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Abstract

H. 265/HEVC still dominates the video encoding application market with its mature in-
dustrial ecosystem and excellent hardware support. However, its high computational
complexity remains a major barrier to its wider application. To tackle this problem, we in-
troduce an efficient intra-encoding approach that leverages double convolution, multi-scale
feature fusion. Firstly, a three-branch architecture aims to capture multi-scale information
from the source image, and then use non-overlapping and overlapping parallel convolution
structures in each branch to achieve feature fusion for each branch. Secondly, combined
with an attention mechanism, the output features of multiple branches are fused to high-
light important features, reduce detail loss, and effectively balance encoding quality and
complexity. Finally, by combining multi-scale feature fusion and double convolutional
feature fusion, a feature hybrid network is formed to accurately predict whether the coding
unit (CU) should be divided, and achieve fast encoding. Experimental results on multiple
datasets demonstrate that against the traditional HM16.5 benchmark, our method reduces
the average encoding time by 63.52%, with a marginal BD-BR rise of 1.95% and a BD-PSNR
drop of 0.09 dB, demonstrating its superiority.

Keywords: intra-frame encoding; low complexity; double convolution; multi-scale feature
fusion

1. Introduction
The growing demand for high-quality multimedia services has driven the continuous

evolution of video coding standards, from advanced video coding (AVC) [1] to High-
Efficiency Video Coding (HEVC) [2] and the latest Versatile Video Coding (VVC) [3]. HEVC
achieves approximately 50% higher compression efficiency than its predecessor AVC by
incorporating advanced techniques such as flexible quad-tree-based coding unit (CU) parti-
tioning, enhanced intra/inter prediction, and sophisticated entropy coding. However, these
improvements come at the cost of increasing encoding time, with HEVC requiring 2–4 times
more encoding time than AVC [4]. The latest VVC standard further pushes compression
efficiency, but its complexity is reported to be 18 times higher than HEVC [5], making
real-time implementations challenging. Despite VVC’s advancements, HEVC remains
the dominant standard in practical applications, primarily due to its mature industrial

Electronics 2025, 14, 4863 https://doi.org/10.3390/electronics14244863

https://doi.org/10.3390/electronics14244863
https://doi.org/10.3390/electronics14244863
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/electronics
https://www.mdpi.com
https://orcid.org/0009-0008-4660-8317
https://orcid.org/0009-0008-0655-0325
https://doi.org/10.3390/electronics14244863
https://www.mdpi.com/article/10.3390/electronics14244863?type=check_update&version=1


Electronics 2025, 14, 4863 2 of 19

ecosystem, broad hardware compatibility, and balanced trade-off between compression
efficiency and computational complexity [6]. This work, without loss of generality, is
conducted based on the HEVC framework.

HEVC’s quad-tree-based CU partitioning mechanism is central to its compression
efficiency. By recursively dividing Coding Tree Units (CTUs) into smaller CUs (ranging
from 64 × 64 to 8 × 8), the encoder exhaustively evaluates all possible partitions via
Rate-Distortion Optimization (RDO) to select the optimal one. This brute-force approach,
while effective, consumes over 80% of the total intra-frame encoding time, posing a critical
bottleneck for real-time applications such as live streaming, video conferencing, and mobile
video encoding. With the proliferation of 4K/8K ultra-high-definition (UHD) content and
the rise of edge computing, reducing HEVC’s complexity without compromising visual
quality has become a pivotal research focus. Efficient CU partitioning algorithms not only
expand the applicability of HEVC in resource-constrained environments but also offer
foundational insights for optimizing next-generation standards like VVC.

The past few years have witnessed a surge in fast methods for HEVC intra-coding,
which can be broadly classified into heuristic-based and learning-driven approaches. Early
works leveraged manually designed features to predict CU partitioning decisions. Shen
et al. [7] proposed an early termination strategy based on texture homogeneity, where CUs
with uniform pixel distributions were classified as “smooth” and exempted from further
splitting. Zhang et al. [8] developed a statistical model using quantization parameters (QPs)
and spatial correlations to skip redundant RDO calculations. Lim et al. [9] utilized Bayesian
decision rules to terminate PU mode evaluations early, reducing inter-prediction complexity.
While these methods achieved 30–50% time savings, their reliance on handcrafted features
limited adaptability to diverse video content. For instance, thresholds optimized for natural
scenes often failed for screen content or textured regions [10]. To address this, researchers
incorporated multi-level features. Zhang et al. [11] combined gradient magnitude, variance,
and neighboring CU depths to build a probabilistic model for early split termination.
Pakdaman et al. [12] introduced adaptive SVM classifiers trained on texture orientation
and motion vectors, achieving 55% complexity reduction. However, heuristic methods
inherently struggle to capture global contextual dependencies, leading to suboptimal
decisions in complex scenarios like edge-rich or heterogeneously textured regions.

