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ABSTRACT
The Adaptive Loop Filter (ALF) in the Versatile Video Coding (VVC)
standard enhances visual quality but introduces a significant com-
putational burden, posing a challenge for its implementation on
resource-constrained devices. This paper presents a comprehen-
sive evaluation of the ALF classification step, analyzing its execu-
tion time and energy consumption across multiple programming
paradigms (scalar, SIMD, CUDA) on both a high-performance desk-
top and an embedded platform. Results show that on the high-
performance desktop, SIMD optimization provides a substantial
speedup over the scalar baseline with lower energy consumption,
while the discrete GPU’s performance is limited by data transfer
overhead. Conversely, the embedded system demonstrates a dif-
ferent landscape: its ARM CPU offers superior energy efficiency
when compared to the desktop, and its integrated GPU’s runtime
is dominated by kernel execution rather than data transfers. These
findings underscore that the optimal ALF implementation is highly
platform-dependent, hinging on the specific design trade-offs be-
tween processing speed and energy efficiency.
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1 INTRODUCTION
Achieving efficient video compression has always demanded signif-
icant computational resources [19]. In response to the continuous
demand for higher performance, standards like Versatile Video
Coding (VVC) have been developed. VVC integrates novel tools to
deliver superior compression gains when compared to its prede-
cessors [4]. An innovation within VVC is the Adaptive Loop Filter
(ALF), which offers considerable improvements in coding efficiency,
but these benefits come with the trade-off of a higher computational
workload during encoding [12]. This high computational demand
translates not only into long processing times but also into signifi-
cant energy consumption, a critical concern for battery-powered
mobile devices and resource-constrained embedded systems [15].

The ALF operates by applying a spatial filter to the reconstructed
samples with the goal of reducing artifacts introduced during en-
coding. This process involves classifying each block of the image
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based on its textural properties and using such a classification to
derive filter coefficients to optimize the visual quality [8].

Although ALF was initially conceived for the High Efficiency
Video Coding (HEVC) standard, it was not adopted then due to its
large computational requirements. With the increasing necessity of
coding efficiency and the availability of better hardware, the ALF
was ultimately integrated into the VVC standard. Although VVC
has multiple complex encoding tools, the ALF procedure still repre-
sents a significant portion of the overall processing time. Hence, its
acceleration remains an open challenge. To address this challenge,
several researchers have proposed optimization methods: Fang et
al. [7] proposed an optimization algorithm that reduces the number
of filter sets and accelerates the ALF procedure, while Yin et al. [21]
proposed an algorithm that simplifies block classification and em-
ploys early terminations to reduce encoding complexity. Although
these works attenuate the impacts of ALF in encoding time, they
consider algorithmic changes in the ALF procedure under a fixed
programming paradigm. However, the massively parallel comput-
ing paradigm through GPUs is gaining popularity, with CPU+GPU
computing systems becoming increasingly available [18].

The trend of using GPUs for general-purpose computing [11, 13,
20] is a result of their highly parallel architecture [17]. This adoption
is supported by mature programming interfaces like CUDA [14]
and OpenCL [1] that expose their computational capabilities. The
ALF tool, which consists of applying filters to reconstructed blocks
independently, exhibits significant data parallelism that aligns well
with the execution model of GPUs.

A preliminary study on this matter [6] presented an evaluation of
the processing time of the ALF classification algorithm across three
programming paradigms on a desktop platform: a sequential scalar
implementation on the CPU, a SIMD-vectorized version on the same
CPU, and a massively parallel implementation on a discrete GPU.
Although [6] provided insights into the processing time trade-offs
between programming paradigms on a desktop, the performance
under embedded systems and the overall energy efficiency were not
addressed. Conversely, [16] also proposed a GPU-based paralleliza-
tion of the ALF filter on a resource-constrained platform. However,
their implementation was based on the VVdeC software decoder,
whereas the present work utilizes the VTM reference software.

Hence, this work builds upon our initial study [6] and expands
the scope in two dimensions. First, the focus is moved beyond
time-performance to include a detailed analysis of energy con-
sumption. Second, the evaluation is extended to multiple hardware
platforms, contrasting a high-performance desktop system with a
power-efficient embedded platform, the NVIDIA Jetson TX2. By
analyzing the interplay between performance and energy across
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Figure 1: Diamond Shape filters for (a) Filter shape of Luma
component (b) subsampling pattern used for classification

these paradigms and platforms, this work aims to provide a detailed
characterization of the ALF classification step.

