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Abstract—Quantization parameter (QP) cascaded hierarchical1

prediction structures have been proved as efficient techniques in2

hybrid video coding. However, the current QP cascading method3

is empirical and not adaptive. The reason for the higher coding4

efficiency of this method has not been fully explored so far. In this5

paper, the rate-distortion performance of QP cascaded hierarchi-6

cal video coding is first analyzed with dependent rate-distortion7

function. Then the optimal offset in linear QP cascading scheme8

is derived theoretically. It is shown that the widely accepted9

empirical QP cascading method is actually an approximation10

to the theoretical solution in fast movement environment. For11

slow sequences, an average gain of 0.43 dB can be achieved by12

the combination of two proposed adaptive algorithms.13

I. I NTRODUCTION14

During the development of scalable video coding (SVC),15

quantization parameter (QP) cascaded hierarchical prediction16

structures (hierarchical-P and hierarchical-B) [1] were pro-17

posed. In principle, hierarchical coding is in the same manner18

as that of the traditional IPPP and IBBP schemes except that19

in motion compensation a frame in a certain temporal level20

cannot reference to the frames from higher levels [1]. With21

such a restriction, temporal scalability is guaranteed since the22

decoding of the frames in lower levels will not be impacted23

even if the frames in higher levels are discarded.24

Due to the hierarchical prediction structures, frames at25

different temporal levels are with different importance in26

motion compensation process. Accordingly, it is natural to27

weight different temporal levels with different QPs duringthe28

encoding, which leads to a technology named QP cascading29

(QPC) [1]. Based on experimental summarization, an empir-30

ical QPC method for hierarchical prediction structures was31

proposed [1], i.e.,32

ΔQPk = 4 + (k − 1), k > 0, (1)

whereΔQPk denotes the QP offset from the temporal level33

k to the temporal level 0. It is shown that such QP cascaded34

hierarchical prediction structures (QPC-HPS) can significantly35

improve the overall coding efficiency. More important, it can36

be applied not only in SVC, but also in single layer video37

coding. Therefore, QPC-HPS draws much attention.38

Basically, the empirical QPC in (1) can be generalized to a39

linear scheme, i.e.,40

QPk =

{

QP0 k = 0

QP0 + b+m ⋅ (k − 1) k > 0,
(2)

whereQPk represents the QP for the temporal levelk, b is41

the QP offset base, andm represents the incremental QP42

for temporal levels above 1. Simulations show that the offset 43

b affects the overall performance greatly. Moreover, a fixed44

QP0 in (2) may not be efficient in practice. Clearly, how to45

properly selectb and QP0 is a key problem in QPC-HPS. 46

Therefore in this paper, two adaptive methods are developed. 47

First, the optimalb is investigated with the dependent rate-48

distortion (R-D) function proposed in our previous work [2]. 49

Then an adaptiveQP0 selection method is discussed based on50

our previous analysis on QPC-HPS [3]. 51

The rest of this paper is organized as follows. First, the R-52

D models for linear QPC-HPS are developed in Section II.53

Then the two proposed adaptive methods are discussed in54

Section III and experimentally verified in Section IV. Finally, 55

the conclusions and future work are presented in Section V.56

II. R-D MODELS FORL INEARLY QP CASCADED 57

HIERARCHICAL PREDICTION STRUCTURES 58

To investigate the R-D performance of QPC-HPS, the59

inter-frame dependency has to be counted. Therefore in this60

section, our previously proposed dependent R-D function is61

first reviewed in Section II-A. Based on it, the R-D models for62

linear QPC-HPS are derived in Section II-B and Section II-C,63

respectively. Considering that GOP is a relatively stable and 64

independent coding unit for hierarchical prediction structures, 65

both R and D models are at GOP level. 66

A. Review of Dependent R-D Function 67

To consider the inter-frame dependency in budget allocation 68

for a group of frames, a dependent R-D function was proposed69

in our previous work [2]. 70

TakingSn, the percentage of skipped 8x8 luminance blocks71

[4] in reconstructed framêIn as the quantitative measure for 72

the inter-frame dependency between frameÎn and its reference 73

frame, the distortionDn for În can be calculated as 74

Dn = Sn ⋅D
S
n + (1− Sn) ⋅D

N
n , (3)

where DS
n and DN

n denote the average distortion for the75

skipped and non-skipped regions inÎn, respectively. 76

When În is a P frame which is totally dependent on its77

reference framêIp, the distortionDSP
n can be derived as 78

DSP
n = fDS(În) = (În − In) ⋅ (În − In)