The advent of machine learning (ML) revolutionized CU partitioning by enabling data-
driven feature extraction. Initial efforts employed classical ML models like
Liu et al. [13]. Anna et al. [14] cascaded three SVMs to hierarchically predict CU depths,
while Westland et al. [15] optimized decision trees using entropy-based criteria. Although
these methods outperformed heuristic approaches, their shallow architectures limited
their ability to model intricate spatial patterns. Convolutional Neural Networks (CNNs)
emerged as a game-changer. Shen et al. [16] reduce coding complexity by establishing
Bayesian judgment rules. Liu et al. [17] pioneered CNN-based CU partitioning by training
a 13-layer network on luminance components, achieving 60% time savings with minimal
BD-BR increase. Subsequent works refined CNN architectures: Xu et al. [18] proposed a
Hierarchical CU Partition Mapping (HCPM) framework to eliminate redundant classifier
calls, while Wang et al. [19] designed multi-scale CNNs tailored for different CU sizes.
To enhance efficiency, Feng et al. [20] integrated depth-separable convolutions, reducing
parameters by 30% without accuracy loss. Reinforcement learning (RL) further advanced
the field; Li et al. [21] modeled CU partitioning as a Markov Decision Process (MDP),
using dual CNNs to optimize depth-independent decisions. Recent innovations focus on
attention mechanisms and hybrid designs. Wang et al. [22] introduced a texture-classified
CNN that processes smooth regions with heuristic early termination and complex regions
with a lightweight CNN, achieving 61.23% complexity reduction. However, these methods
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set texture thresholds on empirically, which may not generalize across QP values or reso-
lutions. Li et al. [23] enhanced feature representation by embedding Convolutional Block
Attention Modules (CBAMs) into CNNs, enabling the network to prioritize salient regions
dynamically, thus obtaining good results. Tahir et al. [24] fused online random forests with
offline CNN models to adapt to dynamic video content. Galpin et al. [25] deployed CNNs
for coarse-grained CU predictions and refined results using gradient-based refinement. For
cross-standard applicability, Schiopu et al. [26] used a deep neural network model with
multi-resolution design for block prediction, which for the first time replaced all traditional
intra-angle prediction modes based on HEVC.

To further reduce encoding complexity without significantly compromising video
quality, we designed a double convolutional multi-scale feature fusion network (DCMFF-
Net). The main contributions of our work are summarized below:

• We designed a double convolutional feature fusion network (DCFF) that effectively
extracts image features and accurately predicts segmentation patterns by combining
the strengths of non-overlapping convolution and overlapping convolution.

• We designed an innovative multi-scale feature fusion (MFF) module that integrates
multi-scale features with an attention mechanism to effectively combine deep semantic
information with shallow spatial details.

• The DCMFF network composed of MFF and DCFF accurately predicts the partitioning
mode of CUs. Relative to the HEVC benchmark (HM16.5), the encoding time is
dropped by 63.52% and the BD-PSNR is dropped by 0.09 dB.

2. The Proposed Method
The introduced network primarily consists of two modules. Module one is a double

convolution feature fusion (DCFF) network, designed to efficiently extract and fuse features.
Module two is the multi-scale feature fusion (MFF) module, which focuses on fusing
different channel features and multi-scale feature maps.

2.1. Double Convolution Feature Fusion Network

The proposed DCFF (As shown in Figure 1) comprises three branches, namely C1,
C2, and C3, which output prediction maps of sizes 16 × 16, 32 × 32, and 64 × 64, corre-
spondingly. After mean removal and downsampling, the input image is converted into
a luminance pixel matrix Pi (i = 1, 2, 3). Each corresponding branch where Pi (i = 1, 2,
3) is located contains multiple convolutional blocks with different parameters, with the
core being a double convolutional block (DCB). It is worth noting that due to the different
matrix sizes caused by mapping relationships and downsampling, the convolutional layers
in each branch only accept the corresponding preprocessed encoding unit blocks as inputs.
This ensures that the size of the feature map TF(i,j) (i = 1, 2, 3; j = 5, 6) output by each branch
is in a proportional scaling relationship, and the edge length is gradually doubled, allowing
smooth input into subsequent modules. This design enables the same network architecture
to effectively learn features at different scales.

The DCFF begins by performing convolution operations on the Pi (i = 1, 2, 3) of
the three branches, generating three feature maps, respectively. Ci−1 (i = 1, 2, 3) extracts
low-level features of Pi, respectively, partitioning.

TF(i,1) = Ci−1(Pi) (i = 1, 2, 3) (1)
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Figure 1. Structure of the double convolution feature fusion (DCFF) network (which contains three
branches, each branch contains one double convolution block (DCB) module).

Deep learning-based video encoding usually uses double overlapping convolution
to extract features, the detail is illustrated in Figure 2a–c. However, this method leads to
high computational overhead and also loses a significant amount of contextual information
in the boundary region. Unlike the traditional method, we propose an innovative parallel
convolution block called the double convolution block (DCB). The detailed structure is
shown in Figure 2. This module applies 2 × 2 overlapping convolution and 1 × 1 non-
overlapping convolution to the feature map, and fuses the feature maps obtained by the two
convolutions together through element addition, as shown in Figure 2d–f. The uniqueness
of this method lies in the fact that overlapping convolution extracts more accurate feature
details by utilizing contextual information near the boundary region, thereby improving
the accuracy and robustness of convolution. Non-overlapping convolution aligns directly
with the non-overlapping partitions of the input feature map, which helps to reduce
computational overhead and enhance the model’s generalization ability. In Figure 2, D
represents a 2 × 2 overlapping convolution and D1 represents a 1 × 1 non-overlapping
convolution, respectively. In this section, for the non-DCB part, we set the stride of the
non-overlapping convolution to be consistent with the size of the kernel. The stride of
overlapping convolution in DCB is set to 1, which is the same as that of non-overlapping
convolution; the channel is set to 16.
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Figure 2. Comparison between double convolution block (DCB) and traditional methods.

We place the DCB after Ci−1 (i = 1, 2, 3) because useless features are filtered out, but
without further feature extraction, a large number of effective features that can be used
are preserved. Through the DCB, these features can be maximally learned and fused to
generate the feature map TF(i,2) (i = 1, 2, 3).

