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Image Downsizing and Compression Impacts on Al-based Medical

Image Classification

Edson M. Hung, Renam C. da Silva, Andrey O. O. dos Reis, Darlington Akogo

Abstract—In recent years, machine learning has been used for
automatic medical image diagnosis. Solutions leveraging machine
learning can help physicians in the diagnostic process and also
reduce the time spent by medical experts analyzing images
and video frames to conclude their assessments. In the studied
scenario, images are captured at resource-constrained remote
basic health facility and sent to a cloud-based inference model,
which returns the results to physicians. We investigate the impact
of straightforward low-bit-rate image coding solutions on the
classification performance of neural network models targeted at
cloud-based image diagnosis solutions. Our experiments show
that it is possible to lower the bit rate needs without significant
harm to the prediction accuracy of the models using both
downsizing and compression. These findings provide evidence
of the viability of deploying automated diagnostic systems as a
Service over constrained communication infrastructures to assist
remote areas.

Index Terms—Machine learning, image classification, compres-
sion, JPEG, JPEG2000, downsizing.

I. INTRODUCTION

ECENT years have seen a revolution in the application

of machine learning techniques, particularly those based
on deep learning, to different problems such as understanding
human speech, competing at a high level in strategic game
systems such as chess and Go, autonomous vehicle navigation,
intelligent routing in content delivery networks, and inter-
preting complex data, including visual data such as images
and videos. We are specifically interested in the transmission
of medical images to a cloud infrastructure that implements
automatic diagnosis Software as a Service (SaaS), leveraging
artificial intelligence techniques. This scenario is illustrated in
Fig. 1. With SaaS, end users at remote medical facilities do not
need to spend resources to manage any software or maintain
dedicated hardware infrastructure. Instead, they can log in
with a web browser and connect to the service. SaaS is of
great utility in remote locations lacking medical specialists and
having severe communication and computational constraints,
a condition commonly encountered in several countries and
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with devastating effects, as witnessed in pandemic times.
This type of solution can also contribute to the development
of more generalized models. Data-driven learning systems
usually benefit from exposure to data diversity resulting from
different geographical locations, gender, ethnicity, and age
groups. The gathered data may be used to foster further
development, produce better models, and lower mistrust in the
use of artificial intelligence solutions in medical applications.
From the SaaS provider’s perspective, system maintenance
would be quite easy and practical. For instance, an improved
model could be put to run after retraining or using adaptive
learning techniques.
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Fig. 1: Application scenario of a software as a service cloud-
based automatic medical image diagnosis.

We aim to study the impact of compression and downsizing
of medical images on the classification performance of models
based on convolution neural networks (CNN) employed as a
tool to aid in the diagnosis of two diseases. Loosely speaking,
both downsizing and compression are used to selectively ditch
information in order to achieve a smaller representation (file
size) and fit into a communication channel or save storage
space, at the cost of quality degradation. This degradation is
most commonly studied from the perspective of consumption
by the human visual system. It turns out, in the considered
application scenario, the images are meant to feed an artificial
intelligence (AI) algorithm for classification. And thus, the
rate-distortion trade-off may be different from that for hu-
man consumption. For instance, artifacts introduced due to
compression may be annoying for human visualization but
unimportant for an AI model. On the other hand, compression
may get rid of discriminating image features, leading to
misclassification and poor performance.

We use off-the-shelf image coding solutions adopted in the
DICOM! container standard, namely JPEG and JPEG2000,
which are lossy compression algorithms. These image codecs,

IDigital Imaging and Communications in Medicine (DICOM)
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respectively, introduce compression artifacts such as blocking
and ringing [1]. These artifacts may reduce the Al model
performance and should also be taken into consideration in
the system design. Image resizing is also a common operation
in many computational solutions for reducing bandwidth.

This work results from the activities led by the Focus Group
on Artificial Intelligence for Health (FG-AI4H), a joint effort
between the International Telecommunication Union (ITU)
and the World Health Organization (WHO) to establish a
standardized assessment framework for evaluation of Al-based
methods for health, diagnosis, triage, or treatment decisions.
In this context, we have developed a library to test the
impact on the performance of medical image classifiers in a
scenario where the image is compressed and transmitted to
SaaS solution. This library will be made publicly available
shortly.

