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Okay, so I have this problem here about inverting grayscale values in an image. The goal is to reverse the grayscale
values such that a perceptually uniform gradient from black to white becomes a perceptually uniform gradient
from white to black. There are three curves given, labeled A, B, and C, and I need to figure out which one to
use for this purpose.

,→
,→
,→
First, I need to understand what it means for the grayscale values to be proportional to the physical light

intensity. I think this means that the grayscale values in the image directly correspond to the intensity of
light, so black is minimum intensity (0) and white is maximum intensity (1), I assume.

,→
,→
Now, the problem is about perception. It says "in der Wahrnehmung gleichmäßiger Verlauf," which I believe means

"perceptually uniform gradient." So, the original image has a gradient that looks uniform to the human eye from
black to white, and I need to invert it so that it looks uniform from white to black.

,→
,→
Wait, but actually, it's saying that the grayscale values are proportional to the physical light intensity, but for

the inversion, we want the perceived gradient to be uniform in the opposite direction.,→
Hmm, I need to recall how human perception of lightness works. I think it's not linear with respect to physical

intensity. In fact, I believe that human perception of lightness follows a power law or something similar, where
we are more sensitive to changes in darker areas than in lighter areas.

,→
,→
Wait, more precisely, I think the perceived lightness is often modeled using a gamma correction or similar nonlinear

transformations.,→
Actually, in many imaging systems, the pixel values are not linearly related to the physical intensity but are

gamma-corrected to account for human perception. However, in this problem, it says the grayscale values are
proportional to the physical light intensity, so I think they are linear in intensity.

,→
,→
But the perception is not linear. So, if I have a linear gradient in intensity, it won't look perceptually uniform.

Wait, but the problem says "ein in der Wahrnehmung gleichmäßiger Verlauf von Schwarz nach Weiß," which suggests
that the original gradient is already perceptually uniform.

,→
,→
Wait, let's read it carefully: "Ein Graustufenbild enthalte Grauwerte, die proportional zur physikalischen

Lichtintensität sind. Diese Grauwerte sollen so umgekehrt werden, dass ein in der Wahrnehmung gleichmäßiger
Verlauf von Schwarz nach Weiß zu einem in der Wahrnehmung gleichmäßigen Verlauf von Weiß nach Schwarz wird."

,→
,→
So, the image has grayscale values proportional to physical light intensity. But then it talks about a perceptually

uniform gradient from black to white. Wait, does the image already have a perceptually uniform gradient, or is
it that we want to transform it so that what was perceptually uniform becomes perceptually uniform in the
reverse?

,→
,→
,→
Wait, I think it's saying that in the original image, there is a gradient that is perceptually uniform from black to

white, meaning that the way the grayscale values are set makes it look like a smooth, uniform transition to the
human eye. And now, we want to invert these grayscale values such that this gradient becomes a perceptually
uniform gradient from white to black.

,→
,→
,→
But wait, if the original gradient is perceptually uniform from black to white, and the grayscale values are

proportional to physical intensity, that suggests that the mapping from intensity to grayscale values already
accounts for human perception, but the problem states that the grayscale values are proportional to physical
intensity, which might imply that they are linear in intensity, not in perceived lightness.

,→
,→
,→
Wait, this is confusing. Let me try to clarify.
Typically, in digital images, pixel values are often gamma-corrected, meaning they are not linear in intensity but

adjusted so that equal steps in pixel value correspond roughly to equal steps in perceived lightness. However,
the problem specifically says that the grayscale values are proportional to the physical light intensity, which
suggests that they are linear in intensity.

,→
,→
,→
But then, a linear gradient in intensity does not look perceptually uniform. For example, if I have a gradient where

intensity increases linearly from 0 to 1, it will look like it gets brighter faster at the dark end and slower
at the bright end, because human perception is more sensitive to changes in low intensities.

,→
,→
Wait, actually, I think it's the opposite: human perception of lightness is approximately logarithmic, meaning that

to perceive equal steps in lightness, the intensity needs to increase exponentially.,→
Wait, more precisely, the perceived lightness is often modeled as a power function of intensity, like L* in CIELAB

color space, which is a cube root or something similar.,→
So, if the original image has grayscale values that are linear in intensity, then a linear gradient in these values

would not look perceptually uniform. But the problem mentions "ein in der Wahrnehmung gleichmäßiger Verlauf von
Schwarz nach Weiß," which suggests that there is a gradient that is perceived as uniform.

,→
,→
Wait, perhaps I need to interpret it differently. Maybe the problem is saying that we have a gradient where the

grayscale values are such that when interpreted as physical intensities, they produce a perceptually uniform
transition from black to white. But since the grayscale values are proportional to intensity, that would mean
that the gradient is not linear in the grayscale values.

