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ABSTRACT

In this paper, a new scheme is presented to improve the coding efficiency of sequences captured by stationary cameras
(or namely, static cameras) for video surveillance applications. We introduce two novel kinds of frames (namely
background frame and difference frame) for input frames to represent the foreground/background without object
detection, tracking or segmentation. The background frame is built using a background modeling procedure and
periodically updated while encoding. The difference frame is calculated using the input frame and the background frame.
A sequence structure is proposed to generate high quality background frames and efficiently code difference frames
without delay, and then surveillance videos can be easily compressed by encoding the background frames and difference
frames in a traditional manner. In practice, the H.264/AVC encoder JM 16.0 is employed as a build-in coding module to
encode those frames. Experimental results on eight in-door and out-door surveillance videos show that the proposed
scheme achieves 0.12 dB~1.53 dB gain in PSNR over the JM 16.0 anchor specially configured for surveillance videos.
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1. INTRODUCTION

Digital video surveillance has become a very hot application since the importance of security has been much emphasized
over the past years. It is more and more important to efficiently compress the long hours of video to facilitate
transmission and storage. Recently, the new generation of video coding standards such as H.264/AVC [1] provides much
higher coding efficiency and becomes increasingly popular. However, these standards are usually not the optimal choices
for video surveillance since they are designed for general video applications. Therefore, it is an attractive research topic
to seek new video coding schemes that specially consider characteristics of surveillance videos.

In video surveillance applications, most of the surveillance cameras are mounted at a fixed location. These cameras can
be stationary (or static) ones or PTZ (pan/tilt/zoom) ones. In practice, most of the PTZ cameras work in the stationary
manner for much longer time than in pan/tilt/zoom operations. In other words, PTZ cameras are usually fixed towards a
certain direction or range of scene for a long time, so that we do not make full use of the PTZ characteristics. Even if we
make it move all the time (for example, in an intelligent system), the merit of PTZ cameras lies in the zoom-in
surveillance when the operator or intelligent system detects something abnormal, in which case stationary surveillance
will be performed. Consequently, videos captured by stationary cameras are more representative than those captured by
PTZ ones. Stationary cameras (or PTZ cameras working in the stationary manner) typically capture the same scene for
months or even years in surveillance tasks. Moreover, the monitored scenes usually have large and almost static
background, which is the main characteristic of this kind of surveillance videos. Hence it is worthwhile to specially
develop coding methods that consider this characteristic to significantly improve the coding efficiency. One reasonable
solution is to segment the foreground objects and the background, and then encode them separately. For example, Wang
et al. [2] robustly segment each image into three maps: the intensity map, the alpha map and the velocity map, and then
compress the layers using conventional still image compression schemes; Chai et al. [3] propose a face segmentation
algorithm to segment a sequence into two non-overlapping regions, namely foreground and background, and then encode
them with different quantization step-sizes. However, there is considerable room for performance improvement since
these two schemes are not designed specially for surveillance videos. The static sprite coding in MPEG-4 [4] considers

* Ihliang@jdl.ac.cn; www.jdl.ac.cn

Visual Communications and Image Processing 2010, edited by Pascal Frossard,
Hougiang Li, Feng Wu, Bernd Girod, Shipeng Li, Guo Wei, Proc. of SPIE Vol. 7744,
77442A - © 2010 SPIE - CCC code: 0277-786X/10/$18 - doi: 10.1117/12.863522

Proc. of SPIE Vol. 7744 77442A-1



the background characteristic of surveillance videos. However, the generation of static sprite usually requires object
segmentation, which is still a challenging problem; in addition, the sprite generation process is generally too complex to
be used. Martins et al. [5] avoid object segmentation by modeling the scene contents and then compressing the model,
the parameters and the remaining contents separately. But this approach is not applicable to surveillance videos, which
may contain many objects of various kinds.

