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Fernández Mellado and Pau Quintas-Torra

Abstract—Modern imaging systems generate large volumes of
raw data under strict throughput and memory constraints. In
Bayer Color Filter Array (CFA) sensors, conventional pipelines
typically compress demosaiced RGB images, introducing re-
dundancy and increasing computational cost. This motivates
compression directly in the sensor domain. We propose BLADE,
a GPU-oriented lossless compression framework that operates
directly on CFA data. The method combines CFA-aware prediction
with a block-and-stripe decomposition that enables fine-grained
parallelism while preserving statistical efficiency. A lightweight
global entropy model is employed to avoid synchronization
overhead and ensure scalable parallel execution. Experimental
results on high-resolution and high-bit-depth datasets show
that BLADE achieves competitive or superior compression
performance compared to state-of-the-art CFA methods, while
significantly reducing execution time with respect to both
conventional and GPU-based codecs. The method operates close
to the Pareto-optimal frontier, achieving low bitrate and high
throughput. System-level analysis under continuous acquisition
demonstrates sustained real-time operation within a well-defined
operating region. The method exhibits predictable behavior across
resolutions, input rates, and power constraints, including on
embedded GPU platforms. These results indicate that BLADE
effectively bridges compression efficiency and real-time processing
requirements, enabling high-throughput edge imaging systems.

Index Terms—Lossless image compression, Bayer CFA, RAW
imaging, predictive coding, high-throughput processing.

I. INTRODUCTION

Modern high-resolution imaging systems generate massive
volumes of data under strict throughput, memory, and energy
constraints. In many applications, including remote sensing
and airborne platforms, data must be compressed in real time
to enable continuous acquisition, storage, and transmission.
Most imaging pipelines rely on single-sensor architectures
equipped with Bayer Color Filter Arrays (CFA), where each
pixel captures a single spectral component. Full-color images
are typically reconstructed through demosaicing prior to
compression, increasing data volume and computational cost.
From a data representation perspective, CFA data contains one
sample per pixel, whereas a demosaiced RGB image represents
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each pixel with up to three components. For an image with N
pixels, this corresponds to N samples in the CFA domain and
up to 3N samples after demosaicing [1], [2]. This expansion
increases memory bandwidth, storage, and computational cost,
motivating compression directly in the CFA domain.
Demosaicing can instead be deferred to the decompression
stage, preserving true lossless compression with respect
to sensor measurements. In contrast, demosaicing prior to
compression alters the signal through interpolation, so the
compressed data no longer corresponds to the original CFA
samples.
Most lossless methods transform the signal into prediction
residuals, which are entropy coded. The coding rate is therefore
governed by the entropy of these residuals, making accurate
prediction essential.
In practical systems, compression must satisfy real-time con-
straints. Let Rin denote the input rate (in MP/s) and Rproc the
processing throughput. Sustained operation requires

Rproc ≥ Rin, (1)

which favors parallel-friendly designs with minimal dependen-
cies.
Lossless compression of CFA images has been widely studied
using CFA-aware predictive and transform-based methods [3]–
[9]. General-purpose standards such as JPEG-LS and JPEG
2000 have also been applied to CFA data [10], [11], but do not
exploit CFA-specific dependencies and often rely on sequential
or weakly parallel processing. High-throughput approaches
such as JPEG XS [12], [13] prioritize parallelism but operate
in the lossy domain.
Despite extensive research, existing approaches fail to jointly
achieve high compression efficiency, fine-grained parallelism,
and sustained real-time performance on modern GPU platforms.
This limitation arises from a fundamental tension between sta-
tistical dependency and parallel execution, which has not been
explicitly addressed in prior CFA compression frameworks.
To address this challenge, we propose BLADE (Bayer Lossless
Compression for High-Throughput Airborne Data on Edge
GPUs), a GPU-native compression framework that operates
directly in the CFA domain. The proposed method combines
CFA-aware prediction with a block-and-stripe decomposition
that enables fine-grained parallelism while preserving most of
the statistical efficiency.
This trade-off can be formalized as:

min
θ

E[L(X; θ)] s.t. Rproc(θ) ≥ Rin, (2)
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TABLE I: Comparison of representative image compression methods in terms of publication year, CFA-aware modeling, lossless
capability, sensor-level (RAW) losslessness, parallelism, and execution platform.

Method Year
CFA-aware
modeling Lossless

Sensor-level
(RAW) Parallelism Processing

JPEG-LS [10] 2000 ✗ ✓ ✗ CPU
JPEG 2000 [11] 2002 ✗ ✓ ✗ CPU/GPU
JPEG-XL [14] 2019 ✗ ✓ ✗ CPU
JPEG XS [13] 2019 ✗ ✗ ✗ CPU/GPU/FPGA
CFA (JPEG XS-based) [15] 2021 ✓ ✗ ✗ CPU/GPU

CFA methods [3]–[5], [9], [16], [17] 2006–2017 ✓ ✓ ✓ CPU
Refined CFA methods [6]–[8] 2014–2022 ✓ ✓ ✓ CPU

Learning-based [18]–[22] 2018–2022 ✗ ✗ ✗ GPU
Lossless neural [23], [24] 2022–2023 ✗ ✓ ✗ GPU

GPU compression [25], [26] 2021–2022 ✗ ✓ ✗ GPU
GPU codecs [27], [28] 2020–2023 ✗ ✓ ✗ GPU
Scientific GPU compression [29], [30] 2020–2023 ✗ ✓ ✗ GPU

BLADE (proposed) 2026 ✓ ✓ ✓ GPU-native

where θ denotes the set of design parameters controlling
prediction, decomposition, and coding.
The main contributions of this work are as follows:

• We introduce BLADE, a GPU-native lossless compression
framework for CFA data that operates directly in the
sensor domain, preserving exact RAW measurements
while enabling high-throughput processing.

• We propose a block-and-stripe decomposition that resolves
the tension between parallelism and statistical efficiency,
enabling fine-grained parallel execution without introduc-
ing cross-region dependencies.

• We design a CFA-aware predictive and entropy cod-
ing scheme tailored for massively parallel architectures,
achieving effective redundancy reduction while avoiding
synchronization overhead.

• We provide a system-level analysis under continuous
acquisition, establishing a clear operating model based on
the relation between input rate and processing throughput.

