Pxl
E o6+ MTF at Nyquist = 0.11 ; w06 MTF at Nyquist = 0.0308 1
04F 04
0zt -3 , 02f
MTF: Horiz (V-edgeMeNR T Nom/ MTF: Horiz (V- :
0 I i h i 0 I i i Pl
0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Frequency, Cycles/Pixel Frequency, Cycles/Pixel
{Ay3ftS AYI3AS y Iy I@SNr3ISR
Some key results of the Edge Var.i

ance

We tested three cameras that produced both raw and JPEG output for information capacity C as a
function of Exposure Index (ISO speed setting).

Camer as

used in the tes

ts

macro lens set to f/8

1 | Panasonic 2. 14 pm pAnolder(201@) cotpadh 10.1-megapixel camera with a Leica f/2
Lumix LX5 zoom lens set to f/4.
2 | SonyA6000 |3 . 88 pm pAi2dneegapixel mitrocfdur-thirds camera with a 60mm Canon

3 | Sony A7Rii 4.5

Lm  p A42-megapixel full-frame camera with a Backside-Illuminated
(BSI) sensor and a 90mm /2.8 Sony macro lens set to /8

We captured both JPEG and raw images, which were con-

verted to 24-bit sSRGB (encoding gamma f 1/2.2) TIFF

images (designated as raw->TIFF) with LibRaw, with
minimal processing (defined as no sharpening, no noise
reduction, and a simple gamma-encoding function).

Results for 48-bit Adobe sRGB conversion were nearly

identical.

The image on the right, which was analyzed in “Camera
Information Capacity: A Key Performance Indicator for

Machine Vision and Artificial Intelligence Systems” [3],

contains a 50:1 contrast Siemens star and four 4:1 contrast
slanted edges on the sides. We used the upper-left slanted
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https://www.libraw.org/
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edge for most tests. The average background of the chart is close to neutral gray (18% reflectance) to
ensure a good exposure (exposure compensation may be applied if needed and available).

The figures below show results for the luminancej] € T8 ¢pcuv d2 C T Bckapnelas?d ' Cn8myx¢
function of I1SO speed (Exposure Index) for the raw—>TIFF images (solid lines) and JPEG images (dotted
lines). For the raw—>TIFF images the relationship between ISO speed and # is similar for all three cameras.

. Shannon capacity C 4 VS- Exposure Index for three cameras
#UJ 4 . 1 S | an t € d € d g € from 4:1 Slanted-edge images: raw—>TIFF & JPEG

w

T T
————Camera 1: 10 MpxI; 2.14m pitch
——s— Camera 2: 24 Mpxl: 3.88;:m pitch
= Camera 3: 42 Mpxl; 4.5um pitch
e Camera 1: JPEG Noise calc 2 |LSF|
Camera 2: JPEG Noise calc 2 |LSF|
Camera 3: JPEG Noise calc 2 |LSF| |4

[
@

The information capacity for 4:1 contrast edges, Ca,
shows similar trends to #i A,@but since the relatively
low 4:1 contrast uses only a fraction of the available
signal level, C4is lower than Cma or C measured on
Siemens stars. It is also highly sensitive to exposure.

N

)

Shannon information capacity C (Bits/Pixel)

10? 103 10* 10°

Exp Index (ISO speed)
Inb & + FTdzy Oe2y 2F 9ELR:

Wt 9D AYI 383

#i Agnaxi mum i nf or mat on “Maximum Shannon ::apa‘city'ém vs. Exposure Index for three cameras
#i A g5 derived from measurements of 4:1 edges. It is 5 o e g e T S e
relatively accurate for minimally or uniformly T Caman s 2 s i
processed (often raw—>TIFF) images, and is much ot jﬁ@”ﬁﬁﬁi’égfxisn ]
less sensitive to exposure than #y, making it robust Camera 3 JoEG Nase cac 2 L5
and well-suited for comparing the performance of

different cameras.

g
o

IS

Camera 3: JPEG Noise calc 2 |LSF|

™,

w

[l
o

Both #yand # 4 give the expected results: # is
higher for the higher quality (larger pixel) sensor,

N

Shannon information capacity C (Bits/Pixel)

-
<]

FTdzyOs2y 27F 9ELR

and decreases for increased Exposure Index (less Ivit a |
exposure and more analog gain, resulting in poorer Wt 9D AYIlI 3Sa »
SN R) Exposure Index (ISO speed)

Sharpening
Simple sharpening, which has the same effect on the signal and noise response, and therefore does not
change "Y'QI0 "Q, would not be expected to have much effect on #. This is indeed the case.

The two examples below show that (uniform) USM sharpening has little effect on slanted-edge
information capacity. The two images (originally a minimally processed TIFF) have been strongly USM
sharpenedinthe L Y | (i Sréalg e P rnmdule with Radii g1 and 2 and Amount = 2. The original
unsharpened TIFF has #y=2.06 and #i A @ 3.82 b/p.
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https://www.imatest.com/docs/image-processing/

LX5_Star_SG__10-Tmm_f4_ISO100_s1-4_101017 3<tiff-improc_sharpR1AZ pr

{- Edge profile: Horiz (V-edge) (sagittal)
3664 x 275 els (WxH)
[ 10.1 Mpxis 6 bit

31-Daec-2022 15:48:15

=
g ROI: 1132156 pixels
£ [26%leftofctr 10-80% rise = 0.82 pixels
= -
@ | Ychannel tvL26) = 3364 per PH
g Ower /undershoot = 173% / 64%
a E 5.61° Charl contrast = 4
o L ~ (chart) = 0.439 Use for MTF.
g VILR.meanA) = 0.0469 0.187 0.14 0.1
w Info cap C' =1.84; Cmm =3.7T1bip;
from mean region noise
P Imatest 23.1.0. ALPHA Master |
-5 v} 5 10
Pixels (Hor)
1.4 - T .
MTF50 = 0.521 Cy/Pxl
12 -

¢L

=2869 LW/PH NR

RGB) = 0.529 0.518 0.523 CyPxl

Oversharpening 1B.7%

MTF50P = 0.465 C/P = 2560 LW/PH |

MTF area PkNorm = 0.411 Cy/Pxl |
MTF at Myguist = 0.541
Nyquist
MTF: Horiz (V-edge) w/NR
0 0.2 0.4 0.6 0.8 1
Frequency, Cycles/Pixel
CC aKI NLISYSR

gAGK wl

LX5_Star_SG__10.7mm_f4_ISO100_s1.4_1010173.iff-improc_sharpR2A2.pr

| Edge profile: Horiz (V-edge) (sagittal) 31-Des-2022 10:57:55.]
3664 x 2754 pixels (WxH)
= 10.1 Mpxls -8 bit
@ | rOI: 102154 pixels
£ [26% left A P 189
= dlefafelr 10-90% rise = 0.63 pixels
@ | Y-channel (YL 26) = 4385 per PH
IE Over /undershoot = 52.6% / 14.9%
o Chart contrast = 4
L3 ~ (chart) = 0.439 Use for MTF.
it V(LR.mean.A) = 0.0472 0.189 0.141 0.118
Info cap C‘ =1.93; Cmax =3.81blp;
from mean region noise
; Imatest 23.1.0. ALPHA Master
-5 0 5 10
Pixels (Hor)
T T T
2r MTF50 = 0.5524 Cy/Pxl 1
=3043LW/PH NR
(RGB) = 0.555 0.554 0.539 Cy/PxI
15 MTF50P = 0.39 C/P = 2150 LW/PH |
Oversharpening 94.0%
MTF area PkNorm = 0.347 Cy/PxI
'E MTF at Nyquist = 0.603
= 1
05 1
Nyquist f
MTF: Horiz (V-edge) w/Ni ™ ,
! h : TR
0 0.2 0.4 0.6 0.8 1
Frequency, Cycles/Pixel
¢LCC aKFINIWISYSR gAuUK wl

ForR=1,A=2, A}, | A AG B1i1 pixels. For R=2, A=2 (stronger sharpening), Aj, | A A@ BE108
pixels. This is a relatively small increase over the unsharpened A}, 1 A AC@ B0846 pixels.

This highlights another benefit of information capacity measurements. Unlike MTF50, they do not
reward excessive sharpening, which creates “halos” near edges, making the image look sharp in small
displays, but creating artifacts that degrade image appearance on large displays [9]. They also have a bad
reputation for machine vision applications.

Edge

| ocaton var

ance
An additional result can be derived from the Edge Variance method: ¢ KSR 3 S

(or

adl yREFENR RS & MIASRRHpTT AADQET 1

standard
f GIONBRYOS

Edges are important because they are often required to distinguish an object. For example, athe only
way to distinguish a gray vehicle from a gray concrete background is with the edges.

For signal voltage 6j @] the edge is defined as the location @where the Line Spread Function, 3j&}=
A $@] & @n units of 1/pixels) has its peak value. The standard deviation of the edge location is

LAGEIOb

wAO BAE

m

. 1T AAO

A QE o 10 o

DA AEYD

01 EOO

The actual location of an edge is affected by interference from neighboring edges (mostly the closest
edge) as wellas £j, | A A Omhénledges are close together (small X ), interference causes edge
amplitudes decrease, which increases sigma, and it also causes edge locations to shift. Displays of , 3 &
amplitude and shift versus spacing are shown below for the image used for Signal and noise result
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(above), and the same image moderately sharpened with Radius = 1 and Amount = 2, in Sharpening
(above). A}, T A A Gshdtd n@jor metric. 3 . _2rd %A @A 2rE more useful.

