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RotateView: A Video Composition System for
Interactive Product Display
Shan An, Si Liu? , Zhibiao Huang, Guangfu Che, Qian Bao, Zhaoqi Zhu, Yu Chen, Dennis Z. Weng

Abstract—Product display in e-commerce commonly uses static
images or videos. In this paper, we design a novel video composition system ”RotateView” which displays real-world products
videos on the mobile phone in an interactive and 3D-like way.
The system (1) estimates the rotation direction of products using
optical flow, (2) segments products using an improved version
of Online Adaptive Video Object Segmentation (iOnAVOS), (3)
adjusts motion and color for composition. The rotation direction
estimation methods are evaluated on a video dataset of 1500
rotated videos that are uploaded by sellers, and on our collected
real-world video object segmentation (RVOS) dataset. On our
RVOS dataset, experimental results show an improvement in
segmentation over the state of the art. Moreover, the proposed
algorithms for motion and color adjustment are evaluated using
extensive user studies. The RVOS dataset can be downloaded
via https://realvos.github.io/ for further studies and code will be
made available.
Index Terms—video object segmentation, optical flow, video
composition.

I. I NTRODUCTION

V

IDEO object segmentation for moving mobile phone in
real-world is not well studied according to our literature
review. Former researches [1], [2], [3] mainly focus on videos
captured by high-quality cameras with smoothing motion, or
static, such as DAVIS dataset [4] and YouTube-Objects [5],
[6]. A video shot captured by a moving mobile phone usually
has large motions, occlusions and other complexity, which are
hard for object segmentation. If a product can be segmented
well and captured in a rotation manner, we can change a
new background to display the object, then customers can
see the product in the video frames in different angles on
mobile phone. It is meaningful in e-commerce for displaying
products. It is very tedious and time-consuming to annotate
all the frames, even for a product video which usually contains dozens of frames. One-shot Video Object Segmentation
(OSVOS) method [2] uses one annotated frame to segment
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videos. Online Adaptive Video Object Segmentation (OnAVOS) method [3] adds online adaption scheme that combines
the annotated first frame and the segmented mask in the last
frame for the current frame segmentation. However, for a
product video captured by moving mobile phone, the shape
of the products will be changed during rotating, while these
two methods can not segment the product very accurately.
In this paper, we proposed a system framework for video
composition that can be used for products display and published a dataset of real-shot videos, which is the first realworld video object segmentation dataset (RVOS) captured by
mobile phone. Three optical flow based rotation direction
estimation methods are proposed to change the order of frames
to rotate in a clockwise direction. An object segmentation
algorithm named iOnAVOS is proposed to improve the state
of the art performance of segmentation on RVOS, by adding
more information of the previous segmented frames for current
frame segmentation. Since shaking will be inevitable during
video shot, and the product may not be located in the center
of the video images, we design a novel method to adjust the
scale and location of the segmented product. When the camera
rotates around the product, the change of light may cause
the difference of color between different frames. We adopt a
color mapping algorithm to maintain the color consistency of
products. To the best of our knowledge, it is the first attempt to
composite product images in a video, which allow customers
to see products in an interactive and 3D-like way.
This paper is organized as follows. The related work is
viewed in Section II. Section III introduces the proposed video
composition system. Experiments are shown in Section IV to
validate the effectiveness of our method. Finally, our paper is
concluded in Section V.
II. R ELATED W ORK
Optical flow based motion estimation: Optical flow,
which establishes correspondence between two frames in a
video sequence [7], [8], [9], has been used to estimate large
motions of small structures [8] and smooth each motion
profile independently by enforcing strong spatial coherence
in SteadyFlow [10]. By combining modern optimization and
implementation techniques, the classical flow formulation
perform well in the quantitative analysis [9]. Optical flow
based motion estimation algorithms have been widely used
for video segmentation [11], [12], [1], with the characteristic
of maintaining object boundaries and temporal consistency.
For the purpose of primary object segmentation [1], optical
flow data [13] can be used for obtaining the motion edges
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Fig. 1. Example result of our system: the product is segmentated and composited with a new background. When the customer browses the product on mobile
phone, the left side of the product can be seen when rotates left and the right side can be seen when rotates right. Top row: the original frames of video 0039
in our RVOS dataset. Bottom row: the composition results. One every 2 frames shown of first 32 frames in the selected frames of the video.

