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Abstract

The transition from glass slide to digital pathology has
been hindered by the vast storage and transmission require-
ments of archiving and remote-accessing whole-slide im-
ages (WSIs): a small regional hospital may generate hun-
dreds to thousands of gigabytes of WSIs per day. Neu-
ral compression methods show good promise but suffers
from potential hallucinations. Here we examine and bench-
mark modern statistical compression methods and develop
a WSI archival pipeline that incorporates both traditional
and machine learning techniques, achieving 93% reduction
in space compared to conventional JPEG compression. The
proposed pipeline is designed to be fallback-safe: a com-
puter without machine-learning capabilities can still view
archived WSIs without content alteration, while substan-
tially more details at target regions on-demand may be re-
covered by our real-time reference-based super-resolution
upsampling method.

1. Introduction

The field of digital pathology was initiated by the first au-
tomated high-resolution whole-slide image (WSI) system
near the beginning of the millennium. Digital pathology
and WSIs eliminate constant microscope observation and
enable flexible image signal processing (ISP) and digital
archiving methods [7, 8]. Combined with advances in com-
putational and storage equipment, digital pathology’s ad-
vantage have made it increasingly adopted by hospitals and
health networks for cancer diagnosis [6, 9].

However, digital pathology’s adoption is hindered by the
storage and transmission requirements for archiving and
remote-accessing WSIs; for example, a small regional hos-
pital typically generates hundreds to thousands of gigabytes
of WSIs per day. Current storage burdens stem from subop-
timal JPEG compression and redundant information storage
(typically only 10%-20% of patches in a WSI are critical

to diagnosis). While artificial neural network (ANN)-based

compression shows strong potential, the medical commu-

nity has limited trust in it due to concerns about hallucina-
tions that might generate non-existent features and mislead
diagnosis.

To address these challenges while maintaining patholo-
gists’ trust, we propose a WSI archiving and viewing so-
lution that is fallback-safe: computers without machine-
learning (ML) capabilities can still decode and view WSIs
without altered content (though at potentially reduced qual-
ity). To improve compression rate (CR), we benchmarked
modern image compression algorithms including WebP
[24], JPEG XL [2], and AVIF [4] on various settings to
identify optimal methods and parameters for compressing
WSI patches. Building on these results, we propose a WSI
archiving pipeline that incorporates the optimal compres-
sion settings found, eliminates white spaces and stores re-
gions not critical to diagnosis at reduced scale. The com-
bined archiving solution achieves 92.7% space reduction
compared to conventional JPEG compression.

A pathologist may need to view archived WSIs for re-
viewing, regulatory purposes, or retrospective studies. For
regions stored at reduced scale, diagnostically non-critical
details may be lost, creating annoyance to pathologists.
However, the details can be reconstructed through super-
resolution (SR) methods using high-resolution patches as
references. To provide seamless viewing, we developed
viewer software that performs “lazy” real-time SR: upsam-
pling only the necessary on-screen regions.

Our contributions can be summarized as follows:

* A comprehensive benchmark of modern image compres-
sion algorithms on whole-slide images (WSIs) with prac-
tical recommendations for clinical deployment.

* A practical WSI archival pipeline that balances readabil-
ity, clinical trust, and storage and computational effi-
ciency.

* An efficient software implementation for on-demand
viewing of archived WSIs with an intuitive user interface,
seamlessly integrated into the proposed pipeline.



2. Technical Background

This section provides an overview of key technologies in
the Whole-Slide Image (WSI) compression pipeline based
on the literature and our experience.

2.1. Whole-Slide Image Compression

Whole-Slide Images (WSIs) are high-resolution scans of
histological or cytological slides used in digital pathology.
In typical clinical settings, histology slides are scanned at
40x magnification (around 0.2 microns per pixel [14]), re-
sulting in tiled images of 1-30 gigapixels [19, 23], occupy-
ing tens of gigabytes when uncompressed [14], and 0.5-6
GB when compressed with JPEG (Quality=90). A hospi-
tal in a small city typically generates hundreds of WSIs per
day, creating significant storage requirements.

