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A hierarchical general video matting framework towards temporal
coherence*-**

Guilin Yao**, Shuangyi Cao?, Xiaowei Han® and Xu Zhang*

“School of Computer and Information Engineering, Harbin University of Commerce, Heilongjiang, 150028, China

ARTICLE INFO ABSTRACT

Video Matting is the process of accurately extracting foreground objects from a sequence of input
video frames, which requires the accurate estimation not only on the transparency of foreground
objects for each frame but also on the spatial-temporal object coherence between consecutive
frames. Meanwhile, the prevailing data-driven deep-learning based video matting approaches
are constrained by fixed datasets and limited feature aggregation and filtering patterns, making
it hard to guarantee the matting results in terms of coherence and accuracy, especially of general
foreground objects. Without relying on data-driven patterns, this paper proposes a novel non-
data-driven based video matting approach (NDVM) towards general foreground targets and a
hierarchical framework towards temporal coherence. Firstly, an KNN-based pre-process layer
is employed for adjacent frames according to different foreground and background overlap
patterns to classify certain number of opaque pixels. Next, an optical-flow-based sampling layer
is adopted for consecutive frames combined with a re-identification criterion for opaque pixels to
record both of the transparency and foreground color priors. Finally, an affinity-based smoothing
layer based on adaptive kernels is utilized for inter-frames to determine the final video matting
results. Experimental results demonstrate that, in terms of quantitative comparison, our approach
outperforms both various previous video matting methods and the ablation intermediates, in
terms of intra-frame accuracy and inter-frame temporal coherence. Qualitatively, our method also
exhibits superior visual perception compared with other state-of-the-art methods. Furthermore,
the final foreground results recorded in this paper also provide feasibility and quality assurance
for the final video synthesis stage.
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1. Introduction
Il =alF! +(1-d)B., €))
Digital matting is a classic foreground and background

separation problem in the field of digital image edit- where the vectors F! and B, and the scalar &/, are all un-

ing. Unlike image segmentation, real-world images and
videos always involve certain translucent and blended
pixels at the boundaries or within the foreground objects
that require subsequent solution. Therefore, the form of
alpha channel is introduced in the process of foreground
separation to describe the transparency of the foreground
objects. Mathematically Wang and Cohen (2007a), for an
observed input frame I” at time ¢ in a video sequence,
the observed color I" at any position z in an image I can
be represented by a linear combination of the foreground
color F!, background color B!, and transparency a) €
[0, 1]. The matting equation is then expressed as

known. Pixels with 0 < a! < 1 are referred to as blended
or semi-transparent pixels, such as the hair of foreground
objects, transparent scarves, and the transition regions of
various hard boundaries in Figure 1, and pixels with ] =
1 or O are referred to as opaque pixels. The matting prob-
lem then solves {a’, F'} corresponding for each frame
t given I'" and certain necessary priors. Generally, F’
indicates the color attributions of the foreground object,
while o indicates the color density distribution and the
contour shape of the foreground object. Furthermore, the
color distribution of F’ is always continuous, especially in
the blended regions where a' has a complex distribution,
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which makes F’ significantly easier to solve in terms
of both demand and difficulty compared to a’. Only the
results of {a, F} for a single frame need to be solved
in image matting, and it is also necessary to consider
the temporal coherence between adjacent matting results
a! of foreground objects in video matting to eliminate
discontinuities such as flickering sudden changes.

To reduce the uncertainty, many existing matting
methods require a manually annotated mask named trimap
to roughly label some known foreground and background
regions. However, it can impose a significant input burden
on the user for video matting if a trimap is needed for
every frame even with a rough annotation manner. In this
case, many methods only require to input trimap at certain
predefined key frames. Afterwards, the trimap of other
frames can be interpolated through adjacent key frames.
Additionally, some methods do not require trimaps for
each frame and directly deduce the matting result of the
current frame only from the results of adjacent key frames,
which may introduce more errors in contrast to those with
fully provided trimaps.

In image and video matting, similar to other vision
tasks, data-driven deep-learning based approaches remain
the prevailing methods at present. Despite their numerous
notable advantages, deep learning methods cannot fully
address the video matting problem, especially towards
general foreground targets, or general video matting. Cur-
rently, data-driven methods still exhibit the following
inherent flaws for both image and video matting tasks.
Firstly, the matting problem is closed related to the mat-
ting equation (1), yet deep-learning based regressions
merely approximate pixel probabilities as a proxy for
transparency without utilizing matting equation, resulting
in biases. Although some methods attempt to compensate
the absence of matting equation by the compositional
loss, they do not start from the perspective of finding a
solution and the results are always unsatisfactory. Sec-
ondly, the foreground objects included in various video
matting datasets are predominantly hard-boundary objects
(such as portraits, animals, rigid objects, etc.), with a lack
of diversity in semi-transparent motion, making it hard
to fully learn the styles and various motion patterns of
various general objects. Thirdly, feature aggregation in
deep framework can actually enhance the accuracy of
the current frame based on the prior of adjacent frames,
but it can hardly solve the temporal coherence between
frames. Fourthly, convolution and even transformers are
essentially local or global low-pass filtering operations,
leading to over-blurred visual senses, particularly in large
translucent regions.

Although traditional non-data-driven based process-
ing is inferior to deep-learning in general computer vision
tasks, they have obvious advantages in matting, especially

in general video matting. This paper primarily explores
non-data-driven video matting, which cater to various
general foreground objects and strive to avoid being con-
strained by the semantic branches of limited foreground
object training datasets. Our approach does not rely on
convolutions that can lead to over blurred results. Instead,
it directly extracts samples from the original image and
utilizes the matting equation to obtain an accurate solution
for « transparency. Meanwhile, our approach directly en-
hances the temporal coherence through samples and affini-
ties between adjacent frames, avoiding the obscure feature
aggregation in deep frameworks. Extensive experiments
show that this non-data-driven based video matting results
are significantly superior to those based on the same
category and even deep learning in terms of coherence and
accuracy.

2. Related work

Traditional non-data-driven image matting can be di-
vided into sampling-based Chuang, Curless, Salesin and
Szeliski (2001); Wang and Cohen (2007b); He, Rhemann,
Rother, Tang and Sun (2011); Gastal and Oliveira (2010)
and affinity-based Levin, Lischinski and Weiss (2008);
Chen, Li and Tang (2013); Aksoy, Aydun and Pollefeys
(2017) methods. Due to the reliance on low-level fea-
tures and exclusion of any semantics, these methods are
characterized by the necessity of using trimaps to guide
the rough semantic segmentation. In contrast, data-driven
based deep image matting utilizes an encoder-decoder
network to extract semantics, allowing for both general
object matting that utilizes a trimap to enhance foreground
semantics Xu, Price and Cohen (2017); Lu, Dai, Shen and
Xu (2019); Cai, Zhang, Fan, Huang, Liu, Liu, Liu, Wang
and Sun (2019); Li and Lu (2020); Park, Son and Yoo
(2022); Yao, Wang, Yang and Wang (2024a); Hu, Lin,
Wang, Zhao, Wei and Shi (2024) and specific foreground
object (such as portrait) matting that does not require
any trimap Shen, Tao, Gao, Zhou and Jia (2016); Chen,
Ge, Xu, Zhang, Yang and Gai (2018); Liu, Yao and Hou
(2020); Li, Zhang, Maybank and Tao (2022); Yao, Wang,
Ye and Liu (2024b).