for over-segmentation. An convolutional neural network [12]
based algorithm using one branch of optical flow to estimate
motion information can jointly obtain optical flow and predict
object segmentation in videos.
Unsupervised Video Object Segmentation: Based on
saliency [14], [15], superpixel [16], [17], optical flow [18],
[12] or object proposals [19], [20], many object segmentation
algorithms without prior knowledge have been proposed in
recent years. By formulating segmentation into the problem of
two-class labeling of the primary object and the background, a
related task has been focused on the segmentation of primary
object which appears frequently and saliently in videos [21].
By using six kinds of saliency maps, the algorithm in [22]
employs saliency scores in each frame to generate candidate
boxes. By refining initial regions and delineating primary
object in each frame, another segmentation algorithm named
ARP [1] outperforms other unsupervised VOS algorithms on
the DAVIS datasets [4].
Semi-supervised Video Object Segmentation: Different
from the above-mentioned unsupervised VOS algorithms, most
semi-supervised VOS algorithms propagate the information
of the initial mask into the following frames [23], [24] by
enforcing temporal consistency in video sequences. An active
learning framework is proposed to provide the user with the
most valuable frame to annotate and using the annotations in
the next segmentation iteration [25] . The state-of-the-art semisupervised VOS algorithms use one-shot deep learning to process each frame of a video independently [2], [3], where oneshot means the only available information to segment an object
is the foreground and background segmentation in one frame
of the video. Among them, OSVOS [2] employs the first frame
with annotations and the generic semantic information learned
on ImageNet [26] to fine-tune the pretrained convolutional
neural network. OSVOSS [27] extends OSVOS by adding
explicit semantic information to the model of the object, which
uses an instance-aware semantic segmentation algorithm [28]
to extract object masks in each frame. OnAVOS [3] improves
OSVOS by adopting an additional objectness pre-training step
and using online updates to adjust to changes in appearance.
Image and Video Composition: Image composition has
been an active research topic in computer graphics and computer vision communities. It includes alpha matting, color and
tone harmonization. Alpha matting methods, e.g. the closed
form matting [29] and the KNN matting [30], can obtain smooth natural transitions over the composite region by extract-

ing an alpha matte of foreground given a trimap of the image.
Some color and tone harmonization techniques [31], [32] have
been proposed with the purpose of matching well the apparent
differences between foreground and background regions. An
end-to-end deep image harmonization network [33] can obtain
both the context and semantic information of the composite
images during harmonization. For video composition, early
studies [34] designed a global motion compensation algorithm
using feature blocks for slight moving camera situations. The
global motion parameters of user generated video can be
estimated using the template matching [35]. Motion blur and
camera shake due to scene complexity or video quality in
composition can be solved by a motion-aware gradient domain algorithm [36], which takes spatio-temporal and motion
inconsistencies of the source and target gradients into account.
A novel system called VideoPuzzle [37] is proposed to collect
content-consistent video clips and compose them into a long
clip in a seamless manner, which is different from our system.
III. S YSTEM D ESIGN
Our system builds on several previous areas from the above.
The rotation direction of products is estimated using optical
flow. Semi-supervised VOS is used to segment products. We
also propose methods to improve motion and color consistency. The system is illustrated in Figure 2.
A. Rotation Direction Estimation
For the purpose of online product display, usually only one
product is displayed in one video, so in the paper we focus on
the problem that each video only contains one object. When
we extract the frames from a video and show the frames on a
mobile phone, the direction of rotation of the product should
be clockwise, that is, the mobile phone camera should rotate
counterclockwise. When the customer browses products, this
will ensure the left side of the products can be seen when the
mobile phone rotates left and the right side can be seen when
the mobile phone rotates right. All counterclockwise rotating
products will be changed the order of frames to rotate in a
clockwise direction to make them suitable for showing on a
mobile phone.
There are commonly two types of product videos, denoted
as Case 1 and Case 2. In Case 1 the videos are uploaded
by different sellers with products rotating and the camera
remaining static (see Figure 3), while in Case 2 the products
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Fig. 2. Illustration of our system. (a) R-Method using TinyNet [38] for rotation direction estimation. TinyNet is a fully convolutional network with 16
convolutional layers and the size of convolution kernels is 1 × 1 and 3 × 3. Each convolution layer is normalized using a batch normalization layer and
followed by the ReLU activation function. (b) Segmentation results of our iOnAVOS algorithm. The red masks stand for the segmentation results. (c) Motion
and color adjustment for video composition.

are uploaded by buyers to share and the products remain static
and the camera rotates (see Figure 5). In this paper we propose
an optical flow based method to estimate the direction of
rotation, which treats the problem as a type of classification
problem. It only relates to the relative rotation between the
product and the camera, so it is suitable for both Case 1 and
Case 2.
Optical flow is the instantaneous velocity field generated
by the motion of pixels on the moving target, and carries the
motion information of the moving target. There are two assumptions when using optical flow, i.e., the change of lighting
between two frames is stable and the shift of target position
is small, and our product videos satisfy those assumptions.

