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ABSTRACT
Motion vector fields (MVF) are able to produce more accurate prediction image than conventional block based motion
compensation. However, the MVF is not used in conventional video coding standards due to the difficulty of efficient estimation and compression. In this work, we propose a MVF
based video coding framework. We formulate the estimation
of the MVF as a discrete optimization problem by both optimizing the residual energy and MVF smoothness, which can
be efficiently solved by graph cut algorithm with initialized
motion vectors for each pixel. We then propose a modified
rate distortion optimization approach for the MVF compression. Experimental results show that the proposed method has
comparable performance in terms of object quality compare
to the state-of-art of HEVC, while it is with better subjective
performance by overcoming the block artifacts problem.
Index Terms— motion vector fields, motion compensation, rate distortion optimization, video coding
1. INTRODUCTION
Inter prediction is essential for a video coding system to exploit temporal redundancy. In the conventional hybrid video
coding system, the current frame is predicted from the previous decoded frame, then the prediction residual is converted
to bit-stream by transform coding and entropy coding. The
predicted frame is obtained by warping the previous decoded
reference frame using motion vectors (motion compensated
prediction). The motion vectors also need to be written into
the bit-stream. On one hand, more accurate prediction means
less residual energy, and thus less amount of resultant bits. On
the other hand, the cost of coding the motion vectors should
not overweight the benefit bring by the accurate prediction.
The residual energy of each pixel can be minimized independently by assigning each of them an motion vector to
indicate the most similar pixel in the reference frame. However, as each pixel may have very different motion vectors,
the cost of coding the motion vectors is too heavy to afford.
One compromise is to use the block based motion vectors,
which is adopted in most modern video coding standards. In
H.264 [1], each block (the block size is from 16×16 to 4×4.)

has a constant motion vector. The motion vectors are computed by searching a matching block in the reference frame
with minimum mean square error (MSE). The block based
scheme greatly reduces the total number of motion vectors,
which makes the motion vectors compressible. However, it
fails to find an accurate match for blocks containing edges and
complex texture. The transform coefficients of these blocks
tend to contain large high-frequency components which are
difficult to compress. Besides, the reconstructed frame has
block artifact, especially at the low bit-rate situation.
There have been recent efforts on motion vector fields (MVF) based video coding [2–4]. They all try to find a
smooth-like dense MVF to make it both compressible and also be able to get a small residual energy. In [2], the authors
apply a variation of Horn and Schunk’s optical flow field [5]
to get a coarse MVF, but not the pixel level motion vector.
In [3], when computing the MVF, the authors not only consider the smoothness of the MVF but also the smoothness of the
residual. In [4], the MVF are represented based on orthogonal
wavelets. The compression efficiency of the MVF is wisely
considered in the cost function for computing the MVF. A
common problem of these methods is that they don’t consider the influence of using compressed and distorted MVF for
motion compensation in the final texture frame coding.
In this paper, we propose a new MVF based video coding framework. Firstly, we formulate the estimation of the
MVF as a pixel-labeling discrete optimization problem which
optimizes both the residual energy and MVF smoothness. A
hierarchical block matching (HBM) approach is used to get
the motion vector candidates for each pixel, then each pixel
is assigned one motion vector from the corresponding candidates by efficiently solving the pixel-labeling problem using
graph cut algorithm [6]. Secondly, we propose a modified rate
distortion optimization approach to compress the MVF jointly considering the bit-rate and distortion of the texture frame.
Experimental results show that the proposed method has comparable performance in terms of object quality compare to the
state-of-art of HEVC [7], while it has better subjective performance by getting rid of the block artifacts.
The rest of the paper is organized as follows. We introduce our MVF estimation scheme in Section 2. In section 3,
we show how to compress the MVF and residual jointly. Ex-

