Spatio-temporal algorithm for 3D sequences noise reduction
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In the past decade we are witnessing a rapid advance of cameras capa-
ble to simultaneously capture 3D information and color textures. Despite
this progress the quality of the captured image/3D sequence is not suf-
ficient to perform a complete textured 3D reconstruction of objects and
large scenes at desired level of quality. One of the main reasons for this
are different types of noise inherent to current depth sensors, their low
spatial resolution and often poor image quality of color cameras used. In
this paper we aim at simultaneous reduction of noise present in 3D mea-
surements and color texture.

The proposed method operates on multiple frames in order to exploit
spatio-temporal redundancy in both modalities. Moreover, we propose
the use of color information to search for correspondences in previous
frames used for temporal noise reduction. The first step in the proposed
method is a dense motion estimation using the DeepFlow algorithm [3],
where the algorithm extracts the most similar regions to the current one,
from a buffer containing previous frames. Noise estimates are utilized
to calculate reliabilities of the motion estimates and interpolation/filtering
weights inside the temporal filtering module. Residual noise and interpo-
lation artefacts are filtered inside the spatial filtering module.

Motion estimation has a crucial importance for temporal denoising.
Accurate motion estimation enables filtering noisy pixels using their cor-
respondences from previous frames. In the case of inaccurate motion es-
timation, temporal denoising produces motion blur artefacts around the
edges of moving objects. To avoid this, motion estimation algorithm
should be able to track large motions, since the artefacts most often occur
in such situations. Another important factor is providing a dense motion
estimates instead of block-wise motion vectors, since such motion field
enables more precision and avoids block artefacts.

This algorithm relies on SIFT descriptors to find the best matching
regions in previous frames. In order to increase robustness and handle
large motions, the algorithm operates on multiresolution pyramids. Un-
like most optical flow algorithms, DeepFlow operates from a fine level,
and proceeds towards coarser levels, built by aggregating responses of
smaller patches. The second component of the DeepFlow algorithm is
variational optical flow, which relies on the deep matching framework.
Additionally, the data term from deep matching is normalized to reduce
the influence of regions with high values of spatial derivatives. Weights
at different scales are different in order to reduce the influence of match-
ing terms at finer scales. Finally optical flow optimizes the following cost
function:
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where Ep is the data term, Eg smoothness term and Ej; a matching term.

In order to perform joint motion estimation of depth and color we
have replaced the blue channel with normalized depth values. An exam-
ple of optical flow calculated on an "Orbit" sequence is shown in Figure
1b. Based on the estimated motion vectors we first perform motion com-
pensated temporal filtering of color and depth. The proposed temporal
filtering is performed on all noisy pixels §€ (k,¢) as follows:

T+Yy
SH= Y Y alns(h), 2
t=T—% heH
where ig (k) is the temporally filtered version of depth and color at the lo-

cation k of the current frame. Furthermore sC (/) contains values from the

frame F; at the location 4. The amount of filtering is controlled through
the weighting factors o(¢,h) which depend on reliability of the motion
estimation.

After temporal filtering, a certain amount of noise remains in the
depth sequence. To remove it we rely on the method from [2]. This

method starts from the assumption that image priors must not necessary
be learned from data, and that a large portion of image statistics can be
deduced from the structure of ConvNets generator. This algorithm relies
on untrained ConvNets and fits a generator network to a single degraded
image. Random initialized network weights are then fitted to a degraded
image, conform to a task dependent observation model. This way the only
information needed to perform restoration task is a degraded image and
the structure of the network for the reconstruction. The network used in
this method follows encoder-decoder architecture, with a small number of
hyper parameters. LeakyReLU is used as a non-linear function.

We evaluate the proposed method using objective quality measures,
by testing the performance using a well known “Interview” and “Orbit”
sequence as a groundtruth. This sequence, acquired using a camera pre-
sented in [1], is often using in literature for benchmarking of various depth
restoration, view interpolation and depth compression methods.

In the first experiment we have added artificial signal dependent noise,
in accordance with the sensor characteristics as shown in Figure 1c. For
an “Interview” sequence the average PSNR of was 20.47dB before the
restoration. After denoising using the proposed method, PSNR averaged
over the whole sequence was 30.41dB which is significantly improved
compared to the noisy sequence. In the case of “Orbit” sequence, the
PSNR was 20.1dB and 31.41dB after the restoration.

Figure 1: (a) Texture image associated to the scene (b) Estimated motion
vectors (¢) Noisy depth map (d) Denoised depth map
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