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Abstract
Machine visual intelligence has exploded in recent years. Large-scale, high-quality image and video datasets significantly
empower learning-based machine vision models, especially deep-learning models. However, images and videos are usually
compressed before being analyzed in practical situations where transmission or storage is limited, leading to a noticeable
performance loss of vision models. In this work, we broadly investigate the impact on the performance of machine vision from
image and video coding. Based on the investigation, we propose Just Recognizable Distortion (JRD) to present the maximum
distortion caused by data compression that will reduce the machine vision model performance to an unacceptable level. A
large-scale JRD-annotated dataset containing over 340,000 images is built for various machine vision tasks, where the factors
for different JRDs are studied. Furthermore, an ensemble-learning-based framework is established to predict the JRDs for
diverse vision tasks under few- and non-reference conditions, which consists of multiple binary classifiers to improve the
prediction accuracy. Experiments prove the effectiveness of the proposed JRD-guided image and video coding to significantly
improve compression and machine vision performance. Applying predicted JRD is able to achieve remarkably better machine
vision task accuracy and save a large number of bits.

Keywords Image and video coding · Machine vision · Deep learning · Just noticeable distortion

1 Introduction

Human beings enjoy high quality images and videos. In order
to retrieve the best visual quality, the original images caught
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from camera lens or created by professional tools should be
directly delivered to consumers without losing any signals.
But in the real world, due to limitations on transmission or
storage, the pristine images and videos usually need to be
compressed before spread. Since there are enormous spa-
tial, temporal and entropic redundancies in original signals,
it is possible to compress images and videos without influ-
encing visual quality significantly. Numerous methods have
been proposed to compress images and videos effectively
and efficiently. These techniques are further collected and
unified to establish several coding standards, such as JPEG
2K (Skodras et al. 2001), AVC (Wiegand et al. 2003), HEVC
(Sullivan et al. 2012), VVC (Bross et al. 2018), AV1 (Chen
et al. 2018) and AVS3 (Zhang et al. 2019).

Despite only being viewed by humans, a trend that more
images and videos are used for machine visual analysis has
been witnessed in recent years. Unlike the human visual
system (HVS), machines are usually more interested in the
semantic information of an image rather than textures and
details, because they are expected to understand the content
rather than just viewing it. The information and knowledge
of an image are able to be revealed by some high-level image
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features, which can be extracted precisely using the modern
deep-learning techniques, more specifically, convolutional
neural networks (CNN). Therefore, CNN-based machine
vision models have dominated many important visual tasks,
such as image classification andobject detection, even exceed
human beings on the performance.

Because of the effectiveness to extract representative and
distinguishable image features, several CNNs are applied
as the backbone structure to support higher-level machine
vision tasks, such as VGG (Simonyan and Zisserman 2014),
ResNet (He et al. 2016), DenseNet (Huang et al. 2017a),
ResNeXt (Xie et al. 2017) and EfficientNet (Tan and Le
2019). However, most of these models are trained on high-
quality image datasets like ImageNet (Deng et al. 2009) and
MS COCO (Lin et al. 2014). When the image is compressed,
the content can be changed in texture and structure, leading
to possible semantic information variation or even loss, from
which theCNNsmay suffer.More unfortunately, themajority
of the leading image and video coding frameworks and stan-
dards are developed to minimize signal-level loss between
pristine and distorted data, which contributes to improving
visual quality for humans, yet lacks optimizations specifi-
cally for machines to better understand the contents.

In lower bandwidth or smaller storage environments
where higher levels of image and video compression are
required, the decrease of machine vision performance can
be non-negligible or even unacceptable, while the subjective
image quality can still maintain. The reason for the relatively
stable visual quality is that theHVS cannot notice some small
differences between clean images and their distorted vari-
ants. To take advantage of the perceptional redundancy, the
Just Noticeable Distortion (JND) model for image and video
coding has been proposed (Jayant et al. 1993; Chou and Li
1995; Yang et al. 2005), which suggests a theoretically per-
fect compression strategy that can reduce the coding cost as
much as possible without bringing any visual loss.

In recent years, several JND-annotated datasets have been
released, which provides a large quantity of labeled data that
can be used to train machine-learning-based JND predictors.
The predicted JNDs can then be adopted as the reference to
select appropriate encoding parameters for sufficiently good
image qualitywith the fewest possible bits cost. Furthermore,
many models and methods have been proposed to enhance
the power and scalability of JND, such as introducing multi-
ple JND points and modeling the satisfied-user-ratio (SUR)
curve.

Considering the similarity between HVS and deep neural
networks (Yamins and DiCarlo 2016; Schrimpf et al. 2018),
it is possible that a JND-liked model can be built for image
and video coding for machines, which inspires our work in
this paper. Our goal is to develop a new method to optimize
existing image and video coding frameworks for machine
vision tasks by utilizing the machine JND after verifying its

existence. The main contributions of our work are summa-
rized as follows:

– Comprehensive experiments are designed and performed
for various machine vision tasks on several widely-used
datasets to investigate the influence on machine vision
performance caused by image and video coding, which
also demonstrates the existence of JND for machine
vision.

– Anewconcept called JustRecognizableDistortion (JRD)
is proposed to present the maximum distortion caused by
image and video coding that will not reduce the machine
vision models‘ performance to an unacceptable level. A
large-scale JRD-annotated dataset containing over 340,
000 images is built for further researches and applica-
tions, and the factors of JRD are analyzed. Applying JRD
for image and video coding is proven to be effective at
achieving superiormachine vision performance under the
same level of bits.

– An ensemble-learning-based framework is established to
predict the image JRD for various visual tasks under
few- and non-reference conditions where only the pris-
tine image and a few or even no distorted images are
available. The predicted JRDs from the framework can
be used to optimize image and video coding to save mas-
sive bits while still keep the same level of machine vision
performance according to the experiments.

The rest of the paper is organized as follows. Section 2will
present some related works, such as image and video coding
for machines and JND modeling. Section 3 will study the
performance of various machine vision models for different
tasks on distorted images. Section 4will describe the concept
of JRD and the proposed dataset. Section 5 will firstly intro-
duce the proposed JRD prediction framework, then prove
the effectiveness of predicted JRDs to optimize image and
video coding for machine vision. Finally Sect. 6 concludes
the paper.

2 RelatedWork

2.1 Machine Vision on LowQuality Images

Several works have proved that image and video qual-
ity can affect machine vision models significantly. Dodge
and Karam add diverse distortions to ImageNet, includ-
ing blur, noise, contrast and JPEG compression, to evaluate
CNN-based image classification models on distorted images
(Dodge and Karam 2016). They also design some exper-
iments to compare machines with humans on identifying
low-quality images (Dodge and Karam 2017). According to
their report, machines suffer from image quality decrease
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muchmore than humans, even if they were fine-tuned on dis-
torted images. Geirhos et al. reveal the poor generalization
ability of machine vision models among various distortions
(Geirhos et al. 2018). Su et al. find that tiny distortion is
also possible to fool the most powerful CNNs, like modi-
fying only one pixel in the pristine image (Su et al. 2019).
Recently, Aqqa et al. examine the performance of several
object detection models on videos that are compressed into
different quality levels (Aqqa et al. 2019). These studies
demonstrate that machine vision models perform ineffec-
tively on distorted data, but the impact from image and video
compression has not been investigated thoroughly.