perimental results and further analysis are given in Section 4.
Section 5 concludes this paper.
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2. MOTION VECTOR FIELDS ESTIMATION
In this section, we aim to estimate a compressible MVF to
minimize the residual energy. Computational efficiency is also considered for estimating the MVF, as it is a significant
practical issue.
2.1. Problem formulation
Let I and I0 be the current frame and the reference frame,
respectively. Let L denotes the set of all pixels and x ∈ L
is the two-dimension pixel index. The MVF is denoted by u,
then u(x) is the two-dimension motion vector of pixel x. Let
R(u) denotes the bit-rate of coding the MVF. For each pixel
x, we denote the set of feasible motion vectors as F (x).
The MVF should ideally optimize the encoder’s operational rate distortion performance [8]. Given the bit-rate budget B of coding the MVF, we wish to minimize the residual
energy as follows:
P
min
|I(x) − I0 (x + u(x))|2
u
x∈L
(1)
s.t. R(u) ≤ B, u(x) ∈ F (x)
As it is impractical to get the exact R(u) without coding
the MVF, we use the smoothness of MVF, i.e, the total variation of MVF |∇u|, to approximate R(u). This is a reasonable
assumption that smooth fields are easy to compress [2]. Based
on the Rate-Distortion Optimization (RDO) scheme [8], we
rewrite (1) as Lagrangian:
min

P

|I(x) − I0 (x + u(x))|2 + λ

u

x∈L

s.t.

u(x) ∈ F (x)

P

x∈L

|∇u(x)|
(2)

where λ is the Lagrangian multiplier. By allowing the elements of F (x) be real numbers, (2) is a typical optical flow
problem which can be solved by some iterative methods with
Taylor-expansion [9]. These methods always have high computational complexity and the real numbers are also difficult
to compress.
In this problem, we assume u(x) can only be integer or
quarter precision, because higher precision motion vectors
have negligible improvements for motion compensated residual compression [7]. Then the problem can be regarded as a
pixel-labeling problem that each pixel x need to be labeled a
motion vector from the candidates set F (x) in order to minimize the cost function. However, even with integer pixel precision, the possible candidates of u(x) for each pixel have
M × N choices, where M and N denotes the frame height
and width, respectively. It is time consuming to solve this
pixel-labeling problem directly. Besides, each candidate set
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Fig. 1. Search area (blue) of current level derived from previous level.
contains too many redundancy motion vectors which increases the probability of getting outliers. Next we employ the
HBM approach which reduces the number of candidates to
nine for each pixel, and then the reduced labels pixel-labeling
problem is solved efficiently by graph cut algorithm.
2.2. Motion vector initialization via hierarchical block
matching
In [10], the motion is hierarchically estimated using decreased
block sizes in each level. We use the same idea in this paper
to get the motion vector candidates for each pixel.
The hierarchical block matching starts at the block size of
64×64 which is halved in five iterations until to the 2×2 level.
At each hierarchy level, the motion vectors are computed by
using conventional block matching algorithm by minimizing
the MSE. The search area of current level is dependent on
the motion vectors of previous level, as illustrated in Fig. 1.
The set of starting search points of current block is formed
on the nine neighboring motion vectors of previous level, and
the search range around each starting points is decreased with
each level. Thus, the motion of current level is able to follow
the motion of the previous level.
To reduce the effect of noise caused by small block matching, the search strategy is switched to a candidates based approach when the block size is smaller than 8 × 8. The motion vector of current block is directly chosen from the nine
neighboring motion vectors of previous level, which means
the search range is set to 0. This forces the small blocks to
decide to which motion object they belong.
The hierarchical strategy is able to prevent local minimum
compared to the conventional block matching approach and
it also imposes the smoothness constraint implicitly through
predictive search. After getting the motion vectors of each
2 × 2 block, the candidates set F (x) for each pixel is then
defined by the nine neighboring 2 × 2 blocks’ motion vectors.
As each pixel has only nine candidates, (2) can be efficiently
solved by some discrete optimization algorithm.
2.3. Energy minimization via graph cut
We choose graph cut algorithm [6] to solve the pixel-labeling
problem with reduced labels. The standard form of energy

function in graph cut problem is as follows:
E(u) =

X
x∈L

Dx (u(x)) +

X

Vx,y (u(x), u(y))