• We demonstrate that the proposed method operates close
to the Pareto-optimal frontier of rate and throughput,
achieving competitive or superior compression perfor-
mance while significantly reducing execution time.

Overall, BLADE establishes a practical framework for bridging
the gap between compression efficiency and real-time process-
ing in modern edge imaging systems.

The remainder of this paper is organized as follows. Sec-
tion III describes the proposed method. Section V presents
experimental results and system-level evaluation. Finally,
Section VI concludes the paper. The implementation of the
proposed method is publicly available in [31].

II. RELATED WORK

Lossless image compression has been extensively studied
through predictive and transform-based approaches. JPEG-LS
[10] relies on low-complexity context modeling, while JPEG
2000 [11] and JPEG-XL [14] exploit spatial decorrelation and
advanced entropy coding.

JPEG XS [13] targets ultra-low latency and high-throughput
compression through simplified coding tools and parallel-
friendly designs, enabling real-time processing at 4K and 8K
resolutions. Extensions to CFA data have also been proposed
[15]. However, these approaches are visually lossless and do
not preserve exact sensor measurements.
Most existing standards assume fully sampled RGB or grayscale
signals and do not explicitly model the structural dependencies
of CFA data. Their pipelines often include sequential operations
that limit scalability on massively parallel architectures.
CFA-specific lossless methods [3]–[5], [16], [17] exploit the
Bayer structure through prediction and context modeling, with
refinements based on hierarchical prediction [6]–[8]. These
methods achieve sensor-level lossless compression by operating
directly on raw CFA data. However, their adaptive and context-
based models introduce inter-sample dependencies that limit
parallel scalability.
Learning-based compression methods [18]–[22] achieve strong
rate-distortion performance in RGB data, with extensions to
lossless compression [23], [24]. However, their computational
complexity, memory requirements, and sequential inference
limit their applicability to sustained real-time sensor-domain
compression under the target constraints.
GPU-based techniques enable high-throughput processing
through massive parallelism. Libraries such as nvCOMP [25]
and GDeflate [26] operate on generic data without exploiting
image structure. In contrast, GPU-accelerated codecs such as
nvJPEG2000 [27] implement full coding pipelines, inheriting
sequential dependencies that limit scalability. GPU-based
scientific compression methods [29], [30] further highlight
the importance of parallel-friendly designs.
Overall, existing approaches prioritize either compression effi-
ciency (CFA-specific methods) or computational performance
(GPU-based methods), but rarely both. Furthermore, most
lossless methods do not operate at the sensor level, as they
rely on demosaiced representations.
Table I summarizes this landscape. Only a limited number of
methods achieve sensor-level lossless compression, and these
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Fig. 1: Overview of the proposed BLADE compression pipeline. The CFA image is partitioned into blocks and stripes, enabling
independent prediction, entropy modeling, and encoding. Each stripe produces an independent bitstream, which is later compacted
into the final compressed representation. The example illustrates a configuration with block size 8× 8 and stripe width S = 2.

are not designed for massively parallel execution. Conversely,
GPU-based approaches provide high throughput but do not
preserve sensor-level fidelity.
This gap motivates compression frameworks that jointly achieve
sensor-level lossless coding and high-throughput parallel exe-
cution, as addressed by the proposed BLADE method.

III. PROPOSED METHOD

Fig. 1 illustrates the overall pipeline. The method operates
directly in the sensor domain, avoiding demosaicing and
preserving exact RAW measurements.
The proposed framework consists of four main stages: (i)
block-and-stripe decomposition, (ii) CFA-domain prediction,
(iii) entropy coding, and (iv) bitstream reorganization.
Let X ∈ {0, . . . , 2b − 1}H×W denote the input CFA image
with bit depth b, where xi,j represents the sample at position
(i, j). For clarity, a summary of the main notation is provided
in Appendix A.
The image is partitioned into non-overlapping blocks {Bu},
which are further subdivided into vertical stripes {Sk}. Each
stripe is processed independently and produces a partial
bitstream, later concatenated into the final compressed output.
The details of each stage are described in the following
subsections.

A. Block-and-Stripe Decomposition

To enable fine-grained parallelism under real-time constraints,
the image is decomposed into independent processing units
that can be handled concurrently without introducing data
dependencies.
The image X is partitioned into a set of non-overlapping square
blocks {Bu} of size B ×B, which form a tiling of the image
domain and define the primary units of parallel processing.
The total number of blocks is

NB =

⌈
H

B

⌉⌈
W

B

⌉
. (3)

Each block Bu is further subdivided into vertical stripes of
width S, defining a collection of regions {Sk}. Each stripe

Sk ⊂ Bu constitutes an independent coding unit, and the
regions are mutually disjoint:

Sk ∩ Sm = ∅, k ̸= m, (4)

ensuring that each sample is processed exactly once.
The number of stripes per block is

NS =

⌈
B

S

⌉
, (5)

and the total number of stripes is therefore

K = NB ·NS . (6)

This decomposition exposes fine-grained parallelism, as each
stripe can be processed independently without cross-stripe
dependencies.
Each stripe produces an independent bitstream bk, which
are concatenated to form the final compressed representation.
This design enables scalable high-throughput compression
while explicitly controlling the trade-off between parallelism,
compression efficiency, and metadata overhead.

B. CFA-Domain Prediction

A CFA spatial sampling pattern used in single-sensor imaging
systems captures only one color component per pixel. The
most common Bayer pattern follows a 2× 2 periodic structure
composed of one red (R), one blue (B), and two green samples:[

R G1

G2 B

]
. (7)

This pattern defines four interleaved sampling grids cor-
responding to channels R, G1, G2, and B. Each spatial
location (i, j) belongs to exactly one channel, denoted by
c(i, j) ∈ {R,G1, G2, B}, and the CFA image X contains a
single sample xi,j per pixel.
Prediction is performed independently within each channel
using only previously processed samples of the same type. The
effective predictor support is defined as

N ∗(i, j) = {(p, q) : (p, q) ≺ (i, j),

(p, q) ∈ Sk,

c(p, q) = c(i, j)},
(8)
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Green samples (c(i, j) = G)

(a) S = 8 (b) S = 4 (c) S = 2 (d) S = 1

Red/Blue samples (c(i, j) ∈ {R,B})