,→
,→
,→
Wait, let's say that for a perceptually uniform gradient from black to white, the intensity I(x) as a function of

position x should be such that the perceived lightness L(I(x)) is linear in x.,→
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So, if L(I) is the perceived lightness function, then for a perceptually uniform gradient, L(I(x)) = k * x for some
constant k.,→

But in the image, the grayscale values g are proportional to I, say g = a * I for some constant a.
So, to have L(g / a) = k * x.
Now, when we invert the gradient, we want a new gradient where the perceived lightness is reversed, so L(I_new(x)) =

k * (1 - x) or something like that.,→
Wait, perhaps it's better to think in terms of the transformation.
Let me denote the original grayscale value as g, where g is proportional to intensity I, say g = I (assuming the

maximum is 1).,→
But actually, since it's a grayscale image, typically g ranges from 0 to 1, with 0 being black and 1 being white,

and if it's proportional to intensity, then I = g.,→
Now, the perceived lightness L is a function of I, say L = f(I), where f is some increasing function, often f(I) ~

I^{1/3} or similar.,→
For a perceptually uniform gradient from black to white, we would want L to increase linearly, so L = c * x for some

constant c, where x is the position in the gradient.,→
But in terms of I, that means I = f^{-1}(c * x).
So, in the image, the grayscale value g(x) = I(x) = f^{-1}(c * x).
Now, to invert this gradient perceptually, we want a new gradient where the perceived lightness is reversed, meaning

L_new = c * (1 - x).,→
So, for the new intensity I_new, we want L(I_new) = c * (1 - x).
But since L = f(I), this means f(I_new) = c * (1 - x).
Therefore, I_new = f^{-1}(c * (1 - x)).
But in the original gradient, c * x = f(g(x)), since g(x) = I(x), and L = f(I).
Wait, actually, from above, L = f(I) = c * x, so c * x = f(g(x)), since g(x) = I(x).
So, for the new gradient, we want f(I_new) = c * (1 - x).
But from the original, c * x = f(g(x)), so c * (1 - x) = f(g(1 - x)), approximately, if the gradient is from x=0 to

x=1.,→
Wait, perhaps it's better to think in terms of the transformation of g.
Let me assume that the original gradient has g(x) such that f(g(x)) = k * x for some k, making it perceptually

uniform.,→
Then, for the inverted gradient, I want g_new(x) such that f(g_new(x)) = k * (1 - x).
So, since f is increasing, g_new(x) = f^{-1}(k * (1 - x)).
But from the original, k * x = f(g(x)), so k = f(g(x)) / x, but that doesn't help directly.
Alternatively, since for each x, g(x) corresponds to a certain perceived lightness, and I want g_new(x) to

correspond to the perceived lightness that was at 1 - x or something.,→
Wait, actually, in a gradient from black to white, at position x, the perceived lightness is L(x) = L_min + (L_max -

L_min) * x, say.,→
But in this case, since it's from black to white, L_min = f(0) = 0, L_max = f(1) = 1, assuming f is normalized.
So, L(x) = f(g(x)) = x, if we set k=1.
Wait, yes, let's assume that for the perceptually uniform gradient, f(g(x)) = x.
So, g(x) = f^{-1}(x).
Then, for the inverted gradient, I want f(g_new(x)) = 1 - x.
So, g_new(x) = f^{-1}(1 - x).
Now, in the image, the original grayscale values are g, and I need to map them to new values g_new such that the

perceived lightness is inverted.,→
Wait, more precisely, for a given g, which corresponds to a certain perceived lightness L = f(g), I want to map it

to g_new such that f(g_new) = 1 - L = 1 - f(g).,→
So, g_new = f^{-1}(1 - f(g)).
Therefore, the transformation is g_new = f^{-1}(1 - f(g)).
Now, to determine which curve to use, I need to know what f is.
In standard imaging, often f(I) = I^{1/\gamma} with \gamma ≈ 2.2, but actually, for perceived lightness, it's more

complex, but let's assume that f(I) is some power function.,→
Wait, actually, in many cases, for simplicity, people use f(I) = I^{1/3} or similar.
But looking at the curves provided, perhaps I can infer what f is.
Looking at the curves:

Curve A: y = (1 - sqrt(x))^2
Curve B: y = 1 - x
Curve C: y = sqrt(1 - x^2)

Wait, actually, in the code, it's plotted as:

For curve C: y = sqrt(1 - x^2), labeled C
For curve B: y = 1 - x, labeled B
For curve A: y = (1 - sqrt(x))^2, labeled A