(3)

x,y∈N

where N ∈ L × L is a neighbor system on pixels. Dx (u(x))
measures the cost of assigning the label u(x) to the pixel x.
Vx,y (u(x), u(y)) measures the cost of assigning the labels
u(x), u(y) to the adjacent pixels x, y and is used to impose
spatial smoothness.
2
InP
our problem (2), Dx (u(x)) = |I(x)−
P I0 (x+ u(x))| .
λ|u(x) − u(y)|,
|∇u(x)| can be written as
As λ
x∈L
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current frame
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x,y∈N

Vx,y (u(x), u(y)) = λ|u(x) − u(y)|. After obtaining the
candidate set F (x) in section 2.2, we use the graph cut algorithm solve (3) to get the final MVF.
3. MOTION VECTOR FIELDS COMPRESSION
Same as the depth image, the MVF is also piecewise smooth.
By representing the MVF as two grey images corresponding
to the horizontal components and the vertical component respectively, we can use some depth compression methods to
compress the MVF, such as the intra depth coding of 3DHEVC [11] and the graph transform based depth coding [12].
With these methods, the RDO function to choose the best coding mode for compressing the MVF will be as follows:
Jmvf (m) = Dmvf (m) + λRmvf (m)

(4)

where m denotes the coding modes (containing prediction
modes, block partition modes, etc.) of the current coding unit. Dmvf (m) and Rmvf (m) denote the distortion and bits of
coding the current unit with mode m, respectively. And λ is
the predefined Lagrangian multiplier.
However, the distortion of the MVF is not our concern to
design the coding system. The distortion of the reconstructed
texture frame denoted by Drec is what we really care about,
which is the same as the distortion of the texture residual. It
is also necessary to consider the bit-rate of coding the texture
residual denoted by Rresi when compressing the MVF. Thus
we get the following modified RDO function:
Jmvf (m) = Drec (m) + λ(Rmvf (m) + Rresi (m))

(5)

where Drec (m) and Rresi (m) are computed by applying the
compressed MVF with mode m for motion compensation.
When compressing the MVF using the modified RDO fuction, the compression of the texture frame is also considered
to make the total rate distortion cost minimized.
In this paper, we modify the depth intra coding algorithm
of 3D-HEVC [11] to compress the MVF. The Depth Modeling Modes (DMM) in [11] is efficient to compress the piecewise smooth signal which is characterized by sharp edges and
large areas of nearly constant or slowly varying samples.

Fig. 2. MVF examples of Foreman. First row: first two frames and their absolute difference. Second and third
row: MVF, prediction and residual obtained with Horn and
Schunk’s and proposed algorithm. The colored MVF is obtained based on the Middlebury optical flow benchmark [9].
We summarize here our proposed framework: Firstly, the
MVF sequence is computed based on the original input sequence by using the proposed algorithm in section 2. The
computed MVF sequence is represented by two sequences of
gray images corresponding to the horizontal components and
vertical components, respectively; Secondly, for each texture
frame, the corresponding two gray images of MVF are first
compressed by the proposed approach in section 3 and then
the reconstructed MVF are used to perform motion compensation for the current texture frame compression; The final
total coding bits are the sum of the MVF coding bits and the
texture frame coding bits.
4. EXPERIMENTS
We modify the 3D-HEVC software HTM 10.0 [13] depth intra coding algorithm and texture frame coding algorithm to
compress the MVF and texture frame separately. The proposed framework is compared with HEVC (HM 12.0 [14]),
which is a fair comparison as the residual compression of 3DHEVC is the same as that in HEVC. The difference between
our proposed framework and HEVC is that the estimation and
compression of the motion information.
The coding structure is IPPP... and the previous one
frame is used as reference frame. In this paper, only the
performance of integer-precision MVF is tested compared
with HEVC integer-precision motion vector. Our framework
can be extended to quarter-precision MVF by replacing the
integer block matching in section 2.2 with sub-pixel block

