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Abstract
Raytracing in combination with Monte Carlo simulation is

an accurate method to simulate optical systems in virtual 3D
scenes. Since Monte Carlo simulation relies on random sampling,
many samples per pixel need to be computed for a noise-free im-
age, resulting in high computational effort. Even the fastest ray
tracers can only trace a few samples per pixel in real-time. A
common solution in computer graphics is to compute the image
with a few samples per pixel and apply a Monte Carlo denoiser to
remove the noise. Since the denoiser alters the image, the ques-
tion arises to what extent this influences the quality of the simula-
tion. Utilizing “Simulating tests to test simulation”, we measure
the SFR curve of a simulation denoised with the NVIDIA OptiX
Denoiser and compare it with a highly sampled baseline simula-
tion. Although the image is altered by denoising, using denoised
ray tracing simulations yields more realistic results for real-time
rendering than a Gaussian blur, but there is a significant texture
loss.

Introduction
Autonomous vehicles are equipped with a variety of sensors

to perceive their surroundings for safe navigation. Radar or Li-
DAR sensors alone are insufficient. The recognition of traffic
signs is only possible with cameras, whose images are processed
by a computer vision algorithm. Detecting the traffic signs in the
image is a safety-critical task and therefore needs to be validated.
Due to the large number of possible situations, validating the com-
puter vision algorithms is only possible through simulations. The
performance of the camera lens has a huge impact on the detec-
tion rate of the computer vision algorithm. Therefore, the camera
lens must be included in the simulation.

For the simulation to be reliable, the simulation must be
physically correct. Ray tracing in combination with Monte Carlo
integration has evolved as the go-to algorithm for accurate light
transport simulation [12]. It can deliver high quality results, but
the random sampling of the Monte Carlo integration leads to noise
in the image. Figure 1 shows the Sponza scene rendered with only
15 samples per pixel. The noise is clearly visible. Since Monte
Carlo integration samples different domains, the noise in the im-
age is a combination of the sampling noise of these different do-
mains (integrating over the area of the light, the area of the lens,
the spectrum of the light). To remove the noise, calculating many
samples per pixels is necessary, resulting in high computational
effort. In computer graphics, it is often argued that noise from
Monte Carlo integration is acceptable, since an image sensor also
causes noise in the image. But in contrast to noise introduced by
Monte Carlo integration, image sensor noise is caused by a phys-
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Figure 1: Sponza [14] scene rendered through the Canon Zoom
Lens [17] with 15 samples per pixel. No denoiser was applied.
The Monte Carlo Noise is clearly visible. Each integration do-
main (shadow, camera and light spectrum) contributes to the
noise.

ical process. Monte Carlo noise, on the other hand, is a flaw of
the used mathematical method. For a realistic simulation we must
compute a noise free image using Monte Carlo integration and
apply a realistic sensor noise model to the image.

Real-time simulation is a hard requirement for a Hardware
in the Loop (HiL) setup. Software in the Loop (SiL) does not
need a real-time simulation but still benefits from a high-speed
simulation due to the huge number of possible scenarios. The
high computational effort for a noise free image makes it chal-
lenging for real-time simulations. Even the fastest ray tracers can
compute only a small number of samples per pixel in real-time.
This is due to two expensive phases for camera lens simulation
in virtual 3d scenes: Ray generation, because the ray needs to be
intersected and refracted with all lens surfaces, and light transport
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calculation. Different methods were developed to optimize the
ray generation phase for real-time, either by caching the camera
rays [8] or approximating the optical system by a polynomial [6,
7, 9, 20, 25]. To optimize the calculation of the light transport,
one solution is to render the image with a few samples per pixel
and apply a Monte Carlo denoiser to remove the noise.

State of the art Monte Carlo denoisers such as the NVIDIA
OptiX Denoiser [2, 16] or Intel OpenImageDenoise [1] are based
on neural networks and can deliver promising results from only
a few samples per pixel. They are trained on combinations of
noisy images and their corresponding ground truth rendered with
many samples per pixel. Because Monte Carlo denoisers work
on images from virtual scenes, it is possible to provide them
with more information about the scene, such as albedo and sur-
face normals. This yields better results and differentiates such
Monte Carlo denoisers from denoisers created for real-world im-
ages, making them the go-to choice to denoise images rendered
with Monte Carlo methods. Figure 2 shows a scene rendered us-
ing 15 samples per pixel with a denoiser applied and the different
inputs to the denoiser. Despite the low sample count the denoiser
can create an accurate noise-free reconstruction of the scene.

Since the Monte Carlo denoiser is a neural network, it is not
possible to explain the way the image is altered. So far, denois-
ers are only evaluated numerically [2, 19, 22, 24]. Therefore, the
question arises how this affects optical correctness of the cam-
era lens simulation. To quantify the influence of the Monte Carlo
denoiser, we follow Simulating tests to test simulation [15]. Ex-
isting metrics developed to characterize real cameras are applied
to simulated images to quantify the simulation quality.