So, the curves are:

A: y = (1 - sqrt(x))^2
B: y = 1 - x
C: y = sqrt(1 - x^2)

Now, I need to see which of these corresponds to g_new = f^{-1}(1 - f(g)).
So, if I assume a certain f, I can compute this.
For example, let's assume that the perceived lightness L = f(I) = I^\alpha for some \alpha, often \alpha ≈ 1/3.
Then, f^{-1}(L) = L^{1/\alpha}.
So, g_new = f^{-1}(1 - f(g)) = [1 - f(g)]^{1/\alpha} = [1 - g^\alpha]^{1/\alpha}
Now, for \alpha = 1/2, say, then g_new = [1 - g^{1/2}]^2
Wait, that's similar to curve A: y = (1 - sqrt(x))^2
Yes, so if \alpha = 1/2, then the transformation would be y = (1 - sqrt(x))^2
But is \alpha = 1/2 a reasonable choice?
Well, actually, for perceived lightness, often \alpha ≈ 1/3, but maybe in this context, they are using \alpha = 1/2

for simplicity.,→
Alternatively, perhaps they are considering a different model.
Wait, another common model is theWeber-Fechner law, which suggests that perceived lightness is logarithmic, but for

image processing, power laws are more common.,→
Alternatively, perhaps they are considering the case where the original grayscale values are already

gamma-corrected, but the problem states that they are proportional to physical intensity, so probably not.,→
Wait, but in the transformation above, if \alpha = 1, then f(I) = I, meaning perception is linear with intensity,

then g_new = 1 - g, which is curve B.,→
But in reality, perception is not linear with intensity, so probably not.
Alternatively, for \alpha = 1/2, as above, it would be y = (1 - sqrt(x))^2, which is curve A.
Now, looking at curve C: y = sqrt(1 - x^2), that looks like part of a circle, specifically, since x^2 + y^2 = 1 with

y = sqrt(1 - x^2), so it's the upper semicircle.,→
But does that correspond to any common perceptual model?
Alternatively, perhaps if the perceived lightness is related to the area or something, but I don't think so.
Wait, another way to think about it is to consider what the inverse transformation should be.
Actually, since the goal is to reverse the perceived gradient, meaning that where it was dark, it should be light,

and vice versa, but in a way that the perceived steps are equal.,→



So, if the original mapping is g = f^{-1}(L), with L being perceived lightness, then to invert, we want L_new = 1 -
L, so g_new = f^{-1}(1 - L) = f^{-1}(1 - f(g)),→

Yes, as I had earlier.
So, depending on what f is, the transformation changes.
Now, since the problem provides three specific curves, and one of them is y = (1 - sqrt(x))^2, which corresponds to

\alpha = 1/2, and another is y = 1 - x, which is \alpha = 1, and the third is y = sqrt(1 - x^2), which might
correspond to something else.

,→
,→
Alternatively, perhaps in this context, they are considering a specific model for perception.
Wait, another common model is the CIELAB lightness, where L* = 116 * (Y/Y_n)^{1/3} - 16 for Y/Y_n > 0.008856, and a

linear function below that, but for simplicity, often approximated as L* ~ Y^{1/3}.,→
So, if f(I) = I^{1/3}, then g_new = [1 - g^{1/3}]^3, but that's not matching any of the curves directly.
Wait, curve A is y = (1 - sqrt(x))^2 = 1 - 2*sqrt(x) + x, which is not a power function.
Wait, alternatively, perhaps they are considering a different transformation.
Wait, let's think differently. Maybe the problem is simpler.
Perhaps, since the original gradient is perceptually uniform, and we want to invert it to be perceptually uniform in

the opposite direction, the transformation should be such that the new grayscale value is 1 - g, but in the
perceptual space.

,→
,→
Wait, actually, if I consider that for a perceptually uniform gradient, the perceived lightness L(g) is linear, say

L(g) = g if g is already in perceptual space, but in this problem, g is proportional to intensity, not to
perceived lightness.