Fig. 4. The grayscale images of two product videos in Dataset B and Munsell
color-coded optical flow images (left 5 column). The average color-coded
images are shown in the right column.

Fig. 3. The first frames (top) and the average color-coded optical flow
images (bottom) of three videos in Dataset A, whose rotation type is Case 1.
Clockwise, counterclockwise and not rotating from left to right.

R-Method: Classifying average color-coded optical flow
images
The Farnebäck algorithm [39] is employed to generate dense
optical flow fields of the product video, and a video with N
frames will generate N −1 optical flow fields. The consecutive

frames are firstly converted into grayscale images. The dense
optical flow calculates the offset of all points on the image,
and the resulting optical flow is a two-channel image with the
same size as that of the original image.
Then, we use the Munsell Color system [40] to visualize
the two-channel optical flow image, whose value is mapped
to 0 to 255 based on the vector angle and mode of the optical
flow points. For a video with N − 1 optical flow images we
calculate the mean value of the RGB channels to form one
average color-coded image. After collecting those images as
training data, we use deep convolution network (CNN) for
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Fig. 5. Examples of our RVOS dataset, whose rotation type is Case 2. One every 2 frames shown of first 32 frames in the selected frames of the video
0024 (top), 0092 (middle) and 0125 (bottom) of the RVOS.

classifying. We choose TinyNet [38] for our system, since it is
extremely computation efficient and suitable for mobile phone.
We show the first frames of three example videos of Dataset A
and their average color-coded optical flow images in Figure 3.
And in Figure 4, the grayscale images of two product videos
in Dataset B and Munsell color-coded optical flow images and
their average color-coded images are shown.
B. Video Object Segmentation
After estimating the rotation direction of products by the
above-mentioned optical flow, we use the semi-supervised
scheme for object segmentation by improving the recently introduced OnAVOS [3] algorithm. The scheme uses the human
annotated mask of the first frame. Since there are various kinds
of products whose color may be same as the background in
the videos, the unsupervised algorithms may fail to segment
the object. We also tried some interactive methods such as
grabcut [41] and superpixel [42] to obtain the mask of the
first frame, but the first frame can not be segmented correctly.
Therefore, we employ the human annotations of the first frame
for the segmentation.
By updating the segmentation network online using onlineselected training examples, OnAVOS overcomes the drawbacks of the OSVOS [2] that does not adapt to large changes
in object appearance. We pre-process the object segmentation
using OnAVOS with the following four networks: Base Network, which is pre-trained on the ImageNet [26] dataset to obtain the representation of objects and provide an initialization
for the following task. Objectness Network, which is pretrained for pixel ”objectness” on a PASCAL [43] dataset. All
20 annotated classes are mapped to the foreground and other
image regions are treated as background. Domain Specific
Objectness Network, which is fine-tuned on the DAVIS and
our RVOS training data. Test Network, which is fine-tuned
on the ground-truth mask of the first frame of the object to
specifically obtain the appearance of the object.
Base network is trained on ImageNet [26], Microsoft COCO [44], and PASCAL [43], using a ResNet [45] with 38
hidden layers. The details of the base network architecture is
as the description in [46]. The core contribution of OnAVOS
is the online adaption which uses pixels with very confident