= (Îp − In) ⋅ (Îp − In) ≈ (Îp − Ip) ⋅ (Îp − Ip) = Dp,
(4)

where fDS(În) represents the function forDS
n , “ ⋅” denotes 79

the dot product,̂In = Îp is due to the complete dependency,80
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Fig. 1. R-D Approximations. (Hierarchical-B, 129 frames, I+16GOP or I+8GOP, each point represents the average of frames at the same temporal level.)

and the approximation is from the assumption that the source81

frameIn and its referenceIp are similar, finallyDp represents82

the distortion of̂Ip.83

In contrast, when̂In is a B frame, the distortionDSB
n can84

be obtained by85

DSB
n = fDS(În) = [(Îp + Îb)/2− In] ⋅ [(Îp + Îb)/2− In]

= (Îp − In) ⋅ (Îp − In)/4 + (Îb − In) ⋅ (Îb − In)/4

+ (Îp − In) ⋅ (Îb − In)/2 ≈ (Dp +Db)/4,

(5)

where Îp and Îb represent the two references forÎn, Dp and86

Db are the related distortion, and the last term in the second87

equation is regarded as zero since the two differential frames88

(Îp − In) and (Îb − In) should be statistically uncorrelated.89

Assuming that the non-skipped region ofÎn is a Gaussian90

source,DN
n is derived from the rate-distortion function of91

Gaussian source [5], i.e.,92

DN
n = fDN(�′

n, Rn) = �′2

n ⋅ 2
−2⋅Rn , (6)

wherefDN(⋅) indicates the function forDN
n , �′

n denotes the93

standard deviation of transformed residues in the non-skipped94

region ofÎn. Moreover, in (6) the budget for̂In is totally spent95

on the non-skipped region since the rate cost for skipped 8x896

luminance blocks is negligible [4].97

Plugging (4) (or (5)) and (6) into (3), the distortionDn for98

frame În is obtained as99

Dn = Sn ⋅ fDS(În) + (1− Sn) ⋅ fDN(�′

i, Rn). (7)

As shown in [2], the performance of this dependent R-D100

function (7) is quite good. Therefore, it will be employed101

to model the R-D behavior of QPC-HPS in the following102

subsections.103

B. Rate Model for a GOP104

There are many rate models proposed in the literature, such105

as the quadratic model [6], and the Laplace distribution based106

model [7]. To provide desired accuracy, control parameters107

in addition to quantization interval are normally employedto108

describe the properties of input video sequences. However,109

these complex models are not well fit for the rate modeling in110

this paper since for online video coding, the predictability of111

the control parameters is even more important than the model112

accuracy [8]. Moreover, these models will lead to complex113

functions which are quite difficult to solve.114

Generally in H.264/AVC [4] coding with IPPP/IBBP, the115

output bitrate will be roughtly reduced by half when the QP116

value is increased by 6 [9]. However in QPC-HPS, the impact117

of ΔQPk on the bitrateRk for the temporal levelk is much118

bigger. On average, the rate ratioRk/R0 is roughly reduced 119

by half whenΔQPk is increased by 2.5, such as forforeman 120

in Fig. 1(a), namely, 121

Rk = R0 ⋅ 2
−ΔQPk/2.5. (8)

Supposing that the average frame bit rate for a GOP with122

K temporal levels (GOP size is2K−1) is R̄, R0 can be derived 123

R0 =
R̄ ⋅ 2K−1

1 +
K−1
∑

k=1

2k−1 ⋅ 2−ΔQPk/2.5

, (9)

where 2k−1 indicates the number of frames at the temporal124

level k. Accordingly, the rate for each temporal level can be125

determined by plugging (2) and (9) into (8). 126

C. Distortion Model for a GOP 127

Let Dk denote the average distortion for frames at temporal128

level k, the total distortionDS for a GOP can be derived as 129

DS = D0 +

K−1
∑

k=1

[2k−1 ⋅Dk]. (10)

As shown in Fig. 2, frames at temporal levelk are normally 130

predicted from levelk − 1 in hierarchical-P (HP) or from 131

level k − 1 and k − 2 in hierarchical-B (HB). Although this 132

observation is not always true, such as for the firstP3 and 133

B3 frames in Fig. 2, the percentage of exceptions is relatively134

low. Therefore, keeping this observation as an assumption in 135

the derivation of distortion model will not lose much accuracy. 136

More important, with this assumption, a unified distortion137

expression can be achieved so that the deduction process will 138

be much simplified. 139

Under the above prediction assumption, the dependent part140

fDS(Îk) of the frame distortionDk in HP and HB can be 141

derived as 142

DP
k = Sk ⋅Dk−1 + (1− Sk) ⋅ fDN(�′

k, Rk), (11)