TF(i,4) = DCB(TF(i,1)) (i = 1, 2, 3) (2)

Two feature maps TF(i,j+1) (i = 1, 2, 3; j = 5, 6) on each branch are generated through
convolution Ci−j (i = 1, 2, 3; j = 4, 5) to extract high-level features.

TF(i,j+1) = Ci−j(TF(i,j)) (i = 1, 2, 3; j = 4, 5) (3)

The output feature map in Formula (3) above is a fully optimized and refined feature
representation that can be used for subsequent processing or decision-making.

By using convolution and DCB modules for processing, the proposed DCFF can not
only effectively extract image features but also further optimizes feature representation,
reduce information loss, and improve the accuracy and effectiveness of features. The
upward arrow marked TF(i,5) (i = 1, 2, 3) in Figure 1 represents the output of the DCFF,
which is then passed to the subsequent MFF module.
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Table 1 lists the detailed parameters, where Conv, S, and TF represent convolution,
stride, and the feature map of the DCFF, respectively.

Table 1. Parameter configurations for the DCFF.

Branch (i = 1, 2,
3) Layer (i = 1, 2, 3) Input (i = 1, 2, 3) Proposed DCFF

Configuration Output (i = 1, 2, 3)

Ci

Ci−1 Pi S(16) Conv(4 × 4 × 16) TF(i,1)
DCB TF(i,1) / TF(i,4)
Ci−2 TF(i,4) S(2) Conv(2 × 2 × 24) TF(i,5)
Ci−3 TF(i,5) S(2) Conv(2 × 2 × 32) TF(i,6)

2.2. Multi-Scale Feature Fusion Module

The traditional feature fusion methods usually have drawbacks such as loss of details,
identical requirements for feature map size and channel count, and increased computa-
tional overhead. To this end, this paper innovatively combines attention mechanism with
convolution and proposes a new feature fusion module called MFF module. This module
is used repeatedly as a whole within the architecture, as shown in Figure 3. By integrating
channel features and multi-scale feature maps through Upsample and feature map add
operations, this module not only enhances information exchange but also significantly
improves network performance. In order to extract features more effectively, this paper
adopts two MFF modules, which have the same structure but differ in the size of their
input and output feature maps.

Overlap-Convolution Add+
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DCFF
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+
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Figure 3. Structure of multi-scale feature fusion (MFF) module.

The MFF module employs a three-branch parallel structure design, namely the low-
level feature branch A3, the middle-level feature branch A2, and the high-level feature
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branch A1, which correspond to the three branches of DCFF mentioned. Firstly, the input
feature map EF(v,1) (v = i, i + 1, i + 2) of the module is passed through the convolutional
layer C4−j (j = 1, 2, 3) to output the feature map EF(v,2) (v = i, i + 1, i + 2). This step uses
1 × 1 convolution, which serves two main purposes: on one hand, it maintains the full
spatial structure of the feature map, preventing the loss of spatial information induced
by downsampling operations; on the other hand, it performs cross-channel weighted
combination by learning the contribution weights of different input channels to the output
channels, ultimately achieving cross-channel information fusion.

Secondly, the efficient channel attention (ECA) [27] can effectively capture long-range
dependencies between channels and solve the problem of information loss caused by
dimensionality reduction by adopting a local cross-channel interaction strategy. Therefore,
this paper uses ECA to restore details that are lost during feature extraction. The feature
map EF(v,2) (v = i, i + 1, i + 2) is recalibrated through attention mechanisms to generate
feature maps EF(v,3) (v = i, i + 1, i + 2) with channel and spatial attention weights. It can
adaptively highlight important features and suppress redundant features.

EF(v,3) = ECA(C4−j(EF(v,1))) (j = 1, 2, 3; v = i, i + 1, i + 2) (4)

Finally, a progressive multi-scale feature fusion strategy is adopted for feature fusion.
The features of the higher-level branch are divided into two sub-branches, one of which
outputs directly, and the other branch is upsampled and then fused with the features of the
lower-level branch through element-wise summation to gain the final feature map of the
lower level after fusing high-level semantic features. As mentioned in Section 2.1, due to
the different multi-scales of the input images in the three branches, the output feature maps
of each branch not only have different sizes, but also have certain differences in the details
of the extracted texture features. Our method of fusing features from different branches
can effectively eliminate the impact of shallow feature maps lacking semantics and deep
feature maps lacking details caused by multi-layer convolution extraction, thus achieving
cross-level feature complementarity while maintaining feature dimension consistency and
improving the overall performance of MFF modules.

EF(v+1,4) = Upsample(EF(v,v+2))+EF(v+1,3) (v = i, i + 1) (5)

The low-resolution features output by deep networks usually contain rich semantic
information but lack spatial details, while the high-resolution features generated by shallow
networks retain fine spatial structure despite lower semantic abstraction. The bottom-up
feature fusion method we proposed achieves progressive integration of multi-scale features,
which can simultaneously utilize the advantages of different levels of representation and
effectively make up for the inevitable fine-grained detail loss throughout the network
layer by layer, so that the features at each level complement and enhance each other.
In addition, the collaborative operation of the 1 × 1 convolutional layer and attention
mechanism has produced significant synergistic effects: in the audio and video domains
encoding and decoding, the 1 × 1 convolutional layer enhances the compatibility of
different modal features through cross-channel transformation, enabling the network to
better handle heterogeneous data; The attention mechanism establishes a precise channel
weight allocation mechanism, allowing the model to adaptively focus on task-related
feature channels. This architectures design achieves a significant improvement in feature
representation capability while maintaining computational efficiency.

