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Abstract: In today’s era of raid automation and technological advancement, unmanned systems are increasingly becoming
a key area of strategic competition among major global powers. These new domains and capabilities of unmanned systems
are not only key to supporting national security and strategic interests but also serve as the core force driving future techno-

logical innovation and application development. Unmanned systems are reshaping the boundaries of national security and
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redefining the connotations of strategic advantages. As a key component of unmanned systems, unmanned mobile visual
technology is demonstrating its immense potential in assisting humans to gain a deeper understanding of the physical world.
The advancement of this technology not only equips unmanned systems with richer and more precise perceptual capabilities
but also offers humans with new perspectives to observe, analyze, and ultimately master the complex and dynamic physical
environment. In the early stages of unmanned mobile visual technology development, researchers mainly relied on tradi-
tional learning methods for image processing. These methods focused on manual feature extraction, which depended heav-
ily on the experience and knowledge of domain experts. For instance, feature descriptors such as scale-invariant feature
transform (SIFT) and histogram of oriented gradients(HOG) played crucial roles in tasks such as image matching and target
detection. Although traditional visual analysis methods still hold value in specific situations, their dependence on manual
feature extraction and professional knowledge limits efficiency and accuracy. With the advent of deep neural network tech-
nology, unmanned mobile visual technology has ushered in revolutionary progress. Deep neural networks, through auto-
matic feature extraction and hierarchical structures, can learn feature representations ranging from simple to complex,
allowing them to capture local image features but also understand and interpret higher-level semantic information. Thus,
these networks notably enhance the fitting and discriminative capabilities of models, offering advantages that traditional
methods cannot match. Consequently, deep neural networks have become the benchmark for unmanned mobile visual tech-
nology. However, in practical applications, unmanned systems often encounter complex, diverse, and dynamically chang-
ing application scenarios, which present considerable challenges for the deployment and effectiveness of deep learning mod-
els. First, the complexity and dynamics of the imaging environment present notable problems in unmanned systems. Dras-
tic changes in lighting, unpredictable weather conditions, and interference from other moving objects can degrade image
quality, thereby affecting subsequent processing and analysis. Second, the high-speed maneuverability and camouflage
strategies of imaging targets add another layer of difficulty for unmanned mobile visual systems. The rapid movement of tar-
gets complicates stable tracking, while camouflage and concealment make detection notably more difficult. These factors
collectively reduce the accuracy of scene reconstruction, interpretation, and target identification in deep neural network-
based unmanned mobile visual models. Furthermore, the diversity of imaging tasks introduces additional challenges. Dif-
ferent tasks often require tailored visual processing strategies, and the system must possess sufficient flexibility and adapt-
ability to effectively handle different tasks. However, current deep neural network models are often tailored for specific
tasks, limiting their adaptability across diverse applications. The uncertainty and unpredictability of environmental factors
impose demanding requirements on unmanned mobile visual systems. These systems need to offer precise perception and
in-depth analysis to provide decision support, enabling automated systems to respond quickly and accurately to environmen-
tal changes, thus improving overall efficiency and reliability. In response to the visual challenges of unmanned systems in
complex, dynamic environments, this article delves into the current state of development of unmanned mobile visual tech-
nology in addressing these challenges, focusing on five key technical areas: image enhancement, 3D reconstruction, scene
segmentation, object detection, and anomaly detection. Image enhancement, being the first step, is crucial for improving
the quality of visual data. This process improves the contrast, clarity, and color of images, providing highly reliable input
for subsequent analysis and processing, which enhances the performance of unmanned systems under various environmen-
tal conditions. 3D reconstruction technology facilitates the recovery of three-dimensional structures from two-dimensional
images, enabling unmanned systems to gain a more comprehensive understanding of the environment, making it better
suited for tasks in complex settings. Scene segmentation involves partitioning an image into semantically meaningful
regions or objects, providing a basis for precise environmental perception and target recognition. Object detection is central
to unmanned mobile visual technology, enabling the system to locate and identify specific targets within images or video
streams. In contrast, anomaly detection focuses on identifying anomalies or events in the scene, allowing unmanned sys-
tems to timely identify and respond to potential threats. This article will provide an in-depth exploration of the research
ideas, current status, and the advantages and disadvantages of typical algorithms for these key technologies , while also ana-
lyzing their performance in practical applications. The integration and collaboration of these technologies have substantially
enhanced the visual perception capabilities of unmanned systems in dynamic and complex scenes, enabling them to per-

form tasks more intelligently and autonomously. Although some progress has been made in unmanned mobile visual technol-
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ogy, numerous problems in its practical application within complex dynamic scenes are still encountered. This review aims

to provide a comprehensive perspective, systematically examining and analyzing the latest research advancements in

unmanned mobile visual technology for such scenes. This paper explores the advantages and limitations of the above key

tasks in practical applications. In addition, this paper will discuss the gaps and challenges in current research and propose

future possible research directions. Through in-depth exploration of these research directions, unmanned mobile visual

technology will continue to advance, offering more robust and flexible solutions to address the challenges posed by complex

dynamic scenes. This progress will lay a solid foundation for the long-term development and practical application of

unmanned systems in the fields of automation and intelligence.

Key words: unmanned mobile vision; complex dynamic scenes; image enhancement; 3D reconstruction; scene segmenta-

tion; object detection; anomaly detection
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Table 1 The evaluation results of the classic deblurring model on the CBSD68 and McMaster datasets
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Fig. 2 Qualitative experimental comparison of classic denoising models (PSNR (/dB)/SSIM)
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Tk F A TR A R W R Tk (Cor-
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(Wei 5§ ,2020) KT W45 19 )7 15 (Zhao 55, 2018b)
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Fig. 5 Single-stage and two-stage image super-resolution reconstruction models



$30% /E 68 /2025 £6 A

HEERHEF RN AL H AR AR R

Teits SR , SR 1 ISR FE XA (Y BR ) , el 75
O3 BB SR N FHAE RS BN .

