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Abstract—RVS, a video segmentation approach based on a one-
dimensional recurrent neural network (RNN) has been proposed
in this paper. This approach preempts the human interaction and
huge training datasets, a characteristic of many machine learning
approaches which renders them ineffective in segmenting out
an entire object in a video frame. The proposed approach is
based upon a weakly supervised one-dimensional RNN trained
using foreground and background superpixel regions extracted
from a single, manually selected frame from a group of video
frames. The proposed approach has been evaluated on SegTrack
v1, a publicly available benchmark dataset. Preliminary results
show that the proposed approach can effectively segment out the
common object from multiple video frames.

Index Terms—Recurrent Neural Network, Saliency-based
object detection, Video segmentation, Visual attention, Weakly
supervised learning

I. INTRODUCTION

In recent years, computer vision researchers are focusing
sharply in the development of algorithms to address the issues,
such as object discovery [1], image retrieval [2] and visual
surveillance [3]. Object segmentation is a computer vision task
that has gained immense attention by many researchers. Image
object segmentation and co-segmentation are connected tasks.
Object segmentation aims at segmenting out the object(s)
from a single image; whereas, image co-segmentation aims
at segmenting out objects common to multiple images. Video
co-segmentation, which aims at identifying an object from the
multiple video frames, is another closely related topic. Further,
video segmentation aims at extracting objects common to
multiple frames.

Several algorithms have been proposed for video
segmentation [4], [5] to track the feature points across
the frames and segment out an object from the images
interactively. All these algorithms involve human intervention.
Learning-based algorithms have been proposed for object
segmentation and co-segmentation in order to overcome this
limitation. A model that exploits extremely weak supervision
has been proposed in [6]. This technique requires manual
labelling of a few frames in order to identify whether the
frame contains any relevant object.

Based on the existing literature, dealing with superpixels is
more effective than dealing with pixels. Therefore, superpixels
are chosen in the interest of speed and computational
efficiency. Superpixels associated with an object carry the
same characteristics among all the frames in a video sequence.

Therefore, a computationally intelligent algorithm that exploits
the training with single frame superpixels information of
the object from video sequence is required to address the
challenge. This motivates the authors to develop a new
model called WSL [7]. This research is further extended
to incorporate a neural network which can be used for the
classification of superpixels between foreground (Fg) and
background (Bg). This paper is a preliminary report of a
weakly supervised one-dimensional recurrent neural network
(RNN) which can be trained using superpixels extracted from a
single frame which functions as a training frame for the entire
neural network. The proposed approach has been named as
RNN-based video segmentation (RVS). A graphical illustration
of the proposed RVS approach is presented in Figure 1.

The major contributions of this paper are as follows:
1) A novel, extremely weak supervision based learning

algorithm has been introduced for video segmentation.
The primary objective is to enhance the segmentation
performance and to reduce the computational time taken
by training the RNN.

2) A superpixel-based RNN training has been introduced
to segment out the common object from multiple related
image frames.

3) The RVS video segmentation method has been
thoroughly tested on public SegTrack dataset and
comparative results with state-of-the art methods have
been presented.

The rest of this short paper has been structured as follows:
A brief survey of the research related to the area of co-salient
object detection has been presented in Section II. RVS, the
proposed co-salient region detection method has been detailed
in Section III. The results of evaluation of the RVS method
and a comparison of the same with those of the state-of-the-
art methods have been presented in Section IV. Concluding
remarks and the suggestions for the future extension of this
research have been presented in Section V.

II. RELATED WORK

Multiple frames of a video can be treated as separate
individual images. Therefore, the proposed work can be
considered as the image co-segmentation task which deals
with the extraction of a common object from multiple images
by segmenting it out from the unnecessary background.
Co-saliency typically serves as a pre-processing step in
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Fig. 1. The framework of the proposed approach for co-saliency detection.

many co-segmentation applications. An enhanced co-saliency
detection method improves the accuracy of segmentation of the
common object(s) from the images. Several models have been
proposed on saliency-based co-segmentation applications. Co-
segmentation was initially introduced in [8]. This approach
involves histogram matching to simultaneously segment
the same object from two different images. Later, several
algorithms have been proposed to improve the co-segmentation
accuracy from two or more related images. A model has
been proposed in [9] which uses a discriminative clustering
framework which can handle multiple images, which was later
expanded to handle multi class in [10].

