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Abstract: In this work, we present a novel
background subtraction system that uses a deep
Recurrent  Convolutional Neural Network
(CNN) to perform the segmentation. With this
approach, the network parameters can be
learned from data by training a single CNN that
can handle various video scenes with RNN for
understanding the context of a video frames by
passing the output of one training step to the
input of the next training step, along with the
new frames. This gives a new approach to
estimate background model from video. A
spatial-median filtering is used as the post-
processing of the network outputs.  This
method is tested on different data-sets, and the
network outperforms the existing algorithms
with respect to the average ranking over
different evaluation metrics in real time
processing.
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1. Introduction

Video data processing is very common in variety

of video based applications where

the background data in video streams is redundant
information and it consumes large amount of
storage and computing power during any process, it
is essential to extract only the relevant meaningful
information. Hence, segmentation in video
sequences becomes an active research in the recent
days. Many applications such as surveillance of
videos, vehicular traffic analysis, object tracking,
human activity recognition and capturing optical
motion uses this technique to find the moving
objects in the picture. The main process in
segmentation is separation of fore ground from back
ground. In order to model the background, factors
like illumination changes, weather conditions in the
scene and subtle changes in the backgrounds need to
be analyzed critically which demands for more
robust and adaptive background representation. Two
issues in background subtraction are Change
detection and motion detection.

Background subtraction is a widely used
method to detect the moving objects in the
videos obtained by static camera. The detection
of moving objects in the source frame and
current frame is called “background model” or
“background image”. Background subtraction is

It is Important 10 yone if the image would be a part of a video

extract and process the relevant information. Since
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stream. The main goal of the background
subtraction process, hence, can be given in a
nutshell as the detection of the objects in the
foreground in a frame sequence obtained from
one or more camera. Here, the detection of the
foreground objects is by calculating the
difference between the static background and
current frame. Thus, sophisticated background
subtraction algorithms that assure robust
background  subtraction  under  various
conditions must be employed. Hence, the
background subtraction is a pre-processing
stage in all video data processing to remove the
redundant data. The main difficulties in the
background subtraction process are Illumination
changes, Dynamic background, Camera jitter

and Ghosts/intermittent object motion.

Deep neural networks like CNN
become prominent player in learning visual
representations [1]. There are more number of
recent works have been proposed with CNNs
in image classification [2,3,4,5,6,7], detection
[8,9,10,11,12], face recognition [13, 14] etc.
M. Babaee et al discussed novel background
subtraction system that uses a deep
Convolutional Neural Network (CNN) to
perform the segmentation [15]. Most of these
improvements focus on designing with an aim
to learn features based on datasets [16]. The
most important layers in  CNNs are
convolution layer and pooling layer. The
convolutional layers convolve local image
frames independently with multiple filters, and
the responses are combined according to the
coordinates of the image regions. The pooling
layers summarize the feature responses. Both
convolutional layers and pooling layers are
computed not by considering other regions.

CNN is mainly implemented for feature
xtraction, but it does not integrate the context

information. This can be done in neural
networks with recurrent connections. This
combination is extensively studied in online
handwriting recognition, speech recognition
and machine translation. Recurrent neural
networks (RNN), dated back late 80’s, use the
long-range context information captured by a
fixed number of recurrent weights. RNNs have
been used to applications in natural language
processing [17], speech processing [18] and
image processing [19]. A RNN is a Processing
element with feedback connections among
itself. Its hidden layer state is a function of all
the previous states and hence it will keep all
the past inputs inn its memory. Because of
this, RNN is considered a network with deep
in time and it can find the correlations between
the input data at different states of the video
sequence.

CNN models for video processing have
been used for learning of 3-D spatio-temporal
filters over raw sequence data and also on
video segments for learning the frame
representations with either optic flow or
trajectory-based models. These models learn
either a fully general time-varying weighting,
or temporal pooling. In line with these CNN
based models, we proposed a model with
combination of CNN with RNN. Recurrent
Neural Networks with long-range learning
augments hidden state with nonlinear
mechanisms to process by using simple
memory-cell like neural gates.

The outline of this paper is as follows: In
Section 2, Fundamentals of CNN and RNN are
explained. It also explains the existing
algorithm with CNN. In Section 3, the
proposed approach for background subtraction
with a combination of CNN and RNN. In
Sections 4, obtained results are discussed with
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existing methods followed by detailed
discussion and analysis. Finally, in Section 5,
conclusion of this work is presented.

