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Abstract

In recent years, neural networks have achieved signif-
icant progress in offline image processing. However, in
online scenarios, particularly in on-chip implementations,
memory usage emerges as a critical bottleneck due to the
limited memory resources of integrated image processors.
In this study, we focus on reducing the memory footprint of
neural networks for on-chip image processing by optimiz-
ing network design for efficient memory utilization. Specif-
ically, we consider a typical scenario in which images out-
putted from an image sensor are processed sequentially us-
ing line buffers in a line-by-line manner. This setting neces-
sitates the modeling of both intra-line and inter-line corre-
lations—capturing dependencies among pixels within a sin-
gle line group and across different line groups, respectively.
To model intra-line correlations, we propose a progressive
feature enhancement strategy, where line pixels are pro-
cessed with expanding strip convolutions in multiple stages.
For inter-line correlation modeling, we introduce a hier-
archical line buffer formulation, where features extracted
from previous lines are incrementally reused and com-
pressed across multiple hierarchical levels. Comprehensive
experiments on various image processing tasks, including
RAW denoising, Gaussian denoising, and super-resolution,
demonstrate that the proposed method achieves a superior
trade-off between performance and memory efficiency than
previous solutions, e.g., up to 1dB PSNR gain in RAW de-
noising at one-fifth of peak memory usage. Code: https:
//github.com/SonyResearch/LineBufferNet.

1. Introduction

In recent years, deep neural networks (DNNs) have
achieved remarkable success in various image and video
processing tasks, including denoising [20, 57, 59], super-
resolution [2, 11, 14, 15, 28, 31, 32, 35, 36, 62], and deblur-
ring [29, 40, 48, 49]. Despite their effectiveness, these mod-
els typically demand substantial computational resources
and rely on specialized high-performance accelerators for
efficient inference due to their complexity. Previous re-
search has primarily focused on improving computational
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Figure 1. Upper: Offline image processing. Advanced DNNs re-
quire accelerators with tens of GBs of memory to process images
due to the extensive size of intermediate results. Lower: On-chip
line-buffer-based image processing. In edge devices, where only
tens of MBs of on-chip memory are available, line buffers are com-
monly employed to minimize external memory access.

efficiency through techniques such as lightweight architec-
ture design [16], pruning [12], and quantization [18]. How-
ever, the memory footprint of DNNs remains an often-
overlooked aspect of efficiency, particularly in image pro-
cessing applications where high-resolution data throughput
is critical for both input and high-quality output.

With the advancement of diversified system-on-chip
(SoC) designs for multimedia applications, mobile pho-
tography, and advanced driver-assistance systems, high-
performance image and video processing has become an
essential component, resulting in an increasing demand for
on-chip image and video processing, driven by its advan-
tages in reducing latency and enhancing data privacy. Typ-
ically, as illustrated in Fig. 1, since sensor readout occurs
in a raster scan order, on-chip image processing algorithms
employ a memory cache structure known as a line buffer (or
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row buffer) [3], which is significantly smaller than off-chip
memory but provides much higher throughput. The lim-
ited storage capacity of line buffers constrains the amount of
intermediate data that can be retained during computation,
posing a memory efficiency challenge. While some stud-
ies try to facilitate the deployment of existing DNNs from
a hardware perspective, focusing on optimizing memory
mapping designs [26, 41, 42], there has been limited effort
from an algorithmic standpoint. In particular, few works
have explored the design of neural networks specifically for
line-buffer-based image processing, where image access is
restricted to a few lines rather than the entire frame, en-
abling tighter integration between the image sensor and the
neural processing pipeline [24]. We refer this kind of neural
networks as local DNNs, in contrast to conventional global
DNNs, which process entire images at once.

In this work, we advance this direction by exploring
two simple but effective principles for neural networks to
achieve better memory utilization in line-buffer-based im-
age processing. Specifically, we focus on modeling both
intra-line and inter-line correlations—capturing dependen-
cies among pixels within a single group of lines and across
different lines. For intra-line correlation modeling, we pro-
pose a progressive feature enhancement strategy, in which
line pixels are processed with expanding strip convolutions
across multiple stages and progressively enhanced across
different feature channels. This strategy effectively exploits
both the locality of row-wise pixels and the compact feature
extraction capability. For inter-line correlation modeling,
we introduce a hierarchical line buffer formulation, where
features extracted from previous lines are iteratively reused
and gradually distilled across multiple hierarchical levels.
This design facilitates the effective capture of broader verti-
cal dependencies while maintaining low memory overhead.