(e) S = 8 (f) S = 4 (g) S = 2 (h) S = 1

Fig. 2: Prediction support under stripe-constrained dependencies for green (top) and red/blue (bottom) samples. Green samples
exhibit a denser neighborhood, while red/blue samples rely on more sparsely distributed same-channel neighbors. As the stripe
width S decreases, horizontal dependencies are progressively removed, leading to predominantly vertical support.

where (p, q) ≺ (i, j) denotes a causal ordering.
Each sample is predicted from N ∗(i, j), yielding

x̂i,j , ri,j = xi,j − x̂i,j . (9)

To enable efficient entropy coding, residuals are mapped to
non-negative integers using a bijective transformation. Let xmin

and xmax denote the representable range. Define

θi,j = min
(
x̂i,j − xmin, xmax − x̂i,j

)
, (10)

and map residuals as

r′i,j =


2ri,j , 0 ≤ ri,j ≤ θi,j ,

−2ri,j − 1, −θi,j ≤ ri,j < 0,

θi,j + |ri,j |, otherwise.
(11)

This mapping is bijective and ensures exact recovery of the
original residuals. It follows the range-adaptive principle used
in predictive lossless compression [10], [32], [33].
To enable parallel execution, prediction is restricted to stripe-
local causal neighborhoods N ∗(i, j), avoiding cross-stripe
dependencies and synchronization across processing units.
The predictor adapts to the CFA structure and the available
support. The effect of stripe-constrained prediction is illustrated
in Fig. 2.

Green samples (c(i, j) = G):

x̂i,j =
1

3

(
xi−1,j−1 + xi−1,j+1 + xi−2,j

)
, (12)

with reduced-support variants near boundaries.

Red and Blue samples (c(i, j) ∈ {R,B}):

x̂i,j =
1

3

(
xi,j−2 + xi−2,j + xi−2,j+2

)
, (13)

also adapting to available neighbors when necessary.
This design ensures that all predictor inputs belong to the same
channel and lie within the same stripe, enabling fully parallel
execution while preserving most of the statistical dependencies
of CFA data.

C. Entropy Coding

The mapped residuals r′i,j are encoded using an entropy coding
stage designed to balance compression efficiency and parallel
scalability.
A global statistical model shared across all stripes is employed.
Local histograms are first computed independently for each
stripe Sk in parallel:

Hk(v) =
∣∣{(i, j) ∈ Sk : r′i,j = v}

∣∣ . (14)

These local histograms are aggregated into a global histogram,

H(v) =

K∑
k=1

Hk(v), (15)

from which a probability model P (v) is derived.
Let L(v) denote the code length associated with symbol v.
Under this model, it is given by

L(v) = − log2 P (v) + ϵ, (16)

where ϵ accounts for coding overhead.
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b0 ℓ0

b1 ℓ1

b2 ℓ2

b3 ℓ3

b4 ℓ4...
bK−1 ℓK−1

Allocated buffer (ℓk) Valid data (ℓ′k)

Exclusive prefix sum
[0, ℓ′0, ℓ

′
0 + ℓ′1, . . . ,

∑K−1
i=0 ℓ′i]

Output offsets

B =
⊕K−1

k=0 b
(ℓ′k)

k

Fig. 3: Bitstream reorganization from independently encoded
stripe buffers. Each stripe produces a variable-length bitstream
stored in a preallocated buffer, where only a prefix of length
ℓ′k contains valid data. An exclusive prefix sum determines the
output offsets, enabling compact assembly of the final bitstream
without synchronization.

The global model is then used to encode all stripes inde-
pendently. This decouples model estimation from encoding,
enabling fully parallel processing across stripes without inter-
thread synchronization.
Coding is performed at the symbol level, encoding each mapped
residual as a single event. This reduces the number of coding
operations and avoids fine-grained dependencies associated
with bit-level adaptive schemes.
The use of a global model represents a deliberate trade-off:
while local or adaptive models could improve compression
efficiency, they introduce synchronization and irregular memory
access patterns that significantly degrade parallel performance
on GPU architectures.
In practice, residual distributions remain sufficiently consistent
across stripes, allowing the global model to retain most of the
statistical efficiency while enabling scalable high-throughput
execution.

D. Bitstream Reorganization

The final stage assembles the global output bitstream by
concatenating the independently generated stripe bitstreams,
as illustrated in Fig. 3. The final bitstream is denoted by B to
avoid confusion with the block size B.
To enable fully parallel encoding, each stripe Sk is assigned a
preallocated buffer of size ℓk, representing an upper bound on
its encoded length. During encoding, each stripe produces a
bitstream bk with valid length ℓ′k ≤ ℓk, which is written into
its corresponding buffer.
The lengths {ℓ′k} are recorded and used to compute prefix
sums that determine the final memory offsets of each stripe
bitstreams. The global output is then obtained as

B =

K⊕
k=1

bk, (17)

where bk denotes the bitstream generated by stripe Sk, consid-
ering only its valid portion of length ℓ′k.

TABLE II: Summary of datasets used in the experiments. “Type”
indicates RGB or CFA data. Synthetic datasets follow standard
UHD resolutions (4K–16K). Entropy is reported in bits per
sample (bps).

Dataset (Purpose) Type Res. Bit Size Entropy

Real Images

Kodak (Benchmark) CFA (simulated) – 8 1024×1536 7.31
Kodak (Benchmark) CFA (simulated) – 8 1536×1024 7.31
Sony A7R IV (Sensor) CFA – 16 6376×9600 10.96

Synthetic

Random (Scalability) CFA 8K 8 4320×7680 8.00
Random (Scalability) CFA 8K 12 4320×7680 12.00
Random (Scalability) CFA 8K 16 4320×7680 15.99
Random (Scalability) CFA 12K 8 6480×11520 8.00
Random (Scalability) CFA 12K 12 6480×11520 12.00
Random (Scalability) CFA 12K 16 6480×11520 15.99
Random (Scalability) CFA 16K 8 8640×15360 8.00
Random (Scalability) CFA 16K 12 8640×15360 12.00
Random (Scalability) CFA 16K 16 8640×15360 16.00

This design decouples local bitstream generation from global
memory layout, avoiding dynamic allocation and synchroniza-
tion during encoding. Bitstream generation is fully parallel,
followed by a lightweight reorganization step based on prefix
sums.
The scheme is well suited for GPU execution, as both prefix-
sum operations and memory compaction can be efficiently
implemented in parallel, enabling high-throughput bitstream
assembly with minimal synchronization.

