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pl The work is focused on video compression for the scenarios, where the decoded video
"nstitute of Multimedia serves not only human viewers but also as input for systems implementing various
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Poland tool is based on retargeting video frames processed based on Regions of Interest (Rol),
?Tencent, Palo Alto, USA corresponding to the individual objects detected in the frames. Experimental evalu-

ation demonstrates significant average bitrate reduction while maintaining the same
quality, ranging from 3 to 57% depending on the machine vision task and encoding
scenario. The proposal underwent thorough consideration within the MPEG group
and was adopted for the upcoming Video Coding for Machines (VCM) technology.

1 Introduction

Traditional video coding standards, such as Advanced Video Coding (AVC), High-
Efficiency Video Coding (HEVC), or Versatile Video Coding (VVC) [1-6], are mainly
optimized for human perception. In today’s world, with the rapid development of
machine-processing algorithms, a significant share of video applications is ultimately
processed by machines [7, 8]. Therefore, there is a clear mismatch between the assumed
goals of using traditional video coding standards and the application requirements
defined by the need for machine vision processing. Such processing presents unique
challenges that traditional video coding standards cannot adequately address [7], and
thus there is an increasing need to redefine the approach to vision representation.

In real scenarios, the quality of video data can be affected by a variety of factors [8].
Inappropriate lighting conditions and too much or too little illumination can lead to
the loss of important details. The movement of objects and camera shake can result in
blurred content. The presence of noise and interference in the material, which can be the
result of equipment imperfections, weather conditions or interaction with the environ-
ment can introduce distortion. Varying camera perspectives or different viewing angles
can cause content distortion. These factors can challenge machines to accurately extract
relevant features for video analysis and understanding of video content.

Another source of quality degradation is compression artifacts. Research [9, 10] clearly
indicates that the compression process can significantly reduce the accuracy of various
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machine algorithms and tasks [8], especially at low data rates. Thus, image and video
coding presents significant challenges, requiring a balance to be struck between com-
pression efficiency and the necessary data quality to guarantee machine efficiency and
reliability in diverse applications, where compression quality requirements vary depend-
ing on the specific task or application.

The expectation of high performance of machine processing algorithms, dependent on
data quality, while maintaining the efficiency of traditional compression methods, cre-
ates a challenge that requires new insights into the representation of images and vid-
eos. These factors have sparked a growing interest in video coding research, especially
concerning scenarios, where the decoded data serves as input to machine vision tasks.
Hence the need to develop specialized coding tools, named Video Coding for Machine
(VCM), adapted to the requirements of machine vision processing (Fig. 1).

In this paper, we address the abovementioned need by proposing a new innovative
compression tool for VCM. The proposed tool employs retargeting of the video frames
that are processed based on the Regions of Interest (Rol), corresponding to the indi-
vidual objects detected in the frames.

2 State of the art

The approach to image and video compression optimized for machine vision multi-tasks
has gained academic attention in recent years [9, 11-15]. The solutions found in the lit-
erature focus on: extracting information about key points and transmitting this infor-
mation without compression [11], using compression methods optimized to preserve
object descriptors [9, 12], encoding common representations of features and textures
[13, 14], reducing signal energy before compression without impairing the ability to per-
form machine tasks after decoding [15], and usage of Regions of Interest (Rols).

Most of Rol-based video coding methods found in literature, e.g., [16—18], do not
relate to video coding for machines, but to optimization of human perceptual quality.
The main approaches are: usage of neural networks (e.g., [19]), quality control (e.g., [20,
21]) and image size resolution. In the first approach, Rols are used to construct neural-
network-based motion or texture models, e.g., as in [19], which is very loosely related to
the scope of VCM considered in this paper.

