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Bitstream particularly for surveillance applications that require continuous video transmission with
Quantization efficient bandwidth usage. This study employs FFmpeg on Ubuntu to evaluate two QP
Video Analytics values (26 and 36) and two encoding presets (veryslow and ultrafast). The experiments
were conducted on 10 videos with varying characteristics, obtained from several sources,
including CCTV recordings, website-based video samples, self-recorded videos, and
videos from the MATLAB library. The results show that the higher QP value, QP 36,
produces a smaller bitstream size and a higher compression ratio than QP 26. In addition,
the veryslow preset generally achieves better compression ratios than the ultrafast preset
for both compression standards. The Constant Rate Factor (CRF)-based encoding test
with a CRF value of 36 also demonstrates competitive compression performance
compared with QP-based encoding. Overall, H.265 provides better compression ratios
than H.264 in most experimental scenarios. These findings indicate that the combination
of H.265, QP 36, and the veryslow preset can be an effective configuration for reducing
bandwidth requirements in surveillance video analytics applications, particularly when
bitstream size efficiency is the primary priority.

Video Compression
Video Encoder

1. Introduction

The increasing number of video service users on the internet has led to a growing need for efficient video
compression (Arora et al., 2016; O’Byrne et al., 2022; Zhong & Reibman, 2018). Recent network traffic reports
show that video remains a dominant contributor to mobile data traffic. Ericsson reported that, at the end of 2025,
video traffic accounted for 76% of all mobile data traffic (Ericsson, 2025). Efficient video compression is
therefore crucial for reducing bandwidth usage and enhancing the user experience across various applications,
including smart cities, security surveillance, smart homes, retail businesses, and autonomous vehicles (Sieber et
al., 2015).

The most commonly used video compression technologies today are H.264 and H.265/HEVC (Reich et al.,
2024). These standards have evolved and offer substantial bitrate reductions while maintaining high image quality
(Usman et al., 2017). However, with the increasing demand for high-quality video, higher resolutions, and
continuous video transmission in surveillance systems, there are still challenges in determining compression
configurations that can reduce bitstream size while maintaining sufficient visual quality for video analytics
applications (Rippel et al., 2019).

In video compression, quantization plays an important role in controlling the trade-off between bitrate
reduction and visual quality. Quantization reduces the precision of transformed video data, thereby decreasing
the bitstream size, but excessive quantization may introduce visual distortion and reduce the usefulness of
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compressed videos for analytics tasks. This issue is particularly important in surveillance video analytics because
compression settings can affect the performance of object detection and monitoring systems (M.-J. Kim & Lee,
2022; O’Byrne et al., 2022). In H.264 and H.265 architectures, the Quantization Parameter (QP) controls the
quantization level and directly influences bitrate, output file size, and compression efficiency.

Although many studies have been conducted to improve video compression techniques, most existing work
focuses on general compression efficiency, video quality assessment, or codec performance across broad
multimedia scenarios. There is still a need for a more specific empirical analysis of how quantization values and
encoding presets affect compression ratios in surveillance video analytics datasets (Rerabek et al., 2015; Valin
& Terriberry, 2015). This research aims to fill this gap by evaluating various quantization values and compression
presets and comparing the results obtained using FFmpeg on the Ubuntu operating system (Otani et al., 2022).

This research aims to evaluate and compare the compression ratios achieved with the H.264 and H.265
standards across different types of surveillance video data, including CCTV recordings and videos from the
MATLARB library. The findings of this study are expected to provide new insights for developers and researchers
in the field of video analytics and contribute to the development of more efficient compression techniques (Alam
etal., 2021; Xu et al., 2018).

The research objectives of this study are threefold: first, to analyze the impact of QP values on the
compression ratio of H.264 and H.265; second, to compare the compression performance of H.264 and H.265 on
surveillance video datasets; and third, to provide recommendations for selecting effective compression settings
for video analytics applications. These objectives are intended to support practical decision-making when
choosing codecs, QPs, and preset configurations to reduce data size and bandwidth usage in real-world
surveillance scenarios.

The remainder of this paper is organized as follows. The Literature Review section discusses video
compression standards, quantization, and related studies in video analytics. The Research Method section
describes the dataset, encoding configurations, and evaluation metrics used in the experiments. The Result and
Discussion section presents the compression performance of H.264 and H.265 under different QP and preset
settings. Finally, the Conclusion section summarizes the main findings and provides recommendations for future
research.

2. Literature Review

2.1 Video Compression Standards for Video Analytics

Video compression is a critical technology that enables efficient storage and transmission of video data by
reducing file size without compromising quality (Choi & Bajic, 2022; Galteri et al., 2018). In video analytics
applications, compression is particularly important because video streams are often transmitted continuously
from cameras to processing systems through bandwidth-limited networks. Applications such as smart cities,
traffic monitoring, security surveillance, retail monitoring, and autonomous systems require efficient video
transmission while maintaining sufficient visual information for analysis.

Among widely adopted video compression standards, H.264/Advanced Video Coding (AVC) and
H.265/High Efficiency Video Coding (HEVC) are commonly used for their ability to reduce bitrate while
preserving acceptable video quality. H.264 has been extensively implemented in various video applications
because it provides good compression performance at relatively low bitrates (I.-K. Kim et al., 2014).
H.265/HEVC was developed as a successor to H.264 and offers higher compression efficiency, including support
for ultra-high-definition video and improved coding structures (Uhrina et al., 2014).

