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Abstract
Segmentation of transparent objects from sequences can
be very useful in computer vision applications. However, without additional auxiliary information it can be
hard work for traditional segmentation methods, as light
in the transparent area captured by RGB cameras mostly
derive from the background and the appearance of transparent objects changes with surroundings. In this paper,
we present a from-coarse-to-fine transparent object segmentation method, which utilizes trajectory clustering to
roughly distinguish the transparent from the background
and refine the segmentation based on combination information of color and distortion. We further incorporate the transparency saliency with color and trajectory
smoothness throughout the video to acquire a spatiotemporal segmentation based on graph-cut. We conduct our
method on various datasets. The results demonstrate that
our method can successfully segment transparent objects
from the background. Keywords: Object Segmentation, Video Processing, Saliency Estimation

1 Introduction
Image and video segmentation have been long studied
work in computer vision. Segmentation methods segment the target object in images or videos from the background, which could provide object-level cues for applications such as object detection, object recognition, object surveillance, and human-computer interaction. In
the past few decades, lots of segmentation methods have
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been proposed and the segmentation of lambertian object has made great progress. However, little attention
is paid to the segmentation of transparent objects. As
the transparent objects borrow textures from environments, their appearance varies with backgrounds and do
not have constant characteristics, which makes segmentation of transparent objects from simply RGB images
or videos without preset assumptions of cameras hard
work.
There are also some great works which could effectively segment the transparent from the background, but
they either need information in addition to RGB or have
restrictions on application scenarios. [1] proposes a
deep learning framework called TOM-Net, which takes
only a single image as input and could output specific
transparent object mask together with attenuation mask
and refractive flow field. However, limited to the assumptions of TOM-Net that objects are colorless, their
method could not address transparent objects with colors or translucent objects. Besides, their training data
and test data mainly consists of situations that a transparent object is put in front of an image, which somehow deviates from our daily lives. [2] proposed a transparent object segmentation method based on LFD (Light
Field Distortion) [3] features, their method works well
but light-field data is hard for common people to acquire,
which makes this method not practical for common use.
In this paper, we propose a from-coarse-to-fine transparent object segmentation method which can effectively
segment the transparent object from casually captured
video. The main contributions of this paper are as follows: 1) a method to segment transparent objects in
videos which needs nearly no human interaction and
additional auxiliary information; 2) a superpixel clustering method which groups pixels based on trajectory
and a rough transparent segmentation method based on
trajectories of superpixel centers; 3) a descriptor which
tells the magnitude of local amplifying and shrinking
throughout the video; 4) a unified framework which uti-

Figure 1: Overview of our transparent object segmentation framework. The input of our method is video frames.
Optical flow is first calculated between adjacent frames to assist in constructing trajectory maps. Based
on the trajectories, we perform the trajectory-based superpixel generation and clustering, and calculate the
Local Shrinking and Amplifying Descriptor (LSAD) for each trajectory. We calculate the transparency
saliency for each frame via an intra-frame graph, which combines superpixel clustering and LSAD information. Finally, we combine transparency saliency and trajectory similarity to perform spatiotemporal
segmentation

lizes transparent saliency information to perform spatiotemporal pixel-wised transparent segmentation based
on graph-cut.

2 Related Work
2.1 Transparent object
Segmentation
Previous transparent object segmentation methods
mainly fall into three categories: 1) learning-based
method that segments transparent object from a single image using machine-learning; 2) device-dependent
method that segments transparent object from images acquired by special devices like RGB-D sensor or lightfield
camera; 3) multi-view method that segments transparent
object from a multi-view image set or video with known
camera parameters.
Learning-Based Method. [4] uses visual cues by
combining the systematic distortion in background textures occurring at the boundaries of transparent objects
and the strong highlights typical of the glass surface to
train a hierarchy of classifiers, identify glass edges and
find consistent support regions for these edges. [5] combines two complementary measures as affinity between
regions made of the same material and discrepancy between regions made of different ones to form a single
objective function and uses a geodesic active contour
framework to minimize this function over pixel labels.
These two methods work well when the background texture is relatively simple and the light distortion is slight,
but when it comes to complicated scenarios, their results
are not that satisfying which have been shown in [3]. [1]