The specific parameter configuration of the MFF module is detailed in Table 2, where
convolution, stride, scale factor, and feature map are respectively referred to as Conv, S, SF,
and EF.
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Table 2. Parameter configurations for the MFF module.

Branch Layer Input Proposed MFF Module
Configuration Output

A1

C4−1 EF(i,1) S(1) Conv(1 × 1 × 32) EF(i,2)
Attention EF(i,2) / EF(i,3)
Upsample EF(i,3) SF = 2 EF(i,4)

A2

C4−2 EF(i+1,1) S(1) Conv(1 × 1 × 32) EF(i+1,2)
Attention EF(i+1,2) / EF(i+1,3)

Add EF(i,4),EF(i+1,3) / EF(i+1,4)
Upsample EF(i+1,4) SF = 2 EF(i+1,5)

A3

C4−3 EF(i+2,1) S(1) Conv(1 × 1 × 32) EF(i+2,2)
Attention EF(i+2,2) / EF(i+2,3)

Add EF(i+1,5),EF(i+2,3) / EF(i+2,4)

2.3. DCMFF-Net Architecture

The proposed DCMFF-Net architecture, illustrated in Figure 4, mainly consists of three
parts: DCFF, MFF module, and three fully connected layers. Our DCMFF-Net consists of
three branches, namely C1, C2, and C3, corresponding to different sizes of the input image.
Each branch sequentially passes the preprocessed input image information through our
designed DCFF, MFF module, and fully connected layer to obtain the final decision.
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Figure 4. The architecture of the double convolutional multi-scale feature fusion network (DCMFF-
Net). (Includes DCFF module, two MFF modules, and a full connection).

Specifically, DCFF firstly, it is convolved through C1−j (j = 1, 2, 3), then through DCB,
and finally through Ci−j (i = 4, 5; j = 1, 2, 3) convolutions.
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The feature map TF(i,5) (i = 1, 2, 3) output from Ci−4 (i = 1, 2, 3) is sent to the first MFF
module (MFF1). The feature map TF(i,6) (i = 1, 2, 3) output from Ci−5 (i = 1, 2, 3) is input in
the same order to a second MFF module (MFF2) for feature fusion. The main reason why
we use MFF1 and MFF2 at different locations is to obtain more effective features and better
recover the information loss in feature extraction.

The final part of the DCMFF-Net is the full connection layer. The main function of this
layer is to connect all the scattered, high-dimensional features output by DCB and perform
a weighted combination. It can learn the complex relationships between these different
features and the varying importance of these features. In F1, the fused feature map EF(i,2)

(i = 1, 4), EF(i,3) (i = 2, 3, 5, 6) output by MFF is firstly mapped and converted into a one-
dimensional vector, which is concatenated and finally output as X1. This one-dimensional
feature vector comprises all of the critical information output by the extraction module.
These features are extracted and fused through a carefully designed DCFF and MFF module,
which can effectively preserve important information in the input data and provide strong
support for subsequent classification or decision-making tasks. Secondly, X1 is input into
each branch of the fully connected layer F2, which is used to predict whether feature maps
of different sizes will be partitioned. After further nonlinear transformation and feature
extraction, the output is a new vector Xn (n = 2, 3, 4). This process further enhances the
expressive power of features, thus better capturing complex patterns and relationships.
Finally, after being processed by the fully connected layer, the texture complexity of the
current image region is determined, and the probability of dividing the image region is
obtained to decide whether the present image region requires partitioning. Table 3 lists the
detailed parameter configuration information of DCMFF-Net.

To gain deeper insight into the relationship between neural network output feature
maps and CU partitioning in actual encoding, we have provided the following explanation:

According to the HEVC standard, a CTU consists of four CU dimensions: 64 × 64,
32 × 32, 16 × 16, and 8 × 8, corresponding to indices i = 0, 1, 2, and 3, where i represents
the depth level.

HEVC commonly uses Si (i = 0, 1, 2, 3) to determine whether the current CU is divided,
where i represents which layer the current CU is located in: Si = 0 indicates no partitioning
and Si = 1 indicates that partitioning will occur. Specifically, Si (i = 0) at the CTU level is
represented by a single label. Si (i = 1) at the CTU level is represented by four labels. Si

(i = 2) at the CTU level is represented by sixteen labels. For Si (i = 3), no additional
decision labels are required, as its partitioning is determined by the previously defined Si

(i = 0, 1, 2) labels.
Thus, each CTU contains a total of 21 partitioning decisions (1 + 4 + 16 = 21). These

decision flags are used to describe the CU partitioning structure. Based on this discussion,
we categorize the decision labels into three hierarchical levels and apply them in the
proposed DCMFF-Net architecture.

Without affecting the generality, this article centers on analyzing the brightness infor-
mation in video sequences, extracting pixel blocks built from the luminance (Y) components
of the input 64 × 64 CTU. In addition, to enhance the convergence of the training data, a
global normalization preprocessing step was applied.
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Table 3. Parameter configurations for the DCMFF-Net.