Several recent efforts address this storage burden. Some
neural network-based methods [5, 19] focus on facilitat-
ing downstream tasks such as classification or segmentation
without focus on perceptual quality, which only allows low-
quality reconstruction of the original WSI or no reconstruc-
tion at all. Recently, a lossless WSI compression framework
[17] was proposed, but was impractical for archival use due
to its compression ratio (CR) being lower than currently ac-
cepted lossy method.

Lossy neural compression methods optimizing for per-
ceptual quality have been explored through autoencoders
(AEs). VQ-VAE2 [18] and diffusion models’ AEs shown
reasonable performance on WSI compression, but still un-
derperformed JPEG in PSNR and SSIM [22], while having
other practical drawbacks [14, 23].

Aside from limited perceptual quality in reconstruc-
tion, neural compression methods receive limited trust from
pathologists due to their black-box nature. In response,
some non-neural methods have been proposed. Faghani
et al. [7] proposed densely packing non-empty regions of
a WSl into a JPEG image with smaller dimensions. While
this method can be incorporated into our framework, its
significant performance improvement is only observed on
WSIs with large blank regions. Additionally, AVIF [4] can
reduce the method’s space conservation by up to 25x. He-
lin et al. [10] measured WSI compression performance of
JPEG 2000, an already-superseded codec, in a setting re-
sembling practical use cases, except having a target quality
(JPEG Quality=80) unacceptable to some pathologists. A
comprehensive benchmark of modern codecs is warranted.

2.2. Super-Resolution for Histology

Several studies [ 1, 13] found super-resolution (SR) architec-
tures designed for natural images (e.g., ESRGAN [21] and
EDSR [16]) perform well on WSIs. Pathologists confirmed
that SRed images are acceptable for diagnosis [I, 13].
However, in clinical settings, relevant high-resolution (HR)
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Figure 1. The proposed pipeline for whole-slide image (WSI) ac-
quisition, compression and on-demand viewing. Our contributions
are focused on the latter two stages.

patches are often available. These single-image SR methods
do not utilize such information.

2.3. Modern Statistical Image Compression

The JPEG compression standard was proposed in 1992 [20]
and has been widely used since and remains the most com-
pression algorithm for WSIs. WebP is an open format pro-
posed by Google in 2010 [24], which provides around 30%
increase in compression ratio (CR) compared to JPEG and
has since gained wide support on all mainstream browsers
[3]. In this decade, some new image compression stan-
dards have been proposed. JPEG XL features higher CR
than JPEG, while providing some backward compatibility
[2]. However, Google dropped Chrome’s support in 2023
[3], despite being one of its main proponents. HEIC is the
image format based on HEVC [11], which has yet to be
supported by major web browsers except Safari [3]. In con-
trast, AVIF [4], backed by AOMedia, is widely supported in
modern browsers [3]. It reportedly has better compression
performance than JPEG XL when the target quality is lower
than MS-SSIM 0.990 [2].

2.4. Reference-Based Super-Resolution

Conventional single-image super-resolution (SISR) models
receive a low-resolution (LR) image as input and predict a
high-resolution (HR) image as output. However, in real-
world applications, HR images of related contents are often
available, which provide additional details for reconstruc-
tion, leading to the development of reference-based super-
resolution (RefSR) models. While many RefSR models for
natural images have been proposed in recent years, most use
C’Q-matching [12] as their baseline.

3. Methodology

3.1. Overview

Under existing settings, pathology slides are first scanned
through high-resolution scanners to obtain whole-slide im-
ages (WSIs) that are uncompressed or compressed with



a quick but sub-optimal algorithm. The results are then
sent to a pathologist for analysis, during which they label
diagnosis-relevant regions (regions of interest, Rol). Ac-
cording to microscopy technologists we interviewed, the re-
gion of interest (Rol) typically occupies approximately 10-
20% of the total tissue area.