The second approach employs Rols for quality control or bit-allocation control. For
example, in work [16], a bit allocation scheme based on Rol was, particularly aimed
at conversational video encoding. Once the Rol regions are detected, various coding
parameters, such as QP, coding modes, the number of reference frames, motion vec-
tor accuracy, and motion estimation search range, are adaptively adjusted at the mac-
roblock (MB) level according to the importance of each MB and the target bit rate.
Alternatively, in the paper [17], the bit rate across different regions was adapted using
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Fig. 1 General architecture of video coding for machines (VCM)



Rézek et al. EURASIP Journal on Image and Video Processing ~ (2025) 2025:18 Page 3 of 17

a just-noticeable-difference (JND) model. Similarly, work [18] proposed a foveated
JND (FJND) model that integrates visual sensitivity and foveation characteristics of the
human visual system (HVS). This approach, although successful for human perception
optimization has one disadvantage: information about quality control, e.g., through
changes of QP values for each block/macroblock/CTU, has to be transmitted which
negatively impacts encoding performance [20]. An alternative approach can be found
in work [21], where a saliency map is employed for quality/bit-allocation control. This,
however, implies the need to transmit the saliency map to the decoder or infer it from
previous frames, which is a disadvantage. Nevertheless, none of the mentioned methods
have been applied in the context of VCM.

The third approach to the usage of Rols for video compression consists of the usage of
scaling or retargeting. Retargeting techniques generally involve removing certain areas
or applying non-uniform scaling to reduce the overall resolution while preserving the
integrity of key image regions. These methods can sometimes lead to exaggerated object
sizes and distorted distances, but the most problematic outcomes are unnatural artifacts
in the image. Since retargeting is primarily used for image presentation, research in this
area mainly focuses on minimizing these distortions. For example, work [22] decom-
poses images into objects and background. If the background does not fit the target size,
the areas originally occupied by objects are inpainted, and the background is scaled. The
objects are then reinserted, preserving their spatial arrangement. Objects may also be
scaled according to their importance if necessary. Both [22, 23] suggest that simple tech-
niques like image cropping work well when there is a single object or a concentrated
group of objects in the image, while uniform scaling is more effective for images with
relatively low bandwidth. A combination of these two methods, adapted for sequences,
was proposed by [24].

According to papers [23, 25], the main retargeting techniques beyond uniform scaling
or cropping include seam carving [26, 27], non-homogeneous warping [28], scale-and-
stretch [29, 30], multi-operator methods [31], and shift-map [32].

Recent work in retargeting has primarily focused on optimizing spatial and temporal
control, as seen in papers [33—35]. Current approaches often use convolutional neural
networks to select the best retargeting method for each image [36, 37], determine opti-
mal control for traditional retargeting methods [38—40], or directly retarget the image
[41-43].

The disadvantage of the abovementioned methods is that mostly they were proposed
for human perception purposes, sometimes for still images, and not for VCM. Moreover,
the mentioned techniques were tested in a variety of different conditions (still image/
video coding, different data sets, and different machine tasks for evaluation). In sum-
mary, this reduces the suitability of these methods for use in industrial, standardized
solutions.

3 MPEG video coding for machines

The need for a standardized solution for Video Coding for Machines has been recog-
nized by ISO/IEC MPEG. In July 2019, the MPEG Video Coding for Machines Ad-Hoc
group initiated the development of video coding standards tailored for "highly-effi-
cient video compression and representation for intelligent machine-vision or hybrid
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machine/human-vision applications" [44]. It should be noted that in 2021, also JPEG,
to be precise JPEG Al called for proposals of learning-based coding standards [45].
In 2021, the MPEG VCM has established initial requirements and use cases related
to various application areas, such as surveillance, intelligent transportation, smart
city, and smart industry, where increasing use of machine processing algorithms is
expected [46, 47]. These areas of use set the stage for developments, where special-
ized VCM codecs may have key applications. Very wide area of applications and the
complexity of the problem led experts to divide the VCM standardization process
into two independent tracks: first devoted to visual features compression approaches
and the second devoted to classical video compression methods improvement. In the
second track, Call for Proposals (CfP) was released in April 2022 [48], with updated
requirements and use cases. The CfP concluded in October 2022, yielded numerous
responses from prestigious research centers (Alibaba, Institute of Computing Tech-
nology, Chinese Academy of Sciences (CAS-ICT), China Telecom, Ericsson, Elec-
tronics and Telecommunications Research Institute (ETRI), Nokia, OP Solutions,
Tencent, V-Nova) and universities (City University of Hong Kong, China, Hong
Kong, Florida Atlantic University (FAU), USA, Konkuk University, Myongji Univer-
sity, Republic of Korea, Poznan University of Technology (PUT), Poland, Wuhan Uni-
versity, Zhejiang University, China [49]. The scientific and technical contributions
received led to the initiation of MPEG WG4 activity, where further technological and
scientific advancements are pursued through collaboration among researchers and
competition between proposed tools. Consequently, current research in this domain
revolves around the endeavors of the MPEG VCM group. Therefore, it can be claimed
that they represent the state-of-the-art in video coding for machines.