We validate the proposed method through extensive ex-
periments on various image processing tasks, including
RAW denoising, Gaussian denoising, and super-resolution.
We demonstrate that our method enjoys a clear advantage
in the performance-efficiency trade-off. As shown in Fig. 2,
our method achieves a significant improvement with less
memory requirement over previous local DNNs.

Contributions of this paper are summarized as follows:

1) For intra-line correlation modeling, we propose a pro-
gressive feature enhancement strategy that extracts more
discriminative features by leveraging expanding strip con-
volutions in a multi-stage enhancement manner.

2) For inter-line correlation modeling, we introduce a hi-
erarchical line buffer formulation to optimize the utilization
of limited memory resources, enabling the effective vertical
information propagation from previous lines.

3) Extensive experiments on various image process-
ing tasks demonstrate that our method obtains a better
performance-efficiency trade-off over existing methods.

Figure 2. Performance-efficiency tradeoff in terms of memory
usage of filtering methods, local DNNs, and global DNNs. The
PSNR values are reported on the ELD benchmark for RAW image
denoising, and the memory requirements are measured assuming
an HD resolution input of 1920 x 1080.

2. Related Work

2.1. Image Processing

Image processing encompasses a wide range of tasks, from
basic transformations to advanced manipulation techniques.
In this work, we focus on two representative tasks: de-
noising and super-resolution, which we briefly review be-
low. Image denoising is a fundamental task in low-level
vision. Early approaches treat it as a local filtering prob-
lem, with classical methods including Mean, Median [43],
Wiener [4], and Bilateral filtering [50]. More advanced
global methods, such as NLM [5], BM3D [13], and WNNM
[19], exploit self-similarity to achieve improved perfor-
mance, though their patch-matching processes are computa-
tionally expensive. Recently, deep neural network (DNN)-
based methods have achieved significant progress in im-
age denoising by leveraging large-scale data for learning-
based noise removal [33, 35, 55, 57, 58, 64]. Beyond the
standard Gaussian noise assumption, researchers have also
focused on RAW image denoising, incorporating physics-
based priors to better model real-world noise distributions
[6, 17, 25, 30, 54, 63]. Image super-resolution aims to
generate a high-resolution image by recovering or enhanc-
ing high-frequency details from its low-resolution coun-
terpart. Traditional interpolation-based methods, such as
Nearest Neighbor, Bilinear, and Bicubic interpolation [27],
are computationally efficient and widely used in edge de-
vices. With the emergence of deep learning, significant
advancements have been made in super-resolution using
DNN-based approaches [2, 14, 15, 28, 34, 36, 52, 61, 62].

2.2. Line-Buffer-Based Image Processing

Line-buffer-based processing is a widely adopted solution
for minimizing external memory access. It is commonly im-
plemented with very-large-scale integration (VLSI) circuits
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[9, 10]. With the advancement of DNNs, programmable
hardware accelerators, such as field-programmable gate ar-
rays (FPGAs), have emerged as a popular solution for ac-
celerating memory-intensive processing on edge devices
[3]. However, most existing approaches focus on hardware-
level optimizations, such as line buffer architecture design
[26, 41, 42], while limited attention has been given to de-
signing neural network architectures specifically tailored
for line-buffer-based image processing. To the best of our
knowledge, LineDL [24] is the only existing attempt in this
direction. It employs an encoder-decoder structure with
four modified long short-term memory (LSTM) [22] mod-
ules that incorporate two hidden states each, demonstrating
promising results in RAW denoising and super-resolution.
However, its design neglects intra-line correlation model-
ing among line pixels, and its memory requirement remains
high due to redundant hidden states.