,→
,→
Wait, alternatively, maybe the problem is that the image has grayscale values g that are linear in intensity, and we

want to invert them so that the perceived lightness is inverted.,→
But to have a perceptually uniform inverted gradient, we need to apply the appropriate transformation.
Wait, let's try to be more precise.
Suppose that for a perceptually uniform gradient from black to white, the intensity I(x) is such that L(I(x)) = x,

for x from 0 to 1.,→
Then, to have a perceptually uniform gradient from white to black, we want I_new(x) such that L(I_new(x)) = 1 - x.
So, since L(I(x)) = x, then I(x) = L^{-1}(x), where L^{-1} is the inverse function.
Similarly, I_new(x) = L^{-1}(1 - x).
Now, in the image, the original grayscale values are g(x) = I(x) = L^{-1}(x).
So, to get the inverted gradient, we can set g_new(x) = I_new(x) = L^{-1}(1 - x).
But in terms of transforming the entire image, not just the gradient, we need a function that maps g to g_new such

that for each g, which corresponds to a certain L, we map it to g_new corresponding to 1 - L.,→
So, since g = L^{-1}(L), and g_new = L^{-1}(1 - L), so for a given g, L = L(g), then g_new = L^{-1}(1 - L(g)).
Wait, yes, so the transformation is g_new = L^{-1}(1 - L(g)), where L is the perceived lightness function.
But since g is proportional to intensity I, and L = f(I), with f being the perception function, and since g = I,

then L(g) = f(g).,→
So, g_new = f^{-1}(1 - f(g)).
Yes, as I had earlier.
Now, to determine which curve, I need to know what f is.
Alternatively, perhaps I can think about the properties of the transformation.
For example, the transformation should map 0 to 1, since black (g=0) should become white (g_new=1), and white (g=1)

to black (g_new=0).,→
Looking at the curves, all three seem to satisfy y(0)=1 and y(1)=0.
For curve B: y=1-x, indeed y(0)=1, y(1)=0.
For curve A: y=(1-sqrt(x))^2, when x=0, y=(1-0)^2=1, when x=1, y=(1-1)^2=0.
For curve C: y=sqrt(1-x^2), when x=0, y=sqrt(1-0)=1, when x=1, y=sqrt(1-1)=0.
So all satisfy that.
Additionally, since it's a reversal, the function should be decreasing, which all three are.
Now, perhaps I can consider the shape.
For a perceptually uniform inversion, the transformation should account for the nonlinear perception.
For example, if perception is nonlinear, say more sensitive at low intensities, then the transformation should

compress or expand accordingly.,→
For instance, in the case where f(I) = I^\alpha with \alpha <1, meaning perception is more sensitive at low

intensities, then the transformation g_new = [1 - g^\alpha]^{1/\alpha} would be such that for small g, since
g^\alpha is small, 1 - g^\alpha is close to 1, and [1 - g^\alpha]^{1/\alpha} is close to 1, but the rate of
change might be different.

,→
,→
,→
Wait, let's plot mentally.
For example, take \alpha=1/2, then g_new = [1 - sqrt(g)]^2.
So, for small g, sqrt(g) is small, so 1 - sqrt(g) ≈ 1 - small, and [1 - small]^2 ≈ 1 - 2small, so g_new ≈ 1 -

2sqrt(g), which decreases slowly from 1.,→
Whereas for g close to 1, sqrt(g) ≈1, so 1 - sqrt(g) ≈0, and g_new ≈0.
Similarly, for curve B, y=1-x, it's linear.
For curve C, y=sqrt(1-x^2), for small x, y≈sqrt(1 - x^2) ≈1 - (x^2)/2, so it starts decreasing slowly from 1, then

more rapidly.,→
Wait, actually, since it's a semicircle, it starts horizontally, then curves down to 0.
So, for curve C, y=sqrt(1-x^2), the derivative at x=0 is y' = (-x)/sqrt(1-x^2), so at x=0, y'=0, so it's flat at

x=0, then decreases.,→
Similarly, at x=1, it goes to 0 with infinite slope.
Whereas for curve A, y=(1-sqrt(x))^2, let's compute the derivative: y' = 2*(1-sqrt(x))(-1/(2sqrt(x))) =

-(1-sqrt(x))/sqrt(x), so at x=0+, y'→-∞, and at x=1, y'=0.,→
Wait, actually, at x=1, since sqrt(x)=1, y' = -(0)/1=0, so it's flat at x=1.
So, curve A starts with a steep decrease from y=1 at x=0, then flattens out to y=0 at x=1.
Curve B is linear decrease.
Curve C starts flat at y=1, then decreases to y=0 with steep slope.
Now, considering the perceptual inversion, if perception is more sensitive at low intensities, meaning that small

changes in g near 0 are more noticeable, then when inverting, the transformation should map small g to large
g_new, but in a way that the perceived changes are uniform.

,→
,→
Actually, since we want the perceived lightness to be inverted, so for small g, which corresponds to low perceived

lightness, we want g_new such that perceived lightness is high, so g_new should be large, but the rate at which
g_new changes with g should reflect the perceptual sensitivity.