2.2 Coding for Machine Vision

There are two major coding schemes for machine vision,
which are compress-then-analyze (CTA) and analyze-then-
compress (ATC). In the CTA scheme, images and videos are
compressed and delivered to end applicationswheremachine
vision models have to extract features from decompressed
and distorted data. While in the ATC scheme, only the visual
features extracted from the pristine images and videos are
encoded and transferred, and after decoding these features
can be used directly by task-specific models.

To optimize coding for machine vision under the CTA
scheme, a few methods have been proposed. Liu et al. train a
simple classifier to predict whether the distorted images can
be analyzed correctly under a specific compression level to
adjust encoding parameters (Liu et al. 2017). Shi et al. use
a deep reinforcement learning model to select more appro-
priate encoding parameters for image areas that might be
important for machine vision models (Shi and Chen 2020).
Nevertheless, the performance increase from these methods
is not impressive enough and the computations aremore com-
plicated than expected.

In most situations, ATC outperforms CTA for machine
vision tasks under the same coding cost (Redondi et al.
2016). Therefore, several coding standards have been estab-
lished for the ATC scheme. Targeting visual analysis on still
images,MPEGCDVS standardizes features extraction, com-
pression, representation and evaluation techniques to form
a unified feature coding framework (Duan et al. 2015). Its
successor, MPEG CDVA extends the framework for video
analysis by utilizing the temporal redundancy in neighboring
video frames and importing CNN features as a complement
to handcrafted features for better task performance (Duan
et al. 2018). A recent study further enhances the effective-
ness and generalization capability for deep feature coding
by compressing intermediate-layer CNN features rather than
ultimate layers (Chen et al. 2019). And the application sce-
nario of ATC has also been discussed (Lou et al. 2019).

ATC is usually adopted along with CTA to convey not
only features to machines but also images to humans. Zhang

et al. propose the joint compression framework for both
features and visual contents, where the two coding perfor-
mances can be improved by each other (Zhang et al. 2016).
Li et al. study the joint rate-distortion optimization prob-
lem under this framework (Li et al. 2018). Wang et al. use
the high-quality decoded features to help reconstruct face
images, simultaneously increasing image visual quality and
face recognition accuracy (Wang et al. 2020). An overview
of joint feature and texture coding framework is provided by
(Ma et al. 2018), where the advantages of ATC-CTA fusion
are demonstrated.

Although ATC can achieve excellent machine vision task
performance with very few bits usage, it requires both the
encoder and decoder side to upgrade for the feature coding
scheme. Moreover, when the visual content is still essential,
the feature processing of ATC will cost extra computing and
network resources.

2.3 JND and Its Prediction

Picture-Wise JustNoticeableDistortion (PW-JND) describes
themaximum distortion of an image that cannot be perceived
by humans. A perfect PW-JND model is able to guide image
and video coding to achieve the optimal balance between
visual quality and coding cost. The existence of PW-JND
on compressed images is firstly confirmed by (Lin et al.
2015). After that, several JND datasets have been released.
For example, Jin et al. build the MCL-JCI dataset to anno-
tate JNDs for images (Jin et al. 2016), and Wang et al. build
the MCL-JCV dataset for videos (Wang et al. 2016). Both
MCL-JCI and MCL-JCV are small-scale datasets that only
contain 50 images and 30 videos respectively, but they can
still be used as benchmark datasets for JND-related studies.
Subsequently, a large-scale JND dataset, VideoSet, is estab-
lished by academic and industrial organizations together
after extensive subjective experiments, which contains 880
videos and their corresponding JNDs as well as SUR mod-
els (Wang et al. 2017). The VideoSet significantly empowers
researchers to study themodeling, prediction and application
for JND as well as SUR.

In order to use PW-JND as a reference to optimize image
and video coding, the JND of a specific image should be pre-
dicted in advance. Huang et al. extract temporal and spatial
features from pristine images to train a support vector regres-
sion (SVR) model to predict JNDs (Huang et al. 2017b).
Wang et al. use quality degradation and masking features to
increase the prediction accuracy for the first JND (Wang et al.
2018a), and they further extend this model to predict the sec-
ond and third JNDs inVideoSet (Wang et al. 2018b). Zhang et
al. propose to import saliency distribution and bit-rate change
features to predict SURs, and they also investigate how to
accelerate the JND and SUR prediction for practical appli-
cations (Zhang et al. 2020).

123



2892 International Journal of Computer Vision (2021) 129:2889–2906

Deep-learning-based JND prediction methods have also
been explored. Fan et al. predict SUR by training a CNN
regression model with both pristine and distorted images as
the inputs (Fan et al. 2019). Liu et al. propose a shared-
weights neural network structure to estimatewhether humans
can notice the difference between two images, and search
the correct JND with a sliding-window algorithm (Liu et al.
2019). Lin et al. fuse CNN features from different network
layers to improve features representation capability, leading
to more accurate JND prediction results (Lin et al. 2020).

Currently, JNDmodels are only for human visual systems.
And the effectiveness as well as efficiency of JND prediction
models should be further improved.

3 Machine Vision on Compressed Images

In this section, we will study how image and video compres-
sion influence the performance of machine vision. A list of
tasks, datasets and models are selected to make a compre-
hensive survey.

3.1 Image Classification

Image classification is the most fundamental machine vision
task since class information plays an important role for the
machine to understand an image or video. A classification
model usually consists of two parts, a feature extractor and
a classifier. The former is responsible to extract high-level,
representative and distinguishable features from images. The
latter can then use these features to categorize corresponding
input images. The performance variation of a classification
model under different levels of input image compression can
reflect the robustness of the feature extractor when facing
distorted images.

The experiments in this sub-section will be performed
on two famous datasets, PASCAL VOC (Everingham et al.
2010) and MS COCO. These datasets are built not only
for image classification but several other machine vision
tasks such as object detection and semantic segmentation.
Hence, one image may contain multiple objects in different
categories. Besides, images in these datasets are retrieved
and collected from the Internet so they have already been
compressed. As a result, they may have diverse contents,
resolutions and quality levels. Even though, both VOC and
COCO provide a large number of object images and their
category annotations, which are sufficient for training and
evaluating classification models. Considering the fact that
they are widely used in common machine vision researches,
it is reasonable to make a hypothesis that the major part
of images in these datasets only have negligible distortions
introduced by image compression. This hypothesis will also
be proved by experiments in this section later.

Table 1 Image classification performance in top-1 accuracy ofVGG-19
and ResNet-101 on VOC and COCO datasets

Dataset Model

VGG-19 ResNet-101

VOC 07+12 trainval 0.9857 0.9998

VOC 07 test 0.9029 0.9418

COCO train2017 0.9217 0.9464

COCO val2017 0.9219 0.9452

Similar to the selection of datasets, we choose two
well-known models, VGG-19 and ResNet-101, to test their
performance on compressed images. In our experiments,
we use the weights pre-trained on ImageNet to initialize
these two models and fine-tune them on VOC 07+12 trainval
dataset to output 20 object categories. The performances of
the trained models measured by top-1 classification accuracy
are presented in Table 1, which indicates that both VGG and
ResNet are very powerful to categorize these high-quality
images. We provide training, valid and test results here for a
more comprehensive survey.

In this paper, without loss of generality, we choose HEVC
as the reference coding standard, which consists of many
advanced compression techniques. It is worth mentioning
that although HEVC is usually used for videos, it can also
be used for images. The reference software of HEVC, HM
16.16, is used as the image encoder. The experiment proce-
dure is described as follows.