3. Learning Hierarchical Line Buffer

3.1. Preliminary

Memory hierarchy is a well-established technique in mod-
ern computing systems, designed to optimize performance,
power efficiency, and cost by structuring memory compo-
nents into multiple levels with varying speed, capacity, and
proximity to the processor. The primary objective is to alle-
viate memory bottlenecks by ensuring that frequently ac-
cessed data is available at higher speeds, while less fre-
quently used data is offloaded to larger, slower storage [45].
In the context of on-chip image processing, a line buffer
refers to a dedicated memory space, typically implemented
using Block RAM (BRAM), that temporarily stores a few
rows of input data. This enables local operations to be per-
formed on-chip without repeatedly accessing external mem-
ory, such as Dynamic RAM (DRAM). By reducing the fre-
quency of external memory transactions, line buffers sig-
nificantly lower power consumption, as accessing external
DRAM incurs substantially higher energy costs compared
to on-chip memory access. As illustrated in Fig. 3, in
common local operations like edge detection, input pixels
are first scanned into line buffers, allowing output edges to
be efficiently computed within a local window without the
need to reaccess previous lines of the image. A more de-
tailed discussion and illustrations of line-buffer-based im-
age processing can be found in [39, 46, 51], with extensions
to DNN accelerators discussed in [26].

3.2. Neural Networks for Line Buffers

In general, line-buffer-based image processing can be for-
mulated as

X =A{sehn, Y ={f(st)}n, (1

where X represents the input image, Y the output image,
{s:} the partitioned line groups, N the total number of line
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Figure 3. An example of line-buffer-based image processing. The
input pixels are firstly read into line buffers, and the edges are
detected within a local window, avoiding the need to repeatedly
access previously processed lines from external memory.

groups, and f(-) a function that processes each line group
independently. Typically, each line group s; has a shape
of [ x W, where W denotes the image width (e.g., W =
1920), and [ represents the number of lines within a single
line group (e.g., [ = 8).

The data structure of the line buffer introduces unique
challenges in the architectural design of neural networks.
The first challenge is asymmetric data locality. Along the
height dimension, the receptive field is significantly con-
strained, i.e., | < W, which contradicts the common as-
sumption of square-shaped inputs for neural network infer-
ence. The second challenge pertains to feature reusability.
Due to the absence of direct access to a larger context, es-
pecially in the height direction, ensuring feature reusability
with a recurrent architecture like LSTM [22] across differ-
ent line groups becomes critical.

To address these challenges, we approach line-buffer-
based image processing from the perspective of intra-line
and inter-line correlation modeling. An overview is illus-
trated in Fig. 4. The framework consists of an intra-line
encoder, an intra-line decoder, and an inter-line modeling
component. Our method processes a given line group along
with cached features as input and produces the processed
line group while updating the cached features. A portion
of the line buffer is allocated to store intermediate features
shared across different passes, referred to as the shared
memory, while the remaining buffer space is dedicated to
the current processing pass [44].

3.3. Progressive Intra-line Feature Enhancement

As shown in Fig. 4, for intra-line correlation modeling,
our intra-line encoder consists of several identical blocks.
Within each block, we adopt a progressive feature enhance-
ment strategy, where the features are split into multiple por-
tions along the channel dimension and processed using ex-
panding strip convolutions (i.e., 1 X n kernel convolutions),
thus progressively enhanced. This strategy exploits both the
locality of row-wise pixels and the compact feature extrac-
tion capability. On the one hand, across different stages, we
employ strip-shaped convolution layers that progressively
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Figure 4. Overview. Our method takes a line group as input, extracting the intra-line feature tensor x; with an encoder, and then applies
distillation step to construct a multi-level feature for buffering based on
previous lines, i.e., h;—1. Finally, the processed features are further refined by an intra-line decoder to produce the final output for the

an inter-line processing procedure that incorporates a hierarchical
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current line group. The current hidden state h; and cell state c; are written back to the line buffer for reuse in the next pass.

expand the receptive field along the width dimension. On
the other hand, multi-stage enhancement with channel split
reduces the complexity of the selected features, effectively
converting them into a more compact representation.