Branch Layer Proposed DCMFF-Net
Configuration Output Size

C1-1 S(4) Conv(4 × 4 × 16) 4 × 4 × 16
C1-2 S(1) Conv(2 × 2 × 16) 4 × 4 × 16

C1 C1-3 S(1) Conv(1 × 1 × 16) 4 × 4 × 16
C1-4 S(2) Conv(2 × 2 × 24) 2 × 2 × 24
C1-5 S(2) Conv(2 × 2 × 32) 1 × 1 × 32

C2-1 S(4) Conv(4 × 4 × 16) 8 × 8 × 16
C2-2 S(1) Conv(2 × 2 × 16) 8 × 8 × 16

C2 C2-3 S(1) Conv(1 × 1 × 16) 8 × 8 × 16
C2-4 S(2) Conv(2 × 2 × 24) 4 × 4 × 24
C2-5 S(2) Conv(2 × 2 × 32) 2 × 2 × 32

C3-1 S(4) Conv(4 × 4 × 16) 16 × 16 × 16
C3-2 S(1) Conv(2 × 2 × 16) 16 × 16 × 16

C3 C3-3 S(1) Conv(1 × 1 × 16) 16 × 16 × 16
C3-4 S(2) Conv(2 × 2 × 24) 8 × 8 × 24
C3-5 S(2) Conv(2 × 2 × 32) 4 × 4 × 32

MFF1

C4-1 S(1) Conv(1 × 1 × 32) 1 × 1 × 32
Attention / 1 × 1 × 32

C4-2 S(1) Conv(1 × 1 × 32) 2 × 2 × 32
Attention / 2 × 2 × 32

C4-3 S(1) Conv(1 × 1 × 32) 4 × 4 × 32
Attention / 4 × 4 × 32

MFF2

C4-1 S(1) Conv(1 × 1 × 24) 2 × 2 × 24
Attention / 2 × 2 × 24

C4-2 S(1) Conv(1 × 1 × 24) 4 × 4 × 24
Attention / 4 × 4 × 24

C4-3 S(1) Conv(1 × 1 × 24) 8 × 8 × 24
Attention / 8 × 8 × 24

Fully
Connection

C1 C2 C3

F1 64 128 256
F2 48 96 192
F3 1 4 16

After DCMFF-Net, we obtained 21 probabilities and divided them into three layers,
representing the probability of QT segmentation during the process of dividing CU from a
size of 64 × 64 to the smallest CU. The first, second, and third layers correspond to 1, 4,
and 16 probabilities, respectively. These CUs correspond to a total of 21 different decision
outputs. These outputs are processed using the Sigmoid activation function, mapping
the output values to the (0, 1) interval to obtain the probability values of each decision
output, which facilitates subsequent classification or decision operations. In addition, to
enhance the adaptability of CU partition prediction to different quantization parameter
(QP) values, QP values are merged as additional features into the fully connected layers F2

and F3. In this way, the network can better adjust its prediction strategy based on different
quantization parameters, thereby improving the robustness and accuracy of the network
under different encoding conditions.

2.4. Loss Function

Since a classification task essentially involves predicting a probability distribution,
the cross-entropy loss function is ideal as it directly measures the difference between
two probability distributions. Moreover, the loss function we use is a convex function,
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meaning it has only one global minimum and no local minimum, which can make our
optimization process more stable and efficient. Therefore, we choose the cross-entropy loss
function for our work. Assuming we have S training samples, the predicted values from
branches C1, C2, and C3 are denoted as {y∗

C1
(t)}1

t=1
, {y∗

C2
(t)}4

t=1
and {y∗

C3
(t)}16

t=1
with their

corresponding ground truth labels represented as {yC1
(t)}1

t=1
, {yC2

(t)}4
t=1

and {yC3
(t)}16

t=1
.

The loss function Ls is given by

Ls =
1

∑
t=1

(H(yC1
(t), y*

C1
(t)) +

4

∑
t=1

(H(yC2
(t), y*

C2
(t)) +

16

∑
t=1

(H(yC3
(t), y*

C3
(t)) (6)

L =
1
S

S

∑
s=1

(Ls) (7)

Among them, H (*) is the cross-entropy operator between the real label and the
predicted label.

2.5. Proposed DCMFF-Net Flowcharts

The workflow of embedding DCMFF-Net into the encoder appears in Figure 5. The en-
tire encoding process comprises two fundamental components: (1) training the DCMFF-Net
to generate models for CUs segmentation labels in images. (2) Replace the RDO exhaustive
algorithm and use the trained model to predict CU segmentation. Compared with tradi-
tional CU classification methods, this approach can avoid unnecessary RDO redundant
calculations. The DCFF proposed in this article effectively extracts fine feature details, while
the MFF module significantly enhances sequence feature extraction and fusion. Ultimately,
these two modules work together to construct DCMFF-Net for predicting CU partitions.

Input CTU
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Figure 5. Comparison of the traditional intra flowchart with the proposed intra flowchart.

Moreover, we have implemented an early stopping mechanism to effectively curtail
unnecessary CU partitioning and encoding steps. Specifically, if the first-level decision
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determines that there are no partitions, the second- and third-level partitioning processes
will be skipped. If the second-level decision indicates no further partitioning, the third-level
partitioning process is also omitted.

3. Experimental Setup
3.1. Experimental Parameter Configuration

The specific configuration and evaluation criteria are detailed below: This study
employs the HEVC benchmark HM16.5 as its experimental platform, with videos encoded
at four QP values: {22, 27, 32, 37}. The CPHI Test Set [28] with images of various resolutions
is used for training. This dataset contains a total of 2000 images with a resolution of
4928 × 3264. After preprocessing, the dataset is randomly split into three subsets: an 85%
training set, a 10% testing set, and a 5% validation set. Each subset is further divided
into four equal groups, each corresponding to a different resolution. To generate the final
training, testing, and validation datasets with CU division labels, all images are encoded
using HM16.5 at the four QP values, ensuring that the datasets contain sufficient and
diverse CU partitioning information.