Firstly, we convert every image in the source datasets into
YUV format. Secondly, each of these YUV images will be
regarded as a video frame and encoded by HM under the
All-Intra configuration. 11 quantization parameters (QP) are
selected to compress each image into different quality levels,
which are 18, 22, 27, 32, 38, 41, 43, 45, 47, 49 and 51. A
larger QP leads to more severe signal loss and thus worse
image quality. Thirdly, we collect the compressed YUV data
and convert them back into RGB format to get the distorted
images.After that, if awhole image containsmultiple objects,
wewill crop each object using the annotated object bounding
boxes to obtain the single-object images. Finally, the single-
object images that have different quality levels are sent to
image classification models as inputs, and the performance
can then be acquired, which are shown in Fig. 1a, b. To
keep the figures clean, we ignore the year information of
the datasets in the legends.

According to the experimental results, the performance
change is similar for 2 models on 4 sub-datasets. Obviously,
as the QP increases and the image quality decreases, the clas-
sification accuracy drops. However, the dropping speeds are
different for various QP ranges. When the QP enlarges from
0 (not compressed) to 32, the accuracy only falls at 3.26%,
which is tolerable. This result also proves the hypothesis we
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(a) (b) (c)

Fig. 1 Coarse- and fine-grained Image classification performance under different QPs

makebefore that the images in selecteddatasets canbe treated
as pristine images for machine vision tasks, though they have
already been compressed. However, when the QP is greater
than 38, the accuracy decreases at 3% for every 2-step QP
growth. Therefore, in extremely low image quality situations
when the QP rises to 51, the performance loss of classifica-
tion models becomes unacceptable.

There is an important observation from the experiment.
Although the VGG-19 and ResNet-101 are trained on the
VOC trainval dataset and behave very powerfully according
to Table 1, their performance still decreases on compressed
versions of the samedataset. Especially afterQP38, the accu-
racy drops significantly. This phenomenon suggests that the
feature representation of compressed images may be obvi-
ously different from their corresponding pristine versions.

The differences in size, shape, structure, texture or other
aspects between the object categories appeared in ImageNet,
VOC or COCO are usually huge, like person and dog, or
apple and mobile phone. Therefore, it is easier to identify
these classes, compared with some quite similar categories
such as wheat and weed, or cars that have different brands.
Recently there are many techniques proposed specifically for
these fine-grained image classification problems, but they
may suffer from the decrease of image quality even more
terribly, considering theminor distinguishable featuresmight
be erased more easily by image compression. We also test on
a transcoded CUB-200-2011 birds dataset (Wah et al. 2011)
to make an investigation. A powerful WS-DAN model (Hu
et al. 2019) is trained and its performance under different
levels of input image quality is recorded, which is drawn in
Fig. 1c.

Comparing Fig. 1c with 1a, b, there are several noticeable
differences. Firstly, the accuracy drops in different speeds
on the training and testing dataset. The fine-grained classi-
fication model maintains remarkable performance until the
QP exceeds 41 on the training dataset, while an 11.5% accu-
racy decrease is recorded at QP 41 on the testing dataset. A
possible explanation for this phenomenon is that the atten-
tion module and the bilinear features module adopted in
WS-DAN depend more on feature robustness. Secondly, for

severely distorted images, the model performance is reduced
to a very unfavorable level.

3.2 Object Detection

Object detection is one of the hottest machine vision tasks
among current researches, which is usually more compli-
cated and challenging than image classification because the
machine detector should not only predict the category of
an object but also output its location in the image as well
as the size. Furthermore, an image might contain multiple
objects that differ a lot in size and category, and these objects
can overlap with each other. After compression, the outlines,
structures or textures of objects in the image can be altered
significantly, which makes it even harder for detectors to
identify, locate and recognize targets.

Common object detection models can be divided into
two categories, Two-Stage detectors and One-Stage detec-
tors. Two-Stage detectors usually perform better than One-
Stage detectors, but their computation is also more time-
consuming. On the contrary, One-Stage detectors are usually
fastwhile not able to achieve the best accuracy. For our exper-
iment, Faster R-CNN (Ren et al. 2016) as a representative for
Two-Stage detectors, and CenterNet (Zhou et al. 2019) for
One-Stage detectors, are selected to test machine detector
robustness on a variety of image quality after compression.
To make a fair comparison between these two models, their
feature extractors are unified to be ResNet-101, and both
of them are trained on the COCO train2017 dataset. The
experiments are performed on the transcoded COCO dataset,
which has already been introduced in Sect. 3.1. The results
are shown in Fig. 2 in different kinds of measurements that
will be explained later. To keep the figures clean, we use
“val set” as an abbreviation for “validation set” in the sub-
captions.

Similar to or even worse than fine-grained image clas-
sification, both Two-Stage and One-Stage models totally
lose their efficiency for detecting heavily-distorted objects,
according to Fig. 2. Faster R-CNN outperforms CenterNet in
relatively high image quality situations, while the advantage
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(a) (b) (c) (d)

Fig. 2 Object detection performance of Faster R-CNN and CenterNet on COCO dataset under different QPs

is reversed after QP 41 if we adopt mean average preci-
sion (mAP or AP) from the COCO evaluation framework
as the performance measurement. A possible reason is that a
Two-Stage model uses the extracted features twice, once for
locating and another for classifying, leading to larger error
accumulation during processing. However, if the mean aver-
age recall (AR) is considered, the Two-Stage Faster R-CNN
is always achieving better scores than the One-Stage Center-
Net, which suggests the benefit of a separated locating stage.

Figure 2 alsopresentswhether the object size can influence
the object detection performance alongwith image quality by
drawing the curves forAP (M)andAP (L).TheAP (M) stands
for the detectionAP on thosemiddle-sized object images that
are larger than 32×32 pixels but smaller than 96×96 pixels,
and the AP (L) is for those large-sized objects that have at
least 96 × 96 pixels of area. From the figure, it is clear that
larger objects are easier to detect no matter how distorted the
images are. Nevertheless, the decrease of detection accuracy
is in a similar trend for both middle- and large-sized objects
when the compression level enlarges.

4 Just Recognizable Distortion

In the last section, we investigate the influence of image and
video compression on machine vision performance. Accord-
ing to the comprehensive experiments, worse input image
quality and larger distortion lead to lower model accuracy
in all kinds of machine vision tasks. It is verified that the
machine vision models are not reliable even for images that
may have only slightly different compression levels. As for
extremely poor image quality conditions, the models can be
totally useless. Therefore, it is meaningful to improve the
machine vision task performance when higher compression
levels are forced to be adopted due to limitations for trans-
mission or storage.

From the experimental results in Sect. 3, there are two
interesting observations. Firstly, the performance of machine
vision models is usually very similar between pristine and

Table 2 Training, validation and test image counts of the JRD dataset
for VGG-19 and ResNet-101

Ntrain Nval Ntest Ntotal

VGG-19 299680 28087 27774 355541

ResNet-101 290097 27686 27131 344914

lightly-distorted input images. Secondly, for some images,
the recognition never fails even under the maximum level
of compression. These phenomenons indicate the possible
existence of machine visual redundancy. If the most appro-
priate quality levels for images that will ensure the correct
prediction for machine vision models can be found, we can
savemassive bits by giving upwith better butmore redundant
image quality.

In this section, we propose the concept of JRD, which
denotes the maximum distortion that can be introduced by
image and video codingwithout dropping themachine vision
performance to an unacceptable level.Anoptimal JRDmodel
can be used to optimize image and video coding for reliable
machine visual analysis more economically by guiding the
selection of compression parameters.