3.4. Hierarchical Inter-Line Feature Distillation

After extracting intra-line features, the next step is to distill
inter-line features for buffering across different lines. We
adopt the basic idea of LSTM [22] and adapt it to the line-
buffer-based processing task. To better utilize the limited
memory in the line buffer, we design a hierarchical distilla-
tion strategy to construct a hidden state feature with multi-
ple hierarchical levels in the channel dimension, instead of
introducing additional ones as in LineDL [24]. Specifically,
the inter-line modeling part can be formulated as,

fr = oWyl heal),is = o(Wilze, hea)),

2
¢ = tanh(We [z, he—1]), ¢ = fr ® com1 + 14 Q@ G, @

where [#, *] is the concatenation operation along the chan-
nel dimension, o the sigmoid activation function, tanh the
hyperbolic tangent function, f;,; are the forget and input
gates, c, the cell state, h; the hidden state, IV, the convo-

lutional weights. With the current cell state feature c;, we
construct the compact hidden state feature h; with multiple

levels using a hierarchical distillation step,
1 11 1 11
hi =W=2h} | ,h} =W1h} |,
1 1L 1 1L
B = WERE |, hIS = WTSRTS,
1 1
¢ =W"hi_y,hy = [h¢, b

1
8
RS A

hi®, by,

1 1 1 L
where b/ |, h} |, R} 1, b}/, hi_, are split portions of the
and the remaining

. : 111 1
previous hidden state h; 1 for 3, 1, 5, 75

portion along the channel dimension, respectively.

As illustrated in Fig. 4, we modify the output gate step
in the vanilla LSTM by introducing a series of convolu-
tional layers that hierarchically process and compress the
split hidden state features. In this hierarchical structure,
the features from the farthest lines are the most abstract,
while those from the closest lines retain the most concrete
details. This design follows a correlation annealing prin-
ciple, where feature correlations are progressively reduced
based on distance in a line-by-line formulation, enabling a
compact representation that effectively models dependen-

cies between the current line group and previous lines.
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ELD SID Memory Requirement

Type Method
x100 %200 x100 x250 %300 Param. Peakyp Peakyup
Global NLM [5] 3894 3533 3732 3296 29.95 - - -
(Classic) BM3D [13] 39.75 3636 3790 33.50 30.40 - - -
DnCNN [57] 33.80 30.58 3732 3296 29.95 2.24MB 0.99GB 3.96GB
Global UNet [7] 4450 41.69 4137 39.74 36.87 31.04MB 0.36GB 1.39GB
(DNNs) DRUNet [59] 4491 4283 41.76 39.52 36.55 130.57MB 0.51GB 1.98GB
NAFNet [8] 4540 4295 42.17 39.88 36.36 116.63MB 4.24GB 13.94GB
Restormer [56] 46.18 43.68 4297 40.60 37.07 104.51MB 24.21GB OOM
Median(K = 3) [43] 37.40 33775 3448 30.10 27.86 - 0.25MB 0.50MB
Median(K = 5) [43] 38.52 35.16 3536 31.23 28.45 - 0.27MB 0.54MB
Local Median(/ = 7) [43] 3847 3550 3541 31.63 28.52 - 0.28MB 0.57MB
(Classic) Wiener(K = 5) [4] 3936 3595 36.67 3230 29.26 - 0.54MB 1.06MB
Wiener(K = 7) [4] 39.24 36.23 36.74 32.68 29.37 - 0.57MB 1.11MB
Bilateral( = 5) [50] 39.12 3539 36.96 3221 2941 - 7.53MB 15.06MB
Bilateral( = 7) [50] 39.56 36.02 37.50 32.85 29.78 - 14.58MB 29.15SMB
Local B?seline 41.66 39.24 40.12 37.63 34.92 6.65MB 85+ OMB 150+ OMB
(DNNs) LineDL [24] 4334 40.85 41.12 39.09 36.21 2436MB 8.5+60.0MB 15.0+120.0MB
Ours 4438 41.70 41.69 39.51 36.69 337MB 3.8+ 7.5MB 8.0+ 15.0MB

Table 1. Quantitative results (PSNR) for RAW image denoising under different ratios on the ELD dataset [54] and SID dataset [7]. The
memory requirements are estimated assuming FP32 precsion. Peak memory is reported in both HD (1920 x 1080) and UHD (3840 x 2160)
resolution. Local methods operate on a line group of 8, i.e., [ = 8. The activation peak memory usage of local DNNs is reported in the
format of “current pass + shared”. “OOM” denotes that out-of-memory error occurs. The best results in local methods are highlighted.