A learning-based framework for co-segmentation detection
has been proposed in [11]. This approach exploits weakly
supervised data fusion. An unsupervised approach has been
proposed in [12], which involves capturing the object’s visual
variability using saliency-based dense pixel correspondences.
Several algorithms have exploited the saliency technique for
object detection and proposed frameworks to segment out
common objects from multiple related frames.

A saliency model proposed in [13] uses spatio-temporal
technique to extract the salient object from the videos. Initially,
the input video is oversegmented into superpixels on which
the superpixel-level trajectories and motion histograms are
generated from superpixels. A model which utilizes intra-
frame and inter frame information to extract the object
from the complex backgrounds has been proposed in [14].
A unsupervised video object segmentation is developed in
[15] using geodesic distance based technique which helps
to provide edges and motion cues to measure the saliency
of the superpixels in order to extract the object from the
video frames. The aforementioned algorithms can segment
the common salient objects better than the other mentioned
methods because they utilize the co-saliency detection better.

Some approaches often exhibit poor performance when
the salient object is in the images of complex scenarios,
such as multiple locations and multiple scales. Most of
these rely upon bottom up approaches, manually extracted
object features, lower level cues or computationally expensive
learning algorithms to extract high level cues. Inspired from
the method proposed in [16], the authors have proposed the
RVS method which uses a one-dimensional RNN trained by
superpixel features of a single image to determine the saliency
map from the remaining relevant images by separating the
foreground and background regions.

III. PROPOSED WORK

A. Proposed model

An RGB color frame F is manually selected first by the
author and the SLIC algorithm [17] is applied to oversegment
it into N superpixels denoted as S1, S2, . . . , SN . Each
superpixel Si is classified as either as a foreground superpixel
(Fg) or a background (Bg) using the saliency map SM using
(1) with a similarity threshold (τ ). Previous algorithms have
heavily relied upon human intervention or large training sets.
Therefore, to make the proposed algorithm more robust and
less dependent on above mentioned problems, a new technique
has been developed for foreground-background superpixel
separation, using ground truth binary image (GT ) as expressed
in (2), where L represents labelled image generated by the
SLIC superpixel algorithm, Lw represents the white labels
which contains foreground superpixels and Lb represents
the black labels which contains unnecessary background
superpixels. This approach has been shown in Figure 2, where
red lines indicate the superpixel regions that fall outside
the object of interest, the background superpixels (Bg) and
the green lines indicate the superpixel regions which belong
to the object of interest, the foreground superpixels (Fg).
This approach helps to separate foreground and background
superpixels with high accuracy. Further, this approach helps
the RNN to achieve higher feature learning capabilities.

f(Si) =

{
Fg, if SM (Si) > τ

Bg, otherwise
(1)

Lw = L(Si)×GT (Si)
Lb = L− Lw (2)

The proposed RVS approach has been developed by
selecting a single frame/image as a training image in
order train the RNN. Typically, the SLIC algorithm
has been chosen to generate N = 300 superpixels;
therefore, for each superpixel, there is a one-dimensional
array containing three color channels, so the input can
be 3 × 300 × 1. Hence, the training set (XTrain, YTrain)
contains (x1, y1), (x2, y2), . . . , (xN , yN ) of N labeled
superpixel samples S1, . . . , SN , where the input features are
x1, x2, . . . , xm and the labels are yi ∈ {0, 1}. Each superpixel
(Si) consists of three color channel values xi = (li, ai, bi),
i = 1, 2, . . . , N , where l represents luminance, and a and b
represent color channels.

RNNs have been successfully applied in time series models,
such as speech recognition [18]. RNNs contain feedback loops,
where some neurons receive their previous hidden-layer state
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Fig. 2. Superpixel extraction using ground truth image (best viewed in color).