Nowwewill give the definition of the JRD. Suppose there
is a pristine image I0 that can be compressed into several dis-
torted images I1, I2, . . . , In , inwhich larger indices represent
worse image quality. For a machine vision model M that can
give a correct or acceptable prediction on I0, the JRD of I0
is defined as

JRD(I0; M) = j (1)

if and only if the following constraints are satisfied:

M(I j ) = M(I0)

M(I j+ε) �= M(I0) (2)

where j is the coding parameter at the JRD point, and ε

represents any positive integers.
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(a) (b)

Fig. 3 The JRD categories distributions image classification in proportions of total images

Table 3 The distribution of JRD for image classification in exact counts of images

18 22 27 32 38 41 43 45 47 49 51

VGG-19 1179 2683 5367 10500 9140 10126 14354 19285 27914 47732 207261

ResNet-101 994 2223 4663 10393 10072 11018 14449 19270 26649 44298 200885

N∗ 23 107 501 1702 1182 1220 2028 3094 5239 12120 157585

It should bementioned that there is a hypothesis behind the
definition of JRD, which is smaller coding distortion leads
to closer or more acceptable machine visual analysis result
with the ground truth as well as the output from pristine
images. This hypothesis is proven statistically by extensive
experiments in Sect. 3. Therefore, those images that are easier
to be analyzed in a more distorted situation are ignored for
more consistent JRD definition and annotation.

In this paper, we will study the JRD for the two most
fundamental machine vision tasks, image classification and
object detection. The QP in HEVC is used to measure the
JRD. Similar to the establishment of datasets in Sect. 3, 11
QP values are selected to determine the JRDs of images for
the two tasks separately.

4.1 JRD for Image Classification

For a typical image classification model, the outputs are usu-
ally the probabilities of different categories that the object
may belong to, which can be denotes as pc1, pc2 , . . . , pcn ,
where ck stands for the k-th category. In order to define and
annotate the JRD for image classification, the most strict top-
1 accuracy is adopted. For image I0, we have:

M(IJRD) = l

pcl = max(pc1, pc2 , . . . , pcn ) (3)

We annotate JRDs for image classification on VOC and
COCO datasets using VGG-19 and ResNet-101. Both of the
models are pre-trained on pristine ImageNet and fine-tuned
on pristine VOC 07+12 trainval dataset to avoid fitting with

distorted data. Considering there are many small objects that
are too hard to identify, we only target objects that have
at least 32 × 32 pixels. Similar to the data preparation in
Sect. 3.1, we crop the objects from the whole images using
the bounding box annotations of source datasets to obtain
more usable single-object images. After annotation, a JRD
dataset containing over 340,000 images is built.

The training, validation and test split of the JRD dataset
naturally inherits from the source datasets, except we use
images in COCO val2017 as test images. The data distribu-
tions of the JRD dataset for the two models are presented in
Table 2, where Ntrain, Nval, Ntest and Ntotal denote the image
counts of training, validation, test dataset and the complete
dataset, respectively. The JRD categories distributions for the
twomodels are shown in Fig. 3 in proportions of total images
and Table 3 in exact image counts. The legends in Fig. 3 show
the source datasets of annotated images, and the N∗ row in
Table 3 stands for the counts of images that have the same
JRDs. Again, we ignore the year information of the source
datasets in the legends of Fig. 3 to make them clean.

According to Fig. 3 as well as Table 3, more object images
have larger JRDs. Surprisingly, over 58% of objects have
the JRD of 51, which indicates remarkably robust machine
recognition under extremely bad image quality. The two
tested models are sharing approximate JRD distribution, but
for a specific image, its JRD may vary with the model.
According to statistics, about 55.86% of all annotated object
images have identical JRDs on both VGG-19 and ResNet-
101, 20.31% of objects have larger JRDs on VGG-19, and
22.83% of objects have larger JRDs on ResNet-101. The
difference between the average JRD value on VGG-19 and
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Fig. 4 Average sizes in the square root of pixels count of objects having
different JRDs for image classification

ResNet-101 is − 0.21, which suggests better robustness for
the image quality variation on the latter model.

In Sect. 3.2, we showed and analyzed the influence of the
image size to object detection performance. Although small
objects have already been ignored during the establishment
of our JRD dataset, such impact may still exist. Therefore,
we record the average object image sizes for different JRDs,
which are shown in Fig. 4. The size is presented in the form of
the square root of pixels count. From the figure, it is obvious
that the average sizes of images that have different JRDs are
close, except for QP 51, thus the image size will not influence
the JRD significantly. As for JRD 51, objects that are very
easy to recognize are gathered, which includes many large
objects that increase the average size.

We also explore the distribution of JRD for different
categories. As shown in Table 4, 6 categories of images
are selected as representatives for ResNet-101 to determine
JRDs. For each category, the proportions of total images
belonging to the specific JRD values are presented on the
first row, and their average sizes in the form of the square
root of pixels count are presented on the second. The total
annotated objects counts are also given after the category
names.

There are a few observations from Table 4. Firstly, for
categories having more objects like person, car and chair,
their JRDs are more likely to be larger. The proportions of
objects that have JRD of QP 51 for these 3 categories are
72.83%, 50.92% and 42.21%, respectively, which suggests
better capability for the model to identify these categories
even when the input images are in a very low-quality level.
One possible reason is that the model can learn more rep-
resentative features that can be maintained during image
compression after training on more data. On the contrary,
it is more difficult for a machine classifier to learn well-
generalized features for those categories that have less or
even insufficient amounts of images, such as cat and dog,
leading to more balanced JRD distributions. However, for
several other categories that do not own too many objects,

like the aeroplane, their JRDs might also be gathered in QP
51 due to the existence of some extremely large-sized objects
that are relatively simple to classify.

Once the JRD of an image is determined, it is possi-
ble to save a large number of bits when a certain level of
machine vision performance is required. In order to prove
the effectiveness and power of the proposed JRD concept,
we test on COCO train2017 dataset for image classification
using ResNet-101 as the representative of machine classi-
fiers. Before being classified, images are compressed with
different QPs and JRD. For the JRD encoding pattern, the
actual QP used to compress a specific image is set to the
annotated JRD. The bit-rate is adopted as themeasurement of
transmission and storing cost for encoded images, forwhich a
larger bit-rate indicates more bits. We use the top-1 accuracy
to compare the classification performance between different
QPs and JRD, which is shown in Fig. 5, and more detailed
data can be checked in Table 5 where QP 0 denotes images
in the original dataset.

According to Fig. 5 and Table 5, over 96% of bit-rate can
be saved to achieve similar or even better 1 classification
performance as QP 18 or even pristine images if the JRD
is used as the actual QP for compression. From another per-
spective, the corresponding bit-rate of JRD is between QP 43
and 45, closer to the latter, while the classification accuracy
increases for more than 16% in absolute value. Therefore, in
low bit-rate situations, the JRD can be used to improve the
image classification performance. On the other hand, given
demand for a specific level of classification performance,
applying JRD can also save a large number of bits.