Finally, we employ an intra-line decoder, identical to the
intra-line encoder, to reconstruct the output pixels for the
current line group. The network is trained with L1 loss
function in an end-to-end manner. The hidden state /h; and
cell state ¢; are then written back to the line buffer, allowing
for efficient reuse in the next processing pass.

4. Experiments and Results

4.1. Experimental Settings

Tasks, datasets, and metrics. We conduct experiments
on RAW image denoising, Gaussian image denoising,
and super-resolution, covering common streaming scenar-
ios in practical applications, from computational photog-
raphy to multimedia processing. For RAW image denois-
ing, we evaluate our method on the SID dataset (Sony
subset) [7] and the ELD dataset [54]. For Gaussian im-
age denoising and super-resolution, we train our model
on the DIV2K dataset [1]. We evaluate grayscale denois-
ing on Setl2, BSDS68, and Urbanl100 [23], while color
image denoising is tested on CBSD68, Kodak, McMas-
ter, and Urban100. For super-resolution, we assess per-
formance on Set5, Set14, BSDS100 [37], Urban100 [23],
and Mangal09 [38]. We introduce an additional convolu-
tional layer followed by a pixel shuffle operation [47] af-
ter the decoder for upsampling. Performance evaluation
is based on PSNR and SSIM [53] for fidelity, and LPIPS

[60] for perceptual quality. To enable a comprehensive
comparison with existing global DNNs, we simulate line
buffers on a GPU by manually controlling data transfers.
This allows us to utilize PyTorch’s default profiling tool
(torch.profiler.ProfilerActivity.CUDA) to measure
peak memory usage for efficiency evaluation. Additionally,
we report the memory requirements of network parameters
and the additional shared memory size for local DNNs. The
evaluation is done on an NVIDIA H100 GPU.

Comparison methods. Our main competitor is LineDL
[24], which is an initial attempt to introduce neural net-
works to line-buffer-based image processing. Additionally,
we construct a simple local DNN as the Baseline with resid-
ual blocks [21] under a similar encoder-decoder structure
and train it on split line groups without any recurrent archi-
tecture. We categorize this baseline, LineDL, our method as
local DNNs. For denoising, we compare our method with
three other categories of methods: classic global methods,
including NLM [5] and BM3D [13]; global DNNS, includ-
ing CNN-based methods such as DnCNN [57], UNet [7],
DRUNet [59], and NAFNet [8], transformer-based methods
such as Restormer [56], and HAT [11], and the Mamba-
based method MambalR [20]; and classic local filters, in-
cluding Median [43], Wiener [4], and Bilateral [50]. For
super-resolution, we compare with interpolation methods,
including Nearest, Bilinear, and Bicubic [27], as well as
global DNNs, including CNN-based methods, including

11136



CBSD68 Kodak McMaster Urban100 Mem. Req.