<103 LX5_Star_SG__10.7mm_f4_ISO100_s1-4_1010173.tiff %107 LX5_Star_SG__10-Tmm_f4_IS0100_s14_1010173-iff-improc_sharpR1AZ.png
—TT + T T T T T T T

!
LSF Doublet amplitude]

T

— T T T
5t |LSF Doublet amplitude| ROI 1 4 12+
T45} g
-] °
z £ 0
s 41 -
E E
m -}
g 5 9T
-g 3.5 22.0ct-2023 09:47-30 | 'g 22-0¢ct-2023 09:25:25
3 ROI1: 109x159 puls ] 8r ROI 12 109x158 pxls
m 3664 x 2754 pixels (WxH) I 3664 x 2754 pixels (WxH)
9 3r MTF50 = 02647 C/P ] [ MTF50 = 05284 C/P
= Chart contrast = 4 =7ir Chartcontrast =4
v =0441 Bbit ¥=044 8 bit
251 6
Pixels — Pixels —
L L . L PR R S S R s
10 10’ 10° 10’
LSF Doublet shift in pixels ROI 1 ; LSF Doublet shift in pixels
0.3 I 03 1
a(location) = 0.0846 o(location) = 0.11
2 02} {1 = R
% g o2
o a
£ o1T £
£ 9 £ 01
i &
B k] L
s -01F = 0
g g
02
-01
& %
- o3t ]l a2
-~ Error bars represent 1 o 02t Error bars represent 1o |
047 Pixels — Pixels —
L L L H
109 10 10° 10’

¢CLCC dzyaKlFNLISYSR {KFENLISYySR ¢gAGK wlkRAdza I' mZ

The difference between the two results is not large. At a pixel spacing of 1 (labeled 10° on the x-axis), the
difference between 3, 3i&oei®Aj, | AA Qb1 3&i ¢iZsj, | A A &B.38640Q31=0.67 for the
TIFF unsharpened image and 0.32+0.17 = 0.49 for the R1A2 sharpened image: a modest improvement.
For a strongly oversharpened (R2A5) image, Aj, | A A (nhErdades@o 0.125, but A[ {i £i@ pixel spacing
1=0.07+0.34 = 0.43. This improvement was surprising since the edge has a large peak. At higher ISO
speeds, " ([ 2 O ) eadly have been much larger and there would be less improvement with
sharpening. We will present better performance metrics, 3 . ard %A GA 2bElow.

Summar yEH@ghMartiheence met hod

I The Edge Variance method is the first of two methods for calculating information capacity, #,
from slanted edges.

9 It has a limited set of results. There are many more in the Noise Image method.

0 Information capacities #yand # a@ndAj, T AABGET 1 q
0 Aplot of spatially dependent noise power A&} @or amplitude Ag @] which can be
useful for determining if the image has been bilateral-filtered.

I Produces a useful approximate measurement of # for bilateral-filtered images, but more
accurate results are obtained from uniformly/minimally processed images, which should f g | € &
be used when a camera is being evaluated for use in MV/AIl systems.

9 Results are easy to obtain, even though the algorithms behind them can be complex. For the
most part, L Y | (u&rd don’t need to be concerned about the calculation method.
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The Noise I mage met hod of redlad eldat

metrics

The Noise Image method is the second of two methods for calculating information capacity and related
metrics. It was developed shortly after the Edge Variance method, and it offers a particularly rich set of
measurements.

This method involves inverting the 1ISO 12233 binning procedure. Noting that the 4x oversampled edge
was created by interleaving the contents of 4 bins, each of which contains an averaged (noise-reduced)
signal derived from the original image, we apply an inverse of the binning algorithm to set the contents
of each scan line to its corresponding interleave (I n v ér s1a B @ below). Since the inverse-binned
image is a nearly noiseless replica of the original image, we can create a noise image by subtracting the
inverse-binned image from the original image (which must be corrected for illumination nonuniformity in
the direction of the edge).

The three images are shown below. The noise image (below-right), which has a mean value of 0, has
been lightened and contrast-boosted for display. The other images are displayed with gamma-correction.

OMMNRAIAYLFE WhLOHY OBNEY SR k6d®2A &S AYF3AS whi
These images allow several additional image quality parameters to be calculated, including Noise Power
Spectrum (b t ){fand Noise Equivalent Quanta (b 9 Jywell-known in medical imaging systems, and
described in an excellent review paper by lan Cunningham and Rodney Shaw [10]. These measurements
are not well-known outside of medical imaging, in part because they have been difficult to measure.

An alternative information capacity measurement, # oaderived from . 9%,lis described below.

Di spltahyees g | t s
The key results areinthel nf or matl @t BEQ, plEMReL Y I RE&H:c twmdow (ased
to run SFRplus, eSFR ISO, SFRreg, and Checkerboard interactively).
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https://www.imatest.com/support/docs/23-1/shannon-slanted-edges/#method_noise_image
https://www.semanticscholar.org/paper/Signal-to-noise-optimization-of-medical-imaging-Cunningham-Shaw/d478a81c1af794e8097b5a3b3cf903b2f5af0f2b

This plot has numerous display options. It displays two results: one at the top and one at the bottom.
The contents of the upper and lower plots are selected In the Display area on the rightofthe Re s c har t s
window, shown in the middle column of the table below.

Uppeik oweglrot Di ssleayngs Loweglronhl y

Display MTF compensation

NoiVoel tSapgeec t r um
NoiPoew8pect(NPIB)
No iBEgui v@u aermtNE (
MT F

22 Information-related: NEQ, SNRi v

e ———
| Noise Equiv. Quanta (NEQ) ~ UpﬂeLEk':_t__.>

1 Center V1 0.0 L

Eddé neaminme dna | A Log roa Wmage Stets
Li 8pr cadctblF) ;“"‘e”""’m Or i giinmmaaglreo p
. uare visibility image v T

Edge®ivsoel t age : 2 - Unbi nmeadireo p
Noiasuet ocorrel at d image crop R0.0.2. ALPHA (Reverse-projected; low noise)

o < z Moise image crop < ® A A B=h A
SN Quare Rasits summary \» Imatest N o iisnea @ re dQuiginal — Noise)
SNRiect @&r4pl e Square visibility image R e s 1 lu tmsn éShown above)

= Square visibility - LARGE . .o 0 :
SNRI S gu a%’ = p e Moise Voltage Spectrum Sq uanes.| Ibmdg d y
SNRi rectahgle Noise Power Spectrum (NPS) Squai si-HiAIRGEy
L S F D ou b I et s h Noise Equiv. Quanta (NEQ)
MTF
LSF Doubl et am Edge linearized unnormalized
L S F d ou b I e t S/ Line Spread Function (LSF)
K Edge noise voltage
Ed @e\l Ri sqguar e Noise autocormelation
E d @e\l R | r ec t an g SMRi square w xw
) SNRi rectangle w x dw

Ed CSQ\I Ri 1D doub SNRi square per pixel

H SNRi rectangle per pixel
O b J ect mat c h e d LSF Doublet shift
Edge matched f LSF Doublet ampiitude v

Here is an example, with Noise Power Spectrum (NPS) displayed on the top and Results summary

displayed on the bottom.
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https://www.imatest.com/docs/information-slanted-edges-instructions/#upperplots
https://www.imatest.com/docs/information-slanted-edges-instructions/#lowerplots
https://www.imatest.com/docs/information-slanted-edges-instructions/#mtf
https://www.imatest.com/docs/information-slanted-edges-instructions/#edgelin
https://www.imatest.com/docs/information-slanted-edges-instructions/#snri

SonyAG000_Star_SG__60mm_fB_ISO100_s0.8_00091_standard.tiff
T T =T T

Noise Power Spectrum (NPS)
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£
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2 Ratate 30 /| Whole img Crop
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Setup... More Settings...
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Infocapacity C,  (NEQ) =38 437 384 445 Noise Power Spectrum (NP~ Upper plot
Info capacity C,(NEQ) =155 207 165 215
Noise image variance = 1.68¢-05 7.82e.06 1.3e-05 6.256-06 [Log x-as Image Stats
Noise image std dev = 0.0041 0.0028 0.00361 0.0025 Lower plot
Noise 1D power = 1.77e-05 8.51e-06 1.37e-05 6.96e-06 Results summary 5
Input signal V(P-P) = 0105 0.103 00879 0.103 -
Input signal V(mean) = 0.0886 0.0858 0.0777 0.0858 E Save screen | Help 3.1.0.b.2. ALPHA
Save data Edt | b imatest®

b2Aa&aS t 26 SN LIEOHIINEY: HY R2 WSEHKA (G2 1Hdzy Y NEB
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Noi se Vol tage or0OBPower Spectrum (
O @ipper plot above) can be displayed SRS i B0 . B ISR mhA B el
with a logarithmic x-axis (above) or a linear : ~ Noise Power Spectrum (NPS)
x-axis (on the right; selectable by the Log x-
axis checkbox, above). The Noise Power and
Voltage Spectrum plots have the same
shape: only the y-axis labels are different.

