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ABSTRACT

As compared with the predecessors, the superior compres-
sion performance of HEVC mainly stems from the hierarchi-
cal quadtree coding scheme, which is composed of coding
unit(CU), prediction unit(PU), and transform unit(TU). The
best CU/PU/TU partition mode is chosen from plenty of can-
didate modes. This procedure is denoted as rate-distortion
optimization(RDO) that consumed more than 90% computa-
tion resources in HEVC encoding. In this paper, we devise
the convolutional neural network(CNN) based fast CU mode
decision algorithm for HEVC inter prediction. The contributi-
ons of our proposals include: (1) Because the maximum num-
ber of CU/PU candidate mode in one CTU is reduced, the cor-
responding VLSI encoder hardware complexity is ameliora-
ted; (2) With the CTU pipeline architecture, the parallelism of
the RDO processing will not be deteriorated by our fast algo-
rithm. Our experiments show that the proposed VLSI friendly
algorithm speeds up the HEVC inter coding by 45.0% at the
cost of averagely 2.91% Bjontegaard Delta bit-rate(BDBR)
increase in HEVC reference test model HM-15.0.

Index Terms— HEVC, inter prediction, fast CU mode
decision, CNN, texture.

1. INTRODUCTION

The latest video coding standard, High Efficiency Video
Coding(HEVC), achieves the significant compression impro-
vement over H.264/Advanced Video Coding(AVC) with the
competitive objective quality [1]. It is mainly bacause that
HEVC adopts the hierarchical coding scheme including the
quad-tree coding unit(CU), prediction unit(PU), and trans-
form unit(TU)[2]. The basic coding structure is the coding
tree unit(CTU). The tree root is the 64×64 CU and it is
split into four square smaller CUs recursively until minimum
size 8×8. Each CU is also a root of its PU tree and TU
quad-tree. PU partition modes for a 2N × 2N CU in inter
coding include 2N × 2N,N× 2N, 2N×N, 2N×nU, 2N×
nD, nL× 2N,nR× 2N . To achieve the best coding perfor-
mance, the various configurations of coding data structure are
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checked in a recursive manner during the rate-distortion op-
timization(RDO). However, the flexibility of the hierarchical
CU/PU/TU composite structure increases the computational
complexity intensively for the encoder. Experiments in [3]
show that the H.264/AVC JM encoder is running at least four
times faster than the HEVC HM encoder.

For HEVC inter prediction, much effort has been made to
explore fast block partition mode decision algorithms. Tan,
[4], devised that if the best RD cost of the current CU is
smaller than the costs sum of its four sub-CUs coded with
2N × 2N mode, the split is terminated for the current CU.
In [5], the depth of the current CU is estimated by its neig-
hboring spatiotemporal CUs’ depths, so that the candidate
CU mode number can be reduced. The literature[6] propo-
sed that for each coded CU, if the RD cost of the MERGE
mode is less than a threshold, the MERGE mode is selected
as the best CU coding mode directly. Ahn[7], et.al., collects
the SAO edge categories to predict the texture characteristic
of each CU for a rough split decision, and then a further re-
finement is made on the basis of the temporal encoding para-
meters including MVs and TU sizes. In addition, researchers
applied machine learning methods in CU mode decision. For
example, in literature[8][9][10], the decision tree, k nearest
neighboring(KNN) and long short-term memory(LSTM) are
adopted.

However, for the hardwired encoder design, the above
methods have the following hindrances: Firstly, the CTU-
grain maximum encoding complexity is not decreased, which
impedes the fast algorithm contributing to the optimization of
the encoders hardware cost. Secondly, the CU level data de-
pendency, which uses coding information of the current CU
depth to prune the RDO processing of the deeper CU levels,
incurs the cumbersome to encoding parallelism.

In this paper, a convolutional neural network(CNN) based
fast CU partition mode decision algorithm is devised to re-
duce the maximum inter coding complexity of one CTU for
hardwired HEVC encoder design. The CNN is able to grab
the features of 2-dimension images[11]. According to the
specific RDO task, the features used as CNN inputs are obtai-
ned during the integer motion estimation(IME). The topology
information of these features can be exploited by CNN during
the classification processing. Our proposed VLSI friendly al-
gorithm, which do not degrade the parallelism of the RDO
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processing, alleviates the maximum computational complex-
ity at the cost of a very small coding loss.