predictions as training examples. During online updates, pixels
are labeled as positive examples, negative examples or “don’t
care” pixels according to the pixel selection scheme [3]. To
avoid drift, the first frame is mixed as additional training
examples during the online updates.
From the online adaptive scheme we know that OnAVOS
only uses the first frame and the last predicted object mask
for the current frame segmentation during the online updates.
While in the videos with rotating products, cameras move
slowly but unevenly, and the shape and color of products may
change dramatically, which causes the difference between the
first frame and the subsequent frames. We found the similarity
of the current frame and previous segmented frames is higher
than that of the first frame. Thus, we propose a VOS algorithm
that adds multi-frame fusion scheme to adapt the use for object
segmentation of real-world product videos. Inspired by the
video shot boundary detection algorithms [47], our proposed
algorithm combines the first frame, the last predicted object
mask, and the intermediate boundary frame masks for the
accurate segmentation of the current frame. The boundary
frame is the frame which shows great difference with the
previous boundary frame, and the first frame is defined as
a boundary frame in any videos. Since our algorithm is an
improved version of OnAVOS, we name it as iOnAVOS.
Two methods (denoted as V-Method 1 and V-Method 2) are
proposed to update the mask of the boundary frame.
V-Method 1: Using the segmented masks
A mask image can be obtained after video segmentation, and
the mask image has background region and foreground region
with pixel value 0 and 255, respectively. Suppose that the
current frame is the i-th frame in the video, the last predicted
object mask is Mi−1 and the mask of last boundary frame is
Blast . We initialize B1 using M1 .
We calcualte the difference between Mi−1 and Blast by:
d = kMi−1 − Blast kF

(1)

where k · kF is the Frobenius norm. If d is bigger than an
empirical threshold value η, we update Mi−1 as the mask of
new boundary frame Bnew ; otherwise, Bnew is set to Blast .
V-Method 2: Using bounding box
For each video, we calculate the boundary frame threshold
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Fig. 6. Qualitative results: Segmentation results of our iOnAVOS algorithm. One every 2 frames shown of first 32 frames in the selected frames of the
video 0196 (top row), and 0066 (bottom row) of the RVOS. 0196 gets the best mean J and 0066 is worst result.

ζ offline. Firstly, we define the rectangular region that covers
the pixel region of the original image as the bounding box b,
and b = µ×b1 where b1 is the bounding box that covers the
pixel region with pixel value 255 of the annotated mask of the
first frame and µ is a scaling factor. With the bounding box b
we denote the pixel region of the t-th frame as Pt , then the
boundary frame threshold ζ can be obtained by:
ζ=

N
1 X
kPt − Pt−1 kF + std({kPt − Pt−1 kF }N
t=2 ) (2)
N t=2

where std(·) stands for the standard deviation and N is the
number of frames in a video.
By initializing the boundary frame using the first frame and
calculating the difference between each frame and the last
updated boundary frame, if the difference is bigger than ζ, we
suppose that the frame belongs to the boundary frames and
add the index of the frame into the index list of the boundary
frames. Finally, for each video we get its offline boundary
frames index list.
For the online segmentation of the i-th frame, we search for
the boundary frames index list in the range of [2, i − 1] and
find the index of the mask of boundary frame, which will be
used for the segmentation.

will impact the visual effect. Empirically, the inconsistency
of the successive segmented product frames usually comes
from the variational change of scale and centroid location of
product. We propose a novel algorithm to reduce the shaking
of the product in videos, smooth the motion of the product
before composition, and adjust product location to the center
of the composited video. To the best of our knowledge,
there are no existing literatures having the motion adjustment
post-processing, especially for the purpose of adjusting the
segmented object location to the center of the composited
video.
The algorithms to improve the consistency of scale and
location of product are described in the following:
Consistency of scale: Suppose that we have a video
V = {I1 , · · ·, IN }, where N is the number of frames. The
corresponding segmented mask is V̂ = {M1 , ···, MN }. Since
a mask is a binary image with value 0 and 255, for the i-th
mask, we can obtain the area of the region with pixel value
255 by:
X
Si =
Mi /255
(3)
We smooth the area by averaging S1 to Si , using:
Ŝi =

i
X

Sk /k

(4)

k=1

C. Composition
The state of art video composition methods commonly use
alpha matting [30] to smooth the composition region and global lighting to adjust color [33]. However, in our experiments
these methods do not perform well. To meet the demand for
product display in e-commerce, our video composition process
does not include the alpha matting methods, instead, we place
the foreground product directly on the background image. We
use static images as background, not dynamic videos, because
when showing products, the products occupy the main area,
therefore change in the background is not important. There are
two main factors that affect the performance of composition:
(a) the shake of the camera causes the product appearing
to be near and far, deviating from the center and jittering;
(b) the change of light causes the inconsistency of color.
Our composition procedure deals with those two problems
and includes two steps, i.e., motion adjustment and color
adjustment.
1) Motion adjustment: Real-world video shots of a product will inevitably shake due to camera motion, thus, the
displayed product after segmentation will also shake, which

