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a b s t r a c t
Conventional mesh denoising methods suﬀer from confusing sharp edges with smooth ones, especially for meshes
with large noise. Although many recent methods try to make pre-processing, they still lack robustness near feature
edges. To address this issue, we propose a new, feature-convinced mesh denoising method. Instead of identifying
feature vertices or feature faces, we recognize feature edges in an evolutional manner. To reduce the impact of
large noise, we reﬁne a copy of the noisy mesh with Laplacian smoothing and then denoise it with anisotropic
ﬁltering. Feature edges and candidate feature lines are formed on the reﬁned mesh. A feature saliency measure is
deﬁned to reset feature. The reliable feature information is mapped to the original noisy mesh and feature-aware
neighborhoods are constructed to estimate guided normals. Both tangential and normal noise are attenuated
simultaneously. Noise level is estimated beforehand according to two statistics and most parameters are set
automatically.

1. Introduction
The past two decades have witnessed great progress on mesh denoising, ranging from isotropic smoothing to anisotropic ﬁltering, from direct mesh denoising to normal ﬁltering plus vertex updating, and from
local iteration to global optimization. Early Laplacian-based methods
can smooth noise quickly and produce ideal mesh quality. Although additional centroid constraints help to settle the shrinkage problem, Laplacian operator itself cannot avoid feature blurring due to its isotropic
nature. In this case, almost all recent related works aim at featurepreserving mesh denoising. Besides anisotropic ﬁltering, some methods
adopt other strategies to preserve feature, such as sparse optimization,
variation minimization. However, it is not easy to distinguish feature
from noise robustly since both of them are recognized as high-frequency
information from the angle of signal processing.
As the ﬁrst-order geometric property, normals are more sensitive to
noise than positions though, there is more prior knowledge about normals than positions in a mesh, such as the sparsity of large diﬀerence
between normals of neighboring faces. As shown from the example of
Fig. 5 in [38], once accurate normals are available, ideal denoising result even for meshes with large noise can be obtained. Unfortunately,
it is not easy to get reliable normals. Thus many methods decompose
the mesh denoising problem into two steps: normals reﬁning and vertices updating. Zhang et al. [38] improved robustness of ﬁltered normals

∗

with the help of guided normals, but there are still some wrongly ﬁltered
facet normals near feature. [1,6,25,30] classiﬁed vertices directly on the
noisy meshes. Wang et al. [25] identiﬁed feature faces by a sharpness indicator. Wei et al. [29] classiﬁed vertices via multi-scale normal tensor
voting ﬁrst, and then took the mean of projections onto the ﬁtting surface as the denoised point. In fact, noise alleviation and feature preservation are a pair of contradictions. It is hard to recognize feature directly
from the noisy meshes. To improve reliability of the recognized feature,
Lu et al. [16] conducted feature preserving pre-ﬁltering before normals
denoising and vertices classiﬁcation. Since existing feature recognition
methods are based on the local geometric properties of the noisy mesh,
they are sensitive to the noise level-the ratio of standard deviation of
the noise stochastic variable to the mean edge length.
In this paper, we propose a more robust Feature-Convinced Mesh
Denoising (FCMD) algorithm. Instead of detecting feature vertices or
feature faces, we recognize feature edges on a copy of the noisy mesh,
which needs to be preprocessed as well. Since conventional feature
curve recognition methods only bear moderate level of noise, we propose a new feature edges detection approach. Our approach is based
on the observation that meshes near sharp feature remain large curvature after minor denoising steps and many anisotropic meshes denoising
methods can recover or even enhance sharp feature with well-chosen
parameters. We alleviate the impact of large noise by pre-ﬁltering ﬁrst
and then recover sharp feature via anisotropic denoising. Feature edges
are arranged to form feature lines and edge ﬂags are adjusted according
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to the geometric prior knowledge: feature lines are generally piecewise
smooth and false feature edges may cause heavily distorted neighboring
faces. To set parameters automatically, we estimate noise level based on
some statistics. We map feature ﬂags to the noisy meshes and conduct
mesh denoising with the aid of reliable normals. The contributions of
this paper are summarized as follows:

Shen et al. [18] distinguished feature and non-feature regions simply
by an angle threshold. Wang et al. [25] identiﬁed feature faces by a
sharpness indicator. Wei et al. [29] leveraged multi-scale normal tensor
voting for vertex classiﬁcation. Lu et al. [16] employed a tensor voting
technique on the preprocessed meshes to classify vertices based on the
ﬁltered facet normals. To improve robustness of vertices classiﬁcation,
Lu et al. [15] detected feature on the preprocessed mesh. Wang et al.
[28] recovered feature from the residual vector between the input data
and the last estimation in a progressive manner. Li et al. [11] recognized feature vertices in an evolutional manner: reset feature ﬂags in
each iteration. All these methods suﬀer from low accuracy of feature
recognition, especially in the presence of large noise.
There are also many papers specialized in feature lines detection. Demarsina et al. [4] recognized closed sharp edges in point clouds by constructing a graph structure. Vidal and Wolf [32] detected crest lines on
2-manifold triangular meshes with globally consistent feature extraction
technique. Kolomenkin et al. [10] proposed a multi-scale feature curve
detection technology. Liu et al. [12] recognized feature curves by extracting and organizing salient points on section lines along a guide line.
All these methods cannot recognize feature edges robustly for meshes
with large noise level.

