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Abstract In this paper, we propose a multi-resolution affine block-based tracker for

motion estimation and compensation, compatible with existing video coding stan-

dards such as H.264 and HEVC. We propose three modifications to traditional mo-

tion compensation techniques in video coding standards such as H.264 and HEVC.

First, we replace traditional search methods with an efficient particle filtering-based

method, which incorporates information from both spatial and temporal continuity.

Second, we use a higher order linear model in place of the traditional translation

motion model in these standards to efficiently represent complex motions such as

rotation and zoom. Third, we propose a multi-resolution framework that enables effi-

cient parameter estimation. Results of extensive experimentation show reduced resid-

ual energy and better Peak Signal-to-Noise Ratio (PSNR, hereafter) as compared to

H.264/HEVC for instance, especially in regions of complex motion such as zooming

and rotation.
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1 Introduction

We propose a novel particle filter-based motion estimation strategy, which uses a

higher-order linear model (restricted affine). This is better adapted for complex mo-

tions such as rotation and zooming. The proposed multi-resolution framework brings

computational efficiency in sampling a large search space for the closest matching

block. The system uses importance sampling for combining evidence from random

sampling-based and deterministic spatial and temporal cues. We integrate the pro-

posed model with the H.264 reference code JM 17.0 and HEVC reference code

HM16, and show encouraging compression results, at a reasonable computational

complexity.

Conventional video compression schemes such as MPEG [1] and H.264 [2] use

block-based translational motion estimation and coding. Advanced video compres-

sion schemes such as H.264 [2] and HEVC [3] have further introduced larger block

sizes for prediction, larger block transforms and advanced motion vector partition-

ing [4]. However, they are still based on a translational motion model for inter-frame

redundancy exploitation. All these conventional motion estimation techniques are not

efficient in the prediction of complex motion regions involving effects such as rota-

tion and zoom, thus limiting the overall compression that can be achieved. HEVC

and H.264 approximate such complex motion by dividing bigger blocks and using

multiple reference frames, but the corresponding motion vectors, block mode signal-

ing and Rate Distortion (RD, hereafter) optimisation [2] are substantial overheads

which affect the overall coding gain specially at high Quantisation Parameters (QPs,

hereafter) [5].

Zhang et al. [6] propose a layered affine model. The authors first estimate zoom,

rotation and translation at the frame level to account for global motion. A disad-

vantage of this approach is the relative complication of the layered approach. Fur-

ther, there is no prediction to help the process of estimation of the affine parame-



ters. Wiegand et al. [7] combine affine motion compensation with long-term memory

motion-compensated prediction. A prime disadvantage of this work is the huge com-

putational overhead and larger memory requirement, to store affine warped frames as

well as previously decoded frames to be used for motion compensation. Kordasiewicz

et al. [8] propose an affine model-based in-loop post processing method benefiting

from the advantages of affine motion prediction and using the conventional fixed

block-based framework. A similar in-loop pre-processing method in [9], uses mo-

tion information provided by the four neighboring coded macro blocks, in addition

to the motion vectors of the coding macro block. A limitation of such scheme is the

significant computational cost at each macro block, irrespective of the motion of the

respective blocks across the frame. Yuan et al. [10] propose an affine motion model

with four parameters, to account for only global and local zoom.

Kuo et al. [11] use a Kalman filter-based tracker, but only to refine the motion

vector. Kwolek [15] uses a particle filtering-based tracker in a H.264 teleconferenc-

ing video and varies the Quality Parameter (QP) for face and non-face regions. Kuo et

al. [12] further propose an enhanced motion estimation algorithm based on a Kalman

filter. They exploit block motion correlation to achieve high precision in motion esti-

mation and compensation. In this work, a Kalman filter is used as a post-processing

tool to increase motion compensation accuracy of conventional rate-constrained mo-

tion estimation. Luo et al. [13] propose a block-based motion estimation technique

combining Kalman filtering with adaptive block partitioning. In this method, a first

order autoregressive (AR, hereafter) model is applied to motion vectors obtained from

block-matching algorithms. A particle filtering-based block-wise motion tracking and

estimation method [14] is proposed utilizing state information of neighboring blocks.

The proposed method can estimate motion and disparity with a smaller number of

search points as compared with conventional estimation methods. The above dis-

cussed techniques are mostly based on a translational motion model and operate at

the base (full) resolution unlike our proposed method.



Kuo et al. [11] use a combination of full search and an autoregressive model (with

fixed and empirically determined coefficients). Chung et al. [16] present an affine

model by extending their earlier work [17] to the affine domain. The authors deter-

mine the translation and rotation using spatio-temporal correlation of motion vectors

and estimate scaling using a three-step-search [16]. The above approach suffers from

the problem of converging to local minima, as in all existing fast search techniques.