The evolution of video compression standards began with earlier techniques such as MPEG-1 and MPEG-
2, which laid the foundation for modern video coding systems. H.264/AVC was developed as a joint
standardization project between the ITU-T Video Coding Experts Group (VCEG) and the ISO/IEC Moving
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Picture Experts Group (MPEG), while H.265/HEVC was developed by the Joint Collaborative Team on Video
Coding (JCT-VC) (Fraunhofer Heinrich Hertz Institute, 2021; ISO/IEC, 2020; ITU-T, 2024; Sullivan et al., 2012;
Wiegand et al., 2003). Compared with H.264, HEVC introduces more flexible block partitioning, improved
prediction, transform coding, and entropy coding mechanisms, which contribute to its higher compression
efficiency.

2.2 Quantization Parameter and Compression Trade-Off

Quantization is a fundamental process in video compression that reduces the precision of transformed video
data to decrease the number of bits required for representation (Mao et al., 2024). This process directly affects
the trade-off between bitstream size and video quality. Stronger quantization can reduce bitrate and increase the
compression ratio, but it may also introduce quantization noise and visual distortion.

In H.264 and H.265, the QP controls the quantization step size. A higher QP value generally increases the
quantization step size, resulting in a smaller bitstream and a higher compression ratio. However, this may reduce
visual quality because more information is discarded during encoding. Conversely, a lower QP value usually
produces better visual quality but results in a larger bitstream. Therefore, QP selection is important for balancing
compression efficiency and video quality.

Quantization can be implemented in different forms, including scalar and vector quantization. In most image
and video coding standards, scalar quantization is commonly used together with transform coding (Metkar &
Talbar, 2013). The quantization process is irreversible because several input values may be mapped into a smaller
set of output values. As a result, compression efficiency improves, but some information from the original video
may be lost. This trade-off is important in video analytics because excessive compression can reduce the visual
detail required for detection, tracking, or monitoring tasks.

2.3 Learning-Based and Perceptual Quantization Approaches

Recent advancements in video compression have explored learning-based techniques and perceptual video
coding to improve compression efficiency while maintaining perceptual quality. Learning-based methods,
including convolutional neural networks (CNNs), have been investigated to optimize quantization and improve
bitrate reduction with limited quality degradation. Ki et al. studied learning-based just-noticeable-quantization-
distortion models for perceptual video coding and showed that quantization-related optimization can reduce
bitrate while maintaining subjective video quality (Ki et al., 2018).

Li et al. proposed a Trellis-Coded Quantizer (TCQ) for deep learning-based image compression and
compared its performance with scalar quantization (Li et al., 2020). Although their work focuses on learned
image compression rather than standard H.264/H.265 video encoding, it demonstrates that quantization design
plays an important role in improving compression efficiency. These studies indicate that quantization remains a
relevant research topic in both traditional video coding standards and emerging learning-based compression
approaches.

However, learning-based compression approaches often incur additional computational overhead and
require model-specific implementations. In practical surveillance video analytics systems, standard codecs such
as H.264 and H.265 remain widely used because of their compatibility with existing cameras, video recorders,
and network transmission systems. Therefore, empirical evaluation of QP and encoding preset configurations in
these standards remains relevant for practical deployment.

2.4 Video Compression in Surveillance Video Analytics
Video analytics refers to the process of extracting useful information from video data, such as detecting
objects, counting people, monitoring traffic, or identifying activities. In modern systems, video analytics is
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commonly supported by computer vision and artificial intelligence techniques. These applications are widely
used in smart cities, traffic control, crowd monitoring, security surveillance, industrial environments, and public
safety systems.

Several video analytics systems have been developed to improve the efficiency of video transmission and
analysis. AWStream, CloudSeg, DDS, and AccMPEG are examples of systems that consider the relationship
between video transmission, network resources, and analytics performance (Du et al., 2020, 2022; Wang et al.,
2019; Zhang et al., 2018). These studies show that video analytics performance is not only influenced by the
accuracy of the analytics model but also by the quality and bitrate of the input video stream.

In surveillance video analytics, compression must be carefully configured because the goal is not only to
reduce file size but also to preserve useful visual information. Strong compression may reduce bandwidth
requirements, but excessive compression can remove important spatial or temporal details that are needed for
analysis. Therefore, codec selection, QP values, and encoding presets need to be evaluated in relation to
compression efficiency and practical surveillance requirements.

v
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Figure 1. Two-Way Video Coding Scenario (Richardson, 2011).

Fig. 1 illustrates a general two-way video coding and transmission scenario. Video data captured by a camera
is encoded before being transmitted through a network. At the receiver side, the encoded bitstream is decoded
and displayed for further use. This general workflow highlights the importance of video encoding in reducing
bitstream size before transmission, particularly in bandwidth-limited video analytics applications.

2.5 H.264 and H.265 Coding Structures

H.264/AVC follows a hybrid video coding framework that combines prediction, transform coding,
quantization, and entropy coding. The standard exploits temporal, spatial, visual, and statistical redundancies to
reduce video size. Temporal redundancy is reduced by using similarities between adjacent frames, while spatial
redundancy is reduced by exploiting correlations among neighboring pixels. Visual redundancy is related to
information that is less noticeable to the human visual system, and statistical redundancy is reduced through
entropy coding.
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Figure 2. H.264 framework (Masykuroh et al., 2025; Wiegand et al., 2003).