Video matting not only requires the accuracy for a
single frame, but also ensures the spatial-temporal consis-
tency of a between adjacent frames. According to the form
of motion of the foreground object, a results at the same
position of the corresponding motion trajectory between
adjacent frames should be as consistent as possible, so
that the matting result could not visually exhibit obvious
discontinuities such as flickering and jumping.
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2.1. Non-data-driven based video matting

Similar to traditional non-data-driven image matting,
a notable feature of non-data-driven video matting ap-
proaches is still the necessity of trimap, but the difference
among various sub-methods lies in whether the trimap is
required for all frames. Based on the input forms of the
trimap, traditional approaches can be divided into methods
based on full-frame provided trimaps and those based
on keyframe trimaps. [1] provides a partial overview of
traditional video matting. Another feature is that most
methods simply compare a while ignoring the computa-
tion of foreground color F, which is not conducive to the
level of final video synthesis applications.

Full-frame based trimap input methods. Interactive
video cutout Wang, Bhat, Colburn, Agrawala and Cohen
(2005) treats all image frames as a single 3D processing
target and adopts an interactive approach to provide initial
rough trimaps for all input frames. It then utilizes graph
cuts to uniformly compute binary segmentation results for
each frame to form a refined trimap and finally employs
3D border matting to process the matting of consecutive
frames. Temporally coherent video matting Lee, Yoon and
Lee (2010), CWCT video matting Shahrian, Price, Co-
hen and Rajan (2012), and KL divergence video matting
Karacan, Erdem and Erdem (2017) adopt their respective
sampling methods for each frame, while utilizing optical
flow to calculate the positional correspondence between
two frames to expand the samples of the current frame.
Furthermore, method in [23] also selects appropriate sam-
ples for the current frame based on the compatibility
of adjacent a. All of the three methods also establish a
3D Matting Laplacian to post-process the consecutive 2
frames according to the foreground motion to maintain the
temporal consistency. The affinity-based non-local video
matting method Choi, Lee and Tai (2012) employs a non-
local Laplacian video matting matrix defined in temporal
space for 3 consecutive frames and uniformly solves these
frames.

Keyframe based trimap input methods. Some early
methods first employ binary segmentation and dilate the
segmentation boundary to form a fine trimap followed by
matting. Video Cut and paste Li, Sun and Shum (2005)
and Video Snapcut Bai, Wang, Simons and Sapiro (2009)
can only handle relatively simple foreground boundaries
(i.e., hard boundaries) and are unable to handle foreground
edges with abundant hair and translucent objects (such
as plastic or scarves). Additionally, they can only handle
a and then ignore foreground color. Later, new methods
can calculate complex boundaries and translucent objects,
which are common in affinity-based video matting meth-
ods. Alpha-Flow video matting Sindeev, Konushin and
Rother (2012) simply uses optical flow to propagate the
prior results of Robust Matting [3] to the next frame.

However, it does not consider the joint solution of adjacent
frames, which may result in discontinuities in the mat-
ting results. The opacity propagation video matting Tang,
Miao, Wan and Zhang (2012), KNN video matting Li,
Chen and Tang (2013), sparse coding video matting Zou,
Chen, Cao and Wang (2020) all utilize the foreground
and background result pixels from previous frames as soft
constraints to jointly solve for the current frame and the
previous frame, and propagate the results backward frame
by frame until the next keyframe. This enhances the result
coherence between adjacent frames, but the unidirectional
propagation can lead to discontinuities when propagating
to the next keyframe. Additionally, none of these methods
can solve foreground color. The PatchMatch-based matte
propagation method Backes and Oliveira (2019) improves
the above methods to a bidirectional propagation fashion.
It first calculates the results of keyframes by some single-
frame matting method, and then propagates {«, F} from
the keyframe to unknown frames in a bidirectional manner
by optical flow based on PatchMatch algorithm and cyclic
filtering.

It has been proven both theoretically and practically
that the initial trimap input is crucial for single-frame
solution. Therefore, methods based on full frames are sig-
nificantly superior to those based on key frames. However,
as discussed, the main issue with such methods is the need
to provide a sufficient dataset of trimaps, and manually
inputting trimaps for all frames is extremely difficult. Con-
sequently, a class of video trimap propagation methods
has emerged to address this issue. These methods extend
the trimap at key frames to non-key frames and still re-
quire full-frame matting methods in the subsequent steps.
Geodesic video matting Bai and Sapiro (2009) adopts
a weighted geodesic distance approach, while Bayesian
matting Chuang, Agarwala, Curless, Salesin and Szeliski
(2002) employs optical flow and a combination of forward
and backward propagation to extend the precise trimap
of key frames to unknown non-key frames. Temporally
coherent video matting Bai, Wang and Simons (2011)
utilizes user-input trimaps of key frames to calculate the
trimap of unknown frames by combining optical flow with
backward propagation. Temporal trimap extension John-
son, Rajan and Cholakkal (2015) extends the fine trimap
from key frames to other frames based on the contours of
foreground objects combined with optical flow, which can
only be applied to hard boundary contours.

Similar to image matting, the result of each frame in
general video matting still heavily relies on the trimap
input. As discussed above, many of the non-data-driven
video matting methods still directly employ trimap only
at key frames and introduce pure alpha propagation to
obtain the entire final alpha matting results, which will
inevitably cause inaccurate propagations, especially in
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mixed regions where fine matting is required. As shown
in Figure 1, our method requires a trimap input for each
frame, simultaneously solves for {a, F} of adjacent 2
frames to achieve inter-frame consistency, and ultimately
achieves the goal of synthesizing the pulled mattes with
new backgrounds. To reduce input burden, users are al-
lowed to annotate a video sequence with sparse trimaps
at key frames, and then a simple trimap extension step is
employed to annotate all the other frames with roughly
coarse trimaps. Unlike propagating a, the coarse trimap
propagation basically could not cause significant errors.

2.2. Data-driven based video matting

Currently, data-driven based deep video matting still
employs the encoder-decoder network from deep image
matting for each frame. The first category involves por-
trait video matting that has clear portrait semantics and
does not require initial trimap input. Both Background
Video Matting Sengupta, Jayaram, Curless, Seitz and
Kemelmacher-Shlizerman (2020) and Real-Time High-
Resolution Background Video Matting Lin, Ryabtsev and
Sengupta (2021) require capturing a single fixed back-
ground and then perform matting for all the foreground
individuals appearing in front of this background. MOD-
Net Ke, Sun and Li (2022) also proposes a dual-encoder-
decoder scheme similar to image matting. However, the
above methods only consider frame-by-frame matting
and ignore the inter-frame correlations. Robust High-
Resolution Video Matting Lin, Yang and Saleemi (2022),
Automatic Portrait Video Matting Hou and Wang (2021),
SparseMat Sun, Tang and Tai (2023), VideoMatt Li,
Ohanyan, Goel, Navasardyan, Wei and Shi (2023), and
VMFormer Li, Goel, Ohanyan, Navasardyan, Wei and Shi
(2024) all adopt inter-frame feature aggregation to handle
the relevance problem between frames.