2 ADAPTIVE LOOP FILTER IN VVC
According to VVC, each frame is initially divided into Coding Tree
Units (CTUs), which are typically 128×128 blocks. These CTUs are
then recursively subdivided into smaller Coding Units (CUs) that
can reach a minimum size of 4×4 samples [5]. This block-based
processing, combined with the quantization stage, introduce visual
distortions known as coding artifacts [12]. VVC specifies three in-
loop filters to attenuate these artifacts: Deblocking Filter (DBF),
Sample Adaptive Offset (SAO), and Adaptive Loop Filter (ALF) [12].

The ALF procedure employes Wiener-based filters to minimize
prediction error. It begins by partitioning each reconstructed CTU
into 4×4 blocks. Each 4×4 block is classified according to its texture
properties, and then, this class is used to derive the filtering coef-
ficients for the respective block. The Luma component is filtered
with diamond-shaped 7× 7 filters, as illustrated in Fig. 1. The Luma
filter coefficients 𝑐0, 𝑐1, . . . , 𝑐12 can be selected from a set of prede-
fined filters or customized according to the video content [12]. The
Chroma component can be filtered with its own set of coefficients,
or it can be derived from the collocated Luma filter [8]. This work
focuses on the Luma component due to its primary impact on the
encoding process. Furthermore, the scope is set to the classification
step within ALF to ensure consistency with the initial study [6],
which allows for a comparison between performance and energy.
Hence, other facets of the ALF procedure and the Chroma filtering
are not covered in this work.

The classification of a 4×4 block results in one out of 25 available
classes, which is shared by all samples of the block. The class index
𝐶 is calculated according to (1).𝐶 is a function of the block’s texture
direction (𝐷) and a quantized sample activity (𝐴̃), which is derived
from the original activity 𝐴.

𝐶 = 5𝐷 + 𝐴̃ (1)

Both𝐷 and 𝐴̃ are computed based on the frame’s texture gradient,
which is determined using a 1-D Laplacian operator. Therefore,
the initial step consists of computing the gradient sums in four
directions: horizontal (𝑔ℎ), vertical (𝑔𝑣 ), main diagonal (𝑔𝑑1), and
secondary diagonal (𝑔𝑑2), as defined by equations (2)-(5).

Algorithm 1: ALF Direction Decision Process
if (𝑔max

ℎ𝑣
≤ 𝑡1 · 𝑔min

ℎ𝑣 ) and (𝑔max
𝑑
≤ 𝑡2 · 𝑔min

𝑑 ) then
𝐷 ← 0;

else
if (𝑔max

ℎ𝑣
/𝑔min

ℎ𝑣 ) > (𝑔max
𝑑
/𝑔min

𝑑 ) then
if 𝑔max

ℎ𝑣
> 𝑡2 · 𝑔min

ℎ𝑣 then
𝐷 ← 2;

else
𝐷 ← 1;

else
if 𝑔max

𝑑
> 𝑡2 · 𝑔min

𝑑 then
𝐷 ← 4;

else
𝐷 ← 3;

𝑔ℎ =
𝑖+5∑︁
𝑘=𝑖

𝑗+max𝑌∑︁
𝑙=𝑗−min𝑌

|𝑅𝑘,𝑙−1 − 2𝑅𝑘,𝑙 + 𝑅𝑘,𝑙+1 | (2)

𝑔𝑣 =
𝑖+2∑︁

𝑘=𝑖−2

𝑗+max𝑌∑︁
𝑙=𝑗

|𝑅𝑘−1,𝑙 − 2𝑅𝑘,𝑙 + 𝑅𝑘+1,𝑙 | (3)

𝑔𝑑1 =
𝑖+5∑︁
𝑘=𝑖

𝑗+max𝑌∑︁
𝑙=𝑗−min𝑌

|𝑅𝑘−1,𝑙−1 − 2𝑅𝑘,𝑙 + 𝑅𝑘+1,𝑙+1 | (4)

𝑔𝑑2 =
𝑖+5∑︁
𝑘=𝑖

𝑗+max𝑌∑︁
𝑙=𝑗−min𝑌

|𝑅𝑘−1,𝑙+1 − 2𝑅𝑘,𝑙 + 𝑅𝑘+1,𝑙−1 | (5)

In this context, (𝑖, 𝑗) represents the coordinates of the upper-left
sample of a given 4×4 block, and 𝑅𝑘,𝑙 is the reconstructed sample
at position (𝑘, 𝑙). The calculation considers a two-sample halo de-
fined by 𝑚𝑎𝑥𝑌 = 5 and 𝑚𝑖𝑛𝑌 = 2. To reduce the computational
complexity, VVC specifies that the gradients must be computed
in a subsampled fashion, as depicted in Fig. 1. The gradient only
considers the samples at locations (𝑘, 𝑙) where 𝑘 and 𝑙 are either
both even or both odd (samples denoted by the × in Fig. 1).