,→
,→
Specifically, since perception is more sensitive at low intensities, in the original gradient, to achieve

perceptually uniform steps, the intensity changes more slowly at low intensities.,→
Wait, actually, for a perceptually uniform gradient from black to white, since perception is more sensitive at low

intensities, to make equal perceptual steps, the intensity needs to increase slowly at first, then faster.,→
For example, if L = I^{1/3}, then for L to increase linearly, I needs to increase as L^3, so slowly at first, then

rapidly.,→
So, in the original gradient, g(x) = [x]^{3}, if \alpha=1/3.
Wait, wait, if L = f(I) = I^{1/3}, then for L = x, I = x^3, so g(x) = x^3.
So, the grayscale values increase as x^3, meaning slowly at first, then rapidly.
Then, for the inverted gradient, we want g_new(x) such that L(g_new(x)) = 1 - x, so since L = g_new^{1/3} = 1 - x,

thus g_new = (1 - x)^3.,→
So, in terms of the transformation, for a given g, which is I, and L = I^{1/3}, then in the gradient, at position x

where g(x) = x^3, but actually, to find the transformation, perhaps it's better to think that for each g, which
corresponds to L = g^{1/3}, we want g_new such that L_new = 1 - L, so g_new^{1/3} = 1 - g^{1/3}, thus g_new = (1
- g^{1/3})^3.

,→
,→
,→
So, for \alpha=1/3, the transformation would be y = (1 - x^{1/3})^3.
But in the provided curves, none is exactly that, but perhaps curve A is an approximation for a different \alpha.



Alternatively, maybe they are using \alpha=1/2, so y = (1 - x^{1/2})^2, which is curve A.
Indeed, curve A is y = (1 - sqrt(x))^2.
So, if the perception model is f(I) = I^{1/2}, then the transformation would be y = (1 - x^{1/2})^2, which matches

curve A.,→
Now, is \alpha=1/2 a reasonable choice? Well, in some simplifying models, yes, although typically \alpha≈1/3 for

lightness perception.,→
But perhaps for this problem, they are using \alpha=1/2.
Alternatively, let's check if curve C could correspond to something.
For curve C, y = sqrt(1 - x^2), maybe if the perception is related to some other function.
For example, if the perceived lightness is such that L = 1 - sqrt(1 - I^2) or something, but that seems unlikely.
Alternatively, perhaps in some models, but I think curve A is more likely.
Moreover, in many image processing contexts, especially with gamma correction, often \gamma=2.2, which corresponds

to \alpha=1/\gamma ≈0.45, close to 0.5, so \alpha=1/2 might be a reasonable approximation.,→
Therefore, I think curve A is the one to use.
Wait, but let's confirm with another perspective.
Suppose I consider that for small g, since perception is more sensitive, in the original gradient, small changes in

g correspond to larger perceptual changes, so when inverting, the transformation should map small g to large
g_new, but with a rate that accounts for the perceptual sensitivity.

,→
,→
Specifically, since at low intensities, small changes are more noticeable, when inverting, the g_new should change

slowly when g is small, meaning that y should decrease slowly from 1 when x is small.,→
Wait, for curve A, y=(1-sqrt(x))^2, for small x, as I said, y≈1 - 2*sqrt(x), so it decreases rapidly from 1,

actually, since sqrt(x) increases rapidly for small x.,→
Wait, wait, for x near 0, sqrt(x) ≈ x^{1/2}, so y ≈1 - 2x^{1/2} + x, so the leading term is -2x^{1/2}, which means y

decreases as -x^{1/2}, so the slope is -1/(2x^{1/2}), which goes to -∞ as x→0+, so it's very steep near x=0.,→
So, for small x, y drops quickly from 1.
Whereas for curve C, y=sqrt(1-x^2)≈1 - (x^2)/2, so it decreases very slowly, like -x^2.
And for curve B, y=1-x, linear decrease.
Now, in terms of perception, if I want the perceived lightness to be inverted uniformly, meaning that the perceived

difference between consecutive points is constant, then the transformation should be such that the rate of
change in y corresponds to the perceptual sensitivity.

,→
,→
Specifically, since at high intensities (near white), perception is less sensitive, meaning larger changes in

intensity are needed for the same perceptual difference, so when inverting, for g near 1, which corresponds to
high intensity, the y should change more rapidly to account for the lower sensitivity.

,→
,→
Wait, let's think carefully.
Actually, in the inverted gradient, at positions where the original was dark (small g), the new should be light

(large g_new), and since perception is less sensitive at high intensities, to make small perceptual steps, the
g_new needs to change by larger amounts.