E. GPU Mapping: Blocks, Stripes, and Warps
The proposed BLADE pipeline is explicitly designed to align
with the execution model of modern GPU architectures. The
block-and-stripe decomposition exposes multiple levels of
parallelism that map naturally to CUDA.
At the coarse level, image blocks Bu of size B × B are
processed independently and mapped to CUDA thread blocks,
enabling parallel execution without inter-block synchronization.
Multiple blocks can be scheduled concurrently on each Stream-
ing Multiprocessor (SM), contributing to high occupancy.
Within each block, stripes define the units of fine-grained
parallelism. Each stripe Sk is processed by one or more warps
operating on contiguous pixel segments.
Let W = 32 denote the warp size. Choosing stripe widths
aligned with the warp size (S ≈ W ) establishes a direct
mapping between algorithmic and hardware execution units.
Under this configuration, each warp processes a contiguous
region, maximizing memory coalescing and minimizing control
divergence.
The number of warps required to process a stripe is

Nwarps =

⌈
S

W

⌉
, (18)

while the number of stripes per block is

Nstripes =

⌈
B

S

⌉
. (19)

The total number of warps per block can be approximated as

Nwarps per block ≈
⌈
B

S

⌉⌈
S

W

⌉
. (20)
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This directly impacts SM occupancy. Larger stripe widths
increase the number of threads and warps per block, which
may limit the number of concurrently resident blocks due to
register and shared memory constraints. Conversely, smaller
stripe widths reduce per-block resource usage, enabling higher
occupancy.
However, narrower stripes reduce the available spatial context
for prediction, degrading compression efficiency. As shown
in Section V-F, optimal configurations balance these effects,
achieving high throughput while preserving sufficient predictor
support.
Overall, the proposed mapping establishes a direct correspon-
dence between algorithmic units (blocks and stripes) and
hardware execution units (thread blocks and warps), enabling
efficient GPU utilization.
This mapping follows directly from the independence structure
induced by the proposed decomposition and does not rely on
implementation-specific optimizations.

IV. EXPERIMENTAL SETUP

A. Datasets

The proposed method is evaluated on three complementary
datasets covering: (i) Benchmark: coding efficiency under
standard benchmark conditions, enabling comparison with
state-of-the-art lossless CFA-aware methods; (ii) Sensor: per-
formance on real sensor data, reflecting behavior on a high-end
commercial imaging sensor; and (iii) Scalability: computational
scalability under controlled statistical regimes, evaluating
throughput under near worst-case conditions using minimally
compressible random data. Table II summarizes the main
characteristics of the datasets, including their entropy expressed
in bits per sample (bps).
Together, these datasets span a wide range of signal char-
acteristics, from highly compressible natural images to near-
incompressible data, enabling a joint assessment of compression
efficiency, robustness, and scalability.
Fig. 4 illustrates representative samples from these datasets,
including both RGB visualizations and CFA-domain details.

1) Kodak Dataset (Simulated CFA): The Kodak dataset
consists of 6 natural images originally in RGB format, from
which Bayer CFA images are generated using an RGGB
sampling pattern. This protocol is widely adopted in prior
works [4], [7], [8], enabling fair and reproducible comparison
with state-of-the-art CFA compression methods.
Following established practice, we use the same image subset as
in [9], ensuring consistency with recent literature and enabling
direct comparison.
The resulting 8-bit CFA images exhibit entropy values around
7.31 bits/sample. This dataset is therefore used to evaluate
coding efficiency.

2) High Bit-Depth CFA (Real Sensor Data): To assess
performance under realistic acquisition conditions, we use
a dataset of RAW Bayer images captured with a Sony A7R
IV camera (Sony IMX455 sensor) [34]. The images have a
resolution of 9600× 6376 pixels and 16-bit depth.

This dataset preserves key sensor-domain characteristics such
as noise, high dynamic range, and native CFA sampling, pro-
viding a challenging and representative scenario for real-world
deployment. The measured entropy ranges from approximately
9.01 to 10.96 bps.
This dataset is therefore used to evaluate performance on real
sensor data under practical operating conditions.

3) Synthetic CFA (Controlled Worst-Case Scenario): Syn-
thetic data are used to evaluate scalability and upper-bound
performance under controlled statistical conditions. We consider
multiple resolutions from 8K to 16K and bit depths of 8, 12,
and 16 bits.
The synthetic dataset consists of random CFA images, where
samples are independently drawn, resulting in entropy values
close to the theoretical maximum (8, 12, and 16 bps).
Due to the absence of spatial correlation, this dataset represents
a worst-case scenario for lossless compression. It is therefore
used to characterize computational throughput and to stress the
entropy coding stage, rather than to evaluate coding efficiency.

Together, these datasets provide a comprehensive evaluation
framework spanning from highly compressible natural images
to near-incompressible signals, enabling a joint assessment of
compression efficiency, robustness, and real-time performance.

B. Hardware Configuration

Experiments are conducted on two GPU platforms: a high-end
NVIDIA RTX 5000 and an embedded NVIDIA Jetson Orin
NX (16GB, DSBOARD-ORNX).
The RTX 5000 ADAis used to evaluate computational perfor-
mance and scalability, and to enable comparison with GPU-
accelerated baselines such as nvJPEG2000 and GDeflate.
The Jetson Orin NX represents an edge-computing scenario,
allowing evaluation under constrained power, memory, and
computational resources.
These platforms provide complementary insights into both
high-performance and resource-constrained deployments.