—
o
L

-
=
o

The 1D Noise Power or Voltage spectrum is

derived from a 2D Fourier transform (FFT) of
the noise image. The initial 2D FFT has zero ' | Frequency, Cycles/Pixel -
frequency at the image center. The image is 0 005 01 015 02 025 03 035 04 045 05
divided into several annular regions, and the b2Ads t245N] { LISOU N

average noise power is found for each region.. O Bused forthe. %#nd 3 . 2akculations.

Noise Power Spectrum (NPS)

3
&

Because this procedure does not maintain the invariance in energy between the spatial and frequency

domain implied by Parseval’s theorem, A ,, o Qo ® AOU0Y R 'Q ‘Q , where Ois
frequency, we must apply a correction to the NPS.

N. Koren Image Information Metrics and Applications: Reference, November 2023 p. 18


https://en.wikipedia.org/wiki/Parseval%27s_theorem

Noi se autocorrel aton

This plot is used to examine the hypothesis that e P o [ [ T P PP et

noise autocorrelation (the inverse Fourier transform Noise autocorrelation experimental
0
(IFT) of the . 0)3ndicates the amount of electrical b X R G B Y
q r 1 0319 0.289 0309 0.246
crosstalk of image sensor when the effects of 2 0451 0144 0162  0.147
3 0.104 0.109 0.11 0118

demosaicing and fixed-pattern noise are removed
and the primary noise source is photon shot noise.

The idea behind the hypothesis is that light incident
on the sensor is uncorrelated, so that if there were i S ———
no crosstalk, the noise would be white. L

: : Plixels — : ; : : :
This image used for the upper plot was white- 0 1 2 3 4 5 6 7 8 9 10
balanced. The curve of |IFT(. 0)3is based on the Sosyasons s sc_samm 1 15010008 e 1 s

Noise autocorrelation exper

author’s understanding of the Wiener-Khinchin 0
theorem.

xR G B ¥
10323 0227 0474 0235
2 0473 0147 0100 0.182
3 0422 0121 0075 0432

The image in the lower right was not white-balanced.

This increases the red channel autocorrelation

B (W | ICTTITE |
distance, as expected. P\ 1 [omn LLER - |
b2A&aS | dzi2 02 NNSKf |

A similar autocorrelation plot can also be obtained
from a flat field region in the Image Statics module. lllumination nonuniformity has been corrected to decrease the
(spurious) autocorrelation at large distances.

Noi se Equiva¥%ent Quanta (

% s a figure of merit used in medical imaging [5], but is unfamiliar in general imaging. It is described
in a 2016 paper by Brian Keelan and in an earlier paper by Cunningham and Shaw [10]. Essentially, itis a
frequency-dependent Signal-to-Noise (power) Ratio, in contrast to - 4 &which is signal amplitude
response-only.

Units are the equivalent number of detected quanta that would generate the measured SNR when
photon shot noise is dominant.
5050 © 0 YoQ
L L TR e
00
where the mean linear signal, [, can be defined in either of two ways, depending on how . %1s to be
interpreted.

In the standard definition of . %,lwhere . O i3 dominated by photon shot noise, * W n,
where 1 is the mean count of the detected quanta. But because noise is uncorrelated, 0 0 "Y* A.
Therefore, . % 1s proportional to the count of detected quanta, I). For example, . % % 200 corresponds
toameanofr] ¢ Tt detected quanta per pixel (assuming photon shot noise is dominant).

The above equation, ) ), is appropriate if . % s to be used for calculating Detective
Quantum Efficiency), O0 '0Q (0 ‘OU0QI, where 1 is the mean number of quanta A Y O AoReé&dff (i
pixel. Measuring 5 v Eequires a separate (and very exacting) measurement of ij . ItisnotyetinL Y I (4 S &
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Getting familiar with the meaning and use of .

SonyAB000_Star_SG__60mm_f8_1S0100_s0.8_00091_st . =/ Q H;:‘
T T T T T T T
Noise Equivalent Quanta (NEQ)

% Inay take some time. Characterization of
imaging performance in differential phase
contrast CT compared with the conventional
CT: Spectrum of noise equivalent quanta
NEQ(k) [17] by Tang et. al. is an excellent
example of how NEQ is used in medical
imaging.

Noise Equivalent Quanta (NEQ) per pixel

The NEQ plot is somewhat rough because of Frequency, Cycles/Pixel s
the relatively small size of the slanted-edge 0 005 01 015 02 025 03 035 04 045 05
ROIs (Regions of interest). It can be improved b2Aad 9ldAQLESyd vdz
(made smoother) using Signal Averaging.

Il nf ormaton captamai ty from NEQ
Avariantof . %,1 %d;jA(not plotted), calculated using* W 7]7Ip_c(to be consistent with the

Edge Variance calculation), is used to calculate information capacity, # a4

" [ 0 00 QQQ 8]T 'Gwvnnn

o} @ 000V o )

where bandwidth 7 EAyk 1t 880U A1 A GiFtilde Ea@idkals Nyquist frequency. [Author’s note: | thought
I'd discovered this connection, but it’s in papers on PET scanners and Digital Mammography by Christos Michail et.
al. [6],[7]. Not papers anybody outside medical imaging is like encounter.]

Channel R G B Y
The key FESU|tS, #qj . %Gland #i Ab %qare Info capacity CMBx(EdgeVarJ =354 4M 376 4.23
A . X Info capacity Cq{EdgeVar) =163 212 1711 222
included in the Results summary. They are slightly Infocapacity C,,_(NEQ) =38 437 394 445
different from the Edge Variance results, most likely Info capacity C,,(NEQ) =155 207 165 215
because the calculated Noise Power Spectrum, o )
o _ ] Moise image variance = 1.68e-05 7.82e-06 1.3e-05 6.256-06
0j3His used. (The Edge Variance calculation Noise image siddev = 0.0041 0.0028 0.00361 0.0025
. . Noise 1D power = 1.77e-05 8.51e-06 1.37e-05 6.96e-06
assumes constant . 0,3.8., white noise. Input signal V(P-P) = 0.105 0.103 00879 0.103
Input signal V(mean) = 0.0886 0.0858 0.0777 0.0858

wSadz & &adzyYyYl NB

|l deal Obs3erivBer SNR (

3 . 2sEmeasure of the detectability of objects, described in ICRU Report 54 [16] and in papers by Paul
Kane [14] and Orit Skorka and Paul Kane [15]. The two-dimensional equation in [15] gives the best
results.

o O h OO H
YO 'Y'Q —
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"0’ h s the Fourier transform of the
rectangular object to be detected, defined
below.

SonyA6000_Star_SG__60mm_f8_ISO100_s0.8_00091_standard.tiff
T — T T

—

13-Nov-2023 12:05:23 "7
ROl 1: 183x265 pixels
6024 x 4024 pixels (WxH) |

Chart contrast ratio = 4
mean noise [Auto]

Objects to be detected are typically L MTF50 = 02137 C/P = 1720 LWIPH _ |

w x 4w rectangle SNRi

- 4 j&Cand . 0j8Care defined in one
dimension. Spatial frequency’

has units of Cycles/Pixel.
20

SNRi dB for w x 4w rectangle
w
(=]

o

rectangles of dimensions x p E xwhere EE , . , , Featuresizewin pixels for wx 4w rectangle — nee
p for a square or 4 for a 1:4 aspect ratio = 10° 2 ° 10! 2
rectangle.Amplitude, 6o ¢ds typically {bwhA 2 Nly2AdANLIA M I2BH6
obtained from a chart with a 4:1 contrast ratio.
o~ Y ¢\ JA Y 1
Qo ®w tOAAOtOAAQ
0] Qu
where OA 0§ E ZHT &Oix¥¢ N n | OEy Rectangular function
" jugwCis the Fourier transform of the object, G @ U rect(x/w) | w —
expressed in two dimensions.
o' fi @ G OE10 OETQU S0 R
W , o w
13 U o QU
where 'O 0 OE] Bic 0 OET A Uis the Fourier transform of O Aj & ®DGfor frequency O
Note that' has units of p 1, and since Ohas units of cycles/pixel, ' has units of pixels?.
3 . Bis calculated numerically by creating a two-dimensional array of frequencies (0 to 0.5 ¢/p in 51
steps) with tgon the x-axis Hyon the y-axis, filled with frequency’ ’ ' . These frequencies are

used to create a 2D array that can be numerically summed [15].
0 "YOEQO "dQ
0 0 "HQ

YO 'Y Q3 3

3 . 2sHisplayed for each color channel for x =0.5, 0.7, 1, 1.4, 2, 3, 4, 7, 10, 14, 20.

Note that like #y, "YU "Ys@rongly affected by exposure and chart contrast. But unlike #, 3 . 2s Bffected
by image signal processing (sharpening, etc.).

Although 3 . 2sE powerful measurement, we currently prefer a closely related measurement, %A C A
3 . 2fér determining the performance of pre-filtering (Image Signal Processing performed before
sending the image to the Object Recognition/Machine Vision/Al block).