,→
,→
Wait, more precisely, for the inverted gradient to be perceptually uniform, the perceived lightness L(g_new) should

decrease linearly with position.,→
So, for positions where x is small, g_new should be such that L(g_new) is close to 1, and as x increases, L(g_new)

decreases to 0.,→
But since L is a function of g_new, and if L is, say, g_new^{1/3}, then to have L decrease linearly, g_new needs to

decrease as (1 - x)^3, as I had earlier.,→
So, for small x, g_new ≈ (1 - x)^3 ≈1 - 3x, so it decreases linearly at first, but actually, since it's (1 - x)^3,

it's convex, starting with slope -3 at x=0, and flattening out to 0 at x=1.,→
Wait, but in terms of the transformation, since the original g(x) = x^3, say, for the perceptually uniform gradient,

but actually, in the image, it's not necessarily a gradient, but for any g, we apply the transformation.,→
Wait, perhaps it's better to stick with the earlier conclusion that for f(I)=I^{1/2}, the transformation is y=(1 -

sqrt(x))^2, which is curve A.,→
Alternatively, maybe there's another way to look at it.
Let's consider the following: if I apply the transformation y = (1 - sqrt(x))^2, what does it do?
For example, if the original image has a gradient where g increases linearly, but since it's linear in intensity,

it's not perceptually uniform, but the problem mentions a perceptually uniform gradient, so perhaps in that
gradient, g is not linear.

,→
,→
Wait, actually, in the problem, it says "ein in der Wahrnehmung gleichmäßiger Verlauf von Schwarz nach Weiß", so

there is a specific gradient in the image that is perceptually uniform, meaning that in that gradient, the
grayscale values are set such that the perceived lightness increases linearly with position.

,→
,→
So, in that gradient, g(x) = f^{-1}(x), as I had.
Then, to invert it, I need to set g_new(x) = f^{-1}(1 - x), as above.
But in terms of the overall transformation for the image, since the gradient maps x to g(x) = f^{-1}(x), and I want

to map it to g_new(x) = f^{-1}(1 - x), but actually, for the entire image, the transformation should be
consistent with that.

,→
,→
Specifically, for a pixel with value g, which in the gradient corresponds to some x where g = f^{-1}(x), so x =

f(g), then in the inverted gradient, at that x, I want g_new = f^{-1}(1 - x) = f^{-1}(1 - f(g)), so again, g_new
= f^{-1}(1 - f(g)).

,→
,→
So, the transformation is the same as before.
Therefore, depending on what f is, I can choose the curve.
Since curve A corresponds to f(I)=I^{1/2}, and in many contexts, this is a reasonable approximation, I think curve A

is the one to use.,→
Alternatively, perhaps the problem expects curve B, but that would imply that perception is linear with intensity,

which is not the case.,→
Wait, unless the problem is considering that the grayscale values are already in a perceptually uniform space, but

the problem states that they are proportional to physical light intensity, so probably not.,→
Wait, let's double-check the problem statement: "Ein Graustufenbild enthalte Grauwerte, die proportional zur

physikalischen Lichtintensität sind.",→
So, yes, g ∝ I, so linear in intensity.
Then, "Diese Grauwerte sollen so umgekehrt werden, dass ein in der Wahrnehmung gleichmäßiger Verlauf von Schwarz

nach Weiß zu einem in der Wahrnehmung gleichmäßigen Verlauf von Weiß nach Schwarz wird.",→
So, the transformation should be such that for a gradient that is perceptually uniform from black to white, after

transformation, it becomes perceptually uniform from white to black.,→
And as I derived, that requires g_new = f^{-1}(1 - f(g)), where f is the perception function.
Since f is typically a power function with exponent less than 1, the transformation y = f^{-1}(1 - f(x)) will be a

decreasing function that is concave or convex depending on f.,→
For example, if f(I)=I^\alpha with \alpha<1, then y = [1 - x^\alpha]^{1/\alpha}, and for \alpha=1/2, it's [1 -

x^{1/2}]^2, which is curve A.,→
Moreover, for \alpha=1/3, it would be [1 - x^{1/3}]^3, which is similar in shape, starting with a steep decrease and

then flattening out.,→
Whereas curve C starts flat and then decreases rapidly, which would correspond to a different kind of perception

model, perhaps one where perception is less sensitive at low intensities, which is not the case.,→
Therefore, I believe curve A is the correct choice.
So, the answer is curve A.
Wait, but in the plot, curve A is labeled as y = (1 - sqrt(x))^2, and it's plotted with the label A at (0.1,

(1-sqrt(0.1))^2).,→
Yes, so I think that's it.
Alternatively, to confirm, perhaps I can consider that in standard image processing, when inverting images, often a

simple y = 1 - x is used, but that's for images where the pixel values are already in a perceptually uniform
space, like after gamma correction.

