
INSTANCE SEGMENTATION BASED BACKGROUND REFERENCE FRAME GENERATION
FOR SURVEILLANCE VIDEO CODING

Lei Zhao †, Shiqi Wang ‡, Xinfeng Zhang ?, Shanshe Wang †, Yan Ye ◦, Siwei Ma † and Wen Gao †

† School of Electronic Engineering and Computer Science, Peking University, Beijing, China
‡Department of Computer Science, City University of Hong Kong, Kowloon, Hong Kong

? School of Computer Science and Technology, University of Chinese Academy of Sciences, Beijing, China
◦ Alibaba Group US, CA, USA

† {lei zhao, sswang, swma, wgao}@ pku.edu.cn, ‡ shiqwang@cityu.edu,
? xfzhang@ucas.ac.cn, ◦ yan.ye@alibaba-inc.com

ABSTRACT

Efficient intelligent analysis and video compression are crit-
ical modules in terms of the advanced surveillance system.
However, existing solutions always deal each task with inde-
pendent strategies, leading to low-efficiency of the surveil-
lance system. In this paper, we propose to handle these two
tasks in a hybrid manner. In particular, a hybrid surveillance
processing scheme towards efficient analysis and compres-
sion is presented, where the extracted semantic information
can not only be utilized in intelligent analysis tasks, but also
used to improve compression efficiency by facilitating the
background reference frame (BRF) generation. Moreover,
we propose to remove background redundancy of surveil-
lance video by introducing the high quality BRF, where
motion metric and semantic metric work in a complementary
way to ensure the accurate detection of background blocks.
Experimental results manifest considerable advantages of the
proposed BRF. When the proposed BRF is integrated into
reference picture set (RPS), 3% coding gains are obtained
compared with state-of-the-art method.

Index Terms— Surveillance video, video compression,
background reference frame, instance segmentation

1. INTRODUCTION

Recent years have witnessed the explosive development of
video surveillance in fields of production management and
public security. It is estimated that surveillance data account
for 40% of the total big data in 2020 [1], which presents
critical demands for efficient coding methodologies towards
surveillance video.

Inter coding plays an irreplaceable role in hybrid video
coding framework, which aims to remove temporal redun-
dancy between adjacent frames. During inter coding, the
specified contents in the reference frames are used as pre-
dictions, hence only residual signals are transmitted in the

bitstream. As a fundamental component, the quality of ref-
erence frame significantly affects the performance of video
compression. Due to the low complexity implementation and
multi-hypothesis prediction, traditional video coding methods
directly employ reconstructed frames as reference. However,
the diversity of reconstructed reference frames is quite lim-
ited owing to the high correlation in temporal domain, and the
similarity between the to-be-coded frame and reconstructed
frames is also limited especially for those scenarios with fast
movement. The synthesized reference frame (SRF) is there-
fore emerging as a powerful tool to tackle this problem. In
[2], a virtual reference frame (VRF) generation scheme is
proposed by utilizing frame interpolation, which effectively
relieves the bitstream burden by implicitly conveying the mo-
tion data. Ma et al. [3] investigated a clip level reference
buffer construction strategy, which manages the reference
in a more economical manner. Besides, there are some re-
searchers develop the SRFs towards specific scenarios. In
[4]-[7], efficient background reference frames (BRF) were
explored to facilitate static camera video coding. Moreover,
Google Earth data were utilized for satellite video coding in
[8], where similar images in the same location serve as the
reference for I frame coding.

Basically, existing video coding standards target at com-
pressing generic video content, which have not fully opti-
mized the coding performance of surveillance video. The
most fundamental characteristic that differentiates static cam-
era videos from generic videos lies in the strong background
stability. In view of this, existing video coding methods to-
wards surveillance video normally focus on reducing back-
ground redundancy, which is typically realized by introduc-
ing the background reference frame (BRF). However, exist-
ing BRF methods are normally based upon sparse foreground
hypothesis, which may not be applicable to those videos with
dense or low-speed foreground objects.

In order to generate a robust BRF that is capable of han-
dling complicated surveillance scenarios, we propose to con-
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Fig. 1. The BRF generated by the method presented in [7].

struct BRF with semantic cues. The main contributions of this
paper are as follows. Firstly, a hybrid surveillance processing
scheme towards efficient compression and intelligent analy-
sis is developed. The extracted semantic information can be
utilized in both compression and analysis tasks. Secondly,
we propose to generate high quality BRF on the basis of in-
stance segmentation. Different from existing approaches that
exploit only motion information, we improve the quality of
BRF from the semantic perspective, and incorporate semantic
cues to avoid wrong background block decision. Experimen-
tal results on HM-16.6 demonstrate considerable performance
on the test sequences.