C. Evaluation Metrics

Compression performance is measured in bits per sample (bps),
defined as

bps =
|B|
HW

, (21)

where |B| denotes the length (in bits) of the final bitstream,
and H ×W is the number of CFA samples.
Computational performance is evaluated in terms of processing
time (ms per image) and throughput (megapixels per second,
MP/s), providing a representation-independent measure of
efficiency.
Real-time operation is assessed by comparing the encoding
time Tencode with the acquisition period Tacq, requiring

Tencode ≤ Tacq. (22)

System behavior under sustained operation is further analyzed
through buffer occupancy and service throughput (Section V-G),
characterizing stability in streaming scenarios.
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Fig. 4: Representative samples from the evaluated datasets. Top row: RGB visualization for interpretability. Bottom row:
corresponding CFA zooms highlighting the Bayer sampling pattern and local statistical structure. Columns correspond to Kodak
(left), Sony A7R IV (center), and synthetic data (right). Red boxes in the RGB images indicate the regions extracted for the
CFA zooms, illustrating the underlying sensor-domain data processed by the proposed method.

Two complementary comparison strategies are used to evaluate
both coding efficiency and computational performance.

• CFA methods: Compression performance (bps) is com-
pared against state-of-the-art CFA lossless methods re-
ported in the literature. Since GPU implementations are
not publicly available, this comparison is limited to coding
efficiency.

• Available implementations: We also compare against
widely used lossless compression libraries, including
JPEG-LS [10], JPEG 2000 [11], JPEG XL [14], and
GPU-based implementations. In particular, we consider
nvCOMP, which includes and several codecs avail-
able through the nvCOMP library [35], including nvJ-
PEG2000 [27], zstandard (nv-zstd), gdeflate (nv-gdeflate),
deflate (nv-deflate), and bitcomp (nv-bitcomp). Although
these methods operate on generic image representations
rather than CFA data, they provide a reference for
throughput and system-level performance. All methods
are evaluated using publicly available implementations to
ensure reproducibility.

This dual evaluation reflects the requirements of real-time
systems, where both compression efficiency and throughput
must be jointly considered.

V. RESULTS AND DISCUSSION

This section evaluates the proposed method in terms of
compression efficiency (bps) and computational complexity.
We analyze the impact of key design parameters, assess
compression performance on CFA data, and study the trade-
off between coding efficiency and execution time. Additional

experiments evaluate scalability through resolution-dependent
behavior, as well as the contribution of individual components.

A. Parameter Analysis
Fig. 5 shows the impact of block size and stripe width on
throughput. Performance is not monotonic with respect to
these parameters.
Small block sizes increase the number of independent work
units, improving load balancing and latency hiding, but
introduce overhead due to fragmentation and kernel scheduling.
Conversely, large blocks reduce the number of concurrent thread
blocks per SM, limiting occupancy and reducing throughput.
A similar trade-off is observed for stripe width. Narrow stripes
increase parallelism and scheduling flexibility, while wider
stripes increase per-thread workload but reduce the number of
independent regions.
As a result, optimal performance is achieved at intermediate
configurations that balance computational granularity and
hardware utilization.
Based on this analysis, the configuration BLADE512,2 is
selected as a reference operating point, as it provides a favorable
balance between throughput and computational efficiency.
These trends are consistent with the GPU execution model,
where performance is governed by occupancy, memory ac-
cess patterns, and warp-level parallelism, rather than purely
empirical tuning.

B. Auxiliary Data Overhead
In addition to compression efficiency and computational
performance, the proposed method introduces auxiliary data
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Fig. 5: Throughput (MP/s) as a function of block size and stripe width. Optimal performance is achieved at intermediate
configurations due to the balance between parallelism and computational granularity.

TABLE III: Theoretical auxiliary data size (KB) for the Sony
A7R IV dataset. Rows: stripe width. Columns: block size.

Stripe \ Block 32 64 128 256 512

1 3750 1875 938 469 244
2 1875 938 469 234 122
4 938 469 234 117 61
8 469 234 117 59 30

16 234 117 59 30 15

associated with the block-and-stripe decomposition. This
metadata includes per-stripe information required for decoding,
such as cumulative frequencies and structural descriptors.
Let K denote the total number of stripes, as defined in
Section III.
Assuming a fixed cost of C = 2 bytes per stripe, the total
auxiliary data size is given by

AuxData =
K · C
1024

(KB). (23)

This expression provides a deterministic estimate of the
metadata overhead for any (B,S) configuration.
Table III reports the resulting auxiliary data size for the Sony
A7R IV dataset under different block and stripe configurations.
In practice, the auxiliary data represents a small fraction of
the total compressed size for typical configurations, and does
not significantly impact overall compression efficiency.
Table III shows that the auxiliary data decreases monotonically
with both block size B and stripe width S, as both parameters
reduce the number of independently encoded stripes.
The overhead ranges from approximately 3750 KB for (B =
32, S = 1) to 15 KB for (B = 512, S = 16), corresponding
to a reduction of more than two orders of magnitude.
This reduction comes at the cost of decreased local adaptivity,
as fewer independent regions are available to capture spatial
variations. As a result, a trade-off emerges between metadata
overhead and statistical modeling accuracy, which directly
impacts compression efficiency.
This behavior is consistent with previous observations: smaller
(B,S) configurations increase adaptivity and parallelism but
incur higher overhead, whereas larger regions reduce metadata
at the expense of modeling flexibility.
In practical configurations, the auxiliary data remains negligible
relative to the compressed bitstream size. For instance, for

(B = 256, S = 4), the overhead is on the order of a few
hundred kilobytes, representing a small fraction of the total
compressed data.
Overall, the proposed method provides a low and predictable
metadata overhead that can be explicitly controlled through
(B,S) without significantly affecting compression performance.

C. Compression Performance

Unless otherwise stated, results correspond to the BLADE512,2

configuration, selected based on the scalability analysis in the
previous subsection.
Table IV compares the proposed method against state-of-the-
art CFA lossless compression techniques on simulated Bayer
images derived from the Kodak dataset.
The proposed BLADE512,2 configuration achieves the best
overall performance, reaching an average bitrate of 5.019 bps. It
provides the lowest bitrate in four out of six images, indicating
consistent performance across diverse spatial statistics.
Compression performance is strongly correlated with the spatial
structure of the signal. As shown in Fig. 6, images with
high spatial regularity, such as Wall and Landscape, exhibit
lower residual entropy due to improved prediction, resulting
in reduced bitrate.
In contrast, highly textured images, such as Boat and Light-
house, present broader residual distributions and higher entropy,
which limits compression efficiency. In these cases, methods
with more globally adaptive models can achieve slightly lower
bitrates.
The degradation observed for Blade512,16 (5.579 bps, +11.1%)
highlights the dependence of optimal context size on signal
statistics.
This behavior is explained by the characteristics of simulated
CFA data. Since these images are generated from RGB content,
they exhibit strong local correlations, particularly in the green
channel. Under these conditions, local predictors are highly
effective.
Increasing the stripe width introduces a broader context that
may smooth these local dependencies, resulting in suboptimal
residual modeling.
These results indicate that the optimal prediction context
depends on the underlying statistical properties of the signal.
In particular, localized contexts are better suited for highly
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TABLE IV: Average lossless compression results in bps for 6 simulated mosaic images. Best results in bold. Second-best
results in italic. Percentages indicate relative difference with respect to the best result in each row.