3. 2i)s equitvhad etnat aloS{ gnak Naotfe dt) heen eorbgjjeec ts pat al dom
This is best illustrated in one dimension, using Parseval’s theorem.

§ OSSO0 cﬂ Y1 sQ Y ¢ 'BQQ
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where
i w

SNRi spliayaed per pi
Because standard 3 . 2l&ts can be difficult to
read (in part because 3 . Ads units of pixels?),
we have added a plot of 3 . 2nHB per pixel?,
shown on the right. It is somewhat easier to

read than the standard 3 . ZbIEt, but it is more

ofaNB f Imeagliément—for evaluating
changes from image processing.

¢ X LQick on Data cursor in the dropdown

below the thumbnail on the upper right to get a

reading of the actual value.

Object visibil

Ity

O oo v T, Al

¥ el

‘00D YD

ArQ —
0L

SonyA6000_Star_SG__860mm_f8_IS0100_s0.8_00091_standard.tiff
T L

LS} N o
o o (=]
T T T

SNRi dB per pixel for w x 4w rectangle
o

Clwxdw rectangle éNRiﬁerﬁixei [

6024 x 4024 pixels (WxH)
Chart contrast ratio = 4
.. . :meannoise [Auto]
MTF50 = 0.2137 C/P = 1720 LW/PH

Feature size w in pixels for w x 4w rectangle —
L | i | P N

[83x265 pixels |

0.5

{ bwlL

10° 2 5 10’

The goal of 3 . 2nEasurements is to predict object visibility for small, low contrast squares or 4:1
rectangles. The 3 . 2rEdiction begs for visual confirmation.

We have developed a display for L Y I {(tHatdldkes this with real slanted-edge images. Despite the
trickery, the data is directly from the acquired image.

SonyAB000_Star_SG__B0mm_fB_IS0100_s0.8_00091_standard.tiff

14

widths
pixels

Chart contrast =4 ROI1: 122x132 pxls — 136x132
Low noise | SO
a¢tCpno0. 2V¥4Ecld4p ;24

100
b/ p;

SonyAG000_Star_SG__60mm_f8_ISO 12800_s1-160_00099 .tiff

14

widths
pixels

Chart contrast=4 ROI1: 122x132 pxls — 136x132

SO 12800
b/

(I eNpi sy |
a¢CpnoO0. 149 c/lp;37

20

AY  RE 2 NeB@ ANAEHE GuYaln3 S

(right)
p.

We show two images, above: one for a relatively low noise image and one for a noisy image (both from a
camera with a Micro Four-Thirds sensor, at ISO 100 and 12800, respectively). The sides of the squares
are@ =1,2,3,4,7,10, 14, and 20 pixels. The original chart has a 4:1 contrast ratio (light/dark = 4),
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equivalent to a Michelson contrast, 0

| EBROE
T ECEO

..TK%SEhe outer squares have #. g 50.6. The

middle and inner squares have #. g 0.3 and 0.15, respectively.

How t o

Us e -tlhcenspieuouls magentebsrs are designed to help finding the small squares,

which are hard to see. The yellow numbers are the square widths in pixels. The 3 . 2utves (initially, at
least) represent the chart contrast — with 4:1 (the ISO 12233 standard [4]) strongly recommended. The
outer patches correspond to the 3 . 2utves, where, according to the Rose model [10], 3 . 2ff5 (14

dB) should correspond to the threshold of visibility.

The 3 . 2utve on the right is for the noisy
ISO 12800 image on the right, above. The X =
1 squares are invisible; the X =2 and 3
squares are only marginally visible, and x =4
squares are clearly visible. In the plot, the Y
(luminance) channel 3 . 2tE =2 is 9 dB; it
reaches 11 dB for @ = 3; close to the
expectation that the threshold of visibility is

SNRi dB for w x w square

SonyA6000_Star_SG__60mm_f8_IS012800_s1-160_00099.tiff

30 r

20

w x w square SNRi

13-Nov-2023 12:13:22
ROl 1: 183x265 pixels
6024 x 4024 pixels (WxH)
Chart contrast ratio = 4
mean noise [Auto]

around 14 dB.

MTF50 = 0.1398 C/P = 1125 LW/PH

Feature size w in pixels for w x w square —
1 I Iy L 1 I I 1 L 1 10 =

0.5 10° 2 5 10! 20

Only original pixels were used in these two images of squares, but we used a little smoke and mirrors to
make the squares that have the same blur as the device under test. Feel free to skip this explanation.

Ho w
1.

the squares were made

Expand the image if needed (if the original is less than 170 pixels wide) to make room for all the squares by
adding mirrored versions of image to the left and right to the sides of the image. If needed, add a cropped
vertical mirrored image to the bottom.

Create a mask consisting of ideal §xg squares. The background is 0 and the squares are 1. The sides are

Blur the squares with the MATLAB filter2 function. This is the “smoke” part. Determining the blur kernel was
challenging. We found that we couldn’t get good results by just using the 1D Line Spread function (LSF) in 2D.

2. Create a (horizontal) mirror of the full image. This is the “mirror” part.
3.
sharp.
4.
A more complex transformation was required.
5. Linearize the two images (remove the gamma encoding).
6.

Combine them using the mask, keeping the original image where the mask = 0, using the mirrored image
where the mask = 1, and blending them elsewhere.

7. Reapply the gamma encoding.
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Edge BiNgonmale %A&3A02 K LY LT XU L
-~ N w x 4w rectangle ROI1

9 R3S is{arbedga-based measure of the detectability sl o G4 g 208
of the edges of small objects, similarto 3 . 2dEscribed
above and in papers by Paul Kane [14] and Orit Skorka

and Paul Kane [15].

02-Nov-2023 14:38:48
ROI 1: 189x263 pixels
o 4288 x 2872 pixels (WxH)

, 5 oy g -l mean noise [Auto]
O h 0 "YO h a o 10 / MTFS50 = 0.1579 Cy/Pxl = 907.2 LW/PH
O00"Yh

20

SNRi dB for w x 4w rectangle
w
=]

0QQY) 'Y'Q

Feature size w in pixels for w x 4w rectangle —

0.5 10° 2 5 10" 20

( judGis the Fourier transform of the S R 3(Bea
gradient) of the object to be detected; defined below.

w X 4w rectangular Edge-SNRi_ROI 1

forCpin=4: Cy, fhon

For a rectangle of dimensions x p E xthe function is the
derivative, 5 @ lJ of the rectangle, G @& that
describes the object.

0D2-Nov-2023 14:38:48

ROI 1: 169x263 pixels

4288 x 2872 pixels (WxH)

mean noise [Auto]

MTF50 = 0.1579 Cy/Pxl = 907.2 LW/PH

60 cis typically obtained from a chart with a 4:1 contrast o .
Feature size w in pixels for w x 4w rectangular impulse —
ratio. o "

Edge-SNRi dB for w x 4w rectangular impulse

@

10’ 20

2

5
bwlL &OdiNIBEND EwA® RAENIIS o

.
Mé aSym2NIENLSR 6 A 0K IY Al
e o MNOAADOTIQMOAAS TQw ® J0— J0 —
0] Qu 0 QU

where ) @x GEA O ADR«Q K @ called the “odd impulse

pair,” consisting of a pair of Dirac delta functions of S e (210 I‘: w—>
opposite polarity separated by the object width X . It is ( w)]

1 w
I ==\ bl Iy _ 2
shown on the right. 1(x/w) =5 [ (x u 2) X3

( judrTis the Fourier transform of the edges of the object to be detectedh A N O E OO j @i @or O
frequency Q Expressed in two dimensions,

"0’ h co OET6 OETTQU
%A @A Ris calculated using a similar equation to standard 3 . B
0 "YOHQ0O GQ
0 0 "HQ

0Q"YD) 'YQ3 3

%A (;BA as Eisplayed for each color channel for x =0.5,0.7,1, 1.4, 2, 3, 4, 7, 10, 14, 20.

Unlike #, %A C.A2 i8ffected by signal processing (sharpening, etc.), making it useful for evaluating
pre-filtering (ISP filtering applied prior to the object recognition/machine learning/Al blocks).

Line Spread Functon (LSF) doubl et resul ts
%A C A isbasetl Bn pairs of Line Spread Functions of opposite polarity called [ { C R 2QuZgvihighii a
are also used in several key calculations.

Ouv 0 YO

[ OYO 0°YO 0 ¥, Al AU —
OL"Y
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LSF Doublets, @@ are illustrated below for x =5.0 and 0.5 pixels.

LSF doublet for spacing = 5 pixels; Peak locs =40.187 602121 LSF doublet for spacing = 0.5 pixels; Peaklous, AT @ Q435

0 5 1lo 1‘5 26 2|5 _1'50 5 15 1‘5 25 25
[{C 52dotSi® 6 I pa [{C 52d0fSiayhx KidRE AAHERI
g I' podn LIAEStaod

As spacing X decreases,

9 the peaks are closer (but shifted more from their original locations), and
9 amplitude decreases. These are plotted below.

