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ABSTRACT

Rate-Distortion optimization can significantly improve encoder per-
formance in MPEG-like video coding applications especially when
it is applied to coding mode selection and motion estimation. Nev-
ertheless, it is not easy to implement Rate-Distortion optimization
in real-time video encoders because of its prohibitive computa-
tional cost. In this paper, we propose a joint macroblock mode
selection and motion estimation by employing a computationally-
efficient, yet highly-effective rate-distortion model. Experimen-
tal results show that the proposed algorithm provides significant
PSNR improvements with a small increase in overall computa-
tional load over the TM5-based encoder.

1. INTRODUCTION

Video coding standards define converting a raw video source into
a specified bitstream. Although the bitstream syntax is specified
by the standard, many of the encoder modules are left open to
allow manufacturers to optimize the encoding performance or to
tailor it to a particular application. Among the non-normative en-
coder modules, the motion compensated prediction module pro-
duces a motion vector and a prediction residual. Assuming that
the number of bits needed to code the motion information is negli-
gible, some existing hybrid video coding algorithms (e.g., TM5 [9]
for MPEG-2) have been designed to select a displacement vector
that produces a minimal-energy residual. However, as the over-
all bit rate decreases, coding the motion information also needs a
certain number of bits that becomes relatively substantial. Thus,
a better strategy for the motion search is required to find a bal-
ance between the residual energy and the motion information. An-
other important block in the encoding process is macroblock (MB)
mode selection. The distortion-based approach of TM5 for the
coding mode selection can be improved by applying Lagrangian-
based Rate-Distortion (R-D) optimization (RDO) as suggested in
[7], [10]. However, it would be inefficient to calculate the actual
rates and distortions by simulating the encoding process to mini-
mize Lagrangian cost function associated with each possible en-
coding mode. In this paper, we propose a joint MB mode selection
and motion estimation algorithm by employing a computationally-
efficient, yet highly-effective rate-distortion model.

The contributions of this paper are as follows: (i) we intro-
duce a simple, yet highly effective R-D model; (ii) we develop a
computationally efficient R-D optimized mode selection and mo-
tion estimation framework using the proposed R-D model. Unlike
the most R-D optimal mode selection algorithms in the literature,

the proposed one is not based on Lagrangian optimization; (iii) we
effectively combine the non-Lagrangian MB mode selection with
the Lagrangian motion estimation method; (iv) we show that cod-
ing gains of up to 3.17 dB are achievable with modest increase in
the computational complexity of the encoder; and (v) a real-time
hardware implementation using the proposed algorithm as well as
all other MPEG-2 modules have been successfully implemented
using DSP processors1.

2. RATE-DISTORTION MODEL

In this work, we propose to use the rate distortion functions of the
form:

D(R) = σ
β
e
−γR

,

where σ denotes the standard deviation of the source and β and
γ are the model parameters. This form of R-D function is chosen
based on information-theoretic analysis. As studied in [6], [11],
distribution of the transform coefficients is best approximated by
a generalized Gaussian distribution. In the following, we consider
two special cases of the generalized Gaussian source :

• Laplacian source: According to Shannon’s source coding
theorem [4], for a Laplacian source, the minimum number
of bits (R) needed to represent a symbol is given by

R = log2

(

σ√
2D

)

,

where σ is the standard deviation of the source and D is the
distortion due to the quantization of the coefficients. For the
distortion measure, mean absolute difference is employed.
It immediately follows that D is given in terms of the rate
to encode the coefficients as

D = σe
−

3

2
ln(2)R

.

This equation suggests that , β = 1 and γ =
3

2
ln(2) for a

perfect Laplacian source.
• Gaussian source: For a Gaussian source, the R-D function

with squared error distortion (D) is

R =
1

2
log2

(

σ2

D

)

,

1The reader is referred to contact yucel@ece.gatech.edu if (s)he would
like to get a software copy of the code.
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where σ2 is the source variance and R is a rate. The distor-
tion is given in terms of the rate as

D = σ
2
e
−2 ln(2)R

.

For a perfect Gaussian source, this equation suggests that
β = 2 and γ = 2 ln(2).