To better segment the foreground objects and the background, background modeling methods are researched in-depth.
These methods can be roughly classified into parametric ones and nonparametric ones. Among parametric methods,
Toyama et al. [6] present a three-level Wallflower scheme to solve problems such as light switch and foreground
aperture; Haritaoglu et al. [7] keep three values for each pixel to model the background: the maximum value, the
minimum value, and the largest inter-frame absolute difference. One restriction of parametric background modeling
methods is that we often need to assume the underlying Gaussian or mixture of Gaussians (MOG) probability density
distribution [8]. Therefore, non-parametric methods are more widely used nowadays. For example, Elgammal et al. [9]
build a nonparametric background model by kernel density estimation, and capture background statistics through the
local binary pattern texture operator; Sheikh et al. [10] propose to model multimodal spatial uncertainties and complex
dependencies between the domain (location) and range (color) by using a nonparametric density estimation method over
a joint domain-range representation of image pixels. With background modeling techniques, many powerful coding
schemes are proposed for surveillance videos captured by stationary cameras. A long-term archive compression system,
neglecting background variation and specially designed for surveillance videos, is firstly proposed in [11], where object
detection, object tracking and object segmentation can be more accurate based on background modeling/subtraction.
Babu et al. [12] propose a framework to encode moving objects according to the previously reconstructed frame, and
work based on MPEG-4 techniques, where foreground objects are encoded in forms of object’s boundary, motion vector,
and location in image plane. Hakeem et al. [13] present an automatic appearance learning model of each object online
using incremental principal component analysis (PCA), where the object is then coded using the coefficients of the most
significant principal components and affine parameters. In these two frameworks [12, 13], the representation and
compression of the residual data, mainly in form of reconstruction error, are coded in traditional manner, but they are of
fundamental importance in background modeling based coding. Recently, Venkatraman et al. [14] propose to use the
concept of direct compressive sensing information and transform based compressive sensing information to describe the
sparse signal—residual object error. However, these coding schemes rely on accurate foreground/background
segmentation besides the reduction of additional coding bits for the description of segmentation (e.g. contour or
masking), although more and more optimized background modeling/subtraction techniques help a lot. In order to avoid
the intense dependence on background and foreground segmentation and make use of modeled background, we propose
a efficient background modeling based scheme without dependence on foreground segmentation for surveillance videos
captured by stationary cameras. In order to avoid the intense dependence on foreground/background segmentation, a new
coding scheme is needed for surveillance videos captured by stationary cameras.

In this paper, a novel scheme for coding surveillance videos captured by stationary cameras, namely BgEncoder, is
presented. This scheme separately compresses the background information represented by background frames and the
foreground objects represented by difference frames in order to achieve higher performance in coding long surveillance
sequences. We use a non-parametric background modeling method based on mean shift procedures to generate
background frame, and then encoded it into bit-stream. Difference frames are generated by subtracting the decoded
background frame from input frames. The background frame and the difference frame are coded efficiently in a
traditional manner. We also propose a sequence structure to periodically update the background frame and remove the
delay in model training. In practice, we employ the H.264/AVC encoder as a build-in coding module to compress the
background frames and the difference frames. In order to evaluate the proposed scheme, we use eight indoor and outdoor
long surveillance videos captured by stationary cameras. For an undisputed comparison, we specially configure the
anchor (H.264/AVC reference software JM 16.0) and make it more efficient in coding these long surveillance videos.

The rest of this paper is organized as follows. Section 2 gives the overview of the coding scheme, followed by
background modeling and difference processing. Section 3 presents the experimental results and makes analysis. Section
4 draws our conclusion.
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2. THE PROPOSED CODING SCHEME

2.1 Overview
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Figure 1. Proposed Coding Scheme

It is obvious that stationary cameras for surveillance always capture the same scene. Consequently, the background in the
captured video is almost unchanged for a long time. It is a straight-forward idea to separate the foreground and the
background information of the video, and then only code and transmit the background information once in a long period.
The proposed scheme also follows the aforementioned idea, but bypasses the challenging object segmentation problem
that commonly exists in the previous works [2-5, 11-14]. Background frames and difference frames are proposed to
represent all the information of the input sequence, and the unchanged traditional encoder is utilized as the build-in
module to encode them for maximum compatibility.

As depicted in Fig. 1, the proposed scheme (BgEncoder) is composed of background modeling, difference
calculation/compensation, and H.264/AVC encoder/decoder. While encoding, the background frame is generated by the
background modeling procedure and then encoded by a H.264/AVC encoder, where a small QP value is set to keep the
quality of the background frame. In the meantime, each input frame is encoded through two steps: Firstly, a difference
frame is generated by the difference calculation module using a reconstructed background frame. Secondly, the
difference frame is coded by a 9-bit H.264/AVC encoder. Both the coded background frames and the difference frames
are written into the bit-stream. In decoding, the sequence is reconstructed through the difference compensation module
using the decoded background and difference frames.