II. RELATED WORK

Several studies have investigated to what extent compression
algorithms such as JPEG and JPEG2000 affect predictive
models based on neural networks in visual analysis tasks such
as natural image classification and forensic tasks. In [2] the
authors discuss how image quality affects deep neural network
models employed for the classification of natural images. The
authors carried out an evaluation of four state-of-the-art deep
neural network models for image classification under five
quality distortions, including blur, noise, contrast, JPEG, and
JPEG2000 compression. They pointed out that deep neural
models are commonly trained using high-quality images, but
in many practical applications, such an assumption may not
hold as the images may suffer degradation at several steps of
the processing pipeline. The studied deep neural models are
found to be quite susceptible to blur and noise distortions.

Mandelli et al. [3] focused on the effect that JPEG com-
pression has on the training of convolutional neural networks
applied to multimedia forensic tasks and image classification.
Specifically, they consider the issues that arise from JPEG
compression and misalignment of the JPEG grid for the
problems of camera model identification, detection of synthetic
images generated by generative adversarial networks, and
object recognition. They show that one needs to consider these
effects when generating a training dataset in order to properly
train a forensic detector not losing generalization capability,
whereas the model for the object recognition task is much
more robust to JPEG compression.

An increasing interest in the interplay of image/video com-
pression solutions and the performance of learning-based mod-
els has led to the rise of compression for machines. Besides
filling a screen for human consumption, visual information is
now more than ever meant for machine consumption, to feed
into classification, detection, and segmentation algorithms in
several application domains. A further step in this direction is
to design end-to-end image and video compression solutions
directly optimized for the target visual analysis task [4-8].
Here, however, we focus on the use of off-the-shelf standard
image codecs which are more mature, pervasive, and com-
putationally affordable for medical images in the considered
application scenario.

Recently, a few research works have turned attention to the
impact of compression on the performance of classification
models designed for medical image modalities, which may
exhibit different textural and structural characteristics from
that of natural images. In [9], Zanjani et al. investigate the
impact of lossy JPEG2000 compression on their deep convo-
lutional neural network model for metastatic cancer detection
in histopathological images from breast lymph nodes. They
brought attention to the controversial use of lossy compression
in medical images, but advocated for the use as long as
compression does not interfere with diagnosis, and to cope
with storage and transmission challenges to enable cloud-
based computer-aided diagnosis (CAD) systems. Their solu-
tion, based on a convolutional neural network, is compared
to a pathologist’s diagnosis in different experimental setups.
They found that their model trained on uncompressed high-
quality images is robust up to a certain level of compression
of test images. The authors highlighted that their findings
are specific to the considered application scenario and further
studies should be done.

Jo et al. [10] studied the impact of lossy JPEG2000 com-
pression on the performance of a predictive model based on
deep learning applied to the classification of mammograms
into three classes associated with the diagnosis labels normal,
benign, and malignant. They carried out a set of experiments to
investigate the performance of different models resulting from
the training over several versions of the dataset, compressed at
different compression ratios. The authors stated that moderate
compression ratios do not produce a substantial impact on the
classification performance of models.

We further investigate the impact of compression on the
classification performance of deep learning models devised for
medical image classification. To get a better picture, we have
chosen models devised for two different medical image modal-
ities: X-ray images and magnetic resonance images (MRIs).
In addition to JPEG2000 compression investigated in previous
works, we also study the impact of JPEG compression along
with a low-cost, yet effective variant comprising downsizing
before compression and interpolation after decoding, which is
quite appealing to the application scenario considered in this
work.

The remainder of this work is organized as follows. Sec-
tion III briefly reviews the standard off-the-shelf image coding
solutions used. Section IV presents the predictive models
whose performances are evaluated before and after coding the
test dataset at various compression ratios. Section V discusses
the experiments carried out and the obtained results. Finally,
the conclusions are presented in Section V.