• It alternates between feature recognition and mesh ﬁltering on distinct copies of the noisy mesh. The robustness of denoising can be
improved greatly with reliable feature labelling.
• It proposes a feature saliency measure, which is based on both local
and global geometric prior knowledge about feature edges.
• It provides a stable noise level estimation method by linearly interpolating some statistics and most parameters can be set automatically.
2. Related work
This section mainly focuses on the recent progress about mesh denoising that are of close relation to our work. A thorough review is out
of the scope of this paper.
Isotropic mesh denoising. Early methods on mesh denoising are
mostly Laplacian-related. They smooth all high-frequency information
from aesthetic or visual aspect. Since the Laplacian of a vertex is a simple convex combination of its 1-ring neighboring vertices, it is very efﬁcient for noise removing. Taubin [23] improved conventional Laplacian ﬁlter to produce a low-pass ﬁlter eﬀect. Their method prevents
shrinkage and is of only linear time and space complexity. Later on,
[5,13,14,17,24] took diﬀerent measures to restrain contraction while
smoothing, such as rescaling meshes, drawing back vertices, imposing
energy and barycenter constraints, etc. However, Laplacian smoothing
may feature blurring problem for its isotropic nature.
Anisotropic mesh denoising. [7,9,19] conducted bilateral ﬁltering
directly on mesh vertices. Then a lot of two-step denoising methods
emerged, such as [18,20,33,34]. They ﬁltered normals ﬁrst and then
updated vertices. Yagou and co-workers [33,34] used mean, median,
and alpha-trimming ﬁlters for normal reﬁning. Shen et al. [18] took
advantage of a fuzzy vector median ﬁlter to compute normals of nonfeature vertices. Chen and Cheng [3] employed a sharpness-dependent
weighting function to determine the facet normal. Sun et al. [21] used a
random walks model to ﬁlter the facet normals. Zheng et al. [37] carried
out bilateral ﬁltering on facet normals. Wang et al. [26] simply took as
guidance the ﬁltered normals of the last iteration. Zhang et al. [38] used
guided normals to improve reliability of the ﬁltered normals. These
anisotropic normal ﬁltering methods all try to preserve sharp feature.
He and Schaefer [8] deﬁned an edge diﬀerential operator and imposed
sparsity constraint by minimizing an L0 norm. Wang et al. [28] ﬁrst
constructed a C2 base mesh and then decomposed feature and noise
progressively on residuals via L1 -analysis compressed sensing. Zhang
et al. [35] looked on facet normals as a piecewise constant function on
meshes and construct an optimization model that minimizes Total Variation (TV) of the ﬁrst order information. Inspired by ROF, Wu et al.
[31] proposed a novel variational model with L1 ﬁdelity constraint.
Centin and Signoroni [2] denoised mesh through a normal-diﬀusion process guided by a curvature saliency map, and both geometric and metric
ﬁdelity were considered. The method of Zhang et al. [36] can boost or
attenuate feature at diﬀerent scales by combining both static and dynamic guidances in joint bilateral ﬁlter. Wang et al. [27] inferred the
normal of a noisy mesh with cascaded non-linear regression functions
learned by neural networks.
Feature recognition and mesh denoising. The most challenging
problem in meshes denoising is to preserve sharp feature while wiping
out noise. Fan et al. [6] classiﬁed vertices using a density-based clustering algorithm via shared nearest neighbor, while the method of Bian
and Tong [1] was based on the integral invariant values of the mesh.
Wei et al. [30] categorized vertices with normal tensor voting method
ﬁrst, and then rectiﬁed the categorization by adjacent faces clustering.

3. Overview
Our method consists of four main steps: smoothing the replica of the
noisy meshes, ﬁltering the reﬁned meshes, resetting feature edges iteratively with a feature saliency measure and denoising the original noisy
meshes with the convinced feature ﬂags. The pipeline of the algorithm
is illustrated in Fig. 1. To reduce the impact of large noise (the ﬁrst
column), we ﬁrst reﬁne the duplicated noisy meshes via 1–2 rounds
of Laplacian smoothing. Although both sharp feature and large noise
are smoothed out indiscriminately, points near feature edges remain
large curvature (the second column). Then the reﬁned meshes are denoised via anisotropic ﬁltering and most feature edges are recovered
(the third column). To get reliable feature estimation, we further revise the edge ﬂags of the denoised mesh (the fourth column) based on a
feature saliency measure. The convinced feature information is mapped
back to the original noisy mesh and feature-aware neighborhoods (the
ﬁfth column) are constructed to estimate guided normals. Finally, we
can get ideal denoising meshes with smooth feature lines and better
mesh tessellation (the sixth column).
To set model parameters automatically, we further estimate the noise
level of the input mesh based on two statistics. Experiments demonstrate
the performance and reliability of our new approach with only three
parameters set by users.
4. Feature convinced mesh denoising
Since none of the existing mesh denoising methods decouple feature
and noise absolutely, we iteratively revise feature ﬂags to improve accuracy. Instead of recognizing feature and removing noise on the same
mesh, we conduct these operations independently on diﬀerent copies of
the noisy mesh.
4.1. Initial reﬁnement
As many previous works did, we reﬁne the noisy meshes to alleviate
the impact of large noise before feature recognition. Because our feature
recognition process is conducted on diﬀerent replicas of the noisy mesh,
we adopt isotropic Laplacian smoothing without worrying about the volume contraction problem. Although at the expense of feature blurring,
Laplacian ﬁlter eliminates noise eﬀectively. The blurred feature will be
recovered in the next anisotropic ﬁltering step and feature correction
step. The Laplacian smoothing of a vertex vi is
𝐯′𝑖 = 𝐯𝑖 + 𝛾𝐿(𝐯𝑖 ),
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Fig. 1. Pipeline of the proposed method. In the right two sub-ﬁgures, the cyan and blue facets are neighboring facets of a facet (in green) with one and two feature
edges respectively. The purple facets are the 1-ring neighborhood of a non-feature facet. (For interpretation of the references to colour in this ﬁgure legend, the
reader is referred to the web version of this article.)