To guarantee a no-delay coding framework, we also propose a structure for long sequences, where the background
frames are generated and encoded periodically. As shown in Fig. 2, we divide the long hours of video into sub-sequences.
Each sub-sequence may include thousands of frames. In this paper, we call the sub-sequence Super Group of Picture
(S-GOP). In each S-GOP, a set of frames (namely TrainSet, in practice, usually the last dozens of frames shown as
TrainSet, and TrainSet, in Fig. 2) is utilized to generate the background frame for encoding the next S-GOP. As for the
first S-GOP, an additional set of beginning frames (shown as TrainSet,in Fig. 2) is used to generate the background
frame for encoding the successive frames in the current S-GOP. All the frames in TrainSets are encoded by H.264/AVC.
In our proposed coding scheme, the calculation and encoding of difference frames in the current S-GOP will be
performed simultaneously with background modeling and background frame coding in the next S-GOP. Therefore, this
structure does not induce any delay in encoding and decoding, and makes the proposed scheme feasible for real-time
applications.

Following experiments show that this coding scheme achieves significant performance gain over H.264/AVC for
surveillance videos captured by stationary cameras. Note that, although two H.264/AVC encoders are depicted in Fig. 1
for describing our methods, we add only one encoder for coding the generated background frame. Therefore, the
increased computational complexity mainly lies in coding one background frame, besides the calculation during
background modeling and difference calculating procedures. Because the main time-consuming part is coding difference
frame using H.264/AVC, the proposed scheme brings similar computational complexity, as following experiments show.
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Figure 2. Proposed Sequence Structure

2.2 Background Modeling

We employ the algorithm in our previous work [15] for background modeling. Supposing there are ideal background C’,
system noise M., moving object M., and moving background M., in a scene, we formulate the observed values of
scene V., by:

V-obsv =C'+ ]v-sys+ Mobj + thd s (1)

where the symbol ‘+’ denotes the cumulative effect. In [15] we proposed an efficient algorithm to remove the effect
components of N, M., and M., from V., and generate high-quality C'. Here, as shown in Fig. 3, we adopt 4 key
steps in algorithm described in [15]: (1) representative points’ selection as described in Step 1 and 2; (2) mean shift
procedure to get the candidate models in Step 3; (3) deriving the candidate model by a merge procedure in Step 4; and (4)
obtaining the reliable background model represented by a frame in Step 5. Parameters of cluster number Nc, threshold 7c
and TrainSet size N are set to be 10, 7, and 120. Fig. 3 only presents the algorithm for luma data. As for chroma data, the
same algorithm is used to generate background frame.

Input: TrainSet T={f/(x,y) }, where f(x, y) is a frame in the TrainSet a S-GOP and i=1~N, N is size of each TrainSet
Init: Cluster number Nc and threshold 7c in clustering and mean shifting
Modeling:
For each position (x, )

1. Collect § = {I;| i=1~N }, where I;= f;(x, y) is the luma value at position (x, y) in the i frame in T;

2. Use ak-mean algorithm to classify S into Nc clusters;

3. Fork=1:Nc /I mean shift procedure

3.1. Calculate the mean value my(x, y) of cluster k;

3.2. Apply a mean shift algorithm starting from my(x, y) in S and obtain the convergence value c,(x, y);
4 Fork =1:Nc

4.1. Calculate wi(x, y) =|U |, U={ c(x, y) | cx(x, y)-1¢ < cfx,y) < culx, y)+1c,j=1~Nc },
where |®| denotes the element number of a set;

5. Set Bg(x, y) = ci(x, ), where k = argmax{wk )| k=1~ Nc};
k

Output: Background frame Bg(x, y)

Figure 3. Background modeling algorithm
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Figure 4. Video Stream Structure
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2.3 Difference Calculating and Compensating

Supposing s(x, y) is an 8-bit pixel value in an input frame and b(x, y) is an 8-bit pixel value in the reconstructed
background frame, we can calculate their difference s(x, y) - b(x, y), which is in the interval [-255, 255]. To make the
value positive, we shift the interval to [0, 511] while subtracting to get the pixel value r(x, y) of the difference frame:

r(x,y) = s(x, y) - b(x, y) + 256. 2)
Apparently, r(x, y) is a 9-bit value, so that we employ a 9-bit H.264/AVC encoder to compress the difference frames. In
decoding, the reconstructed frame can be obtained in the difference compensation module as shown in Fig. 1. Assuming
b'(x, y) is a pixel value in the decoded background frame and r'(x, y) is a pixel value in the decoded difference frame, we
calculate the reconstructed frame pixel value c(x, y) as follows:
0 b'(x,y) + r'(x,y) - 256 < 0
clx,y) = {255 b'(x,y) + r'(x,y) — 256 >255 - ®)
b'(x,y) + r'(x,y) + 256 0<b'(x,y) + r'(x,y) — 256 <255
2.4 Video Stream Structure