III. IMAGE CODING

To assess the impact of coding on the performance of
predictive models devised to classify radiology images, we
have chosen two of the most popular image coding algorithms,
namely JPEG and JPEG2000. In the sequel, they are briefly
described. The reader is referred to the cited works for a
thorough treatment of the image codecs discussed in this
section.
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A. JPEG

The JPEG [11, 12] image coding standard was introduced
in the early 1990s and still is widely used in a range of ap-
plications, its long-standing success results mainly from back-
compatibility needs and computational affordability. Among
the four coding modes provided, the most common sequential
encoding proceeds as follows. The input image f(z,y) is
partitioned in blocks of 8 x 8 samples. The 8 x 8 blocks are
scanned from left to right and top to bottom order, each 8 x 8
block of samples is then transformed to a suitable domain,
the resulting coefficients at the transformed domain are scalar-
quantized and entropy encoded. Fig. 2 depicts schematically
the steps carried out by an encoder to produce a JPEG
compressed bitstream, as well as the steps to get back an
approximated version of the input image. The key coding tools
are:

Input image

8x 8 « Forward [, .. |-» Entropy
samples [H DCT Quantization coding \'
encoded
bitstream
Inverse |q | N Entropy 4/
Dequantization| )
DCT d decoding

Reconstructed
image
Fig. 2: JPEG processing chain to produce a JPEG-compliant
bitstream.

e Forward DCT: taking advantage of the energy com-
paction property, the discrete cosine transform (DCT)
is applied in an attempt to produce a representation
with only a few non zero coefficients. The resulting
coefficients account for the contribution of orthogonal
basis functions with varying spatial frequency. At the
decoder side, the inverse DCT step does the opposite,
that is, weights the basis functions by the transform
coefficients to get back the input image block.

o Quantization: scalar uniform quantization takes place to
map transform coefficients to a set of just a few dis-
crete amplitudes, which turns out zeroing low amplitude
transform coefficients and reducing bit rate. The resulting
quantized coefficients are arranged in an intermediate
format before entropy coding. Quantization is a many-
to-one mapping; therefore information is lost, resulting
in reconstruction artifacts. An encoder can trade off
rate reduction and quality degradation by varying the
quantization step size. Dequantization takes place at the
decoder side to recover the transform coefficients from
quantization bins.

e Entropy coding: aiming at compression efficiency, the
quantized transform coefficients are scanned in a zigzag
fashion and arranged in an intermediate format to exploit
long chains of zero coefficients. A special treatment
is given to the first transform coefficient, the so-called
DC coefficient [11]. After that, entropy coding assigns
binary codes based on statistical characteristics, giving
shorter codes to frequent symbols and longer codes to

less frequent symbols. At the decoder side, the statistical
model shared between encoder and decoder is used to
decode the compressed bitstream.

Interpolative JPEG

In [13], a JPEG-based interpolative image coding scheme
was proposed. In it, image downsizing is performed be-
fore JPEG encoding, whereas reconstruction is obtained by
carrying out image interpolation after JPEG decoding. In
comparison to standard JPEG, the interpolative scheme has
shown competitive coding efficiency and significantly reduced
blocking artifacts, overall yielding a much more pleasant
visual result [13]. Although important for visual consumption,
the visual aspect of image coding is not of primary concern,
but rather the classification performance of machine learning
models. This approach is quite appealing to the considered ap-
plication scenario, downsizing is an affordable operation to be
performed on the client side, and it reduces the computational
burden for the compression step.

B. JPEG2000

In addition to JPEG, we have experimented with JPEG2000
as the compression solution prior to image classification. The
JPEG2000 standard was defined in early 2000 and brought
features amenable to internet image applications, such as
quality scalability and embedded bitstream. Considering our
use of JPEG2000, we briefly discuss its main tools.

After a pre-processing step that takes the input image to
a compression-suited color space, and next splits the color-
transformed image into tiles, JPEG2000 starts by decomposing
each component of the input image into a set of subsampled
spatial frequency subband images [14] using an analysis
Discrete Wavelet Transform (DWT). Afterward, another step
of DWT analysis is carried out on the low-frequency subband
image resulting from the first DWT analysis. In fact, the
DWT is repeated in such a way to produce a hierarchical
multi-resolution representation of the input image. After image
decomposition, samples of the hierarchical representation are
grouped into the so-called code-blocks, typically blocks of 32
x 32 or 64 x 64 samples. Each code block is encoded in a
finely embedded bitstream providing quality scalability. In the
sequel, a selection of JPEG2000 modules is briefly discussed;
the reader is referred to [14-16] for a detailed treatment of
the JPEG2000 coding solution.

o DWT analysis: aims to exploit the spatial redundancy as
well as to produce a resolution-scalable representation
of the input image. The standard supports two transform
options, the irreversible and reversible, implemented by
two different filters [16]. Image reconstruction may be
obtained at a given level of the hierarchical structure by
composing the responses of the synthesis DWT to the
immediate lower subbands images.

