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Abstract

Whole Slide Imaging (WSI) has revolutionized digital
pathology but presents significant challenges in storing the
high resolution images, given the massive file sizes. While
standard image compression can reduce WSI file sizes, it
applies blind compression on the whole WSI. This might
lose potential bandwidth on non-diagnostic regions while
compromising diagnostically relevant regions. To address
this challenge, we propose a hybrid WSI compression tech-
nique that applies lossless compression to annotated clin-
ically relevant Regions of Interest (ROIs) and lossy com-
pression to the background. We implemented and evaluated
a framework supporting multiple codecs, including loss-
less (JPEG-LS, PNG, ZSTD) and lossy (JPEG, JPEG-XL,
JPEG2000) variants. Our results, evaluated on a represen-
tative set of WSI images, demonstrate compressed file sizes
up to 30× smaller than the uncompressed originals, while
preserving diagnostic quality in the annotated ROIs. The
method efficiently stores ROI metadata for seamless recon-
struction. This work provides a practical and efficient path
for integrating task-aware compression into digital pathol-
ogy workflows.

1. Introduction

Digital pathology, driven by Whole Slide Imaging (WSI), is
transforming the digitization of diagnostic results, clinical
decision-making, pathological training, and data analysis.
However, a major challenge in its widespread implementa-
tion is the massive data generated by high-resolution WSIs,
which can range from hundreds of megabytes to gigabytes
per slide, creating significant storage and transmission chal-
lenges [6, 10, 20].

While traditional image compression methods, such as
JPEG/JPEG2000, can significantly reduce file sizes, their
uniform application across entire pixel grid is inefficient in
this case. This approach risks losing diagnostic details in

relevant regions, while unnecessarily allocating bandwidth
to compress non-informative background areas[11, 14].

This observation aligns with clinical workflows, where
pathologists typically focus on specific Regions of Interest
(ROIs) for diagnosis [2, 17]. Therefore, we propose an an-
notated ROI-based hybrid compression strategy that care-
fully applies lossless compression to diagnostically rele-
vant ROIs and aggressively applies lossy compression to the
background. This way, we can achieve substantial storage
and bandwidth savings without compromising diagnostic
accuracy. In this proof-of-concept work, we implement and
evaluate such a hybrid compression framework for WSIs.
Our key contributions are:
• A flexible methodology that encodes ROIs with state-of-

the-art lossless codecs while applying configurable lossy
compression to the background.

• Incorporation of ROI metadata directly into the com-
pressed file, enabling seamless full-slide reconstruction.

• A comprehensive comparative analysis of eight different
codec combinations on real-world WSI samples, demon-
strating the effectiveness of our approach.

2. Background and Related Works

Early research demonstrated that diagnostic accuracy in
WSIs can be preserved with lossy compression up to
specific compression ratios, establishing a foundation for
quality-controlled compression approaches [3, 4, 10]. This
observation directly motivates hybrid compression frame-
works, an active research direction that applies differ-
ent strategies to diagnostically critical Regions of Inter-
est (ROIs) and non-diagnostic background regions [15].
For example, some methods combine traditional transforms
such as the Discrete Wavelet Transform (DWT) with deep
learning modules to adaptively preserve critical features [7].
Building on this, deep learning–based compressors can sur-
pass traditional codecs like JPEG-XL in perceptual qual-
ity by learning modality-specific features. However, these
models often struggle to generalize across diverse datasets



and are computationally intensive, limiting their practicality
in clinical settings [7].

Beyond compression quality, computational overhead
remains a key constraint in whole slide imaging workflows.
WSIs are gigapixel-scale, and both encoding and decoding
must scale efficiently to support clinical throughput. Meth-
ods relying on global optimization or deep neural infer-
ence across entire slides often incur substantial runtime and
memory costs, hindering deployment [1, 8, 16]. In contrast,
region-localized or tile-wise approaches better align with
clinical pipelines [5, 23] by enabling parallel processing,
bounded memory usage, and scalable handling of multiple
ROIs [21, 22].