SonyA6000_Star_SG__60mm_{B_ISO100_s0.8_00091_standard tiff U203 10" 2 2 10°

0.4F LSF Doublet shift in pixels |LSF Doublet amplitude|
o 03F e(location) = 0.0776 | 3l
El T
3 02f E
1= %. 25
= 01} E
0 <
g Of 2
] 3 2r 29-0ct-2023 2304:31 |
201 =] ROI1: 183x265 pxls
m & 6024 x 4024 pixels (WiH)
& 02 Z15f MTF50 =02137C/P |
- - Chart contrast = 4

-0D3F Error bars represent 1 o - 4y=046 Bbit

04t ; Doublet spacing (pixels) — 4 L e e o IDoubIetspacir!g {pixels’ o

05,13 10° 2 5 10" 05 10° 2 5 10’
[{C 52dzfSiG AKAD & | [{C 52dzoftSG YL AGdzRSa |
Edge SNRIi I ns pfarteaglu echacnga iam d
As a result of Parseval’s theorem, WA CA ¢3 . @hi ch is defned in frequency

the totallLinaet8pgraebdaddfunctNoi se uibrm etthged i svp adteadl bdyo ma

This is best illustrated in one dimension. For LSF doublets in both domains,

0500 I 1 s@ < sRlec  SYC bs
Because the integrands are energy, A" E g1t 1 1 C

The upper plots below are the spatial domainresult,, 9 ®SQw | D YOT ¢ 'QQQmsa

function of doublet spacing (feature size X ).

The lower plots are the frequency domain results, O'Q "QY0) 'Y Qx| D ¢“ "@Q"Gs afunction of

X,
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There is slightly more discrepancy between the lower and upper plots for the real image (on the right)
because noise is not white, as assumed by the spatial domain calculation. In the real image on the right,

the Noise Spectrum (Power or Vo

Itage) falls off with frequency.

eSFR_ISO_

_color_

png-improc_Gauss_1_noise.png

1S0200_LX100_22.7mm_f4_1010871.png

LSF Doublél S/N

energy ROI1 LSF Doublet S/N energy ROI 1

LSF Doublet S/N energy

13-Nov-2023 10:33:33
ROI1: 169x263 pxls
MTF50 =01579 C/P |

Chart confrast = 4

12-Now-2023 13.07:49
ROI: 1251225 pxls |
MTF50 =0.1852 C/P

Chartconrast = 4 |
fmean noise [Auto]
C,&C, ., for Y-channel
Edge var: 0968 1.6 ]
NEQ: D767 139

mean noise [Auto]
C,&C,, for Y-channal
Edge var. 144 3.26
MEG: 1.1 204

LSF Doublet SN energy

2 Doublet spacing (pixels) — ollocation) =02 ] 2r Doublet spacing (pixels) — sllocation) =013
05 10° 2 5 10" 20 05 10° 2 5 10" 20
12r 1D Edge SNRi ROI 1 157 1D Edge SNRi ROl 1
10F
8 @ —u [
@ [
L= (=] ———— E—
3 3
2 6} =
= =
£ 2
o 4 | &)
= 12-Nav-2023 13:07:49 = 13-Nov-2023 10:33:33
g 2F RO 1: 145x225 pixels - % ROI 1: 169x263 pixels
w 3599 x 2400 pixels (WxH) 7] 4288 x 2872 pixels (WxH) |
‘!.’, of Chart contrast ratio =4 ‘!,’ Chart contrast ratio = 4
= mean noise [Auto] ] mean noise [Auta]
-2 MTF50 = 0.1852 C/P = 889.2 LW/PH | ) MTF50 = 0.1579 C/P = 907.2 LWIPH

4t R Feature siz‘.e win plixels tl‘or1lj)edlge§ —‘b = ot Feature size w in pixels for 1D edges —
0.5 10° 2 5 10’ 20 05 10° 2 5 10’ 20
{AYdzZE F SR AYI3S gAGK gKMBES ty2AAya&dS gAGK aLISOGNI €

/ 2YLI NR&2y 2°F

a B 20¥F [9ARYH § R{SH WRIINESYSY &l a

Tabl eyomekhsur ement $mafgreo mett theo dNoi s e

. %{fiHa nld 9 vy

Measur ement Descripton
Noi se Power OjggUsedin. %dnd3 . 2afculations. . 0 ®as implicitly assumed to be constant
(or Noise Vol tag qwhitenoise)inthe Edge Variance method.
. The inverse Fourier transform of the Noise Voltage Spectrum. May be related to

Noi se autocor . .

sensor electrical crosstalk. An experimental measurement.

A measure of the frequency-dependent signal-to-noise ratio (3 . )2

000Q * 0"YM T 0 "X, wheret €6;  ais relatively unfamiliar
Noise Equi val doutside of medical radiology. . %jMgis equivalent to the number of quanta

detected by the sensor when photon shot noise is dominant. It can be used for
calculating Digital Quantum Efficiency ($ 1 avhen the density of quanta
reaching the image sensor is known. ) O0  "Q, derived from *

& MVIp ¢ is used to calculate information capacity # 1
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. %0a n# il %q

| nf or mat on c a [correspondto# and#i A drom the Edge Variance method. Derived

from 0 OO0  "Q. They are close, but not identical.

RatX.,2E

| de al Obs-EdNOE -

From Kane [14] and Skorka and Kane [15], “The Ideal Observer is a Bayesian
decision maker that maximizes the statistical precision of a hypothesis test with
two possible outcomes.” 3 . s B metric of the detectability of small objects
(squares or rectangles), typically of low contrast. { b %slequivalent to the total
(integrated) Signal/Noise energy of the object in the spatial domain.

Object visibi

Images of low contrast squares of various sizes: a visual indicator of object
visibility. Correlates with3 . 2 E

%A BA 2 E

Similarto 3 . 2ekcept that it is derived from the object edges, i.e., Line Spread
Function doublets (pairs of LSFs representing the edges of the object). %A C A
3 . 2igequivalent to the total (integrated) Signal/Noise energy of the LSF
doublet Signal/Noise energy in the spatial domain.

Summar y Nooifbne gne= t hod

9 The Noise Image method is the second of two methods for calculating information capacity, #,
from slanted edges. It uses a 2D image of the noise to calculate several image quality metrics.

9 It only gives reliable results with uniformly or minimally processed images, which can be
distinguished from bilateral-filtered images by the absence of a peak in A&} @or A @Hdisplays.

9 It produces a rich set of related results, including Noise Power Spectrum (. 0);3Ideal observer
SNR(3 . R®BA C A, BoiseEdtiivalent Quanta (. %)l and a second information capacity
measurement, derived from . %,lthat can be compared with the Edge Variance results (they are
slightly more accurate because . 0}2His not assumed to be constant).

Ima gSel g @lc e $ $ SR

Several recent papers [18],[19],[20] state that appropriate image processing prior to Object Recognition,
Machine Vision or Al algorithms may improve system performance (accuracy, speed, and power
consumption). Because information capacity changes relatively little with Image Signal Processing— at
least with ISP that does not remove information, such as Unsharp Mask (USM) sharpening— it provides
little guidance about how to design optimal image processing.

Image signal processing algorithms can be designed to optimize a specific task, for example, the
detection of an object of a specific size, often a small rectangle, or its edges. In practice, ISP needs to
perform well over a range of tasks: detecting objects of edges greater than a minimum size and limiting
interference from neighboring objects.

3 . hds some drawbacks as an object detection metric. Plots of { b wrd challenging to interpret

because { b Wmdreases with feature size. And there is the problem of object color. What If the object has
the same color as the background (e.g., gray cars in front of gray concrete)? In such cases itisthe SR 3 S
that matters. Because of these shortcomings, we prefer WA CA .3 . 2 E
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P r-fel

ter

i ng:

efects of

sharpening

and |

Starting with an unsharpened image, we applied sharpening and/or lowpass filtering (blurring) using the

L Y| (i Seailg e

P rmodule.s si ng

We show the entire L Y' I (R®&s(c hintenactive window displaying the Line Spread Function and %A C A
3 . ZoEa xpTx rectangle (as a function of the narrower edge, x ). We selected smoothed peak noise

for the calculations, which gives lower performance than the mean noise, but should be more
representative of Line Spread Function edge performance. 9 R 3 $ v 5.3 dB for large 4; -1 at & = 1.

N. Koren
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1S0200_LX100_22.7mm_f4_1010871.png
Line Spread Function (LSF) ROI 1

| 14-Nov-2023 14:55:26 i
ROI1. 169x265 pxls [N Peak LSF = 0.0184 DNJ/px|
4288 x 2872 pixels (WxH) | PWS0 = 2.87 pxis

[ MTF50=0.1579 C/P 1N = Mean noise = 0.00165 |
Chart conlrast = 4 n! Pk smoothed noise = 0.00239

=0.239 8 bit

mean noise [Auto]
Cy&C ,, for¥-channel
Edge var: 144 326
NEC 1.11.:2.94

Pixels —»

i\ oLocation) = 0.13 pixels |
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wx dw rsctalngla Edlge StllRi 'Rdl 1

T

14-Nav-2023 14:55:26
ROI1: 169x263 pixels

Chart contrast ratio = 4
mean noise [Auto]
MTF50 = 0.1579 C/P = 907 .2 LW/PH
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. . o | Edgeangle= 513" o cap &, = * Uiy = 2:200p:
we do our best to discourage it: it is a cheap way of = from smahed posk ncise
improvinga ¢ C maasurements and image appearance on e : . S I P
tiny displays (phones), but it creates “halos” (peaks near 5 CES 10
edges) that degrade appearance in large displays. The poor P ' MTFS0 = 03565 CylP
%A C A aBd.othdr results are additional reasons to avoid 1= i e A
. . . . . MTF50P = 0.252 C/P = 1448 LW/PH
this type of image processing, as have described in [9]. 2 Oversharpaning 226.1%
25 MTF area PkMorm =0.227 Cy/Pxl
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= 2 MTF al Nyquist = 0.0
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Mat ched fl ter ‘
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9R3ISkact¢ CSEM HIRWSNRIK I NLISy
An optimum filter can be determined if a task (for a¢Cpn O2NNBfFGSa LR22N

example, detecting an edge of a certain size) is defined.
Such afilteriscalledaY l G OK S,R U f G Ndich has the same frequency spectrum as the
measurement used to derive it. For our edge and object detection tasks,

o ©080 Y

Oj AGis either ' j A(for 3 . PoE( j A(for %A @A P Hrecise matched filters (for the above equation) are
difficult to implement exactly, and rarely needed for at least two reasons.