In our work, we consider only β = 2 case and use γ as a cod-
ing parameter to control accuracy since the actual DCT coefficient
distribution is not exactly Laplacian or Gaussian. We can estimate
the actual γ value for a frame by using the encoding statistics of
previous frames of the same picture type. The estimates of γ are :

γ =
1

N

N
∑

i=1

γi =
1

N

N
∑

i=1

1

Ri

ln

(

σ2
i

Di

)

,

where γi is the model parameter for the ith MB, and Di, Ri, and
σ2

i are the actual distortion, rate and source variance for the ith MB
in the last coded frame, respectively.

3. MACROBLOCK MODE SELECTION AND MOTION
ESTIMATION

3.1. R-D optimized Mode Selection

Consider a group of N MBs to be encoded in a frame. Let mi be
the coding mode of the ith MB, (i = 1, 2, ..., N ), and let MN be
the set of the modes of all MBs. Then,

MN = {m1, m2, · · · , mN},

where mi is the mode of ith MB. The problem of finding the R-D
optimal set of the modes (M∗

N ) for the group of N MBs can be
formulated as:

M
∗

N = arg min
MN

D(MN ) = arg min
MN

N
∑

i=1

Di(mi), (1)

subject to
R(MN ) ≤ R

total
,

where D(MN ) =
N
∑

i=1

Di(mi) and R(MN ) =
N
∑

i=1

Ri(mi) rep-

resent the sum of the distortions and the rates of N MBs, respec-
tively. Di(mi) denotes the distortion when the ith MB is coded in
the mode mi. Similarly, Ri(mi) represents the rate of the MB in
the mode mi. Rtotal is the available total bit budget to encode the
set of N MBs. The bit budget is shared to encode the DCT, the
motion vector and the header information. So we can write

R(MN ) =

N
∑

i=1

R
mv
i (mi) +

N
∑

i=1

R
dct
i (mi) +

N
∑

i=1

R
hdr
i (mi) + R

misc
,

where Rmv
i (mi), Rdct

i (mi), and Rhdr
i (mi) denote the rates needed

to encode motion vectors, DCT coefficients, and headers, respec-
tively, associated with the ith MB when it is coded in mode mi.
Rmisc represents the rate for coding other information that is not
related to the MBs, e.g., the sequence/picture/slice headers.

By assuming that current MB mode mi is independent of any
of the other MBs, we can modify the constrained minimization
problem of Eq. 1 as

M
∗

N =

N
∑

i=1

arg min
mi

Di(mi),

subject to
R(MN ) ≤ R

total
.

Further simplification is possible if we assume that the target total
number of bits for the ith MB (RT

i ) is known. With this assump-
tion, the rate constraint simplifies to:

R
mv
i (mi) + R

dct
i (mi) + R

hdr
i (mi) ≤ R

T
i , ∀i = 1, ..., N.

Coding mode (m∗

i ) of each MB is then obtained by solving the
following constrained minimization problem:

m
∗

i = arg min
mi

Di(mi),

subject to

R
mv
i (mi) + R

dct
i (mi) + R

hdr
i (mi) ≤ R

T
i .

In the MPEG standard, for an Intra type MB, the distortion
of a MB is composed of the distortion due to encoding the DC
coefficient and the AC coefficients. This is because of the fact that
encoding the DC coefficient of each block in a MB is different than
the rest of the DCT coefficients. The DC coefficients of the MB are
quantized with a fixed step size (either 1, 2, or 4 depending on the
DC precision determined by the user) and differentially encoded.
Thus we can write the MB distortion as: 2

Di(mi) = D
DC
i (mi) + D

AC
i (mi),

where DDC
i (mi) and DAC

i (mi) are the distortions of DC com-
ponents and AC components, respectively. However, for a intra-
coded MB, the value of DDC

i is generally small since the DC coef-
ficients are quantized with a small step size. Furthermore, the val-
ues of DDC

i is relatively smaller when compared with DAC
i (mi).

Thus, we can assume that

Di(mi) = D
AC
i (mi). (2)

For the distortion of the AC components, we use R-D relation
presented in Section 2:

D
AC
i (mi) = σ

2
i (mi)e

−γRAC
i , (3)

where RAC
i is a rate for AC components for a given mode mi.

In this equation, σ2
i (mi) is the variance of the DCT coefficients

that depends on the mode. We finalize the R-D formulation by
combining Eq. 3 and Eq. 2 to get

Di(mi) = σ
2
i (mi)e

−γ(RT
i −Rmv

i (mi)−Rhdr
i (mi)−RDC

i (mi))

= σ
2
i (mi)e

−γRT
i e

γ(Rmv
i (mi)+Rhdr

i (mi)+RDC
i (mi)),

(4)

with RAC
i (mi) = RT

i (mi)−Rmv
i (mi)−Rhdr

i (mi)−RDC
i (mi).