The rest of this paper is organized as follows: Section 2
elaborates the proposed CNN based fast CU partition mode
decision algorithm. The experimental results are illustrated in
Section 3. Finally, Section 4 gives the conclusions.

2. CNN BASED FAST CU PARTITION MODE
DECISION ALGORITHM

The properties of CNN make it efficient in the fast CU parti-
tion mode decision in the hardwired HEVC encoder design.
Firstly, the CNN could learn a complex, high-dimensional,
nonlinear mapping for 2-dimention images. Features can be
extracted through the statistically learning rather than exca-
vated manually. Particularly with regard to CU mode deci-
sion, it is possible to generate numerous samples for the CNN
training to avoid under-fitting. Secondly, CNN explores the
topology information among the features to improve the clas-
sification performance. Finally, CNN ensures some degree of
shift scale and distortion invariance.

For a 2N×2N (N∈{32, 16, 8}) CU, it can be coded as a
whole(2N×2N mode), or be further split to four N×N sub-
CUs and each sub-CU is checked individually(N×N mode).
In our algorithm, the current CU is tested whether it belongs
to the homogenous block. If the CU is homogenous, only the
2N×2N CU partition mode will be checked. Otherwise, the
CNN is introduced to decide the partition mode of CUs. The
return value of CNN is either HOMO or SPLIT. That is, CNN
just chooses one from the two CU candidate modes for the
following RDO processing. The 2N×2N CU coding mode is
ignored when the CNN returns the SPLIT pattern; otherwise,
the N×N CU mode search is skipped.

2.1. Homogeneity Detection

We treat the homogenous block as the special case for two
reasons. Firstly, the blocks being lack of textures are prone
to be coded with 2N×2N mode. Secondly, homogenous sam-
ples will trap the CNN in ill-conditions if they are used in trai-
ning. So homogenous CUs are detected and are coded with
2N × 2N mode in our method. One CU is defined as homo-
genous if it satisfies one of the following three conditions:

• (ES < α·Q)∨(ES < β ·Q∧�V = �Vn, n ∈ {1, 2, 3, 4})

,where ES means the edge strength of the current CU,
Q is the maximum of {QP 2, QS2}, the QP means the
quantization parameter, the QS represents the quanti-
zation step, �V and �Vn, n ∈ {1, 2, 3, 4} are integer mo-
tion vectors corresponding to the current CU and its
four square sub-CUs, α and β are constants. The edge
strength is estimated with

ES =

∑
i,j(δx

2
i,j + δy2i,j)

s2
(1)

in which, δxi,j and δyi,j are the gradient information
in x-axis direction and y-axis direction obtained from
Sobel edge detectors, s is the width of current CU. In
our design, for 64×64 and 32×32 CUs, the values of α
and β are 0.15, 0.05; for 16×16 CUs, α and β are 0.40,
0.10.

• (
∑3

i=0
SubRDCi −RDC)/ES > Q · γ + λ,

in which, RDC is the RD cost of the current CU du-
ring integer motion estimate(IME) process, SubRDCi

represents one of 4 sub-CUs’ IME cost value, ES and
Q are defined above, γ and β are constant parameters.
The rationale for this approach is that when cost diffe-
rence of the current CU and its four sub-CUs reaches
a threshold, it is likely that there is no further need to
check N × N mode for the current CU. The cost dif-
ference threshold is proportional to the edge strength.
By experiments, we set the γ as 0.0015 and the λ as
0.0300 when the coded CU size is 64× 64 or 32× 32;
for 16× 16 CUs, these two parameters are 0.0005 and
0.0250.

• (R < ε ·Q)∨(R < ε ·Q+θ∧ �V = �Vn, n ∈ {1, 2, 3, 4})

,where Q, �V and �Vn, n ∈ {1, 2, 3, 4} are mentioned
above, ε and θ are experienced constants, R is the re-
sponse coefficient calculated with

R =
Det(M)

Tr(M)
, (2)

where M is the curvature matrix proposed in [12],
Det(M) means the determinant of M , Tr(M) is the
trace of M . In our work, for 64×64 and 32×32 CUs,
the values of ε and θ are set as 0.5, 100; for 16×16
CUs, ε and θ are 0.9, 150, respectively.