 They don’t have to be exact to perform well.

9 Real world imaging systems perform a multitude of tasks: detecting objects and edges of varying
sizes and colors. Since large objects are usually detected well, it makes sense to design ISP to
perform well with small objects (or edges).

In the example below, there is some resemblance between the matched filter for edge detection with &
= 2 pixels and the sharpening + lowpass filter used above, also shown in Appendix 3. Both the matched
filter and the USM+LPF Image Processing filter have response peaks around 0.15 Cycles/Pixel.
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Fortunately, filters don’t have to be exact to perform well. The matched filter response can be used for
guide for designing the filter.

(1) IS0200_LX100_22.7mm 14 1010671 png (£288,2672 uints)
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We have gone far enough down this deep and potentially fruitful rabbit hole. We were fortunate that the
filter parameters we found by trial-and-error were reasonably close to the matched filter calculated from
the image properties (sharpness and noise) and that they enhanced edge and object detection.

Units andcebBspdyuarneg
%ijMgis dimensionless because t 5- 4 %8 has the same unitsas. 0j24

Camera 4 (16 MP) Edge SNRi vs. Exposure
from 4:1 Slanted-edges: raw-->TIFF

3 . 2ds units of pixels? because ' has units of pixels? =
p M (for frequency Q, where Ohas units of cycles/pixel.
This is why 3 . 2nEreases by about 6 dB (4x energy) for

every doubling of feature size X.

e
\ﬂ
%A CA aBd.32 Rlikplayed in dB per pixel? are both

dimensionless, making them somewhat easier to work
withthan3 . 2 E

Edge SNRi

Like #y %A C A aBd.othdr noise image metrics vary

—a—Edge SNRi@w=1] |
—4—Edge SNRIi@ w=2

with exposure. The plot on the right shows %A CA 3. *———3 | ‘ o
vs. exposure for the same camera data used to plot # V nax (PFOPOTtional to exposure®eoding gamma)
and #i A ws. exposure, above. 9R3IS {bwhi @ad YI BAY

F2NJ g I m YR
St andar d—akinpatelg astanelard exposure will

be needed for comparing cameras (and will need to be in the nascent| S O Ztandabd) For images
encoded with C A | 1=@.454 =1/2.2 (sRGB, etc.), 6 4 0.5 is appropriate. For linear (CA [ 1=A)
images, the equivalent exposure results in 6; 4 g 0.5%% = 0.22 (where 6; 4 # normalized to a maximum of
1).
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Y mmary

We have developed a powerful toolkit of new measurements — Figures of
Merit for imaging systems that combine sharpness and noise — that are < \:
especially applicable to Object Recognition, Machine Vision, and Artificial
Intelligence systems. The key measurementisA Y F 2 NXY | 8 2,yhich I
can be used to predict camera performance for MV/Al systems. We also

have metrics related to specific tasks, most importantly object and edge
detection, and are potentially useful for designing ISP filters that optimize
OR/MV/AI system performance.

Using %A GBA 2uhich is closely related to the more traditional object-based 3 . 2w have shown an
example of image processing (sharpening + lowpass filtering) that improves object detection and is likely
to improve MV/AIl system performance. This needs to be tested.

INnAppendedshowthatl nf or mat o#thasapacmdmnyot oni ¢
wi kkemetrics for obj e8t ammd Gdd2gkeii .de.t e g
# i ncr 8a A GA 2This does not hold for standard sharpness metrics
based on- 4 &nly.

This relationship holds because 'O "Q AT "Q (the Fourier transforms of the
objects to be detected) are independent of U "Q, and hence #, w1

Ly 26i2kNGRNIX 202S00 LWRF SREBY RSO B GF 2N
Ol LI OAGeod

As we become more familiar with information capacity and determine the requirements for effectively
performing tasks, we should be able to select cameras with the minimum number of pixels to meet the
spec, resulting in faster calculations, lower power consumption, and reduced cost.

The new measurements are extremely easy to obtain fromany of L Y | (i Saatéd@dge analyses. By
default, they are included in the Edge/MTF plot and other outputs.

The key takeaway of this document is that

Inf or mat onfiadheracméagsur e me nQb jfeocrt
RecognMatcchn/ne Vi si on/ Artfci al | n

Sveaddi tnentabbiacse &, moat i mpAQla (3. IRyE e d
detecmomagyre specifc task perfor mdonc
opt mORMV/ Al system perfor man

Standard MTF measurements are 1in

Compared to the earlier Siemens star information capacity method [3], the slanted-edge method is
faster, more convenient, better for mapping results over the entire image, and better for calculating total
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information capacity. For reliable measurements, Siemens stars need to be well-centered, especially if
there is significant optical distortion. Siemens stars are better for quantifying the effects of demosaicing
methods, image compression, and image saturation.

The diagram below illustrates the two slanted-edge methods, showing the rich interconnections
between the new KPls. For the most part, the L Y I (u&rddes not need to be concerned about details
of the two methods.

Slanted R
edge

Edge variance method ——» .| noise

S oudx) . ~ no peak

Uniformly-processed

Sum squares of signal to obtain
a2(x) = N(x) = noise power

Information capacity

2 w
Savg(f) = (Vp—p MTF(f)) /12 C= f log, (]_ +STm) df
0
MTFU) (both methods)
Noise image from inverse binning Noise Autocorrelation
R = IFFT(/NPS
Noise Power xx (%) & (M)
Spectrum NPS(f) Noise Equivalent Quanta
v _ B2MTFX(f)
Ideal observer SNR (SNRi) NEQ(f) = NPS(f)
(standard or edge) for visibility of +

small objects (w x kw rectangles) e e

L (T (Fana |G(f £,) | MTF2(f) _fw
SNRiZ = [ [ sl dry Curo = | loga(1+ NEQ())AS

Edge SNRi? has a similar equation defined by the
edges of the objects.

{dzYYl N t DHzZ | o2ya F2N) 620K YSiK2Ra
As of November, 2023, there is still much work to be done.

A Better understand the numeric resultsfor3 . 201d %A CA 3. 2 E
A

Partner with researchers in industry and academia to correlate information capacity #end9 R3 S
{ b wikh performance of Object Recognition, Machine Vision, and Artificial Intelligence systems
(accuracy, speed, and power consumption).

A Continue working on a new standard for measuring camera information capacity, assigned| S O
2 3 6 Ky the ISO TC42 committee.

A Find better ways of characterizing information capacity in High Dynamic Range (HDR) sensors,
where noise is not a simple monotonic function of signal.
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Because concepts of information theory are unfamiliar to most imaging engineers, we present a brief
introduction. To learn more, we recommend a text such as “Information Theory— A Tutorial
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Introduction” by James V Stone, available on Amazon. Shannon’s classic 1948 and 1949 papers [1],[2]
are highly readable.

Wh at iI's i nformaton?

Information is a measure of the resolution of uncertainty. The classic example is a coin flip. For a “fair”
coin, which has a probability of 0.5 for either a head or tail outcome (which we can designate 1 or 0),
the result of such a flip contains one bit of information. Two coin flips have four possible outcomes
(00, 01, 10,11); three coin flips have eight possible outcomes, etc. The number of information bits is

1 IGJCOEA 1 O1 AA O, whid isth&rDrberiofRigs

Now, suppose you have a weirdly warped coin that has a probability of 0.99 for a head (1) and 0.01 for
a tail (0). Little information is gained from the results of a flip. The equation for the information in a
trial with moutcomes, where 1} @ is the probability of outcome Eand B 1} @ p, is

(' is called “entropy”, and is often used interchangeably with “information”. It has units of bits (binary
digits). Note that this definition is subtly different from the physical memory element called a “bit.”

For the fair coin, where p(x1) p&2) =, H& . 3.Bubdforthe warped coin, where p(x1) =5afd. !
p(x) =5 H= @08.I6i. If the results of the warped coin toss were transmitted without coding,
each symbol would contain 0.286 information bits. That would be extremely inefficient.