Then we can obtain the area changing ratio r = Si /Ŝi , √
and
the aspect ratio of each dimension of Mi denoted by α = r.
Finally we can perform the image scaling with aspect ratio α.
The segmented object contains various pixels due to various
shapes for different views. Our scale consistency method will
ensure the smooth scale changing of the products during the
rotation, which is achieved by averaging the area S1 to Si .
This will partially eliminate the camera shake and improve
the visual effect.
Consistency of location: The region of interest (ROI) in
mask Mi is a rectangular region that covers the pixel region
with pixel value 255. For an image I with size m × n, we
reshape the pixel value matrix into a vector vmn×1 and put
the corresponding coordinates in matrix Pmn×2 . Then we
calculate the centroid location of ROI by:
C=

vT · P
kvk1

(5)

where T represents the transpose and k · k1 is the L1 norm.
We calculate the offset between the centroid location of
ROI and the center of the composited background image,
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Fig. 7. Motion adjustment of video 0017 (Top row) and video 0072 (Bottom row) of the RVOS dataset. One every 2 frames shown of first 32 frames in the
selected frames of the video. Green masks indicate final results.

then move the product to the center with the offset. The
product will be at the center of video, meanwhile maintain
stabilization. Two examples can be seen in Figure 7. We can
see that our location consistency method works well for both
two videos, particularly obvious for video 0072. The location
of the product is adjusted to the center of the video.
2) Color adjustment: Due to the impact of light during the
video shooting for products, the hue and brightness of the
products in videos will change. The color consistency we talk
about here is that the color of the product in the video is as
close to the first frame as possible, i.e., we adjust the color of
the subsequent frames according to the first frame, so that the
consistency is maintained.
We test three color adjustment algorithms, i.e., low-light image enhancement (LIME) [11], automatic content-aware color
and tone stylization (ACACTS) [12], and Monge-Kantorovitch
linear colour mapping (MKL) [48]. We finally choose the
MKL algorithm to improve color consistency of product video
sequences.
The main procedure of color adjustment is to map the color
of the annotated mask area of the first frame to the predicted
mask area of the subsequent frames as follows: assume that the
color distributions of the reference image (the annotated mask
area of the first frame) and the original image (the predicted
mask area of the subsequent frames) both follow a Gaussian
distribution, then we solve a linear mapping function so that
the color distribution function of the original image is the same
as that of the reference image [48].The experimental results
shown in Figure I indicate that the motion and the color of
the subsequent frames can be well-adjusted by our algorithm.
IV. E XPERIMENTAL VALIDATION
We evaluate the three components of the proposed video
composite system independently. We collect two datasets for
experiments: Dataset A has 1500 product videos that are
uploaded and owned by sellers, and the rotation type is Case
1. Dataset B is our collected RVOS dataset with 200 videos,
and the rotation type is Case 2. In the following experiments,
Dataset A is only used to test the algorithms for rotation
direction estimation, while Dataset B is used during the whole
experiments.
Among the 1500 videos in Dataset A, the number of videos
with a product rotating clockwise, rotating counterclockwise
and staying static is 500 in each instance. In those videos,
the cameras all stay static while products rotate or stay static.

Most of the videos have white or pure color background, thus,
they do not need the process of VOS. About 38 frames are
selected uniformly in each video, and all images in the videos
are resized to 400 × 400.
RVOS is the first real-world video object segmentation
dataset. It consists of 200 short videos, which focus on
common objects in family or office. The dataset is challenging
because the objects in these videos vary wildly in their
categories. There are change of lighting, occlusions and other
complexity. The videos are captured in portrait using mobile
phones. This dataset are all real-world products videos, which
can well reflect the shooting habits of real-world users. About
38 frames are annotated which are selected uniformly in each
video, same as Dataset A. Every frame is rotated and resized
to 854 × 480, which is 480p resolution.
TABLE I

P RECISION FOR ROTATION DIRECTION ESTIMATION OF DATASET
A.