Fig. 2. Denoising results of the reﬁned mesh. (a) is the noisy mesh with Gaussian noise added in normal direction. The noise level is 0.4. (c)-(f) are the denoising
results of the reﬁned mesh (b) with L0M (𝜇𝛽 = 1.414, 𝛽 = 0.001, 𝛽max = 1000, 𝜇𝛼 = 0.5, 𝛼 = 0.1𝑙𝑒 , 𝜆 = 0.2𝑙𝑒2 𝛾̄ ), NFPF(𝜎𝑓 = 𝑙𝑒 , 𝜎𝑔 = 𝑙𝑒 ), FED (𝑇 = 0.8, 𝑛1 = 8, 𝑛2 = 15), LBNF
(𝜎𝑠 = 0.3, 𝑛1 = 8, 𝑛2 = 15) and GNF (𝜎𝑟 = 0.3, 𝑛1 = 8, 𝑛2 = 15) respectively. In the rest of this paper, le always means the mean edge length. For the meaning of the other
parameters, please refer to the corresponding papers.

with the Laplacian operator
∑
𝐿(𝐯𝑖 ) =
𝑤𝑖𝑗 (𝐯𝑗 − 𝐯𝑖 ),

ture edges well and are much more eﬃcient than global methods. Since
the purpose of this step is to recover sharp edges and large noise has
been removed during the preprocessing step, we choose the most eﬃcient FED method.

(2)

𝑗∈𝑖∗

where i∗ is the indices set of all 1-ring neighboring vertices of vi and wij
are non-negative weights. As the noise of many real meshes distributes
both in normal and tangential directions, we use the umbrella operator,
i.e., 𝑤𝑖𝑗 = 1∕|𝑖∗ |. 𝛾 is a factor that balances the eﬀect of data ﬁdelity and
noise removal.
For fear of losing shallow feature, we usually set the smoothing times
ns small. As shown in the second column of Fig. 1, despite missing much
sharp feature after smoothing, noise decreases signiﬁcantly as well and
curvature near sharp feature remains large.

4.3. Feature edges relabelling
Although the reﬁned mesh is denoised with most feature preserved,
there are still some true feature being omitted while some false feature being wrongly marked. To recognize all feature accurately, we revise edge ﬂags on the basis of geometric prior knowledge about feature
edges.
Initial construction of feature lines. One important observation
is that feature edges form piecewise smooth feature lines, especially for
CAD models. We use this prior knowledge to guide our feature correction
process. Deﬁne a label for each feature edge to record the identiﬁer
of the feature line it belongs to. The label of a non-feature edge is set
to -1. We mark feature edges of the denoised meshes by virtue of the
dihedral angles of their neighboring facets. Let 𝜃 e be the dihedral angle
of neighboring facets of an edge 𝐞, the we label 𝐞 as a candidate feature
edge if 𝜃𝐞 < arccos(𝑇 ) for a parameter T. Then we form candidate feature
lines by connecting adjacent feature edges whose angle is larger than a
threshold 𝜏 a . If a feature edge to be added is an end edge of another
candidate feature line, the new candidate feature line should be merged
into the existing one. Otherwise, if a feature edge is an inner edge of
an existing candidate feature line, as shown in Fig. 3, then we split the
existing candidate feature line at the branch point ﬁrst and compare
the two “parallel” lines to determine which segment to be clipped. We
deﬁne a feature saliency measure for each candidate feature line 

4.2. Feature enhanced denoising of reﬁned mesh
With the observation that dihedral angles of sharp edges remain
large after a few Laplacian smoothing and many anisotropic mesh denoising methods can preserve or even enhance feature edges with welldesigned parameters, we recover feature edges of the reﬁned meshes
by feature preserved mesh denoising methods. Although optimization
based denoising approaches come from global consideration, they are
less eﬃcient than local, iterative methods. More importantly, they tend
to produce unnatural, ﬂat artifacts and miss some feature of low level.
Fig. 2 compares ﬁve popular anisotropic mesh denoising methods: L0
minimization method (L0M) of He and Schaefer [8], Non-iterative Feature Preserving Filtering method (NFPF) of Jones et al. [9], Fast and
Eﬃcient Denoising method (FED) of Sun et al. [20], the local scheme of
Bilateral Normal Filtering (LBNF) of Zheng et al. [37] and Guided Normal Filtering (GNF) of Zhang et al. [38]. NFPF cannot preserve sharp
feature faithfully in spite of its high eﬃciency. L0M recovers sharp feature of piecewise ﬂat surfaces well, but it tends to produce false feature
near shallow feature and curved smooth regions. Besides, L0M is computationally expensive for solving a large, global linear system. Iterative
denoising methods, such as FED, LBNF and GNF, can recover most fea-

𝑀() = 𝐷() ⋅ 𝐼().