2.2. CNN Architecture And Training Methods

The CNN sample attributes are composed of the Y-component
CU, two 8 × 8 prediction residual matrices of IME, and
two 3 × 3 IME motion vector matrices, and QP [13]. To
tackle the computational complexity, the current matrixes
is average-down-sampled to be 8×8. The Gradient-Based
Learning algorithms[14] are used to train the network. To
improve the CNN performance, we draw on the experience
of [13] in two aspects. First, teaching output values are set as
log{abs(δCost)} and− log{abs(δCost)} to fit the sigmoidal
like activation function in our CNN, where δCost indicates
the difference of RD costs between 2N×2N mode andN×N
mode. Second, the QP is applied as an input of the multilayer
perceptron(MLP). Ten video sequences, i.e., KristenAndS-
ara, BasketballPass, BQTerrace, Kimono, PartyScene, Race-
HorsesC, Traffic, Vidyo1, BQSquare and Vidyo4, are selected
as the source of training samples. We define that CUs which
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Fig. 1. Proposed CNN architecture for fast CU partition mode
decision

do not meet the condition log{abs(δCost)} > 3.0 are absent
from the training set.

The proposed CNN architecture is depicted as Fig 1,
which includes interleaved convolutional layers and max
pooling layers and a full connected MLP. The convolutional
layers apply two-dimensional filters to convolve inputs. The
max pooling operator is a non-linear subsampling function
that returns the maximum of a 2×2 region. Three indepen-
dent sub-networks, defined as Network I , Network II and
Network III , firstly handle different inputs. Then the con-
volutional layer C5 concatenates three networks. The 2-layer
full-connected neural network is followed finally.

2.2.1. Texture Analysis Network

The Network I comprises 4 layers. The input layer is the
8×8 Y-component CU matrix. The first convolutional layer
consists of 6 output feature maps, generated by convolving the
input image with 3×3 kernels. The next layer conducts down-
sampling by extracting the local maximum. There are also six
feature maps and the size of each feature map is 3×3. The
fourth layer performs the second convolution operate with
2×2 kernels and generates sixteen 2×2 feature maps. There
are 460 trainable parameters composed of kernels and bias in
this network.

2.2.2. IME Residual Analysis Network

The Network II is aimed to analyse residual features of
IME. Two 8×8 residual blocks, which are generated by 2× 2
average-down-sampling IME residual matrices of 2N × 2N
mode and N × N mode, respectively, are fed into the input
layer. The next layer implements the convolutional operate,
which includes eight feature maps. We applied sixteen 3×3
kernels in the first convolution layer. The following architec-

Table 1. CU mode decision correct rate of CNN(UNIT:%)
Class

Average
A B C D E F

81.6 86.4 79.1 76.3 88.6 84.5 82.8

ture is similar to the 3rd and 4th layers of Network I . Totally
680 parameters are trained in Network II .

2.2.3. IME Motion Vector Analysis Network

The Network III is composed of two layers. The inputs are
two 3×3 IME motion vector matrixes in x-axis direction and
y-axis direction which are generated as

⎡
⎢⎣

mvx1

mvx1
+mvx2

2
mvx2

mvx1
+mvx3

2
mvx

mvx2
+mvx4

2

mvx3

mvx3
+mvx4

2
mvx4

⎤
⎥⎦ (3)

and ⎡
⎢⎣

mvy1

mvy1+mvy2
2

mvy2

mvy1+mvy3
2

mvy
mvy2+mvy4

2

mvy3

mvy3+mvy4
2

mvy4

⎤
⎥⎦ (4)

where �V = (mvx,mvy) and �Vn = (mvxn
,mvyn

), n ∈
{1, 2, 3, 4} are defined in SubSection 2.1 .The first convolu-
tion layer in Network III is composed of two 3 × 3 input
feature maps and six 2 × 2 output feature maps. The number
of trainable parameters is 54.