ht−1 information and other neurons take xt as an input. The
traditional RNN hidden layer can be calculated as expressed in
(3), where Wt is the input feature weight vector, Wh represents
the previous hidden layer weighted vector, bh term is the
hidden bias vector, and f can be any non-linear activation
function. Finally, the yt is the predicted label which can
be calculated as using (4), where Wo is the output hidden
weight vector, ht is the current hidden-layer and bo term is
the output bias vector. Here, two RNN layers are used, each
containing 128 long short-term memory (LSTM) units. The
RNN has been trained with training set (XTrain, YTrain). The
hyperbolic tangent activation function has been used and a
dropout rate of 0.3 has been applied for all RNN-LSTM layers.
Finally, the test images are oversegmented into superpixels
using [17] after being converted into CIELAB color space.
One-dimensional testing dataset as (XTest, YTest) where XTest
contains the features and YTest labels. YTest label probabilities
are obtained by RNN. The RNN outputs the final prediction
of all test image superpixels probabilities from 0 to 1 for
each frame. In order to measure the discrepancies between the
predicted values and correct values (0 or 1), a binary cross
entropy loss function has been used. To optimize the loss,
adaptive momentum (Adam) is used as an optimizer, which is
a variant of stochastic gradient descent.

ht = f(Wt × xt +Wh × ht−1 + bh) (3)
yt = Wo × ht + bo (4)

IV. EXPERIMENTAL RESULTS

A. Evaluation Metrics

The proposed method (RVS) and its threshold version
RVSth have been evaluated using precision P which represents
the ratio of salient pixels that are assigned correctly to the
extracted pixel regions and recall R which is the fraction of
detected salient pixels with respect to the original ground truth.
Then, the F -measure is determined using (5).

Fβ =
PR(1 + β2)

β2P +R
(5)

Here, β2 = 0.3, as recommended in [14]. In addition, the
comparison of the area under curve (AUC) and Mean Absolute
Error (MAE) of the proposed method with the state of the art
algorithms on SegTrack dataset has been presented in Table I.

TABLE I
COMPARISON OF THE AUC, MAE AND AP WITH THE STATE OF THE ART

ALGORITHMS ON SEGTRACK DATASET

Metrics AUC MAE AP
SPT [13] 0.7958 0.144 0.6509
CON [14] 0.7935 0.046 0.8102
AW [15] 0.7931 0.040 0.8175

RVS 0.7645 0.056 0.7979
RVSth 0.7557 0.028 0.9153

The quantitative results have been presented in Table II
in terms of the segmentation performance Intersection-over-
Union (IoU) expressed in (6), where Ri represents segmented
result and GTi

represents the ground truth binary mask.

IoU =
Ri ∩GTi
Ri ∪GTi

(6)

B. Qualitative Results

The results of the proposed method RVS and RVSth are
compared with those of the following algorithms: SPT [13],
CON [14] and AW [15]. All approaches are validated using the
SegTrack dataset. A few visual results of the proposed method
are depicted in Figure 4. The precision and recall curves and
F-measure results have been presented in Figures 3(a) and
3(b), respectively.

The segmentation results of the proposed method have been
presented in Figure 5. From the comparison of results, it can
be observed that the proposed RVS algorithm achieves higher
AP, F -Measure (Fβ) and lower MAE results in comparison
to several state-of-art-methods. The proposed method can
successfully segment out the common object from the image
frames with minimum training data, a single frame in this
research.

TABLE II
QUANTITATIVE COMPARISON OF THE SEGMENTATION RESULTS WITH THOSE OF THE

STATE OF THE ART ALGORITHMS ON THE SEGTRACK DATASET

Methods IoU
SPT [13] 72.6
CON [14] 82.9
AW [15] 83.2

RVS 80.5
RVSth 85.6
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Fig. 3. Comparison of Precision-Recall and F-measures of the proposed RVS method on the SegTrack dataset

Images SPT [13] CON [14] AW [15] RVS RVSth GT

Fig. 4. Comparison of the saliency map results

Images SPT [13] CON [14] AW [15] RVS RVSth GT

Fig. 5. Comparison of the segmentation results obtained by the state-of-the-art methods.
(best viewed in color)

V. CONCLUSION

RVS, a new video segmentation method based on a weakly
supervised RNN, has been proposed in this article. This
method involves training an RNN to segment out a common
object from multiple video frames. The proposed method
requires much less training data which results in a significantly
shorter training time.

Early experimental results show that the RNN method
delivers better results than numerous state-of-the-art-methods.
However, there is immense scope for the improvement of this
method in order to enable it to segment out the common object
that exhibits similar color variations and poses. Improvement
of the segmentation results is the next natural step in the
future extension of this research. Real-world applications of
this approach to video segmentation is another direction for
the future extension.
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