(3)

where 𝐷() is the accumulated normal diﬀerences between neighboring
facets of all edges in :
∑
𝐷() =
|𝐧𝐞𝑙 − 𝐧𝐞𝑟 |,
(4)
𝐞∈
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Fig. 3. Sketch map of clipping branches of candidate feature lines.

Fig. 4. Feature edges correction according to cross area ratio of neighboring facets. (For interpretation of the references to colour in this ﬁgure legend, the reader
is referred to the web version of this article.)

with 𝐧𝐞𝑙 and 𝐧𝐞𝑟 the unit normals of the left and right neighboring facets
of e respectively. Thus 𝐷() prefers feature lines with larger dihedral
angle and more feature edges. 𝐼() is the average inner product of the
direction vectors of all adjacent feature edges in :
𝐼() =

|
|−1
∑
1
𝐞 ⋅𝐞 ,
|| − 1 𝑖=1 𝑖 𝑖+1

(5)

where || is the number of edges in  and 𝐞𝑖 ∈  is the unit direction
vector of the 𝑖_𝑡ℎ ordered edge in . For two candidate feature lines, we
choose the one with larger 𝑀() as a true feature line.
Reset feature edges of large cross facet area ratio. Although most
recognized feature edges are true, there are still some false ones in the
initial feature lines. To handle this issue, we leverage area ratio between
neighboring facets to ﬁnd out false feature edges based on another key
observation: facets adjacent to false feature edges tend to form unnatural
slim triangles. Considering the impact of original facet areas, we deﬁne
cross facet area ratio to measure the conﬁdence of a feature edge:
𝑟𝐞 =

𝐴𝑟𝑒𝑎(𝐞𝑙 )∕𝐴𝑟𝑒𝑎(𝐞𝑟 )
𝐴𝑟𝑒𝑎(𝐞′ )∕𝐴𝑟𝑒𝑎(𝐞′𝑟 )

,

Fig. 5. Feature lines extension. (For interpretation of the references to colour
in this ﬁgure legend, the reader is referred to the web version of this article.)

(6)

𝑙

where 𝐴𝑟𝑒𝑎( ) is the area of the triangle  , 𝐞𝑙 (𝐞𝑟 ) is the left (right)
neighboring triangle of 𝐞, and e and e′ are the associated initial feature
edges of the denoised mesh and the reﬁned noisy mesh.
For an initial feature edge e, if re > rt or re < 1.0/rt for some threshold
rt , we choose the neighboring non-feature edge with the most similar
direction to e as a candidate feature edge. Then we proceed from the
candidate feature edge towards the feature line. If the number of reset
feature edges is less than 4, we cancel the feature ﬂags of all spanned
feature edges and label the spanned non-feature edges as feature. Fig. 4
shows an example of feature correction. Note the two edges in the blue
ellipse in each sub-ﬁgure. The two false feature edges with obviously
large cross ratio of facet area in (a) are reset, which can be seen in (b).
The triangulation of the denoised mesh (c) with convinced feature is
similar with that of the ground-truth mesh (d).
Feature lines extension. Due to the impact of isotropic Laplacian
smoothing in the preprocessing step, it is possible to smooth out some
shallow feature edges, no matter how carefully we set parameters in
the feature-preserving anisotropic mesh denoising process. We introduce a feature line extension step to recover the smoothed shallow feature edges. For each feature line with a dart end (a point with just one
incident feature edge), we extend it along the feature edge to cover adjacent non-feature edges that forms an angle with the previous edge
large enough. The extending process stops if at least one of the following conditions satisﬁes: (1) there are no incident edges with an angle
larger than 𝜏 a , or (2) there is at least one incident feature edge at the
new end point, or (3) the number of extended edges reaches a speciﬁed
upper bound NE . Fig. 5 shows the denoised meshes with and without
feature line extension. From the example we see that shallow feature

Fig. 6. Feature lines deletion. (For interpretation of the references to colour in
this ﬁgure legend, the reader is referred to the web version of this article.)

can be recovered in the extension process, which is a diﬃcult problem
for almost all existing denoising methods.
False feature edges removing. Although many false feature edges
are discarded on the basis of cross facet area ratio, it is still possible
for some false feature edges to survive. If false feature edges wrongly
form a pseudo feature line, the pseudo feature line is generally “parallel” and adjacent to a true one. Two lines are said to be neighbors if the
proportion of vertices in one line neighbor to the vertices of the other
line is larger than a threshold, say 0.5 in all our experiments. We ﬁnd
false feature lines by comparing the feature saliency measure with their
neighboring “parallel” feature lines. We take the one with smaller feature saliency measure as a false feature line and remove it. We can also
remove false feature line  if || < 𝑁𝐹 with the cardinality || and a
speciﬁed bound NF . Fig. 6 illustrates an example of deleting a pseudo
feature line parallelling to a true one on the reﬁned mesh.
4.4. Denoising with convinced feature edges
After getting convinced feature edges, we map the feature information back to the original noisy meshes since both meshes have consistent topology. Then we start genuine mesh denoising via joint bilateral
normal ﬁltering. The guided normal of a facet can be estimated by the
area-weighted normals mean of its feature-aware neighbors.
Feature edges guided normal ﬁltering. In order to estimate the
guided facet normals robustly, we set the feature-aware neighborhoods
20
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Fig. 8. 2D illustration of noise along normal direction.