The ISO/IEC JTC1 Moving Picture Experts Group (MPEG) and the ITU-T Video Coding Experts Group
(VCEG) collaborated to produce the H.264/MPEG-4 Advanced Video Coding (AVC) standard for video coding.
This collaboration led to the formation of the Joint Video Team (JVT). As a result of this joint development, the
technical content of the ISO/IEC MPEG-4 AVC standard, formally known as ISO/IEC 14496-10 MPEG-4 Part
10, and the ITU-T H.264 standard is identical. Although H.264 follows a hybrid video coding framework, as
shown in Fig. 2, several coding tools have been improved to increase compression efficiency (Wu, 2014).

All image and video compression schemes are designed to exploit several types of redundancy. The goal is
to minimize distortion at a given compression rate or to minimize the compression rate for a given distortion.
These redundancy types explain why video coding standards can reduce bitstream size and why different coding
structures may produce different compression ratios. The four main types of redundancy are:

1. Temporal redundancy — Adjacent frames often look similar. Differences between frames are frequently
caused by camera movement or changes in scene elements. By exploiting similarities between
consecutive frames, video encoders can reduce repeated information.

2. Spatial redundancy — Neighboring pixels in an image often have correlated values because objects and
backgrounds usually contain consistent texture patterns. This correlation allows image content to be
represented more efficiently in the frequency domain.

3. Visual redundancy — The human visual system (HVS) is less sensitive to certain losses in visual data.
This allows video encoders to remove or reduce information that is less perceptually significant while
maintaining acceptable visual quality.

4. Statistical redundancy — Video data often contains symbols with non-uniform probability distributions.
Entropy coding exploits this statistical property to represent frequent symbols with fewer bits.

18



Buletin Pos dan Telekomunikasi Vol. 24 No.1 (2026) 14-30

o Coder
" | Control
T _ . Control
| ¥ Data < .
Input Video Signal ‘ ‘
Spﬁt into Code%free —1 ‘—P@—V Transform‘tScal.. > Quant. h N
Units (CTUs) A Quar | v Transf. Coeffs \‘

|
_____ ) _+_ — Scaling & Inv. \ Header
| I Transform Formating & +—p

CABAC

A

| |
| |
Y
| |
—fr 0 >
| |
| |
|
|
|
|
|

L Deblockin,
<4— Intra Prediction colockang
Filter
T
|
Mot
\t <« otion. P
Compentation
Intra/Inter
T A .
| > Motion
A 4 Data
Motion
Estimation

Figure 3. H.265 standard framework (Masykuroh et al., 2025; Sullivan et al., 2012).

As ISO/IEC 23008-2 MPEG-H Part 2 and ITU-T H.265, High Efficiency Video Coding (HEVC) is a video
compression standard jointly developed by ISO/IEC JTC1 MPEG and ITU-T VCEG. It was developed as the
successor to H.264/MPEG-4 AVC. To create the HEVC standard, MPEG and VCEG established the Joint
Collaborative Team on Video Coding (JCT-VC). Compared with H.264/MPEG-4 AVC, HEVC can achieve
higher compression efficiency and support ultra-high-definition (UHD) video compression, including resolutions
up to 8192 x 4320 (Wu, 2014).

The HEVC standard replaces the macroblock structure used in earlier standards with a more flexible block-
partitioning method. HEVC divides a frame into Coding Tree Units (CTUs), which can be further subdivided
into Coding Tree Blocks (CTBs) for each luma and chroma component. CTBs may have block sizes of 64 x 64,
32 x 32, 0r 16 x 16, where larger block sizes often improve coding efficiency. CTBs are then divided into Coding
Units (CUs), which can be recursively split using a quadtree structure. Prediction Units (PUs) are used for intra-
frame and inter-frame prediction, with sizes ranging from 64 x 64 to 4 x 4 (Wu, 2014).

The structural differences between H.264 and H.265 are important in this study because they may affect the
resulting bitstream size and compression ratio under the same QP and preset configurations. Therefore, both
standards are evaluated using identical experimental settings to identify practical compression configurations for
surveillance video analytics.

2.6 Research Gap

Although many studies have investigated video compression standards, quantization, perceptual quality, and
learning-based compression, most existing work focuses on either general compression efficiency or visual
quality assessment. Fewer studies provide a focused empirical comparison of H.264 and H.265 under different
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QP values, CRF-based encoding, and encoding presets using surveillance-oriented video analytics datasets. This
gap is important because surveillance video analytics requires compression configurations that can reduce
bitstream size while preserving sufficient visual information for monitoring and analysis.

Therefore, this study evaluates the compression ratios of H.264 and H.265 across different QP values and
encoding presets on surveillance video datasets. By comparing the performance of both standards under
controlled encoding configurations, this study provides practical insight into selecting efficient compression
settings for surveillance video analytics applications.

3. Research Method

This section describes the experimental methodology used to evaluate the effects of QP values and encoding
presets on the compression performance of surveillance video datasets encoded using H.264 and H.265 standards.
The methodology was designed to compare how different encoding configurations influence output file size,
bitrate, and compression ratio. The broader objective of this experimental design is to support bandwidth-efficient
video analytics applications by identifying practical compression configurations for transmitting surveillance
video.