The current architecture of VCM (Fig. 2) includes several key components impor-
tant for adapting video content for machine-based applications [50]. These compo-
nents are spatial and temporal resampling, region of interest (Rol) encoding, and bit
depth truncation.
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Fig. 2 Current architecture of VCM, with the scope of this paper—Rol-based tools—outlined in red
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The spatial resampling reduces the resolution of video frames, striving to achieve a bal-
ance between minimizing bit rate and maintaining sufficient detail for effective machine
vision recognition. This step allows also to reduce the computational complexity of the
whole encoding process.

The temporal resampling modifies the video frame rate by skipping some frames in the
encoder and interpolating them in the decoder. In other words, the current encoder may
process every second, fourth, or eighth frame from the video sequence. On the decoder
side, missing frames are interpolated using dedicated neural networks.

The Region of Interest (Rol) coding prioritizes [51] areas in the video frame relevant
to machine-based tasks. This ensures that these areas are encoded with higher precision
compared to less relevant areas.

The Rol-based simplification technique adopted to MPEG VCM prior to this paper,
which serves as reference in the experiments has been introduced by work [52]. First, the
detection of objects is performed resulting in so-called bounding boxes (Rols). Second,
bounding boxes are enlarged by a 20-pixel margin. Next, overlapping boxes or boxes
that are close enough to each other are grouped. Finally, tracking of objects is involved
to ensure temporal consistency of Rols. Any information outside Rols, so-called back-
ground, is shaded in grey.

The last tool, the bit depth truncation, adaptively reduces the dynamic range of the
luma component samples, e.g., from 10 to 9 bits at the decoder side.

In the end, such processed image or video sequence is fed to the so-called Inner Codec,
which may be any video encoder. In this way, VCM aims to optimize video encoding for
machine-learning tasks by reducing redundant information at the encoding stage and
reconstructing it later in the decoding process. Therefore, the VCM architecture seeks
to optimize the efficiency of video encoding, with the hope of enabling efficient use in
machine vision processing tasks.

Of course, the VCM standardization process is still ongoing (August 2024), and the
so-called cooperation phase is in progress. Therefore, existing tools may be further opti-
mized and improved as well as new tools may be added to the described VCM structure.

4 The proposed technique
The idea of the proposed new technique for Video Coding for Machines is presented
in (Fig. 3). The core concept of the proposal is that content within Regions of Interest
(Rols) should be encoded with a high number of pixels, whereas the remaining regions
can be downsized and represented with fewer pixels to conserve bitrate. This objective
is attained by the usage of Rol detection and retargeting of the image prior to the encod-
ing, which alters the proportions between regions within the image to prioritize Rols.
Consequently, the size of the transmitted image (within the Inner Codec) is different
(smaller) than the original size of the input/output image. The original proportions are
restored by inverse retargeting in the decoder, which has access to the location of the
Rols, as their bounding boxes are transmitted in the bitstream as metadata (marked by
blue arrows in Fig. 1).

The overview of the proposed approach is described below, while the implementation
details are shown later in Sect. 5.
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Fig. 3 Idea of the proposed method. Distinctive blocks of the proposal (retargeting and simplification) are
outlined in red

+ Rol detection Regions of Interest are detected at the encoder side prior to the
other processing steps. Detection is accomplished using a neural network tailored
to the machine vision task to be performed at the decoder. The descriptions of
Rols consist mainly of bounding boxes, but for efficient encoder control, it may
also include identification of classes and/or measure of importance level. In gen-
eral, each Rol is, therefore, assigned a value indicating its spectral redundancy,

such as the scaling factor.

Therefore, let us define the scaling factor S,, representing the down-sampling ratio
that can be applied to a given Rol r without loss of important information.