Cheung and Siu [9] propose a scheme for affine prediction by sending only the trans-

lational motion vectors in H.264 and computing the affine motion parameters at both

the encoder and decoder. In addition to the computational complexity, some assump-

tions are not general enough. All the works above assume that all pixels within the

coding macro-block have identical motions. [9] assume that the prediction error is

distributed around the periphery of the partition.

Muhit et al. [18] propose a motion model for efficient representation of non-

translational motion using a 2-D cosine based basis function. In this scheme, the

authors propose to split the coding unit into different coding sizes (similar to standard

H.264) to ensure the efficient motion estimation. The limitation with this is that it is

still based on the one-to-one block search, increasing the computational cost.

Matthias et al. [19] have explored the affine motion model in combination to the

translation model based on the rate-distortion and claim a compression gain upto

23% compared to HEVC. They propose to increase the search block size, however

this method will not be efficient for local motion prediction within the block. Huang

et al. [20], [21] and Chen et. al. [22], propose a control-point representation for the

affine motion model using different block encoding modes (SKIP, DIRECT) address-

ing the problem of efficient coding of the affine parameters in the motion estimation.

In these approaches, the motion parameters are derived from the motion of neighbor-

ing coded blocks and incorporated into the standard framework of SKIP and DIRECT

modes. This differs from the evolutionary particle filtering based approach of [23].

A multiresolution framework [23] enables a coarse-to-fine refinement and scalability.



Li et. al. [24] recently propose a gradient based affine motion estimation with pre-

liminary results that looks very promising but again lacks the scalability needed for

real time video applications. The overhead of the affine parameters is not explained.

A higher order motion estimation method [25] is proposed based on spatial and tem-

poral local gradients. The proposed scheme seems more at a conceptual level and

seamless integration of such scheme is not stated and therefore may not go along

with the standard HEVC hardware and software design for video applications.

In motion estimation, it is desirable to simultaneously have high spatial resolution

and accurate motion estimation at an acceptable level of computational complexity.

This problem can further be related to the size of the search window as well as the

complexity involved in increasing the window size. A multi-resolution approach en-

ables searching in a larger window across multiple resolutions without increasing the

computational complexity by a large factor. Motion parameters can be concisely rep-

resented at a lower resolution and further refined at higher resolution using a coarse-

to-fine strategy. Lee et al. [26] propose a fast multi-resolution block matching algo-

rithm using a translation assumption.

In contrast to the above approaches, our work is suited for accurately estimating

complex motions at a reasonable computational complexity, and efficiently handling

common non-translational effects such as rotations and zooms. Our approach has ran-

domized and deterministic components to effectively search a large space across dif-

ferent resolutions (from coarse to fine in the proposed multi-resolution framework),

and avoid convergence to local minima. In the proposed approach, we do not use

any object-background segmentation (as in Gehlot et al. [27]) or use any separate ob-

ject coding. We operate on image blocks irrespective of any semantic separation into

objects moving across a background. We have combined our scheme with the stan-

dard H.264 and HEVC, and shown better motion estimation and compression results.

This work builds on some very preliminary ideas of the authors in [28]. Our previ-

ous work [28] was presented more as a proof of concept which we have extended



extensively in this submission by: a) integration of the proposed framework into the

H.264 and HEVC standard, b) performing extensive experiments for a wide range

of video sequences with various object motions, and c) qualitative and quantitative

performance analysis.

The rest of the paper is organized as follows: Sec. 2 provides a detailed descrip-

tion of the proposed motion estimation model. In Sec. 3, we discuss integration of

the proposed method with H.264/HEVC, and show experimental results. Sec. 4 con-

cludes the paper.

2 The Proposed Motion Estimation Model

The proposed method considers particle filter-based motion estimation in a multi-

resolution framework. There are two prominent problems with existing standards

such as H.264 and HEVC. First, a local exhaustive search strategy involves a com-

putationally expensive search in the neighbourhood of the block/coding unit of in-

terest. Such a strategy will not work if there is a considerable amount of motion

between frames (the search region is typically fixed in size). Our particle filtering-

based approach (Sec. 2.2) is a computationally efficient search procedure to sample

a search space with a statistically significant set of search locations (particles). Sec-

ond, a translational motion model is sometimes a gross approximation to motions

which involve rotations and scaling, for instance. Existing standards try to approx-

imate motions more general than translational, by going up to quarter-pel resolu-

tion. Sec. 2.1 describes a restricted affine model, which provides an easier alternative

to such approximations, within the same H.264/HEVC model. Sec. 2.3 proposes a

multi-resolution approach to sampling a larger search space using a smaller num-

ber of sampling points, performing a coarse-to-fine refinement in getting the clos-

est matching block/coding unit. This importance sampling combines a deterministic

search based on intra-frame proximity and temporal continuity, in conjunction with



a guided randomized search. Sec. 3 integrates the proposed framework with standard

H.264/HEVC-based encoders, and shows better compression.