For clinical studies requiring absolute data integrity,
lossless compression remains essential. While general-
purpose lossless compressors such as LZMA can achieve
high compression ratios, they are often computationally in-
efficient for very large images like WSIs. In response, spe-
cialized dictionary-based compressors [26] such as WISE
exploit WSI-specific statistics, reporting average compres-
sion ratios of 36× [18]. To mitigate the computational cost
of compression and decompression, a parallel line of re-
search explores analysis directly on compressed data. These
adaptive decompression strategies can substantially accel-
erate analysis workflows while preserving diagnostic accu-
racy [28].

Despite these advances, current WSI compression tech-
niques face limitations. Traditional codecs such as JPEG
2000 and cropping-based methods offer only modest stor-
age savings [9], while hybrid ROI-based approaches pro-
vide adjustable fidelity but lack comprehensive benchmark-
ing of modern codecs within clinically relevant workflows.
Although deep learning methods achieve high perceptual
quality, their computational demands and limited inter-
pretability hinder clinical adoption. Specialized lossless
compressors like WISE achieve high compression ratios but
operate as monolithic processes without the region-specific
flexibility of hybrid systems [12].

This work addresses these gaps through a systematic
evaluation of a practical hybrid compression framework.
By combining state-of-the-art lossless and lossy codecs, we
provide a direct comparison of efficiency while guarantee-
ing lossless preservation of clinically significant ROIs, user-
tunable background quality, and computational scalability
suitable for real-world clinical deployment.

3. Methodology
To maximize storage efficiency, our proposed framework
applies aggressive lossy compression to non-diagnostic
background regions of the WSI. This approach is justified
by the established principle that these areas can tolerate sig-
nificant data reduction without impacting their utility for
clinical or computational tasks [25]. The core challenge is

to select codecs that provide an optimal trade-off between
compression ratio, computational speed, and the perceptual
quality of the reconstructed background.

We evaluated several state-of-the-art lossy codecs, in-
cluding JPEG, JPEG-XL, and JPEG2000, for this work.
These codecs were chosen for their widespread usage, effi-
cient implementation, and ability to achieve high compres-
sion ratios. The quality of the compressed background is
quantitatively assessed using standard metrics such as Peak
Signal-to-Noise Ratio (PSNR) [13] and Multi-Scale Struc-
tural Similarity Index (MS-SSIM) [27] to ensure that the
compression remains within acceptable, visually lossless
bounds for the intended use case, even at high compres-
sion levels. This allows users to tune the compression level
based on their specific storage versus quality requirements.
Our proposed pipeline is illustrated in Figure 1.

Figure 1. Block diagram of the proposed hybrid ROI-based com-
pression and reconstruction pipeline.

3.1. Proposed Hybrid Compression Framework
The core methodology involves the following steps:
1. ROI Simplification: User-annotated ROIs, provided as

polygons, are simplified to their minimum bounding
rectangle (MBR) for efficient storage and processing.

2. Spatial Separation: The WSI is logically partitioned into
the ROI region (IROI ) and the background (IBG).

3. Independent Compression: IROI is compressed using
a lossless codec to guarantee diagnostic integrity, while
IBG is compressed with a lossy codec and a user-tunable
quality parameter.

4. Metadata and Packaging: The compressed data, along
with metadata (image dimensions, ROI bounding box,
and segment sizes), is packaged into a single binary file.

3.2. Codec Configurations
We evaluated eight hybrid techniques, each pairing a lossy
background codec with a lossless ROI codec, as defined in
Table 1. The user-adjustable parameters for the lossy codecs
control the quality-size trade-off for the background.