Type Method
15 25 50 15 25 50 15 25 50 15 25 50 Param. Peakyup
Global NLM [5] 30.04 27.49 24.49 31.04 2848 2526 3191 29.26 25.78 30.66 27.59 23.39 - -
(Classic) BM3D [13] 33.52 30.71 27.38 34.28 32.15 28.46 34.06 31.66 28.51 33.93 31.36 27.93 - -
DnCNN [57] 3390 31.24 2795 34.60 32.14 2895 3345 31.52 28.62 3298 30.81 27.59 2.24MB 3.96GB
Global DRUNet [7] 3430 31.69 2851 3531 32.89 29.86 3540 33.14 30.08 34.81 32.60 29.61 130.57MB 1.98GB
(DNNs)  SwinlR [35] 3442 31.78 28.56 3534 32.89 29.79 35.61 3320 30.22 35.13 3290 29.82 47.58MB 50.31GB
Restormer [56] 3440 31.79 28.60 3547 33.04 30.01 35.61 33.34 30.30 35.13 32.96 30.02 104.51MB OOM
HAT [11] 3442 31.79 28.58 3550 33.08 30.02 35.64 33.37 30.26 3537 33.14 30.20 83.09MB OOM
MambalR [20] 34.48 3224 28.66 3547 3299 2992 35.70 33.43 30.35 35.37 33.21 30.30 18.61MB 64.00GB
Local Median(K = 3) [43] 26.87 24.90 20.97 27.18 2520 21.09 29.16 26.47 21.85 25.15 23.57 20.25 - 0.50MB
(Classic) Wiener() = 5) [4] 27.33 26.12 23.15 28.00 26.73 23.49 29.08 27.66 24.11 25.84 24.45 21.90 - 1.06MB
Bilateral(K = 7) [50] 27.72 26.14 23.69 28.51 26.76 24.10 29.85 27.93 2496 26.18 24.25 22.00 - 29.15SMB
Local Baseline 3346 30.75 27.28 3424 31.66 28.21 34.04 31.54 28.06 33.39 30.76 27.04 6.65SMB 15.0+ OMB
(DNNs) LineDL [24] 33.57 3093 27.67 3434 31.89 28.74 33.99 31.83 28.63 33.40 30.95 27.56 24.36MB 15.0+120.0MB
Ours 33.65 31.10 27.88 34.43 32.07 28.93 34.22 32.06 28.87 3346 31.08 27.68 337MB 8.0+ 15.0MB

Table 2. Quantitative results (PSNR) for Gaussian color image denoising under different noise levels on standard benchmark datasets. The
number of lines in a line group is 8 for local methods (i.e., I = 8). The PSNR values are averaged across three color channels.

Noisy (17.48) NLM (24.96) BM3D (24.24) UNet (34.20) DRUNet (33.70)

10199 GT (PSNR) Bilateral (24.40) Baseline (30.12) Ours (33.42)

LineDL (31.72)

Figure 5. Qualitative results on SID dataset for RAW image denoising.

FSRCNN [15] and CARN [2], transformer-based methods,
including SwinlR [35] and HAT[11], and the Mamba-based
method MambalR [20]. Note that although not direct com-
petitors due to their significantly higher memory require-
ments, we include results from state-of-the-art global DNN
architectures as a reference for comparison.

4.2. Main Results

RAW denoising: quantitative comparison. The main
results for RAW image denoising on the SID and ELD
benchmarks are presented in Table 1. As observed, neu-
ral networks, even a simple baseline operating on lim-
ited lines, significantly outperform classic methods, includ-
ing both local filters and global methods. Compared to
LineDL, our method demonstrates a clear advantage in both
denoising performance and memory efficiency. Specifi-
cally, our method achieves up to a 1.04dB gain (44.38dB
vs. 43.34dB) over LineDL, while using over six times
fewer parameters (3.37MB vs. 24.36MB), and requiring

only one-fifth the peak memory (11.3MB vs. 68.5MB for
HD resolution), thanks to our compact hierarchical design.
Although transformer-based methods like Restormer ex-
hibit a clear advantage in performance, their memory re-
quirements, such as 24.21GB for HD resolution, are ex-
cessively high for deployment on memory-limited devices.
This performance-efficiency trade-off is further illustrated
in Fig. 2, where the substantial gap in memory requirements
between global and local methods is highlighted. Addition-
ally, the peak memory consumption of global methods typ-
ically grows quadratically with increasing input resolution,
whereas for local methods, it scales linearly. For complete-
ness, we also report the SSIM and LPIPS results, which can
be found in the supplementary document.