2.1 A Restricted Affine Motion Model

In general, video objects have 3-D motion. One uses 2-D parametric models as a prac-

tical approximation to represent the 3-D motion. 2-D models make the motion estima-

tion problem over-determined, and numerically stable [29]. As opposed to the most

general linear 8-parameter projective model, a 5-parameter restricted affine model

strikes a balance between the number of parameters to estimate, and its generality. A

5-parameter tracker state model (at resolution r in the image at time frame t, Sec. 2.2)

Xr
t = [x y h w θ]T accounts for commonly observed non-translational effects such as

zooming (scale change), and rotation. Xr
t represents a rotated rectangle, with centroid

(x, y), width w and height h, and orientation θ. Fig. 1, shows an example of the resid-

ual energy for various 16 × 16 H.264 macroblocks encoded using an affine model,

vis-a-vis that using a translational model. H.264 gives an option to further split the

macroblock if the motion estimation is not efficient (with an overhead of increased

complexity). Detailed experiments with different coding block sizes are presented in

Sec. 3.

2.2 Particle Filtering-based Motion Estimation

We replace the deterministic search of a H.264/HEVC framework with a tracking-

based framework. A particle filter/CONDENSATION filter can work with any distri-

bution represented as a collection of N particles [30]. A Kalman filter on the other

hand, needs a Gaussian assumption for the prior density, the state/process dynamics

model as well as the observation/measurement model. In an H.264/HEVC frame-

work, one searches for the closest matching block of the same size, in a fixed search

area. For a particle filter with a particle Xr
t as in Sec. 2.1, one needs two models:



Fig. 1: A restricted affine motion model reduces the residual energy as compared to
the standard translational model: an example with a representative pair of frames
from a sample video sequence (‘cross bridge’). This is for H.264, with the same
16× 16 block size, for the sake of a uniform comparison. The x− axis shows the

16× 16 macroblock index number.

– The State/Process Dynamics Model: In the absence of any prior knowledge about

the motion of a particular block in a video, a random walk model is often the best

assumption:

Xr
t = Xr

t−1 +Wn (1)

Here, n is a time-independent zero-mean-unit-variance Gaussian noise, and WTW

is the noise covariance. Sec. 2.3 explains our strategy to handle parameters of

such models in a multi-resolution scenario. One can have a similar model across

different resolutions [32]:

Xr
t = f(Xr−1

t ) +Vm (2)

Sec. 2.3 outlines how one can take information about the prior motion of a par-

ticular block. The function f(·) is the resolution level difference, e.g., a factor of

2 for a translational component of Xr
t, and unity, for a rotational component.



– The Measurement/Observation Model: Let Zr
t denote the measurement/observation

at time t at resolution r, for state Xr
t. We estimate the match probability between

a block in the target image, and the corresponding warped (5-parameter restricted

affine) block, as a function of the sum of squared errors (SSE, hereafter):

Πr
t
4
= P (Zr

t|Xr
t) ∝ e−SSE (3)

2.3 Multi-Resolution Particle Filtering and Importance Sampling

In this section, we describe the use of particle filtering and importance sampling in a

multi-resolution framework.

The proposed method operates in the basic H.264/HEVC philosophy: having

intra-coded (I) frames, and predicted (P)/bi-directionally predicted (B) frames. We

call any intra-coded frame, a ‘reference frame’, and in this section, give an exam-

ple with regard to a ‘P’ frame. Sec. 3 considers how our framework implementation

gels with existing JM and HM implementations of H.264 and HEVC, respectively.

Our system builds up a pyramid corresponding to each frame. Fig. 2 outlines the

proposed coarse-to-fine resolution strategy.

Corresponding to resolution levels r1, r2 . . . rn (going up the pyramid in Fig. 2,

from the finest to the coarsest level), we have N(ri) particles at resolution level ri.

For instance, a 16 × 16 macroblock (in H.264/HEVC notation) at resolution r1 will

correspond to a 8× 8 block at resolution r2, and a 4× 4 block at r3, in a three-stage

pyramid. To avoid computational complexity (at the cost of slight inaccuracy), one

may omit a low pass filtering operation at every stage, before a sub-sampling [26].

The algorithm starts at the coarsest resolution rn.



Fig. 2: For a block in the given image, we perform a coarse-to-fine search to
efficiently compute motion vectors at the highest resolution level in a robust manner.