creatively formulates transparent object matting as a refractive flow estimation problem and proposes a deeplearning framework called TOM-NET, which takes one
image as input and can output a specific object mask together with an attenuation mask and a refractive flow.
However, limited to their assumptions that transparent
objects are colorless and are placed in front of a flat image, the usage scenarios of this method are restricted.
Device-Dependent Method. [6, 7] use RGB-D images for transparent object segmentation. The depth information is employed as cues for transparency recognition. As the active light from the sensor is refracted
by glass, depth information is missing in transparent areas. [2] takes light-field images as input. Their method
combines Light Field Distortion feature [3] and occlusion information to form the pixel labeling energy function for partition of transparent objects. The results of
these device-dependent methods are pleasing with the
assistance of auxiliary information brought by special
devices. However, these special devices are not common
enough in our daily life.
Multi-View Method. [8] explores how features that
are imaged through a transparent object behave differently from those that are rigidly attached to the scene
and propose a model-based approach to recover shapes
and poses of transparent objects. However, this method
requires camera trajectory information, which is hard to
acquire for common people.

2.2 Video Segmentation
Although transparent object segmentation from the
video has not yet been explored, video segmentation techniques for the general object have made great

progress and enlighten our work greatly. Works like
[9, 10, 11] argued that motion should be analyzed
over longer periods, as such long term analysis is able
to decrease the intra-object variance of motion relative to the inter-object variance. [9] offers a framework for trajectory-based video segmentation through
building an affinity matrix between pairs of trajectories. [10] and [11] both propose clustering methods
for trajectories. These methods suffer from difficulties when different parts of the object exhibit nonhomogeneous motion patterns, which is the particular characteristic of the transparent object as lights passing
through a transparent object are distorted. Moreover,
these methods utilize appearance information which is
not suitable for transparent objects. [12] presents a
geodesic distance-based technique that provides reliable
temporal-consistent saliency measurement for pixelwise labeling. The idea of incorporating saliency information across intra-frame and inter-frame graphs to
improve saliency estimation enlightens us. However,
their saliency estimation is also intended for general objects and does not suit for transparent objects, and they
encourage partitioning spatiotemporal connected pixels
with similar color into the same object that could also
fail in case of a transparent object.

3 Constructing Trajectory
Map
Our method mainly consists of two steps: transparency saliency calculation and pixel-wised spatiotemporal transparent object segmentation. Both steps are
based on the trajectory information of the pixels
a video sequence with N frames
 Given
F 1 , F 2 , . . . , F N , we construct corresponding
N trajectory maps T 1 , T 2 , . . . , T N . Each pixel in the
trajectory map represents a node in a double linked list
τ as
τ = {pt }nt=m = {(xt , y t )}nt=m .
(1)
[m, n] denotes the frame section across which τ exists.
(xt , y t ) is one node of τ in frame Ft . T t (xn , yn ) is a
node in τ containing the information (xtn , ynt ) and
T t (xn , yn ) → next = T t+1 (xn+1 , yn+1 )
T t+1 (xn+1 , yn+1 ) → pre = T t (xn , yn ).

(2)

We construct trajectory maps by performing DeepFlow [13] for each pair of adjacent frames F t and
F t+1 and linking the matching nodes T t (xn , yn ) and
T t+1 (xn+1 , yn+1 ) according to calculated flow field.
We adopt the trajectory generation model proposed in
[11] to terminate a trajectory when occlusion or unreliable optical flow estimation occurs, and starts a new
trajectory at the termination location.

Figure 2: Tracks sampled on a regular grid. Tracks of
images passing the transparent area differ from
that of the background. Besides, there also exist differences between tracks passing through
the transparent area as shown in the blue circle.