Fig. 7. Diﬀerent neighborhoods for facets with none, one or two feature edges
respectively. The green facet is the interested “central” facet and the red edges
are feature edges. (For interpretation of the references to colour in this ﬁgure
legend, the reader is referred to the web version of this article.)

edges nE , normal iteration times 𝑛′1 for bilateral ﬁltering, the balancing
parameter 𝛽 for vertex updating (Eq. (12) of Li et al. [11]), the threshold
rt of neighboring triangles area ratio and the additional iteration times
nt . Fortunately, many parameters are closely related to the noise level
and we can set them automatically.

Algorithm 1 Construction of feature-aware neighborhood.
Input: Facet f and neighborhood size s;
Output: Feature-aware neighborhood NF (f);
0: Initialize the neighborhood 𝑁𝐹 (𝑓 ) = ∅, facets queue  = ∅;
1: Add f to NF (f) and push f to ;
2: while  is not empty and |NF (f)| < s
3: Pop a facet fi from ;
4: for each non-feature edge of fi do
5:
if the edge-neighboring facet fi, j is not in NF (f) then
6:
Add fi, j to NF (f) and push fi, j to ;
7:
if |𝑁𝐹 (𝑓 )| == 𝑠 then
8:
break;
9: end for
10: end while

5.1. Noise level estimation
It is a typical ill-posed reverse problem to estimate noise level from
a single noisy mesh. Yoon et al. [39] proposed a variational Bayesian
method to estimate noise level, which coupled noise estimation with local surface ﬁtting and optimal model selection. This method is computationally expensive, so we propose another simple method by leveraging
the Mean of Squared Edge Length (MSEL). For a noisy mesh with noise
added to its vertices along normal direction, we have
Proposition 1. Suppose 𝜖 i is the signed magnitude of noise added to a vertex vi and all 𝜖 i are independently and identically distributed (i.i.d.) from
a random variable 𝜖 with expectation 𝐸(𝜖) = 0 and variance 𝐷(𝜖) = 𝑟2 𝑠2 ,
where s2 is the MSEL of the clean mesh and r is the noise level of the noisy
mesh. Let s′2 be the MSEL of the noisy mesh, then we have
√
𝑠′2
1
𝑟≈
− .
(7)
2𝑠2 2

without any inner feature edges, i.e., two facets neighboring to one
common feature edge will not be arranged to the same neighborhood. Fig. 7 demonstrates such neighborhoods of three diﬀerent facets:
facets with none, one or two feature edges. (a) is the conventional
isotropic neighborhood for non-feature edges, (b) and (c) are featureaware anisotropic neighborhoods. Note that the anisotropic neighborhoods are used only in guided normal estimation as done in [11].
Algorithm 1 describes the construction method for the feature-aware
neighborhood.
Vertex updating. The noise of mesh vertices can be decomposed
into two parts: normal and tangential components. Most conventional
methods aim at wiping oﬀ noise in normal direction only, so overlapped
or badly distorted triangles may appear in the denoised meshes. We update vertices with additional tangential Laplacian constraints (Eq. (12)
of [11]) to restrain both kinds of noise.

Proof. Refer to Fig. 8. Let ni , nj be the unit normals at vertices vi , vj
of the clean mesh and 𝑣′𝑖 , 𝑣′𝑗 be the corresponding noisy vertices, then
𝑣′𝑖 = 𝑣𝑖 + 𝜖𝑖 𝑛𝑖 , 𝑣′𝑗 = 𝑣𝑗 + 𝜖𝑗 𝑛𝑗 ,
‖𝑣′𝑖 − 𝑣′𝑗 ‖2 = ‖𝑣𝑖 − 𝑣𝑗 ‖2 + ‖𝜖𝑖 𝑛𝑖 − 𝜖𝑗 𝑛𝑗 ‖2 + 2(𝑣𝑖 − 𝑣𝑗 )𝑇 (𝜖𝑖 𝑛𝑖 − 𝜖𝑗 𝑛𝑗 )
‖2

‖𝑣′𝑖 − 𝑣′𝑗 ‖2 ≈ ‖𝑣𝑖 − 𝑣𝑗 ‖2 + 𝜖𝑖2 + 𝜖𝑗2 − 2𝜖𝑖 𝜖𝑗 .

It is possible that there are still wrongly recovered feature edges in
the denoised mesh, especially when the noise level are high (over 0.25,
say). Optionally, we adjust feature ﬂags iteratively. Taking the denoised
mesh as the reﬁned mesh, we reset candidate feature edges and feature
lines and adjust feature ﬂags with the same strategy as above. The additional iteration times nt is determined at runtime by users.

Taking mean of all edges of the meshes, we get
∑
1
𝑠′2 ≈ 𝑠2 +
(𝜖 2 + 𝜖𝑗2 − 2𝜖𝑖 𝜖𝑗 )
|| (𝑣 ,𝑣 )∈ 𝑖
𝑖

𝜖𝑗2

(8)

2𝜖𝑖 𝜖𝑗 𝑛𝑇𝑖 𝑛𝑗 .