DB
k = Sk ⋅

Dk−1 +Dk−2

2
+ (1− Sk) ⋅ fDN (�′

k, Rk), (12)

where Sk and �′

k are the inter-frame dependency and the143

standard deviation of transformed residues in non-skipped144

regions for temporal levelk. 145

To obtain models for�k and Sk, simulations were con- 146

ducted. Fig. 1(b) show that the relationship betweenln(�k/�0) 147

andk can be linearly approximated, i.e., 148

ln(�k/�0) = c ⋅ k, (13)

wherec is a constant for a sequence coding. Consequently,149

�k = �0 ⋅ �
k, (14)
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Fig. 2. Inter-frame dependency in hierarchical predictionstructures

where � actually represents the error propagation between150

temporal levels in one GOP. Basically,� < 1 indicates a slight151

error propagation in the current GOP. In this case, bigger QP152

offsets are normally more efficient [3].153

As to Sk, a more complex model is observed. Fig. 1(c)154

shows that an approximately linear relationship between155

log
2
(ln(Sk)/ ln(S0)) andk, namely156

log2[ln(Sk)/ ln(S0)] = c′ ⋅ k, (15)

wherec′ is a constant. Equivalently,157

Sk = S2
−�⋅k

0 , (16)

where� is a parameter indicating the increasing speed ofSk158

along the temporal levelk. Typically, � = 1.5 for HP/B-3/4/5.159

Taking (8), (11) (or (12)), (14), and (16) into (10), the total160

distortion modelDS for a whole GOP can be determined.161

III. A DAPTIVE QP CASCADING162

In principle, the optimal offsetb∗ for linear QPC can be163

solved from the dependent rate-distortion function. However164

for QP0, it is difficult to directly model its effect on the165

overall R-D performance. Therefore, it is selected based onthe166

error propagation within a GOP. In this section, two adaptive167

selection methods for these two parameters will be discussed168

in Section III-A and Section III-B, respectively.169

A. R-D Optimal Offset in Linear QP Cascading170

Based on the R-D function developed in the previous171

section, the R-D optimal offsetb∗ for linear QP cascading can172

be derived as the offset which minimizes the total distortion173

for the whole GOP under the constraint over the average rate.174

Without loss of generality, assuming that the average frame175

bitrate is 1 bit/pixel, namelȳR = 1, b∗ can be calculated as176

b∗ = argmin
R̄=1

{DS = D0 +

K−1
∑

k=1

[2k−1 ⋅Dk]}. (17)

Consequently,b∗ can be determined by solving177

∂DS/∂b = 0. (18)

As shown in the previous section,DS is a complex model178

and so is the function (18). Although it is almost impossibleto179

obtain a closed solution to (18), it can be numerically solved180

for given S0, � and�. Fig. 3 presents numerical solutions to181

HP/B-3/4/5 for several typical� and � values. For an easy182

understanding and implementation, the average inter-frame183

dependency in a GOP, namelySG defined in (19), instead of184

S0 is employed as the x-axis in the figures.185

SG = (S0 +

K−1
∑

k=1

2k−1 ⋅ S2
−�⋅k

0 )/2K−1. (19)

From Fig. 3, it can be observed that the empirical method in186

(1) whereb∗ = 4 is actually an approximation to the theoretical187

solutions of HB/P-4/5. In fast movement environment such as188

those defined by JVT in [10],SG is normally between 0.7 and 189

0.9 in the quality range of 30 – 40 dB. As shown in Fig. 3,190

when error propagation is slight (� = 0.85) b ≈ 4 for such 191

cases, which verifies that the proposed theory well matches192

the practice. 193

To ease the implementation of optimal offsetb∗, lookup 194

tables are employed. Considering HP/B-3/4/5 are widely used 195

in practice, six lookup tables corresponding these six cases 196

are built according to Fig. 3. For each table, 81 entries are197

evenly distributed to cover the rangeSG ∈ [0.15, 0.95]. During 198

the encoding, the first GOP is coded with the empirical QPC199

method in (1). From the second GOP, the proposed offsetb∗ 200

is derived as follows. First, theSG of the previous GOP is 201

calculated as̄Sp. Then the target indexn to the related lookup 202

table is obtained as 203

n = min(15,max(95, ⌊100 ⋅ S̄p + 0.5⌋)), (20)