RDC
i (mi) is a number of bits needed to DC components which is

2DDC
= 0 for all non-intra modes
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zero for non-intra modes. Using this model, in the optimization
problem formulated in Eq. 2, we get:

m
∗

i =arg min
mi

{

σ
2
i (mi)e

−γRT
i e

γ(Rmv
i (mi)+Rhdr

i (mi)+RDC
i (mi))

}

=arg min
mi

{

σ
2
i (mi)e

γ(Rmv
i (mi)+Rhdr

i (mi)+RDC
i (mi))

}

.

Note that e−γRT
i is not related to any coding modes and it can be

removed from the distortion minimization. Eq. 5 formulates the
rule for choosing the best coding mode for the ith MB.

3.2. Joint Mode Decision and Motion Estimation

In Section 3.1, we assumed that the motion vectors are separately
determined by a motion estimation algorithm. For better encoding
performance, we can combine motion estimation and mode deci-
sion in a joint algorithm.

For the ith MB, we can state the R-D optimal motion esti-
mation as estimating the motion vector that minimizes the mean
absolute error, Ei, subject to a motion vector rate constraint. This
constrained problem is converted to an unconstrained problem us-
ing a Lagrangian multiplier, thus, the R-D optimal motion vector
is selected so as to minimize the Lagrangian cost function

Ji = Ei + λR
mv
i , (5)

where λ is the unknown Lagrangian multiplier and Rmv
i is the

number of motion vector bits. λ can be viewed as a factor that
determines the relative importance of the rate and the distortion.
If λ = 0, then the rate constraint is ignored. Several methods
were proposed for λ estimation [2], [3], [10]. Another approach
is to use a set of possible λ values, λ1, λ2, ..., λM , and select the
motion vector that minimize the cost Ji. That is, for each λj ,
j = 1, 2, ..., M , we can find a number of bits required to encode
motion vector, MVj that minimizes the cost Ji,j = Ei,j+λjR

mv
i,j ,

where Rmv
i,j is the number of bits required to encode MVj for the

ith MB. This procedure results in a maximum of M candidate mo-
tion estimates We can combine the mode decision and motion esti-
mation by using all candidate motion vectors determined for each
λj and jointly optimize the MB mode and the motion vectors by
evaluating all possible cases by extending Eq. 5 as

(m∗

i , MV
∗

i ) =

arg min
mi,MVi,j

{

σ
2
i,j(mi) · eγ(Rmv

i,j (mi)+Rhdr
i (mi)+RDC

i (mi))
}

,

where MVi,j is the candidate motion vector(s) for the λj . Fig. 1
shows the overall procedure for R-D optimal mode selection and
motion estimation.

4. COMPUTATIONAL COMPLEXITY

The proposed algorithm requires such additional computations as
source variance and distortion calculations, and the determination
of the rate terms. The computational complexity analysis is as
follows:

• Calculation of the number of bits for the MVs, the DC coef-
ficients, and the header : In the MPEG2 standard, MVs and
DC coefficients are coded in a differential format. Thus,

2
,1 ,1 ,1 ,1

,1 ,1

( ), ( ),

( ), ( )

mv
i i i i

hdr DC
i i i i

m R m

R m R m

σ

( )
( )( )

2
, , , , , ,

2
, , , , , ,

( ) ( )exp ( )

( )exp ( ) ( ) ( )

AC
i j i k i j i k i j i k

mv hdr DC
i j i k i j i k i i k i i k

D m m R m

m R m R m R m

σ γ

σ γ

= −

+ +

Choose minimum 
distortion

2
,1 , ,1 ,

, ,

( ), ( ),
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m R m
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σ

Fig. 1. R-D optimal MB mode selection and motion estimation
procedure. For the ith MB, mi,k denotes the kth candidate mode
and Rmv

i,j is a number of bits for motion vectors associated with
jth λ value. L is a total number of possible MB modes and M is a
total number of λ values.

the number of bits can be easily obtained from a lookup
table if the differences are available. We can also easily
calculate the number of header bits from the MPEG2 spec-
ification [8].