The proposed coding scheme will result in a novel video stream, in which frames from long sequences are encoded and
transmitted in the following order: the frames in TrainSet,, the background frame generated from 7rainSet,, the
successive difference frames in S-GOP,, the background frame generated from TrainSet,, the difference frames in
S-GOP,, etc. If we assume the background frame generated by TrainSet, is encoded as Bg; (k=0, 1, 2, ...), then the whole
video stream is shown in Fig. 4. Firstly, TrainSet, is encoded by H.264/AVC, then Bg, into video stream. After that,
difference frames of frames containing in S-GOP; except TrainSet, are encoded using 9-bit H.264/AVC into video
stream. For any subsequent S-GOP; (k=2, 3, ...), Bgi.; and difference frames of S-GOP; are encoded by H.264/AVC into
video stream in turn.

In our coding scheme, 9-bit H.264/AVC is used to encode difference frames, because each result of referred difference
calculating in section 2.3 is at least in nine bits. Quantization for the result to 8 bits, which means cutting the lowest bit,
has been tried, but a significant decrease in coding efficiency is achieved compared to the current scheme as expected.

3. EXPERIMENTAL RESULTS

In this section, sequences for surveillance videos are used to compare BgEncoder with two differently configured
H.264/AVC encoders of JM 16.0. Experimental results show our coding scheme achieves a large PSNR gain.

3.1 Experiment Setup

According to characteristics of surveillance videos, our proposed scheme encodes sequence by maintaining reconstructed
background frames. To achieve better coding efficiency, background frames are encoded with QP = 0. Such encoded
background frames increase total bits, so this coding scheme will be more feasible for long S-GOP and long sequence.
To our best knowledge, there are no publicly available long sequences with still background. In the experiment, we
employ eight surveillance sequences as listed in Table 1, including seven captured by ourselves and the sequence
Street-cif [16] from AVS work group. The camera system is composed of a broadcast-quality high-definition camera
Panasonic “AJ-HPX3000MC” and a data acquisition board “Bluefish Epoch Horizon”. We crop the center SD/CIF
regions from the HD sequences.

Table 1. Test Sequences

Sequence Name Resolution Frame Rate Number of Frames Background Portion
\Bank 720%x576 25 fps 3000 Middle Percent
Crossroad 704x576 25 fps 3000 Low Percent
Overbridge 704x576 25 fps 3000 High Percent
Office 704x576 25 fps 3000 Low Percent
\Bank-cif 352288 25 fps 3000 High Percent
Crossroad-cif 352x288 25 fps 3000 Low Percent
Overbridge-cif 352%288 25 fps 3000 Middle Percent
\Stree-cif 352%288 25 fps 3000 High Percent
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Figure 5. Eight Surveillance Sequences

Bank-cif (CIF) Street-cif (CTF)

Example frames are shown in Fig. 5. Table 1 also lists the characteristics of each sequence. “Background Portion” means
the background regions never occluded by moving objects. We can see that Crossroad, Crossroad-cif and Office have a
less portion of still background, and Overbridge, Bank-cif and Street-cif have a larger portion. Note that corresponding
sequences such as Bank-cif and Bank differ in scene and background.

3.2 Performance Evaluation

Two anchors are selected for comparing with the proposed scheme. One is JM 16.0 with commonly used high-profile
configurations, namely JM-COMMON. The other is a specially configured encoder called JM-OPT, which is more
efficient for surveillance videos with QP=0 coded longterm intra frame and GOP-Length=3000 (this configuration
achieves very high performance according to experiments). The different configurations are listed in Table 2. As for
BgEncoder, the built-in AVC encoders are configured the same as JM-COMMON except for the 9 bit source depth of the
9-bit H.264/AVC encoder. Key common configurations of the three encoders are listed in Table 3. In practice, we set the
length of S-GOP in BgEncoder to be 1000. To compare the final performance, we employ the three encoders to encode
CIF sequences at bitrates of 128k, 256k, 512k, 768k and 1M bps, and SD sequences at 768k, 1M, 2M, 3M, and 4M.