1 3 3 Fr 78, RCAN (residual channel attention
networks ) (Zhang %5 , 2018b) . DAN (deep alternating
network ) (Huang 5% , 2024 ) 1 IKC (iterative kernel cor-
rection) (Gu 45, 2019) B AR X LEFE R 1 ) 2 LA
B A Ferh IKC BRI A2 22 e/l BSRGAN
(blind super-resolution generative adversarial net-
works) (Zhang 4§ , 2021a) #% %I 7 PSNR. LPIPS
(learned perceptual image patch similarity ) I SSIM iX
3k R R R TR A B AR R B 6, AT LA
TE G 53 BF AT 55 Hh 1Y LPIPS 8% 1K 14 G e £ .
Real-ESRGAN (real-enhanced super-resolution genera-
tive adversarial networks) (Wang 4§ , 2021b) £5% 7 /¢
LPIPS e IS £ , 1 7E PSNR A1 SSIM [ W3 — 25, 3%
TR B AR R SO 7 T AR & (AR R R
% 59) A A if B 1 A 4 BSRGAN ., ZSSR (zero-shot
super—resolution) (Shocher 45, 2018) f) 3 N8R £
WEZE AT

®3 BEBESPEZLZHAEEE NTIRE-RWSR
(Lugmayr %£,2020) #1384 £ LI x4 847 9%
Table 3 Classical models of image super-resolution
reconstruction achieve x4 super-resolution (SR) on
the NTIRE-RWSR (Lugmayr et al. ,2020) dataset

i MACs/G ~ LPIPS  PSNR/IB  SSIM
Bicubic - 0.537 2235 0.617
RCAN 260 0.472 22.32 0.604
ZSSR - 0.639 2221 0.603
IKC 80 0.479 2225 0.600
DAN 315 0.471 2241 0.609
BSRGAN 291 0.299 22.47 0.623
Real-ESRGAN 291 0.238 22.08 0.622

TE IR RS A 9 e LA 2R, =" Fon To B

1.4 EmERILE

BT R SR AR SR T IR AR F R AR R e
AT WL 75 T 250 T B JU O TR NS 3RS T
IHUTEERIR ] W S TE AR SIS R B S HF
SEMER Y PR BT RS 2 o 2 PR A 4% Ak P
W PRI VYT 2 R RN L i RSk 2 ) R
7k FEEr O 32 AL GG AL BT v T Retinex

(retina-exponential ) B i f) (1% fft FE 34 5 506 RN L T
R85 1% R 6 B

RS G AR J7 ik
FeFRetinexH S H) 71 j’i
B o TR
AR B IREES I T R S R
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Fig. 6 Single frame image enhancement technology

1 G ) AR IR R 184 58 07 05 TR AR T IR Ak B A
AR B TT AT SR B B i A AL G E
S8R vt 1| 2 € = = LB E )
AT PG B T DAY JR R X LU BE A Eh A
T S AR L AR 4 R R ST R SR BT LU i D el
Je ES AT O TR o AR 3 S 7 LA AN [6]
st B85 51 NP A B 1 i i) Im) il

FET Retinex P e (1) {16 6 BE 14 5 530 7K R 6% ik
7 RIS AL G 5 DL ao P S SR AR LG B2
()L, A 205 i (R R B A5 15 U2, DT 48 P {5 o
AR . Li % A (2018) $2 ) —Fh 3k F 45
Retinex 581 (IO BB SE 98 07 v . 1207 il
UGS L BE (R 19 385 0 MR SO AZ G2 1Y Ret-
inex BEY, DA T3S 3R O BRIEMR O S5 R 15 5., 3542
e 1 AR A TR AL B i . AR BE T Retinex
PV 1) AR SR 1 R SRk T L9 i 1 R R B A
TR ABSREGEAN RG R E B R ASOR AN

TE BT P G0 5 U, BE TR B 27 ST Y 7 ik 2
TR A DRARR O B PRI 08 5 0] 00 ) o 2T, X %
N (2022) 3 T AN TR DI HL A AN [R] 1 15 e Ly
1, 454 Transformer 8 5 A U 28 W 45, 38 1 ik /D>
XA A R L Xl 1) 475 8 2R G ok 4 v TR SR
XL TR B 2 o] B AR IR PG i )y ok i 5 2
FIR) A 228 1) 2 R R R i ) I R B0 | RE B8 A Ak Ak
TR A MR TR AT 25 R R R B4 I Rt
PTG B G 0% o B AT WL

gt ] AR TR 1 R B AR R TE RS S0 R &
H A — A BRI, W R Z R HOR T s AR
Ge 07k BRI A, (A R AE B 4 BAEE N R
o TS TR BE 27 ) 1 07 ik BRI A s L B
24027 )1k e R PR IVA R Py & S e 1)
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FIARRAT ST R G TT 18]