For the second term of the right side, ‖𝜖𝑖 𝑛𝑖 − 𝜖𝑗 𝑛𝑗 = + −
In smooth region of a clean mesh, ni and nj are nearly parallel and perpendicular to the edge vi vj , so 𝑛𝑇𝑖 𝑛𝑗 ≈ 1 and the third term of the right
side of Eq. (8) is approximately zero, thus

4.5. Iterative adjustment of feature ﬂags

𝜖𝑖2

(9)

(10)

𝑗

where  is the edge set of the mesh and || is the cardinality of . From the i.i.d. property of 𝜖 i and 𝜖 j and the sparsity of
1 ∑
2
2
2
2 2
feature edges, we get ||
(𝑣𝑖 ,𝑣𝑗 )∈ (𝜖𝑖 + 𝜖𝑗 ) ≈ 2𝐸(𝜖 ) = 2𝐷(𝜖) = 2𝑟 𝑠 ,
∑
1
(𝑣𝑖 ,𝑣𝑗 )∈ 𝜖𝑖 𝜖𝑗 ≈ 𝐸(𝜖𝑖 𝜖𝑗 ) = 𝐸(𝜖𝑖 )𝐸(𝜖𝑗 ) = 0. Taking the above reasoning
||
into Eq. (10), we get Eq. (7), which completes the proof.
□

5. Noise level estimating and parameters setting
There are many parameters to be determined in our proposed FCMD
algorithm. Some are less sensitive to the denoising results, such as the
balancing parameter 𝛾 in Eq. (1), the standard deviation 𝜎 r , 𝜎 s in bilateral normal ﬁltering, the angle threshold 𝜏 a for neighboring feature
edges, the minimal number of feature edges (nF ), vertex iteration times
n2 and 𝑛′2 for both FED and bilateral ﬁltering and the neighborhood size
s. We get ideal denoising results in all experiments when ﬁxing them
by 𝛾 = 0.6, 𝜎𝑟 = 0.35, 𝜎𝑠 = 𝑙𝑒 , 𝜏𝑎 = 𝑎𝑟𝑐 𝑐 𝑜𝑠(0.9), 𝑛𝐹 = 2,𝑛2 = 𝑛′2 = 12 and 𝑠 =
12.
There are totally eight parameters to be determined further, which
are the initial smoothing times ns , dihedral angle threshold T, normal
iteration times n1 for FED, the maximal number of extended feature

However, to deduce r form Eq. (7), we need s2 , which is unknown
either. We estimate s2 by approximately reﬁning the replica of the
noisy mesh with FED method. The normal iteration times is set to be
̄
𝑓 𝑙𝑜𝑜𝑟( √𝐿 ′ + 0.6), where 𝐿̄ is the mean of Laplacian in each vertex and
𝑠

ﬂoor( · ) extracts√
the integer part of a ﬂoat point. For meshes with relative
large noisy (𝐿∕ 𝑠′ > 0.35, say), the original FED method does not work
well. We took a Laplacian smooth as the iteration. To prevent large contraction, we constrain the deviation of each vertex to be upper bounded
̄
by 2.25 ∗ √𝐿 ′ times MSLE.
𝑠
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et al. [35], L1 -Median Normal Filtering (MNF) of Lu et al. [16] and
Eﬃcient Mesh Denoising method (EMD) of Li et al. [11]. To make our
comparison fair, all methods except TV and MNF are implemented under
the same hardware and software environment, and the parameters are
selected to the best of our eﬀorts. Results with TV and MNF are provided
by the authors. All models are rendered with ﬂat shading mode.
6.1. Parameters selection for the compared methods
To make our comparison tractable, for other methods, we take the
recommended values for the parameters that are of little inﬂuence, and
only consider the parameters sensitive to the denoising results, which
are: nE , 𝛽 and nt of our proposed FCMD, 𝜇𝜎𝑐 -the multiple of 𝜎 c , 𝜎 s , n1 and
n2 of LBNF; 𝜇 d -the multiple of the average distance between neighboring
facets, 𝜇𝜎𝑠 -the multiple of 𝜎 s , 𝜎 r , n1 and n2 of GNF; 𝛼 and r of TV; 𝛼, 𝜎 𝜃 ,
iterations of pre-ﬁltering, 𝜎 𝛾 , n1 , n2 of MNF; 𝜎 r , n1 , 𝜏 a and 𝛽 of EMD.
All these parameters have similar meaning as those in our method. For
complete interpretation, please refer to the corresponding papers.

Fig. 9. Results of noise level estimation.
Table 1
Part parameters setting according to noise
level 𝑙 .
range of 𝑙