The second category is for video matting of gen-
eral foregrounds. At this time, due to the overly rich
and difficult-to-generalize foreground semantics, auxil-
iary trimaps are required frame by frame. The first ba-
sic pattern, including DVM Sun, Wang and Gu (2021),
TCVOM Zhang, Wang and Cui (2021), and CRGNN
Wang, Liu and Tian (2021), utilizes the user-input trimap
of key frames, passes it to other frames through a spatial-
temporal memory network (STM), and then utilizes the
inter-frame feature fusion between adjacent frames and
attention mechanisms to enhance the correlation between
frames. The second pattern is to utilize the trimap at key
frames, combined with the STM segmentation network,
to process the generation of trimaps for other frames
in parallel with the final matting. FTP-VM Huang and
Lee (2023) changes the memory matching in STM to a
lightweight trimap fusion module, which greatly improves
the matting efficiency. OTVM Seong, Oh, Price, Kim and

Lee (2022) draws upon the conception of [35] by using
previously solved a and the trimap of the initial frame to
generate the trimap of new frames.

3. Our approach

The hierarchical video matting framework presented
in this paper is illustrated in Figure 1. The first affinity-
based pre-processing layer (Section 3.1) fully leverages
the ability of affinity-based category to capture long-
distance dependencies, and pre-identifies some unknown
pixels in two consecutive frames as opaque pixels, laying
the groundwork for subsequent matting layers. The second
sampling layer (Section 3.2) fully utilizes the sampling-
based category in accurately handling individual pixels
by solving intermediate « results and the final foreground
color F and the corresponding beliefs for the current two
frames. The third affinity-based solver layer (Section 3.3)
utilizes various intermediate results from the previous two
layers to solve the final a for the current two frames.

3.1. Pre-processing layer

In image and video matting, performing preliminary
trimap expansion on each frame is crucial for the final mat-
ting result. This step enables more precise pre-prediction
of opaque pixels, while providing more accurate samples
for subsequent precise matting steps. However, most ex-
isting video matting algorithms still directly employ mat-
ting, with few variants incorporating a trimap expansion
step beforehand. Up to now, nonlocal-based algorithms
excel in image segmentation on opaque pixels (i.e., trimap
expansion or generation in matting) due to their ability
to search for distant samples. This principle still holds
in video matting, and such search needs to be conducted
across frames to reflect frame correlations.

As shown in Figure 1, the first layer employs a strategy
similar in [12], the affinity-based intra-frame and inter-
frame K-nearest neighbor search, to roughly estimate the
foreground probability of each frame in order to enhance
temporal coherence across frames. The basic assumption
is that the foreground prob of each unknown pixel in the
current frame t is a linear combination of the foreground
probabilities p!, p), ..., p}, and p’l“, p’z“, ,p’gl of the
K nearest neighbors in frame ¢ and ¢ + 1 respectively. In
KNN search, samples at certain distances can be searched
by scaling the distance vectors. The feature vector of
pixel i is defined as v (f) = [ri,gi,b,-,fx,-,fyi], where
{ri, 8 bi} represent the colors of the three channels of
pixel i in frame ¢, x; and y; are the normalized spatial
horizontal and vertical coordinates of point i, and f is
the spatial scaling factor. The larger f is, the closer the
collected pixels are, and vice versa. Then a FLANN fast
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Figure 1: The proposed hierarchical video matting framework.

search is adopted to match K neighboring pixels at time t
for both frame ¢ and frame ¢ + 1.

Whether in single or multi-frame mode, the value of
f in various nonlocal methods mentioned in the literature
has not been precisely defined and requires manual adjust-
ment, ultimately resorting to a fixed search range to limit
the collected nearby pixels. However, in practice, it has
been proved that the search range must vary depending
on the degree of overlap between foreground and back-
ground colors. Generally, if there is a significant color
difference between the foreground and background or a
large size of the unknown region, a relatively loose search
can be accepted so as not to miss more distant reference
samples. Otherwise, a strict search is necessary to avoid
erroneous caused by color overlaps. Hence, the overlap
degree between F&B colors as well as the size of the
unknown regions are both precomputed. Here, two narrow
bands within the known F&B region with a width of 30
pixels adjacent to the unknown region £2;; are denoted as
Qr and 5. Then, the initial FLANN mappings between
the source and the target region are denoted as Q2 —
Qp and Qp — p based only on the first three color
features of Uf (f). In the first frame, the average color dif-
ferences d (F, B) and d (B, F) are computed respectively
with K = 5. If the minimum of these two differences is
greater than a certain threshold 6, and the average spatial
distance between all the unknown pixels and the 2 and
£y regions is greater than a second threshold 6,, there
should be a high F&B distinguishability or a large size
of the unknown region. In this case, a much loose search

is needed; otherwise, a relatively strict search should be
considered instead.

In the loose search, the distance scale f of the final
FLANN search £(; — £y U Qg U £p can be divided into
three levels {1,0.1,0.01}. Within these ranges, {5, 8, 8}
nearest neighbor samples j are collected for pixel i in
frames ¢ and ¢ + 1, respectively. In the strict search,
the search range is reduced to two levels with distance
scale {1,0.1} and sample count {8,5}. Additionally, it is
observed that if d (B, F) is greater than a certain thresh-
old 65, indicating a significant distinction between F&B,
HSV color components for Uf (f) could yield much bet-
ter results under the loose search. Here {01, 0,, 03} =
{0.05,50,0.2}. Figure 2 shows the pre-processing results
of four frames from four video sequences. Among them,
the second and third examples have a high F&B overlap
between and are processed with the strict search. The first
(using HSV color space) and the fourth examples have
a lower F&B overlap and are processed with the loose
search. It is clear that a proper search could pick out
more opaque pixels from the unknown region and avoid
misclassification to a certain extent.

Finally, the affinity-based sparse matrix L is con-
structed from the neighboring samples, whose length and
width are both twice of the entire frame pixel number N.
Specifically, the intra-frame and the inter-frame affinity
matrices with respect to the first frame can be calculated
separately, denoted as L and L ,, respectively. Similarly,
the affinity matrices corresponding to the second frame
are denoted as L,; and L,,. Let L; = [Ly;, L] and
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Figure 2: Trimap pre-processing results obtained using the loose search (second row) and strict search (third row) for four
specific video frames with initial trimaps (first row) in four video sequences. The red box indicates the optimal selection.

L, = [L21 , L22] , and the final L for the two consecutive
frames is generated as L = [L B L2]2 N2 - After obtain-
ing sample j for unknown pixel i, the entry in the ih row
and j column of the sparse matrix L is calculated as

w;=1- z;|cf—cf|/3. 2)
The final foreground probability (or pre-processing result)
aP'® is solved by the following sparse linear system

(L + D) aP™® = b, 3)

where D is a 2N X 2N diagonal matrix, with 1s at the
entry of known regions £ U Qg and Os at the entry of
unknown region £2y; of the 2 adjacent frames. 6 is some
large number, and b is a column vector with a length of
2N, with 1s at 2, and Os at 25 U £2y;. The above system
is solved by conjugate gradient approach for aP™®. Finally,
the new opaque foreground and background regions of the
adjacent 2 frames are the pixels i that satisfy aP"® > 0.985
and aP™® < 0.015, respectively. The above new regions
as well as the new unknown region constitute the final
refined 2-frame trimap, shown in the pre-processing layer
in Figure 1.

3.2. Sampling layer

The sampling layer requires full utilization of the
trimap results from the previous layer, and provides pri-
ors for the final affinity-based matting layer. Meanwhile,
this layer can also preserve the foreground colors in
preparation for the final video synthesis, overcoming the

drawback of affinity-based methods that can only solve
for @ once without simultaneous foreground computation.
Besides, the samples from the previous frame could com-
pensate for the current frame, thus fully integrating the
correlation between both frames and also compensating
for the lack of inter-frame consistency in affinity-based
methods.