2.2.4. MLP with QP

The convolutional layer C5 is adopted to concatenate the
Network I , Network II and Network III . The inputs of
this layer include 38 2×2 matrixes, which are the output fea-
ture maps of the last layers of three sub-networks. The 2×2
kernels are utilized, so the output feature maps is of 1×1 size.
The full-connected MLP makes up the MLP 6 layer and the
MLP 7 layer. The MLP 6 layer comprises 7 neurons and
the final layer has two units as outputs.

3. EXPERIMENTS

The proposed algorithm is integrated in HEVC reference
test model HM-15.0. The test platform is Huawei RH5885,
which combines Intel Xeon E7-4830-v2 2.20GHz proces-
sor and 128.0GB RAM. We test twenty three video se-
quences from Class A to Class F with quantization para-
meters ranging {22,27,32,37}. The configuration of ”en-
coder lowdelay main” is used. The quantitative coding effi-
ciency analysis is conducted on the basis of the average PSNR
(BDPSNR) gain and the average rate (BDBR) reduction [15].
The computational complexity reduction of our proposals
is evaluated by the time saving performance of encoding
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Table 2. Coding performance between proposed solution and existing methods(BDPSNR UNIT: dB; BDBR UNIT: %; ΔT
UNIT: %)

Class Sequence
[6] [9] [4] Proposed

BDPSNR BDBR ΔT BDPSNR BDBR ΔT BDPSNR BDBR ΔT BDPSNR BDBR ΔT

A PeopleOnStreet -0.2904 6.80 46.8 -0.0903 1.95 31.9 -0.0672 0.75 2.5 -0.1960 4.76 42.0
Traffic -0.2021 6.74 51.2 -0.1120 3.26 39.9 -0.0681 0.39 7.2 -0.0812 3.25 41.8

B BasketballDrive -0.1643 5.42 48.0 -0.1018 4.60 34.1 -0.0502 0.56 1.8 -0.0498 2.01 44.7
BQTerrace -0.0986 5.33 45.6 -0.0374 1.62 29.0 -0.0263 0.46 2.9 -0.0291 2.41 43.5

Cactus -0.1426 4.98 48.5 -0.0637 2.48 33.3 -0.0298 0.34 0.9 -0.0574 2.42 42.7
Kimono -0.1982 5.02 45.9 -0.0834 2.36 33.2 -0.0214 0.27 0.4 -0.0124 0.64 43.6

ParkScene -0.2046 5.81 50.2 -0.0781 2.53 35.8 -0.0058 0.16 4.0 -0.0804 2.77 44.0
C BasketballDrill -0.2090 5.26 45.6 -0.0688 1.73 31.6 -0.0471 1.26 1.0 -0.1287 4.03 42.5

BasketballDrillText -0.1958 5.84 44.1 -0.1604 3.96 29.0 -0.0490 0.49 4.9 -0.1662 4.21 42.7
BQMall -0.1836 4.91 43.4 -0.0850 1.98 29.6 -0.0127 0.68 3.2 -0.1623 4.41 43.6

PartyScene -0.2631 6.03 43.9 -0.0719 1.54 31.5 -0.1453 0.17 2.8 -0.1319 3.12 41.4
RaceHorsesC -0.1905 5.29 42.4 -0.0847 1.99 28.9 -0.1034 0.38 3.5 -0.1522 4.33 43.9

D BasketballPass -0.2397 4.74 50.7 -0.0563 1.17 38.0 -0.1126 0.67 5.6 -0.1501 3.07 46.2
BlowingBubbles -0.2564 5.77 49.6 -0.0663 1.68 39.4 -0.1320 0.94 7.0 -0.1377 4.01 47.1

BQSquare -0.2301 5.68 50.1 -0.1071 2.35 36.1 -0.1692 1.93 3.8 -0.1498 4.15 46.6
RaceHorses -0.2965 5.70 44.0 -0.0776 1.54 29.4 -0.2531 0.51 4.0 -0.2532 5.34 45.4