The training phase utilized an NVIDIA GeForce GTX 1650 GPU-accelerated mode,
whereas testing tasks were executed on an Intel i7 CPU platform. GPU acceleration was
restricted to model optimization procedures and remained inactive during testing.

The configuration file encoder_intra_main.cfg [18] was used to evaluate the modes.
The network framework was implemented using TensorFlow1.15. During model training,
all trainable parameters were randomly initialized. The model’s initial learning rate (η)
was configured as 0.01, with the batch size parameter defined at n = 64, and executed over
1,000,000 optimization steps.

3.2. Performance Evaluation Metrics and Test Sequence Parameters

To effectively express the predictive performance of the designed DCMFF-Net, Valida-
tion experiments were conducted by encoding 18 standard sequences derived from five
distinct resolutions, following a fair comparison protocol as established by JCT-VC [29].
The sequences are classified into five categories (A–E), with all settings based on the default
configurations of the Common Test Conditions (CTCs), which are detailed in Table 4. Addi-
tionally, the evaluation metrics used in our paper are based on VCEG-M33 [30] standards,
including ∆T, BD-BR, and BD-PSNR: ∆T indicates the percentage of encoding time saved
against the HM16.5. Evaluation of the image quality of encoding sequence was performed
using BD-BR and BD-PSNR, where BD-BR reflects the average bitrate difference between
our algorithm and the original encoding algorithm. BD-PSNR indicates the average PSNR
difference. The formula is expressed as follows:

∆T(QPi) =
Tproposed(QPi)− THM(QPi)

THM(QPi)
× 100% (8)

∆T =
1
4

4

∑
i=1

∆T(QPi)× 100% (9)

where THM and Tproposed represent the encoding time of the HM16.5 and the encoding
time using the DCMFF-Net, respectively. During encoding, the QP values are selected from
{22, 27, 32, 37}. BD-PSNR reflects the residual error between the original and reconstructed
pixels, and its calculation formula is as follows:

BD-PSNR = PSNRproposed − PSNRHM (10)
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where PSNRproposed and PSNRHM represent the average PSNR of the introduced algorithm
and the source encoder, respectively. BD-BR denotes the average bitrate difference between
the source algorithm and the proposed method:

BD − BR =
BD − Rateproposed − BD − RateHM

BD − RateHM
× 100% (11)

where BD-Rateproposed and BD-RateHM represent the average bitrate of the introduced
algorithm and the average bitrate of the source encoder, respectively.

Table 4. Test sequence parameters. (There are 5 types of test sequences (A–E), each with different
video scenes).

Class Sequence Resolution Length (S) Frame Rate
(HZ)

Number
Frames

A
People On

Street 2560 × 1600 5 30 150

Traffic 2560 × 1600 5 30 150

B

Basketball
Drive 1920 × 1080 10 50 500

BQ Terrace 1920 × 1080 10 60 600
Cactus 1920 × 1080 10 50 500

Kimono 1920 × 1080 10 24 240
Park Scene 1920 × 1080 10 24 240

C

Basketball Drill 832 × 480 10 50 500
BQ Mall 832 × 480 10 60 600

Party Scene 832 × 480 10 50 500
Race Horses 832 × 480 10 30 300

D

Basketball Pass 416 × 240 10 50 500
Blowing
Bubbles 416 × 240 10 50 500

BQ Square 416 × 240 10 60 600
Race Horses 416 × 240 10 30 300

E
Four People 1280 × 720 10 60 600

Johnny 1280 × 720 10 60 600
Kriten And

Sara 1280 × 720 10 60 600

3.3. Ablation Experiments

To evaluate the DCMFF-Net and DCFF methods, two ablation experiments were
designed. These experiments utilized the first 20 frames of each sequence under identical
configurations and four QP levels. As illustrated in Figure 6, the dot markers indicate the
averaged results across five sequences (A–E) for each QP setting.

From Figure 6, it can be observed that DCMFF-Net achieves a better overall balance in
coding efficiency compared to the DCFF alone, showing varying degrees of enhancement in
most cases. This improvement is attributed to the proposed MFF module, which possesses
strong feature extraction and fusion capabilities, helping to preserve details in the feature
maps and improve prediction accuracy. Moreover, the high compatibility between the
various modules enhances the overall representational ability of DCMFF-Net. These results
confirm that incorporating the MFF module enhances the representational capacity of the
network, leading to superior performance across most evaluated metrics.
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(a) ∆Tavg (%) (b) BD-BR (%) (c) BD-PSNR (dB) 

Figure 6. Performance comparison of the average values between DCMFF-Net and DCFF for class
A–E.

3.4. RD Performance Evaluation

As Table 5 indicates, the method used in this study significantly reduced the encoding
complexity of four different QP values, while the quality decline of the sequence was
minimal. Compared to the source encoder HM16.5, the introduced algorithm reduces
encoding time by 58.10% at QP = 22, 61.30% at QP = 27,64.10% at QP = 32, and 67.63% at
QP = 37. At the same time, although there is a slight rise in BD-BR (1.95%), the reduction
in BD-PSNR is very minimal (only 0.09 dB). Furthermore, the analysis reveals that as
the QP value increases, the network architecture we designed becomes more effective in
reducing the HEVC encoding time. This improvement is attributed to the DCMFF-Net
deep convolutional neural network, which efficiently leverages features and effectively
fuses multi-scale feature maps from the three branches, thereby enhancing prediction
accuracy. The subtle changes in BD-BR and BD-PSNR further demonstrate that the impact
of our approaches on video quality and bitrate has always been within an acceptable range
for humans.