Themaximum andminimumgradient values are identifiedwithin
two categories: horizontal/vertical and diagonal gradients. This pro-
cess yields 𝑔max

ℎ𝑣
and 𝑔min

ℎ𝑣
for the horizontal/vertical directions, and

𝑔max
𝑑

and 𝑔min
𝑑

for the diagonal directions. These gradient extrema
are inputs to the procedure detailed in Algorithm 1, which calcu-
lates the block’s texture direction, 𝐷 ∈ [0, 1, 2, 3, 4]. The thresholds
𝑡1 = 2 and 𝑡2 = 9 are specified by the VVC standard[9, 10].

Then, the local sample activity, 𝐴 is computed as defined by (6).
Here, (𝑖, 𝑗) denotes the coordinates of the top-left corner of the 4×4
block. Note that the calculation iterates over an 8×8 window, which
encompasses the 4×4 block plus a two-sample halo around it (i.e., 𝑘
ranges from 𝑖 − 2 to 𝑖 + 5, while 𝑙 ranges from 𝑗 − 2 to 𝑗 + 5).𝑉𝑘,𝑙 and
𝐻𝑘,𝑙 represent the vertical and horizontal gradients, respectively,
while 𝐵𝐷 refers to the bit-depth of the image. Finally, 𝐴̃ is derived
by mapping 𝐴 to an integer between 0 and 4, according to (7).

𝐴 = ©­«
𝑖+5∑︁

𝑘=𝑖−2

𝑗+5∑︁
𝑙=𝑗−2

(
𝑉𝑘,𝑙 + 𝐻𝑘,𝑙

)ª®¬
≫ (𝐵𝐷 − 2) (6)
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𝐴̃ = 𝑄𝑚𝑖𝑛 (𝐴, 15), such that,
{𝑄𝑛} = {0, 1, 2, 2, 2, 2, 3, 3, 3, 3, 3, 3, 3, 3, 4}

(7)

The ALF classification step is inherently parallel, as its core tasks,
computing gradients and classifying 4×4 blocks, have minimal
data dependencies. Consequently, a comprehensive evaluation of
different programming paradigms is essential, analyzing not only
processing time but also energy consumption. This dual analysis is
critical for developing future ALF acceleration solutions that are
both fast and energy-efficient.

3 METHODOLOGY
The objective of this work is to present a comprehensive analysis
of the execution time and energy consumption of the ALF classifi-
cation stage. To this end, ALF is implemented and evaluated across
distinct hardware platforms and programming paradigms, ranging
from sequential processing to massive parallelism. The following
sections detail these implementations, offering a comparative as-
sessment to identify the trade-offs between different approaches.
The VVC standard is supported by a reference software implemen-
tation, the VTM encoder [2], which includes all encoding tools
available in the standard – including ALF.

This work uses the VTM implementation to establish a perfor-
mance baseline across two distinct hardware systems. The first is a
conventional desktop platform, equipped with an x86 CPU and a
discrete desktop GPU. The second is an ARM-based NVIDIA Jetson
TX2 embedded board, which features an integrated GPU alongside
its ARM CPU. The VTM encoder provides both scalar and SIMD-
accelerated code paths for the CPU; however, the SIMD version is
only available for x86 architectures and ARM is not supported.

On the x86 desktop CPU, two paradigms are considered. The
first, namedVTMscalar, employs a loop-based, sequential methodol-
ogy. The second paradigm, VTMSIMD, leverages specialized SIMD
instructions to accelerate gradient computation by processing mul-
tiple samples concurrently. Since the VTM’s SIMD implementation
does not support the ARM architecture of Jetson TX2, only the
scalar implementation (VTMscalar) is considered for this platform.

Finally, the third paradigm explores the massive parallelism af-
forded by GPUs. For this paradigm, a customCUDA implementation
is developed. The CPU-based methods are discussed in Section 3.2,
while the GPU approach is described in Section 3.3. Importantly,
all implementations produce identical outcomes and do not alter
the final coding efficiency.