,→
,→
But in this problem, since the grayscale values are proportional to intensity, not to perceived lightness, we need

to account for the perception in the transformation.,→



Therefore, the correct transformation is not just y = 1 - x, but one that considers the perceptual model, like curve
A.,→

So, I think the answer is curve A.
Final Answer

Below is a complete LaTeX document that provides solutions to all the tasks
specified in the user’s query. The document is written in German, matching the
language of the query, and includes detailed explanations where required. For the
first item, the solution leverages the thinking trace to determine the correct curve
for inverting grayscale values, while the remaining items are solved independently
based on standard knowledge in their respective domains.

Lösungen zu den Aufgaben

Aufgabe 1

Ein Graustufenbild enthalte Grauwerte, die proportional zur physikalischen
Lichtintensität sind. Diese Grauwerte sollen so umgekehrt werden, dass ein in
der Wahrnehmung gleichmäßiger Verlauf von Schwarz nach Weiß zu einem in der
Wahrnehmung gleichmäßigen Verlauf von Weiß nach Schwarz wird. Welche der
folgenden drei Kurven ist dafür zu benutzen? Begründung!
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Lösung: Die richtige Kurve ist A: y = (1−p
x)2. Da die Grauwerte proportional

zur Lichtintensität sind, ist die ursprüngliche Skala linear in der Intensität, aber
die menschliche Wahrnehmung von Helligkeit ist nichtlinear und folgt oft einer
Potenzfunktion, z. B. L = Iα mit α < 1 (häufig α ≈ 0,5). Um einen in der Wahr-
nehmung gleichmäßigen Verlauf von Schwarz nach Weiß umzukehren, müssen
die Grauwerte so transformiert werden, dass die wahrgenommene Helligkeit in-
vertiert wird, also gneu = f−1(1− f (g)), wobei f (g) = g0,5 führt zu gneu = (1−p

g)2,
was Kurve A entspricht. Kurve B (y= 1−x) würde nur bei linearer Wahrnehmung
passen, was unrealistisch ist, und Kurve C (y=

p
1−x2) entspricht keinem üblichen

Wahrnehmungsmodell.



Aufgabe 2

Beschreiben Sie fünf Typen an Events, die dieses Programm verarbeiten muss,
und deuten Sie an, wie die jeweilige Verarbeitung abläuft.

Lösung:

1. Minütliche Datenaktualisierung: Neuer Wert wird empfangen. (Daten
lesen, Kurve aktualisieren, Anzeige neu rendern)

2. Radio-Button-Auswahl: Benutzer wählt Kurventyp. (Auswahl erkennen,
Datenquelle wechseln, Kurve neu zeichnen)

3. Schieberegler-Bewegung: Zoom-Faktor wird geändert. (Wert abfragen,
Skalierung anpassen, Ansicht aktualisieren)

4. Maus-Hover über Kurve: Mausposition wird erkannt. (Koordinaten be-
stimmen, Werte berechnen, Tooltip anzeigen)

5. Fenstergrößenänderung: Fenster wird skaliert. (Neue Dimensionen erfas-
sen, Layout anpassen, Kurve neu rendern)

Aufgabe 3

Diskutieren Sie den Trick aus Sicht des Konzepts der (Perceived) Affordances.

Lösung: Der Trick nutzt perceived affordances, indem ein ungenutzter Kanal am
Mischpult als manipulierbares Element wahrgenommen wird, obwohl er keinen
Einfluss hat. Die sichtbaren Knöpfe suggerieren Kontrolle über den Klang, was
technisch Unversierten eine intuitive Interaktion ermöglicht. Dies erhöht die
Zufriedenheit, da sie glauben, Einfluss zu nehmen, ohne den Mix zu gefährden.
Gleichzeitig täuscht die wahrgenommene Funktionalität über die tatsächliche
Wirkungslosigkeit hinweg. Es zeigt, wie Design die Erwartungshaltung prägt,
unabhängig von der realen Funktionalität.

Aufgabe 4

Beschreiben Sie fünf prinzipielle Unterschiede zu Sinneseindrücken der wahren
Welt.