Table 5. The test results of A-E sequence in JCT-VT of our proposed method.

Class Sequence BD-BR (%) BD-PSNR (dB)
∆T(%)

QP = 22 QP = 27 QP = 32 QP = 37

A
(2560 × 1600)

People On Street 2.15 −0.12 −74.32 −73.94 −74.95 −74.28
Traffic 2.43 −0.13 −75.59 −65.45 −68.22 −71.37

Average Class A 2.29 −0.12 −74.96 −69.70 −71.59 −72.82

B
(1920 × 1080)

Basketball Drive 4.10 −0.10 −70.36 −75.44 −77.45 −79.21
BQ Terrace 1.18 −0.07 −52.31 −55.55 −57.85 −60.32

Cactus 2.02 −0.07 −54.06 −61.68 −65.23 −69.49
Kimono 1.72 −0.06 −83.36 −83.47 −83.65 −84.06

Park Scene 1.89 −0.08 −61.40 −64.90 −73.40 −78.72

Average Class B 2.18 −0.07 −64.30 −68.21 −71.52 −74.36

C
(832 × 480)

Basketball Drill 2.75 −0.13 −41.31 −48.21 −58.26 −66.48
BQ Mall 1.16 −0.07 −45.97 −50.97 −52.86 −56.47

Party Scene 0.32 −0.02 −55.83 −55.34 −58.22 −61.12
Race Horses 1.64 −0.10 −65.67 −67.30 −69.03 −72.94

Average Class C 1.47 −0.08 −52.20 −55.46 −59.59 −64.26

D
(416 × 240)

Basketball Pass 2.47 −0.14 −51.54 −55.54 −59.85 −64.93
Blowing Bubbles 0.79 −0.04 −36.25 −38.87 −46.06 −52.60

BQ Square 0.30 −0.02 −36.88 −41.96 −44.10 −46.95
Race Horses 1.05 −0.07 −64.83 −66.49 −66.23 −69.10

Average Class D 1.15 −0.07 −47.38 −50.72 −54.06 −58.40

E
(1280 × 720)

Four People 2.63 −0.15 −59.71 −62.22 −64.22 −68.19
Johnny 3.42 −0.14 −71.52 −72.30 −74.13 −76.21

Kriten And Sara 3.17 −0.16 −69.03 −70.47 −72.49 −74.07

Average Class E 3.07 −0.15 −66.75 −68.33 −70.28 −72.82

Average Class A–E 1.95 −0.09 −59.44 −61.67 −64.79 −68.14
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To better highlight the contributions of this study, three representative intra-frame en-
coding methods were selected for comparative analysis using 18 standard video sequences
provided by JCT-VC, illustrated in Table 6.

Table 6. Comparison results of this algorithm with other algorithms on A–E sequences in JCT-VT.

Sequence [18] [8] [31] Our

BD-
BR
(%)

BD-
PSNR
(dB)

∆Tavg
(%)

BD-BR
(%)

BD-
PSNR
(dB)

∆Tavg
(%)

BD-BR
(%)

BD-
PSNR
(dB)

∆Tavg
(%)

BD-BR
(%)

BD-
PSNR
(dB)

∆Tavg
(%)

People
On

Street
2.37 −0.13 −61.00 1.77 −0.10 −53.34 2.84 −0.15 −57.56 2.15 −0.12 −74.37

Traffic 2.55 −0.13 −70.79 2.38 −0.12 −58.51 2.64 −0.13 −65.53 2.43 −0.13 −70.16

Average
Class A 2.46 −0.13 −65.90 2.08 −0.11 −55.93 2.74 −0.14 −61.55 2.29 −0.12 −72.27

Basketball
Drive 4.27 −0.12 −76.32 2.18 −0.06 −57.53 3.91 −0.11 −72.26 4.10 −0.10 −75.61

BQ
Terrace 1.84 −0.09 −64.72 1.47 −0.07 −56.21 1.99 −0.09 −58.21 1.18 −0.07 −56.50

Cactus 2.27 −0.08 −60.96 2.20 −0.07 −58.25 2.18 −0.07 −65.95 2.02 −0.07 −62.61
Kimono 2.59 −0.09 −83.53 1.82 −0.06 −67.30 2.84 −0.10 −80.90 1.72 −0.06 −83.64

Park
Scene 1.96 −0.08 −67.53 2.35 −0.10 −61.97 2.57 −0.11 −65.09 1.89 −0.08 −69.60

Average
Class B 2.59 −0.09 −70.61 2.00 −0.07 −60.25 2.70 −0.10 −68.32 2.18 −0.07 −69.59

Basketball
Drill 2.86 −0.13 −52.98 2.06 −0.10 −48.93 2.27 −0.11 −53.75 2.75 −0.13 −53.56

BQ
Mall 2.09 −0.11 −58.42 1.37 −0.11 −48.44 0.66 −0.05 −42.83 1.16 −0.07 −51.57

Party
Scene 0.66 −0.04 −44.49 2.50 −0.14 −47.77 1.87 −0.10 −60.06 0.32 −0.02 −57.88

Race
Horses 1.97 −0.11 −57.12 3.15 −0.17 −56.31 2.31 −0.12 −55.79 1.64 −0.10 −68.73

Average
Class C 1.90 −0.10 −53.25 2.27 −0.13 −50.36 1.78 −0.10 −53.11 1.47 −0.08 −57.94

Basketball
Pass 1.84 −0.11 −56.42 2.72 −0.15 −54.25 1.52 −0.09 −57.30 2.47 −0.14 −57.88