e Quantization: the DWT analysis responses within the
code-blocks are scalar-quantized before entropy coding,
JPEG2000 provides for different quantization schemes,
including a uniform scalar dead-zone quantizer that di-
rectly maps DWT analysis responses to quantization bins.
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An embedded scalar quantization scheme is built upon the
uniform scalar dead-zone quantizer to allow progressive
decoding. It exploits the equivalence of dropping bits
from quantization bins resulting from a fine quantizer
and modulating the quantization step size. This allows for
progressive coding of the quantization bins bit planes.

e Entropy coding: JPEG2000 employs context-adaptive
modeling and arithmetic encoding to create a compressed
bit stream. The quantized DWT responses within a code
block are decomposed into bit planes to facilitate con-
structing an embedded bit stream. For better probability
estimation and efficient coding of the binary symbols,
JPEG2000 manages several contexts derived from the
immediate neighboring symbols; each context maintains a
separate probability model. In short, JPEG2000 employs
several thoughtful schemas to reduce the number of bits
assigned while providing a scalable bitstream.

In addition to the standard JPEG2000, we also experimented
with an interpolative scheme similar to the interpolative JPEG
described previously.

IV. PREDICTIVE NEURAL MODELS

Considering the application scenario of a SaaS-based cloud
system for automatic medical image diagnosis, we have se-
lected two predictive models to study the effect of image
coding. Specifically, we employed two convolutional neural
network models designed to perform disease detection through
image classification. Since this work is part of an initiative to
establish a standardized assessment framework for evaluating
Al methods in radiology, the chosen models were selected to
align with that objective. The selected architectures provide
a balanced trade-off between classification performance and
computational cost, making them well-suited to the intended
scenario. Both can be executed on commodity GPUs, thus
avoiding the need for costly infrastructure. Moreover, these
models remain influential and continue to serve as the foun-
dation for several recent solutions [17]. We have used models
pre-trained on the ImageNet[18] dataset, then we carried out
fine-tuning over a large dataset of input-label pairs comprised
of medical images and associated annotations gathered from
patients assessed by medical experts. The goal here is to
reproduce the results of the referenced works and produce the
predictive models to be assessed under different compression
strategies of the input image. Next, we briefly present the most
general specifications for the predictive models used.

A. Covid model

The first predictive model considered, the so-called COVID-
Net [19], was devised as a tool to fight the Coronavirus pan-
demic by helping screen patients using chest radiography. The
adopted implementation COVID-Next is an open-source [20]
Pytorch implementation? inspired by the COVID-Net[19]. The
model was designed to classify a chest X-ray (CRX) into three
different classes: normal, pneumonia, or COVID-19.

>The Pytorch implementation has 5x fewer parameters compared to
COVID-Net and achieves equivalent performance.

The model has the ResNeXt-50 (34x4d) as its back-
bone [21], a network with aggregated residual transformations
based on VGG [22] and Resnets [23]. The ResNeXt-50 design
is highly modularized and features a stacking topology of the
residual blocks.

On top of the backbone, a final block with three convolution
layers was added. The architectural details of the COVID
model are given in Tab. I. As for the training dataset, we
used the same dataset as [19], namely COVID chest x-ray [24]
and the one from RSNA Pneumonia Detection Challenge [25].
The COVID chest x-ray is an open-access collection designed
to support research on COVID-19 and related respiratory
diseases. It includes chest x-ray and CT images from patients
who tested positive or were suspected of having COVID-
19, as well as other viral and bacterial pneumonia. The data
are gathered from public repositories and through indirect
contributions from hospitals and physicians. The RSNA Pneu-
monia Detection Challenge dataset was created to support
the development of machine learning algorithms capable of
detecting pneumonia in chest X-rays automatically.

B. Brain tumor model

The second predictive model considered is a model devised
to carry out the classification of 3D volumetric magnetic
resonance images (MRIs) from brains. The spatiotemporal
neural network model [26] treats slices of 3D MRI as a
sequence of images over time.

The model is trained in a large dataset of images obtained
from healthy brains and brains stricken by two types of tumors:
Low-grade glioma (LGG) and High-grade glioma (HGG).
The healthy brain samples images were collected from IXI
Dataset [27], whereas pathological brain images were acquired
from Brain Tumor Segmentation (BraTS) 2019 dataset [28],
T1 contrast-enhanced MRIs were used in the model. The IXI
dataset is a publicly available collection of nearly 600 MRI
scans from healthy subjects, aimed at supporting research in
medical image analysis and brain modeling. All images are
provided with corresponding demographic information, mak-
ing it a valuable benchmark for brain imaging studies, MRI
synthesis, and machine learning applications in neuroimaging.