Claude Shannon was one of the genuine geniuses of the twentieth
century— renowned among electronics engineers, but little known to
the general public. The medium.com article, 11 Life Lessons From
History’s Most Underrated Genius, is a great read. (Perhaps Shannon is
considered “underrated” because history’s most famous genius lived in
the same town.) There are also nice articles in The New Yorker

and Scientific American. And IEEE has an article connecting Shannon
with the development of Machine Learning and Al. The 29-minute
video “Claude Shannon — Father of the Information Age” is of particular
interest to the author of this report because it was produced by

the UCSD Center for Memory and Recording Research, which | visited
frequently in my previous career.

Chanmepgacity

[t dzRS { KI

Shannon and his colleagues developed two theorems that form the basis
of information theory.

The first, Shannon’s source coding theorem, states that for any message there exists an encoding of
symbols such that each channel input of $ binary digits can convey, on average, close to $ bits of
information without error. For the above example, it implies that a code can be devised that can
convey close to 1 information bit for each channel bit—a huge improvement over the uncoded value
of 0.286.

The second, known as the Shannon-Hartley theorem, states that the channel capacity, #, i.e., the
theoretical upper bound on the information rate of data that can be communicated at an arbitrarily
low error rate through an analog communication channel with bandwidth 7 , average received signal
power, 3, and additive Gaussian noise power, . , is
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This equation is challenging to use because bandwidth 7 is not well-defined, noise is not white, and it
applies to one-dimensional systems, whereas imaging systems have U @ &mensions. Slanted-edge
analysis is one-dimensional. We have developed methods for calculating # for both the Siemens star

and slanted edge test patterns.

At this point we can hazard a guess as to why camera information capacity has been ignored for
cameras. For most of its history the hot topic in information theory was the development of efficient
codes, which didn’t approach the Shannon limit until the 1990s—nearly fifty years after Shannon’s
original publication. But channel coding is not a part of image capture (though coding is important for
image and video compression). Also, camera information capacity was not critically important when
the primary consumers of digital images were humans (though it is related to perceived image quality),
but that is changing rapidly with the development of new Al and machine vision systems. And finally,
there were no convenient methods of measuring it. (Rodney Shaw’s heroic efforts with film in the early
1960s are very impressive [11].)

Appendi x 2. ObtlYihit®®&d Resul ts

Information capacity (#yand #i A)and related measurements can be calculated fromany of L Y I GdSa

ISO 12233-based slanted-edge modules. If you are a beginner with Imatest, we recommendUS i n ¢
LYl &&&iing started

Some of the newer methods in this white paper are available (as of November 2023)inthe L Y I i S &

Pil ot R dSawil bereieabad in spring, 2024.

Here are some recommended links for slanted-edge modules (from the documentation page,
www. i mates).com/ docs

SFR (manual ROIs), SFRplus, eSFR ISO, SFRreg, Checkerboard (auto ROI detection)

Detailed instructions for information capacity and related calculations are on

Ima giref or mmé gsi ¢ &rh a retdegdE g U a taonl@ls g o r - figuheswEmerit that combine
sharpness and noise, conveniently measured from any slanted edge, including NPS, NEQ, and SNRi.

Ima giref or mmeé bgfir aBrh a retdegde B s t r o iastruatiors on the new calculations.

We focus on the settings in the Auto detection modules (settings for SFR, which uses manually selected
ROls, are similar).

The test chart edge contrast should be between 2:1 and 10:1, with 4:1 (the ISO 12233 e-SFR standard
[4]) strongly recommended.

General good technique is recommended for acquiring images:

9 Lighting should be uniform and glare-free;

N. Koren Image Information Metrics and Applications: Reference, November 2023 p. 36

wi t h

i Qa

HN ®dm


https://www.imatest.com/docs/imatest_instructions
https://www.imatest.com/docs/imatest_instructions
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https://www.imatest.com/support/pilot/
http://www.imatest.com/docs
https://www.imatest.com/docs/#sfr
https://www.imatest.com/docs/#sfrplus
https://www.imatest.com/docs/#esfr
https://www.imatest.com/docs/#sfrreg
https://www.imatest.com/docs/#checkerboard
https://www.imatest.com/docs/shannon-slanted-edges/
https://www.imatest.com/docs/information-slanted-edges-instructions/

9 Theimage should be well-exposed. Avoid saturation (clipping or operating in response regions
with strong nonlinearities— either highlights or shadows). For consistency in comparing
cameras, standard exposure is recommended.

1  Use sturdy camera support,

=

ROIs should be reasonably large: at least 30x60 pixels is recommended. More are better.

9 For evaluating cameras for use in OR/MV/AI systems, we recommend minimally or uniformly
processed images: avoid bilinear filtering (commonly found in JPEGs from consumer cameras) if
possible. This can be done by starting with raw files, then converting them with LibRaw (for
commercial files) or Read Raw (for custom binary files). Tone mapping (locally adaptive image
processing) should also be avoided.

Set €pannel cadpmgadiattyns,
Make the selection in the S e t wingow,

ROI selection & analysis Speedup
14. Ctrs, all inner (18V,20H - of 15 sgs) v ROl size
V & H edges (both) w  Nomal: no extra reg marks 07 4 | g
Step chart Wedge (1-8) Exposure OK Crop borders (off)
mean = 0.447
Analyze color patches - Normal ROI width v
Target Detection Settings | Calc info cap - Auto & NEQ. Display NEQ ~ |7 MaxROIIth

Mo information capacity calculation

Calc information cap - Auto edge noise detect
Calc info cap - mean noise near edge

Calc info cap - smoothed peak noise

Calc info cap - Auto & NEQ. Display NEQ

—or—intheMo r e s wihdawgwhich can be opened at any time from interactive
(Rescharts) modules.

[“] Monuniformity MTF correction ?
Cale info cap - Auto & NEQ. Display NEQ ~

Mo information capacity calculation
Calc information cap - Auto edge noise detect uta
Calc info cap - mean noise near edge

‘ Cale info cap - smoothed paak noise

Calc info cap - Auto & NEQ. Display NEQ

9 The first selection turns off all information capacity calculations. This is the default at the time of the 23.1
release. We may change it.

9 The remaining selections determine what gets displayed in the Edge and MTF and Edge & Info capacity
noise plots.

I The second selection (Auto...) is reasonable when you don’t know whether your image is bilateral-filtered.

9 The fourth selection (smoothed peak noise) is the current recommendation for edge detection
calculations (%A GA R E

9 The fifth (last) selection displays the . % information capacity (described below) in the Edge/MTF figure,
which is slightly more accurate than the Edge Variance #. It is the best selection for minimally/uniformly
processed images.

Information capacity is displayed on the upper (edge) plot of the standard Edge and MTF display. Two
selections have been added to the D i s plropalogvn menu for displaying Information capacity and
related results:
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https://www.imatest.com/docs/raw#dmoz
https://www.imatest.com/docs/raw#readraw

l1Edge & I nfo Capacity noi se
For the two plots, Information capacity is displayed next to the Edge (upper) plot.

consistency_LX100_22.Tmm_f4_i200_s1-10_1010871.tiff

1 | Edge profite NU Corr: Horiz (V-edge) (sagitta) 477
4288 x 2872 pixels (WxH)
12.3 Mpxls 16 bit E
=08 4 3 10-90% rise = 3.18 pixels 1
A el e
= SN mtotetr 0.0, Over / undershoot = 1.1%/ 0.3%
© 0.6 | 3um per pixel . Chart conirast = 4 |
5 % y(chart) = 0.239 Use for MTF.
50.4 | Gamm % V(LR,mean,A)= 0.0777 0.0195 0.0582 0.048)
k-] Eoge 5.18° {Info cap C, = 1.14; €, =3.2bip;
w irom NEQ (Noise image method)
021 B Ratate 30 v Whole img Crop
0 pio - ~amoe L iiatet-23:1.0:b.11. BETA Master | Chant 9. eSFRISO b
-10 -5 0 5 10 15 Read image file Save Reload
Pixels (Hor) ) Acquire from Device
a2 107 consistency_LX100_22.7mm_f4_[200_s1-10_1010871.tiff
T T T T T
Mew analysis of the current image Lot
2z | Mean signalLR= -~ i |
£ 351 00777 poies Setup... More Settings...
g Mean edge noise LR = =
g 3 000212 0.000739 E Display MTF compensation
o Meap noise cir =0.00159 21. Edge & Info Capacity noise v
East & s vl 1
8 - AL : {15, 20} pixels >
> 2F
] 1 Center V1 0_0_L i
E 1) Readout
@
o
3 3
w W T 5o Luminance (¥) channel v
LS ' ; ' : a— Help  3.1.0b.11. BETA
-10 -5 0 5 10 et e =
Pixels (Hor) Save data Exit s imatest®
Edge & informaton capacity noise plo

21 nfor meaetl arn ed : NEQ, SNRi,
A large dropdown menu allows any two of a large number of selections to be displayed: one on top and
one on the bottom.