X B ] AR D' IR A4 5 R AT i S, SRR
A 4 PairLIE (paired low-light instances) (Fu 5§ ,
2023) . Zero-DCE (zero-reference deep curve estima-
tion) (Guo %5 ,2020) . RUAS (retinex-inspired unrolling
with cooperative prior architecture search) (Liu % ,
2021) .SCI(self-calibrated illumination) (Ma % ,2022)
F1 CLIP-LIT (contrastive language-image pre-training
for pixel—level image enhancement) ( Liang % ,2023) ,
L5534 7R, RUAS F1 CLIP-LIT B AU i A5 5 4 |-
(R BIFARGEH . Zero-DCE FI SCIA R [y PSNR Fl
SSIM FEARE i , (B PR AR AR 45 A e B4 8 5 T
AT PR o PairLIE 52U £E B A7 Pl 95 b 3% 3R L

o
B

PairLIE

1.5 ZmE&g=E

HEE XA, T AR Sl H AR T I G
MRS AL GRS A S YIRS PR . 2 Wil G I s L
AR 3 il G 22 T R A5 S B v L T B RN 4 1 i
BTG R G A SRR B . B T
E2: ENEICS T IEA 7S RS T 2 e NS
SE A AN AL A B, Tz TR AL B 3h2
GRATAILES A, LIS S50 E Ar 4 4 RS D s 5540
Z WG TR Al B AN (R B 'G E a] 1 PG A A i B
VLl (high-dynamic range , HDR) EI1% , $& T+ 78 = %F
LU RE PR T 1 UG T it A s i g

ARG R A AR o B A Z IR G A

S R A TSR DL S BN S i A R 4 T
%ﬁoﬂﬂﬁ%@%ﬁ?aﬁﬂﬁuﬁ?mmxﬁ
T 22 W 4% (Han 55 ,2022) F1 A= B BT 2% (Liu 55
2022a) Y EMG R A HESE . LT A b &8 1 ik ek
RUBCHE B2 T 2k A G i 4 547 R AF B2 BOR R4S
I T TR TR RS SRR A TR B ARRAE 3 T
CNN 11 5 %38 2 152 1 Do 28 485 46 FTDE % o 4, S 3 g

Zero-DCE

AE 70 JC B 19 55 ' PR (53 AT 55 b HAT A
oy FR PR RE RN ) LR B B R R RE T o 181 7 DA Bt
LB ARR L 498 it 2 P S B 4 2R

x4 BEWEGRAEBIEESIWRER
Table 4 Quantitative experimental results of low-light

enhancement for single-frame images

i PSNR/dB SSIM LPIPS LOE
PairLIE 19.70 0.774 0.235 0.278
Zero-DCE 17.64 0.572 0.316 0.296
RUAS 15.47 0.490 0.305 0.330
sC1 16.97 0.532 0.312 0.289
CLIP-LIT 14.82 0.524 0.371 0.320

TE P RS S B iR 2 2R

SCI-LOL

RUAS- LO
7 ST M S0 25

Fig. 7 Qualitative experimental results of low-light enhancement for single-frame images

CLIP-LIT

) ) AR BB RS RN R B A sk A T T st
T3 FI ) ) BB (Ma 55, 2021) 5 FF A BT 9 4%
(generative adversarial network, GAN) %) il 45 HE 22 )
W PR Tl G AR A LAt 55 0 ) 4 22 ) 18 X 450 el
I, 3 5 ) 00 g 3 A AR A T Rl A SR AEA R
o3 A6 5 B AR A — 20, T B S B AR SR
HREGER, B2, X 3FELARES, H S
88 5 O T T L3RRl SRS i M 2%
CNN 77 12368 o i 2 v 25, S0 1 R AR B BOR R 5
SRR — Rk W T TR B 4 GAN T
S PRSI , S T RS R R B (EI
Rt PR B AR

ZBOCEIE RS BRI RS R — 35 T A
BRI AER 1) Z IR 5, A i HDR R . AR 53
3T I8 SR I (Hu 55 ,2019b; Ye 55 ,2022) (JE T
PG L i (Trinidad 55 ,2019) & TR 24 2) (Deng
4F,2020; VI 45 ,2022)3 28071 B TIE Sk
14 7 38 o 23 BRI 5502 8 R AR A i 14
B EM T EIENE RN 5 HERENEIZ D)
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kiET, EREF, BKKH, BEH, NE, #F¥F, 2RI, k&
HEERHEF RN AL H AR AR R

W2 TR, BB BRI 2 T EHR ECERY
D5 ¥R I X 55 S 25 PR RN MG 51 45 2 A8 Al
G A A R E B ORI s 2 TR
FAAWITETE Z OGRS PRI . Yan 55 A
(2019) $2 4 B2 T3 S ML 59 HDR A R 4%, 8
W GIATE B, BGE TR T 4071 22k 1)
[7a) 250, [] AR 9 55k 22 W P42 8] 40 3 22 5, 32 716
HDR EUG A i FIE LR o 3 Fh 2 B OGIRS R G 7
PR DI A < BT Z A (Y Jr ik BT B B4 L (HTE
Ktz 37 5 P ROR A 5 T BHRBC HERY Jr 2538
X FFEORA Rl G 2 iR R L A G BT & 1 HDR
PG e TR BE 2 >0 1 5 il ol 2 ) e Al 5 S
TEALPRIE M B 7257 5o SR B (5

22 W PRIAG it B T8 3 2555 A1 22 Wil ETHR B4
B BEFERT T EURR B A B BEE AL
BRI PE 7 S BRI K e , Z Wi EHR G 5 BORTE
TN B 227 M Aa AT SR LA N kg 4030 5 25 S
S B vy o ) PRLGCRIAILARTAL B R AT RE , AR
T RGBS B RN T RS B RIS
EE

Z WOt EIAZ il & 2 BB B Sen (Sen 45
2012) . Hu (Hu % , 2013) . Kalantari (Kalantari £l
Ramamoorthi, 2017) . DeepHDR (Wu % , 2018) .
AHDRNet (attention-guided end-to-end deep neural
network) (Yan %, 2019) . NHDRR (Yan 4% , 2020) .
HDRGAN (Niu % , 2021) fl APNT (attention-guided
progressive neural texture fusion) (Chen %§,2022a) ,
50 Z G EUE Rl A 28 MU R 7E Kalantari (Kalantari
F1 Ramamoorthi, 2017 ) ZHE4E 09 8 5 5L 50 45 5 .