FFmpeg was used as the video encoding tool on Ubuntu to provide a consistent, reproducible experimental
environment. The experiments were conducted using the same encoding configurations for all selected videos.
Each video was encoded using both H.264 and H.265 standards, with two QP values and two encoding presets.
This procedure allows a fair comparison between the two video coding standards under identical experimental
conditions.

3.1 Experimental Design

The experimental design was developed to compare the compression performance of H.264 and H.265 under
different encoding configurations. Two QP values, namely 26 and 36, were selected to represent different
compression levels. QP 26 was used to represent a lower quantization level, which generally preserves more
visual information but produces a larger output file. QP 36 was used to represent a higher quantization level,
which generally produces a smaller bitstream but may introduce more visual distortion.

In addition to QP values, two encoding presets, namely veryslow and ultrafast, were used to evaluate the
effect of encoding complexity on compression performance. The veryslow preset allows the encoder to perform
more extensive optimization during encoding, whereas the ultrafast preset prioritizes faster encoding with less
compression optimization. CRF-based encoding with a CRF value of 36 was also evaluated as an additional
comparison to the QP-based encoding configurations.

Each selected video was encoded using both H.264 and H.265 standards. For each standard, the same QP
values and encoding presets were applied to ensure consistency across all experimental scenarios. This design
enables a controlled comparison of codec performance, QP effects, and preset effects on surveillance video
compression.

3.2 Dataset Description

The dataset used in this study consists of ten surveillance-related videos obtained from several sources,
including CCTV recordings, videos from the MATLAB library, publicly available website-based video samples,
and self-recorded videos. These videos were selected to represent different surveillance conditions, including
variations in scene content, duration, motion characteristics, and recording sources. The use of heterogeneous
video sources is intended to provide a broader evaluation of compression performance across different
surveillance scenarios.
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The dataset includes videos with varying durations and recording characteristics to reflect practical
conditions for surveillance video analytics. Detailed information on the video dataset, including video name,
source, duration, and recording category, is presented in the experimental result tables.

3.3 Encoding Configuration

FFmpeg was used as the video encoding tool on Ubuntu to ensure a consistent and reproducible experimental
environment (Van Sickle, 2024). The encoding parameters consisted of two video coding standards, two QP
values, two encoding presets, and one CRF-based configuration. Instead of presenting command-line
instructions, the encoding settings used in this study are summarized in Table 1.

Table 1. Experimental Encoding Configuration (FFmpeg, 2025).

Parameter Configuration

Encoding tool FFmpeg

Operating system Ubuntu

Video coding standards H.264 and H.265

Encoding mode QP-based encoding and CRF-based encoding

QP values 26 and 36

CRF value 36

Encoding presets very slow and ultrafast

Number of video samples 10 videos

Video sources CCTV recordings, MATLAB library videos, website-based video samples, and self-recorded
videos

Main evaluation metrics Output file size, bitrate, and compression ratio

Additional evaluation General visual inspection of compressed videos

Purpose of evaluation To compare compression performance under different codecs, QP, CRF, and preset

configurations
These configurations were applied consistently across all selected videos to ensure a fair comparison between
H.264 and H.265 under identical experimental conditions. Using the same dataset and parameter combinations

allows the effects of the codec standard, QP value, and encoding preset to be observed more clearly.

3.4 Experimental Workflow

Fig. 4 illustrates the experimental workflow used to evaluate the compression performance of H.264 and
H.265 on surveillance video datasets. The workflow begins with selecting surveillance-related videos from
various sources. The selected videos are then encoded with FFmpeg using two video coding standards: H.264
and H.265. For each standard, the encoding process is configured using two presets, namely veryslow and
ultrafast, and two QP values, namely 26 and 36.

The encoding procedure is repeated for each combination of video, codec standard, QP value, and encoding
preset. This repeated process ensures that all experimental scenarios are evaluated consistently. The compressed
video files generated by the encoding process are then analyzed for output file size, bitrate, and compression
ratio. In addition, a visual inspection is conducted to assess the overall quality of the compressed videos.

Based on these evaluations, the study identifies the trade-off between bitstream reduction and visual quality
preservation. The resulting analysis is used to derive recommended encoding configurations for bandwidth-
efficient surveillance video analytics applications.
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Figure 4. Block Diagram: Video Compression and Analysis Workflow.

3.5 Evaluation Metrics
The main evaluation metric used in this study is the compression ratio. In this study, the compression ratio
is expressed as the percentage reduction in file size after encoding. It is calculated using Eq. (1):

) ) Original File Size — Compressed File Size 1)
Compression Ratio (%) = — — X 100%
Original File Size
This metric represents the percentage reduction in file size achieved after encoding, relative to the original

video size. A higher compression ratio indicates that the encoded video requires a smaller bitstream, reflecting

more efficient compression.

In addition to the compression ratio, the output file size and bitrate were analyzed to evaluate the effect of
each encoding configuration. The analysis also considers the relationships among QP values, bitrate, and the
overall visual characteristics of the compressed videos. Higher QP values are expected to reduce bitstream size
by increasing the quantization step size, whereas lower QP values tend to preserve more visual information but
produce larger output files. This relationship provides the basis for evaluating the trade-off between compression
efficiency and the preservation of visual quality.

The selected encoding configurations, including the codec standard, QP value, encoding preset, and CRF
value, are evaluated for their effects on output file size, bitrate, and compression ratio. This evaluation setup
enables a controlled comparison of H.264 and H.265 compression performance on surveillance video analytics
datasets.