Image [3] [4] [5] [6] [9] Blade512,16 Blade512,2

Boat 5.028 (+4.9%) 4.881 (+1.8%) 4.984 (+4.0%) 4.793 (0.0%) 5.170 (+7.9%) 5.393 (+12.5%) 4.947 (+3.2%)
Fence 4.823 (+7.2%) 4.711 (+4.7%) 4.886 (+8.6%) 4.649 (+3.4%) 4.663 (+3.7%) 5.033 (+11.9%) 4.498 (0.0%)
Landscape 6.243 (+11.7%) 6.138 (+9.9%) 6.279 (+12.4%) 6.072 (+8.7%) 6.047 (+8.2%) 6.172 (+10.5%) 5.588 (0.0%)
Lighthouse 4.867 (+16.4%) 4.803 (+14.9%) 4.864 (+16.3%) 4.699 (+12.4%) 4.181 (0.0%) 5.070 (+21.3%) 4.711 (+12.7%)
Wall 5.650 (+8.0%) 5.478 (+4.7%) 5.750 (+9.9%) 5.438 (+4.0%) 6.044 (+15.6%) 5.840 (+11.7%) 5.230 (0.0%)
Windows 5.725 (+14.9%) 5.570 (+11.8%) 4.984 (0.0%) 5.506 (+10.5%) 6.270 (+25.8%) 5.971 (+19.8%) 5.142 (+3.2%)

Average 5.389 (+7.4%) 5.264 (+4.9%) 5.291 (+5.4%) 5.193 (+3.5%) 5.396 (+7.5%) 5.579 (+11.1%) 5.019 (0.0%)

(a) Lighthouse

(b) Wall

(c) Landscape

(d) Boat

Fig. 6: Representative image content illustrating the impact of
spatial structure on compression performance. The Lighthouse
image (left) exhibits complex textures and high variability,
while Wall and Landscape (right) show strong spatial regularity.
Boat presents intermediate behavior.

correlated data, while larger contexts are expected to be
beneficial for natural sensor data with more complex statistics.
Overall, the proposed method achieves state-of-the-art compres-
sion performance on CFA data while maintaining robustness
across different image structures.
This behavior is further analyzed in the following subsection
through rate–complexity trade-offs.

D. Rate-Complexity Trade-off

Fig. 7 shows the Pareto frontier between compression efficiency
(bps) and execution time (ms) for the evaluated codecs.
Experiments are conducted using Sony A7R IV RAW images
from the dataset described above. The evaluated methods
include BLADE, JPEG-LS, JPEG XL, JPEG 2000, HTJ2K,
LZ4, and nvCOMP.

Employing the following configuration parameters. BLADE
is evaluated using BLADE512,16 and BLADE256,4. JPEG-LS
operates in strict lossless mode. JPEG XL is configured in
lossless mode with effort=7 and automatic threading. JPEG
2000 uses lossless settings, with 5 DWT levels and ALL_CPUs

Fig. 7: Rate–time trade-off for lossless compression of CFA
images. BLADE operates close to the Pareto frontier, achieving
low bitrate and reduced execution time compared to both
classical and GPU-based codecs.

threading. HTJ2K is configured with the same settings as JPEG
2000. LZ4 uses level=1 with maximum threading.

GPU-based methods are evaluated using nvCOMP frame-
work. Within nvCOMP, the evaluated codecs are nvJPEG2000,
in lossless mode with 5 DWT levels; zstandard (nvzstd),
deflate (nvgdeflate), , and bitcomp (nvbitcomp). In nvzstd,
the default backend configuration is used without specifying
an explicit compression level. For nvgdeflate and nvdeflate,
the compression level can be controlled in the range 0–5;
experiments either fix this level for strict reproducibility or use
the default nvCOMP configuration to maintain neutrality. For
nvbitcomp, the chunk size is set to balance throughput and
compression efficiency (typically 8 MiB). This configuration
ensures a consistent comparison across techniques while
preserving exact lossless reconstruction.
BLADE configurations lie on the Pareto frontier, achieving the
best trade-off between compression efficiency and execution
time. In particular, BLADE256,4 attains the lowest execution
time among all evaluated codecs, while BLADE512,16 provides
improved compression efficiency with a moderate increase in
runtime.
Conventional codecs such as JPEG-LS, JPEG XL, and JPEG
2000 achieve competitive compression efficiency but at sig-
nificantly higher computational cost. HTJ2K reduces runtime
compared to JPEG 2000, yet remains slower than BLADE.
GPU-based methods exhibit heterogeneous behavior. LZ4
achieves the lowest execution time but at the expense of
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substantially reduced compression efficiency. Other nvCOMP
codecs, including nvzstd and nvgdeflate, show both higher
runtime and lower compression performance compared to
BLADE, placing them outside the Pareto frontier.
Overall, the proposed method operates in the lower-left region
of the plot, demonstrating a favorable balance between rate
and computational complexity. This behavior results from
combining accurate CFA-domain prediction, which reduces
residual entropy, with a highly parallel design that sustains
high throughput.