4.2 JRD for Object Detection

Comparing with image classification, it is more complicated
to determine the JRD of an image for object detection. There
are two reasons. Firstly, the JRD is annotated for a whole
image for image classification, while for object detection
the annotation should be made for every possible object in
an image, which can conflict with each other. Secondly, for
image classification, the correctness of a prediction can be
verified more intuitively by only considering the predicted
category that has the largest probability, thus the JRD of an
image can be found by Eqs. 1 and 2. However, for object
detection, the evaluation depends on several threshold values
for permitted detection count, Intersection over Union (IOU)
between ground truth and detected bounding box, class con-
fidence, and so on. Therefore, in order to annotate the JRD of

1 Which means for some images, lower image quality can lead to
more accurate category prediction from machine classifier. Neverthe-
less, these images are still ignored as explained in Sect. 4, and they will
not influence the conclusion of this section or the paper.
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Table 4 JRD distributions for
different categories for
ResNet-101

Category JRD

18 22 27 32 38 41 43 45 47 49 51

Person (187707) 0.08 0.19 0.36 0.90 1.03 1.35 2.06 3.37 5.87 11.96 72.83

122 137 116 105 105 96 100 98 101 112 195

Cat (5735) 0.99 2.14 4.62 11.23 9.15 8.65 10.01 11.35 11.21 11.12 19.51

182 190 194 214 233 248 263 280 292 318 355

Dog (6569) 1.28 2.25 4.90 12.07 9.50 8.98 10.81 11.27 11.39 10.87 16.68

154 148 139 171 196 207 233 251 271 285 321

Car (25768) 0.26 0.62 1.35 2.73 3.16 3.59 5.20 7.07 9.74 15.38 50.92

98 100 70 83 90 88 94 95 101 108 149

Aeroplane (5498) 0.24 0.49 0.96 2.29 2.20 3.51 3.38 4.82 6.11 8.44 67.55

98 146 83 95 86 108 115 109 140 166 270

Chair (32838) 0.58 1.18 2.33 4.40 4.39 4.49 5.97 7.73 10.35 16.36 42.21

124 121 124 131 131 125 131 121 125 120 131

Fig. 5 Bit-rate and image classification performance comparison
among JRD and different QPs

an image for object detection, a group of evaluation thresh-
olds should be fixed at first.

The JRD annotating method for object detection will be
described as follows. Given an object o in the pristine image
I0 whose JRD is denoted as j , the machine object detector M
may give n possible detection results for the distorted image
I j as (4):

M(I j ) = {B1
j , B

2
j , . . . , B

n
j } (4)

Each prediction is presented by a quintuple:

Bk
j = (xk, yk, wk, hk; pc∗

j,k) (5)

where (xk, yk) is the coordinate of the left-top corner of pre-
dicted object bounding box, and wk and hk are the width
and height of the box, respectively. As for pc

∗
j,k , it presents

the maximum class confidence across all possible categories

predicted by the object detection model. In other words, the
output class of Bk

j from the model will be c∗. The object o
can also be presented in the similar form as:

Bo
l = (xo, yo, wo, ho; co) (6)

where l represents anyQPvalues, and co is the actual category
that the object o belongs to.

The n detection results will be sorted according to their
class confidences in descending order, and only the first Tn
ones are preserved. Finally, the JRD of object image o equals
to j if and only if the following constraints are satisfied:

∃Bk
j ∈ {B1

j , B
2
j , . . . , B

Tn
j } → I OU (Bk

j , B
o
j ) ≥ TIOU

∧ pc
∗
j,k ≥ Tp

∧ c∗ = co

∀Bk
r ∈ {B1

r , B2
r , . . . , BTn

r } → I OU (Bk
r , Bo

r ) < TIOU

∨ pc
∗

r ,k < Tp

∨ c∗ �= co (7)

where TIOU and Tp are thresholds for IOU and class confi-
dence, respectively, and r represents any QP values that are
larger than j .

In this paper, we will annotate the JRDs of objects images
that belong to the person class for object detection on the
COCO dataset. The Faster R-CNN with ResNet-101 as fea-
ture extractor is selected to be the representative of machine
detectors, which is trained on the pristine COCO train2017
dataset. Small objects that have fewer pixels than 32×32 are
still ignored, and the objects are also cropped from the whole
image to enlarge data size. The evaluation thresholds are set
to Tn = 100, TIOU = 0.8, Tp = 0.5. After annotation, a JRD
dataset containing over 130, 000 images is built. Similar to
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Table 5 Bit-rate and image classification performance under JRD and different QPs

JRD 0 18 22 27 32 38 41 43 45 47 49 51

Accuracy 0.9600 0.9475 0.9452 0.9423 0.9342 0.9167 0.8742 0.8419 0.8127 0.7709 0.7230 0.6678 0.6090

Bit-rate (kbps) 250 – 5924 4235 2612 1488 667 423 306 213 149 106 77

Fig. 6 The JRD categories distribution for object detection in propor-
tions of total images

Fig. 7 Average sizes in the square root of pixels count of objects having
different JRDs for object detection

the JRD dataset for image classification, we use the images
in COCO val2017 as the JRD test dataset. Besides, 5000
object images are randomly split from the COCO train2017
to form the JRD validation dataset, and the rest becomes
the JRD training dataset. These three datasets have 122929,
5000 and 5847 images, respectively. The JRD categories dis-
tribution for object detection is shown in Fig. 6, where the
legends show the source datasets of annotated images. It can
be observed that the distribution of JRD for object detection
is more balanced than for image classification.

The average sizes of objects having different JRDs for
object detection are also presented in Fig. 7. It is clear that
larger objects have larger JRDs, but do not cluster only under
the largest QP. Therefore, the size can be a non-negligible
factor for determining the JRD of an object image for object
detection.

Similar to the application of JRD for image classification,
we also test on COCO val2017 dataset to prove the effec-
tiveness of JRD for object detection. Since an original image

Fig. 8 Bit-rate and object detection performance comparison among
JRD and different QPs

from the dataset can contain multiple person objects, we sort
these objects according to their JRDs in descending order,
and then set the LCU-level QP to JRD for each object areas
one-by-one before compression. The LCU is the largest cod-
ing unit inHEVC,which is usually a square area that contains
64 × 64 pixels. An object area might be included in a com-
bined area of several adjacent LCUs, thus can cost extra bits
to compress. To maximize bit-rate saving, other areas that
do not contain person objects, or contain person objects but
not annotated for JRDs,2 will be compressed with QP 51.
Nevertheless, due to the possible overlapping among objects
and the reversed JRD adoption strategy, the cross regions are
very likely to be compressed with smaller QPs, which may
increase not only the detection accuracy but also the bit-rate
at the same time. Moreover, an LCU that covers an object
bounding box area but does not belong to the object itself
(since an object may not always occupy an entire rectangular
area) will also be compressed with the corresponding JRD
as QP. Under such configurations, the detection performance
of ResNet-101-based Faster R-CNN under JRD and differ-
ent QPs are shown in Fig. 8 as well as Table 6 where QP 0
denotes images in the original dataset.

According to Fig. 8 and Table 6, over 47% of bit-rate can
be saved to achieve better detection performance than QP 38
if the JRD is used to determine the actual QP. From another

2 Which means these person objects cannot be detected under any
selected compression levels.
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Table 6 Bit-rate and object detection performance under JRD and different QPs

JRD 0 18 22 27 32 38 41 43 45 47 49 51

AP .5 0.8252 0.8622 0.8620 0.8619 0.8599 0.8456 0.8044 0.7626 0.6998 0.6181 0.4953 0.3618 0.2096

Bit-rate (kbps) 396 – 6349 4569 2831 1629 744 483 355 252 179 127 91

perspective, the corresponding bit-rate of JRD is betweenQP
41 and 43, closer to the former, while the detection accuracy
increases for more than 10% in absolute value. Compared
with the superior performance improvement from the adop-
tion of JRD for image classification, the enhancement is
smaller for object detection because of different task diffi-
culties, model complexities and evaluation strategies.