3.1 Evaluation Setup
All CPU encodings employ the VTM encoder. To ensure fair com-
parisons, the tests adhere to the Common Test Conditions (CTC) [3].
The CTCs provide a standardized framework for evaluating VVC
implementations, defining test sequences, encoder configurations
(All Intra, in this case), and Quantization Parameters (QPs). For
this study, the first 32 frames of a series of video sequences are
processed using the QPs recommended by the CTC: 22, 27, 32, and
37. Sequences with resolutions of 480p, 720p, 1080p, and 4K are

CPU Host – Main VVC encoder

GPU Device – ALF classification kernel

Prediction + 

TransQuant + 

invTransQuant

ALF 

Classification
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frame

Reconstructed 
reference 

frame
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Figure 2: CPU+GPU encoding system proposed in [6]. Red
outlines depict the GPU bypass used for ALF classification.

evaluated. Exceptionally, the CPU encoding on Jetson TX2 is lim-
ited to 480p and 720p sequences due to the embedded system’s
hardware constraints.

The desktop system is equipped with an Intel Core i7-8700 CPU
(featuring the AVX2 SIMD instruction set), 16 GiB of RAM, and
an NVIDIA RTX 3080 discrete GPU (Driver 555.42.06, CUDA 12.5),
running on Ubuntu 20.04. The embedded NVIDIA Jetson TX2 board
counts with an ARM Cortex-A57 CPU and an integrated 256-core
Pascal GPU, operating on Ubuntu 18.04 with CUDA Toolkit 10.2.

An overview of the generic VVC encoding pipeline is provided
in Fig. 2. The process begins with frame prediction, followed by
the transform and quantization (TransQuant) stages. The frame is
subsequently reconstructed via inverse transform and quantization
(invTransQuant), after which in-loop filters are applied to mitigate
compression artifacts. The diagram illustrates the data flow for
different paradigms: black arrows denote the path for CPU-only
processing, while red arrows depict the data transfers between the
CPU and GPU required for the GPU-based implementation. For the
CPU-based approaches (VTMscalar and VTMSIMD), the measured
time corresponds solely to the ALF classification stage (tClassCPU).
For the GPU-based approach, the total time includes not only the
kernel execution (tClassGPU) but also the data transfer overhead
for moving frame samples to the GPU (tMemWrite) and returning
the classification results to the CPU (tMemRead).

Energy is measured using platform-specific hardware monitors.
RAPL (Running Average Power Limit) is used for the desktop CPU,
the NVIDIA NVML library is used for the desktop discrete GPU,
while for the case of Jetson TX2, the on-board INA3221 power
monitor ICs are polled through their respective ‘sysfs‘ entries.

3.2 Scalar and SIMD Implementations
Formany tools, the VTMprovides both scalar and SIMD-accelerated
code paths targeting different architectures. This work utilizes these
existing, publicly available implementations to benchmark the per-
formance of CPU-based ALF classification.

The first baseline, designated VTMscalar, employs a loop-based,
sequential methodology. In this version, each CTU is processed in
order, and within a given CTU, its 4×4 blocks are also classified
sequentially. The gradient is calculated once for every 32×32 region
of the CTU and then used by the corresponding 4×4 blocks, with
the computation itself proceeding one position at a time.

The second baseline, namedVTMSIMD, also follows a sequential,
loop-based approach to process each 4×4 block. The fundamental
difference is its use of specialized SIMD instructions (for instance,
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_mm256_set1_epi32 and _mm_lddqu_si128) to compute the gra-
dient. This allows multiple samples to be processed concurrently,
accelerating the calculation.

3.3 Massively Parallel Programming
To assess the performance of a massively parallel approach, a
GPU-based solution was developed using the NVIDIA CUDA plat-
form [14]. This solution is divided into two kernels: computeGra-
dient concurrently calculates the gradient for all frame samples,
and classifyBlock concurrently classifies all 4×4 blocks.

The hybrid CPU-GPU processing pipeline is depicted in Fig. 2,
where red arrows indicate data transfers. The CPU is responsible for
initial encoding stages such as prediction, transform, and quantiza-
tion. For ALF classification, the host CPU offloads the reconstructed
frame to GPU memory. Once the GPU kernels execute and deter-
mine the class for each 4×4 block, the results are transferred back
to the CPU for subsequent in-loop filtering stages.

The computeGradient kernel assigns one thread block of 1024
threads to each 32×32 frame region. To handle border dependencies,
a 34×34 area of reconstructed samples (the 32×32 region plus a one-
sample halo) is first loaded from global memory into the block’s
shared memory in a coalesced manner. After a thread synchro-
nization barrier, each thread independently computes the gradient
for a single sample, leveraging the low-latency shared memory.
This strategy ensures an even workload distribution and minimizes
global memory bandwidth by maximizing data reuse. The resulting
gradients are then written to global memory.