Blowing
Bubbles 0.62 −0.04 −40.54 1.43 −0.09 −46.92 0.64 −0.04 −40.32 0.79 −0.04 −43.44

BQ
Square 0.91 −0.07 −45.82 1.20 −0.10 −45.47 0.52 −0.04 −46.04 0.30 −0.02 −42.47

Race
Horses 1.32 −0.08 −55.75 / / / 1.45 −0.08 −52.01 1.05 −0.07 −66.66

Average
Class D 1.17 −0.08 −49.63 1.78 −0.11 −48.88 1.03 −0.06 −48.92 1.15 −0.07 −52.61

Four
People 3.11 −0.17 −71.31 2.71 −0.15 −59.89 1.76 −0.10 −64.78 2.63 −0.15 −63.58

Johnny 3.82 −0.15 −70.68 2.48 −0.10 −64.67 2.31 −0.09 −75.44 3.42 −0.14 −73.54
Kriten
And
Sara

3.46 −0.17 −74.86 3.25 −0.16 −62.36 2.21 −0.11 −73.34 3.17 −0.16 −71.52

Average
Class E 3.46 −0.16 −72.28 2.81 −0.14 −62.31 2.09 −0.10 −71.19 3.07 −0.15 −69.55

Average
Class
A-E

2.25 −0.11 −61.84 2.18 −0.11 −55.77 2.03 −0.09 −60.35 1.95 −0.09 −63.52

The comparative data in Table 6 indicates that DCMFF-Net achieves a 63.52% reduction
in the complexity of the encoder, surpassing the reductions of 61.84%, 55.77%, and 60.35%
achieved by [8,18,31], respectively. Notably, while maintaining the same transmission
bitrate, our DCMFF-Net outperforms the other three methods in terms of video quality
and complexity cost. Experimental validation demonstrates that the DCMFF-Net exhibits
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outstanding performance in predicting CU partitions, further confirming that the DCMFF-
Net deep convolutional neural network employed in this study can effectively train and
learn pixel information from CTUs.

To illustrate the RD performance of our DCMFF-Net, we choose three sequences from
Class E—which exhibited the highest average video quality loss—along with the Traffic
sequence, which also showed notable quality degradation. The selected sequences are
Fourpeople, Jonny, KristenAndSara, and Traffic, and their performance was compared
against HM16.5. Figure 7 illustrates the RD performance of these four sequences when
encoded using our algorithm and HM16.5. Upon observation, it is evident that the RD
curves of the proposed algorithm are very similar to those of the original algorithm, with
some curves almost overlapping. This means that our proposed algorithm demonstrates
excellent robustness and stability, with video quality loss so minimal that it is virtually
negligible compared to the original encoding method.

 

(a) FourPeople (b) Jonny 

 

(c) KristenAndSara (d) Traffic 

Figure 7. The RD performance comparison of DCMFF-Net and the algorithm in HEVC on
four sequences.

Finally, to assess the subjective performance of our method in this article, we selected
I-frames [32] from the BasketballPass, BQMall, and Cactus sequences, containing cluttered
environmental contexts and rapidly evolving scenarios. These frames were compared
against those encoded using the HM16.5 encoder at QP = 37. Figure 8 presents magnified
local detail images of these sequences using our algorithm and HM16 encoding. From the
images, it can be observed that the subjective visual perception in the magnified regions
is almost indistinguishable between the two algorithms. The image quality variations
proposed by the proposed algorithm are below the human visual perception threshold, and
thus are negligible. Similar results have also been observed in other JCT-VC test sequences.
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Therefore, the proposed method demonstrates strong performance in both image quality
and encoding efficiency.

 

 

 

 

 

 

Basketballpass BQMall Cactus 

Figure 8. Comparison of the proposed algorithm’s local scaling area and HM16.5’s local scaling area
on three sequences. (Basketballpass, BQMall, and Cactus. QP = 37).

4. Conclusions and Outlook
This paper proposes a DCMFF-Net neural network architecture designed to acceler-

ate CU partitioning decisions in intra-frame HEVC video encoding, thereby simplifying
the complexity of HEVC. The core contributions include the design and integration of
a novel feature fusion module, enabling multi-layer fusion of multi-scale feature maps.
Experimental validation demonstrates that the proposed method exhibits outstanding
performance and significant advantages. Compared to the traditional HM encoder, the
method achieves a 1.95% rise in BD-BR, and a slight reduction in BD-PSNR (0.09 dB) on
JCT-VC test sequences, while achieving a 63.52% reduction in encoding complexity.

At the same time, our work still has some limitations, such as the significant impact
of inter frame partitioning prediction on encoding complexity in practice. We have not
yet completed the relevant work and in the future, we will further reduce complexity by
integrating inter frame prediction technology. In addition, we will consider the appli-
cation of audio and video codec in autonomous vehicles. In this regard, Wiseman [33]
has conducted some meaningful explorations, providing us with good reference value.
Meanwhile, Racanelli et al. [34] proposed reducing the computational cost of adaptive
bit rate controllers from exponential to polynomial levels, which is also a direction we
are considering.
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Abbreviations
The following abbreviations are used in this manuscript:

CU Coding Unit.
BD-BR Bjøntegaard-Delta Bitrate.
BD-PSNR Peak signal-to-noise Ratio.
BD-PSNR Rate-Distortion Optimization.
CTU Coding Tree Units.
QP Quantization Parameters.
DCFF Double convolutional feature fusion network.
MFF Multi-scale feature fusion.
DCMFF-Net Double convolutional multi-scale feature fusion network.
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