« Simplification The regions in video frames are simplified according to their
importance represented by scaling factors S,. The high-importance Rols are left
intact (are not filtered), whereas the regions that are not of interest (outside of
Rols, e.g., background) are low-pass filtered. Regions of negligible importance
(e.g., areas of background on peripherals of the image) can be entirely discarded,
such as being grayed out. Such a graying-out technique is characteristic of the
Rol-based tool currently adopted in VIM [52].

This simplification allows Rols to be encoded with a higher bitrate (as compared
to other regions) and results in improved quality in the decoded video. As a
result, it generally enhances the precision of machine vision tasks performed on
the decoded video.
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+ Retargeting The proportions of the regions within the image are adjusted depend-
ing on their importance and scaling factors S,. High-importance Rols are allocated
a higher number of pixels, while regions that are not of interest (outside Rols) are
allocated fewer pixels. This adjustment is carried out using a rectangular retargeting
grid, created based on the bounding boxes of Rols, as described below. This grid is
used to perform retargeting at the encoder, and inverse retargeting at the decoder.

The retargeting grid is constructed in the exactly same manner in the encoder and
in the decoder, on the basis of the positions of Rol bounding boxes, in the following

steps (Fig. 4):

1. All edges of the Rol bounding boxes are used to instantiate horizontal and vertical
lines, which split the area of the original (input) image into fields demarcated by a
rectangular grid (in the coordinate space of the original image).

2. Each field inside the retargeting grid, located at position «,y, is assigned with the
scaling factor FSy, equal to the scaling factor S, corresponding to Rol ¢, collocated
to position x, y. In the case of overlapping of Rols, a smaller value is taken (1):

FSx’}’ = min,. {colocatedtox,y} (Se) (1)

3. For each column x of fields in the retargeting grid, the minimal column scaling factor
CSy is found (2):

CSx = min, (FSx,y) (2)

4. For each row y of fields in the retargeting grid, the minimal row scaling factor RS}, is

found as follows (3):
RSy = min, (FSx,y) (3)

5. 5. Each field inside retargeting grid, at position w,y, is scaled down, according to
CS, (horizontally) and RS, (vertically). This yields grid coordinates in the retargeted

image.
CSx. 5 1 5 2 5
RSy 1) ot
5 «—[5] 5 5 5 5
Rol #2
Rol#1  Su=2 2 «— |5 5 5 2 5
Sr=1
l:> 1 < |5 1 5 2 5
Rol #0 Retargetin Retargetin
ﬁ (Background) gl’gid 9 1T+ 5 ! 5 5 5 9 9
Sw=5 construction 5 <— [5 5 5 5 5
Original image: Retargeting grid Retargeting grid
~ Rol descripion (coordinates in the (coordinates in the
(bounding boxes + scaling factors) original image) retargeted image)

Fig. 4 Construction of the retargeting grid, on the example of a simple image with two Rols (Rol #1, #2) and
a background (Rol #0), assigned with exemplary scaling factors: Sygo = 5, S¢1 = 1,and Sy = 2
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Correspondence of the field coordinates (in the original and in the retargeted image)
is used to perform image retargeting and inverse retargeting. It can be noted that this

involves solely scaling of rectangular regions, which is a simple affine transformation.

5 Implementation

For the sake of experimental verification, the idea of the proposal has been implemented
in Video Coding for Machines Reference Software (VCM-RS) [53]. In particular, imple-
mentation has been done on top of the existing Rol-based tool [52], which involves Rol
detection and graying-out of background regions. To provide a fair evaluation of the
gains of the proposal, the already existing processing steps have been left unchanged. In

particular:

+ Rol detection. The same neural networks as in the reference technique [52] are used
by default, i.e., YOLO [54] for object tracking, and Detectron2 (Faster R-CNN) [55]
for object tracking. In the results section, we also present alternative results with
exchanged (alternative) detection networks.

+ Rol accumulation. Inside a particular group of pictures (GOP), detected objects are
accumulated in time to create regions of interest that are broader and more consist-
ent in time (Fig. 5).

Because the VCM framework does not include object class indication or level of
importance of detected Rols, in the current version of the tool, all Rol are assigned with
scale factors S, = 1.

+ All already adopted VCM techniques and tools enabled, e.g., temporal resampling
and bit truncation tool.
+ VVC [3, 4] was used as the Inner Codec.