The sampling method draws inspiration from the
shared matting approach. The candidate samples for the
current unknown pixel need to be collected from the pri-
mary candidate samples of neighboring unknown pixels,
thus avoiding the excessive complexity in traditional sam-
pling mode where samples are enumerated every pair. In
the first sample collection step, each unknown pixel u in
frame t emits only four rays with 90° intervals, intersecting
with the initial input F&B regions Q2r/Qp, as well as
the F&B regions after trimap expansion €f, /. Then a
total of up to 8 F&B samples are collected, resulting in
a maximum of 8 X 8 sample pairs. Figure 3(a) shows the
samples collected for an unknown pixel. For each sample
pair F/, B¥ at point u, the corresponding a,, is inversely
solved according to the matting equation (1), as well as
the local color fitting error N, (Fj , B¥ ) within a 3 X 3
neighborhood. Then the spatial shortest distances between
u and foreground sample F/ or background sample B¥ are
denoted as D, (F/) and D, (B¥), respectively. Then the
objective function for the initial selection of samples at
each unknown point is defined as

& (F/,B*) =N, (F/,B*)"-D, (B)" D, (B)", @)
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D

Figure 3: (a) The four sampling rays for each unknown pixel
of both the input trimap and the newly generated trimap.

u in the sample collection step, which intersect with the edges
(b) All T, foreground and background samples for unknown

pixel u in the current frame ¢ in the neighbor searching step. (c) All samples of u in frame 7 — 1. (d) Curves of maximum
and minimum color difference weights. (&) Belief map in unary term of color fitting error from the third example of Fig. 2.
(f) Final belief map with the addition of maximum/minimum color difference weights.

where {s, 1, tz} = {3, 1, 4}. Since the unknown re-
gions, such as hair or hollow, usually appear far from
known background and much closer to foreground, the
distance of background samples is set to a relatively large
cost to remove distant background samples. Finally, the
optimal sample pair (Fu, Bu) for pixel u is determined by
the pair with the minimum objective function g; and is
recorded for u in frame t. In the next neighbor searching
step, the candidate samples of each unknown pixel i are
collected from the stored samples ( F;, B;) of its T, = 200
neighborhood. Although the sampling rays are relatively
sparse, the amount of densely packed T, neighbors ensure
dense sample collection at the boundary. Optical flow is
also applied here to compensate the temporal coherence
only for the latter frame in the trimap expansion step. A
widely concept is that optical flow has poor performance
in transmitting mixed pixels. However, it is effective on
opaque pixels such as samples. Therefore, each sample
pair (F;, B;) in the current frame also needs to be warped
to the previous frame to form a new warped sample

pair <Fi°p " B?pt). Here, all previous frame samples are

required to be inside the opaque region €[/}, Figures
3(b)(c) show the samples of unknown point u in the
current frame and the previous frame. Finally, the 10
sample pairs (Fl.’ ,BI.’ ) that minimize N; are selected, and
the primary sampling ai’ of unknown pixel i is obtained by
solving equation (1), with F! and B being the average of
all the samples.

Opaque prior. The color criterion involves the color
difference between unknown and known pixels. The clas-
sification threshold for each known opaque pixel is ob-
tained according to its color difference to neighboring pix-
els, and is stored for the classification of all unknown pix-
els. Compared to fixed threshold, this dynamic way could
significantly improve the classification performance. Tak-
ing opaque foreground classification as an example. For
any opaque foreground pixel F; in the new foreground
region €/, the average color difference between F; and
its local neighborhood centered on F; with a radius of 6

is recorded in F;, requiring that the neighboring pixels
are also in Q{: Then for any unknown pixel i, the top 20
samples F; with the smallest color difference among its 7;
foreground samples are obtained, and the color differences
and thresholds recorded by these samples are averaged,
denoted as l_)ll.: and 6. Similarly, the background color
differences and thresholds are denoted as D? and 6. The
color criterion for classifying pixel i as opaque foreground
is defined as

D} <6p &DP > 65 &(al™® > 0.9]a) > 0.99), (5)

where alp " and a; denote the pre-processing and sampling
a results. The color criterion for determining pixel i as an
opaque background can be derived similarly.

The distance criterion involving the spatial distance
between the unknown pixel and the known boundary can
also compensate color. Through the ray-casting in sec. 3.1,
the minimum ElF of the cumulative color difference from
the paths traveled by each ray to the foreground, and the
minimum value EIB to the background are both computed
for pixel i. Denoting df = EP/(EP + E}), the distance
criterion for determining pixel i as an opaque foreground
is defined as

df >0.98 & o > 0.6. (6)
The distance criterion can also be defined for background
similarly. The first row of Figure 4 shows the four ex-
amples of opaque priors from Figure 2. Finally, if i is
classified as foreground, its prior aisamp =1, Fl.Samp =1,
and Bisamp = Blf . If 1 is classified as the background,
™ =0, F*™" = F/, and B*™ = I,. Its belief is
uniformly set to f; 5. Since the final affinity-based
matting layer cannot solve the foreground and background
colors, and a always exhibit little color variation spatially,
the foreground and background color results are thus saved
as the final video matting results.

Mixed prior. If i is not classified as opaque, it is

treated as mixed with o™ F*" = F!, B =

— o/
= aj,
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Blf , and its belief f] is calculated as

fi — I/VimaxD . I,ViminD . {—ANI-} , (7
where 4 = 0.05 and N; represents the average of the top 10
smallest N;, and the weights of the 2 maximum/minimum
color differences are defined as

WD = (1 + exp(~(max(DF, DP ) + 0.5 — 8)))™!
VVimmD = (1 +exp(—(— rnin(D}:7 D? )% 0.5+ 10)))—1

®)

where Df and D? represent the average color differences
between unknown pixel i and the foreground and back-
ground, respectively. Figure 3(d) shows the curves for the
above two weights. Specifically, the belief needs to be
punished if the maximum/ minimum color difference is
less/greater than a certain range. Figure 3(e) and Figure
3(f) shows the belief map by only applying the color fitting
error N; and the final belief map in addition of the above
two color difference weights, respectively. The second and
third rows of Figure 4 show the final belief maps f and the
final %P obtained through the sampling layer for the four
examples in Figure 2.

3.3. Matting layer

Although sampling-based processes can trace the re-
sults of foreground color, they tend to produce visually
noisy results. On the other hand, affinity-based processes
could generally yield better results in terms of visual
smoothness and comfort. Therefore, the third layer com-
bines the sampling-based results from the above layer and
a newly designed affinity-based post-processor.

As discussed, a fine matting step requires the weight
type of Matting Laplacian [3,11] utilizing matting equa-
tion rather than simple nonlocal weight. Meanwhile, since
the resultant fine trimap can roughly reflect the foreground
shape, different forms of Matting Laplacian kernels can
be appropriately adopted according to different sizes of
the unknown region, thus satisfying different local color
line model assumptions. In traditional, both 2D and 3D
Matting Laplacian typically employ a fixed local neigh-
borhood window that always leads to significant color
differences and violates the assumption of the color linear
model. In our approach, a means of color feature matching
instead of spatial distance matching is adopted to discover
long range neighboring samples to enhance pixel depen-
dency.