2.3.1 Importance Sampling at Resolution Level rn

The work of Sullivan and Rittscher [31] proposes a basic framework for using de-

terministic search to guide random particles for a particle filter-based tracker. In our

system, three types of N(rn) particles for a block are generated involving a combi-

nation of deterministic and random particles:

1. NN (rn) particles, around the neighbourhood of a particular block. These may be

generated from a small neighbourhood around the block’s state vector e.g., ± 1

pixel around an end point of a oriented rectangle and ± the minimum resolution

corresponding to an angle.

2. NH(rn) particles, corresponding to the history of motion vectors, from the previ-

ous non-intracoded (non-I) frame. The NH(rn) particles are randomly generated

around the temporally previous motion vector corresponding to this block.

3. The remaining N(ri) - NN (rn) - NH(rn) particles are generated according to

the assumed motion model (Sec. 2.2).



2.3.2 Coarse-to-Fine Refinement and Encompassing a Large Search Space

In this section, we describe how we propagate information across scales for a com-

putationally effective search of the closest matching block.

The main motivation in using a multi-resolution approach is to cover a large part

of the search space using a smaller number of search points at a coarse resolution (as

in a prior work involving one of the authors[32]). A coarse resolution does not have

accuracy in terms of pixel details, but has the advantage of computational efficiency

in terms of a smaller number of pixels to process, which cover a larger area in an

image. This is especially important for videos with large motion, which traditional

H.264/HEVC cannot handle well. For them, the limitations of the search area result

in reduced compression. We follow the particle filtering-based strategy of Sec. 2.3.1

both across time (one frame) and across resolutions.

In line with a sequential Bayesian filtering strategy [32], the number of particles

at each levelN(ri), i = n−1, . . . 1 can be taken to be the same, or even successively

reduced, to reduce the overall computational load. Propagating the best of the parti-

cles at a particular resolution level (among others) progressively refines the choices

for the best block, allowing a more directed search in a smaller region with possibly

the same, or a smaller number of particles. Such a strategy is advantageous in cases

involving high motion or non-translational motion for instance, allowing accurate

estimation at an acceptable level of computational complexity.

We start at resolution level rn, and generate N(rn) particles as described in

Sec. 2.3.1. For all particles at level n, we compute the error at each particle as in

Eq. 3. We normalise these probabilities as
∑N(rn)

j=1 Πrn
t [j] = 1. For each successive

finer level ri, i = n− 1 . . . 1 the N(ri) particles are generated as follows:

1. We order the N(ri+1) particles above in decreasing order of their probabilities.

We take the first NR(ri+1) as those which contribute to 95% of the probability

mass.



∑NR(ri+1)
j=1 Π

ri+1

t [j]∑N(ri+1)
j=1 Π

ri+1

t [j]
≤ 0.95 (4)

These are the ‘best’ particles of the coarser resolution level, which have the

state/process dynamics model of Eq. 2 applied to them.

2. The rest of the N(ri)−NR(ri) particles come from a combination of the neigh-

bourhood particles are resolution level ri and particles according to the motion

vector history as in Sec. 2.3.1

At the finest resolution level r1, we consider the particle j with the highest prob-

ability Πrn
t [j], and use it to compute the motion vector for the current block. This is

extrapolated to various levels of resolution ri for the next frame according to Eqs. 1

and 2. Fig. 3 gives a diagrammatic view of the process.

Fig. 3: For a block in the given image, the system has a coarse-to-fine strategy to
compute motion vectors at the highest resolution level.

3 Integration Experiments in an H.264/HEVC framework

For all our experiments, we used a Windows 2007 PC with Intel Core- i5 CPU (2.4

GHz), 4GB RAM and a 180 GB HDD. We have experimented with a large number



of standard video sequences commonly used by HEVC (JCT-VC) and H.264/AVC

(JVT) that have significant non-translational motion (rotations, zoom-in and zoom-

out), and large inter-frame motions (Fig. 4 shows some representative sequences

used in our experiments). As already highlighted, we show that the proposed method

is more efficient for videos with significant non-translational motion, such as rota-

tion and zoom, which are not efficiently represented by standards such as H.264 and

HEVC. Experimental observation suggest that the proposed higher order linear model

(restricted affine) in a multi-resolution framework is even more efficient in an HEVC

framework, due to the provision of increased coding block size (up to 64 × 64) in

HEVC.