Clockwise Counterclockwise Not Rotating

Precision
AlexNet [49]
GoogleNet [50]
MobileNetV2 [51]
ShuffleNet [52]
TinyNet [38]

81.4%
83.9%
85.9%
86.0%
98.0%

62.2%
82.1%
88.6%
94.5%
99.0%

80.0%
72.5%
91.5%
98.5%
99.5%

TABLE II

P RECISION FOR ROTATION DIRECTION ESTIMATION OF DATASET
B.
Precision
AlexNet [49]
GoogleNet [50]
MobileNetV2 [51]
ShuffleNet [52]
TinyNet [38]

Clockwise Counterclockwise Forward Time(ms)
99.0%
100.0%
100.0%
100.0%
100.0%

70.7%
98.0%
91.9%
97.0%
99.0%

4.08
10.94
9.45
8.62
5.02

A. Rotation Direction Estimation
For Dataset A, each rotating type has 500 videos, of which
300 videos are chosen for training and other 200 videos for
testing. The classification performance is compared against
several off-the-shelf CNN models such as, AlexNet [49],
GoogleNet [50], MobileNetV2 [51], ShuffleNet [52] and
TinyNet [38]. The models are all trained for 200 epochs.
From Table I we can see, R-Method get the best results
using TinyNet [38], and the precisions of estimating three rotation directions are all higher than 98%. The ShuffleNet [52]
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is the second best network for this task. For clockwise rotation
estimation TinyNet achieves 12 points improvements over
ShuffleNet [52], and for counterclockwise and non-rotating
rotation estimation TinyNet also has a higher precision than
other networks. TinyNet uses mostly convolutional layers
without the large fully connected layers at the end, which is
faster and more accurate.
For Dataset B, there are 200 clockwise rotating videos,
and 200 counterclockwise rotating videos that are obtained
by changing the order of frames. For each rotating direction
we use 100 videos for training and 100 videos for testing.
The training dataset and testing dataset do not overlap, and
each video consists of different content. We resize all frames
to 128 × 128. When using ShuffleNet [52] in R-Method, the
precision for estimating the clockwise and counterclockwise
rotation direction reaches 100% and 97%, respectively; while
the precision is 100% and 99%, respectively, when using
TinyNet [38], as shown in Table II. Further, we can see
that the clockwise pattern is classified more easily, therefore,
using all networks will achieve precision above 99%. Our
deep convolution network performs well on both datasets.
The average elapsed time of generating an average colorcode optical flow image of a video is 240 ms. The elapsed
time of forwarding pass of ShuffleNet and TinyNet is 4
ms and 5 ms, using a NVIDIA Tesla P40 GPU card. The
experimental results on Dataset A and Dataset B show that
our proposed R-Method can estimate the rotating directions
efficiently and accurately. The good performance for rotation
direction estimation is because the average color-coded optical
flow image well reflects the rotating pattern and makes for
easier for classification.
B. Video Object Segmentation
Our experiments are carried on the Dataset B. Videos in
Dataset A are uploaded by sellers. They usually have simple
background and do not need segmentation. While Dataset B
focuses on common objects in family or office, those videos
are uploaded by users and have complicated background, so
they need segmentation and composition for better display
performance. Three methods are used for evaluation: region
similarity in terms of intersection over union (J ), contour
accuracy (F), and temporal instability of the masks (T ). All
evaluation results are computed on the validation set, which
has 50 videos.
We compare our V-Method 1 and V-Method 2 with two
state-of-the-art methods, OSVOS [2] and OnAVOS [3]. We
test the performance of our methods in the conditions of
different iterations and with CRF post-processing or not.
The step of CRF is carried out by per-frame post-processing
using DenseCRF [53]. CRF is a conventional post-processing
method for video object segmentation and most of the VOS
algorithms have the CRF module to improve the precision.
For V-Method 1, the parameter η affects the number of
generated boundary frames, so that higher η will reduce the
number of boundary frames, and vice versa. For V-Method
2, the parameter µ is a scaling factor, which is selected
according to the size of object relative to the video frames.
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An appropriate µ should satisfy this condition: the zoomed
out region of interest should cover the rotated products in most
cases. The threshold value η is set to 0.02 in V-Method 1 and
µ is set to 1.2 in V-Method 2.
In the first part of the video object segmentation experiments, we directly use the pre-trained model of DAVIS. Our
proposed method reaches 93.5 in terms of region similarity
J , and is 1.0 point better than the state-of-the-art OnAVOS.
Our recall of J is 1.4 points above OnAVOS. We can see
that with the increase of iterations, the performance will be
better, and after adding CRF, the performance will be further
improved. Our method is significantly better than the OSVOS
because of the online adaptive scheme. The results can be seen
in Table III.
TABLE IV

