WATHE B it (=) HL = Eire Vol. 47 No. 11
2024 4 11 A CHINESE JOURNAL OF COMPUTERS Nov. 2024

ETHRBRBRENSTHREGZENER
ETH REE LEW & A

DOERTA RIS FRERE /L 230009
P AR R LS fF B HOR 2B dLAT 100044)
V(PR FEAFE PH%E 710049)

# E BERESEEI BN S — E AR 5 A S B A RUE R R A B RR O AR R R
b RO AR R A UAT L o5 1R R I L A2 & T 3 T A Al 20 43 0 O A T R IR B A . R R R
SIS T 0 R R R B R ) sy B H A R T T B T GPU A R B RE T A BR
— H IO A R B 43 W R AR BT AT KA B A AR T — 4 Sl X A R ARV Y i B R AR R N 4
(Patch Calibration Network, PCNet) [/ B J% B 2% > HEHL L 38 £ R F AR AR 1Y) — B0tk = 2 SRms i o 73 ik i )R
PR 30 b 5 325 A0 V3 2ok DTG 3 9 25 S A TR 125 43 9 2% i o e v 80 A e A B R R A R AT 884 T GPU 4
FE PR PCNet [y — > 5t T R 2 A 480 1) X sk e 452 vl (DPCOY 43 37 B85 1 43 W 25 [ {5 BV by 451 0 AL DA B8 4 1Y
FEYh R FAR R S BE. O T Bt i SR R AR A 1 R R AR T — R s A 51 S U R AL X R L
il D) 28 T DX S P A R R AT 55 2 28 03 2R AL D 4 2SRl X — BT SR M AN L T R IR B
gt T EL AR T AR I A R R AR SCE S FE A 4 Mapillary Vistas BIG FUEH @18 B9 Face- Human 48 4R 78
MY 2 R AR BT IZ RS20 L UEW] T PCNet B4 28501, 45 R 2 W], PCNet R4S R U 4b 3 SK 43 PR KR
It 5 IUA B IS #E R SCN 7k A/ bE L S2 B0 7 8 00 8 Y M R L J5 25 70 AL 38 1= 40 9 SR i A A7 A TR HE. 4 2 9 DT Rk
FEIF & T PCNet, —Fpgtxt 5 23 B 26 AR 28 40 WU MG R B 2 2] FR U 7 32 BIN T A 1) X IS i 28 4, JR i gt 17— 4>
15 0 B R R E I IR AR L T T R A 4 B R A R R R A BV A M R AR S S B TR R 3R 4 B AR 1 AR
KTAE RGN AT PCNet HEZR  H235 JI/R T S50 45 B IF S i Sk 0 5 ik 64T T L8R, S50 305y B4 TR R4S
IR T AW T 0T AE T 1) AR | T A TR R T Ay S5 o B33 46 1 R M DG B il R B R R R v
SR HE— 20 K B AR SO AR R A B AR I T — A E B R R T — T R A8 R 8 M B A B R 4y B
KGR R 2. BT A9 PCNet #EZ2 , FE 5 QB 19 DPC 43 X RS A 51 I ZRALH . by 2 o 18 11 8 HLIE 58 4
W 5 A0 R A T — AN R R 0 O ). A SO AR | T ARE AR DL R T R A 1) D Al B o EE 4R T AE https://
github. com/wangyxxjtu/PCNet F #HL.

KR OBR R RSB PR R N T g
HEESES TP391 DOI & 10.11897/SP.J. 1016. 2024. 02664

Generating Superpixels for High-Resolution Images with
Decoupled Patch Calibration

WANG Ya-Xiong” WEI Yun-Chao” QIAN Xue-Ming” ZHU Li¥
D (School of Computer Science and Information Engineering , Hefei University of Technology, Hefei 230009)
2 (School of Computer and Information Technology ., Beijing Jiaotong University ., Beijing 100044)
D (Faculty of Electronic and Information Engineering . Xi’an Jiaotong University, Xi’an 710049)

Abstract  Superpixel segmentation is a significant task in the field of computer vision that involves
grouping pixels with similar attributes into coherent clusters known as superpixels. These superpixels

are not only useful for image annotation but also serve as a foundation for various downstream

WS FLME£2023-06-07 ¢ 4% 1 I 2024-07-16. A RIBEAG 117K F1 44FH2% 36 4 (62302140 ot S K SE A B AL %5 0 06 e (4 M T
WA A AR TR (JZ2024 HGTBO26 D ¥ By, I 1 -, @ 8, F W 5E 5 1)y e (R B 5 B AR 25 3155, E-mail: wangyx15@
stu. xjtu. edu. cn. BZ B GEGFEZ) W+, #8R. FEU RO R 55 WB % 5 B Z 15 X F. E-mail: wychaol987 @ gmail. com.
SFRGAGEES ML 2%, TEPF RS N EESN AT, E-mail: gianxm@mail. xjtu. edu. en. & F, A4, 2082, = B HF 540 5%
oy PG b P55 T AL