Display MTF compansation
Here are the selections. Click on the links for examples. 22. Information-related: NEQ, SNR, ... v
- - L5F doublet S/N energy ~ Up lot
Selectons i Selectons in —— Pere
&ft o - v
pl-obhl vy ==
Original i mags§ Noi se Voltage § B Log x-axis Wmage Stats
Unbinned i mag¢€g Noi se Power Spd Lo
Noi se i mage cr Noi se Equiv. Qu Edge-SNRi 10 doublet i
Original image crop
Resu l ts S u mma d MTF ) . Unbinned image crop 2.0.b.2. ALPHA
Square Vvisibil Edge | ineari zed Noise image crop a.mﬂ.
Squar e AMIASRCGE | Line Spread Fun Results summary e
Edge noise volt Seuars Wil image
Noi se autocorr g Square visibilty - LARGE
N Noise Voltage Spectrum
M ar e w X Noise Power Spactrum (NPS)
SNRi rectangl e Moise Equiv. Quanta (NEQ)
SNRi squa%e per ';'drFl_ - -
- ge ineanzed unnormalize
SNRI rect a:h g I e . Line Spread Function (LSF)
Mb I et s hi Edge noise voltage
LSF Doubl et a myg Noise autocorelation
LSF Doublet S/ N 2:2?““[“;"“1
. I ractangle w x 4w
EngQ\IR! sq | mpul LSF Doublet shift
EdGEANRI _rect im LSF Doublet ampiitude
Edge SNRi 1D da LSF doublet S/N energy
Edge-SNRi sq impulse w x w hd
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Appendiix t2riwigt hLm@aigieSstalg e

modul e

The L Y I {n%ge Brocessing module (instructions on www.imatest.com/ docs/image-processing/)

includes typical camera degradation and enhancement functions. We used just two of the functions for
the filtering in this document: Gaussian filtering and USM (Unsharp Mask) sharpening. Here is an

example of the Image Processing window.
Basic instructions are

1. PressRead

i n ptodpen thé image(tolbg processed.

2. Select the settings. In this case, select F i | toéde Gaudsian with sigma = 1 pixel, and select

Sh ar p e nwit{ Red&dwP and Amount = 3.
3. PressUp d a&tad c u l(laver-eft).s
4. To save the filtered image, pressS a v e
want, and its name makes sense.

i ma. eke sbire tiee fil¢ gde} to the location you

5. To see the effects of the filtering, Check S i 80 g8 i d e and drop thie image. Until this is done,

the whole image (input or output) is displayed.

To see the MTF of the filter (below right), uncheck S i -t §5 i

Image processing Guomary | bt (1) S0200_LX100_22 7 _YO0671 5y (Z90CI6T2 i) Procemed
mage dagrasaton B, Hoss, Fog, sk
Cloanma 15 1y
[IFog ffare) 0 A=
Fimer1  Goussian -
0§ ] 1 sigma

[INsise (gaussian)

£

_-J |
[CIFitter 2: Gaussian
Cotarand tona shancomen. nchung HOR
[ €CM feator mamix) sweew | 7
[ Tons mopping fronemsp)

o ¥

) Lacat Tans Mapping for HOR)
B ]

= o]
[ Cantrast-Ltd Histogram Equalization

£l it

£l 2}
Srwpnma v st
[ Bilatera Flter (may be siow)
s B
e 7]

Pracessed (R} +filter 1 + USM sharpen

7 [viewimpu |

[ Sharpen (Unsharp Mask = USM)
5. 4 ke byt view

»| 2 Radus

AL — e 3 Amaunt

d e and preasWI T .F

. MTF (processed) {input1)| for 8segments

srpgssagl]

MTF (20(1) Transfer Function]

Imatest 21.20.0.2 ALPHA Master

w0? 10"
‘Spatial frequancy in Cycies Pixel
Processed image + filer 1 +USM sharpen

[SETT——

p—
Reset Read input Bl (1) crop Zoom
100 Resamage e ) ingt | Processed | MTF  MTFmn Mo e P

sattrgs Save image file (2)

a¢C RNZING ID& dzAaAl y |

SSM  PINREDN | OCR  MTPmnP  imagesuns =

e e [ R L N 6r myR | {a aKlNLSYA
Update calculations Save wolings Save image fle 2) Bt Y2 dZ)/ u I" oL
LY3asS tNrOSaaAyd YeRIRSIDCARBOAD FTNRXRLSYl3IS t N2OSaaha

Correl
det ect

Appendi x 4.,
object/ edge

bet ween
metrics

at on
on

In this section we show how information capacity correlates with the key metrics for object and edge
detection, 3 . 2rd %A @A 2whRich should be predictors of MV/Al system performance.
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We start with the integral form of the Shannon-Hartley equation from Wikipedia, derived in Shannon’s
second paper [2].

Frequency-dependent (colored noise) case [edi)

In the simple version above, the signal and noise are fully uncorrelated, in which case S + NV is the total power of the
received signal and noise together. A generalization of the above equation for the case where the additive noise is not white
(or that the S/N is not constant with frequency over the bandwidth) is obtained by treating the channel as many narrow,
independent Gaussian channels in parallel:

C= /{JBlogz(l-b- %)df

Wedefine0 "Q  "Y'QI) "Qasthe] S N3f hdinformation capacity equation.

Relating Wikipedia’s nomenclature to ours, . jAE. 0jZBE O NOife Aower Spectrum and "Y'Q
v "0

Sl | Te= 4 3l is the signal power for calculating #.

To clarify the correlation between the metrics, it is useful to express 3 . 2rid %A GA 2irfone

dimension, "Y0 Y T2 D' Q "OY 'Y Q. QQ. 0 0 00QQ
whereD Q@ O "Q Qo for 3. 2¢For
0 Q O M ¢“® QO c¢OET0 GorEACA 3. 2E

Grouping the equations for. %,% 4,3 . 2abd %A C A, e&pre?seEj as functions of +} & reveals
something important.

org LbYoe o
V) V) = 0 V)
~ ~ 8\
) 7@ 600 "Q Q0 17T @ * 0QQQ
YGYQ SO Qs 0 'QQ'NQ 0Q0OWYQ O Sl I oY oRo)

I 7 [lPfp  pand det ect3a mabEmRACA tBa & a monotoni
wi t h e a c hb aostehddeCithay all increase or decrease with +j &

Ef ect s o0-+Bechude tinifotmiprécegsing — sharpening or lowpass filtering — does not affect
the 0 "Y'O'QF0 0 "X ratio or +j A it does not affect ) O0Qor& , as expected from the data
processing inequality. It does, however, affect YO Y &d ‘O'Q "O¥Y) Y, Rhich have an additional

0 "Q terminside the integral, and can be improved with appropriate filtering.

AppemdiBEi nning noi se

This“g r e e n  f” box canthe skigpexd by most readers.
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November 10, 2023. We are working on an improved binning calculation that we hope will improve the

distinction between uniformly sharpened and bilateral-filtered images.

Binning noise, which has identical statistics to quantization noise, is a recently discovered artifact of the ISO

12233 binning algorithm. It is largest near the image transition — where the Line Spread Function
0 YO Q@ w]j'Qdsmaximum,and it can affect information capacity measurements. It appears because the
individual scan lines are added to one of four bins, based on a polynomial fit to the center locations of the scan

lines, which is a continuous function.

Assume that nidentical signals t § @are binned over an interval 2+ ¥ ¢ h , whéfe@B 1 in the 4x oversampled

output of the binning algorithm (noting that A = (original pixel spacing)/4). If there were no binning noise, we

would expect the binning noise power A+ 1 i €to be zero. However, the values of { § @Jare summed at uniformly
distributed locations X over the interval g so they take on values

‘ ‘ d)

®

Q' w

Qw

1 0YO

for Line Spread Function, 3. &8oting that ) is uniformly distributed over dfp ¥ ¢ h we aPpply bhe equation for

the variance of a uniform distribution (similar to _gquantization noise) to get

0"Y'@7Tp gor ,

” (“L) D “Y“@ ”

O "YOMp ¢

Although this equation involves some approximations, we have had good success calculating the corrected noise,

, AT OOAADQAA

10™  SonyAG00U_Star_SG__60mm_fB_ISO100_s0.8_00081_standard.tiff
T T T T T T

10 SonyA60DO_Star_SG__60mm_fB_ISO100_s0.8_00091_standard.tiff
T T T T e

. Binning noise has no effect on conventional MTF calculations.

9
Mean signal LR =

[ 0.0346 0.138

Mean edge noise LR =
[ 0.00156 0.00307
Peak noise clr orig,sm =
[ 0.0049 0.00447

Edge noise for Info Capacity
w & O @ ~ ©®

N
T

Edge noise for Info Capacity

8

~

o

(3

»
T

w

(N

Mean signal LR =

- 0.0346 0.138

Mean edge noise LR =

[ 0.00156 0.00307

Peak noise ctr orig.sm =

| 0.00416 0.00364

-10 5 0 5

Pixels (Hor)

9R3IS y2A4aS TR NR @ ARDNRA [Cl2tdzZNOI YSNI = L{ h

FNRBY NI QG2 ®@ENIBSR G2
OAYYAY 3T y2AWBIKGY

[ SDY 6A0K

Pixels (Hor)

MnnX
¢LCC 6AGK YAYAYLf L

OAYYAY3 y2AaAasS N

Binning noise also affects JPEG files with bilateral filtering (nonuniform sharpening). Removing it improves the

robustness of Edge Variance calculations.

For now, the Slanted edge calculation setting, on the lower-left of the Mo r e
(recommended)

LYl 22a
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