E. Scalability Analysis

While the previous results focus on rate–complexity trade-
offs at a fixed resolution, we next analyze the scalability of
the proposed method with respect to input size and signal
characteristics.
Scalability is evaluated across multiple image resolutions (8K,
12K, and 16K) and bit depths (8, 12, and 16 bits) using synthetic
CFA data with controlled statistical properties.
Fig. 8b shows the compute-only throughput as a function of
input resolution. The results indicate that throughput remains
in the same overall range across resolutions for each bit depth,
with only moderate variation. In particular, throughput is around
2.3–3.1 GP/s for 8-bit data, 2.0–2.6 GP/s for 12-bit data, and
1.1–1.4 GP/s for 16-bit data.
This behavior indicates that the computational cost scales
approximately linearly with the number of input pixels, with no
observable degradation due to scheduling or synchronization
overhead as the problem size increases.
Although some variability is observed across resolutions, the
overall throughput remains stable enough to confirm that the
proposed block-and-stripe decomposition efficiently exploits
parallel resources over a wide range of input sizes.
Across different bit depths, throughput decreases as the symbol
range and entropy coding cost increase, which is consistent
with the additional computational effort required to process
higher-precision data. However, these differences do not alter
the overall scalability trend with respect to resolution.
Compression performance remains stable across resolutions,
with bitrates close to the theoretical entropy of the synthetic
data (approximately 8, 12, and 16 bps), confirming that the
statistical behavior of the residuals is preserved across scales.
Overall, these results show that the proposed method maintains
predictable performance across a wide range of resolutions
and bit depths, supporting its applicability to high-throughput
imaging scenarios without requiring parameter retuning.

1) Throughput vs Input Rate: While buffer occupancy
provides a temporal view of system behavior, it does not directly
characterize the operating limits. To address this, we analyze
the relationship between input rate and sustained processing
throughput.
Fig. 8a shows the sustained service throughput as a function of
the input rate for different configurations. The dashed diagonal
represents the ideal condition Rproc = Rin.
Points above the diagonal correspond to configurations where
processing throughput exceeds the input rate, resulting in stable
operation with bounded buffer occupancy. Points near the

diagonal indicate near-capacity operation, where the system
remains stable but operates close to its limits.
Points below the diagonal indicate insufficient processing
throughput, leading to backlog accumulation and eventual
buffer saturation, consistent with the behavior observed in
Fig. 9.
In practice, the diagonal represents an idealized boundary. Due
to the discrete and batched nature of processing, throughput
is measured as a sustained average, while the input rate
corresponds to a continuous arrival process. As a result,
configurations close to or slightly below the diagonal may
still exhibit stable behavior, as transient imbalances do not
necessarily lead to unbounded backlog growth.
Overall, this representation provides a concise characterization
of the operating limits, identifying stable, near-capacity, and
overload regimes, and complementing the temporal analysis
of buffer occupancy.

F. Ablation Study

This section evaluates the contribution of the main components
of the proposed method, namely prediction and entropy
modeling.
Fig. 8c shows the empirical distributions of prediction residuals
for different stripe widths on real CFA data. Increasing the
stripe width leads to a higher concentration of residuals around
zero, indicating improved prediction accuracy and reduced
conditional entropy. This effect is particularly visible in the
central peak of the distribution, while differences in the tails
remain more moderate.
Although the overall change is subtle, the trend is consistent
across the residual range and explains the reduction in bitrate
observed for wider stripes.
Conversely, narrower stripes limit the available prediction
context, resulting in broader residual distributions and higher
entropy.
Table V quantifies the impact of removing individual compo-
nents: (1) removing prediction increases the bitrate from 7.988
to 10.997 bps (+37.7%), confirming its key role in exploiting
spatial redundancy. This modification has limited impact on
computational cost, indicating that the predictor is lightweight.
(2) replacing the entropy model with a uniform distribution
leads to a more severe degradation, increasing the bitrate to
16.040 bps (+100.8%) and significantly increasing execution
time. (3) the full configuration achieves the best trade-off,
combining low bitrate with competitive execution time. These
results demonstrate that prediction and entropy modeling are
complementary: prediction reduces residual entropy, while
accurate modeling enables efficient coding of the resulting
distribution. This confirms that the reduction in bitrate is
primarily driven by improved residual concentration rather
than changes in entropy coding efficiency.
Overall, this analysis confirms that both components are essen-
tial to achieve high compression efficiency without compromis-
ing throughput, confirming that the proposed architecture is
not only efficient, but also well-balanced, with each component
contributing significantly to the overall performance.
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(a) Throughput vs input rate. (b) Throughput vs resolution. (c) Residual distributions vs stripe width.

Fig. 8: Performance and statistical behavior of the proposed method. (a) Relationship between input rate and sustained throughput,
showing operating limits. (b) Compute-only throughput across resolutions, confirming near-linear scalability. (c) Residual
distributions for different stripe widths, illustrating entropy reduction with wider stripes.

Fig. 9: Buffer occupancy over time for different resolutions under continuous acquisition, illustrating the transition from stable
operation to saturation.

TABLE V: Ablation study of BLADE (Sony A7R IV).

Configuration bps End-to-end (ms) No warm-up (ms) Compute-only (ms)

Without prediction 10.997 248.960 124.388 16.696
Uniform entropy model 16.040 326.766 200.798 80.090
Full BLADE 7.988 242.705 116.664 17.352

G. Real-Time Performance
While previous sections focus on algorithmic performance,
this section evaluates the proposed method under continuous
acquisition, reflecting realistic deployment conditions.
The system operates in an I/O-bound regime, where data
transfer dominates execution time, enabling efficient pipelined
processing.

1) System Model: We analyze system behavior in a stream-
ing pipeline where a producer continuously fills a shared-
memory buffer with CFA images, while the compressor asyn-
chronously processes available frames and writes compressed
outputs. This setup captures system-level effects such as
buffering, scheduling, and I/O interactions, which are not
reflected in per-image benchmarks.

Experimental setup. Input streams are generated at fixed
resolution and bit depth, with controlled input rates. Experi-
ments run over sustained intervals (60–120 seconds) to ensure
steady-state behavior.

Metrics. We monitor:
• Input rate (MP/s)
• Sustained throughput (MP/s)
• Buffer occupancy (%)
• Frame drops

TABLE VI: Summary of steady-state buffer behavior under
continuous acquisition.