D IFFERENT PARAMETERS FOR E XPERIMENTS
Parameters

V-Method 2-1

V-Method 2-2

V-Method 2-3

adaptation learning rate

0.000005

0.000005

0.000001

posterior positive threshold

0.9

0.97

0.97

TABLE V
E XPERIMENTAL RESULTS OF 3 DIFFERENT PARAMETERS
CONFIGURATIONS .
V-Method 2-1 V-Method 2-2 V-Method 2-3
Measure
Mean M ↑
Recall O ↑
Decay D ↓
Mean M ↑
Recall O ↑
Decay D ↓
Mean M ↓

J
F
T

ori

+crf

ori

+crf

ori

+crf

92.6
98.0
7.0
92.2
97.2
10.0
13.4

93.1
98.0
6.6
92.3
97.3
9.7
13.9

94.5
100.0
3.7
94.2
99.6
7.0
12.2

95.0
100.0
3.3
94.3
99.7
6.6
13.3

94.5
99.1
2.8
94.0
98.5
6.6
13.8

94.8
99.1
2.7
94.0
98.5
6.8
15.4

TABLE VI
RVOS VALIDATION 2: I O NAVOS VERSUS THE STATE OF THE ART, WITH
CRF POST- PROCESSING (+ CRF ) OR NOT ( ORI ). A LL ALGORITHMS ARE
PRE - TRAINED USING DAVIS AND RVOS.
V-Method 1
Measure
J
F
T

Mean M ↑
Recall O ↑
Decay D ↓
Mean M ↑
Recall O ↑
Decay D ↓
Mean M ↓

V-Method 2

OnAVOS [3]

ori

+crf

ori

+crf

ori

+crf

94.5
99.3
4.2
94.4
98.6
7.5
12.0

94.9
99.3
3.9
94.5
98.6
7.2
13.1

94.5
100.0
3.7
94.2
99.6
7.0
12.2

95.0
100.0
3.3
94.3
99.7
6.6
13.3

93.5
98.9
3.7
94.3
98.6
6.8
14.0

94.0
98.9
3.8
94.3
98.7
6.7
14.4

In the second part of experiments, the model is pre-trained
using DAVIS and RVOS. Experiments with three different
parameters configurations (Table IV) of V-Method 2 were performed, and the results in Table V showed that the parameters
in V-Method 2-2 was the best, thus we used this parameters
configuration in our paper. Our best result is 95.0 in terms of
region similarity J , which is 1.0 point above OnAVOS. And
the recall and decay of J are also better. The results can be
seen in Table VI. It can be seen that using both DAVIS and
RVOS for pre-train is better than using DAVIS alone.
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Fig. 8. Segmentation results of our iOnAVOS algorithm. One every 2 frames shown of first 32 frames in the selected frames of the video 0042, 0059, 0076
of the RVOS. The videos are randomly selected from the RVOS’s validation set.
TABLE III
RVOS VALIDATION 1: I O NAVOS

VERSUS THE STATE OF THE ART, WITH DIFFERENT ITERATIONS AND WITH
( ORI ). A LL ALGORITHMS ARE PRE - TRAINED USING DAVIS.

V-Method 1 (30 iters)
Measure
J
F
T

ori

Mean M ↑ 91.6
Recall O ↑ 100.0
Decay D ↓
8.5
Mean M ↑ 85.7
Recall O ↑ 95.5
Decay D ↓ 24.0
Mean M ↓ 12.5

V-Method 1(50 iters)

V-Method 2 (30 iters)

CRF POST- PROCESSING (+ CRF ) OR NOT

V-Method 2(50 iters)

OnAVOS [3]

+crf

ori

+crf

ori

+crf

ori

+crf

ori

+crf

OSVOS [2]