The neural network model is built on top of the ResNet
Mixed Convolution [29], a deep residual neural network
comprised of a stem layer with a 3D convolution and a
layered structure of one 3D and three 2D residual structures.
There is a pair of residual units at each residual (3D or 2D)
structure. The output of each residual unit consists of the
addition of its input (shortcut connection) with the result of
the transformations carried out within the block. Between each
residual unit within the 2D residual structure, there is a 3D
layer with kernel size 1 and stride 2, to halve the input. Each
convolution layer is followed by a 3D batch normalization
layer and a ReLU activation function. The architectural details
of the Brain Tumor model are given in Tab. I, the reader is
referred to [29] for further details.

C. Implementation details

In the training stage, aimed at producing the predictive
models to be assessed, both models take as input 256 x 256-
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TABLE I: Architecture of the evaluated convolutional neural networks. (Left) COVID-Next was built upon ResNext50
architecture. (Right) Brain tumor model with architecture based on ResNet mixed convolution. Layer blocks are inside the
brackets, with the quantity of blocks stacked outside the brackets. C=32 in COVID-Next indicates the amount of convolutions

grouped with 32 groups.

Stage Output COVID-Next Output Brain Tumor
convl | 128x128 7x7, 64, stride 2 Lx56x56 3x7x7, 64, stride 1x2x2
3x3 pool, stride 2
1x1, 128
conv2 64x64 5x3.128,C = 32| x 3 Lx56x56 Exgxg gﬂ %9
1x1, 256 X3X3,
1x1, 256 . -
comv3 | 32x32 3x3,256,C = 32| x 4 L x28x28 1x3x3, 1281 o
2 1x3x3, 128
1x1,512 L J
1x1,512 - -
convd | 16x16 3x3,512,C = 32| x 6 Lx14x14 }igg ggg 2
1x1, 1024 L ’ 4
1x1, 1024 - -
convS | 8x8 3x3,1024,C = 32| x 3 Lx7x7 g PP
1x1, 2048 L »012]
3x3,512
end 8x8 1x1,1024) x 1
3x3,512
average pooling, 3-d fully connected spatiotemporal pooling, 3-d fully connected
1x1 1x1x1
softmax softmax

pixel images. The input images fed to the models result
from a pre-processing step. For COVID-Next, the images are
resized to 256 x 256 pixels, then sequentially subjected to
random horizontal flip, vertical flip, and color jitter with even
probability. The input to the Brain tumor model is subjected
to intensity rescaling and left-right random flip.

In the case of COVID-Next, the model was trained for 40
epochs using 64 image batches using the Adam optimizer
with a learning rate of 10~%. The learning rate is reduced
on plateaus with a factor of 0.7 and patience of 5 epochs.
The brain tumor model had 10 epochs of training using Adam
optimizer, batch size 1, and a learning rate of 1075,

V. EXPERIMENTAL RESULTS

Once we have the predictive models ready to perform
inference, we aim to assess their tolerance to degradation
in the input image due to compression and downsizing. In
other words, we aim to determine a setup able to reduce the
bandwidth required to send medical images over constrained
channels without severely degrading the performance of pre-
diction models, and whether a SaaS solution can meet such
stringent requirements. To this end, we have performed a set
of experiments as described next.

Regarding the predictive model for chest X-ray image
classification, our baseline model is the COVID-Next [20],
a COVID-19 classifier based on the COVID-Net proposed
by Wang et al. [19]. This model was trained using chest
radiography with different resolutions, qualities, and artifacts.
The dataset has 15,572 images from which 13,811 are used
as training samples and 1,761 for testing. The test accu-
racy of this model is 93.63% on the pristine test dataset.
It is worth stressing that the COVID-Next test dataset is
not raw (uncompressed data) but rather slightly compressed
(perceptually near-lossless). Conveying pristine images over

bandwidth-constrained channels would imply high latency and
inefficiency, causing delays in diagnosis and congestion in the
communication channel. To cope with such issues, the images
may be compressed to reduce bandwidth before transmission
to a remote classifier in the cloud, where the analysis takes
place using a neural network model trained over a proper
dataset.