The rest of this paper is organized as follows. Section
2 reviews the existing BRF generation algorithms. Our pro-
posed methods are illustrated in Section 3. Simulation results
are provided in Section 4, and conclusion is given in Section
5.

2. BRF IN SURVEILLANCE VIDEO CODING

Many pioneer works have explored the BRF to remove back-
ground redundancy for surveillance video coding. Earlier
works directly select a certain reconstructed frame as BRF.
Pushkar et al. [4] first classifies Macroblocks (MBs) into
background MBs and foreground MBs, and tended to select
those frames with more background MBs as BRF. However,
due to the existing of foreground objects, selecting certain
pictures as BRF can barely portray the whole background. To
tackle this problem, background modeling based BRF were
developed, which synthesizes a virtual background image by
using the past frames. Paul et al.[5] proposed to generate
a BRF by exploiting the reconstructed frames, which used
GMM to model the background. Zhang et al. [6] developed a
segment-and-weight based running average approach, which
divides the pixels in each position into different temporal
segment, and calculates the weighted average as the mod-
eled background value. The generated background image is
then encoded with high quality to ensure the effective back-
ground prediction for the subsequent frames. Considering
that the high-quality coding of background image always
leads to bitrate burst which presents a severe challenge to

Fig. 2. The proposed hybrid processing framework for video
surveillance.

coding and transmission systems, Chen et al. [7] presented a
block-composed scheme, which constructs and updates BRF
in block manner, achieving better compression efficiency.
Though many explorations have been made to generate more
efficient BRF, the quality of BRF is still far from satisfactory
especially in complicated scenes with dense or low-speed ob-
jects. Fig. 1 shows the BRF generated by the methods in [7].
As can be observed, the generated BRF suffers from severe
foreground pollution due to the wrong decision of back-
ground pixels. In view of this, this paper improves the BRF
by incorporating semantic information, and makes use of
instance segmentation to detect potential foreground pixels.
The details of our BRF generation scheme will be illustrated
in Section 3.

3. PROPOSED METHOD

In this Section, we first illustrate the hybrid processing frame-
work for video surveillance. Then, the proposed BRF gener-
ation scheme with semantic cues will be elaborated.

3.1. Hybrid surveillance processing scheme

Traditional surveillance processing systems normally deal in-
telligent analysis and video compression tasks with indepen-
dent solutions, lacking the utilization of interactions between
each other. To tackle this issue, a hybrid processing scheme
is presented as depicted in Fig. 2. which comprises of video
compression flow and intelligent analysis flow. In particular,
intelligent analysis task is realized by semantic information
extraction and intelligent analysis modules, where semantic
extraction module extracts required information such as fore-
ground objects mask in the local camera, and analysis module
performs analytical tasks based on these extracted features.
The advantages of the proposed intelligent analysis flow lies
in that, the analysis features are extracted based on original
frames, thus avoid the negative effect caused by video com-
pression artifacts.
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Fig. 3. Instance segmentation based BRF generation scheme.

Regarding video compression flow, an instance segmen-
tation based BRF is generated by using the original video
frames and foreground masks produced in semantic extraction
module. By incorporating semantic cues, the proposed BRF
is more robust for complex scenarios and can provide more
accurate predictions for background regions. In essence, the
semantic extraction is a fundamental module in this hybrid
scheme which links the two working flows. Specifically, the
extracted semantic features can not only be utilized in analy-
sis process, but also contribute to the compression process by
facilitating better BRF generation.
3.2. Instance segmentation based BRF generation

The framework of the proposed BRF scheme is provided
in Fig. 3. Specifically, the to-be-coded frame FT conducts
instance segmentation to produce a foreground mask MT ,
which is used to aid background blocks detection process.
Then, each coding tree unit (CTU) in FT performs back-
ground block detection to identify potential background
blocks. In particular, motion metric and semantic metric
are developed to detect the background CTUs, and a CTU
level flag is imposed to indicate if it is a background block.
The detected background CTUs are compressed with high
quality whereas the non-background CTUs are compressed
with normal quality. At the decoder side, the IDR frame is
employed as the initial BRF FBRF , and the decoded back-
ground CTUs are utilized to update the co-located blocks
in the FBRF . The details of the proposed BRF generation
approach are discussed as follows.