92.4
100.0
7.9
87.1
96.6
20.7
13.8

91.1
99.2
9.7
85.4
94.7
24.2
12.7

91.9
99.2
9.6
86.8
96.1
21.0
14.7

93.0
100.0
5.2
90.5
98.0
10.9
16.4

93.4
100.0
4.9
90.8
98.1
10.3
17.6

92.9
100.0
5.4
90.5
98.6
10.8
16.0

93.5
100.0
5.0
90.9
98.5
10.1
16.3

92.0
98.6
7.2
89.5
97.4
12.5
19.8

92.5
98.5
7.0
89.8
97.3
12.2
21.9

80.3
89.9
14.6
76.4
86.3
17.6
–

Figure 6 shows the qualitative results on two sequences,
in terms of mean J the top row is the best and the bottom
row is the worst. We can see that for simple background our
algorithm can get very accurate results. Compared with video
0196, the object in video 0066 has a more complicated shape
which is hard to distinguish from the background. Therefore,
the major challenge to our system is the performance of the
video object segmentation algorithm. The average time of our
segmentation algorithms to process each video sequence is
approximately 13 minutes, which is almost same as OnAVOS.
The average time of CRF post-processing for one picture is
3.62 seconds per image. Figure 8 shows the segmentation
results of our iOnAVOS algorithm.

C. Motion and Color Adjustment
Since it is very hard to quantitatively evaluate the motion
adjustment and color adjustment of moving objects in videos,
we give two examples in Figure 7 and Figure 1 to illustrate the
performance improvement of our proposed algorithm. From
Figure 7 we can see that the two products are both adjusted
to the center of the video and their stabilities are maintained
meanwhile. In Figure 1, the color consistency of all subsequent
frames is improved based on the first frame, and the effect of
”being near and far” is also improved. Meanwhile, the products
in all frames have maintained a relatively uniform size, and
their positions are all adjusted to the center of the images. The
average time of motion adjustment for each video is below 5
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Fig. 9. Composition results of our system. One every 2 frames shown of first 32 frames in the selected frames of the random selected video 0086, 0115,
0149 of the RVOS. The videos are randomly selected from the RVOS’s validation set.

ms per image. Color adjustment costs approximately 20 ms per
image. Figure 9 shows the composition results of our system.
D. User study
In order to determine the perceptual quality of the videos
generated using our video composition algorithm, we conduct a user study as follows: We generated four videos for
each product of the test set of Dataset B. The first video
shows the composition result with the product segmented by
using our VOS algorithm, which is denoted as Composition
Method 1 (C-Method 1 for short). The second video shows
the composition result with the segmented product with our
motion adjustment algorithm, which is denoted as Composition Method 2 (C-Method 2 for short). The third video
shows the result using our color adjustment algorithm, which
is denoted as Composition Method 3 (C-Method 3 for short).
The last video shows the result adjusted using both motion and
color adjustment algorithm, which is denoted as Composition
Method 4(C-Method 4 for short). In order to be consistent,
the background image of all videos is set as the image shown
in the second row of Figure 9. The number of videos of the
test set of Dataset B is 50, then we have 50 × 4 = 200 videos.
The 200 videos generated by our algorithm were shown to
50 different participants in the age group of 22-50 years. The
participants were asked to rate, in a descending order, the 4
videos for each product according to their perceptual effect.

The average evaluation time per person is 46 minutes. The
results of the user study are shown in Table VII. As can be
seen, for C-Method 4, the percentage rated as the best video is
68.07%. Using a motion adjustment algorithm, our composited
video will obtain 25.25% satisfaction. According to the user
study, we can see that using a combination of our proposed
motion adjustment and color adjustment algorithms will obtain
better perceptual quality.
TABLE VII

T HE R ESULTS OF U SER S TUDY
Videos
C-Method 1 C-Method 2 C-Method 3 C-Method 4
Rated as Best (%)
2.56
25.25
4.12
68.07
Rated as Second (%)
5.16
63.11
6.67
25.06
Rated as Third (%)
41.01
6.43
48.80
3.76
Rated as Worst (%)
53.04
3.16
40.29
3.51

V. C ONCLUSION
The problem of estimating the rotation direction of products
in videos is very important for displaying different angles of
product in an interactive way, however there are few literatures
focus on this topic. In this paper our proposed methods deal
with this problem very well. By improving the video object
segmentation algorithms that are based on the annotated first
frame, and adjusting the motion and color consistency of
products, we construct a product video composition system.
Our proposed segmentation algorithm is more accurate than
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the state of art algorithms, increasing to an intersection-overunion score of 95.0% on our RVOS dataset. The user study
also prove that our proposed motion adjustment and color
adjustment algorithms can get better display performance. In
our further study, we will continue to improve the video
object segmentation algorithm and explore the methods for
automatically selecting compatible background for products
video composition.
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