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We propose a dynamic restoration model and reformulate the proposed model
with a robust M-estimator as regularization term while using a 𝐿2 based data
term. Two terms are balanced by γ.

ABSTRACT
The guidance of color images greatly improves the restoration accuracy
of the depth map. However, due to the incomplete texture structure
consistency between the color image and the depth map, and the
limitations of 𝐿2 based model, static guidance tends to cause texture
copy artifacts and blurring depth discontinuities, which seriously
deteriorates the quality of results. To tackle those problems, we propose
a dynamic guidance model which can adaptively adjustment itself and
continuously optimize in iteration.The proposed method can
significantly alleviate the negative impact of the incomplete consistency
and makes full use of the guidance information to restore fine texture at
the same time. Moreover, a novel edge correction mechanism is
designed to filter out incorrect depth information around boundaries,
ensuring the correction of edges. Experiment results demonstrate that
the proposed method can make best performance.

(3)
The input 𝐷0 is the initial depth map derived from bicubic interpolation based
on the captured distorted depth map 𝐷𝐿 . 𝐶 is edge pixel confidence matrix. The
penalty function Φ(𝑥) used in our regularization term is formulated as:
（4）
The advantages of applying this penalty function is twofold. First, Φ(𝑥) has an
attribute, i.e. lim Φ(𝑥)′ = 0 , which means Φ(𝑥) is a M-estimator and it has been
𝑥→∞

proved that M-estimator is robust and preserves edges well. Second, it
suddenly saturates, making it to be an approximation of 𝐿0 .

Fig.4. Demonstration of the effectiveness of edge correction mechanism . From left to right
respectively: Color ,roundtruth and the rest are residual maps of: AR ,RGDR ,our result
without edge correction mechanism and our result with edge correction mechanism.

RESULT
In order to comprehensively evaluate the effectiveness of the proposed
method, we conducted detailed comparative experiments on the simulated
ToF database, the simulated kinect database and the real database ToFMark.
The proposed method is compared with several state-of-art methods.

Quantitative comparison on noisy simulated ToF dataset.results are measured in MAE

CONVENTIONAL MODEL
For the purpose of obtaining high quality depth maps, many effective
methods have been proposed. Considering that color images and depth
maps are different representations of the same scenes, many colorguided depth restoration methods have been proposed. AR model is
one of the typical representatives.
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These methods apply depth information and the consistency between
color images and depth maps, they can alleviate texture copy artifacts
and blurring depth discontinuities partly by introducing depth
information into the guidance weight model. But they still use static
guidance which has limited ability. What’s more, those methods are
based on 𝐿2 . 𝐿2 based data term is suitable for suppressing Gaussian
noise. But 𝐿2 based regularization term is proved to be unstable to
outliers. The restoration results are also unsatisfactory when the
upsampling factor is large(e.g.,8×) or large holes exist in the captured
depth maps.

THE DYNAMIC GUIDANCE MODEL

Fig.2
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Fig.2 shows curves of 𝐿2 penalty function and ours. Our penalty function can
saturate quickly, keeping sharp edges. Besides, introducing a proper weight
model can alleviate texture copy artifacts and blurring depth discontinuities.
Static guidance can’t reflect intrinsic connection between color images and
depth maps. In this work, we adaptively construct weight according to the local
smoothness of depth maps and update it dynamically. Our local smoothness
measurement method is defined as:
(5)
where 𝜍𝑖 indicates the smoothness of point 𝑖.
the local average of the initial
depth map 𝐷0 . Based on the proposed local depth smoothness model, our
weight model is adaptively constructed. In smooth region:
𝐷𝑠

Quantitative comparison on simulated kinect dataset (left)and ToFMark (right).

(6)
while in edge area:
(7)

𝑤 𝑠 , 𝑤 𝑏 , 𝑤 𝑝 and 𝑤 𝑑 measure the similarity relationship from four dimensions:
space, color, local structure, and depth. Experiments are performed to prove the
effectiveness of the adaptive weight model and results are shown in Fig.3.

Fig.6. restoration results of Kinect-like depth image and ToFMark dataset

Fig.3 color

traditional weight

Visual comparison proves that our method can alleviate texture copy
artifacts and blurring depth discontinuities effectively. Quantitative results
show that the proposed method restores high quality depth map with the
lowest mean absolute error.

Ours

Because the initial depth map 𝐷0 is derived from bicubic interpolation, making
𝐷0 unreliable in edge region. In order to preserve sharp edges, we further
propose an edge correction mechanism. It consist of two criteria. The first is the
differences between the current depth and the maximum, minimum depth
around it, which are calculated as following:
(8)

Fig.1 Basic thinking map

Fig.5. 8× upsampling results of ToF-like depth image

In the edge region, if |Δ𝑙𝑖 𝐷 − Δℎ𝑖 𝐷| is small, the confidence of 𝑖 will be set to 0. For
the rest points q around edge, the second criteria is applied. If absolute
difference Δ𝐷𝑞 between the largest and smallest depth in the neighborhood of
q is greater than a particular threshold θ, the confidence of point q is set to κ.

CONCLUSION
A novel model that can handle different kinds of depth map degradation is
proposed. This model employs a robust penalty function, constructs weight
dynamically and uses a novel edge correction mechanism. The proposed
weight model subtly introduces depth information and dynamically updates
the model, allowing depth plays full role in alleviating texture copy artifacts
and blurring depth discontinuities. Meanwhile, this model eliminates the
negative effects of noise in depth map. Moreover, the proposed edge
correction mechanism can remove error depth information from edge
regions, preserving sharp edges well. All experiment results demonstrate
that the proposed method can make best performance