Fig. 4: Test sequences used for experiments with their characteristics

We have used block sizes of 16× 16 for QCIF (176× 144) and CIF (352× 488)

videos, and 32× 32 and 64× 64 for high resolution videos (480P (832× 480)/1080P



(1920× 1080)). Larger block sizes are chosen for high resolution videos to ensure a

better chance of capturing a representative large motion in the sequence (and hence,

enabling better compression), as opposed to trying to capture it in parts with a large

number of smaller blocks. In our experiments, we chose 2 levels of the Gaussian

pyramid [36] for 16× 16 and 3, for 32× 32 and 64× 64 blocks. The distribution of

particles have been empirically chosen to be 200 at each resolution of the Gaussian

pyramid. In order to test the performance of our algorithm at sub-pel accuracy we

have used a simple bicubic filter which would generate similar results as a six-tap

followed by a bi-linear filter used in JM-17.0 [33].

We have compared the results of the proposed scheme with H.264 and HEVC

(JM 17.0 baseline profile and HM 3.1 dev, respectively), and integrated our scheme

into the above standard frameworks. For instance, if the motion is closer to pure

translational than restricted affine (5 parameters), the encoder sends them as trans-

lational blocks, to save on the extra number of bits needed to encode a translational

motion as affine. For both H.264 and HEVC in the RD loop before the mode de-

cision, we replace the original prediction with the new local affine prediction as a

pre-processing step. We use the motion compensation framework of the standard,

where we replace the predicted macroblock defined by the current slice pointer with

the proposed affine based prediction model. The pre-processing decision is made on

the basis of the Sum-of-Squared-Errors (SSE) of the predicted blocks by the standard

reference code (SSETrans) and our scheme (SSEAffine ). The coding of a block as

restricted affine has a cost of three extra motion vectors h, w and θ (as two transla-

tional parameter represent the traditional motion vectors). We restrict the variation in

these three parameters to ±7 and therefore introduce a worst case extra bit-overhead

of 12 bits per coding unit. In our experiments, we choose a block to be affine if

SSEAffine is less than 90% of SSETrans. Fig. 6 shows a representative frame along

with its categorisation of macroblocks. In H.264/HEVC, there is an option to further

split macroblocks if the motion estimation is not efficient. We have done a compara-



tive study with varying the coding unit size in the standard HEVC and the proposed

framework in HEVC as shown in Fig. 7.

Bit streaming is an important part in video coding standards. In order to achieve

flexibility in a variety of applications and transport methods, H.264 separates the

Video Coding Layer (VCL) and Network Abstraction Layer (NAL) as shown in

Fig. 5. We propose to use unspecified NAL unit types in H.264 (24 to 31 in Table 7.1

of the H.264 standard) encapsulating all information related to the affine coded blocks

and slices for the decoder to reconstruct. Similar to the handling of a skip-block, an

affine coded block is indicated for entropy coding using CAVLC or CABAC in H.264.

The video coding layer (VCL) (which encodes and writes each macroblock data in

the NAL unit of slice to the AnnexB byte stream [34]) encapsulates information about

the motion.

Fig. 5: NAL Unit Sequence [35]

For simplicity, we use an ‘IPPP. . . ’ structure for the frames for most of our ex-

periments, however we also use the default HM low delay configuration with default

prediction sequences to ensure the seamless integration of the proposed framework

with HEVC. Each P frame uses its immediate previous frame as reference. For cod-

ing efficiency, the average bit-rate and PSNR values have been compared for the first

25 frames at 4 different QP values, 22, 27, 32 and 37. After RD optimization, the

percentage of affine coded macroblocks varies from 33% to 65%, which corresponds

to a reduction in bit-rate. The baseline configuration is used from the standard for

encoding in H.264 (JM references) and the encoder low delay configuration is used



Fig. 6: Categorisation of macroblocks in a representative frame of the ‘Football’
Sequence (CIF) coded with standard JM and the proposed JMAffine. Blocks in red

are those coded as (restricted) affine blocks, blocks in blue are those coded in
translation mode and those in white are those coded as skip blocks.

for encoding in HEVC (HM references). The detailed encoding parameters used are

described in Table 1 and Table 2.

We compare the performance of the proposed model with HM-16 using the Bjøntegaard

Delta (BD, hereafter) rate parameter [2]. Fig. 7 and Fig. 8 shows a representative

example: a comparison of the RD plot for the ‘Car crossing (VGA)’, ’Park Scene

(1080P)’ and ’Cactus (1080P)’ for the proposed method (HMAffine), and that of a

pure HEVC encoding (HM ). The proposed method shows a trend of higher PSNR

values at smaller bit rates, an indication of better coding efficiency with higher fidelity

to the original unencoded video.

Tables 1 and 2 show results comparing the performance of our method with H.264

and HEVC respectively (JMAffine and HMAffine , versus the original H.264 and

HEVC versions JM and HM ) for some representative test sequences at sub-pel res-

olution. Table 3, shows comparative results of HMAffine vs HM16.0 for the default

encoding configuration from the standard.