In order to study such a scenario, the test dataset was com-
pressed with different quality parameters. Experimental results
reveal it is possible to achieve significant bit rate savings with
a negligible accuracy reduction to enable automatic diagnosis
SaaS over bandwidth-constrained communication channels.

Before discussing any experimental results, we should first
make clear that the data ratio compression used in our
charts is defined as the ratio between the uncompressed data
size/volume and the compressed data size/volume, in practice
computed as a ratio between files. Thus, for the same level of
classification performance, the higher the compression ratio,
the better.

Fig. 3-a shows a chest X-ray image classified by a radi-
ologist as normal. By compressing such an image at a low
bit rate, blocking artifacts and loss of image details due to
JPEG compression become an issue as shown in Fig. 3-b.
Similarly, a reduction in image details can be seen in the
JPEG2000 compressed image shown in Fig. 3-c. In such cases,
compression artifacts [1] as blurring, blocking in the case
of JPEG, and ringing in the case of JPEG2000, induced the
model to misclassify this image as Covid-19. These effects are
well known in lossy image compression and are due to the
quantization of transformed coefficients as briefly discussed
in Section IIl. The quantization process gets rid of image
information to lower the bit rate, but adversely reduces the
image reconstruction quality as well.

On the other hand, by reducing the amount of image
information downsizing before lossy compression, it is pos-
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(d)

(e)

Fig. 3: Subjective comparison of the images: (a) original with 1024 x 1024 pixels, (b) JPEG-compressed at 29.155 compression
ratio, and (c) JPEG2000-compressed at 31.949 compression ratio. Subjective comparison of the downsized 256x256-pixel
images: (d) JPEG-compressed at 43.29 compression ratio, and (e) JPEG2000-compressed at 53.191 compression ratio.

sible to achieve a higher compression ratio while maintaining
the characteristics necessary for the correct classification.
Despite the visual quality degradation due to compression,
the compression artifacts are quite reduced as a result of
the downsizing before compression. In Fig. 3-d and Fig. 3-
e we can subjectively compare the downsized compressed
images with the original one shown in Fig. 3-a, the downsized
compressed images have better subjective quality than the ones
compressed at the original resolution despite requiring fewer
bits per pixel on average. We hypothesize that this behavior
is linked to the image content covered by the underlying
transform. For JPEG, DCT block spans a larger area in the
downsampled image relative to the original, introducing less
discontinuity, preserving useful features.

Fig. 4 shows the confusion matrices for different scenarios.
In Fig. 4-a, the original test set was used to compute the
confusion matrix; this result is used as a benchmark for our
comparative analysis. Fig. 4-b shows the confusion matrix for
the case where the test set is compressed with JPEG with
an average of 28.490 compression ratio, no downsizing in
this case. The model seems to become biased to misclassify
the inputs as Covid-19. However, an improved result can be
achieved using JPEG2000 with a quite higher compression

ratio 46.296 as shown in Fig. 4-c. In the case where the
test set is downsized before compression, either with JPEG
or JPEG2000, we can achieve a better trade-off between
compression ratio and classification performance. At a com-
pression ratio of 38.911 for JPEG and 45.872 for JPEG2000,
the classification model shows a much better performance. As
shown in Fig. 4-d and 4-e, the accuracy of the classification
model is kept comparable to that resulting from the original
images.

Fig. 5 shows a range of operational trade-off points. Exam-
ining the curves, we can see that the accuracy is significantly
reduced due to compression. The accuracy drops sharply as the
average compression ratio increases. In an extreme scenario,
we resize the images in the dataset to 256 x 256 pixels using
a Lanczos-4 filter before performing compression; the image
size was chosen due to the COVID-Next input dimension.
The results for the downsized images compressed with JPEG
and JPEG2000 are shown in Fig. 5. In this scenario, the size
of the bitstream is significantly reduced, but the accuracy is
also significantly reduced, showing that severe compression is
detrimental to the COVID-Next as the image quality degrades.
However, it is possible to obtain a configuration where the
accuracy is kept comparable with that resulting from classify-
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Fig. 4: COVID-Next — Confusion matrix comparison for different compression ratios: (a) original without compression, (b)
JPEG compression at 28.490 average compression ratio, (c) JPEG2000 compression at 46.296 average compression ratio.
(d) downsized JPEG compression at 38.911 average compression ratio and (e) downsized JPEG2000 compression at 45.872

average compression ratio.

ing pristine images, though at the expense of a significantly
smaller bitstream.