Resolution Rate (Hz) Buffer Time at
occupancy (%) saturation (s)

8K (16-bit) 30 3.0 0.0
8K (16-bit) 60 90.9 44.0
12K (8-bit) 30 3.0 0.0
12K (8-bit) 60 18.6 1.3
12K (12-bit) 30 3.0 0.0
12K (12-bit) 60 91.6 27.6
12K (16-bit) 30 89.6 10.2
12K (16-bit) 60 98.1 79.8
16K (8-bit) 30 3.1 0.0
16K (8-bit) 60 88.4 28.4
16K (12-bit) 30 6.4 0.0
16K (12-bit) 60 94.3 47.7
16K (16-bit) 30 98.9 80.5
16K (16-bit) 60 99.1 87.4

The system can be modeled as a discrete-time service system
with rate Rproc and an arrival rate Rin. Stable operation occurs
when:

Rproc ≥ Rin, (24)

ensuring bounded buffer occupancy. Otherwise, backlog accu-
mulates, leading to saturation and potential frame drops.

2) Buffer Behavior: Table VI summarizes steady-state
buffer occupancy and saturation time, providing a direct
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TABLE VII: Performance comparison across GPU platforms. End-to-end and compute-only throughput are reported for both
high-end (RTX 5000) and embedded (Jetson Orin NX) devices.

RTX 5000 Jetson Orin NX

End-to-end Compute-only End-to-end Compute-only

Configuration MP/s ms MP/s ms MP/s ms MP/s ms

BLADE512,4 569.2 107.529 4837.9 12.652 125.8 486.724 201.9 303.195
BLADE512,2 555.6 110.175 5726.4 10.689 116.7 524.299 208.6 293.405
BLADE256,4 567.3 107.887 5773.9 10.601 123.2 496.642 207.4 295.125
BLADE256,2 569.4 107.507 5844.5 10.473 120.1 509.693 208.8 293.143

TABLE VIII: Performance–energy trade-off on Jetson Orin
NX. Impact of power profiles on throughput and execution
time.

Profile Throughput (MP/s) Time (ms)

10W 115.1 531.966
15W 125.8 486.7
25W 135.1 452.971

MAXN 201.1 304.310

characterization of system stability. Fig. 9 shows the temporal
evolution of buffer occupancy.
Near saturation, the buffer exhibits periodic oscillations due
to the mismatch between continuous data arrival and discrete
frame-based processing. This results in alternating filling and
partial draining phases, characteristic of steady-state operation
close to system capacity.
Stable operation is observed when Rproc ≥ Rin, while higher
input rates lead to persistent high occupancy and eventual
saturation. At 8K, real-time operation is sustained at 30 Hz, with
saturation occurring at higher rates. At 12K, stable operation
is maintained for lower bit depths at 30 Hz, while higher bit
depths operate near system limits. At 16K, saturation appears
earlier, particularly for high bit depths.
These results highlight that system stability is not solely
determined by average throughput, but also by the interaction
between processing granularity and input dynamics. In particu-
lar, even when operating near the theoretical limit Rproc ≈ Rin,
the system can sustain stable behavior provided that transient
imbalances remain bounded.
Overall, these observations define a clear transition between
stable and overload regimes, establishing the practical operating
limits of the system under sustained load and reinforcing
the importance of system-level analysis beyond per-image
performance.

3) Edge Deployment: To assess edge deployment feasibility,
we evaluate performance on an embedded NVIDIA Jetson Orin
NX platform, representative of resource-constrained onboard
processing scenarios.
Table VII compares performance across high-end and embedded
GPU platforms, highlighting the gap between computational
capability and system-level constraints.
On the RTX 5000, end-to-end throughput exceeds 550 MP/s
across configurations, while compute-only performance reaches
several GP/s, indicating that system-level performance is
primarily limited by data movement rather than computation.

On the Jetson Orin NX, throughput reaches up to 125 MP/s, cor-
responding to approximately 3–4 Hz for 8K images, enabling
sustained real-time operation under moderate input rates.
The condition Rproc ≥ Rin defines the boundary between stable
operation and backlog accumulation, with reduced hardware
capabilities shifting this operating region.

To analyze the performance–energy trade-off, we evaluate
different power configurations on the Jetson Orin NX.
Table VIII quantifies the impact of power constraints on
throughput and latency.
Throughput increases with available power, reaching
201.1 MP/s in MAXN mode, with sublinear scaling, indicating
that memory bandwidth becomes the limiting factor.
Overall, the proposed method maintains predictable perfor-
mance across hardware platforms and power budgets, enabling
flexible deployment under diverse throughput and energy
constraints.

VI. CONCLUSION

This paper presented BLADE, a GPU-oriented lossless
compression framework for Bayer CFA images designed
for real-time high-resolution imaging systems. The proposed
method combines CFA-aware prediction with a block-and-
stripe decomposition, enabling efficient exploitation of spatial
redundancy while preserving fine-grained parallelism on GPU
architectures.
Experimental results show that BLADE achieves competitive
or superior compression performance compared to existing
CFA methods, while significantly reducing execution time.
The method operates close to the empirical Pareto frontier,
achieving an effective balance between bitrate and throughput.
Beyond per-image evaluation, system-level analysis under con-
tinuous acquisition demonstrates sustained real-time operation
within a well-defined operating region, determined by the
relation between input rate and processing throughput. The
method exhibits predictable behavior across resolutions, input
rates, hardware platforms, and power constraints, including
embedded GPU devices.
Overall, BLADE bridges compression efficiency and real-time
processing requirements, making it a strong candidate for
onboard and edge high-throughput imaging systems. Future
work will explore more adaptive modeling strategies while
preserving parallel scalability.
Although designed for Bayer CFA data, the proposed frame-
work generalizes to other structured sampling patterns where
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prediction and parallel execution must be jointly optimized.
This highlights parallelism-aware statistical modeling as a
fundamental design principle for lossless compression under
high-throughput constraints.

APPENDIX A
NOTATION

This appendix summarizes the notation used throughout the
paper for clarity and reference.

Symbol Description

X , xi,j Input CFA image and sample at position (i, j)
b Bit depth (bits per sample)
H,W Image height and width
B Block size
S Stripe width
Bu Block u
Sk Stripe k
B Final bitstream
K Total number of stripes
x̂i,j Predicted sample value
ri,j Prediction residual
r′i,j Mapped (non-negative) residual
θi,j Range-adaptive mapping parameter
Hk(v), H(v) Local and global histograms
P (v) Probability model
bk Bitstream generated by stripe k
ℓk, ℓ

′
k Allocated and valid bitstream lengths

W GPU warp size
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