4. Results and Discussion

This section presents and discusses the compression performance of H.264 and H.265 under
different encoding configurations. The evaluation is based on output file size, bitrate, and compression
ratio obtained from ten surveillance-related videos. The experiments compare QP-based encoding at
QP 26 and QP 36 using two encoding presets: veryslow and ultrafast. In addition, CRF-based encoding
with a CRF value of 36 is evaluated for comparison.
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The discussion focuses on four main aspects: the effects of QP values, encoding presets, and CRF-based
encoding; the comparison between H.264 and H.265; and the practical implications of the results for surveillance
video analytics applications.

4.1 H.264 Compression Results

Tables 2—6 present the compression results obtained using the H.264/AVC standard under different encoding
configurations. The results show that the QP value influences the output file size and compression ratio. In
general, QP 36 produces a smaller bitstream and a higher compression ratio than QP 26. This is expected because

a higher QP value increases the quantization step size, resulting in stronger compression and lower output bitrate.
Table 2. H.264 Compression Results Using the veryslow Preset and QP 36.

Original Output Output

No Video Video Source DuE:;ion Filesize Quantization E?;i:((i)fi(;r Filesize Filesize Conllg)arg(s)sion
(Kbps) (KB) (Kbps)
1 crowd Website 00:13 6.688 36 H.264 339 2.712 59,45%
2 parking Website 02:29 77.968 36 H.264 587 4.696 93,98%
3 pedestrian Website 00:14 57.544 36 H.264 890 7.120 87,63%
4 vipmen Matlab Library 00:09 128.464 36 H.264 33 264 99,79%
5 virat Website 00:24 41.008 36 H.264 417 3.336 91,87%
6 walking Website 00:09 11.192 36 H.264 370 2.960 73,55%
7 cetv 1 CCTV 05:28 434.920 36 H.264 4.448  35.584 91,82%
8 cctv 2 CCTV 17:25 1.395.504 36 H.264 13.004 104.032 92,55%
9 record 1 self-recorded 05:02 5.083.864 36 H.264 52.720 421.760 91,70%
10 Record 2 self-recorded 02:13 2.250.640 36 H.264 22269 178.152 92,08%
Table 3. H.264 Compression Results Using the veryslow Preset and QP 26.
No Video Video Source Duies\;ion glrllegsllnzzl Quantization E\r;i:((l:i(;r lggsﬂg; F?llzatgzl; Conllg)arg(s)sion
(Kbps) (KB) (Kbps)

1 crowd Website 00:13 6.688 26 H.264 803 6.424 3,95%
2 parking Website 02:29 77.968 26 H.264 1.970 15.760 79,79%
3 pedestrian Website 00:14 57.544 26 H.264 2.669 21.352 62,89%
4 vipmen Matlab Library 00:09 128.464 26 H.264 116 928 99,28%
5 virat Website 00:24 41.008 26 H.264 1.804 14.432 64,81%
6 walking Website 00:09 11.192 26 H.264 1.124 8.992 19,66%
7 cetv_ 1 CCTV 05:28 434.920 26 H.264 14.880 119.040 72,63%
8 cctv 2 CCTV 17:25 1.395.504 26 H.264 46.145 369.160 73,55%
9 record 1  self-recorded 05:02  5.083.864 26 H.264 341.582 2.732.656 46,25%
10 Record 2 self-recorded 02:13  2.250.640 26 H.264 134.893  1.079.144 52,05%
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Table 4. H.264 Compression Results Using the ultrafast Preset and QP 36.

No Video Video Source Duies\;ion glrllegslrzzl Quantization E\Iici:((l:i(;r lggsﬂg; F?lfsﬁgg Conllgg(s)sion
(Kbps) (KB) (Kbps)
1 crowd Website 00:13 6.688 36 H.264 638 5.104 23,68%
2 parking Website 02:29 77.968 36 H.264 667 5.336 93,16%
3 pedestrian Website 00:14 57.544 36 H.264 1.008 8.064 85,99%
4  vipmen Matlab Library 00:09 128.464 36 H.264 50 400 99,69%
5 virat Website 00:24 41.008 36 H.264 491 3.928 90,42%
6 walking Website 00:09 11.192 36 H.264 575 4.600 58,90%
7 cetv_1 CCTV 05:28 434.920 36 H.264 5.328 42.624 90,20%
8 cctv 2 CCTV 17:25 1.395.504 36 H.264 15.026 120.208 91,39%
9 record 1 self-recorded 05:02 5.083.864 36 H.264 207.835 1.662.680 67,29%
10 record 2 self-recorded 02:13 2.250.640 36 H.264 71.937 575.496 74,43%
Table 5. H.264 Compression Results Using the ultrafast Preset and QP 26.
No Video Video Source Duzesl;ion glrllegslrzil Quantization E}llci:(i?i(;r Igﬁztggte 12;251212 Conllgg(s)sion
(Kbps) (KB) (Kbps)
1 crowd Website 00:13 6.688 26 H.264 638 5.104 23,68%
2 parking Website 02:29 77.968 26 H.264 2.409 19.272 75,28%
3 pedestrian Website 00:14 57.544 26 H.264 3.824 30.592 46,84%
4 vipmen Matlab Library 00:09 128.464 26 H.264 184 1.472 98,85%
5 virat Website 00:24 41.008 26 H.264 2237 17.896 56,36%
6 walking Website 00:09 11.192 26 H.264 3.088 24.704 -120,73%
7 cetv_1 CCTV 05:28 434.920 26 H.264 18.415 147.320 66,13%
8 cctv 2 CCTV 17:25  1.395.504 26 H.264 55.152 441.216 68,38%
9 record 1 self-recorded 05:02  5.083.864 26 H.264 1.345.043  10.760.344 -111,66%
10 record 2 self-recorded 02:13  2.250.640 26  H.264 482.620  3.860.960 -71,55%
Table 6. H.264 Compression Results Using CRF 36.
No Video Video Source Duiasl;ion gfllfsl:lzeg CRF E\I;i:((i)ficc)er lg}:sﬂlzlte I?lll:gzlte Conllgg(s)sion
(Kbps) (KB) (Kbps)