An example of performed processing is illustrated in Fig. 6. Simplification is performed
over closed areas, found between accumulated Rol regions. Therefore, the closing opera-
tion can occur between any Rols detected in any frames within the accumulation period,
e.g., Rols related to the same object but in different frames, or between different objects.
Closing is done for the maximal distance of 160 pixels, which is attained with a closing
filter (dilation followed by erosion) with a rectangular kernel of the size of 321 pixels. For
simplification, a simple low-pass FIR filter is used, with 25 coefficients and a normalized
bandwidth of B = 0.01, designed using the Lanchos approximation [56].

Closing of areas between
Rols for simplification Object #2 Object #2
Object #1 in frame 0 Object #2 Object #2 in frame N
Object #1 Object #1 in frame N | in frame 1 in frame 2
Object #1 in frame 1 in frame 2 :
in frame 0 \ \
X ‘L® ° [ Green:
[ ] Accumulated
Blue: Region
Accumulated of Interest
Region ane #2

of Interest
#1

Fig. 5 Rol accumulation and closing for the area of simplification
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a) Original frame
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Fig. 6 Exemplary image from TVD-01_1 video. The images are aligned so that Rols are located as in the
original image: a original frame, b reference [52] method, ¢ proposed: simplified image, and d proposed:
image retargeted from the original resolution 1920 x 1080 to 1920 x 448

In general, each Rol class can have a specified optimal size for representation, e.g.,
allowing high performance in machine vision tasks. This size differs per class, e.g., more
pixels are required to detect a cat (complex fur) than a hippo (smooth skin). If the size
of the detected Rol is greater than the optimal size for representation for a given class,
its resolution can be reduced seamlessly. In the current implementation, however, all
Rols are initially assigned with scale factor S, = 1, which corresponds to the original
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resolution of Rol. This, however, is further modified by image resolution adjustment as
described below.

In the current implementation of the encoder, the retargeting possibilities are analyzed
independently for each “accumulation period’, which corresponds to the intra period (to
meet Random Access requirements). Therefore, for each such period of frames, different
retargeted resolution is found. To encode the whole video sequence using a common
retargeted resolution, the biggest retargeted resolution is found among all “accumulation
periods” In addition, this resolution is aligned (rounded up) to 64 X 64, which is the CTU
size used in the Inner Codec. Nevertheless, the common retargeted resolution is limited
not to exceed the original resolution. Because the common retargeted resolution may be
bigger than a particular retargeted resolution for a particular accumulation/intra-period,
the retargeting grid is adjusted (scaled) to fit the common retargeted resolution.

In the example presented in Fig. 6, the resolution of the original sequence 1920 x 1080
was retargeted to 1920 448. This yields in significant reduction (more than 50%) of the
number of pixels that are processed by the Inner Codec (Figs. 1, 3), which, as an addi-
tional benefit of the proposal, may lead to a proportional reduction of computational
complexity of the encoder and the decoder.

6 Experiments/evaluation

6.1 Evaluation data sets

The presented method, as well as all the others applied for Video Coding for Machines
(VTM), is required to be evaluated according to Common Test Conditions (CTC) [57].
The CTC precisely defines conditions, steps, and restrictions for evaluation within
VCM by accurate definition of the testing environment (evaluation pipeline) and
rules for comparison with the anchor technique. This detailed procedure outcomes in
the consistent evaluation of the tested method for two machine learning tasks: object
detection/segmentation and tracking. The CTC restricts the use of certain models for
each machine task. In the object detection task, the Faster R-CNN [55] X101-FPN is
employed, which is a part of Detectron 2 [58] developed by Facebook AI Research. For
the tracking machine task, the JDE-1088 X 608 [59] network is employed.

Evaluation of our method, according to CTC, was performed in three configurations:
all-intra (Al), random access (RA), and low delay (LD). Each configuration aims to test
the method in different aspects that are important in video coding for machines. The Al
configuration, based only on the currently processed frame, is dedicated to the use case,
where the video sequence must be processed rapidly. It is important to mention that it is
the only scenario, where task performance may be evaluated on images. The evaluation
in the RA configuration is meant to check the method in situations, where the focus is
put on quick access to the encoded frame. The LD configuration is designed to investi-
gate the method’s efficiency when latency restrictions are imposed on coding.