BasketballDrill

BQMall

43

42

42

41

41

40

40

39

PSNR(dB)

∆BD-Rate[%]
Prop-NR Prop
BasketballDrill 32.35 -5.69
BQMall
41.92 -7.11
Class C (832×480)
PartyScene
10.51 -2.80
RaceHorses
38.11 -2.92
BasketballPass
46.32 -2.71
BQSquare
2.28
-0.54
Class D (416×240)
BlowingBubbles
32.82 -1.85
RaceHorse
51.64
2.32
Foreman
68.39
1.50
CIF (352×288)
Mobile
12.37
0.68
Average
34.67 -1.91

PSNR(dB)

Table 1. BD-Rate results versus HM12.0
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Fig. 3. Rate distortion curves of BasketballDrill and
BQMall.

Table 2. Ratio of motion information bits in total bits.
QP
MV Bits/Total Bits[%] ∆BD-Rate[%]
Texture MVF HEVC Prop-NR Prop Prop-NR Prop
BasketballDrill
22
24
8.48
7.47
11.37
27
29 13.74
7.99
17.64
32.35 -5.69
32
34 20.45
8.53
25.70
37
39 29.45
9.16
36.44
BQMall
22
24
6.33
3.98
7.07
29 10.73
4.49
12.74
27
41.92 -7.11
32
34 16.50
4.33
19.41
37
39 24.23
4.32
28.42

matching. Test sequences in our experiments include 10 sequences with various resolutions, seeing detail in Table 1.
The test quantization parameters (QP) of texture frame are
22, 27, 32 and 37 and the QP of MVF is two larger than that
of corresponding texture frame. Weighted BD-Rate [15] is
used to measure the objective performance.
Fig. 2 shows one result of our MVF estimating algorithm. Compared to the conventional Horn and Schunk’s optical
flow field, the residual obtained by proposed algorithm has
smaller energy and the predicted edge is also much sharper.
Besides, based on HBM and discrete optimization algorithm
with reduced labels, our approach is computational efficient.
Table 1 gives the numerical results of the proposed framework. Compared to HM 12.0, the proposed approach (denoted as Prop in the table) has an average of 1.91% and
up to 7.11% BD-Rate reduction. We also test the results
without modified RDO when compressing the MVF, denoted
by Prop-NR. While, the BD-Rate increase is large for the
Prop-NR approach which shows the necessity of considering
the influence of compressed MVF for motion compensation. Fig. 3 plots the rate distortion curves of BQMall and
BasketballDrill. We see that the proposed approach
outperforms HEVC at different quantization levels. As shown
in Fig. 4, the proposed approach has better subjective quality
by getting rid of block artifacts compared to HEVC, especially at the low bit-rate situation.
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Fig. 4. Decoded images of the third frame of BQMall at
QP = 37.
The ratio of motion information bits in the total bits
for BQMall and BasketballDrill is given in Table
2. Compared to HEVC, the proposed approach takes a few
more percent bits to compress the motion information, but the
overall performance is better, which shows that the texture
residual of proposed approach is compressed more efficiently
than that of HEVC. While although the Prop-NR approach
takes much fewer percent bits to compress the MVF, the total
BD-Rate increases a lot.
Compared to HEVC, one drawback of our framework is
the computational complexity, which mainly comes from the
extra MVF compression. In the future, we will try to exploit
the correlation between the two components of the MVF to
design a more efficient MVF compression algorithm.
5. CONCLUSION
We present a motion vector fields based video coding framework in this paper. In contrast to HEVC with block based
motion vectors, the proposed framework is capable of making
a better trade-off between the bit-rate of motion information
and the accuracy of motion compensated prediction by using pixel based motion vectors. Experimental results demonstrate that the proposed framework has comparable performance in terms of object quality and overcomes the block
artifacts, compared to HEVC. Our future work is to extend
the current integer-precision MVF to quarter-precision MVF.
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