• Calculation of the variances : According to our analysis, to
calculate the source variance of a 4:2:0-type MB, we need
to perform a total of 384 × (3M + 1) multiplications and
3M×762+378 additions per MB for P-type frames, where
M is number of λ values. Similarly, for B-type frames,
there will be a total of 384× (6M +1) multiplications and
6M × 762 + 378 additions per MB.

• Estimation of the model parameter γ : The model parame-
ter γ is estimated using Eq. 1 after encoding a frame. This
requires the knowledge of the rate, the variance and the dis-
tortion. Fortunately, we only need to calculate the distor-
tion since the actual rates and variances (for the MBs) are
available after coding a frame. To calculate the distortion
(sum of squared difference), for a 4:2:0-type MB, we need
384 multiplications and 762 additions per MB. For the cal-
culation of the γ, we need 2N + 1 multiplication, N − 1
additions, and N logarithm operations.

• Computation of motion cost for multiple λ values : For a
search point, M motion cost values for M λs are calcu-
lated with M additions and M multiplications based on
Eq. 5. This may become a large computational burden in
motion estimation module in some situations. However, by
replacing multiplications with table lookup and choosing
moderate M values, e.g. 2 or 3, we can obtain acceptable
results with very small increase in computation.

We observe that the majority of the overall computational cost
comes from the MB variance computation for each candidate mode.
However, this computational complexity is significantly less when
compared to that of Lagrangian-based RDO process, i.e. DCT,
quantization/inverse quantization, inverse DCT and the VLC op-
erations. A state-of-the-art hardware or software processor can
easily realize this level of computational cost.

1139



Bit rates Algorithms SEQ-1 SEQ-2 SEQ-3
TM5 28.35 26.38 30.13
ρ-RC 29.36 27.13 29.92

2 Mbps Prop. M = 10 32.29 28.97 33.67
Prop. M = 2 32.09 28.78 33.25
Prop. M = 1 31.64 28.49 33.09

TM5 33.35 30.17 35.34
ρ-RC 34.72 31.28 35.90

4 Mbps Prop. M = 10 35.64 32.00 36.96
Prop. M = 2 35.51 31.84 36.76
Prop. M = 1 35.32 31.69 36.76

TM5 35.44 32.15 37.61
ρ-RC 37.04 33.53 38.27

6 Mbps Prop. M = 10 37.67 34.07 38.71
Prop. M = 2 37.56 33.93 38.57
Prop. M = 1 37.44 33.82 38.57

Table 1. The average PSNR values for (i) TM5, (ii) ρ-RC, (iii)
the proposed algorithm with ten λ values, (iv) the proposed algo-
rithm with two λ values, and (v) the proposed algorithm with one
λ value.

5. EXPERIMENTAL RESULTS

We implemented ρ-domain rate control3 method proposed in [5]
using the MPEG-2 encoder software that was developed at the Uni-
versity of California, Berkeley [1]. We refer to this implementation
as ”ρ-RC” in Table 1. The proposed mode selection and motion es-
timation algorithm is also incorporated into the software encoder
with ρ-domain rate control. In the test set, we used three sequences
with CCIR-601 parameters: CAROUSEL (SEQ-1), FLOWER GAR-
DEN (SEQ-2), and FOOTBALL (SEQ-3). In all experiments, the
number of encoded frames was 103. We chose a GOP size of 15.
We considered three bit rates of 2, 4, and 6 Mbps. The search
range was selected as 63 × 63 for both P- and B-type frames, and
the alternate scan option was turned on for all cases.

Table 1 shows the PSNR performance comparison for (i) TM5,
(ii) ρ-RC, (iii) the proposed algorithm with ten λ values, (iv) pro-
posed algorithm with two λ values, (v) the proposed algorithm
with one λ value. For the case M = 10, the proposed algorithm
achieves an average of 2.34 and 1.43 dB PSNR gain over the TM5
and the ρ-RC, respectively. Especially at 2 Mbps, the PSNR im-
provement of the proposed algorithm is quite substantial. Overall,
these results demonstrates that the proposed R-D optimization can
provide significant benefits, especially at low rates. Fig. 2 illus-
trates the PSNR values for the CAROUSEL at 2 Mbps.

Increasing the number of λ values will result in better encod-
ing performance in terms of the picture quality, at the cost of an
increased computational complexity. In our experiments, for the
M = 10 case, we used {0, 10, 20, ..., 80, 90} and for the M = 2
case, {0, 90} are used. When M = 1, λ is set to 0, which means
that R-D optimized motion estimation is not used.
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