According to the configurations referred above, PSNR gain and bitrate decrease of our BgEncoder compared to the two
anchors are summarized in Table 4. Note that background frames have been considered in the final bit-stream, as
described by our proposed video stream structure. Corresponding RD curves of the eight sequences, Bank-cif,
Crossroad-cif, Overbridge-cif, Street-cif, Bank, Crossroad, Overbridge, and Office, are shown in Fig.6. As is shown in
Table 4, compared to JM-COMMON, BgEncoder achieves a PSNR gain from 1.20 dB to 2.65 dB for SD sequences and
1.30 dB to 2.90 dB for CIF sequences. Compared to the JM-OPT specially configured for surveillance videos,
BgFEncoder also achieves a PSNR gain from 0.12 dB to 1.14 dB for SD sequences and 0.2 dB to 1.53 dB for CIF
sequences.

Table 2. Different Configurations between JM-COMMON and JM-OPT

Encoder |Islice QP|Longterm frame|Open Gop Reference Reorder| Reference number |GOP Length
IM-COMMON / Disable Enable Enable 5 30
JM-OPT 0 Enable Disable Disable 6 (a longterm frame) 3000
Table 3. Key Common Configurations of 9-bit H.264/AVC, JM-COMMON and JM-OPT
Configuration Name Descr. |Configuration Name| Descr. Configuration Name Descr.
Used MODE ALL Coding Structure IBBP SAD Method Hadamard SAD
I/P/B Search Mode ALL Search Range 64 Profile/Level IDC High Profile
Motion Estimation Method | UMHexgon OpenGop Disable Number of Reference 6 (a longterm frame)
8x8 Transform Mode Enable Rate Control Disable RD Optimization High complexity
RD-optimized Quantization Used Reference Reorder | Disable | Entropy Coding method CABAC
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These results and curves in Table 4 and Fig. 6 show that our proposed BgEncoder achieves a significant gain over
H.264/AVC for surveillance videos captured by stationary cameras, no matter SD or CIF sequences. Besides, from the
curves, we can JM-OPT achieves a better performance compared JM-COMMON, because JM-OPT has a specially
optimized configuration. We can also conclude from the experiments that, compared to JM-COMMON and JM-OPT, for
sequences which contain larger still background referred in Table 1 (e.g. Bank-cif, Street-cif and Overbridge), our coding
scheme can achieve larger performance gain, and for sequences with smaller still background (e.g. Crossroad-cif,
Crossroad and Office), less gain can be achieved.
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Figure 6. Example Results of Eight Surveillance Sequences
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Table 4. PSNR Gain and Bitrate Decrease for all Sequences of BgEncoder over JM 16.0

Bank | Crossroad |Overbridge | Office | | Bank-cif |Crossroad-cif Overbridge-cif | Street-cif
JM-CO | PSNR Gain (dB) | 1.42 1.20 2.65 0.84 1.68 1.30 1.57 2.90
MMON | Bitrate Decrease |-.60.7%| -36.1% -68.0% |-40.7%| | -72.4% -37.1% -55.8% -91.0%
JM | PSNR Gain (dB) | 0.76 0.12 1.14 0.34 1.11 0.20 0.85 1.53
-OPT | Bitrate Decrease |-48.2%| -2.9% -59.9% [-23.3%| | -65.59% -8.4% -40.0% -82.3%

3.3 Analysis on the Scheme

We employ two experiments separately to analyze the cause for significant performance gain and computational
complexity in practice compared to JM-COMMON and JM-OPT.

In order to analyze the cause for the gain of our proposed BgEncoder over the referred JM-COMMON and JM-OPT, an
experiment for detecting the used modes of the three encoders is employed. We count the used modes of all the P frames
while coding the first GOP of S-GOP, for all sequences, fixing the QP at 26, and the other configurations of the three
encoders are the same with listed in section 3.2. As shown in Table 5, BgEncoder brings a remarkable increase in the
number of skipped macroblocks in P frames for all test sequences. We take sequence Crossroad for example in Fig. 7, (a)
shows the sixth original P frame in the second S-GOP of sequence Crossroad, (b) shows the corresponding difference
frame of (a) in S-GOP,, (c) shows the background frame of S-GOP, of BgEncoder, and (d)~(f) represent the used modes
distributions encoded by BgEncoder, JM-OPT and JM-COMMON, respectively. Note that all the dark blue macroblocks
are encoded using skip modes. From Table 5 and Fig. 7, it is apparent that BgEncoder encodes more static background
regions of (a) with skip modes than JM-OPT and JM-COMMON, which means BgEncoder accords with the
characteristics of surveillance videos captured by stationary cameras. Therefore, we can conclude that, the difference
frames generated by our proposed BgEncoder can be encoded with much more skip modes in the background regions,
which decreases the bitrate cost. Note that background frames take a small percent of the video stream. Based on this
experiment, we make a brief analysis on the significant performance gain as follows. In our proposed BgEncoder, it is
apparent that the calculation of difference frames is equivalent to an additional prediction with MFV=0 using the
reconstructed background frame as reference beforehand. After that, intra and inter predictions are still kept for coding
the difference frames. That means, two times of predictions are applied while coding I/B/P frames. Especially, the
reference frame for the first inter prediction with M¥V=0 is a high-quality encoded background frame. Besides, inter and
intra predictions are used for coding I frames successively. Therefore, our proposed BgEncoder mainly roles in
employing additional predictions without additional MV or mode bit costs for I/P/B frames using high-quality encoded
background frame as reference.