We contribute the evaluation of a Monte Carlo denoiser re-
garding the accuracy of camera lens simulation. Metrics devel-
oped to evaluate real cameras are used to quantify the simulation
quality. Despite the lens blur accuracy not being influenced by
the denoiser even for images rendered with low sample counts,
the denoiser introduces significant texture loss.

Method
To quantify the delta introduced by the denoiser, we follow

Simulating tests to test simulation, utilizing metrics developed to
measure real cameras. We conduct measurements on denoised
images rendered with a low sample count and noise-free refer-
ence images rendered using brute force and high sample counts.
To assess how much the denoiser affects the realism of the simula-
tion, we compare the ray tracing lens simulation with a Gaussian
blur, which is easy to implement and therefore widely used, but it
lacks any physical basis.

To quantify the accuracy of the lens blur, we measure the
Spatial Frequency Response (SFR) using a slanted edge chart.
The measurements are specified in ISO 12233 [5]. From expe-
rience we know that denoised images are a bit blurrier in in-focus
areas than in the reference image. We quantify this texture loss us-
ing a dead leaves target and SFR measurements specified in ISO
TS 19567-2 [11]. For slanted edge and dead leaves measurements,
a test chart is rendered a virtual scene. For the slanted edge, we
use ISO 12233 slanted edge patches, placed in image corners and
center. For the lead leaves, we used the TE276 target by Image
Engineering. The metrics are then calculated based on the image
using the software iQ Analyzer X 1.11.1 by Image Engineering
[10].

Albedo Normal 15spp Input Denoised Reference

Figure 2: Sponza scene with 15 samples per pixel, denoised with
OptiX Denoiser. Providing albedo and normal beside the RGB
input lowers the denoiser error.

The result of the denoiser and the difference to the reference
image is heavily influenced by the noise level of the input image.
Since the noise level is directly related to the number of sam-
ples per pixel used, we render the test chart with different sample
counts and compare the results to the brute force baseline.

The simulation environment used is the same as in our Ray-
LUT Paper [8]. We use the OptiX Sample application by Wald
and Parker [23] with a Realistic Camera [13] implementation
based on Pharr, Jakob, and Humphreys [18]. To speed up the
camera lens simulation for real-time performance, we apply the
Ray-LUT and cache the camera rays, utilizing axis symmetry
to reduce memory usage. We conduct our measurements on a
NVIDIA RTX PRO 6000 Blackwell with 96gb of VRAM.

As a camera lens we use a complex Canon Zoom lens [17]
with 34 surfaces. The Ray-LUT enables us to simulate such com-
plex lenses in real-time. All simulations are rendered with a reso-
lution of 1928x1088 pixels. For denoised simulations, we render
15 samples pixel, because this is the maximum amount of samples
the A6000 can compute in real-time. For the brute force reference
images we compute 4096 samples per pixel. To simulate chro-
matic aberrations, we sample three wavelengths for R, G and B
and compute the wavelength-dependent index of refraction using
the Sellmeier equation [21]. For the simulations with Gaussian
blur, we render the test chart using a pinhole camera and apply
an isoplanar blur using Pillow Python Package [3]. We use a blur
radius of three pixels, because in the image corners the resulting
SFR curve matches the curve of the Canon lens most.

Results
Figure 3 shows the simulated slanted edge patches and high-

lights two different image regions in different states. The patch in
the image center and the bottom left patch are selected, because
aberrations increase in the image periphery. Since the Canon lens
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Figure 3: Slanted edge charts rendered with 15 samples per pixel
and OptiX denoiser applied. Lens: Canon Zoom Lens [17], f/4.
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Figure 4: Slanted Edge SFR curves of raytraced lens simulations
(reference and denoised) and Gaussian blur simulation, for differ-
ent target locations.

is rotational symmetric, investigating one patch is sufficient. For
both image regions, the denoiser input clearly show noise. Apply-
ing the denoiser leaves no noise remaining and visually matches
the reference image quite well. Since the Gaussian blur is isopla-
nar, both regions yield the same result. The blur radius of three
pixels matches the blur on the slanted edge.

For each patch the four slanted edges are measured using iQ-
Analyzer and averaged, yielding one SFR curve per patch. Figure
4 shows the resulting curves for the two images regions, for de-
noised and reference. Since the applied Gaussian blur is isoplanar,
only the curve for the bottom left patch is presented. The curves
of the denoised simulation match the reference curves quite well.
For the image center, the denoised curve is slightly sharper from
around 0.2 line pairs per pixel. For the bottom left, the curve shape
of the denoised and the reference curve are also similar. Until 0.1
line pairs per pixel, the curves overlap, for higher frequencies the
denoised simulation is slightly more blurry. In contrast, the curve
of the Gaussian blur is completely different and already drops way

15spp Input Denoised Reference

Figure 5: Dead leaves chart rendered with 15 samples per pixel
and OptiX Denoiser applied. Lens: Canon Zoom Lens [17], f/4.

below the reference curve around 0.075 line pairs per pixel. The
difference to the reference curve is much larger than for the de-
noised simulation.