3.3. Mathematical Formulation
Let the original WSI be defined as a function I : Ω → Rc,
where Ω ⊂ Z2 is the spatial domain and c is the number of



Table 1. Evaluated Hybrid Compression Techniques

Technique ID Background (Param) ROI (Lossless)

T1 JPEG 2000 (40) JPEG-LS
T2 JPEG (50) DEFLATE
T3 JPEG (50) ZSTD
T4 JPEG (50) LZMA
T5 JPEG (50) PNG
T6 JPEG (50) JPEG-LS
T7 JPEG-XL (0) JPEG-LS
T8 JPEG-XL (0) JPEG-XL-LS

color channels. The user-defined Region of Interest is given
as a binary mask M : Ω → {0, 1}.

The image is partitioned into two disjoint regions:

IROI = I ⊙M and IBG = I ⊙ (1−M) (1)

where ⊙ denotes element-wise multiplication.
We first define the set of compressed components as:

S(I,M, q) = {Clossless(IROI), Clossy(IBG, q),M} (2)

where M denotes the metadata required for reconstruction.
The final hybrid compressed representation is obtained

by applying a packaging operator P(·):

Chybrid(I,M, q) = P(S(I,M, q)) (3)

which concatenates the compressed components and meta-
data into a single binary container.

3.4. ROI Simplification to Bounding Box
For each WSI, the diagnostically relevant ROI is ini-
tially provided as a set of N 2D coordinates, S =
{(x1, y1), (x2, y2), . . . , (xN , yN )}, often outlining a polyg-
onal area. To standardize storage and facilitate later pro-
cessing, we compute the minimum bounding rectangle
(MBR) that encloses the ROI:

xmin = min
i
(xi), xmax = max

i
(xi),

ymin = min
i
(yi), ymax = max

i
(yi),

w = xmax − xmin, h = ymax − ymin

(4)

where (xmin, ymin) are the top-left corner and (w, h) are
the width and height of the bounding box. The ROI is thus
reduced from an arbitrary polygon to a rectangle, optimiz-
ing both compression and metadata size.

3.5. Decompression and Reconstruction
The background and ROI are decompressed independently,
and the original image is reconstructed by superimposing
the lossless ROI onto the lossy background at the stored

bounding box coordinates. A key implementation detail is
the addition of an 8 pixel black margin around the ROI dur-
ing JPEG background compression to prevent block arti-
facts at the boundary. This workflow ensures perfect recon-
struction of diagnostically critical regions while achieving
high compression ratios.

4. Results
Our hybrid compression framework was evaluated on a
small subset (seven) of WSIs, demonstrating substantial file
size reductions while guaranteeing lossless preservation of
diagnostically critical Regions of Interest (ROIs). For this
proof-of-concept study, the WSIs were spatially downsam-
pled to manageable resolutions to facilitate systematic eval-
uation. The resulting image resolutions ranged approxi-
mately from 5,000 × 3,000 to 9,000 × 9,000 pixels, cov-
ering a representative spectrum of large-scale WSI dimen-
sions. Perceptual quality was assessed using PSNR and
SSIM computed over the entire reconstructed image.

4.1. Compression Performance
State-of-the-art codecs, particularly JPEG-XL, achieved the
highest compression efficiency. As illustrated in Fig. 2, the
techniques T8 {JPEGXL-LS, JPEGXL(0)} and T7 {JPEG-
LS, JPEGXL(0)} produced the smallest mean file sizes of
7.15 MB and 7.81 MB, respectively. This corresponds to a
consistent size reduction of over 95% across all test images.
Performance of other combinations of codecs are presented
in Fig. 3.

Figure 2. Compressed file sizes by technique. The dashed line
shows the uncompressed mean (202.02 MB).

4.2. Background Quality and Trade-offs
The user-tunable property of proposed method allows for
a flexible trade-off between background quality and file
size. As quantified in Table 2, aggressive compression
with JPEGXL(0) yields the smallest files but lower percep-
tual metrics (PSNR: 24.40 dB, SSIM: 0.66). In contrast,



Figure 3. Size reduction across images and techniques. JPEG-XL
methods (orange/blue) achieve the greatest and most consistent re-
duction.