M S (1) PSNR-p I PSNR-L i S5 45 K &
APNT A5 B 7 S 249 05 3 A 0 {5 W LG - A B
538, 53901k 43. 92 dB R 41. 57 dB, % W] APNT
TEHE AR SE R DI 45K 52 b, BE A B 4 b O 4
P % B S i AT {5 6L o A SSIM-p Al SSIM-LL 1
545 b, HDRGAN F1 APNT #5 7 [a] B 3 B €
HDRGAN [y 455 47 0. 990 5 F10. 986 5. APNT [ 4%
R 90.989 8 F10.987 9. SSIM {H #2171, /K
A S5 F A5 SRR B, 3R B 33 T A5 20 7 P 1
o g A P RE 8 B L O B AR TR R A S AR R
HDR-VDP-2 4545 I 7314l HDR & 9058 7, 15
o3 B R AR LG B A L TR X IR AR b
HDRGAN LA 65. 45 434056

x5 ZBAEGREEGEZHERTE Kalantari
(Kalantari 1 Ramamoorthi, 2017 ) iiEE EE LW E R
Table 5 Quantitative experimental results of classical
multi-exposure image fusion models on the Kalantari

(Kalantari and Ramamoorthi,2017) dataset

PSNR-p PSNR-L

Tk SSIM-p SSIM-L. HDR-VDP-2

/dB /dB
Sen 4095 3831 09805 0.9726 55.72
Hu 32.19  30.84 09716 0.9506 55.25

Kalantari ~ 42.74  41.22 0.9877 0.984 8 60.51

DeepHDR 41.64 4091 0.9869 0.9858 60.50
AHDRNet 43.62  41.03 0.9900 0.9862 62.30
NHDRR 4241  41.08 0.9887 0.9861 61.21
HDRGAN 43.92 4157 0.9905 0.9865 65.45

APNT 43.94  41.61 0.9898 0.9879 64.05

T L P SRR S 8 B A2 2R

2 ZHER

2.1 ZSMBENARZ=Z%HEE

ZE U] 8 = = 4 T a0 B sk
S — R EHR ST A, B SR i sh 4
Fa) K 52 380325 (structure from motion, STM ) 5 A1) FH AH AL
RIS B B b R RN AL B RS E R R G
K H 2 40 E 37 AR 3 59: (multi-view stereo, MVS)
K —Z 5 O AL S E R ik 52 ) s R %%
M RAE . ARAE N 25 R RAE, MVS 5 ] LA K EL
53 R 3 TARFbR 5 19 77 % (Hernandez 55, 2007) |
JE T % 19 77 725 (Esteban Fl Schmitt, 2004) 5 T 4
=W 5 5 (Furukawa F1 Ponce , 2009 ) A1 TR E /Y
J71: (Campbell 45 ,2008) o 47 12:38501) , MVS Jr 12
MOREAT 43 Ry B AL G JLA[ () MVS J5 vk DA Je 56T
TREEZE I MVS 5. SR, HATH 5 T4
JUART Y MV'S J5 B RIS TR 27 2T 1 MVS D7 i, Hok
HRAEX R EE R, PR, A1 K AR i T 12 28 il i
4,
2. 1.1 FETAEG U i Z2 IR S Ry vk

R o MEGZME AR T EXS I, FTg L
il () 22 0L I S AR i AR, K22 S B DR e B 1 Y 72
Fibr, DT 374 500 i Barnes 45 A (2009) #2111, 3 32
B H AR S PRH R ) 9 0 5 b S AR I AR AR T
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Shen(2013) ¥ Se K RICECAY AR R I MVS. h T

FEFERCR , Galliani 5 A (2015) #2 H Gipuma , Ho A
ARy U A E SAREES Ve ik (S e S st |
H T EE AL BEZR (graphics processing unit, GPU) ) 3f:
T PE DA R 8GR o R, Gipuma ) SR 605 2B
QR W RAE AR PR TR Y, 0 30T X R X
WU B 20 o PRI, Xu F1 Tao (2019) 1831 T —Fl
P 17 R 38 SR A AR 22 AR B I 5 4L 18] 1 % (adaptive
checkerboard sampling and multi-hypotesis joint view
selection, ACMH) %) J7 12 2K fiff P ik — B g o S XHIG
LU DI TR AL T A A T — 2K ACMH 5 2 R
JE U] — Btk 5 | AR & 32 Hh 2 RS L] — 2ok
5] & 1 MVS & 3 (combine ACMH with multi-scale
geometric consistency guidance, ACMM) . JX 45 |l i
T3 R R T A TR G LT R MVS 7 kR PERE
B SZ AR SO X I TR B A B AR 22— HAT B
PERYIR) R, e DT E 22 00 18] 7 AR o AR i A A T 8
B

®6 (R RERTETL
Table 6 Comparison of traditional multi-view

stereo methods

Tk PR
Gipuma EEIPAR SRS
COLMAP A&
ACMM FEREE R
APD-MVS  RES b FTC SO X I
ACMP R T) RS A 2 15 50 2GR B Al

TE RS SR B 5, I E) T 4 5 PR RE ik

HPM-MVS R

BN HEFHULR PachMatch SV ISE St
eI S
EH%& %J%f}t N A P "'jgﬁ]@g
#am%c s

K8 HRITHE 20 7 A d i U

Fig. 8 Block matching multi-view stereo reconstruction

T PR A KA TR 1 R, V7 22 05 1255 1
gk lfE R ok E A&
(2019) # H TAPA-MVS (textureless-aware patch-
match multi-view sereo) , ¥ EIMZ 53 b WA~ [R] R
AR R , T H AR D Sl s 4, B s AR TS Y =