3.2.1. Foreground mask generation

The instance segmentation method Mask R-CNN [9] is em-
ployed to generate a pixel level foreground mask before com-
pressing the to-be-coded frame, which contains precise loca-
tions of the specific objects. Considering that different objects
usually behave in different patterns, therefore specific strate-
gies are needed to deal with each object separately. In par-
ticular, some typical objects are focused in this work, which
can be classified to human relevant objects (HRO) and vehicle
relevant objects (VRO). Here, HRO comprise of human and

some related objects such as backpack and umbrella, while
VRO contain popular transportation tools including cars, bi-
cycles and trucks. Let ΦHRO and ΦV RO denote the HRO and
VRO respectively, the derivation of MT can be expressed as
follow:

MT (i) =

 2, if FT (i) ∈ ΦHRO

1, if FT (i) ∈ ΦV RO

0, otherwise
(1)

where MT (i) and FT (i) represent the ith pixel values of MT

and FT , respectively.

3.2.2. Background block detection

After deriving the foreground mask, two complementary met-
rics are developed to mutually constrain the detection process
by using the motion and semantic information. The details of
the two metrics are given as follows.

1) Motion metric: The proposed motion metric intends to
detect the stable contents by calculating the variations
between the co-located areas in neighboring frames.
Let MMK

T be the motion metric value of the Kth CTU
in frame FT , which is derived as:

MMK
T =

∑N
i=1

∣∣FK
T (i)− FK

T−1(i)
∣∣

N
, (2)

where FK
T (i) and FK

T−1(i) are the ith pixel values in Kth
CTU of FT and FT−1 respectively, and N is the pixel
number within CTU. Generally speaking, lower motion
metric value always corresponds to stable regions that
should be determined as background blocks. Neverthe-
less, since motion metric can hardly differ real back-
ground from low-speed foreground objects, employing
only motion metric will inevitably involve foreground
pollution in BRF. To tackle this, we further propose the
semantic metric to ensure accurate background block
decision.

2) Semantic metric: The semantic metric is investigated
to adjust motion metric based on the foreground mask
features in each block. A key insight here is that some
static foregrounds, e.g. sitting people and parking cars,
are supposed to be treated as background, whereas the
objects with slow motion should be excluded from the
BRF. Let SMK

T be the semantic metric of the Kth block
in frame FT , which can be formulated as:

SMK
T =

 WH, if max
(
MK

T (i)
)

= 2
WV, else if max

(
MK

T (i)
)

= 1
1, otherwise

(3)

where MK
T (i) denotes the ith pixel value in Kth block of

MT , and WH and WV represent the weighting parame-
ters for HRO block and VRO block respectively, which
are experimentally set to 8 and 4 in our implementation.
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As such, it implies that the blocks without foreground
pixels are favored in our algorithm, and thus with the
highest priority to be determined as background blocks.
However, for those blocks with foreground objects pix-
els, larger weighting factors are imposed to avoid mis-
classification. Specifically, different weighting factors
are assigned to each foreground blocks according to
the types of objects. In the proposed method, the fac-
tor WH is set larger than WV since the HRO normally
moves in lower speed and hence it is more likely to be
mis-detected, and a larger weight can help mitigate the
wrong background decision.

After deriving motion and semantic metric, the background
confidence (BC) of each block is finally calculated as the
product of the two metrics, i.e.

BCK
T = −SMK

T ∗MMK
T (4)

where BCK
T denotes the BC value of the Kth CTU of FT . The

CTU will be identified as background candidate only if the
BCK

T larger than the pre-defined threshold. Besides, at most
1/10 of the total CTUs in a frame will be determined as ul-
timate background blocks in order to avoid bitrate burst. If
the number of background candidates is beyond the limita-
tion, only the top-NNUM candidates with the largest BC will
be determined as the ultimate background blocks.

3.2.3. Background block compression

The detected background blocks are compressed in lower
quantization parameter (QP) to provide high quality refer-
ence, and the coding parameters are set in accordance with
the method in [7]. Similar to the strategy in [7], the proposed
BRF serves as an additional reference frame during coding
process. Moreover, a CTU level flag is assigned to each CTU
to indicate whether it is a background block. And the recon-
structed background blocks are not only used to reconstruct
the current frame, but also used to update the corresponding
blocks in the FBRF .

4. EXPERIMENTAL RESULTS

The proposed BRF is incorporated into HEVC [10] software
HM-16.6, which is appended to reference picture set (RPS),
serving as an additional reference frame. In the experiment,
all the encoder configurations follow HEVC common test
conditions (CTC) [11]. Four standard QP points, i.e. {22,
27, 32, 37}, are tested to verify the performance of BRF.
Regarding the test sequences, eleven surveillance sequences
with relatively dense foregrounds are tested in the experi-
ment. Considering that BRF tends to provide better coding
performance in long test period, the test duration is set to
20s. Additionally, we use the widely employed BD-rate [12]
metric to evaluate the effectiveness of the proposed methods.

We first provide the rate distortion performance of BRF
on HM-16.6 in Table 1. As can be observed, the proposed

Table 1. The overall RD performance of the proposed BRF
compared with HM-16.6.