The CTC precisely defines the data sets that should be used in the evaluation of each
machine-learning task. In Table 1, we presented a brief description of data sets. The
CTC defines two mandatory data sets for evaluation: the SFU-HW-objects-v1l (SFU)
[60] data set and the tencent video data set (TVD) [61]. The first data set is composed of
sequences known from previous MPEG standardization groups: JVC-VC and JVET. The
SFU data set contains 14 sequences, each assigned to classes {A, B, C, D, O} based on
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Table 1 Data sets used in the evaluation, according to CTC [57]

Data set name Class Number of Resolution Frame rate Bit depth Machine task
sequences
SFU [60] A 1 2560 1600 30 8 Object detec-
B 4 19201080 24,500160 8 Egg/ segmenta-
C 4 832x480 30,50 or 60 8
D) 4 416 % 240 30, 50 or 60 8
O 1 1920% 1080 24 8
TVD [61] - 7 1920 1080 50 8or10 Object tracking

resolution. The O class (1 sequence) is not mandatory in evaluation. One should men-
tion that the frame rate of sequences within SFU is not the same. The second mandatory
data set, the TVD, consists of 3 sequences in 1920 x 1080 resolution divided into 7 parts:
TVD1-01 to TVD-03-3 (Table 3). Each sequence has a frame rate of 50, but the bit depth
differs.

For each sequence, the CTC precisely indicates the number of frames to be encoded
and six Quantization Parameters (QPs). In addition, the evaluation process should be
performed on specified sequence fragments. The encoding should be done on sequences
in YUV420p format. For the TVD data set, the conversion should be performed using
ffmpeg software [62].

6.2 Evaluation metrics

In VCM, traditional quality assessments have given way to novel evaluation metrics
designed to measure the efficiency of encoding and decoding techniques for machine
tasks. The mean Average Precision (mAP) serves as a key metric for assessing how well
an object detection algorithm can pinpoint and correctly label various objects, focusing
on its success rate and accuracy [63]. Meanwhile, the Multiple Object Tracking Accuracy
(MOTA) metric evaluates the effectiveness of tracking algorithms in consistently recog-
nizing the same objects over successive frames, taking into account challenges such as
overlooked detections, incorrect positives, and errors in object identification [64].

The Bjontegaard Delta rate (BD-rate) model, a benchmark for evaluating coding effi-
ciency, has significantly influenced the evolution of image and video coding standards
across key standardization bodies, including the Joint Photographic Experts Group
(JPEG), the Moving Picture Experts Group (MPEG), and the Video Coding Experts
Group (VCEG). Initially introduced in 2001 [65] and subsequently refined [66], the BD-
rate model has undergone enhancements to address complex coding scenarios [67]. The
most recent iteration [68] introduces capabilities for analyzing beyond four operating
points and specifies calculations within determined ranges. Given that the performance
measured in machine tasks is no longer PSNR but mAP and MOTA, we have substituted
mAP and MOTA for PSNR in calculating the BD-rate.

A long-standing issue that has been raised during the VCM investigation relates to the
non-monotonic behavior of these R-D data. It is observed that the metric values used by
VCM in terms of mAP and MOTA are relatively noisy.

The noise of metric values boils down to several major aspects: (1) measurement error
due to limited accuracy of the object detection or object tracking methods used in the



Rézek et al. EURASIP Journal on Image and Video Processing ~ (2025) 2025:18 Page 12 of 17

VCM framework, (2) cross-platform discrepancy of machine task results, which may
happen for the same implementation and bit-exact bitstream, due to different hardware
architectures or floating-point precision, and (3) the intrinsic averaging mechanism per-
formed in mAP and MOTA calculations.

During the exploration of Video Coding for Machines (VCM), a recurrent challenge
has been the non-linear response observed in Rate-Distortion (R-D) data, particularly
manifested through the variability in mAP and MOTA metrics. This variability, or
"noise," in the metrics can be attributed to several key factors:

1. Errors in measurement stemming from the inherent limitations in the accuracy of
object detection and tracking methodologies within the VCM framework;

2. Disparities in machine task outcomes across different platforms, even with identical
implementation and bitstream, attributable to variations in hardware architecture or
floating-point computation precision; and

3. The fundamental nature of the averaging processes employed in calculating mAP and
MOTA metrics. These elements collectively contribute to the observed fluctuations,
underlining the complexity of accurately assessing performance within the VCM
paradigm.