Romanoni I Matteucci

At 5N BE AL A — ZPE (random sample consensus,
RANSAC) J7 e R 2R WHUL& 0T, 285 R SE 5
BRSO X 3, 5 TAPA-MVS 258l , Kuhn %
A (2019) 3R F —Ff ik T Ji& 45 3R A4 1 T &b 42 07
25, DV S AR S B DXl % B PR 19 58 % 4% o Xu Al Tao
(2020) 3 T 7855 N = ferg il 7-Fmide s ik, b
J5 168 e AR 3R PRI A B S 6 (R Bl A MVS a B v
XuFE A (2023b) 3 T —4> 2 U U] — 3k 5 | &
- T8 56 56 4l Bh 19 22 A0 IS AR D7 vk s it g5 S
ACMM HI ACMP, 853 F FH A Bl U IR BEE AR L, OF
G54 ol Bh A S A PR S X 3. Ren 25 A
(2023) 4 14 4 Jm i i AR A B MVS opy Horp g
AT RWSC S AZ P A HE S | 30 3+ bR 2R A9 1
TS si Ay | 20 w0 gt H AR Y = 4E LA
2.1.2 FETIREEA B 2 S AR E )k
T RIREE S Z M EISIAR T it b, TREE2

AJOTZ T =4t 0] R, 1A 20 00 P 7 AR i
HRHE T OGHEME ] . MVSNet(Yao %5 ,2018) 5] A—
A g 21 iy (4 TR JBE 2 ) I 46, DA — 4k RIS R A A =
Y AT, BRI, MVSNet X 884~ = 4R FUEF T IE

WAL, FE T Z B NAFTR . MVSNet [ 45 4514 U1
Kl 9 i/ . R-MVSNet(Yao %5 ,2019) 38 # % GRU
WU AR R BB J7 1) R AT IE DA, DASEBLR
TREEAR N AER bR S 7 2E— 2D A D4
= PE B8 , CIDER (MVS network with correlation cost
volume and inverse depth regression) (Xu ZE,2020)
FH - 34 7 28 AH SC AR UL 2 B8 by A 8 o 21 AR
(LN

xR7 REFISMELMETTEISL
Table 7 Comparison of deep learning-based multi-view

stereo methods

ik T
MVSNet AT T AE
CasMVSNet WA
PatchMatchNet P 1) FF R, I 20 U o ARG
TransMVSNet AE T =
WT-MVSNet SEREIE I , RERS Ab RS 5

ATAROR , B TR L2 ] 1Y MVS BYRCR 5 i T3
Z . CVP-MVSNet(Yang 55 ,2020) . CasMVSNet
(Gu % ,2020) A1 UCS-Net (uncertainty-aware cascaded
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HEERHEF RN AL H AR AR R

r o T d N N\ ( 2
warpfHHh |
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K g
warpFL i " HILAREE
T+
ncal kAL
A
R
v
Ve soft argmin
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N J \ J J L TR )
TRBERHIE SR FRAN A AR EE NI VR HHEIT -

19 MVSNet [M2545H
Fig. 9 MVSNet architecture

stereo network ) (Cheng %5, 2020b ) 18 i3 42 AOHL 21K A9
TS DR AT o X 2L 2 B By 18 SE T
RELWS A TR B [, ORI B TR R T50I , 76 3 B R
AT . R, E AR DATE & RN AR
2% ] g [ Fof P 00 PRI ) R

b, PatchMatchNet ( Wang 45 ,2021a) F B PUig
AR A TR BE 7 I HESR b | LS 3 ey o it 1 e 4 [
B/ N AEIH #E o I, Transformers 3 32 HAH 4R 2
WS SC R A RE ST B HESh T MVS BUBESE . AuMVS
(Luo &5 ,2020a) 51 A T 38 5 Y T 3 7 DT e B8 45 A
B, DARA RS 1R SCAF L, 14 5 U T Y & R
TransMVSNet ( Ding 55 , 2022) & BYj Transformer 52 #f
T MR NN R AR T R A Ry bR SO
A ARBUE ARSI . WT-MVSNet(Liao % ,2022) #2
5L T O B9 Transformer, JH T 22 40 18] 37 AR VT JiE v
() R AR IE DL A4 SR AR SR o
2.2 ETHERBAREN=4EZ

{458 Z AL LAy o 5 vk RS AIL T T kG
(R i 4t AR (HJR B T 3 A8 ) S5 v AL BT ) A 2 R il
ARFEAE S VC AN S5 (] AR 2 R B . 1
FE TR 22 I 285 1) 7 v AT LA R DA LG rh 2 o] = 4
S ANAURT AR BT (s — 2 E 25 2R i ]
(DRSS 2/1D) P 37775 i 1 e 8

H i, T8 18] 52 4% 3 2537 50 B AR sh I oE = 4k
HAE, O A KT TR I & 210 ik o
A SCHRAE = e 25 B 3k T i N TR R R 1 =
Yo 7k T IR ) = e R TR
KRR =2y AT A

2.2.1 FETARRER R i =4 dd )y ik

&2 (volume pixel /A # LAY = AR RN 7
202 UM R SRS YR, R = 4E A ]
SR, B AL E B E SR IE, RRERITE
JE R = TUART 45 A8 BRI Sy = R AR R AR B U7
fift |3 3ok B MR R 1Y R R A =L 45k . H
HH BT B AR 2R R (18 J 1 2 i o 28 ) 24 2
2] SYEIAR R MRS A K B RSO Bl S Y
WRIEME R 1, A2 JE PR 0 /Y28 7 B (Wu 55,
2015 ; Girdhar %%, 2016 ; Xie 55 ,2019) ; HE K 5 A R
PO A H R B PR RS IR R A T AR
(Kar 55,2017 ; Tulsiani 55 ,2018) o {4 3 [ 4% SR 5 [&
SE PR FEOTE R RMNAAE T, — 2605 %
RO\ SR R FCA B i ) A A 5 R o S 85 BE v e R
(Tatarchenko 2% ,2017; Wang% ,2017) .