1 crowd Website 00:13 6.688 36 H.264 207 1.656 75,24%
2 parking Website 02:29 77.968 36 H.264 814 6.512 91,65%
3 pedestrian  Website 00:14 57.544 36 H.264 749 5.992 89,59%
4 vipmen Matlab Library 00:09 128.464 36 H.264 22 176 99,86%
5 virat Website 00:24 41.008 36 H.264 375 3.000 92,68%
6 walking Website 00:09 11.192 36 H.264 253 2.024 81,92%
7 cetv_1 CCTV 05:28 434.920 36 H.264 4343 34.744 92,01%
8 cctv 2 CCTV 17:25 1.395.504 36 H.264 12.869 102.952 92,62%
9 record 1 self-recorded 05:02 5.083.864 36 H.264 36.137  289.096 94,31%
10 record 2 self-recorded 02:13 2.250.640 36 H.264 15.783  126.264 94,39%
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For H.264 using the veryslow preset, QP 36 achieves an average compression ratio of approximately
87.44%, while QP 26 achieves approximately 57.49%. This indicates that increasing the QP value from 26 to 36
substantially reduces the output file size. The same tendency is also observed in the ultrafast preset, where QP
36 produces higher and more stable compression ratios than QP 26.

The results also show that the veryslow preset generally provides better compression efficiency than the
ultrafast preset. This occurs because the veryslow preset allows the encoder to perform more extensive
optimization during encoding. Although this preset requires longer encoding time, it can produce smaller output
files and higher compression ratios. In contrast, the ultrafast preset prioritizes encoding speed, which may result
in larger output files and lower compression efficiency.

Several negative compression ratios are observed in the H.264 ultrafast QP 26 configuration, particularly
for some video samples such as walking, record 1, and record 2. A negative compression ratio indicates that the
encoded file size exceeds the original file size, suggesting that the selected encoding configuration is inefficient
for that particular video sample. This condition may occur when the selected encoding configuration is inefficient
for a particular video source, especially when the original video has already been compressed or when the preset
does not provide sufficient compression.

The CRF-based encoding with CRF 36 also shows strong compression performance for H.264, with an
average compression ratio of approximately 90.43%. This result indicates that CRF-based encoding can provide
competitive compression efficiency compared with QP-based encoding, particularly when the encoder is allowed
to adapt bitrate allocation according to video content complexity.

4.2 H.265 Compression Results

Tables 7—11 present the compression results obtained using the H.265/HEVC standard under different
encoding configurations. Similar to the H.264 results, the H.265 results show that the QP value clearly influences
the output file size and compression ratio. In general, QP 36 produces smaller output files and higher compression
ratios than QP 26. However, the magnitude of improvement varies across video samples, indicating that
compression performance is also influenced by video content characteristics, duration, motion complexity, and
the original file condition.

Table 7. H.265 Compression Results Using the veryslow Preset and QP 36.

Original Output Output

No Video Video Source Duizsl;ion Filesize =~ Quantization EZci:?)il(:er Filesize Filesize Conllg)arg(s)sion
(Kbps) (KB) (Kbps)
1 crowd Website 00:13 6.688 36 H.265 326 2.608 61,00%
2 parking Website 02:29 77.968 36 H.265 465 3.720 95,23%
3 pedestrian Website 00:14 57.544 36 H.265 652 5.216 90,94%
4 vipmen Matlab Library 00:09 128.464 36 H.265 43 344 99,73%
5 virat Website 00:24 41.008 36 H.265 349 2.792 93,19%
6 walking Website 00:09 11.192 36 H.265 308 2.464 77,98%
7 cctv_ 1 CCTV 05:28 434.920 36 H.265 3.501 28.008 93,56%
8 cctv 2 CCTV 17:25 1.395.504 36 H.265 10.180 81.440 94,16%
9 record 1 self-recorded 05:02  5.083.864 36 H.265 36.396 291.168 94,27%
10 record 2 self-recorded 02:13  2.250.640 36 H.265 15.650 125.200 94,44%
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Table 8. H.265 Compression Results Using the veryslow Preset and QP 26.

