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DFC LD SBF

36 spp (55s) 32 spp (67s)

MSE Full: 283E-3 MSE Full: 43.3E-3

MSE Inset: 319E-3 MSE Inset: 71.8E-3

DFC REFERENCE

32 spp (57s) 64’000 spp

MSE Full: 28.4E-3

MSE Inset: 39.0E-3

Figure 8.10: Renderings of the “sanmiguel” scene, comparing our
approach (DFC) to path tracing with low-discrepancy (LD) and the
SURE-based approach by Li et al. [LWC12] (SBF). Images are ren-
dered at a resolution of 1024 × 1024 using PBRT at roughly equal
render time. Under each image, we give the number of samples per
pixel (spp), rendering time in seconds, and MSE. We provide consis-
tently better MSE values, which we attribute to three main factors:
the consideration of the color buffer to construct the final filter, the
use of visibility features, and the improved handling of noisy features.
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DFC LD SBF

25 spp (24s) 16 spp (34s)

MSE Full: 59.0E-3 MSE Full: 2.07E-3

MSE Inset: 51.0E-3 MSE Inset: 4.37E-3

DFC REFERENCE

16 spp (25s) 32’000 spp

MSE Full: 1.32E-3

MSE Inset: 3.02E-3

Figure 8.11: Renderings of the “sibenik” scene, comparing our ap-
proach (DFC) to path tracing with low-discrepancy (LD) and the
SURE-based approach by Li et al. [LWC12] (SBF). Images are ren-
dered at a resolution of 1024 × 1024 using PBRT at roughly equal
render time. Under each image, we give the number of samples per
pixel (spp), rendering time in seconds, and MSE. We provide consis-
tently better MSE values, which we attribute to three main factors:
the consideration of the color buffer to construct the final filter, the
use of visibility features, and the improved handling of noisy features.



8.8. CONCLUSIONS 179

DFC LD SBF

33 spp (19s) 16 spp (29s)

MSE Full: 179E-3 MSE Full: 89.2E-3

MSE Inset: 148E-3 MSE Inset: 105E-3

DFC REFERENCE

16 spp (19s) 4’000 spp

MSE Full: 64.0E-3

MSE Inset: 50.1E-3

Figure 8.12: Renderings of the “teapot-metal” scene, comparing our
approach (DFC) to path tracing with low-discrepancy (LD) and the
SURE-based approach by Li et al. [LWC12] (SBF). Images are ren-
dered at a resolution of 1024 × 1024 using PBRT at roughly equal
render time. Under each image, we give the number of samples per
pixel (spp), rendering time in seconds, and MSE. We provide consis-
tently better MSE values, which we attribute to three main factors:
the consideration of the color buffer to construct the final filter, the
use of visibility features, and the improved handling of noisy features.
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DFC LD SBF

51 spp (62s) 32 spp (58s)

MSE Full: 46.0E-3 MSE Full: 2.35E-3

MSE Inset: 138E-3 MSE Inset: 3.44E-3

DFC REFERENCE

32 spp (59s) 32’000 spp

MSE Full: 1.56E-3

MSE Inset: 1.72E-3

Figure 8.13: Renderings of the “dragonfog” scene, comparing our
approach (DFC) to path tracing with low-discrepancy (LD) and the
SURE-based approach by Li et al. [LWC12] (SBF). Images are ren-
dered at a resolution of 1024 × 1024 using PBRT at roughly equal
render time. Under each image, we give the number of samples per
pixel (spp), rendering time in seconds, and MSE. We provide consis-
tently better MSE values, which we attribute to three main factors:
the consideration of the color buffer to construct the final filter, the
use of visibility features, and the improved handling of noisy features.



Chapter 9

Conclusion

To conclude, we will reflect back on the initial problement of this the-
sis, and evaluate its main results in this light. We will then summarize
the main avenues for further research.