Fig. 7: RD Plot comparing HM and HMAffine (pure HEVC, and the proposed
method, respectively) for the sequence, ‘Car Crossing’ (VGA) using the coding

block size as 16× 16, 32× 32 and 64× 64 respectively, in raster scan order. The
proposed method gives a higher PSNR value corresponding to a lower bit rate,

indicating better coding efficiency with greater fidelity to the original unencoded
video.

3.1 Discussion on the Computational Complexity

In this subsection, we present the time and storage complexity of the proposed algo-

rithm. We have profiled JM and HM for encoding flow and generated the data for JM,

JM affine and HM, HM affine. The comparative results are presented in Table 6.

The computational complexity of both algorithms is computed in terms of the

number of addition and multiplication operations required. For an exhaustive full

search with a search radius p, the number of addition operations required to calculate



Fig. 8: RD Plot comparing HM and HMAffine (pure HEVC, and the proposed
method, respectively) for the sequence ‘Park Scene’ (the top row) and ’Cactus’ (the
bottom row) using the coding block sizes of 32× 32 (the graph on the left side on

each row) and 64× 64 (the one on the right).

the SSE are (2p+1)2∗2∗B2
size and the number of multiplication operations required

are (2p + 1)2 ∗ B2
size. Our motion model involves an extra warping overhead which

depends upon the number of particlesN(ri) andBsize(ri) at a resolution ri. Warping

each block requires N(ri) ∗ 4 ∗ Bsize(ri)
2 additions and subtractions. Also for SSE

calculation at each resolution level ri, we require N(ri) ∗ 2 ∗B2
size(ri) additions and

N(ri) ∗ B2
size(ri) multiplication operations. The ‘Foreman’ sequence as explained



Table 1: Comparison of the proposed method (‘JMAffine ’) with H.264 (JM-17.0,
‘JM ’) for a search range of 16 for low resolution sequences and 32 for high

resolution sequences. In general, JMAffine results in greater compression at an
improved PSNR. Encoding parameters used are: SearchRange=16/32,

SearchMode=Full Search, Search Precision = Integer pixel, sub-pixel, Macroblock
Partition Modes = P16×16, PSKIP, De-blocking Filter=ON, RD Optimization =

ON, Entropy Coding = CAVLC

Sequence QP JM JMAffine BD Rate
Bit-rate PSNR Bit-rate PSNR Gain

22 812 40.44 732 40.69
-14.96Foreman 27 391 36.33 337 36.54

(QCIF) 32 155 32.49 131 32.57
37 51 29.11 60 29.48
22 2139 40.7 2042 40.89

-10.16Mobile 27 1426 35.47 1323 37.26
(QCIF) 32 816 30.3 717 34.04

37 322 25.53 276 31.53
22 2299 40.56 2076 40.89

-12.58Foreman 27 962 37.03 869 37.26
(CIF) 32 383 33.68 375 34.04

37 170 30.74 209 31.53
22 5040 40.93 4819 41.51

-9.61Football 27 3021 36.99 2947 37.17
(CIF) 32 1636 33.03 1602 33.57

37 852 29.44 777 30.31
22 23528 40.14 22913 40.2

-8.25Party Scene 27 13567 35.41 12986 35.5
(480P) 32 7223 30.96 6570 31.1

37 3181 27.05 2916 27.4
22 8870 41.86 8017 42.21

-9.02Car Crossing 27 4962 37.73 4698 38.11
(VGA) 32 2298 33.7 2389 34.1

37 854 30.24 937 30.79
22 39311 40.67 35983 40.79

-9.49Tennis 27 18258 38.72 17563 38.91
(1080P) 32 9000 36.34 8900 36.69

37 4732 33.7 5017 34.16
22 74114 39.45 66495 39.59

-9.12Cactus 27 26198 36.75 25079 36.96
(1080P) 32 12709 34.35 13263 34.70

37 6245 31.70 6413 32.12
22 67362 40.25 61345 40.45

-12.06Park Scene 27 28629 36.91 27327 37.29
(1080P) 32 12369 33.66 11905 34.02

37 5448 30.86 5944 31.28

earlier has a lot of angular motion, whereas the ‘Football’ sequence is characterized

by very high and complex motion. In both sequences, the translational motion model

is not able to perform well even at sub-pel level.