Aligned with the VCM CTC guidelines, we've employed a curve-fitting technique to
manage the irregularities observed in metric values across different scenarios. Opting
for a cubic polynomial function offers the adaptability needed to accurately represent
the R-D curve, particularly in the mid to high-quality spectrums, described as (4):

f(x) =a+bx+ cx* + dx® (4)

where a, b, ¢, and d signify the coefficients of the cubic equation. To refine the curve’s
alignment with R-D characteristics specific to machine tasks, we've imposed additional
conditions. We ensure the curve’s first derivative is non-negative to maintain a mono-
tonically increasing trend. Moreover, by setting the second derivative to be non-positive,
we preserve the function’s concavity, allowing it to smoothly transition between linear
and saturated regions. This tailored curve-fitting method has been applied to all our
data, resulting in a recalibrated data set.

6.3 Coding performance

In this section, we presented the evaluation of our method according to the procedure
described in CTC. For the default configuration of Rol detection, we have used the same
neural networks as in the reference technique [52], i.e., YOLO [54] for object tracking,
and Detectron2 (Faster R-CNN) [55] for object tracking. For the sake of completeness of
the results, we also present results for the alternative configuration, where the Rol detec-
tion networks are exchanged.

First, we collated results for the object detection task in the default configuration,
where Faster R-CNN is used, for all encoding scenarios. In Table 2, we presented results
for bitrate reduction (BD-RATE) while preserving the same (constant) mAP qual-
ity. Please note that the highlighted “All” row, reports BD-Rate results averaged for all
individual sequences in the data set, and not the mathematical average over presented
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Table 2 Object detection task—comparison of Bitrate Reduction (BD-Rate), for All Intra (Al), Low
Delay (LD) and Random Access (RA) Scenarios, and different Rol detection networks Faster R-CNN
[55] X101-FPN and Detectron2 [58]

Case End-to-end BD-rate [%] over mAP

Faster R-CNN (default as in [52] and [57]) Detectron 2 (alternative)

Al LD RA Al LD RA
Class A —18.00 -957 —2941 —1243 -732 -22.74
Class B —26.32 349 —-10.99 —-1393 —-0.66 —-543
Class C —2234 —-648 —4.84 -12.64 —258 -333
Class D —-10.02 —-6.15 561 —4.55 -2.75 243
All -19.44 -3.55 -5.41 -10.59 -3.13 -2.33
Class O (not man- —-2191 1.76 —-20.82 —19.88 243 —17.55
datory)

Table 3 Object tracking task—comparison of Bitrate Reduction (BD-Rate), for All Intra (Al), Low
Delay (LD) and Random Access (RA) Scenarios, and different Rol detection networks: Detectron2 [58]
and Faster R-CNN [55] X101-FPN

Case End-to-End BD-Rate [%] over MOTA

Detectron 2 (default as in [52] and [57]) Faster R-CNN (alternative)

Al LD RA Al LD RA
TVD-01-1 —-61.77 —32.36 —57.58 —47.66 —28.53 —55.08
TVD-01-2 —65.02 —-14.19 —37.51 —5431 —-8.89 —-30.13
TVD-01-3 —85.80 -31.16 —59.10 —69.64 —27.85 -51.97
TVD-02-1 —33.09 16.81 1715 -31.06 21.52 24.53
TVD-03-1 —50.64 —6.31 —-8.22 —36.85 -478 262
TVD-03-2 —-42.20 —2.81 —-17.83 —38.99 -0.17 —11.53
TVD-03-3 —-60.93 —-8.74 —-20.86 —47.37 -8.14 —-18.29
All -57.06 -11.25 —26.28 —46.63 -8.12 —-19.98

class-wise BD-Rate results. In the All Intra (AI) encoding scenario our method yields the
best results of a 19.44% bitrate reduction (over constant mAP) for the average calculated
over all sequences. In this scenario, we report improvement versus the anchor method
for all data set classes. In configurations, where Inter-coding is utilized—Random Access
(RA) and Low Delay (LD) our method still delivers improvements. Results in the RA
configuration evaluation, averaged over all sequences, indicate a 5.41% bitrate reduction
(over constant mAP). For the LD scenario, a 3.55 bitrate reduction over const mAP was
observed. Analysis of class-specific results showed, that in two cases (the LD in class B
and the RA in class D) our method reported worse results, but they do not exceed a 6%
bitrate (over constant mAP).