A5 15 25 PR %L (sign distance function, SDF) 7R
T5 e = s ] vh (8 B AR R M 5 S B
VTR BT AF TR R IR SRR TR IR N, T (i
INTEIUT AN . SR 108 TSR 0 FE 8 L ke
5 5 5 25 PR AL (truncated signed distance function,
TSDF) 7E4F 51 25 pRACHE A - LA/ N TE (LR 7 £
X PE B ABLHEA T T , A TE A7 it 5 ) A 3 T A 1R 3R
WAEGE A 455 #1525 {H (Curless Fl Levoy, 1996 ; New-
combe 45 ,2011) . J&FARR I AT FE B sR B0
T =4 HE (Zeng 55, 2017)  (H 2K R 77t
FT B3 A ATY SR s o A 295 2R PR A R A 40 HE %
Canelhas 55 A (2016) R RS 4k 19 77 1 R 46 #4555
FREGR ., AR 2 ) S B R FRoR AT S
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PH B R, 20 Park 25 A (2019) 4% H! Y DeepSDF J5 1
SCPL T HE A AR KA NS R R v Y R

Y TR A 07 8 [ 2 o T X 52 2R s s i
(A IA , T EAV AR S AT G A B . B
i 38 K 224 T I o AR 3 28 0F 81 [ 275 i
b IR S E AR N ESH W BT L
faTEh A, S B Bh 2 = 4k F 4 (Huang %5 ,2024) . Dou
45 N (2016) #2 H FusiondD J5 i 8 i3 A AR TE 1%
(embedded deformation, ED) SZ 0 T SZ i HE W44 sh 25
Y E A, DouZE A (2017) 2 H Motion2Fusion J5 1,
3 3 ] A B LA RO B AR R A AR R X 55 S
AH LE FusiondD J5 ¥ A] DL AT 8500 %) 52 = Hh Fh 45 4
Ak
2.2.2 RTHIRE SEREA TR

M AE R — P B 548, th = 22 1) P ) B
SRR 38 K B BT A A T = A LT S5 1Y)
FAM, BEME RS B AR L LTS5 B R . Qi S A
(2017) 48 1 PointNet J5 1% i FH $5 It A A5 £ i
A= A SR TR | 5 82 K o5 2 AR M 45 11
o 5 £ 15 % 3% S8 B (Fan %%, 2017; Achlioptas %%
2018) . XT3N A E @R AR IO 25 s = 7
2, R = PR SUMABLEE B (Wittner 55,2015 .

Kerbl 55 A (2023 ) £ i i35 Wi & Ik 19 5 a4 5 =
FER N = Y2 (B A 1) SR 0 A L SRS
PS5 BRI IR A T T Yok 7 WA 2 AR I SR ) A
AL AR T A BIRCR . TR ik A
o 43 R ORI R HE B B BT AR R e sh S
HAWLZ LIRS . Yang % A (2024b) B A28
Y5 E kIR & L T M i e H S A
LR

H TS a2 e EE R, RS
FOR MR SAFAEBE ARSI RIS . 1 A )
FER 7 VR TV, A BT B kA IR = AR S5 A
AR Z M A R AT E LR %
T 1 EEAR AL SOR S () LD AR TSN . 248K B
Pz 7l 0 300 SO AR S AR R TRIME Y, SRR B X
HA G NS . 3T Mg R o R
ZH0O7, W0 Wang 55 A (2018 ) #2 H ) Pixel2Mesh Jy
1 H01 Chen 48 A (2021b) £ H 19 Dib-r++ 75 15, #F & 5E
T A B Y [ Hh NS AL B XA AR . 3 BT
HO LT RMUR FMEAL Y IR BT . Munkberg 55 A
(2022) $2 H 1% NVdiffrec J5 3244 7T 34 9 47 2 D0 1 44

5T OE AR i R € B 4 R R AL
WA Iy b B o b B RO BRI BE T L O HL
T Hasselgren 55 A (2022) #2 ) (1) NVdiffrecMC J7 1%
i PSRRI E Qe B — D etk . BExbshdy;
S S s Dy v aa AT R R T Y I Bl
MU HATHIE

2.2.3 ETRAGIR M =4EEETr ik

B N S WA N LN Z 9 R 7 s 1 PO L e I EL
IR SRR e SN/ LN DIR R e
B AT DLE A g A = GRS (] SR SR B A A
BEAT AR B s B0 2 808 e 45 & 1T 4%
(occupancy networks) | £ 5 25 oK 4§ (signed dis-
tance function, SDF) Fll #1 28 48 41 37 (neural radiance
fields,NeRF) .

Mescheder 5 A (2019) fiff F ¥ B2 #if 28 ) 2% 43 2%
Eresy I I WA DN RN RA i S5 TG
T 5 . Park 5 AN (2019) 42 1 DeepSDF J7
2, il 2 2GR 1813 SDF 4341 e = 4E3R 1,
T L B 0 A AT W B o 3% DeepSDF TR
%, Mildenhall 55 A\ (2020) 2 1} NeRF 753 , #20 JAE
JENG G R ARG R D — A R B IZOT AP R
HOH L 22 2B SE B, A S ORFE S = 4
AR ARFIRAE AR BE 5 S i HE 60 R 8 T AR R, AR A
L B0 €0, N A R AR 2 A 38 g ) 12115 5
AR RAR 0T A B .