Table 2: Comparison of the proposed method (‘HMAffine ’) with HEVC (HM 16,
‘HM ’) for a block size = 16× 16 for low resolution videos and a block size =
32× 32 for high resolution videos. In general, HMAffine results in greater

compression at an improved PSNR. Encoding parameters used are:
SearchRange=16/32, SearchMode=Full Search, Search Precision = Integer pixel,

Coding Unit (CU) size = 16/32/64, De-blocking Filter=ON, RD Optimization = ON,
Internal Bit-Depth = 8, Entropy Coding = CAVLC

Sequence QP JM JMAffine BD Rate
Bit-rate PSNR Bit-rate PSNR Gain

22 1181 38.65 1071 38.74
-10.09Foreman 27 459 35.25 436 35.5

(CIF) 32 210 32.76 222 33.22
37 120 30.57 144 31.44
22 2664 39.12 2524 39.45

-11.87Football 27 1409 34.55 1336 35.0
(CIF) 32 698 30.77 685 31.31

37 347 27.88 365 28.68
22 5601 37.53 5250 37.5

-8.64Mobile 27 3185 31.69 2858 31.69
(CIF) 32 698 30.77 685 31.31

37 347 27.88 365 28.68
22 15206 36.91 14232 36.89

-7.06Party Scene 27 7645 31.86 7196 31.95
(480P) 32 3165 28.14 3104 28.43

37 1226 25.48 1325 25.73
22 4907 39.60 4548 40.06

-7.48Car Crossing 27 2216 35.22 2184 35.64
(VGA) 32 912 31.93 983 32.35

37 414 29.63 537 30.12
22 16179 40.29 15576 40.40

-7.61Tennis 27 7548 37.84 7293 37.98
(1080P) 32 3682 35.40 3595 35.60

37 1948 33.26 1939 33.54
22 21986 38.04 20316 38.07

-12.13Cactus 27 8633 35.54 7839 35.64
(1080P) 32 3543 33.09 3313 33.3

37 1586 31 1578 31.29
22 25143 38.7 23731 38.77

-6.39Park Scene 27 9396 35.38 9068 35.49
(1080P) 32 3620 32.85 3589 32.99

37 1502 30.8 1583 30.96

An important parameter in the process is the number of particles. A larger num-

ber of particles can better explore the search space at a given resolution level, at the

cost of a larger number of computations. It is important to strike a balance between

the two. For a representative set of videos, we considered the average performance

of the strategy with 16 × 16 and two levels of resolution with the restricted affine



Table 3: Comparison of the proposed method (‘HMAffine ’) with HEVC (HM16)
with default HM configuration of low delay main profile with GOP

size=4,SearchRange=64, FastSearch=1, BipredSearchRange=4, InternalBitDepth=8
Sequence QP HM HMAffine

Bit-rate PSNR Bit-rate PSNR
22 756 33.04 685 33.12

Foreman 27 294 30.14 279 30.35
(CIF) 32 134 28.01 142 28.4

37 77 26.14 92 26.88
22 1705 33.45 1615 33.73

Football 27 901 29.54 855 29.93
(CIF) 32 447 26.31 438 26.77

37 223 23.84 233 24.52
22 3585 32.09 3360 32.06

Mobile 27 2038 27.09 1829 27.09
(CIF) 32 447 26.31 438 26.77

37 223 23.84 233 24.52
22 9732 31.56 9108 31.54

Party Scene 27 4893 27.24 4605 27.32
(480P) 32 2026 24.06 1987 28.21

37 785 21.79 848 22.0
22 3140 33.86 2911 34.25

Car Crossing 27 1418 30.11 1398 30.47
(VGA) 32 584 27.3 629 27.66

37 265 25.33 344 25.75
22 10355 34.45 9969 34.54

Tennis 27 4831 32.35 4668 32.47
(1080P) 32 2356 30.27 2301 30.44

37 1247 28.44 1241 28.68
22 14071 32.52 13002 32.55

Cactus 27 5525 30.39 5017 30.47
(1080P) 32 2268 28.29 2120 28.47

37 1015 26.51 1009 26.75
22 16092 33.09 15188 33.15

Park Scene 27 6013 30.25 5804 30.34
(1080P) 32 2317 28.09 2297 28.21

37 961 26.33 1013 26.48

Table 4: Comparative study of the proposed scheme and a fast search method (TZ).
Encoding configurations are: Fastsearch:1, SearchRange:32, MaxCUWidth: 64,

MaxCUHeight: 64
Sequence SSE (TZ) SSE (Proposed) % decrease in SSE

Tennis(1080P) 66778 45348 32.09
Park Scene(1080P) 254462 169367 33.44

Cactus(1080P) 388013 260395 32.89
Party Scene(480P) 138886 101306 27.06
Football(704X576) 151713 113754 25.02

model against a similar configuration with a pure translational model employing a full

search, as in standard video coding standards. The performance was averaged over

10 sample runs. Fig. 9 shows the percentage reduction in the SSE with the number of

particles varying from 100 to 250. As expected, increasing the number of particles re-

sults in a better approximation of the actual motion (which is far from being a simple