Finally, we investigate the correlation between JRDs for
image classification and object detection. According to the
statistics, among the 133, 776 person objects that have been
annotated JRDs for both image classification and object
detection, 10.73% has identical JRDs for these two tasks,
while 82.82% of this part of objects have JRD of QP 51.
Furthermore, only 1.20% of all objects have larger object
detection JRD than image classification JRD. The difference
between the average JRD value of image classification and
object detection is+9.7423,which indicates a higher require-
ment of input image quality for object detection than image
classification.

5 Coding Optimization Based on JRD
Prediction

In the last section, we propose the concept of JRD for image
and video coding to improve the machine vision perfor-
mance, especially in low bit-rate situations. According to the
experiments, applying JRD for image and video compression
can help save massive bits for acceptable model accuracy.
Therefore, if the JRDs of images can be predicted accurately
before image compression, the coding process can be opti-
mized by selecting more appropriate parameters according
to JRD to achieve the best possible balance between bit-rate
and machine vision performance.

In this section, we will study the prediction for JRD on
the proposed JRD dataset under few- and non-reference
circumstances. In the few-reference situation, in addition
to pristine images, several distorted images generated by
pre-compression are available as references for the JRD
prediction model to find how image features vary with com-
pression levels change. On the contrary, in the non-reference
situation, only the original images are required, which does
not need any time-consuming pre-compression, yet is more
challenging for JRD prediction.

Becausewe focus onhow imagequality influences the per-
formance of deep-learning-basedmodels, we design the JRD
prediction framework with advanced CNN modules, which
will be described in detail in the following sub-sections. Since
we use QP to measure the JRD of an image, which is finite
and discrete, the prediction for JRD can be regarded as a clas-
sification problem. Without loss of generality, we predict the
JRDs for ResNet-based models, which are ResNet-101 for
image classification and Faster R-CNN with ResNet-101 as
feature extractor for object detection.

5.1 Non-reference JRD Prediction and Coding
Optimization for Image Classification

In this section, we will study the JRD prediction problem
under the non-reference circumstance for the image classifi-
cation task. Firstly, to better understand the JRD prediction
problem, we would like to test the difficulty of predicting
JRDs with straightforward methods. Therefore, we modify
a VGG-19 network by changing the dimension of its output
layer to the count of possible JRD values to build a baseline
JRD prediction model, which can be trained through end-to-
end learning on the JRD dataset.

From the investigation onSect. 4.1, the distribution of JRD
for image classification is imbalanced, where the majority
of images have large JRDs. It is hard for an ordinary, non-
optimized learning-based model to perform well on such
long-tailed data. According to the experiment, the average
difference between actual and predicted JRD-pairs from the
baseline model is − 5.57 on the JRD test dataset, and the
mean average error (MAE) is 5.57. The bias for different
JRDs is so significant that nearly all input images are pre-
dicted to be having the JRD of QP 51, which also makes
the MAE equals to the absolute value of the average differ-
ence. Therefore, the baseline model is not powerful enough
to solve the problem individually. Nevertheless, the output of
the baseline model is not random, which suggests that sev-
eral JRD-related image features are possible to be extracted
by the CNN module.

To obtain more accurate JRD predictions, an ensemble-
learning-based framework is proposed, which consists of
several binary classifiers. Suppose there are n possible QPs
q1, q2, . . . , qn that will be adopted to compress the pris-
tine image I0 to distorted images Iq1 , Iq2 , . . . , Iqn , n binary
classifiers Cq1 ,Cq2 , . . . ,Cqn will be trained, in which Cqk
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Table 7 Positive class weights
settings and accuracy of binary
classification models for image
classification JRD prediction

qk 38 41 43 45 47 49 51

Wpos 0.06 0.12 0.18 0.24 0.4 0.5 1.0

Accpos 0.8307 0.8361 0.8284 0.8306 0.8341 0.8211 0.7651

Accneg 0.7148 0.7427 0.7405 0.7318 0.7321 0.7391 0.7535

Accall 0.8258 0.8301 0.8203 0.8179 0.8159 0.7999 0.7593

is responsible to predict whether the image Iqk can be rec-
ognized successfully. In our experiment, Cqk is a modified
VGG-19 network that only outputs the possibilities for pos-
itive and negative classes.

To train Cqk using all available data, the positive training
samples are set to be all annotated training images of which
JRDs are greater than or equal to qk , and the negative sam-
ples are set to be images of which JRDs are smaller than
qk . However, the counts of positive and negative samples are
not comparable according to Sect. 4.1, and the gap enlarges
as qk decreases. Therefore, two approaches are adopted to
improve the class-imbalanced training. Firstly, we will not
train any binary classifiers for qk < 38 considering the facts
that less than 5% of images have smaller classification JRDs
than QP 38, and the bit-rate is going to explode if the image
is compressed with such small QPs while the classification
accuracy increase is not significant. Secondly, we set differ-
ent weights for the gradients calculated from positive and
negative samples through back propagation so the model can
learn the correct featuresmore equally. In the experiment, the
weights for negative classes are always 1.0, and the weights
for positive classes are shown in the second row of Table 7.

During the training process, we only adopt horizontal
flipping to augment the training procedure. Because other
methods like random cropping, scaling or color jitter might
alter the JRD of the image. Each binary classifier will be
trained on the JRD training dataset for 12 epochs by the
stochastic gradient descent (SGD) optimizer with batch size
set to 32, learning rate to 0.001, weight decay to 0.001, and
momentum to 0.9. The classification accuracy for different
binary classifiers on the JRD test dataset is shown in Table 7,
where Accpos is the accuracy for positive samples, Accneg for
negative samples, and Accall for all samples.

Combining these well-trained binary classifiers, the JRD
of a certain object image can be searched from back to front
as shown in Fig. 9. The searching procedure is allowed to
be interrupted if the JRD has already been determined using
fewer binary classifiers. The binary classifiers and the search-
ing strategy jointly compose the JRD prediction framework,
which is flexible and extensible. For example, for real-world
deployment, the count of binary classifiers can be adjusted
based on the model accuracy or the demand to bit-rate and
image classification performance.

Fig. 9 JRD search strategy of the proposed ensemble-learning-based
JRD prediction framework

According to the prediction results on the proposed JRD
test dataset, the average difference between actual and pre-
dicted JRD-pairs from the proposed framework is − 1.54
when the images having smaller JRD thanQP 38 are ignored,
and the MAE is 1.90.

To prove the effectiveness of the proposed JRD prediction
framework on saving a large amount of bits while still achiev-
ing good image classification performance, an experiment is
performed on the COCO val2017 dataset. The predicted JRD
is used as the actual QP to compress the pristine images in
the experiment. For images that are predicted to have smaller
JRDs than QP 38, they will be compressed with QP 32. A
ResNet-101model pre-trained onpristine ImageNet andfine-
tuned onpristineVOC07+12 trainval dataset is the test target.
The experimental results including the top-1 image classifi-
cation accuracy and bit-rate under the predicted JRD, actual
JRD and several other referenceQPs are presented in Table 8.

FromTable 8, it canbeobserved that the bit-rate is between
QP 41 and 43, closer to the latter, while the image classifica-
tion accuracy is higher than QP 41 after using predicted JRD
as the QP for compression. If the changes of accuracy and
bit-rate are regarded as approximately linear between QP 38
and 43, then about 40.47% of bit-rate can be saved under the
same level of image classification performance, and 4.45%of
performance improvement in absolute value can be achieved
under the same level of bit-rate with predicted JRDs.