It can be seen that usage of the alternative network for Rol detection for the object
detection task (Detectron 2) yields considerably worse results. This can be explained by
the mismatch between the detection network and the machine task in the decoder.

The evaluation results for the object tracking machine task are provided in Table 3.
The results are presented as bitrate reduction BD-RATE over the same task perfor-

mance, expressed as MOTA.
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Similarly, as before, the best results are observed in the default Rol detection network
configuration, which for the object tracking task is Detectron 2. Here we observe even
bigger improvements in efficiency compared to anchor. In the Al scenario, our method
reported a 57.05% smaller bitrate on average (over all sequences) for the same object
tracking result. What is more, in the rest of the CTC configuration we observe improve-
ments too. Evaluation in the RA scenario demonstrated an average 26.28% reduction
bitrate (over constant MOTA). The smallest improvements are delivered in the LD con-
figuration, where usage of our method benefits with 11.25% bitstream reduction (over
preserved MOTA quality) on average over all sequences. Here we note that only one
sequence: TVD-02-1 was found as encoded worse than the anchor.

Similarly, as in the case of object detection, usage of the alternative Rol detection net-
work also brings slight deficiency. In the case of the object detection task, the alternative
Rol detection network is Detectron 2. Just as before, this can be explained by the mis-
match between the detection network and the machine task in the decoder.

In Tables 2 and 3, it can be observed that the coding efficiency on different classes var-
ies significantly, especially for LD and RA scenarios. For example, in the case of object
detection, Table 2, default Rol detection network, for the LD scenario BD-Rates vary
between —9.57% gain to 3.59% loss. In the RA scenario BD-Rates vary between —29.41%
gain to 5.61% loss. Similarly, in Table 3, object tracking machine task, default Rol detec-
tion network, for the LD scenario BD-Rates vary between —32.36% gain to 16.81% loss,
and in the RA scenario: between —59.10% gain to 17.15% loss. This can be attributed to
the high dependence of the proposed method on the distribution of Regions of Inter-
est in the video. Because the retargeting is performed in a rectangular grid, particular
unfortunate placement of objects may disallow efficient stretching of Rol areas, thus dis-
abling compression gain while still having cost related to signalling of Rols. This could
be investigated in our future research, where we intend to propose a more efficient Rol
detection and optimization algorithm.

7 Conclusions

This paper describes the retargeting coding tool [69] that was proposed and accepted
for the prospective ISO/IEC international standard for Video Coding for machines. The
tool has evolved from the Rol-based preprocessing and retargeting tools proposed origi-
nally as a response to CfP by Poznan University of Technology [70, 71]. This tool has
been later redesigned, improved and merged with ideas and implementations already
adopted to VCM-RS, provided by the other participants in the VCM group, i.e., ETRI
and Myongji University [50].

Extensive experimental validation was performed both by the authors and the cross-
checkers from the MPEG VCM experts group [72-74]. The provided results demon-
strated that the respective extension of the VCM Test Model resulted in a significant
improvement in coding performance. For most cases, average BD-Rate bitrate reduc-
tions of 3—57% have been calculated using the monotonic RD curves derived from the
curve fitting method specified in the CTC, i.e., these bitrate reductions are demonstrated
by keeping roughly unchanged the average mean precision of object detection and track-
ing. The thoughtful consideration within the MPEG group resulted in the adoption of
the proposed tool for the upcoming VCM video coding technology.
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In addition, due to the reduced size of the frames encoded by the Inner Codec, the
encoding and decoding times are vastly reduced. We avoid citations of the exact num-
bers for these reductions as the time measurement methodology settled within the VCM
group is very vulnerable to the computing environment. Further works are planned with
the aim of increasing the flexibility and coding efficiency of the tool by allowing more
specific values of the retargeting ratios.
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