After the above steps, a considerable number of
opaque pixels have been identified as known, and the
foreground contours in the remaining unknown region
have also been roughly outlined, including hard bound-
aries, soft boundaries, and the interior of semi-transparent
objects. Accordingly, the selection of the search range in

color matching can also play an important auxiliary role,
and the generation of the neighborhood set in 3D Matting
Laplacian also requires the selection of an appropriate
search range. On the one hand, the search range in each
frame should be as close as possible to the foreground
and background regions in the solved trimap, in order to
directly obtain known samples in a similar color sampling
manner and avoid excessive transfer between intermediate
pixels; on the other hand, the search range should also be
properly selected in order to reduce computational costs
and minimize errors caused by color overlap between
foreground and background.

Specifically, in the current frame ¢, with the previously
newly generated trimap, the shortest spatial distances be-
tween each unknown pixel i and the new known fore-
ground €2 and background 2 are updated, denoted as
DY and DP, and with their average denoted as D!. The 4th
row of Figure 4 shows the average spatial distances D’ of
each unknown pixel in the four examples. Subsequently,
the search range for color matching is determined based
on D' according to the following two cases. (i) D! < 6
indicating i is close to a hard boundary, and a square search
window is required trying to cover both known foreground
and background regions, but also avoiding too much size.
The search radius r is defined as

r = max (3,min (max (DF D?) s 9)) . C)

Within the defined r, 10 (totaling 20) nearest neighbors
of pixel i in frame ¢ and ¢ 4+ 1 are searched based on the
3 color features. For accuracy, the position of i in frame
t + 1 can be appropriately adjusted by optical flow. (b)
l_)lf > 6 indicating i is close to the soft boundary or the
interior of a semi-transparent object. Similar to Sec. 3.1,
FLANN search is applied with f = 0.5 and f = 0.1 in
the feature vector v§ (f) respectively to discover {10, 2}
nearest neighbors (totaling 24) of pixel i in the current
frame t and t + 1.

In the above two cases, each unknown pixel i in
frame ¢ + 1 also performs similarly to discover its corre-
sponding neighboring pixels in these two frames. Finally,
each i forms the neighborhood set .S in the 3D Matting
Laplacian. Note that set .S needs to be determined in the
adjacent two frames. By utilizing the color line model and
combining the derivation of the matting equation, any two
pixels (i, j) € S within set .S could constitute the weights
of the i-th row and j-th column in the sparse matrix L as

-1
1
w;; = “1s <1+ (x; — ms) <2s + I%IX3> (x; _”S)>’
(10)

where x; and x; represent the 3-dimensional color vectors
of pixel i and j, respectively, and X5 denotes a 3 X 3
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Figure 4: Intermediate and final results of the second and third layers for specific video frames in the four video sequences

in Fig. 2.

identity matrix. Xy and ug stand for the 3 X 3 covariance
matrix and the 3 X 1 mean vector within S, respectively,
with € being a small number. The weight of unknown
pixels i and j is the sum of weights generated by all sets .S
containing them. Combining the prior and belief obtained
from the sampling layer, the a results for two consecutive
frames can be obtained by solving the following large
sparse linear equation

(L+9D+ﬂ-diag(1))a=0b+ﬁ-aisﬂmp 1D
where D, 6, and b represent the hard constraints of .Q’F and
!2;3 after the trimap expansion layer for adjacent 2 frames,

and are set similarly to Sec. 3.1. a;amp is the prior of the
sampling layer in Sec. 3.1, diag is a function that expands
a column vector into a diagonal matrix, and A; = f; -d; -y
is the weight of the data term where f; is the sampling

belief, y = 0.1, and d, is a distance weight calculated as

d=1+9 (1+exp(— (D' x04-12)))”" (12)

where Dl’. represents the average distance from pixel i to
the known region as previously computed. d; indicates that
the farther an unknown point is from the known boundary,
the less reliable the affinity-based method is. In such case,
the pixel needs to rely more on the prior from sampling
layer. The final «a results obtained from the eq. 11 are
shown in the last row of Figure 4.

4. Experiments

4.1. Dataset and Methods

In the experiments, the first dataset is sourced from the
5 sets of human foreground sequences from the validation
set of the VideoMatte240 dataset [38], which contains
ground truths. These sequences are synthesized into 5
different dynamic backgrounds derived from DVM [45],
resulting in a total of 25 new test video sets. In order
for this general input trimaps and the solvability of our
approach, we introduce 2 types of trimaps, referred as
"large" and "small" obtained by dilating the unknown
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regions in the ground truth « by 30 and 60 pixels, re-
spectively. To demonstrate inclusivity towards various
datasets, we simultaneously introduce a second Video
Matting Benchmark Dataset Erofeev, Gitman, Vatolin,
Fedorov and Wang (2015) (VM) comprising 16 training
and testing videos with featuring various foregrounds. The
original VM dataset consists of only three training sets
containing ground truths. In our work, some of the 5
test sequences included in the Hollywood Green Screen
Dataset were re-matted using Adobe After Effects to ob-
tain their ground truth values and added to our training
set. Then, our second video matting dataset comprises 8
training sets and 8 test sets. Besides, the trimap generation
manner for this second dataset is the same as that of
the first one. Consequently, the entire 33 training video
sets and 8 test video sets are all used for testing in the
experiments.

In the experiments, the non-data-driven hierarchi-
cal video matting presented in this paper is denoted as
NHVM, and another 7 non-data-driven video matting
methods are also included. To demonstrate the superi-
ority of dual-frame over single-frame, we first introduce
the traditional single-frame robust matting [3] for frame-
by-frame processing, and then adopt the temporal filter
based on level set [35] on robust matting. The following
three methods are dual-frame processed with 3D Matting
Laplacian, including the benchmark dual-frame closed-
form matting (CLF3D), dual-frame 3D robust sampling
[22] and sparse coding [31] (Robust3D and Sparse3D),
respectively. After that, there are two non-local methods,
including dual-frame nonlocal matting [25] (Nonlocal)
and KNN Laplacian matting [30] (KNNLap), both of
which apply 2-frame trimap input instead of trimap inputs
at key frames. Note that CLF3D itself does not appear
in any proposed method, but is implemented here for
comparison. For comparison, we also introduce 4 data-
driven based general deep video matting methods, includ-
ing DVM [45], TCVOM [46], CRGNN [47], and FTP-VM
[48], all of which require a trimap for each frame. Note that
frame-by-frame processing is adopted in FTP-VM due to
its parallel computation of trimap and « in multi frames.

4.2. Quantitative comparison

For comparison, the following two evaluation metrics
are included denoted as intra-frame accuracy and the inter-
frame coherence (or continuity). For each video matting
method, under specific video sequences and trimap mod-
els, the intra-frame mean absolute difference (MAD), root
mean square difference (RMSD) [50] and the inter-frame
temporal coherence (Adtldt) [22] over the entire dataset

are defined as

1
MAD @) = 1 ¥, Ties |a — o™

RMSD (@) = /£ %, Ty (o — ™)’ . (13)

1 a;(t+1)—a;(t)
AddL (@) = 3 2, Xjes P

where N denotes the total number of pixels in the un-
known region corresponding to the video sequence and
trimap, ¢ denotes the frame index, i denotes the pixel
index, and a and '™ signify the « result and ground truth
a obtained from each frame in each sequence, respectively.
t and t + 1 indicate the current and the next frame,
respectively, and .S denotes a specific set, such as the
unknown or the known region. A smaller value for both
evaluation metrics indicates a better matting result.