According to Table 8, the predicted JRDs from the pro-
posed model can help save a large number of bits for
good image classification performance. It is also possible to
achieve higher image classification accuracy within equal or
similar bit-rate by adjusting encoding parameters according
to the predicted JRD. Although currently there is a huge gap
between the effectiveness of the predicted and actual JRD,
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Table 8 Bit-rate and image classification performance under predicted JRD, actual JRD and different QPs

QP Predicted JRD Actual JRD 18 32 38 41 43 45

Accuracy 0.8571 0.9518 0.9437 0.9126 0.8703 0.8354 0.8024 0.7669

Bit-rate (kbps) 338 242 5886 1472 659 418 302 211

further improvements to the prediction or the application of
JRD for image classification can be expected.

5.2 Few-Reference JRD Prediction and Coding
Optimization for Object Detection

In this sub-section, we will study the prediction of JRD for
object detection under few-reference circumstances. For the
pristine image I0 and its distorted versions I1, I2, . . . , In , a
few-reference JRD prediction model should give the correct
JRD of I0 as (8):

M(I0; Ik1 , Ik2 , . . . , Ikr ) = j, 1 ≤ k1, k2, . . . , kr ≤ n, r ≥ 1

(8)

Based on Eq. (8), the optimal JRD prediction accuracy can
be achieved when all of the distorted images are available
as input, namely r = n. However, in such case, we are able
to directly obtain the correct predictions by sending these
images to the machine object detector, which makes it mean-
ingless to predict the JRDs. As r decreases, fewer times of
compression are required, while it is more challenging to
predict JRDs accurately.

We focus on the situation where r = 1 in this paper, which
means only one distorted image as reference is used along
with the pristine image to predict JRD for object detection.
According to the distribution of JRD for object detection in
Sect. 4.2, about 52.88% of all annotated images have JRDs
that are smaller than or equal toQP43, and the rest have larger
JRDs than QP 43, which results in an approximately half-to-
half distribution. With the assistance of images compressed
with QP 43 as references, the binary classification models
can make more accurate predictions in two steps. Firstly,
they divide inputs into two balanced categories, i.e., images
that can be detected after being compressed with QP 43 and
images that cannot. Secondly, they predict whether the inputs
can be detected after being compressed with the specific QP
values that they are responsible for. Therefore, we choose
the image of QP 43 as the only reference to help predict the
JRDs of images for object detection.

The proposed ensemble learning framework for pre-
dicting JRDs for image classification is also adopted for
object detection, in which the binary classifiers are extended
for multiple inputs. For each binary classifier, the feature
variance between original and compressed images can be

Fig. 10 The structure of binary classifier in proposed JRD prediction
framework for object detection

captured by a re-designedCNNstructure shown in Fig. 10.At
first, themodelwill extract features fromboth the pristine and
distorted image using the same weights, which are denoted
by F0 and Fq respectively. Then the difference between F0
and Fq , namely F�, is calculated by subtracting F0 with Fq ,
which represents the features change. Finally, a fusion of F0,
Fp and F� will be formed as high-dimensional distinguish-
able features and sent to the fully connected layer to output
the binary class probabilities.

Similar parameters are used to train the binary classi-
fiers for object detection JRD prediction. However, due to
the more balanced distribution of JRDs for object detection
presented in Sect. 4.2, the weights for positive and negative
classes are updated to values in the second and third row of
Table 9, and the classification accuracy for different binary
classifiers on JRD test dataset is shown in the last three rows
of Table 9.

After all binary classifiers are trained, the JRDof an image
for object detection can be searched. Without objects having
smaller JRDs than QP 32 considered, the average difference
between the actual and predicted JRD-pairs is − 2.12 on the
proposed JRD test dataset, and the MAE is 2.41.

To prove the effectiveness of the predicted JRD,we choose
the Faster R-CNN with ResNet-101 as the feature extractor
to detect the objects on the COCO val2017 dataset where the
images will be compressed with JRDs and different QPs. For
images that are predicted to have smaller JRDs than QP 32,
they will be compressed with QP 27. The detection model
is trained on the pristine COCO train2017 dataset, hence
will not fit with any distorted image data. We use the same
strategy introduced in Sect. 4.2 to adopt the predicted JRD
and compare the detection performance with actual JRD and
several other QPs, which are presented in Table 10.
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Table 9 Class weights settings
and accuracy of binary
classification models for object
detection JRD prediction

qk 32 38 41 43 45 47 49 51

Wpos 0.14 0.32 0.46 0.69 1.0 1.0 1.0 1.0

Wneg 1.0 1.0 1.0 1.0 0.96 0.48 0.22 0.1

Accpos 0.8622 0.8510 0.8457 0.8725 0.8299 0.8412 0.8365 0.8352

Accneg 0.8066 0.8145 0.8279 0.8624 0.8403 0.8386 0.8411 0.8430

Accall 0.8567 0.8439 0.8406 0.8686 0.8352 0.8395 0.8402 0.8423

Table 10 Bit-rate and object detection performance under predicted JRD, actual JRD and different QPs

QP Predicted JRD Actual JRD 18 32 38 41 43 45

AP .5 0.7564 0.8252 0.8620 0.8456 0.8044 0.7626 0.6998 0.6181

Bit-rate (kbps) 363 396 6349 1629 744 483 355 252

(a) (b)

Fig. 11 Machine vision performance under the predicted JRD and several comparable QPs

From Table 10, it can be observed that the bit-rate is
between QP 41 and 43, closer to the latter, while the object
detection performance is closer to the former after using pre-
dicted JRD as the QP for compression. If the changes of
precision and bit-rate are regarded as approximately linear
between QP 41 and 43, then about 22.77% of bit-rate can
be saved under the same level of object detection perfor-
mance, and 5.27% of performance improvement in absolute
value can be achieved under the same level of bit-rate with
predicted JRDs used. According to the experimental results,
the image and video coding can be optimized based on the
JRDs predicted by the proposed JRD prediction framework
for higher object detection accuracy with even fewer bits.

From not only the larger prediction error but also the
smaller rate-accuracy improvements achieved, it can be con-
cluded that the JRDs of images for object detection are
more difficult to predict than for image classification, even
if an extra distorted image is referenced for prediction.
Nevertheless, the proposed ensemble learning JRD pre-

diction framework behaves acceptably for both two tested
vision tasks, and according to a more visualized compari-
son in Fig. 11, the coding optimization based on predicted
JRDs lead to better classification and detection performance,
which jointly prove the effectiveness and practicability of
the proposed JRD model. Furthermore, the framework can
be extended by updating the binary classifiers with more
powerful models as well as improving the searching strat-
egy, and the object-region-wised QP adjustment based on
predicted JRDs is adaptive to real-world coding patterns and
rate-control methods, making it possible to adopt the JRD for
several other machine vision applications than image classi-
fication and object detection.
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Table 11 Image classification
JRD prediction and application
performance from different
methods

AD MAE Accuracy Bit-rate

VGG w/o CWA −5.57 5.57 0.6056 76

VGG w/ CWA −4.07 7.39 0.7761 714

EL-VGGs w/o CWA −3.78 3.88 0.6815 163

EL-VGGs w/ CWA −1.54 1.90 0.8571 338

EL-VGGs w/ CWA & OR −1.39 1.66 0.8610 307

5.3 Discussion

5.3.1 Ensemble Learning and Class Weights Adjustment

In the proposed JRD prediction model, two approaches
are adopted to improve the prediction accuracy, which are
(1) replacing the straightforward VGG network with an
ensemble-learning-based framework and (2) adjusting class
weights for more balanced training and learning. To better
understand how they contribute to increasing the JRDpredic-
tion performance, we make additional experiments on JRD
prediction for image classification.