where⌊y⌋ denotes the floor function which keeps the integer204

part of y when y ≥ 0. Finally, QP ∗

k (k > 0) for the current 205

GOP is derived as 206

QP ∗

k = max{QPk,min{QPk +6, QP0 +Tb∗ [n] + k− 1}}, (21)

whereQPk denote the empirical method in (1),Tb∗ [n] indicates 207

the lookup table, namely the values presented in Fig. 3. 208

It should be noted that although the derivation ofb∗ is com- 209

plex, the proposedb∗ selection method costs little computation210

and is easy to implement since it is based on lookup tables.211

B. Adaptive Selection of QP0 212

In addition toQPk (k > 0), QP0 for the temporal level 0 can 213

be adaptive selected as well. Inspired by our previous work [3], 214

the offsetΔQP0 is adjusted according to the error propagation215

factor � in the current implementation, namely 216

ΔQP i
0 ←

⎧

⎨

⎩

min(ΔQP i−1

0
+ 1, 3) �i−1 ≤ 0.95

ΔQP i−1

0
0.95 < �i−1 ≤ 1.1

max(0,ΔQP i−1

0
− 1) 1.1 < �i−1,

(22)

where superscriptsi and i−1 indicate the current and previous217

GOP, respectively. The refinedQP i
0 for the current GOP is 218

QP i
0 = QP f

0
+ΔQP i

0 , (23)

whereQP f
0

denotes the fixedQP0 by the empirical method in 219

(1) or (2). 220

Based on�, this adaptiveQP0 selection is with low compu- 221

tational complexity. Generally, the calculation of�k for each 222

frame costs most computation in this method. When compared223

with motion estimation process, this computational payload is 224

quite low. 225

IV. SIMULATIONS AND DISCUSSIONS 226

To verify the performance, the proposed AQPC algorithms227

were implemented in SVC reference software JSVM 9.15 [11].228

HB/P-3/4/5 were tried for two set of sequences: Seq-AVC229

(container, news, foreman(QCIF),silent, paris, tempete defined 230

in [12]) and Seq-SVC (bus, football, foreman(CIF), mobile, 231
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Fig. 3. Optimal offsetb∗ in linear QP cascading.

TABLE I
PERFORMANCE OF THE PROPOSEDAQPC: AVERAGE GAIN (DB) FOR

LUMINANCE COMPONENT IN BD-PSNROVER JSVM 9.15

Sequence setHB-3 HB-4 HB-5 HP-3 HP-4 HP-5 Average
Seq-AVC 0.41 0.39 0.16 0.43 0.39 0.14 0.32
Seq-SVC 0.01 0.00 -0.01 0.04 0.01 -0.03 0.00

crew, city, harbour, soccer defined in [10]). Totally 129 frames232

of each sequences were coded with initialQP0 = 19, 24, 29, 34.233

Due to the limited space, only the average gains in BD-234

PSNR [13] for the two set of sequences are presented in235

Table I. On average, the combination of the two adaptive236

methods AQPC obtains 0.32 dB for Seq-AVC while a similar237

performance to the empirical method (1) for Seq-SVC. As238

shown in the table, the gains are not evenly distributed:239

More significant gains were achieved for slow sequences with240

smaller GOP, such as 0.43 dB gain for HP-3 test on Seq-AVC.241

In fact, such results are in line with the previous analysis.242

For slow sequences,SG is bigger than that in fast sequences.243

Consequently, bigger QP offsets are employed and significant244

gains are obtained. While for fast sequences and the case of245

QPC with bigger GOP size, the QP offsets selected by the246

proposed algorithms are close to those by the empirical method247

(1), as shown in Fig. 3. Accordingly, similar performance were248

observed.249

V. CONCLUSIONS ANDFUTURE WORKS250

In this paper, two adaptive QP cascading algorithms for251

hierarchical video coding are proposed. First, the R-D op-252

timal offset for linearly QP cascaded hierarchical prediction253

structures is theoretically derived based on the dependentrate-254

distortion function. It is shown that the empirical QPC method255

employed in the SVC reference software is actually an prac-256

tical approximation to the theoretical scheme for the casesof257

HB/P-4/5 in fast movement scenario. Second, an adaptiveQP0258

selection is presented based on the error propagation within259

a GOP. Comprehensive simulations show that the proposed260

algorithms are more efficient than the reference software. For261

slow sequences with smaller GOP size, over 0.4 dB gain on262

average was obtained.263

Nevertheless, the analysis in this paper is always in the264

sense of rate-distortion. For the next step, how to count the265

visual quality into the optimization process is an interesting 266

topic. Moreover, the optimal QPC scheme in the environments267

of quality scalability and spatial scalability is also worth 268

investigation. 269
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