4.3. Experimental Realizations
4.3.1. Macro comparison for all video sequences

To demonstrate the macro effects of various methods
on different pixel regions, the opaque region and the
mixed region are firstly selected corresponding to S in
Eq. 13, where the opaque region is defined as those pixels
with a''® being greater than 0.98 or less than 0.02, and
the mixed region corresponds a''"¢ between these two
values. The comparison of various methods, including
our first layer (pre-processing), second layer (sampling)
and final layer (affinity-based solver), under evaluation
metrics RMSD and Adtldt with different trimap sizes in
the entire dataset is shown in Tables 1. Each data for
MAD and RMSD is an average of 33 training video sets
including 25 test sequences from VideoMatte240 and 8
training sequences from VM-Benchmark, while Adtldt
is an average of all 41 video sets including 8 extra test
sequences in VM-Benchmark. The reason is that Adtldt
only requires video matting results without ground truth.

The comparison of opaque regions (semantics) and
mixed regions (details) is presented in Table 1. For MAD
and RMSD, in non-data-driven based methods, it can be
observed that sampling-based ones such as Robust (single-
frame sampling), Robust (single-frame), Robust3D, and
Sparse3D generally exhibit poor opaque performance,
which aligns with the concept that sampling methods
are not suitable for solving classification problems. On
the other hand, various affinity-based methods such as
CLF3D, KNNLap, and Nonlocal show similar or better
performance for opaque pixels. For mixed pixels, the
effect of sampling-based methods is similar to that of
affinity-based ones. For data-driven based methods, FT-
PVM adopts an independent semantic trimap generation
branch in the network, which obviously has excellent dis-
criminative ability for opaque pixels. Compared to DVM
and TCVOM, CRGNN aggregate more adjacent frames
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Table 1

Comparison of various methods within opaque and mixed regions over three evaluation metrics and two trimap sizes, where
each data represents the average of all frames from 33 or 41 training video sequences, and bold indicates the minimum

value in the current column.

Opaque regions (Semantics)

Mixed regions (Details)

Methods MAD RMSD Adtldt MAD RMSD Adtldt
Large Small Large Small Large Small Large Small Large Small Large Small
Sparse3D 48 447 185 17.1 11.0 108 14.0 12.7 25.0 229 29.8 27.6
Robust (Single-frame) 1.7 11 106 78 46 40 127 98 239 195 223 1738
Robust (Single-frame filter) 1.2 08 84 63 22 23 129 106 237 202 158 133
Nonlocal 1.8 23 9.0 101 28 36 167 124 265 214 206 16.3
CLF3D 15 16 84 86 24 19 145 109 244 202 112 80
Robust3D 13 09 90 65 24 23 125 95 233 187 124 10.2
KNNLap 13 18 82 94 109 86 7.7 64 187 17.1 26.0 184
TCVOM 9.7 110 210 205 33 49 69 49 175 142 150 13.8
CRGNN 26 11 116 53 35 23 51 38 142 105 119 8.1
FTPVM 06 06 48 43 62 47 95 77 184 152 202 158
1%_our 08 10 41 48 33 31 91 72 182 160 153 122
2M_our 15 14 92 82 91 68 79 54 184 145 220 1438
NHVM (3"-our) 09 10 55 60 20 19 61 46 150 125 8.6 6.9
Table 2
Comparison of video matting results of various methods over three evaluation metrics and two trimap sizes on two test
datasets.
VideoMatte240K VM-Benchmark
Methods MAD RMSD Adtldt MAD RMSD Adtldt
Large Small Large Small Large Small Large Small Large Small Large Small
Sparse3D 173 155 30.2 276 46.7 416 23.0 219 350 335 29.2 319
Robust (Single-frame) 139 103 260 206 302 237 156 129 269 227 216 1838
Robust (Single-frame filter) 13.8 10.9 254 21.2 213 17.7 149 125 249 213 13.0 121
CLF3D 151 11.7 255 216 164 11.8 185 147 278 241 93 7.1
Robust3D 135 98 250 194 16.0 13.2 148 122 254 213 129 116
KNNLap 86 79 207 200 492 358 104 9.0 204 186 17.7 134
Nonlocal 18.2 142 287 245 31.7 269 192 159 289 250 104 9.0
DVM 20.0 13.7 383 283 250 16.2 243 179 415 31.8 20.0 169
TCVOM 193 18.6 321 293 246 266 82 73 184 164 84 6.3
CRGNN 6.7 43 179 11.1 150 97 109 6.5 221 15.0 16.0 11.3
FTPVM 9.4 79 189 156 303 220 123 96 206 17.5 204 18.0
NHVM (our) 6.4 50 154 135 109 94 90 74 188 16.0 103 7.7

for the current frame, thus possessing better ability to
solve mixed pixels. For our method, it is evident that
the first preprocessing step performs well in solving the
semantic level of opaque pixels, while the second prepro-
cessing step excels in solving mixed pixels, and the entire
solution capability of the final result is still relatively good.

For temporal coherence Adtldt, it is clear that the
two-frame Robust3D (i.e., incorporating CLF3D) aimed
at inter-frame coherence and Robust filtered in post-
processing show better performance than Robust in single-
frame, and far superior to the Robust in single-frame
sampling version. This aligns with the goal of enhancing

visual coherence. It is worth noting that the Adtldt metric
for local affinity-based methods such as CLF3D and Non-
local is perfect. It is worth noting that data-driven based
methods are not significantly different from non-data-
driven methods for Adtldt, and are even slightly inferior in
opaque regions, because feature aggregation and attention
can enhance the accuracy of the current frame, but cannot
provide significant help for inter-frame correlation. Even
the help of any loss function can only provide limited
improvement. On the contrary, affinity-based methods as
well as ours directly adopt affinity correlation and joint
solution between adjacent frames, which improves the
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temporal inter-frame metric. Finally, the pre-processing
layer of our method appears to be slightly worse for the
Adtldt of opaque regions, but the final matting results are
still optimal.

The comparison of matting results for the entire
frames is presented in Table 2, where region S in Eq.
13 corresponds to the entire frame. For clarity, Table
2 displays the two datasets separately. Note that Video-
Matte240K is a portrait dataset with a large number of
opaque pixels, while VM-Benchmark is a general object
dataset with a large number of unknown and mixed pixels
where MAD and RMSD of each method will be weaker. In
non-data-driven based methods, the affinity-based CLF3D
with a small kernel width achieves better quality in terms
of temporal coherence (Adtldt), and KNNLap based on
long-distance search has certain advantages in accuracy
(MAD & RMSD). The sampling-based Robust3D post-
processed by CLF3D also performs tolerable, even in
Robust with single-frame and with filter. Note that the
poor sampling strategy in Sparse3D leads to poor matting
quality. In data-driven based methods, DVM is limited
by the training video dataset and augmentations, and
TCVOM clearly performs well but overfits on generalized
set VM-Benchmark and cannot accurately handle portrait
set VideoMatte240K. CRGNN can still achieve better
accuracy by solving correlations between more adjacent
frames in a graph neural framework, while FTPVM, al-
though good at accurately solving opaque pixels, has no
advantage in solving the overall regions. Our proposed
method is clearly the most advantageous for the portrait
set VideoMatte240K, and still ranks second in compre-
hensive metrics on VM-Benchmark.