JPEG(50) and JPEG2K(40) preserve background quality
near visually lossless levels (PSNR ≥ 30 dB, SSIM ≥ 0.90)
at the cost of a larger file size. Visual inspection of high-
magnification crops (Fig. 4) confirms that increased com-
pression introduces blurring and texture loss in the back-
ground, while the ROI remains perfectly preserved.

Table 2. Mean background perceptual quality for selected codecs.

Compression Mean PSNR (dB) Mean SSIM

JPEG2K (40) 34.74 0.96
JPEG (50) 30.60 0.91
JPEGXL (20) 27.79 0.82
JPEGXL (0) 24.40 0.66

Figure 4. Visual comparison of background compression: origi-
nal, moderate (JPEG-XL 20), and aggressive (JPEG-XL 0). ROI
remains lossless throughout.

4.3. Computational Cost and Scalability
To quantify the practical impact of the proposed framework
on clinical workflows, we measured total execution time
and compression ratio across all evaluated hybrid configura-
tions on representative CPU hardware. Table 3 summarizes
results for seven test cases (TC1–TC7), spanning a range of
downsampled WSI resolutions.

Across configurations, execution time scaled with im-
age size and codec complexity. Hybrid schemes using
fast lossless ROI codecs (e.g., JPEG-LS) with conventional
JPEG background compression achieved sub-second run-
times while providing substantial size reduction. In con-
trast, configurations employing more complex codecs such
as JPEG-XL or LZMA achieved higher compression ratios
at the cost of increased execution time, reflecting greater
computational overhead.

Peak memory usage remained bounded and scaled with
tile size rather than full slide resolution, enabling efficient
processing of large WSIs. The framework supports tile-
wise and parallel processing, allowing multiple ROIs to be
handled independently without global recompression. As
ROI coverage increases, both runtime and compression be-
havior converge toward those of whole-slide compression,
consistent with the trends in Table 3.

Table 3. Mean compression ratio and mean total execution time
across hybrid compression configurations, averaged over seven
test cases (TC1–TC7).

ROI / Background Codec Mean CR (×) Mean Time (s)

JPEG-LS / JPEG 13.35 0.50
JPEG-XL-LS / JPEG-XL 49.09 19.61
JPEG-LS / JPEG-XL 38.58 13.17
JPEG-LS / JPEG2000 5.74 18.16
PNG / JPEG 8.56 2.38
LZMA / JPEG 8.26 3.16
ZSTD / JPEG 8.14 3.38
DEFLATE / JPEG 5.59 12.85

Overall, these results show that the proposed hybrid
framework enables controlled trade-offs between compres-
sion efficiency and computational cost, supporting practical
deployment across diverse clinical scenarios.

5. Conclusion
This work demonstrates that a hybrid, ROI-based compres-
sion framework can substantially reduce Whole Slide Im-
age (WSI) storage requirements up to 97% while guarantee-
ing lossless preservation of diagnostically critical regions.
Our results show that modern codecs, particularly JPEG-
XL, provide strong compression efficiency and robustness
across diverse tissue types, while allowing user-controlled
background quality without compromising ROI integrity.
These findings highlight the practicality of ROI-aware com-
pression for addressing the growing data management chal-
lenges in digital pathology.

Future work will focus on clinical validation using larger
and more diverse datasets such as HISTAI [19], integration
of automatic and AI-driven ROI detection, and compati-
bility with DICOM-WSI and pyramidal storage formats to
support efficient random access and broader adoption. We



also plan to further benchmark state-of-the-art codecs, in-
vestigate alternative ROI representations, evaluate scalabil-
ity with increasing ROI complexity, and extend analysis to
computational cost, downstream task robustness [24], and
reproducible open-source deployment.
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