4 Transparency Saliency
Estimation
As transparent objects borrow textures from the background and their appearance changes with camera movement, low-level features such as colors and edges contribute little to the transparency saliency estimation. Our
method takes into account the spatiotemporal trajectory
discrepancy and the local shrinking and amplifying information, which reflect the optical characteristics of
transparent objects. Motivated by [12], we combine
these two features in a unified geodesic distance-based
framework. First, each frame is partitioned into superpixels by our novel trajectory-based superpixel segmentation method as described in Section 4.1. Superpixels
are subsequently classified into background and foreground, including but not limited to the transparent area.
This procedure is performed according to superpixel
clustering based on inter trajectory similarity and inner
trajectory discrepancy. We then calculate spatiotemporal local shrinking and amplifying descriptor (LSAD)
for each trajectory as described in Section 4.2 and construct an intra-frame graph which combines information
of trajectory-based superpixel generation and LSAD for
transparency saliency estimation in Section 4.3.

4.1 Rough Transparent Object
Segmentation
As shown in Fig 2, we have two observations about trajectories passing through transparent area: 1) trajectories passing through the transparent area are generally
different from that in the background, which we can intuitively feel in our daily life; 2) in the transparent area
there exist differences between even neighboring trajectories, which is quite different from the lambertian background These two observations motivate us to utilize trajectory discrepancy to distinguish the transparent object

from the background. However, to deal with trajectory
similarity or discrepancy estimation between each pair
of pixels in a frame is a huge work. For computational
efficiency, we group pixels into superpixels in terms of
trajectory similarity. Our trajectory-based superpixel algorithm is an adaption of simple linear iterative clustering (SLIC) proposed in [14].
Simple Linear Iterative Clustering (SLIC). SLIC is
proposed for generating superpixels. It regards superpixel generation as pixel clustering and is an adaption of
k-means.
For color images in CIELAB space, the clustering
procedure begins with an initialization step where K initial cluster centers Ci = {li , ai , bi , xi , yi } are p
sampled
N /K
on a regular grid spaced S pixels apart. S =
where N is the number of pixels. Similar to k-means
SLIC then iteratively alternatively assign each pixel to
the nearest cluster center and updates each cluster cenT
ter as mean vector [l a b x y] of all pixels belong to the
cluster center. This iteration finishes when the L2 norm
residual error E between the new cluster center locations
and previous cluster center locations reaches below certain threshold η. The distance D between pixel i and
cluster center Ck is defined as
q
2
2
2
dc = (lk − li ) + (ak − ai ) + (bk − bi ) ,
q
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where λ1 and λ2 are constants for balancing the weights
between color and location.
Clustering Pixels via Trajectory Similarity. Our
trajectory based superpixel generation algorithm is an
adaption of SLIC with two modifications: 1) cluster center Ci consists of location (xi , y i ) and a trajectory τi instead of color in CIELAB space; 2) we use trajectory
discrepancy (distance) dt instead of color distance dc in
Equation 3.
Similar to original SLIC, our k initial cluster centers
{xi , y i , τi } are also initialized as samples on regular grid
spaced S pixels apart, where τi is the clone of the trajectory that pixel on sample location belong to. During each
updating iteration, the location of each cluster center is
still calculated as the mean location of all pixels that belong to it. τi is updated as ”mean trajectory” as
τi =
P
{(xti , yit )nt=m |xti =

k∈SPi

xtk

kSPi k

P
, yit =

k∈SPi

ykt

kSPi k

(4)
},

where SPi is the collection of pixels assigned to Ci and
xkt denotes pixel in Ft that belongs to τk . [m, n] is the
shared frame section of trajectories of pixels belong to
SPi .