RAW denoising: qualitative comparison. We present vi-
sual results for RAW image denoising in Fig. 5 and Fig. 6.
As observed, our method produces clearer edges compared
to LineDL, particularly in areas with dense textures. Ad-
ditionally, despite operating on only a few lines of pixels,
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T Method Set5 Set14 BSDS100 Urban100 Mangal09 Mem. Req.
e etho
P PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM Param. Peakpp
FSRCNN [15] 30.72 0.8660 27.61 0.7550 26.98 0.7150 24.62 0.7280 27.90 0.8610 0.05MB 442 .97TMB
Global CARN [2] 32.13 0.8937 28.60 0.7806 27.58 0.7349 26.07 0.7837 30.47 0.9084 4.45MB 506.25MB
(DNNs) SwinIR [35]  32.44 0.8976 28.77 0.7858 27.69 0.7406 26.47 0.7980 30.92 0.9151 47.58MB 50.31GB
HAT [11] 33.18 0.9073 29.38 0.8001 28.05 0.7534 28.37 0.8447 32.87 0.9319 83.09MB OOM
MamblIR [20] 33.03 0.9046 29.20 0.7961 27.98 0.7503 27.68 0.8287 32.32 0.9272 18.61MB 64.00GB
Local Nearest 26.25 0.7372 24.65 0.6529 25.03 0.6293 22.17 0.6154 23.45 0.7414 - 0.96MB
(Classic) Bilinear 27.55 0.7884 2542 0.6792 25.54 0.6460 22.69 0.6346 24.21 0.7666 - 0.96MB
Bicubic [27]  28.42 0.8101 26.00 0.7023 25.96 0.6672 23.14 0.6574 2491 0.7871 - 0.96MB
Local Baseline 31.50 0.8828 28.19 0.7715 27.28 0.7265 2547 0.7648 29.46 0.8924 6.67MB 8.5+ OMB
(DNNs) LineDL [24]  31.74 0.8874 2831 0.7748 27.37 0.7296 25.63 0.7705 29.67 0.8967 27.45MB 75.0+60.0MB
Ours 31.81 0.8876 28.38 0.7768 27.41 0.7314 25.71 0.7731 29.82 0.8984 3.39MB 3.8+ 7.5MB

Table 3. Quantitative results (PSNR and SSIM) for super-resolution (x4) on the standard benchmark datasets. The number of lines in a
line group is 8 for local methods (i.e., [ = 8). Peak memory is reported in upscaling HD (1920 x 1080) resolution with a factor of 4.

GT (PSNR)

scene-26

NLM (25.81)

~ BM3D (26.15)

Bilateral (25.57) Baseline (27.21) LineDL (29.68)

Ours (30.41)

Figure 6. Qualitative results on ELD dataset for RAW image denoising.

our method achieves a visual quality comparable to global
methods like UNet and DRUNet.

Gaussian denoising. In Table 2, we present the results for
color image denoising across different types of methods.
Compared to LineDL, our proposed method demonstrates
an advantage in performance, particularly at higher noise
levels. The results for grayscale denoising are available in
the supplementary document.

Super-Resolution. Additionally, we show the results of
image super-resolution in Table 3. As can be seen, al-
though achieving comparable performance w.rt. LineDL,
our method shows a clear advantage in terms of peak mem-
ory requirement (11.3MB vs. 135.0MB) thanks to our com-
pact design.

4.3. Ablation Analysis

Number of lines in a group. In this ablation experiment,
we investigate the impact of the number of lines processed
simultaneously for different methods. As shown in Ta-
ble 4, when the number of input lines increases, the base-
line method without any inter-line designs improves sig-

nificantly, indicating its strong dependency on the recep-
tive field of input lines. However, our proposed method
demonstrates a degree of robustness to this dependency and
achieves consistent performance improvements regardless
of the number of lines processed simultaneously. This ad-
vantage highlights the potential of our method to further
reduce memory usage by decreasing the number of input
lines. Additionally, it is noteworthy that our method out-
performs the transformer-based method, Restormer*, when
trained on line groups with [ = 8. This result underscores
the importance of proper inter-line design.

Progressive intra-line feature enhancement. To validate
the effectiveness of our intra-line feature enhancement de-
sign, we conduct two series of ablation experiments, with
the results summarized in Table 5. In the first set of exper-
iments, we construct a naive implementation by integrating
inter-line correlations in a straightforward manner, replac-
ing residual blocks in the baseline with an LSTM. As seen
in experiments (B), (C), and (D), incorporating inter-line
correlations significantly improves performance, particu-
larly in high-ratio scenarios. Additionally, introducing pro-
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