114 R A T R XA o e 0 R R A I 2665

applications such as segmentation, optical flow estimation, and depth estimation. Despite the
substantial progress in superpixel segmentation techniques, particularly with the advent of deep
learning methods, existing solutions have been unable to effectively handle high-resolution images
due to constraints in GPU memory and computational power. The authors propose the Patch
Calibration Network (PCNet), a novel deep learning framework that addresses the limitations of
current methods by employing a decoupled consistency learning strategy. This approach allows
for the efficient generation of high-resolution superpixels by predicting high-resolution outputs
from low-resolution inputs, thereby bypassing the GPU memory limitations. A key aspect of
PCNet is the Decoupled Patch Calibration (DPC) branch, which incorporates high-resolution
image patches as additional inputs to preserve fine details and enhance boundary pixel allocation.
To improve the identification of boundary pixels, the authors introduce a dynamic guidance
training mechanism that utilizes a binary mask. This mechanism encourages the network to focus
on the primary boundaries within a region, simplifying the task from multi-class classification to a
binary classification problem. This innovative strategy not only reduces the complexity of network
optimization but also significantly enhances the precision of boundary detection. The paper demon-
strates the effectiveness of PCNet through extensive experiments on diverse datasets, including
Mapillary Vistas, BIG, and a newly created Face- Human dataset. The results indicate that PCNet
can successfully process 5K resolution images and achieve superior performance compared to the
state-of-the-art SCN method, which struggles with high-resolution inputs. The authors’ contributions
include the development of PCNet, a deep learning solution for high-resolution superpixel
segmentation, the introduction of a decoupled regional calibration architecture, and the construction
of an ultra-high-resolution benchmark dataset for evaluating the performance of superpixel
segmentation algorithms in high-resolution scenarios. The paper is structured to first review the
related work in the field of superpixel segmentation, then present the PCNet framework in detail,
followed by experimental results and comparisons with state-of-the-art methods. The conclusion
summarizes the findings and outlines potential directions for future research. The availability of
code, pre-trained models, and the new benchmark dataset will undoubtedly facilitate further
advancements in the field of high-resolution superpixel segmentation. In summary, this paper
presents a significant advancement in the domain of superpixel segmentation, providing a solution
that can handle high-resolution images efficiently and accurately. The proposed PCNet framework,
with its innovative DPC branch and dynamic guidance training mechanism, offers a promising
direction for future research and applications in computer vision. Our code, pre-trained models,
and the newly constructed evaluation benchmark dataset are available at https://github. com/

wangyxxjtu/PCNet.
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Background

Superpixel segmentation is an image processing technique
that segments an image into multiple homogeneous regions,
known as superpixels. These regions are visually similar and have
clear boundaries, making them larger and more meaningful
than individual pixels. Each superpixel is a group of pixels that
share similar color, texture, and brightness, which helps in
reducing the complexity of the image while retaining essential
visual information. This method is particularly useful for
various computer vision tasks such as image segmentation,
object recognition, image compression, and 3D reconstruction.

The key characteristics of superpixel segmentation include;

Homogeneity: Pixels within a superpixel are similar in
color and texture.

Clear Boundaries: The boundaries of superpixels often
align with significant edges in the image.

Regular Shape: Superpixels tend to form regular shapes,
approximating circles or ellipses.

There are two main approaches to superpixel segmentation;

Traditional Methods: These are typically based on clustering
or graph-cut algorithms and include methods like Simple
Linear Iterative Clustering (SLIC) and Superpixels Extracted
via Energy-Driven Sampling (SEEDS).

Deep Learning-Based Methods: These leverage Convolu-
tional Neural Networks (CNNs) to learn representations of
the image for segmentation. They can handle more complex
image structures and learn from vast amounts of data.

When it comes to high-resolution image superpixel seg-
mentation, the challenge lies in processing the vast amount of
data present in high-resolution images. Traditional methods
may become computationally expensive or slow when applied
to such images. However, with the advent of deep learning, it has

become feasible to segment high-resolution images efficiently.
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Deep learning models can be designed to handle high-
resolution images by using strategies such as:

Patch-Based Processing: Breaking down the high-resolution
image into smaller patches that fit within the memory constraints
of the system.

Pyramidal Approaches: Utilizing a multi-scale represen-
tation of the image, where the segmentation is performed at
multiple levels of resolution.

Efficient Network Architectures: Designing networks that
are computationally efficient and can process high-resolution
images without significant loss of detail.

High-resolution superpixel segmentation is particularly
important in applications that require fine-grained analysis,
such as medical imaging, satellite imagery, and high-definition
video processing. By effectively segmenting these images into
superpixels, the subsequent analysis can be made more robust
and computationally efficient.

In this work, we introduce a deep learning-based frame-
work for high-resolution superpixel segmentation, termed
PCNet, which is capable of processing higher resolution
images at a faster pace. To address the loss of boundary details
due to downsampling in the input, a decoupled Patch Calibra-
tion branch (DPC) was designed to correct the boundary pixels
in global predictions. A binary guidance mask is introduced
to enforce the DPC branch to focus on perceiving semantic
boundaries within the image. To accurately identify a greater
number of boundary pixels, a local discrimination loss is
proposed to differentiate the pixel embeddings surrounding the
boundaries. Additionally, an ultra-high-resolution benchmark
dataset, Face-Human, has been constructed to evaluate the
performance of superpixel segmentation at extremely high

resolutions.