Given pixel pi and cluster center C j in the same
frame, we first acquire the shared frame section Sij =
[m, n] of their trajectories τi and τj . For trajectory τi , we calculate its 2D flow vector list Li =
m
n
n
{(∆xm
i , ∆yi ), . . . , (∆xi , ∆yi )} in section Sij , where
t
∆xti = xt+1
−
x
.
We
get
2D
flow vector list Lj for τj
i
i
the same way. The trajectory distance dt is defined as
α1 =
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,
dt = 1 −
α3 α4
where ∆xi , ∆xj .∆yi and ∆y j denote mean values respectively. We replace p
dc in Equation 3 with dt and empirically set λ1 as 2 × N /k and λ2 as 0.4.
Transparent Superpixel Estimation. We perform
trajectory based superpixel generation algorithm again
on generated cluster centers with K = 2 and λ2  λ1
to get two clusters of superpixels. The one with more
superpixels are considered as the background for it represents the main flow. For each superpixel SPi in the
other cluster, we calculate its intra trajectory distance as
average trajectory distance from pixels in SPi to cluster
center C i . Superpixels whose intra trajectory distances
surpass the average distance times 0.8 are estimated to
belong to transparent area. We define the set of superpixels belong to transparent area in frame F t as Tt and
the rest in F t as Bt .

4.2 Local Shrinking and
Amplifying Measurement
Local Shrinking and Amplifying Descriptor describes
average scaling magnitude of neighborhoods along the
trajectory. Given a trajectory τi , the LSAD is calculated
as
LSAD(i) =
n
P
P
t t
(ds (pt+1
, pt+1
i
k ) − ds (pi , pk ))
t=m k∈Nit

(n − m)kNit k

(6)
,

where pti denotes the node of trajectory τi in frame F t .
m and n are the frame ids where τi starts and ends. Function ds (a, b) returns geometric distance between pixel a

For each frame F t , we construct an undirected
weighted graph G t = {V t , E t } with superpixels as nodes
and links adjacent superpixels as edges. The weight of
edge ij between adjacent superpixels SPit and SPjt is
defined as
Wijt = kLSAD(SPit ) − LSAD(SPjt )k

(8)

where function LSAD(SPit ) returns average LSAD of
all trajectories passing through superpixel SPit . Thus the
geodesic distance dgeo (νi , νj , G) between any superpixels νi , νj ∈ V t in graph G k can be computed as
dgeo (νi , νj , G) = min

Cv1 ,v2

Figure 3: On the top is the source frame. The left-bottom
image shows the corresponding LSAD map
before using the threshold σ. The left-bottom
image shows the LSAD map filtered with a
threshold σ. As the value of LSAD is relatively low compared to 255, to better exhibit
the LSAD map we show exp(LSAD) instead
and b. Nit denotes neighborhood of pixel pti in frame F t .
The left-bottom image in Figure 3 shows the LSAD values in for the selected frame.
To distinguish the transparent area from background
through LSAD, we need to find a threshold σ. When
LSAD(i) > σ the pixels in trajectory τi are considered
to be assigned as transparent and LSAD(i) is reserved.
When LSAD(i) ≤ σ τi is thought to belong to background and LSAD(i) is set to 0. We calculate a uniform
histogram with 255 bins for LSADs of all trajectories.
Denoting H(k) as the value at the k-th bin of the histogram and ∆H(k) = H(k +1)−H(k), we empirically
set σ as
)
(
A(σ + 1) − A(σ)
.
(7)
σ ← argmax p
(∆H(σ))2 + 1
σ∈S(H)
S(H) represents the discrete domain of the histogram
ranging from the minimum to maximum of all LSADs.
A(σ) corresponds to the slope angle at position σ and
is defined as arctan ∆H(σ) here. σ is chosen to be the
position where the curvature is maximal when regarding
histogram as the discrete samples on a curve. Having
adopted the threshold σ we get the LSAD map shown as
righ-bottome image in figure 3.

4.3 Intra-Frame Graph
Construction
Motivated by [12], we highlight superpixels that have
high LSAD values or are surrounded by superpixels with
high LSAD values.

X

t
Wmn
,

(9)

m,n

where m, n ∈ Cv1 ,v2 . For superpixel SPi in Tt , the
saliency S(SPi ) for transparent object is computed by
the shortest geodesic distance to Bt using
S(SPi ) = min t dgeo (SPi , SPk , G),
SPk ∈B

(10)

while P (SPi ) is set to 0 when SPi ∈ Bt . The transparency saliency of each pixel S(pti ) is assigned as the
transparency saliency of the superpixel it belongs to.