No Video Video Source Dul(rg;ion %rllégsl:lzeg Quantization Ez(i:((l:i(;r Igﬁetg;te F?lfsﬁgg Conllgg(s)sion
(Kbps) (KB) (Kbps)
1 crowd Website 00:13 6.688 26 H.265 878 7.024 -5,02%
2 parking Website 02:29 77.968 26 H.265 1.672 13.376 82,84%
3 pedestrian Website 00:14 57.544 26 H.265 2.439 19.512 66,09%
4  vipmen Matlab Library 00:09 128.464 26 H.265 221 1.768 98,62%
5 virat Website 00:24 41.008 26 H.265 1.793 14.344 65,02%
6 walking Website 00:09 11.192 26 H.265 1.113 8.904 20,44%
7 cetv_1 CCTV 05:28 434.920 26 H.265 13.122 104.976 75,86%
8 cctv 2 CCTV 17:25  1.395.504 26 H.265 40.634 325.072 76,71%
9 record 1 self-recorded 05:02  5.083.864 26 H.265 371.265 2.970.120 41,58%
10 record 2 self-recorded 02:13  2.250.640 26 H.265 146.378 1.171.024 47,97%
Table 9. H.265 Compression Results Using the ultrafast Preset and QP 36.
No Video Video Source Duzasl;ion (F)lrllegsllnzzl Quantization Ezi((i)fi(;r Igretggz F?lfsﬁgg Conllgg(s)sion
(Kbps) (KB) (Kbps)
1 crowd Website 00:13 6.688 36 H.265 342 2.736 59,09%
2 parking Website 02:29 77.968 36 H.265 505 4.040 94,82%
3 pedestrian Website 00:14 57.544 36 H.265 665 5.320 90,75%
4 vipmen Matlab Library 00:09 128.464 36 H.265 49 392 99,69%
5 virat Website 00:24 41.008 36 H.265 339 2.712 93,39%
6 walking Website 00:09 11.192 36 H.265 297 2.376 78,77%
7 cetv_1 CCTV 05:28 434.920 36 H.265 3.984 104.976 75,86%
8 cctv 2 CCTV 17:25  1.395.504 36 H.265 11.368 325.072 76,71%
9 record 1 self-recorded 05:02  5.083.864 36 H.265 45.756  2.970.120 41,58%
10 record 2 self-recorded 02:13  2.250.640 36 H.265 17.859 1.171.024 47,97%
Table 10. H.265 Compression Results Using the ultrafast Preset and QP 26.
No Video Video Source Duzasl;ion (F)lrllegsllnzzl Quantization Ezi((i)fi(;r Igretggz F?lfsﬁgg Conllgg(s)sion
(Kbps) (KB) (Kbps)
1 crowd Website 00:13 6.688 26 H.265 1.492 11.936 -78,47%
2 parking Website 02:29 77.968 26 H.265 1.956 15.648 79,93%
3 pedestrian Website 00:14 57.544 26 H.265 2.485 19.880 65,45%
4 vipmen Matlab Library 00:09 128.464 26 H.265 257 2.056 98,40%
5 virat Website 00:24 41.008 26 H.265 1.740 13.920 66,06%
6 walking Website 00:09 11.192 26 H.265 1.382 11.056 1,22%
7 cetv_1 CCTV 05:28 434.920 26 H.265 15.191 121.528 72,06%
8 cctv 2 CCTV 17:25  1.395.504 26 H.265 45.087 360.696 74,15%
9 record 1 self-recorded 05:02  5.083.864 26 H.265 371.268 2.970.144 41,58%
10 record 2 self-recorded 02:13  2.250.640 26 H.265 161.218 1.289.744 42,69%
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Table 11. H.265 Compression Results Using CRF 36.

No Video Video Source Duzz;lon (lglrllfslllil CRF E\r;i:(ci:i(;r lgﬁetspilzlé gﬁetggte Conllgg(s)sion
(Kbps) (KB) (Kbps)
1 crowd Website 00:13 6.688 36 H.265 253 2.024 69,74%
2 parking Website 02:29 77.968 36 H.265 680 5.440 93,02%
3  pedestrian  Website 00:14 57.544 36 H.265 587 4.696 91,84%
4 vipmen Matlab Library 00:09 128.464 36 H.265 27 216 99,83%
5 virat Website 00:24 41.008 36 H.265 392 3.136 92,35%
6 walking Website 00:09 11.192 36 H.265 257 2.056 81,63%
7 cctv_ 1 CCTV 05:28 434.920 36 H.265 3.730 29.840 93,14%
8 cctv 2 CCTV 17:25 1.395.504 36 H.265 10.866 86.928 93,77%
9 record 1 self-recorded 05:02 5.083.864 36 H.265 30.760  246.080 95,16%
10 record 2 self-recorded 02:13 2.250.640 36 H.265 15.783  126.264 94,39%

For H.265 using the veryslow preset, QP 36 achieves an average compression ratio of approximately
89.45%, while QP 26 achieves approximately 57.01%. This result shows that QP 36 provides more aggressive
compression than QP 26. A higher compression ratio indicates that H.265 can reduce the bitstream size at higher
QP values.

The effect of encoding preset is also observed in the H.265 results. The veryslow preset generally provides
higher compression efficiency than the ultrafast preset because it allows more encoding optimization. This is
particularly important in bandwidth-limited surveillance applications, where reducing bitstream size may be more
important than minimizing encoding time. However, in scenarios requiring real-time encoding, the ultrafast
preset may still be useful despite its lower compression efficiency.

The H.265 CRF 36 configuration achieves an average compression ratio of 90.49%, making it one of the
strongest configurations for reducing file size. This suggests that CRF-based encoding can effectively reduce file
size while allowing the encoder to adjust compression based on the characteristics of the video content.