Figure | depicts our proposed WSI archiving and on-
demand viewing procedure after WSI acquisition and diag-
nosis. To preserve fallback viewability on systems without
hardware for deep-learning (DL) models and maintain trust
among pathologists, we use statistical image compression
methods and bicubic downsampling for storage reduction.
When a WSI is ready for archival storage, our method re-
moves blank tiles and downsamples regions outside the Rol
to a lower resolution (by 4x). It then compresses the WSI
using a backbone statistical image compression algorithm
selected through a systematic benchmark. When a patholo-
gist needs to review an archived WSI, the compressed WSI
is first decompressed and displayed in our proposed user in-
terface. When a region is zoomed in beyond its stored reso-
lution, a reference-based super-resolution (RefSR) method
upsamples the region in real time.

The rest of this section details the selection of compres-
sion algorithms (Sec. 3.2) and the implementation of real-
time viewing for archived WSIs (Sec. 3.3), including the
user interface and RefSR method usage.

3.2. Selection of Compression Algorithm

We conducted experiments on 512x 512 tissue patches from
six WSIs (that contains around 88k patches) provided by
Huron Digital Pathology. JPEG compression (Quality =
90), the most commonly used method in clinical settings,
is first applied to the dataset to obtain a reference baseline.
We then use exhaustive search to obtain the optimal param-
eter group for each image patch for each tested compres-
sion algorithm. The optimal parameter group produces the
smallest file size while maintaining at least the same quality
as JPEG compression (SSIM ~ 0.938). Benchmark results
and optimal parameter statistics are reported in Sec. 4.1.

After the benchmark and optimal parameter group
search, we selected AVIF as the underlying compression
algorithm in our pipeline, due to its superior performance
and wide adoption. We then measure the space reduction of
resulting WSIs after adding each proposed improvement to
our pipeline. Results are shown in Sec. 4.2.

3.3. Real-Time Reference-Based Super-Resolution
for On-Demand Viewing

Since patches in our archived WSIs are stored at varying
scales, existing viewing systems cannot be used. We im-
plement a custom viewer (Fig. 2) that supports zooming,
panning, and Rol selection and viewing for use by patholo-
gists and technicians to view archived WSIs. Notably, WSI
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Figure 2. The UI of the proposed WSI viewer software. Regions
highlighted in green are simulated Rol stored at full resolution,
while the rest are stored downsampled.

patches outside the Rol are stored at lower resolution to pre-
serve storage space, which reduces perceptual quality for
details that are not critical to diagnosis. To restore percep-
tual quality, we retrain the C? matching model [12] on the
SegPath dataset [15] and use it as the SR backbone. The
backbone is distributed with the viewer software and is to
be deployed on the client side. When a user zooms into a
downsampled region beyond its stored resolution, the back-
bone RefSR model is called to upsample the region using
the nearest high-resolution patch (in the Rol) as reference.

4. Experiments and Results

4.1. Benchmark of Compression Algorithms

We obtained six WSIs (that contains around 88k patches)
from Huron Digital Pathology for benchmarking modern
image compression algorithms. Since space overhead cre-
ated by white spaces is handled separately in our pipeline,
we exclude them from the search of optimal parameters
for each compression algorithm. We first filter out empty
(white) patches and patches that contain significant portions
of background, leaving 25,849 patches of 512x512 pixels.
To establish a baseline, we compress the patches using stan-
dard JPEG compression (Quality = 90), which yields an av-
erage SSIM of 0.938 and a compression rate (CR) of 12.14.

Due to the storage constraints for exhaustive search,
we randomly selected 500 out of the 25,849 patches
for benchmarking WebP, JPEG XL, and AVIF. Each al-
gorithm is tested on all combinations of frequently ad-
justed parameters, and the optimal parameter group for
each patch is selected and recorded. The “optimal” pa-
rameter group is defined as the group that yields the
smallest file size while maintaining at least the same
quality as the JPEG baseline (SSIM = 0.938). Ta-
ble 1 shows that AVIF outperforms the other two algo-
rithms in terms of space reduction and has better param-
eter consistency between the two better-performing algo-
rithms. In addition, we found the following group of



Table 1. Comparison of compression performance of different al-
gorithms on WSI patches. The SSIM score for JPEG is used as
the target quality for other algorithms. The space saving is calcu-
lated against JPEG. The largest group indicates the percentage of
patches whose optimal parameter group is the most popular one
among all patches. The first-3 groups indicate the percentage of
patches whose best three parameter groups are among most popu-
lar one. Size of the groups indicates parameter consistency.