4.3.2. Ablations

To demonstrate the performance of each layer in the
proposed method, some intermediate levels and experi-
mental results for ablation studies are introduced against
the final result and shown in Table 3. The ablations for
Ist layer (pre-processing) have been presented in the pre-
vious section. For the comparative experiments against
the 2" layer (sampling), the following two ablations are
introduced. (a) Given that a similar sampling strategy
is proposed in our 2nd layer as shared sampling, the
original shared matting combined with our 1% layer is also
introduced. It is clear that the sampling prior in our 2™
layer significantly improves the final results compared to
the shared sampling prior, due to the use of a richer set
of optimized sample pairs for mixed pixels, as well as a
better opaque pixel scoring and classification mechanism.
Additionally, our 2" layer adopts an inter-frame sampling
framework based on optical flow, resulting in better frame
coherence. (b) Our 1st layer is also directly combined
with the 3™ affinity-based matting solver while ignoring

the 2" layer. The experiments shows that this level is
superior to the method with only sampling-based layer,
i.e., 15t +2M but inferior to the combination of sampling-
and affinity-based methods (final result). It is clear that the
sampling framework in our 2" layer could have a certain
improvement on the final results. Note that it is still weak
by using only sampling on temporal coherence Adtldt.

For our 3" layer, a method combining our 1% and
2" Jayers is employed and integrated with three different
search strategies of 3D dual-frame Matting Laplacian
for ablation study and comparison. These strategies are:
(a) nearest neighbor strategy (i.e. CLF3D), (b) medium-
distance nonlocal search strategy (denoted as NonCLF),
and (c) long-distance two-stage KNN search strategy (de-
noted as KNNCLF). It can be observed that these three
strategies with fixed search ranges perform unsatisfacto-
rily under all the evaluation metrics, whereas the adaptive
search approach proposed in our 3"¢ layer is capable of
handling various foreground boundary scenarios.

4.3.3. Comparison in individual video sequences

Figure 5 shows the comparison on MAD, RMSD and
Adtldt over various video matting methods under two
trimap types, where .S represents the full-frame set, and
the first three and last three columns represent non-data-
driven and data-driven methods, respectively. Addition-
ally, the pre-processing layer (layer 1), the pre-processing
layer combined with sampling layer (layers 1+2), and the
final result (layers 14+2+3) are also shown for compari-
son. Columns 1-25 on the horizontal axis in each metric
correspond to the 25 video sequences in VideoMatte240.
Besides, columns 26-33 on the horizontal axis of each
MAD and RMSD list the eight training sequences in the
VM dataset, and column 26-41 on the horizontal axis of
Adtldt list the above eight training sequences and eight
additional test sequences in the VM dataset. Intuitively,
these two metrics decrease as the trimap size decreases,
indicating an improvement in quality. In terms of accu-
racy, VideoMatte240 consists of only portraits, leading
to relatively smooth changes in both MAD and RMSD.
In terms of Adtldt, the effects of the two datasets are
similar. However, due to the complexity of foreground
object changes in the VM dataset, in addition to hard
foreground boundaries, it also includes soft boundaries
such as hair, translucent objects or motion blur, resulting
in relatively drastic changes in MAD and RMSD. As
discussed, compared to other methods, the performance
of our method is relatively excellent at the non-data-
driven level, and it will gradually improve from layer 1
to layer 3. For data-driven level, the proposed method is
still competitive.

G. Yao et al.: Preprint submitted to Elsevier

Page 12 of 20



The Visual Computer

x Sparse3D 1st Layer
o Robust(single-frame) o 253330 : ﬁ':r:%zgl 4 1st+2nd Layer
¥ Robust(single-frame-filter) ® 1st+2nd+3rd Layer
Large Trima Non-data-diven )
M{‘D 9 R MAD * Small;l‘nmap .
4 x *
g + & 2 o o B ae
' 3 8 a * £ - = * " O 2 * *x
B aac gy ke - sPetua"g 4
Rgx ~*_ 8 x4 i i L s B § 8 8 Iy
= A A =
* 97 x Rl -STSTI '59 2 BA 3 Ssx * 4 i*e 8220 2 ‘?}x 8 24 %
. Q:“ -gx 36‘7 ;Q;SA g5 ,.VBx + 8?2 10,_»,.. * O oxoy &L'ix’ a“"é; ai ggf.g
L - saka i3 = ° ] gEO L A b4 x A ¢ s
10‘ g@ 8 .:f i 4 _— s &, 'g ?095 6‘;"5‘854‘60 é(;axo L S
! Sg‘:ag" — 3 0.%'* A 5f E?iiggﬂ Pagerp Vi ¢ .
1 8e%g2 o ) LR > e & L] .2 *%s
‘ . 8 i b i . .
1 VideoMatte240K 25 yM Benchmark 33 1 VideoMatte24 0K 25 VM Benchmark 33
RMSD,
L * 8" " RMSD * . E
4%« Y & F 3 x X A
* ¥ B g OF g
g_u gé 8 8 .oz 5 8 sl § " 3 ax R, %
A i " : p i A X x L]
Wy B ot Bt R pd RGRC L g 87T Ot 2 s~ 58 B o7 4 ls s
fuga, L Y¥el o+ 8 Fata gDAgn, . ” 8.0, . BT 8
“'. rrgag,?w-’?;xtii $a® “ea B @ig 2t ° #*ng*git *;g*‘;xg, "8y 85 88
20 40907, ik w7 'y o | o & A % 1 s &
E aioaé feel ;. ik QQ LR .o ag‘,%*ogf._gd.’ § AoAx “i8§iz
gg % . IS - 3% Erel & et *Bae" ¢ A1
- 10t 8% 4% o8 S ®
a [ & L i ,
1 VideoMatte240K 25 yM Benchmark 33
Adtldt
QA t - o
60 L4
* o
« *
* X
o % R &%
aik o iy = ]
+ * T By »x4 « » °
* * R Sx * o %
§ % o a‘ w B o
", LI & 200 a4 %
%t 20 ¥ oe*ga* 2 §:"*<>-00mgn 638 s "3x
* & o o%s 829 o g® ﬁggeﬁ?txs B -
4 T s e N H I LU Tk
T 2%s % ﬁ. » ! ge:‘lq—
1 VideoMatte240K 25 VMbenchmark 41 VideoMatte240K 25 VMbenchmark 41
L Data-Driven
& TCVOM o
MAD o | ° CRGNN - MAD = o
25} #  FTPVM s = 201 a - 2
o ®  NHVM (our) = a
E a o & &
2 8 & W s o° n® v oo e B & L Ao .OD
151°¢, aig B .Du - g nugna w B o
LZe & * ®a *
g T AR eR e s o :,‘2 * g 05  we 5 4 ODI?
se ,u*"§ 08 X " s ® LS 0870 L Y ‘ v ﬁggggg - v_“’;av‘ ?-0 -
5F ey BUAs: 00 224,34 & "8; ﬁa.Da g“gv .® = .
. o »° g8,08%8, "a88 82 ¢ 22000080458 ,00% % o b
1 VideoMatte24 0K 25 VM Benchmark 33 1 VideoMatte24 0K 25 yM Benchmark 33
=] "
RMSD “ " 8 RMSDe , 3 o
[ o . L] * 204
ey o* ¥ . ® ¢ e * ; 03
WEe : s 3% - E *® Qeag '4 e o L u.nﬂo‘ *:9. g
* * 5 # =
] L g ;"'8;‘ od8.s ve Q: : . °® agﬁ; DD s °* s ¢ =
e ® o @ 0 ab ® 5 sy I 5 . i LBEg \ 4 aew
I o ¢ 4 & LB A ¢ 10 0.8 L] ° s ¢4 ]
10 a 0o £ ';. L] go() 08~ " ® A
o B et KD 5 o pY B BY
[ Al 4 2786
1 VideoMatte240K 25 M Benchmark 33 1 VideoMatte24 0K 25 yMBenchmark 33
Adtldts g Lo Y Adiidt, &
B o * w ¥ o a e
. Ao o = 7 odg ¥ * = o D”n
20} 7 % & « 20+ o # a
a n A
i 7%'20 2 L ] 70 ] “0 & = L] ﬁ,} : * Ta 24: - - “ no
00 g s * 8 og i a O _w ﬁ: e L] #
< Lg = oo o ie B H i
108 i ° e 8 gaw 104 o o® a Bop Vua
et 89 . Ba,0.08" * 5§85, ° @ ?e ®at L
g, o ® c~<>° "G =Ygiae o0 o® 40 e %s no. ° ey . osga' a0 3.3.
*; o a agv a g & o] #g¥0 o oe AVE aabV A
. "0 el .« i ; g<> e 00, foa e~::"ao'oﬁ~' 3 s V7
1 VideoMatte240K 25 VM benchmarl 4 1 VideoMatte240K 25 VM benchmark 41