ns

T

n1

𝑛′1

𝑙 ≤ 0.10
0.10 < 𝑙 ≤ 0.25
0.25 < 𝑙 ≤ 0.45
𝑙 > 0.45

0
1
2
2

0.75
0.85
0.82
0.78

2
5
9
9

6
10
15
20

6.2. Results and comparison
Denoising meshes with synthetic noise.
Fig. 10 lists the denoising results of ﬁve methods: GNF, EMD, MNF,
TV and our FCMD. The zoomed parts and the color mapping graph
demonstrate that although all methods can preserve most sharp feature, only our method keeps shallow feature well. MNF and TV produce
ﬂipped triangle and there are obvious ﬂatness artifact in the denoised
results of TV.
Fig. 11 compares the denoised results of FCMD with GNF, EMD and
MNF on a mesh with random noise. GNF does not impose constraint on
mesh quality, thus there are many ﬂipped triangle and the feature edge
drift as well. Note that our method preserves concave corner very well.
For meshes with large noise, as shown in the example of Fig. 12, we
can also get obviously better denoising results than the other methods.
Fig. 13 lists many other denoising results of noisy meshes contaminated by Gaussian noise. From these examples we can see the obvious
superiority of our method over the others: our method can better preserve sharp feature and produce less pseudo feature and turbulence, and
the close-up view provides a good evidence.
Denoising real-scanned meshes. Besides synthetic meshes, we
further compare diﬀerent methods on some real-scanned data.
Fig. 14 shows the denoising results of raw meshes. From the enlarged
parts of Gargoyle model we see that our method denoises better in challenging region and there are fewer pseudo feature than other methods.
There is a lot of tangential noise in the Kangaroo model. EMD and FCMD
produce perfect triangulation. However, from the enlarged eye part of
the kangaroo we see that only TV preserve small-scale feature well. This
is a defect of our method and many other iteration methods. In the oil
pump model of the third row, the enlarged view in the upper right two
boxes demonstrate relatively large noise near sharp feature. From the
denoised results we see that LBNF, GNF and MNF cannot preserve the
shallow feature well (the middle box) while there is clear ﬂatness artifact
in the denoised mesh of TV. For the more shallow feature as shown in the
lower box, only TV avoids smoothing out it absolutely. This is another
drawbacks of our new method: we cannot balance between preserving
shallow feature while avoiding pseudo feature.
Quantitative comparisons. To further illustrate the performance
of the proposed method, we compare it quantitatively with the other
methods on the denoising results of synthetic examples. We use the
area weighted normal deviation mean 𝛿 (in radian) of all facets, the
area weighted distance mean Dmean and the maximal distance 𝐷max of
all vertices from the denoised meshes to the ground truth ones, which
were also used by other methods [11,35,37]. The parameters of diﬀerent methods for individual meshes and the running results are all listed
in Table 3. The parameters of these methods are sequentially listed in
Section 6.1. The best performance of each item is highlighted. Clearly,

To demonstrate the accuracy of the proposed method, we pick some
“clean” meshes and add noise in normal direction. For each mesh, we
add Gaussian noise with variance from 0.0 to 0.8 times MSLE of the clean
mesh. The standard variance of noise increase by a step 0.05 and the
mean remains zero. We have tested on many mesh models, and almost
all test errors are less than 0.05. Fig. 9 lists ﬁve examples, where the
horizontal axis and vertical axis are the real and estimated noise level
respectively. We notice that the estimated noise levels are consistent
with their true values.
Remark 1. Our method can be used to estimate noise of all scanning
mesh as long as the noise is i.i.d. in normal direction, though some may
be not Gaussian as evidenced in [22]. However, Eq. (7) does not work
for noise added in random direction.
5.2. Noise-related parameters settling
Given the estimated noise level 𝑙 , we set most of the remaining
parameters by testing on over ﬁfty examples, which includes both CAD
models with sharp feature and complex animation models. The empirical setting of part parameters closely related to noise level are listed in
Table 1.
The threshold of neighboring triangles area ratio rt is closely related
with the mean of the least inner angle cosine (denoted as ma ) of the
facets around the candidate feature edges. If ma > 0.8, then 𝑟𝑡 = 3.8; else
if ma > 0.7, then 𝑟𝑡 = 2.8; else 𝑟𝑡 = 1.8. Thus there are three parameters
to be determined interactively: nE , 𝛽 and nt with default values 3, 0.001
and 0, which are of explicit geometric meaning and can be set intuitively
by users.
6. Experiments and discussion
We have tested our method on a wide range of synthetic and real
data. All meshes are bounded to a unit cube, i.e., 𝑥, 𝑦, 𝑧 ∈ [−0.5, 0.5] for
any point (x, y, z) on the meshes. We contrast our method with some
state-of-the-art mesh denoising methods, which are the local scheme of
Bilateral Normal Filtering (LBNF) of Zheng et al. [37], Guided Normal
Filtering (GNF) of Zhang et al. [38], variation method (TV) of Zhang
22
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Table 2
Parameters of individual denoising methods for meshes of Fig. 14.

Kangroo
Gargoyle
Oilpump

LBNF

GNF

EMD

TV

FCMD

(1.0,0.25,10,15)
(1.0,0.22,5,12)
(1.0,0.38,10,12)

(2.5,1.0,0.26,6,12)
(2.0,1.0,0.22,5,12)
(2.0,1.0,0.37,10,12)

(0.27,12,1.1,0.01)
(0.22,5,1.2,0.001)
(0.38,10,1.3,0.005)

(3000,0.1)
(3000,0.1)
(1000,1)

(3,0.006,0)
(3,0.001,0)
(3,0.0015,1)

Fig. 10. Preservation of shallow features with large noise. Guassian noise with noise level 0.4 is added in normal direction of the clean mesh (a). (b)-(f) is the
denoising results of GNF, EMD, MNF, TV and the proposed FCMD, respectively. The second row shows the color mapping graph of the point-wise distance error
between the denoised meshes and the ground-truth ones. Color from red (hot) to blue (cold) represent error from positive maximum to negative maximum. The
third rows the color mapping graph of the point-wise angle error between the denoised meshes and the ground-truth ones. The color is linearly mapped both in (b)
and (c). To have a good illustration, error larger than 0.1𝜋 in (c) is mapped to red. (For interpretation of the references to colour in this ﬁgure legend, the reader is
referred to the web version of this article.)

Fig. 11. Denoising a mesh with random noise. The noise level is 0.4.

Fig. 12. Denoising a mesh with severe Gaussian noise added in normal direction. The noise level is 0.7. The red lines are feature edges with dihedral angle larger
than a threshold 𝜏 a . (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)
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Fig. 13. Comparison with state-of-the-art methods on other noisy meshes with noise in normal direction. The noise levels of the meshes are all 0.3 except the part
model in the ﬁrst row, which is 0.4.