5 Pixel Labeling Energy
Function
In this stage we perform the spatiotemporal transparent object segmentation task based on the transparency
saliency estimation results from Section 4. We formulate
the segmentation task as a pixel labeling problem. Each
pixel pti in frame F t takes a label lit ∈ {0, 1}, where 0
corresponds to background and 1 corresponds to transparent object. A labeling L = {lit }t,i of pixels from all
frames represents the partition of the video. Similar to
previous segmentation works [2, 15, 16, 12], we define
an energy function for labeling L as
F(L) =

X

T t (lit ) + κ1

t,i

+ κ2

X

V t (lit , ljt )

i,j∈Ns

X

W (lit , ljt+1 ),
t

(11)

i,j∈Nt

where the spatial neighborhood Ns consists of adjacent
pixels in eight directions within the same frame and
the temporal neighborhood Nt consists of the forwardbackward nine pixels in adjacent frames which center on
the pixel that belongs to the same trajectory, and i, j are
indices of pixels. The energy function consists of one
unary T t term and two pairwise terms V t and W t . T t is
intended for evaluating the saliency of belonging to the
transparent area according to the results from Section 4.
V t and W t encourage spatial and temporal smoothness

respectively. The constant parameter κ1 and κ2 are used
for trading off between weights of the three terms. The
energy function is optimized using graph-cut [17].
Transparency Saliency Term T t . The unary transparency saliency term T t penalizes assignments of pixels with low transparency saliency to the transparent
area. We define it as
(
t t
expS (li )
if lit = 0
t t
,
(12)
T (li ) =
t t
exp−S (li ) if lit = 1
Smoothness Terms V t and W t . V t and W t impose
label smoothness by constraining segmentation labels to
be both spatially and temporally consistent. Different to
smoothness terms in most other segmentation algorithms
that favor assigning the same label to pixels with similar
color, our spatial smoothness term favor assigning the
same label to pixels that have similar trajectories. As
transparent object borrows texture from background thus
making its appearance similar to the background, it is
not suitable to favor assigning pixels with similar color
the same label. Our spatial smoothness term V t between
adjacent pixels pti and ptj is defined as:
(
V

t

(lit , ljt )

=

expdt (τi ,τj )
0

if lit = ljt
,
if lit 6= ljt

(13)

where τi and τj are the trajectories that pixels pti and ptj
belong to respectively and dt (τi , τj ) is the trajectory distance described in Section 4.1. Similarly W t is defined
as
(
expdt (τi ,τj ) if lit = ljt
t t t+1
W (li , lj ) =
.
(14)
0
if lit 6= ljt

6 Experiments
In this section, we represent our experimental results and
analysis. As there exist no specially designed common
datasets for evaluation of transparent object segmentation in videos, we captured some videos which contain transparent objects by ourselves and manually determined the ground truth. We also transformed each
light field image from datasets provided by [2] into video
in organized frame sequence for comparison with the
method proposed in [2]. We demonstrate our transparent object segmentation method on various scenarios, including single and multiple objects with different
backgrounds, and compare the results with methods described in [1, 12, 2].

6.1 General Settings
Parameters for Methods. For the trajectory-based superpixel generation and SLIC procedure in our method,

we empirically set the iteration termination threshold η
as K × 0.2 which made a trade-off between pleasant
superpixel generation results and time-consuming. We
also empirically set λ1 = S and λ2 = 0.4 for trajectorybased superpixel generation and λ1 = S and λ2 = 200
for SLIC. We use a four-direction neighborhood for Nit
employed in equation 8 which is enough for ideal LSAD
results. κ1 and κ2 utilized in Equation 11 are set as 1 and
2 respectively which encourages temporal consistency a
little more.
We applied default parameters for saliency-aware
video object segmentation [12]. For tractability we directly employ the pre-trained model afforded online by
Chen et al. [1]. As for transcut [2] we directly referred
to the results described in the paper as this method does
not suit for our casually-captured video datasets.
Measurements for Evaluation. We use the same
quantitative measurement for evaluation as described in
[2] for all experiments in this section. The metric is the
harmonic mean of the precision (Pr) and recall (Re) defined as
2 × P r × Re
,
(15)
F =
P r + Re
where Re =
T P /(T P + F N ) and P r =
T P /(T P + F P ) (TP = True Positive, FP = False Positive, FN = False Nagetive).