Sequences
Low-delay B Low-delay P

Y U V Y U V

Hongsilouwest1 -38.7% -33.4% -28.2% -37.9% -31.7% -27.2%

Hongsilouwest2 -33.6% -30.2% -27.0% -32.4% -29.3% -26.7%

Hongsilouwest3 -27.6% -27.9% -23.4% -26.5% -26.6% -21.2%

Downtown1 -35.7% -41.9% -42.1% -33.6% -39.9% -42.2%

Downtown2 -32.2% -32.9% -35.8% -30.3% -31.1% -33.8%

Dongcemen1 -28.2% -21.5% -22.1% -26.2% -21.2% -21.3%

Dongcemen2 -20.1% -18.2% -18.1% -18.2% -17.3% -17.5%

Yaogannan1 -20.3% -23.3% -21.3% -17.6% -20.9% -19.7%

Yaogannan2 -20.9% -20.1% -20.4% -18.6% -18.8% -19.9%

Weiminghudong1 -32.9% -36.1% -23.1% -31.6% -36.2% -21.9%

Weiminghudong2 -29.5% -33.1% -33.3% -27.5% -28.2% -32.3%

Overall -29.0% -29.0% -26.8% -27.3% -27.4% -25.8%

Table 2. The overall RD performance of the proposed BRF
compared with Chen et al.’s method [7].

Sequences
Low-delay B Low-delay P

Y U V Y U V

Hongsilouwest1 -3.4% -1.5% -1.0% -2.8% -1.3% -0.7%

Hongsilouwest2 -3.5% 0.3% 0.6% -3.2% -0.3% 0.1%

Hongsilouwest3 -10.5% -4.4% -4.8% -10.5% -3.6% -3.8%

Downtown1 -4.6% -2.9% -4.7% -4.6% -3.7% -5.8%

Downtown2 -3.1% -2.4% -2.8% -2.9% -1.5% -1.4%

Dongcemen1 -3.5% -1.3% -0.5% -3.5% -1.7% 1.0%

Dongcemen2 -1.5% -1.6% 0.9% -1.3% -1.0% 0.0%

Yaogannan1 -5.0% -0.8% 0.8% -4.5% -0.6% 0.9%

Yaogannan2 -4.0% -2.2% -1.4% -3.7% -2.9% -1.0%

Weiminghudong1 -1.1% -0.2% -0.0% -1.1% -0.8% -0.6%

Weiminghudong2 -1.0% -0.4% -0.9% -0.8% -1.9% -1.5%

Overall -3.8% -1.6% -1.2% -3.5% -1.7% -1.2%

BRF achieves remarkable bitrate savings on HM-16.6. In
low-delay B (LDB) configuration, on average 29.0%, 29.0%
and 26.8% BD-rate gains are observed on Y, Cb and Cr com-
ponents respectively, and up to 38.7% luma coding gain is
observed on Hongsilouwest1 sequence. Regarding LDP con-
figuration, average 27.3% luma coding gain is achieved, indi-
cating great superiority of the proposed BRF.

We also compare our method with state-of-the-art BRF
scheme in [7], which also employs block level generation
strategy. The BD-rate comparison results are provided in
Table 2. As can be observed, the proposed BRF compre-
hensively outperforms the method in [7], where 3.8% and
3.5% bitrate savings are respectively achieved in LDB and
LDP configurations, and up to 10.5% gain is observed on
Hongsilouwest3 sequence. Moreover, we also validate the
effectiveness of the proposed BRF from subjective perspec-
tive. In particular, several typical BRFs in are depicted in Fig.
4, where the first row represents the BRFs generated by the
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(a) DownTown1 (b) Hongsilouwest2 (c) Weiminghudong1

Fig. 4. Subjective comparisons between the proposed BRFs and that produced by the method in [7].

method in [7], and the corresponding BRFs generated by our
method are provided in the second row. As can be observed,
the BRFs generated by [7] suffer from severe foreground pol-
lution. Whereas in our method, such foreground pollution is
effectively mitigated by introducing the semantic constraint.
These experimental results provide sufficient evidences in
validating the effectiveness of the proposed BRF.

5. CONCLUSION

This paper a hybrid surveillance processing scheme towards
efficient analysis and compression, where the extracted se-
mantic cues are used to improve compression efficiency by fa-
cilitating the BRF generation. Besides, we propose to remove
background redundancy by introducing the high quality BRF,
where motion metric and semantic metric work in a comple-
mentary way to ensure the accurate detection of background
blocks. Experimental results demonstrate considerable supe-
riority of the proposed BRF. When the proposed BRF is inte-
grated into reference picture set (RPS), 3% coding gains are
obtained compared with state-of-the-art method.
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