Comp. Mean  Space Largest First-3 Time/
Algo. SSIM  saving group  groups patch
JPEG 0.938 - - - 157 ms
WebP 0940 352% 262% 71.0%  62.7 ms
AVIF 0941 71.5% 20.8% 27.0% 140.5 ms
JPEGXL | 0940 62.8% 14.6% 24.0% 129.8 ms

Table 2. Comparison of space reduction provided by each step in
the proposed archiving pipeline.

Backbone Removing Downsampling Space
algorithm blank non-Rol saving
JPEG - - -
JPEG v - 25.80%
AVIF - - 79.07%
AVIF v - 80.09%
AVIF v v 92.75%

AVIF parameters works well on most patches in terms
of CR and SSIM: ’agmode’: 3, ’'end_usage’:
q, ’"cqg.level’: 30, ’sharpness’: 0. Fur-
ther considering the wide adaptation of AVIF (Sec. 2.3), we
select AVIF as the underlying compression algorithm in our
proposed pipeline.

4.2. Performance of the Final Archiving Settings

Based on interviewed domain experts’ assumptions, we ran-
domly selected 20% of tissue-containing patches as the Rol.
We then sequentially add each step of our proposed archiv-
ing pipeline to the WSIs and measure the overall space re-
duction compared to JPEG. Table 2 shows that downsam-
pling non-Rol patches and AVIF significantly reduce stor-
age size. On the other hand, removing white spaces con-
tributes significantly to reducing JPEG’s storage size but
has limited effect on AVIF due to its optimised codec de-
sign. However, white space removal is still included in our
pipeline to speed up the compression process.

4.3. Reference-Based Super-Resolution

The C?-matching implementation in Zhang et al. [25]’s
code is used for training. We train the model on the SegPath
[15] for 75,000 iterations. Figure 3 shows a comparison be-
tween the upsampling results of the trained RefSR model
and bicubic upsampling on a downsampled and AVIF-
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Figure 3. Upsampling results of RefSR and bicubic upsampling
on the same downsampled AVIF-compressed WSI patch. RefSR
provides sharper results with more details.

compressed WSI patch. The RefSR model reconstructs
sharper textures and more details than bicubic upsampling,
providing less visual distraction to pathologists. In addition,
RefSR on each 512x512 patch only requires 0.12 second on
a RTX 3080 GPU, which is fast enough for real-time zoom-
ing and viewing on a FHD screen. In addition, in our field
test, the model achieves real-time zooming on a 4K screen
on a typical workstation supplied by microscopy scanner
vendors (equipped with an NVIDIA A6000 GPU).

5. Conclusion and Future Works

In this paper, we conducted a comprehensive benchmark
of statistics-based modern image compression algorithms
and proposed a practical WSI archival and viewing pipeline
based on the benchmark results. The archival pipeline con-
sists of non-machine-learning methodologies that reduced
the storage size by 92.75% compared to conventional JPEG
compression while maintaining perceptual quality, fallback-
safety, and clinical trust. The viewer software utilizes real-
time reference-based super-resolution to reconstruct diag-
nostically non-critical details on-demand, enabling seam-
less viewing of archived WSIs. The drastic space saving
and the efficiency of the proposed pipeline warrant its prac-
tical adoption in medical institutions.

Despite the pipeline’s advantages in practice, some fu-
ture improvements can be made: The RefSR model re-
quires the diagnostically critical reference patches to be la-
belled. Currently, these regions of interest (Rols) are manu-
ally selected by pathologists, which can sometimes be time-
consuming. Automating the selection process using ma-
chine learning models could further streamline the work-
flow. Alternatively, a low-birate vector can be generated
from the original WSI patch prior to downsampling, cre-
ating a reduced reference to guide super-resolution. This
method has potentials to eliminate the need for Rol la-
belling. As the medical community gains greater confi-
dence in neural compression methods, techniques such as
implicit neural representations (INRs) could be explored,
as they can effectively exploit their WSIs’ redundancies.
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