Fig. 14. Denoising real scanned data. The parameters of individual denoising methods are listed in Table 2.

our results are more consistent to the ground-truth models than the others, which agrees with our visual observation.
Limitations. Although our FCMD method exhibits superiority in denoising meshes with sharp and piecewise smooth feature lines, as is
shown in the previous examples, there are some drawbacks. Firstly, on
account of the smoothing process, our method tends to omit shallow
and small-scale feature, which has been exempliﬁed by the Kangaroo

and Oil Pump models. Secondly, our method is apt to produce pseudo
feature in the region of high curvature, such as the area near the blended
edges. As shown in the enlarged image of the left subﬁgure in Fig. 15,
unnatural sharp feature appears in the curved regions. This is a side
eﬀect of almost all iterative denoising methods and can be attenuated
by setting proper ﬁlter parameters. Thirdly, for extremely severe noise
near sharp feature, our method cannot correctly recover feature for mis24
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Table 3
Quantitative comparison with the other related methods.
Models

Methods

Parameters

𝛿

Dmean

𝐷max

t(ms)

Fandisk
(Fig. 10)
|V|:6475
|F|:12946

GNF
EMD
MNF
TV
FCMD
GNF
EMD
MNF
FCMD
LBNF
GNF
EMD
FCMD
GNF
MNF
EMD
FCMD
GNF
MNF
EMD
FCMD
GNF
MNF
EMD
FCMD
GNF
MNF
EMD
FCMD

(2.0,1.0,0.28,20,12)
(0.25,20,1.1,0.012)
(0.2,25.0,5,30.0,30,30)
(100,1)
(18,0.001,1)
(2.2,1.0,0.37,40,10)
(0.37,40,1.4,0.006)
(0.3,30.0,5,30.0,30,30)
(3,0.005,0)
(2.8,0.42,70,15)
(2.4,1.25,0.45,30,10)
(0.36,30,1.5,0.012)
(3,0.001,0)
(1.5,1.0,0.36,50,10)
(0.2,20.0,5,30.0,30,30)
(0.35,50,1.3,0.001)
(5,0.001,0)
(2.0,1.0,0.32,30,10)
(0.2,25.0,3,30.0,20,30)
(0.30,30,1.3,0.003)
(3,0.001,0)
(2.4,1.0,0.37,40,10)
(0.3,30.0,5,30.0,30,30)
(0.39,24,1.3,0.001)
(3,0.001,0)
(2.0,1.0,0.34,50,12)
(0.2,20.0,3,50.0,30,30)
(0.35,50,1.38,0.001)
(4,0.002,3)

1.03e−1
1.05e−1
1.01e−1
1.12e−1
6.74e−2
2.98e−1
2.98e−1
2.88e−1
4.80e−2
2.02e−1
1.26e−1
1.38e−1
7.14e−2
1.05e−1
9.98e−2
9.01e−2
4.01e−2
6.67e−2
6.68e−2
8.48e−2
3.19e−2
1.23e−1
1.01e−1
9.84e−2
4.02e−2
1.66e−1
1.65e−1
1.65e−1
1.25e−1

7.94e−4
7.93e−4
7.88e−4
8.11e−4
7.28e−4
5.39e−3
1.41e−3
1.40e−3
7.28e−4
1.25e−3
1.05e−3
1.07e−3
9.32e−4
7.43e−4
6.45e−4
6.50e−4
6.63e−4
7.60e−4
7.55e−4
8.22e−4
7.01e−4
1.01e−3
1.03e−3
1.02e−3
9.20e−4
9.30e−4
9.28e−4
9.33e−4
6.60e−4

8.94e−3
6.35e−3
7.34e−3
9.06e−3
6.02e−3
3.84e−2
1.63e−2
1.62e−2
5.63e−3
2.00e−2
1.35e−2
1.50e−2
1.05e−2
7.28e−3
6.33e−3
4.87e−3
4.33e−3
7.92e−3
7.86e−3
7.18e−3
4.41e−3
8.21e−3
7.91e−3
7.81e−3
6.38e−3
1.06e−2
1.03e−2
8.75e−3
6.72e−3

2218
1675
–
–
3326
1522
1227
–
472
1255
5135
4231
8321
3172
–
3204
1032
2206
2206
1826
979
1936
–
950
573
10441
–
7631
6237

DoubleTorus
(Fig. 11)
|V|:2174
|F|:4352
Block
(Fig. 12)
|V|:8771
|F|:17550
Part
(Fig. 13)
|V|:4305
|F|:8606
Dodecahedron
(Fig. 13)
|V|:4610
|F|:9216
Torus
(Fig. 13)
|V|:2686
|F|:5376
SharpSphere
(Fig. 13)
|V|:10443
|F|:20882

Fig. 15. Failure examples.

leading of ﬂipped triangles near feature lines. The enlarged image of the
right subﬁgure in Fig. 15 is an example of this case. Finally, our partly
automatic parameters setting method only works for meshes with i.i.d.
noise distributed in normal direction. It is deserved to estimate noise
level distributed in random direction.

information may help to preserve both shallow feature and sharp feature
better. Besides, our approach is based on the piecewise smoothness assumption about feature lines, and thus it does not demonstrate obvious
superiority for meshes with short, messy feature. It is our future eﬀort
to seek other a priori knowledge to guide noise removing.

7. Conclusion and future work
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