We compare the SFR curve for different SPPs with the ref-
erence curve. Often scalar values like SFR10 or SFR50 are used
to compare the sharpness of a lens. Because a single value can-
not capture the entire curve, we compare the area of the curve
instead. Figure 7 shows a plot of the relative SFR curve area over
different amounts of samples per pixel. Overall, the results don’t
differ between the two slanted edge patches. For just one sample
per pixel, the area of the curve already matches the area of the
reference curve by 60%. The Gaussian blur only matches the ref-
erence curve area by 57.61%. With increasing samples per pixel,
the accuracy increases, but starts to converge between 16 and 32
samples per pixel. There is no significant improvement by using
up to 128 samples per pixel.

Figure 5 shows the simulated dead leaves charts and high-
lights one image region in different states. The denoiser input
clearly shows noise, which is removed by the denoiser. Texture
loss is already visible compared to the reference simulation. The
SFR curve of the dead leaves chart quantifies this significant tex-
ture loss. In contrast to the slanted edge chart the dead leaves chart
is way more sensitive to the amount of samples per pixel. Figure 7
shows a plot of the relative SFR curve area. The curve area com-
pared to the reference curve does grow with higher sample counts
and only starts to slowly converge around 64 samples per pixel.
Even for 128 samples per pixel, which is not suitable for real-time
simulations in any case, the curve area does not match as good as
for the slanted edge chart.

Discussion
The influence of the denoiser on the slanted edge SFR is not

strong. With 15 samples per pixel as input to the denoiser, the SFR
curve matches the reference simulation closely. While there is an
increase in accuracy for higher sample counts, it is not significant.
15 samples per pixel already seems like the sweet spot in terms of
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Figure 6: Dead leave SFR curve for denoised simulation with 15
samples per pixel and reference simulation.
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Figure 7: Relative area of SFR of denoised images compared to
SFR curve area of reference simulation, over different amounts of
samples per pixel.

computational effort and accuracy. Even with just one sample per
pixel, the SFR curve of the denoised image matches the reference
more closely than a Gaussian Blur. For the dead leaves target,
the texture loss is significant. In contrast to the slanted edge SFR,
more samples per pixel increase the accuracy. But even with 128
samples per pixel, the dead leaves SFR does not match the ref-
erence curve as closely as it does for the slanted edge SFR with
only 15 samples per pixel.

The main goal of simulations is to study computer vision al-
gorithms in different situations. So far, it is too early to state that
using a denoiser has no influence on the simulation. One would
have to investigate how the denoiser affects computer vision algo-
rithms, i.e., whether the algorithms react differently to a denoised
simulation and to a noise-free brute force simulation.

Such an assessment is particularly important for real-time
simulations. While graphics hardware is getting faster every year,
this increase is used to add more complexity to simulations. In
the foreseeable future, real-time simulations will only be able to
handle a few samples per pixel [2], using a denoiser will there-
fore remain unavoidable. For offline simulations, a denoiser is
not strictly necessary. However, even here, a denoiser offers the
potential to save computing time, for example, to generate large
datasets. In the film industry, the use of denoisers for offline ren-
dering is already widespread [4].

Conclusion and Future Work
We investigated the influence of the NVIDIA OptiX Monte

Carlo denoiser on the quality of a camera lens simulation using
Simulating tests to test simulation. Test charts developed for real
cameras were rendered with a low number of samples per pixel

and denoised using the NVIDIA OptiX denoiser. We compared
those renderings to brute force simulations of the same chart with
a high number of samples per pixel. To quantify the influence of
the denoiser on the lens blur, we investigated the spatial frequency
response using a slanted edge target. As the denoiser creates a
slightly blurry image, we utilized a dead leaves target to quantify
the texture loss introduced by the denoiser. For the slanted edge
target, the denoised images show nearly the same SFR curve as
the reference simulations. Using more samples per pixel does not
improve the simulation quality significantly. The SFR curve re-
mains realistic in any case and clearly differs from the SFR curve
of a Gaussian blur, even for low sample counts. In contrast, the
SFR curve derived from the dead leaves target shows a significant
texture loss introduced by the denoiser. Increasing the number of
samples per pixel reduces the texture loss but requires way more
samples than for the slanted edge SFR.

So far, we only investigated the NVIDIA OptiX denoiser,
since it is a popular choice for real-time simulations. Other de-
noisers like OpenImageDenoise [1] could be explored and com-
pared to the NVIDIA OptiX denoiser.

Using a denoiser seems like a promising solution to achieve
real-time simulations or reduce the computational effort required
to generate large datasets using offline rendering. The purpose of
many simulations in the context of autonomous driving is to study
the detection rate of computer vision algorithms. A denoiser can
only be implemented into those kinds of simulations if it does
not change the results, i.e. does not affect the computer vision
algorithm. So far, we have not touched this area of research.
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