Hi T NeRF 4 >k 1 H R WF SR (e, il L T K&
TE 3l A5 3 5t Hh SR BUR 28 56 0 S kAT B A Y AR
Pumarola %5 A (2021) 2 H} ) D-NeRF J5 7% 1 Park 4§
N (2021) 4 i Nerfies J5i2: #0188 3k 115 A % S ) 14 22
TRFRASTE S 2K 15 NeRF , {H I 5 VAARMER &2 52 2%
3z 3l , Y ZRANE Gy 5d B IR H12 . Song 55 A (2023)
$& 11 NeRFPlayer J7 2% , 415 3l 2% 37 5 (%) B 6] REAE
P93 18 P A SRR 1R 0 N S N B Y
PN FIHT H B A P9 2 3 02, 4 Ao 28 5] >R P B
AR 2237 2R, S2 B0 T 10 o/t ) 58 . 33 e
R T 3B SR g B U RN ea8CR L R AR TR
— 27k S B AR A A 1 7 AT 9
Fridovich-Keil % A (2023 ) # H} K-Planes J7 71 2 2%
it 28 8 S 37 %) VO AR 53 i R 6 A R SF- THD E AT R
7N, HI 3 A0 B 2 [ 4R 2 I 3 MR I = 22 4k,
SEPET v A E AR
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Table 8 Comparison of traditional point cloud

registration methods
Pori

PR R MO 5 AT B
RANSAC e v

17 55 FH , 3 LB

R RE vy, Ak BHERE T

REME AL H AR ZR 5 RS

Ligv R AYBCHERTRE , 35 20 BOC v
TER MBS Sth RIS, B BRI

A A W S b, S 2 T AR
Ay

Go-ICP  Z54 2xJm AR RO 4 B B o

eyt Ttk

4PCS

HLECHE Super4PCS

SAC-CoT

3D-NDT

A e e Icp

T HLC HE J5 1% B BT 58 AUk I, RANSAC 5 i
(Schnabel 45 , 2007) % 22 W H . i, 4PCS £ A
(Aiger 55 ,2008) Ju A 28 1, B A T X5 L I i 4R 52
SUR AR B LA WP w1 S 7 P i gl . ol
THRFHBCEAMERE , Super4PCS (Mellado %, 2014) %}
APCSTTLIEAT T AL, 35 Bk 1 45 DU SRR Y
TR R IR, N I ) 52 2% B2 R IR B e SR 2R
WeR e S T AL BRI = AP N . EAh, SAC-
CoT (sample consensus by sampling compatibility tri-
angles) (Yang 55,2021 ) J& — P 3L T [ A5E 1Y e 25 14
SAIERAER RANSAC A2 RS0, F T ik ke = 4k i

2= BC o A R P R B R A R, El e T s
() A PR G 2%, JF SRR = AE N1
ALAE B S XTI S AR . 5 12 48 RANSAC I, SAC-
CoT TEAFAE K H W P R B T AR AR 100 T R I
M, BB S 42 = IO HE I MERRPE o D3 4b, Ligv (loose-tight
geometric voting) (Yang %5 , 2022b) J7 32 ) F #i8 5 4%
B B U AL, DAVC FE A R AE A b Pk i e S
XL OCFR , DT SEBRERGA BB Y i I, X
Fe B BC T T vk R I B2 AR B HE 2 T AR
FERl , TEA 2 =GR RINAT 55 h AR A J 5 AN

3N FE TR A BC R 7 9t AR R IE o v o
— M 2T RO TE THE =R s B AE R
FROEFEAAT , JF L T X Se iR A7 S B v o Y41k
TR AT AE W AR 4 T ORRR R I, B AH R R A7
FONSOOINYE S s D D=0 BN E A A K
Uk

5 T4 AE 1Y BCHE D7 ¥ TP, Martin 55 A (2001)
& 5 1) 3D-NDT (three-dimensional normal-distributions
transform) J7 02 — N EZE R L EK A
Xl 53 2R 22455 RN A%, I FH I 28570 A R R i
L oA A%, 3 ok DTG P A DO A% P L 2 A1 R 55 B kT
B VEFC , JO 75 38 ARG A o A, Wu 58 A
(2022) 42 H4 1) SingleMatch 3 v 3 Sy 45 ff i o $2 41t
TR SRS . A SR B RS E T 1 R
TIE R, R (8 FH A FEU 28 00 245 DAy sk S 5 A LA IR A
SRIG AT R IR AT A VT T , 3002 B A% R I 8 1Y) X 1
FONS, DT S BLKS 6 B BC 4 o A, Zhang 55 N
(2023d) $2 H F& F M K A1 (maximal cliques, MAC) )
SYERCHE DT o ZITEAURI T A R R HE
i 38 DT C 22 [] 1) 36 /115G AR, 3 T8 e 425 40 B 22 1 Jm)
5RO AR B BT AR . MAC I 2 i 1#] 10
FIr7s

TERS e v 7 AR A5, 12648 52 3T 45 (iterative clos-

i~
e }—{ etz }———{ 13

R S VA }—{' o ]‘

G C.