Firstly, we train theVGG-19 network againwith andwith-
out class weights adjustment (CWA) respectively. For a fair
comparison with the ensemble-learning-based JRD predic-
tion framework, all of the images that have smaller JRDs
than QP 38 will be categorized into one class such that the
VGG-19 network will only output 8 classes. With CWA, the
8 classes of samples will contribute equally to optimizing
the weights of VGG. Secondly, to verify the effectiveness of
CWA, we train the binary classifiers in the JRD prediction
framework again like in Sect. 5.1, but keep the weights for
the backward gradients calculated from positive and nega-
tive samples as the same. Other training and testing setups
are all the same as presented in Sect. 5.1. Table 11 shows
the experimental results, where the second and third rows
are the results from straightforward VGG and the next two
rows are the results from ensemble learning (EL) VGGs. In
Table 11, the AD is the average difference between actual
and predicted JRD values, the image classification accuracy
is top-1-ranked, and the bit-rate is measured by kbps. Fur-
thermore, we also provide a more visualized comparison in
Fig. 12.

It can be observed from Table 11 that a straightforward
multi-class VGG-19 cannot be trained successfully to pre-
dict JRD without EL. Firstly, if CWA is not adopted, the
significantly-imbalanced data distribution of the JRD dataset
makes the network quickly biased to the class that has the
largest sample count, which is the JRD of QP 51 in our case,
thus applyingpredicted JRDsachieves the exact accuracy and
bit-rate as QP 51. Secondly, even with CWA, the difference
between neighboring JRD classes (such as JRD of QP 45 and
47) is so small that makes the JRD prediction problem more

Fig. 12 Image classification JRD application performance comparison
between different prediction methods

like a fine-grained classification task, which requires more
powerful network structures to solve it well. In this situation,
the JRD predictions from the multi-class VGG-19 are even
worse reliable, making the JRD-guided coding and image
classification performance not acceptable.

Similarly, without CWA, the EL VGGs cannot be trained
successfully either because of the unequal sample counts
between positive and negative classes. In our case, nearly
every binary classifier prefers to predict the input into the
positive category, especially before QP 47, which makes the
predicted JRDs larger than actual ones. Although the image
classification performance is much better than the straight-
forward VGG without CWA, it is worse than QP 47 while
requires a larger bit-rate.

According to the experimental results and analysis above,
the contribution to the JRD prediction and application per-
formance improvement comes from both ensemble learning
and class weights adjustment.

5.3.2 Non-Reference Versus One-Reference

In this paper, we focus on the JRD prediction for image clas-
sification under non-reference circumstances and for object
detection under one-reference circumstances. To verify the
effectiveness of the reference image, we perform another
experiment on predicting JRD for the image classification
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task. The same network structure as in Fig. 10 is adopted
to replace the naive VGG-19 for the binary classifiers in the
proposed JRD prediction framework. The selection of QP
that is used to generate reference images follows the same
principle that has been explained in Sect. 5.2. According to
Sect. 4.1, nearly half of the images in the constructed JRD
dataset have JRDs that are smaller than or equal to QP 45,
and the other half have larger JRDs than QP 45, so the ref-
erence images will be compressed with QP 45. It should be
mentioned that we exclude images whose JRDs equal to QP
51 for the JRD distribution analysis here. The reason is that
these images are the majority in the JRD dataset, making it
relatively easier for JRD predictionmodels to learn represen-
tative features from such a large number of samples. Other
training and testing setups are all the same as presented in
Sect. 5.1 for a fair comparison. The JRD prediction accuracy
as well as the JRD-guided coding and image classification
performance are shown on the last row of Table 11 where OR
is short for one-reference. And amore visualized comparison
with other methods is also shown in Fig. 12.

According to the experimental results, with one reference
distorted image, the JRD prediction and application perfor-
mances are both improved. More specifically, a higher image
classification accuracy can be achieved with even fewer bits
used for compression, which suggests the benefit of the ref-
erence. However, this method requires the encoder to encode
the pristine image once before the actual compression, while
the performance gain is not very significant compared with
the non-reference method. Considering that the compression
usually cost much time (which will be revealed soon in the
next section), we prefer the non-reference JRD prediction to
one-reference for more economical JRD-guided coding and
machine vision applications.

5.3.3 Computation Complexity

Theproposed ensemble-learning-based JRDprediction frame-
work contains multiple binary classification networks. To
estimate the JRD, the image should be sent to each par-
tial classifier until one of them gives a positive inference
as shown in Fig. 9. In order to test the computation com-
plexity of the proposed JRD prediction method as well as the
whole JRD-guided coding and machine vision application,
we perform the experiments in Sects. 5.1 and 5.2 again and
record the average time for processing each image input at
every step. These steps include: (1) preparation (like gener-
ating reference distorted images, which is optional), (2) JRD
prediction, (3) JRD-guided coding and (4) machine visual
analysis. The experiments are performed on a PC that has
an Intel i9-10900KF CPU and two NVIDIA RTX 2080Ti
GPUs.The evaluation results for the two focused tasks, image
classification (Cls) and Object detection (Det), are shown in
Table 12 where the time cost is measured in milliseconds.

Table 12 Average time cost in
milliseconds at each step of
JRD-guided coding and
machine vision application

Task Step

1 2 3 4

Cls – 19 1164 3

Det 1229 44 1195 94

According to the evaluation, the HEVC coding of step
1 and 3 costs the most time. Since in this paper we use
the slow HEVC reference software and only perform intra-
coding, such phenomenon can be expected. In contrast, the
time cost of JRD prediction is almost negligible because we
use the simple VGG-19 network and its variant to establish
the prediction framework. Comparing the two tasks, the JRD
prediction time for Det is slightly longer than Cls because
the latter needs to extract features not only from the pristine
image but also the reference distorted image. As for the last
step, the tested Two-Stage Faster R-CNN for Det is more
complicated than a naive ResNet for Cls, which makes the
Det costs much more time than Cls.

In real-world applications, the efficiencyof the overall sys-
tem can be improved significantly by using faster encoders
as well as adopting other common coding configurations like
Random-Access or Low-Delay.

6 Conclusion

In this paper, we focus on optimizing image and video cod-
ing for machine vision with a new JRD concept. Firstly,
on several large-scale and widely-used datasets, we suffi-
ciently investigate how image and video coding influence
the machine vision model performance for various impor-
tant tasks. Secondly, based on the investigation, we verify
the existence of an almost perfect balance between the cod-
ing cost andmachine vision performance, which is described
by the proposed JRD concept. For further researches and
applications, we build a large-scale JRD-annotated dataset
and analyze the factors of JRDs. Thirdly, to apply the JRD
in practical situations, we study the prediction of JRD and
establish an ensemble-learning-based JRD prediction frame-
work. The framework is effective, efficient and extensible to
infer JRDs for different machine vision tasks, which requires
only the pristine images and a fewor even no distorted images
as input. According to extensive experiments, the predicted
JRDs can guide the selection of coding parameters before
compression, achieving remarkable machine vision perfor-
mance and saving a large amount of bits at the same time,
which proves the effectiveness of the proposed JRD model.
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