6.2 Results on
Casually-Captured Video
All videos applied in this subsection were captured by a
smart phone. During capturing, we ensured that the entire transparent objects were captured by each frame and
there were relative vertical and horizontal translations.
For each video, we only clipped 75 frames out for experiments in this subsection and manually labeled the pixels
in the 37-th frame for ground truth. We captured three
different kinds of transparent objects with four different
background scenes.
We compare results of our methods on these videos
with that of saliency-aware video object segmentation
[12] and TOM-Net [1]. As TOM-Net only requires a
single image, we selected the 37-th frame of each video
which has manually labeled ground truth as input for the
two methods. Fig 6 shows the results of the same transparent object in different scenes, and Fig 4 shows the
results of the same scene with different objects. TOMNet only recognized a small part or even nothing of the
transparent ball but sometimes segmented the colored
cup and the wine glass relatively well, although TOMNet was considered not suitable for colored transparent
objects. This is probably due to the method assumes that
transparent objects are placed in front of a flat image
and there are no similar objects like a transparent ball
in their training dataset. As saliency-aware video object
segmentation is not designed for transparent objects, the

source image
TOM-Net
Saliency-aware
Ours
GT

Figure 4: Qualitative transparent object segmentation comparisons between our proposed method and the state-ofthe-art on the same objects in various scenes.

Figure 5: Results of our method compared to transcut on
light-field dataset. From left to right are source
image, result of our proposed method, result of
transcut and the ground truth.

corresponding results were not that ideal. We compare
our methods with saliency-aware video object segmentation here to evaluate our transparency saliency with
conventional video saliency. Quantitative evaluation is
tabulated in Table 1.

6.3 Results on Light-Field Image
Thank Xu et al. [2] for affording light-field datasets applied in their paper. We only compare our method with
transcut in this subsection. We transformed the lightfield images into videos so that we could demonstrate
our method. Some results are shown in Fig 5. It can be

seen that transcut shows advantages of light-field data.
As the sub-images of the light-field data are kind of
fuzzy and our method could not make use of the four
dimension information provided by light-field, our segmentation results are not pleasant. The specular desktop
is remained by our method but not by transcut since transcut probably removed textureless area for better optical
flow results as described in [2].

7 Conclusion
In this paper, we propose a method to segment transparent objects from videos. Unlike conventional transparent object segmentation methods, our method does
not rely on special devices or auxiliary information. We
utilize trajectories to perform superpixel generation and
clustering and proposed Local Shrinking and Amplifying Descriptor which could, to some degree reflect the
light distortion effects caused by the transparent object.
The two information is subsequently combined through
an intra-frame graph to calculate transparency saliency.
Finally, we conduct a spatiotemporal segmentation via
graph-cut based on transparency saliency. Results show
that our method could generate pleasant segmentation
results. In the future, we are going to utilize the illu-

source image
TOM-Net
Saliency-aware
Ours
GT
Figure 6: Qualitative transparent object segmentation comparisons between our proposed method and the state-ofthe-art on the various objects in the same scene.

mination decomposition technique [18] for better segmentation performance and study transparent object reconstruction based on 3D reconstruction methods like
[19, 20, 21, 22, 23, 24, 25]
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TOM-Net
SVOS
Our proposed

F-measure
0.32
0.39
0.72

Recall
0.28
0.40
0. 85

Precision
0.43
0.38
0.62

Table 1: Quantitative comparison of three methods. The results are averaged over casually-captured dataset