2. Convolutional Recurrent Neural Network

In this proposed work, Recurrent
convolution Neural Network (RCNN) is taken
with five convolution layers, one recurrent
layer and two fully connected layers. Here,
CNN and RNN are to learn middle-level visual
patterns and spatial dependencies between the
middle level visual patterns respectively. In
the last stage, fully connected layers are used
to learn a global image representation. When
the convolutional layers are more, abstract and
robust patterns can be extracted more. With
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back propagation, the global representations
will be transmitted back to RNN for improving
the spatial dependency encoding. This will
feed CNNs further to learn better middle-level
and low-level features. Since RNN is suitable
for one dimensional time sequences, the 2D
images will be first scanned in four different
scanning directions

(Left to right, right to left, top to bottom
and bottom top). Then these four sequences
will be given to RNN for spatial dependencies.
The summation of the results of RNN will be
processed by fully connected layers for global
image representation. This is shown in Figure
1.

Fully Connected {3~ Output
Layers

Figure 1: Block diagram of RCNN Framework

Recurrent Neural Network

In RNNs, the output of the previous hidden states is connected to the current states in the
form of feedback loops to encode the contextual information of the video sequences.

}t-kh..‘ul'l'.l hidden

Wicight
Input x* %

=)
i

Hidden Weight E GLI'[pLII }:I.i?-

-~ | Layer A [taw-—

Fig. 2: General RNN structure
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A typical RNN [20] is shown in Figure 2 with input layer of length S, hidden layer h(s],
and the predicted output ¥(s) at the state 5 € [1.....5] The
Processing at hidden layer and the output are defined as
RS = fi (Winh©™0 + W xOWiks() + ba) (1)
v = £, (Waoh®™ +5,) (2)

where x* - the input data, - the hidden layer units, ¥ - the output
Win, Wi and Who - the transformation matrices

between x* & h®? WG~ @n®? gng BS g y&I

bx and bo - the constant bias terms, /s and fo - the non-linear activation functions.

h=Y

RNNs will remember all the previously processed data by updatingWin , Wah andWse, in
this work, RNN is used to learn the connections between image regions at different spatial
positions called spatial dependencies. As RNN is more suitable for one dimensional data,
image from CNN layer is converted into quad-directional spatial sequence to collect the
context in all image regions.

Referring to (1) the quad-directional RNN is defined as:

hE) = fu(Whao RS2 4 Wi, x4 by L) R = fy (Wone RE™ 4+ Wig ) + by, )
B = fy (‘%mflfs_ﬂ + Wip ¥ + hal) R = fi (Whilh!:s_ﬂ + Wigex® + b“)- (3)
RS = b2+ 0D+ + 1 ()

where ) - the left-to-right hidden layer units
R _the right-to-left hidden layer units
”fﬂ -the top-to-bottom hidden layer units and R the bottom-to-top hidden layer

units.  The summation of these four ish®’ .

The weights of each unfolded step in forward and backward procedures of four directional
RNN sequences are updated step by step as follows:

Wt = W +xWel o0 Y = @) Ve o WY = W 4 W &

hh— fr Fhe
1’”11%:1} = 1'Vh[1ﬂ + hEl_ﬂ 91[3-) o 1’”11%? Y= 1'1"11{1?,} +hiY gﬂ) o 1’”‘:1%? Y= 1'1”11{1?,} +hEY gﬂ} o
Wat = i + xWeld) & Wt = Waiay +hS Vel o (5

Where giﬂ the gradient of error propagated

From The output layer to the hidden layer

A - stepsize ¢ - learning rate
In order to collect all the hidden units in the RNN layers, two fully connected layers which
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are defined as follows:
9= fy(WagH + by) v = fy(Woyg + by)

= [{hm}r, L) .‘Jf:“:'}r]r (6)

where Was transfer matrix for the concatenated RNN outputs H to the global hidden layer g .

War  transfer matrix for g to the predicted class label y H - the concatenation of all
sequential states

RE) = 1..5)
bg & by —the bias value fg & fy nonlinear activation function and softmax

3. Proposed method

The proposed method consists of an algorithm for background image generation, a novel
RCNN for background subtraction and a median filter. The background image is used to
perform background subtraction from the incoming frames. The foreground separation is
done by combining the segmentation mask from SuBSENSE algorithm with Flux Tensor
algorithm for detecting the motion changes in the video frames by the temporal variation of
the optical flow field [15]. Post-processing is done with spatial-median filtering. This
calculates the median over a neighborhood for each pixel in an image for the given kernel
size. Finally, each pixel is mapped to {0, 1} by the thresholding.