Figure 5: Comparison on the average MAD, RMSD and Adtldt of video matting results obtained from non-data-driven based
(former 3 rows) and data-driven based (latter 3 rows) methods within two trimap sizes, across sequences of VideoMatte240

and VM-Benchmark datasets.
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Table 3

Comparison of ablation tests of our methods over three evaluation metrics and two trimap sizes on two test datasets.

VideoMatte240K VM-Benchmark
Methods MAD RMSD Adtldt MAD RMSD Adtldt
Large Small Large Small Large Small Large Small Large Small Large Small
1% layer (pre-processing) 97 78 186 166 231 187 104 9.1 200 179 114 99
1% layer 4+ Shared 98 75 383 283 250 162 11.1 89 415 31.8 20.0 16.9
It layer 4+ 2" layer 9.0 6.4 206 166 366 247 105 81 21.8 178 224 16.6
It layer + 3™ layer 74 59 321 293 246 266 98 81 184 164 84 6.3
1% layer + 2" layer + NonCLF 125 109 179 111 150 9.7 119 10.2 221 150 16.0 11.3
I*t layer 4+ 2™ layer + KNNCLF 135 12.8 142 115 200 13.0 11.7 105 176 121 93 73
1*t layer + 2™ layer + CLF3D 89 73 189 156 303 220 119 102 206 17,5 204 18.0
1% layer + 2™ layer+ 3 layer (our) 6.4 5.0 154 135 109 94 90 7.4 188 16.0 103 7.7

4.4. Qualitative comparison

In qualitative comparison of visual perception, the
results of the newly introduced single-frame methods in
the ablation experiment are excluded and the remaining
existing dual-frame video matting methods, as well as
our 1%t layer and the final results. Figure 6, Figure 7,
Figure 8 and Figure 9 show several examples among these
methods. In the first row of the input images, blue and red
lines denote the known foreground and background edges
of the input trimaps.

For non-data-driven based methods, Figure 6 and Fig-
ure 7 illustrates 5 examples extracted from a certain frame
in 5 video sequences from VM-Benchmark and Video-
Matte240 datasets respectively. Sampling-based methods
such as Sparse3D and Robust are limited by their impre-
cise sampling strategies, resulting in a significant number
of noises in the opaque results and far less ideal visual
performance. Robust3D, on the other hand, benefits from
the matting equation and has shown promising results in
solving translucent pixels. Affinity-based methods such
as CLF3D, Nonlocal are still limited by their respective
locally biased mapping benchmarks, resulting in unsat-
isfactory results for opaque regions and large pieces of
blurring in large translucent regions.

Correspondingly, KNNLap and our 1% layer on pre-
processing both utilize long-range search to discover sam-
ples with similar colors, which can more accurately lo-
cate the linear relationships between pixels. Nevertheless,
there is still a lack of precision in transparency. Our final
results benefit not only from multi-level searches but also
from the precise sampling priors and multi-level affinities,
thus achieving the best results in the precision of both
opaque and mixed pixels and visual effects.

For data-driven based methods, Figure 7 and Fig-
ure 8 illustrates 5 examples extracted from a certain
frame in 5 video sequences from VM-Benchmark and
VideoMatte240 datasets respectively. Generally, for VM-
Benchmark, due to the semantic limitations of the training

set and the neglect of matting equation, various deep-
based methods include certain errors in terms of semantics
and details, such as excessive similarity between fore-
and background, or overly wide translucent areas. For
VideoMatte240, due to the widespread applications of
portrait-based training sets and the frequently occurrence
of hard boundaries, the semantic results are generally good
among various methods. Despite some flaws, the overall
performance of our approach on both datasets can still
compete with data-driven methods.

For practical application, the corresponding methods
require the simultaneous calculation of the two compo-
nents {a, F} for each frame to be applied to the final
synthesis. Among the aforementioned methods, only Ro-
bust3D can solve the optimal foreground and background
values corresponding to the intermediate optimal sample
pairs from the sampling step, while other methods are
unable to obtain foreground. As mentioned, our sampling
step can also record the optimal foreground and back-
ground samples for the current pixel. Therefore, only these
two methods can be compared for the final synthesis ef-
fect. To this end, four representative video sequences from
the video matting dataset are selected and their {@, F} of
each frame are computed for each method.

Additionally, four high resolution backgrounds were
selected from the BG-20K dataset to serve as new back-
grounds for the synthesized images. Figure 10 shows the
synthetic frames of Robust3D and our method on four
sets of video frames. Clearly, the visual perception of
the synthesized frames by our method is significantly
better than that of Robust3D. Firstly, the a results of our
method are more precise, manifested in the absence of
many noises in opaque pixels and a more refined solution
for transparency. Secondly, the foreground results of our
method are also precise, as demonstrated in the translucent
regions of the second and third of video sets.
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Figure 6: Comparisons of 5 frames of video matting results for various non-data-driven based video matting methods in

the sequences of VM-Benchmark dataset.

5. Conclusion

Currently, data-driven methods have shown certain
advantages over non-data-driven methods in video mat-
ting, but they also present certain problems such as ignor-
ing the matting equation and imprecise temporal coher-
ence. This paper fully utilizes the advantages of non-data-
driven based approaches and proposes a non-data-driven
hierarchical framework on video matting, achieving high
matting quality in both intra-frame accuracy and inter-
frame coherence. The fundamental concept is the different

processing approaches adopted for opaque and mixed
pixels. The first layer is an affinity-based pre-processing
method for consecutive frames, which can provide more
accurate opaque samples for subsequent steps. The second
layer combines two-frame sampling with optical flow,
leveraging the precise propagation in opaque pixels to
provide priors for both opaque and mixed pixels. The
third layer employs a dual-frame affinity-based method
that utilizes the preprocessed trimap shape, selects the
most suitable search for adaptive settings of kernel width,
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Figure 7: Comparisons of 5 frames of video matting results for various non-data-driven based video matting methods in
the sequences of VideoMatte240K dataset.
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Figure 8: Comparisons of 5 frames of video matting results for data-driven based video matting methods in the sequences

of VM-Benchmark dataset.

and ultimately solves the video matting problem. Exper-
imental results and ablation studies demonstrate that the
final output of this method exhibits significant advantages
over existing methods, both quantitatively and qualita-
tively. Additionally, this method can also be adapted to
synthetic applications of virtual reality in the context of
the metaverse.
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