Lösung:

1. Begrenztes Sichtfeld: VR-Brillen bieten nur ca. 100° statt 180° peripherer
Sicht. (eingeschränkte Immersion)

2. Latenz: Verzögerung bei Kopfbewegungen感知. (Unnatürliches Gefühl, Übel-
keit)



3. Fehlende Haptik: Keine taktile Rückmeldung bei Interaktionen. (Berüh-
rung fehlt)

4. Auflösung: Pixelstruktur sichtbar statt kontinuierlicher Details. (Weniger
Schärfe)

5. Kein Geruch/Geschmack: Sinneseindrücke auf Visuelles und Akustisches
beschränkt. (Eindimensionalität)

Aufgabe 5

Vergleichen Sie den Einsatz von k-Nearest Neighbors (k-NN) mit dem Einsatz
eines künstlichen neuronalen Netzes (kNN) für ein digitales thermisches Modell.

Lösung:

1. Trainingszeit: k-NN: keine (lazy learning); kNN: lang (Backpropagation).

2. Rechenaufwand bei Vorhersage: k-NN: hoch (Abstandsberechnung); kNN:
niedrig (Feedforward).

3. Modellkomplexität: k-NN: einfach (datengetrieben); kNN: komplex (Schich-
ten, Gewichte).

4. Generalisierung: k-NN: begrenzt (lokale Muster); kNN: stark (globale
Zusammenhänge).

5. Datenbedarf: k-NN: moderat (Referenzdaten); kNN: hoch (Trainingssätze).

Aufgabe 6

Nennen Sie fünf konkrete Anwendungen von Maschinenlernen zur Verkehrsfluss-
optimierung.

Lösung:

1. Ampelsteuerung: Optimale Phasen vorhersagen. (Reinforcement Learning:
Belohnung maximieren)

2. Verkehrsprognose: Fahrzeugzahlen schätzen. (Regression: Zeitreihenana-
lyse)

3.

4. Unfallerkennung: Riskante Situationen klassifizieren. (Klassifikation: Mus-
tererkennung)

5. Stau-Clustering: Ähnliche Verkehrsstaus gruppieren. (Clustering: räumli-
che Analyse)

6. Routenoptimierung: Beste Wege vorschlagen. (Reinforcement Learning:
Effizienzsteigerung)



Aufgabe 7

Welche Art an Datenvisualisierung sollte jeweils verwendet werden?

Lösung:

1. Gesamtverbrauch nach Stadtbezirken: Choroplethenkarte (Geokoordi-
naten, Verbrauch summiert)

2. Gruppen mit ähnlichem Zeitverlauf: Cluster-Heatmap (Zeitverlauf,
Haushalte gruppiert)

3. Verbrauch pro Person im Stadtgebiet: Scatter-Plot (Geokoordinaten,
Verbrauch pro Kopf)

4. Verteilung des Verbrauchs pro Person: Histogramm (Verbrauch pro
Person, Häufigkeit)

5. Unbekannte Zusammenhänge: Paarplot (alle Variablen, Korrelationen)

Aufgabe 8

Beschreiben Sie drei positive und zwei negative Aspekte von Animationen in
Bedienoberflächen.

Lösung: Positive Aspekte:

• Rückmeldung: Aktion bestätigt (Visuelle Klarheit)

• Orientierung: Übergänge lenken Aufmerksamkeit (Fokus)

• Ästhetik: Ansprechender Eindruck (Nutzerfreundlichkeit)

Negative Aspekte:

• Ablenkung: Übermäßige Bewegung stört (Konzentration)

• Verzögerung: Wartezeit erhöht (Effizienzverlust)

Aufgabe 9

Nennen Sie jeweils einen Vorteil und einen Nachteil der Methoden zur Evaluierung
von Self-Checkout-Kassen.

Lösung:

1. Think-Aloud: Vorteil: Direkte Einblicke (Gedankenprozesse); Nachteil: Ver-
fälschung (unnatürliches Verhalten)



2. Cognitive Walkthrough: Vorteil: Expertenbasiert (schnelle Analyse); Nach-
teil: Subjektivität (keine Nutzerdaten)

3. Eye-Tracking: Vorteil: Blickverlauf (Aufmerksamkeit); Nachteil: Kosten
(spezielle Hardware)

4. Logfile-Analyse: Vorteil: Objektivität (reale Daten); Nachteil: Kontext fehlt
(nur Zahlen)

5. Usability-Fragebögen: Vorteil: Standardisiert (Vergleichbarkeit); Nachteil:
Subjektiv (Selbsteinschätzung)

Aufgabe 10

Welcher statistische Test ist jeweils üblich?

Lösung:

1. Bearbeitungszeit vor/nach: Geparter t-Test

2. Fehlerarten vs. Verteilung: Chi-Quadrat-Test

3. Zwei Gruppen, Designs: Ungepaarter t-Test

4. Drei Designs, Gruppen: ANOVA

5. Likert-Skala, Mittelwert: Ein-Stichproben-t-Test