Wl ifx>T
f(.r.lr']—[“ otherwise @)

where T is the threshold level.
The proposed algorithm is depicted in Fig. 3.

Rol,, -eessee-3] Rol,
Background Image \ Background Spatial
Model RCNN > Fiftering ——» Output
/ Generation
Rol, cececeep Rol
Input Frame

Fig. 3: Proposed method of Background subtraction with RCNN

4. Results and Discussion

The data-sets used in this proposed method is taken from CDnet 2014 [21], Wallflower
[22] and PETS 2009 [23]. Here CDnet 2014 and Wallflower data set contain video sequences
from different categories meant for the background subtraction task. The training batch size was
256, learning rate started from 0.01, momentum weight was 0.9, and both the RNN layer and the
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fully connected layers were applied with dropout rate of 0.5. Figure 4 shows the video frames
tested in this work.

(i) @)

Fig. 4: Sample frame of test video sequence

(@) baseline (b) dynamic background (c) camera jitter (d) shadow (e) thermal (f) bad weather
(g) Camouflage (h) Foreground Aperture (i) night videos (j) Waving Trees.

Performance Metrics

The quality of a background subtraction algorithm is evaluated in this work by using standard F
Measure. F Measure (FM) is defined as

2PR TP TP

F Measure (FM) = P=—— R=——
P +R) (8) TP +FFP and TP +FN (9)

Where TP = True Positive, FP = False Positive, FN = False Negative
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FM FM FM FM FM

FM image baseline dynamic camera jitter Shadow Thermal
Method
RCNN 0.9623 | 0.8901 0.9045 0.9428 0.8210
CNN 0.9580 | 0.8761 0.8990 0.9304 0.7583
PBAS 0.9242 | 0.6829 0.7220 0.8143 0.7556
SuB SENSE | 0.9503 | 0.8177 0.8152 0.8986 0.8171
GMM 0.8245 | 0.6330 0.5969 0.7156 0.6621
Table 2 Comparison of FM for the Wallflower Dataset

RCNN CNN PBAS | SuB SENSE | GMM
MethodFMvideo
Bad weather 0.8373 0.7071 0.2534 | 0.4090 0.5205
Camou flag 0.9989 0.9857 0.8922 0.9535 0.8307
Foreground 0.7120 0.6583 0.6459 | 0.6635 0.5778
Aperture
Night video 0.6724 0.6339 0.4216 0.5211 0.4323
Waving Trees 0.9683 0.9546 0.8421 0.9597 0.9767

Table 1 and 2 shows the F Measure value of the segmented video frames coming from
different algorithms for CDnet 2014 data sets and Wallflower Dataset. In Table 1, five categories of
the video sequences are tested with existing algorithms GMM (Gaussian Mixture Model),
SuBSENSE (Self-Balanced SENsitivity SEgmenter), PBAS (Pixel-Based Adaptive Segmenter), and
CNN (Convolutional Neural Network) along with the proposed RCNN. Table 2 shows the
comparison of FM values for five categories of Wallflower Dataset from GMM, SuBSENSE,

PBAS, CNN and proposed RCNN.

Figure 5: (a) Background image

v,

V,

(b) Input frame
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The output segmentations are more precise and not prone to any outliers as evident from
Fig 5 and 6 for various data sets of different category. The FM values of RCNN are the best
compared to other algorithms in various categories. For some categories like ‘Foreground
Aperture’, the CNN vyields poor results due to poor background subtraction but RCNN gives
better than all. For Wallflower data-set, the proposed algorithm outperforms in terms of
segmentation quality and FM especially for bad weather and foreground aperture category.

5. Conclusion

A Novel background subtraction algorithm based on Recurrent CNN is proposed in this
paper for segmenting video in order to track the motion in video sequences for surveillance
applications. The proposed RCNN based background subtraction algorithm outperforms
compared to all existing algorithms GMM, SuBSENSE, PBAS and CNN in terms of
segmentation quality.
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Fig. 6: Comparison of the segmentation outputs: (a) the input images
(b) Ground truth images (c) outputs of the CNN (d) outputs of RCNN
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