4.3 Comparison Between H.264 and H.265

The comparison between H.264 and H.265 shows that H.265 generally provides better compression
efficiency than H.264 under similar encoding configurations. This result is consistent with the technical
characteristics of H.265/HEVC, which uses more flexible block partitioning, improved prediction, and more
efficient coding tools compared with H.264/AVC.

Under the veryslow preset with QP 36, H.265 achieves an average compression ratio of approximately
89.45%, while H.264 achieves approximately 87.44%. This indicates that H.265 provides better compression
efficiency with the same QP and preset. The difference is also evident in several longer surveillance videos,
including CCTV and self-recorded footage, where H.265 tends to produce smaller bitstreams.

However, the results also show that the superiority of H.265 is not always uniform across all video samples
and configurations. Some videos show similar compression ratios between H.264 and H.265, while other videos
show larger differences. This indicates that compression performance is affected not only by the codec standard
but also by video content characteristics, duration, motion complexity, the original compression format, the QP
value, and the preset selection.

The comparison also shows that CRF-based encoding provides strong compression performance for both
standards. H.264 CRF 36 and H.265 CRF 36 achieve average compression ratios of approximately 90.43% and
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90.49%, respectively. This suggests that CRF-based encoding may be a practical alternative when adaptive bitrate
allocation is preferred over fixed QP-based encoding.

4.4 Effect of QP, Preset, and CRF on Compression Performance

The results confirm that the QP value is one of the most important factors affecting compression
performance. A higher QP value, such as QP 36, produces a smaller bitstream and a higher compression ratio
because more information is discarded during quantization. Conversely, QP 26 tends to preserve more visual
information but produces larger output files. Therefore, the selection of the QP value should consider the trade-
off between file-size reduction and visual quality preservation.

The encoding preset also affects compression performance. The veryslow preset generally produces better
compression ratios than the ultrafast preset because it performs more extensive encoding optimization. However,
this improvement comes at the cost of longer encoding time. For offline video storage or non-real-time
surveillance data processing, the veryslow preset may be more suitable. For real-time or low-latency applications,
the ultrafast preset may still be considered when encoding speed is more important than maximum compression
efficiency.

CRF-based encoding shows competitive performance compared with QP-based encoding. The CRF 36
setting achieves high compression ratios for both H.264 and H.265, indicating that CRF can effectively adapt
compression to content complexity. This makes CRF-based encoding useful when a balance between
compression efficiency and general visual quality is needed.

4.5 Practical Implications for Surveillance Video Analytics

The findings have practical implications for surveillance video analytics applications. In systems where
bandwidth efficiency and storage reduction are the main priorities, H.265 with QP 36 and the veryslow preset
can be considered an effective configuration, particularly for offline or non-real-time processing. This
configuration delivers strong compression performance and reduces the bitstream size.

For applications that require faster encoding, the ultrafast preset can be used, though it may yield lower
compression efficiency. Meanwhile, QP 26 may be more appropriate when preserving more visual information
is important, but it requires larger storage and bandwidth. CRF 36 can also be considered as an alternative
configuration because it provides strong compression performance across different video samples.

Overall, the results indicate that the compression configuration should be selected based on the surveillance
system's operational requirements. If the main priority is reducing bandwidth and storage usage, higher QP values
and H.265-based encoding are preferable. If visual quality preservation or real-time encoding is more important,
lower QP values or faster presets may be selected. Therefore, the choice of codec, QP value, preset, and CRF
setting should take into account the trade-offs among compression efficiency, visual quality, and processing
requirements.

5. Conclusion

This study evaluated the effect of QP values and encoding presets on the compression performance of H.264
and H.265 standards using surveillance video analytics datasets. The experiments were conducted on ten
surveillance-related videos with different characteristics by comparing QP-based encoding at QP 26 and QP 36,
two encoding presets, namely veryslow and ultrafast, and CRF-based encoding with a CRF value of 36.

The results show that the QP value influences the output file size, bitrate, and compression ratio. In general,
QP 36 produces smaller bitstream sizes and higher compression ratios than QP 26. This indicates that a higher
QP value can improve compression efficiency, although it may reduce the amount of visual information preserved
in the compressed video. Conversely, QP 26 tends to preserve more visual detail but produces larger output files.
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The comparison between H.264 and H.265 shows that H.265 generally achieves better compression
efficiency than H.264 under similar encoding configurations. This result is particularly relevant for surveillance
video analytics applications, where continuous video transmission can require substantial bandwidth and storage
resources. The results also indicate that the veryslow preset generally provides higher compression efficiency
than the ultrafast preset because it allows more extensive encoding optimization. However, the ultrafast preset
may still be useful in scenarios where encoding speed is more important than maximum compression efficiency.

Overall, the combination of H.265, QP 36, and the veryslow preset can be considered an effective
configuration for reducing bitstream size in bandwidth-limited surveillance video analytics applications. CRF-
based encoding with CRF 36 also shows competitive compression performance and can be considered as an
alternative configuration when adaptive bitrate allocation is required. Nevertheless, the choice of encoding
configuration should take into account the specific characteristics of the video content, available bandwidth,
storage constraints, and the required level of visual quality.

Future work should extend this evaluation by incorporating objective video quality metrics, such as PSNR,
SSIM, and VMAF, as well as video analytics performance metrics, such as object detection accuracy, precision,
recall, and mAP. Further studies may also include more recent video coding standards, such as VVC/H.266, and
evaluate the impact of compression settings on real-time video analytics systems.
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