In Chapter 1, when presenting our problem statement, we men-
tionned that we wanted to tackle the high computational cost of
MCPT, while preserving its physically based nature, its ability at han-
dling a wide array of light transport effects, and its consistency. Essen-
tially, we wanted to preserve all appealing characteristics of MCPT,
save for its unbiasedness.

Let us start by looking at the overall goal, lowering the compu-
tational cost of MCPT. While our focus was not on realtime, or even
interactive, rendering, we still designed our framework to have a mod-
est overhead. This lead to a framework operating in image space, and
operating on pixels, rather than individual samples. This choice had
the direct result of indeed offering a light computational overhead.
For instance, the filtering step of our GEM algorithm would take a
fraction of second once implemented on a GPU, and the filtering step
of our DFC algorithm takes 5 seconds, which is negligeable for offline
rendering. Our adaptive framework design also has the advantage of
having a low memory overhead, which allow us to apply our filtering
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techniques as a post-process, since we can easily store all data on
the disk. In contrast, methods that operate directly on sample values
scale badly to high sampling rates and are generally more intrusive to
the rendering process. Lastly, the overhead of our framework depends
only on the rendering resolution and filter window size, but not on
the scene complexity.

Let us now look at the attributes of MCPT we wanted to preserve.
First, MCPT’s physically based nature is simply not affected by our
adaptive framework, which is orthogonal to the rendering itself. Sec-
ond, MCPT’s ability at handling a wide variety of light transport effects
is preserved thanks to the statistical nature of our approach. In our
framework, each path contribution is considered as a generic sample,
independently of how it was generated. The use of scene information
in our DFC algorithm breaks somewhat this convention, but the var-
ious feature buffers are still handled in a uniform way, and the only
feature specific aspect comes in the extraction of the feature itself.
Third, MCPT’s consistency is preserved by having the aggressiveness
of the filtering step of our framework proportional to the variance
in the rendering. As the sampling rate goes to infinity, the variance
vanishes and our filter behaves as the identity transform, leaving the
rendering untouched, which ensures the consistency of the overall
approach.

While we did meet our initial goal, doing so constrained our frame-
work design, which lead to some notable shortcomings in practice.
The image space nature of our algorithm prevents us from leveraging
high dimensional shearing patterns, such as those generated by mo-
tion blur. Similarly, operating on pixels instead of samples, prevents
us from adapting our filtering step to conflicting constrains. Consider
for instance the case of a focused scene observed through an out of
focus fence. Ideally, we would want to filter heavily the out of focus
fence, while using a much more conservative filter for the focused
scene behind, but this is not possible in our current design. Lastly, our
framework efficiency is highly dependant on the quality of the statis-
tics gathered, in particular the per pixel variance of the rendering.
This makes our framework ill suited at low sampling rates, where es-
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timates of statistics such as variance are very unreliable. Lastly, some
important perceptual cues, such as secondary shadows due to indirect
illumination, often have a relatively small magnitude, which is easily
drowned by noise and therefore harder to preserve.

Despite these shortcomings, our adaptive framework, in partic-
ular the DFC algorithm, is remarkably robust and efficient. Image
space adaptive rendering has been surprisingly neglected for a long
time, but saw a largely increased interest over the last five years. We
found such techniques, and our own DFC algorithm in particular, to
be particularly efficient and worthy of further investigation. We be-
lieve these techniques will greatly facilitate the deployment of MCPT
and its derivatives in production environments, and be a key enabler
of these techniques in interactive or realtime scenarios. For future
work, we believe our adaptive framework could be extended to op-
erate in an augmented space, where data is not processed in image
space, nor directly in the sampling space, but in an alternative space
that allows a better segmentation of data while still using a relatively
low dimensionality to keep the computational overhead in control.
We would also be interested in experimenting with state of the art
image space filters that recently came out of the image processing
community. Lastly, we believe that focus should be given to produc-
ing a new framework tailored specifically for video sequences, which
could efficiently leverage the formidable data redundancy inherent in
video.
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