The other experiment for comparing the computational complexity of the three encoders is employed on sequence
Bank-cif at bitrates of 128k, 256k, 512k, 768k and 1M bps, the same with configurations listed in section 3.2. Note that
the same PC with Genuine Intel (R) CPU @ 2.66 HZ and 8 G DDR2 memory is used. All the other configurations are
the same as introduced in section 3.1. Experimental result in Fig. 8 shows that the proposed coding scheme achieves
similar computational time at any fixed bitrate compared to JM-OPT and JM-COMMON. We make an analysis on this
result as follows: In practice, our BgEncoder merely adds three parts, i.e. background modeling, difference calculating
and background frame coding. Because background modeling and background frame coding are employed only once for
each S-GOP and difference calculations are mainly time-saving operations of subtraction, these two parts of our coding
scheme import marginal computational complexity. Therefore, the main time consuming part is coding of difference
frames. Because difference frames are encoded by common configurations of AVC, the final computational complexity
at fixed bitrate is similar. We can conclude that, our coding scheme not only achieves performance gain, but also achieve
similar computational complexity at fixed bitrate for surveillance videos captured by stationary cameras.

Table 5. Used skip mode statistics while coding the first GOP of S-GOP, by BgEncoder and M

Bank | Crossroad | Overbridge | Office Bank-cif | Crossroad-cif | Overbridge-cif | Street-cif
BgEncoder 96.97% 69.14% 86.27% 84.26% 86.89% 65.33% 69.87% 91.67%
JM-OPT 7.94% 16.78% 22.55% 38.25% 31.34% 10.18% 4.66% 82.91%
JM-COMMON 12.07% 18.80% 24.40% 29.71% 32.81% 10.97% 5.53% 79.52%
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(d) Used modes of BgEncoder (e) Used modes of JM-OPT  (f) Used modes of JM-COMMON
Figure 7. Analysis of the 6th P frame in S-GOP, of sequence Crossroad
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Figure 8. Computational Complexity of BgEncoder Compared to JM

4. CONCLUSION

In this contribution, we present a novel efficient coding scheme for surveillance videos captured by stationary cameras or
PTZ ones in stationary manner. The proposed scheme utilizes background frames and difference frames to avoid the
obstacles of object detection, tracking, and segmentation, which are commonly used in traditional coding frameworks for
surveillance applications. Besides, a novel sequence structure suitable for long surveillance sequence is presented, thus
the procedures for generating background frames and difference frames introduce no delay. In this way, this scheme
saves bitrats by only encoding background frames and difference frames, and achieves similar computational complexity
compared to H.264/AVC. To make the conclusion undisputed, a specially configured JM 16.0 for surveillance videos is
employed to compare with our scheme. From the experimental results, it can be concluded that a new coding scheme
especially for surveillance applications is needed, and we have already given a solution much more efficient than the
referred optimized JM 16.0. Besides, our framework makes few changes to the existing encoders, and the H.264/AVC
encoder can be replaced by any other encoders. That means the proposed scheme is not only easy for implementation,
but also easy for extension. Another advantage is that, the tradeoff between coding efficiency and bitrate can be easily
made. For example, we can employ an IPPP coding structure for background frames, so that a lower bitrate can be
achieved with some quality degradation.

For future work, we will also engage to design a solution adaptive to videos captured by PTZ or stationary cameras.
Moreover, better background modeling methods (e.g. those suitable for illumination/season changes) for surveillance
video coding will be further studied.
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