Table 5: Experimental results of the multiresolution motion estimation algorithm.
Encoding configurations are: Fastsearch:0, SearchRange:32, MaxCUWidth: 64,

MaxCUHeight: 64
Sequence % decrease in SSE in Multiresolution Framework

2-levels 3-levels 4-levels
Tennis(1080P) 19.72 31.21 32.12

Park Scene(1080P) 20.28 32.98 34.01
Cactus(1080P) 21.26 31.22 32.69

Party Scene(480P) 17.73 26.18 31.83
Football(704X576) 14.57 22.33 23.59

Fig. 9: Illustration of the % decrease in the SSE with a variation in the number of
particles. The results compare our restricted affine configuration approach with the

translational model.

translational one in the representative videos), showing a better match to the affine

model, and better search towards the parameters of this model. The standard devia-

tion varies from 0.1 to 2.7 for the different videos with 100 particles, with the average

SSE steadily decreasing as the number of particles increases. For 200 particles, the

range of standard deviations is 0.06 to 0.54, which does not change appreciably when

the number of particles is increased to 250 (while reducing the SSE, but the amount

of reduction is not as drastic as with a smaller number of particles, as in Fig. 9). The



associated computational cost in going from 200 to 250 particles however registers

an increase of about 25%. We observe similar results for larger block sizes as well.

Further, if we augment the translational model with full search with a pyramid,

we observe an approximate 30% saving in the total number of computations with

the proposed method. For these experiments, we considered 16 × 16 block sizes,

and a search range of 32. This illustrates the advantage of using a particle filter-based

strategy (as in our proposed method, with 200 particles in this experiment), as against

one which involves a full search.

Another parameter in the process is the number of levels of resolution. Fig. 10

shows the percentage decrease in the SSE with increasing the number of levels of the

Gaussian pyramid. Smaller frame size videos for H.264 with block sizes of 16×16 are

not appropriate for this experiment, since with 3 levels of resolution, a block size of

4×4 is too small to contain any appropriate information. In this experiment, we have

considered high resolution videos and hence have made a comparison with standard

HEVC. As can be seen from these results, the percentage decrease in the SSE tends

to taper off as the number of levels is increased. For instance, the percentage SSE

decrease from 3 to 4 levels is not considerable.

Table 6: Time complexity analysis for JM, JMaffine, HM and HMaffine.
Columns 2 & 3 give the encoding time (In Seconds) using standard JM (QP=28,

Search Range = 32, encoded frames = 25), and the Affine-based proposed scheme in
JM framework (‘JM affine’). Similarly, columns 4 &5 give the motion estimation

time for JM and JM affine. Columns 6 & 7 give the encode time using HM (QP=28,
Search Range=32, encoded frames = 25) and the Affine-based proposed scheme in

HM frame work(’HM affine’).
Encode Encode ME ME Encode Encode

Sequence time time time time time time
JM JM affine JM JM affine HM HM affine

foreman(176X144) 5.17 8.52 3.03 3.15 10.82 8.10
flower(352X288) 21.68 33.114 13.49 15.76 33.39 46.24

football(352X288) 26.415 38.07 18.06 27.28 39.99 44.2
car crossing(640X480) 68.31 105 44.47 54.5 80.45 96.38
party scene(832X480) 88.69 136.5 55.66 68.05 123.18 143.63



Fig. 10: The percentage SSE decrease over a single level of resolution, with 2, 3 and
4 levels, for representative high resolution videos, for block sizes of 32× 32 and

64× 64. Sec. 3

4 Conclusion and Outlook

In this paper we propose a novel multi-resolution motion compensation scheme based

on a restricted 5-parameter affine representation. We use a particle filter-based tracker

in a multi-resolution framework (for computational efficiency in sampling a large

search space for the closest matching block) and use importance sampling for using

evidence from deterministic spatial and temporal cues, to guide a particle filter-based

block tracker for fast and efficient motion estimation. We have combined our scheme

with a standard H.264 and HEVC framework and shown improved motion estimation

and compression results.

One of the known improvement areas of the framework is the handling of mul-

tiple motions if they are close enough and the energy distribution within a region

corresponds heavily to one particular motion. With the increase in block-size, the

probability that more than one motion within the block exists increases. Although

two motions can be detected and tracked using the coarse-to-fine strategy, we select



only a single restricted affine estimator for the block. Further partitioning of the block

on the basis of motion peaks could be future work. A quick solution to these problems

could be segmentation prior to tracking. First, identify the dominant motion peaks,

remove all dominant motion peaks corresponding to the primary motion. Now since

all dominant peaks corresponding to primary motion are removed we can again iden-

tify the dominant motion peaks for secondary motion. But further research would be

required in this area to get the best possible segmentation technique.
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