E Vidyo1 -0.1009 3.89 58.7 -0.0791 2.33 46.5 -0.0297 0.24 14.3 -0.0486 1.26 49.1
Vidyo3 -0.1804 5.41 57.5 -0.0774 2.10 48.4 -0.0954 0.89 16.1 -0.0523 2.50 49.2
Vidyo4 -0.1740 5.99 54.8 -0.0772 2.63 43.5 -0.0530 1.20 11.6 -0.0499 1.74 49.6
Johnny -0.2637 5.48 55.1 -0.1994 3.61 47.6 -0.0768 0.46 13.6 -0.0524 0.82 48.7

KristenAndSara -0.3615 6.64 56.4 -0.2539 3.79 44.1 -0.0081 0.88 13.8 -0.0697 0.85 48.8
F SlideEditing -0.3095 5.82 65.2 -0.1694 2.89 34.7 -0.0029 0.24 30.7 -0.1688 2.73 44.0

ChinaSpeed -0.3814 6.97 49.2 -0.1789 3.01 36.3 -0.0014 0.20 3.9 -0.1726 3.68 44.5

Average -0.2195 5.65 49.5 -0.1067 2.66 36.0 -0.0681 0.59 7.5 -0.1114 2.91 45.0

process. Let THM denote the coding time consumed by HM-
15.0 and TFA be the time used by our fast algorithms, and
ΔT represents encoding time reduction, which is written as
ΔT = THM−TFA

THM
× 100%.

The decision correct rate of our CNN is provided in Ta-
ble 1. It is observed that 82.8% CUs are classified into the
right coding mode in average. We can draw the conclusion
that the CU mode decision accuracy of the CNN is closely
related to the coding quality. Coding results of our proposed
algorithm are shown in the column of ”Proposed” in Table
2. The Class D has the worst coding quality among Classes
from A to F. Accordingly, the CNN correct ratio of Class D
is only 76.3%. On the contrary, the CNN achieves the most
recognition accuracy at 88.6% in Class E, which leads to the
best coding performance over other counterparts.

The performance comparisons of the proposed algorithm
and three other methods are presented in Table 2. Our propo-
sed algorithm reduces 45.0% coding time with BDBR increa-
sing by +2.91% and BDPSNR reduction by −0.1114dB. We
can see that, the literatures[4, 9] provide the superior coding
quality than ours, while their coding time reduction is merely
36.0% and 7.5%, respectively. The literature[6] achieves the
most time saving. Meanwhile, its coding performance is he-
avily degraded with BDBR= +5.65%. Compared with these
existing methods, our proposed fast algorithm offers compe-
titive complexity performance tradeoffs. For hardwired en-
coder design, these three methods have the following draw-
backs. First, the CTU-grain maximum computational com-
plexity is not reduced. For example, the literature[6] defines
the decision thresholds. Only when one CU satisfies these

thresholds, its splitting test is terminated; Otherwise, the CU
mode decision is carried out as the original full RDO proce-
dure. The algorithms of literatures[4, 9] have the similar pro-
blem: the dynamic CU level skipping and early split termina-
tion cannot contribute to simplifying the encoders hardware
complexity. Second, as the current CU mode is inferred from
the neighboring CUs’ coding information, the CU level pa-
rallel processing is infeasible in[9]. In contrast, our proposed
algorithm is of VLSI friendly feature, because the maximum
complexity of encoding a coding tree unit is reduced, at the
same time, the RDO process parallelism of the hardwired en-
coder is not deteriorated.

4. CONCLUSION

This paper proposes the convolutional neural network(CNN)
based fast CU mode decision algorithm for HEVC inter co-
ding. Specifically, CNN investigates the feature textures,
motion features of IME, and then determines the promising
candidate in 2N × 2N/N × N CU mode. The contributi-
ons of our proposed algorithm lie in two aspect: firstly,the
corresponding VLSI encoder hardware complexity is ameli-
orated due to the reduction of the maximum number of CU
candidate mode in one CTU; secondly, the parallelism of
the critical RDO processing will not be deteriorated by our
fast algorithm. Experimental results show that, on average,
our CNN based algorithm speeds up the HEVC inter coding
by 45.0%, whereas the incurred compression loss is me-
rely BDBR=+2.91%, or equivalently BDPSNR=-0.1114dB
quality loss.
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