The classifyBlock kernel is employed for the classification task,
where each thread block, consisting of 16 threads, is assigned to
process a 4 × 4 block of samples. Initially, each thread loads the
gradient of one sample into shared memory, with memory accesses
arranged to be efficient. After all threads in the block synchro-
nize, a single designated thread performs the classification. This is
achieved by first aggregating the gradients in a subsampled fashion,
then determining their minimum and maximum values, and finally
computing the result using Equation (1). The final classification for
each 4 × 4 block is then copied from the GPU to the host memory.

4 RESULTS
The performance results, detailing execution time and energy con-
sumption for each platform and implementation, are presented in
Table 1. Here, Comm. share and Exec. share represent the share
of the processing time consumed by CPU-GPU communication
and kernel execution, respectively, for the GPU implementations.
Analyzing Table 1 reveals a performance hierarchy on the desk-
top system. The implementation VTMSIMD is the fastest, followed
by the Desktop GPU (NVIDIA RTX 3080), and finally the baseline
VTMScalar implementation. As expected, the overall performance
of the embedded Jetson TX2 system is slower than the desktop
counterpart. A characteristic of the embedded platform is that its
ARM CPU is faster than its integrated GPU for this specific task,
even though only VTMScalar is considered.

The results for the CPU desktop implementations are unfavor-
able for the GPU desktop due to significant communication over-
head. For instance, when processing a 1080p video, the data transfer
between the CPU and the GPU accounts for 86% of the total time

Table 1: Time and energy consumption results, alongside the
time share required for communication in GPUs.

Device Metrics 480p 720p 1080p 4k
Desktop CPU Scalar

Intel i7-8700
Time [ms] 1.600 3.950 8.950 35.97
Energy [J] 0.032 0.064 0.138 0.523

Desktop CPU SIMD
Intel i7-8700

Time [ms] 0.300 0.930 1.900 8.525
Energy [J] 0.020 0.021 0.042 0.176

Desktop GPU
NVIDIA RTX 3080

Time [ms] 1.305 3.244 6.512 27.40
Energy [J] 0.043 0.106 0.051 0.899

Comm. share 82% 84% 86% 89%
Exec. share 18% 16% 14% 11%

Jetson TX2 CPU
ARM Cortex A57

Time [ms] 5.300 12.00 N/A N/A
Energy [J] 0.006 0.013 N/A N/A

Jetson TX2 GPU
NVIDIA 256 cores

Time [ms] 45.42 73.25 222.1 277.2
Energy [J] 0.007 0.011 0.059 0.076

Comm. share 34% 18% 20% 28%
Exec. share 66% 82% 80% 72%

(Comm. share). This indicates that the bottleneck is not the GPU’s
computational power but rather the time required to communcate
with the CPU. On the other hand, the Jetson TX2’s integrated GPU
spends a smaller share of the processing time with communication.
This is because, as an integrated GPU (iGPU), it shares main mem-
ory with the CPU, eliminating the need for data transfers over a
slower PCIe bus. For the same 1080p resolution, the communica-
tion share on the Jetson GPU is only 20%, with the actual kernel
execution accounting for the remaining 80% of the time.

Although the Desktop GPU is hampered by data transfer over-
head, it still outperforms the baseline VTMScalar implementation.
This can be attributed to its massively parallel architecture, featur-
ing 3584 CUDA cores, which stands in stark contrast to the Jetson
TX2’s integrated GPU with only 256 CUDA cores.

While the Jetson platform is slower, its main advantage is its
remarkable energy efficiency. When processing at 720p, the Jetson
TX2 CPU consumes approximately 38% less energy than the most
efficient desktop implementation (VTMSIMD). Under the same con-
ditions, the Jetson’s GPU is even more efficient, consuming about
48% less energy. This highlights the trade-off between raw perfor-
mance and power efficiency, positioning the embedded system as a
superior choice for energy-constrained applications.

5 CONCLUSION
This paper presented a performance and energy evaluation of the
VVC ALF classification step across diverse hardware platforms. The
analysis revealed that on a high-performance desktop, an optimized
CPU implementation using VTMSIMD delivers the highest process-
ing speed, outperforming a discrete GPU. It was demonstrated that
the GPU’s potential is severely constrained by data communication
overhead, which becomes the primary performance bottleneck. In
contrast, the embedded Jetson TX2 platform, while slower, offers
superior energy efficiency, with its integrated GPU being limited
by kernel execution time rather than data transfers. These findings
underscore that the optimal implementation strategy for the ALF
filter is not universal but is highly platform-dependent, and the
trade-off between raw performance and energy consumption must
be taken into account based on the application’s constraints.
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