We have carried out the same set of experiments for the
Brain Tumor model. This model was trained using images of
slices of the 3D MRI acquired from brains. The dataset has
594 images from which 415 are used as training samples and
179 for testing. The test accuracy of this model is 95.53% on
the pristine test dataset. As in the case of COVID-Next, the
Brain Tumor’s test dataset is not raw, uncompressed data, but
rather slightly compressed, perceptually near-lossless.

Fig. 6 shows a range of operational trade-off points for
the Brain Tumor model. The different curves resulted from
the same coding setups as for the COVID-Next model. The
difference observed in the Brain Tumor model’s behavior
regarding the COVID-Next can be associated with the degree
of prior compression of the dataset images. Different from the
COVID-Next, downsizing had no benefit in terms of better
compression ratio and prediction trade-off. However, up to a
certain degree, compression still brings benefits as it reduces
the latency and bandwidth without significant prediction per-
formance degradation.

Overall, the set of experiments shows the influence of

compression artifacts in medical image classification. The
results show that, in both cases, there is a combination of
downsizing and compression quality that leads to significant
bit rate savings without severely impairing the accuracy of
the classification model. Additionally, this combination is
better than using only compression, both in terms of bitstream
reduction and accuracy impact.

To evaluate the effect of image compression in the scenario
considered in this work, we have developed a library that cal-
culates a set of metrics such as accuracy, sensitivity, specificity,
and F1-score. The library will be publicly available to support
further research on the influence of compression on medical
image classification.

VI. CONCLUSION

We have investigated the impact lossy compression has
on the performance of predictive models devised for the
classification of medical images. Two popular off-the-shelf
standard lossy compression solutions, JPEG and JPEG2000,
were selected due to their maturity, pervasiveness, and com-
putational affordability. The two solutions were used with and
without a prior downsizing step to compress the test dataset.
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Fig. 5: Impact of compression on: (a) accuracy of the COVID-Next classifier; (b) F1 score of the COVID-Next classifier. The
dataset images were compressed with different compression ratios using JPEG or JPEG2000. The downsized images were
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Fig. 6: Impact of compression on: (a) accuracy of the Brain Tumor classifier; (b) F1 score of the Brain Tumor classifier. The
dataset images were compressed with different compression ratios using JPEG or JPEG2000. The downsized images were
scaled to 256 x 256 pixels before compression. The model’s accuracy on the raw images is 95.53% and the Fl-score is 0.9245.

In turn, the compressed dataset is subjected to the analysis
of the prediction models, and the results are compared to the
results obtained for the pristine test dataset, thus enabling us to
assess the impact of standardized compression solutions on the
performance of the models. We have chosen two distinctive
models devised for different problem domains and medical
image modalities. The experimental results have shown that
it is possible to reduce the bit rate without significant harm
to the prediction accuracy of the models, thus allowing image
transmission under severe bandwidth constraints. Such results
suggest the viability of implementing automatic diagnosis
SaaS to cope with poor communication infrastructure in re-
mote areas or developing countries. The algorithms used to
obtain the results will be published as a Python library and

adopted by the AI4H (Artificial Intelligence for Health), a
focus group of the ITU in partnership with the World Health
Organization (WHO), aimed at establishing a standardized
assessment framework for the evaluation of Al-based methods
for health, diagnosis, triage, or treatment decisions. This tool
will define the best strategy to obtain a good transmission
rate reduction without a significant performance drop. This
is an ongoing initiative of the AI4H focus group on Al for
radiology [30].

VII. LIMITATIONS AND FUTURE WORK

Lossy compression in the domain of medical imaging still
raises skepticism. Nonetheless, in remote regions facing short-
ages of medical specialists and stringent communication and
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computational constraints, it can represent a practical solution.
We have provided evidence that one can operate a standard
image codec to lower the bitrate while introducing negligible
performance impairment to CNN-based classification models
targeted at disease detection. However, further investigations
are needed to determine whether these findings apply to
different model architectures, imaging modalities, and data
resolutions. It is also important to assess whether CNN models
attend to similar regions in both the compressed and the raw
image. Additionally, one can explore the interplay of compres-
sion and classification by devising a CNN-based classification
model to operate directly in a partially compressed domain,
leveraging JPEG coefficients as input data.
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