D5 5
A7\ e S e 8
€0 c S ~Cs . MAC(c)~(c,, cocppc) oo Bk
3 >[c 2y <I = MAC(e)H(c,. ¢ c;) Cg"f?;‘;‘:h = R,
cm( 1 .7:(;7 OC. s i cccm»,__::v: 202
M/ | MAC(c)=(c, ¢ c)p) &2 = R.t
¢ oy & g, MAC(c,)=(c,. ¢y C)) s

Node-guided
maximal cliques

K10 MAC LR
Fig. 10 MAC pipeline
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est point, ICP) 52 AT A J i 22 M7 ik . Bid i
B — D R m PR KRB S — S a
HUB SIS o7 R A EE o ZANE CE7. ARG R S 7 Y
HAn ek %, SR, 1CP 1Y Jmy BRAETE T8 AU 6 4[]
ARAREAT NS B, R W UG B URK, 25 2 e M 7 B
BIHE R SZ R R U SR B R I/ IMEL. Ht, ICP
TEA) b WAL S R WP R ELJC B R KA I B0 T
R AL, MAENE 5 Al B A R LSRR AR Y
SR U A REANIE

R T SR ICP Y Jry BRAPE |, B9 35 $ L 22 b i
Bk o Sharp %A (2002) FIA K2 BEFEAAENE  JF K
T ICPIF (iterative closest point invariant features) 4.
V5 T8 R e AN R R RRIE B R T C C A B
Yo Bouaziz 55 A (2013) $2 H # Bi ICP 3% , i i 5
A p RS T4 B AERL R, 42 71 1 D8 fid 5 A RS
JE . Yang 55 A (2016) 1 Go-1CP J7 U L T 42 Jay
AEDERE , >R 23 S IR IOR i B e P RS JEL M A
RE B 1 Ja AR /MEL TR . Zhou 55 N (2016) 1Y
FGR (fast global registration) J5 7% #] H Geman-
McClure fifi 71 A BRIE R 3 b AU AL $2 T} T 3k
M. MRS N (2022) PR IRARDEAL SR 5 25 53
PEACRIRAE G St —Fh et B BC DTk g Ak
WEFEH SR = T ICP LR . ER2E% A
(2022) W @it & 3 % 43 43 Bt (principal components
analysis, PCA) XJ ICP #4720, Je i i PCA ) 5 5
= AL E AT WIS, PR R T A R ) R AT G
W, HE— B3R T T SR R HER M AR . A,
Mutual Voting (Yang %5 ,2023) J5 72 Fl| FAH B #2519
AL M DETE A AP AE A5 b PR g BT o 0 1 E R
AT S PR B4 Y s SRS A . TR X RO vk
H, BEAS 3D AR AR S LR T A RS A AT AT I 03
TSR, fe 245 5 dae e A9 00 R e (DR RS o 3X Ao
D7 ¥R REE AT RO 0 M P R R A UL AR, £ e
3D s 25 D B S A A e

LG8 1 2 B HE 7 T Wk 1) 32 Pk e TR o4
RS BCHE P B Bess FLAFAE R TR, ORLIC v B AR A
REON 5 5 2 AH LIRS BE AR AR, HLIM 2852 AR
B, WO BRAE s MRS OV T %, AR REE— 20
v MC VRS B2, (ELXT i A A 7 A BURK , B 5 B
SRy EB S e, T B 1 AR SEBR ] P A RCR
PRI, A% 595 A, 2 T VA 7 5 SR T ST T 9 i A TG
VY SRS, 3 Al ER A7 Ak B 5 AN S 1 5 7R I

PRI Z WAL T AR B ERIOR o X SE AR 2
1R 50 5, 25 BC 7 3 T v I ) i () f
2.3.2 FETWEEES WS s BT

PO MR 24 o BCE A . BER IR
)RR R R R AR R N T s
B v AT sk (B 45, 2023b) o SR, A A I —Fh
SER AR = e T e RN G5 A A R PR 45 TR
JE2E Aok T BRER . AR50 a5 2 B 3 T
B 05 A O AR TR R AN in T N A7 TT
B BT RER R S A AN RRE

R9 REZSIRRMEFENLL
Table 9 Comparison of deep learning-based point cloud

registration methods
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PCRNet

Ry fift ek — ), Qi 45 A\ (2017) £ 4 PointNet
I 265, 2 00 4% 308 5k T e A A 2 Bd , A ok
PEHURRE | BN De T 0 25 A9 B e R A8 P A 1
SRR L, SRR B 2 ) 7E 15 2 TE o v R 0, FH 25 5 T
fili o BifiJ5 , 3T PointNet iR B 2% 2 #5 = Be i 5 75
ANWHHEL . 9140, Aoki % A (2019) 4 H} PointNetLK
B B 1 PointNet $2 BUS 2= 4R 1F , 45 4 ik
#E () Lucas-Kanade 523 5 UL AL e 40 S 800, #2777
Bt G % . Sarode 25 A (2019) 1Y) PCRNet 55 45 | F
FAZE A 8546 1) PointNet 2 5 5 2 B R A 8, 3 5 £k
PRIR S AG T, NP s ELA et L o P
Wang il Solomon (2019) (1) DCP 5326 W F1| FH 2h & K 4
TR 28 FN {3 B WL RIS = W S/ 4 Jm A5 6
ST R B O s L

S BB TR B 2 2] 15 2 By I e 4 v O A
JEEFIRCR Ty TS T 5 2 R (R DG — Lk
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oo BCHER R 276 T 2 50 bRy 5 v 45 21 0 H A
LaTToes

3 H=El

Wi T ANB s RGN T2 N W R A2 8h 53
SO FRAE A AT ARG H 3R E . R R E T
HILAILE 400388 1) S B AR, X B A8 3l R G e ] 238
55 v R B RN e o ELAT 58 56 T B A4 FH (T et 4
2024) o AR LRI T AR ORAE I 0] S 2 s A st
TN H AR T, 355055 RIS B 5 1 g

Yrs B B e g s B RS R 10258
R RE BB U, QN SR A T NS . TEEA
200 BRRIE A T [ S kSN T s F
RATNE N RGIRM T £ 5 IR ERAGE R, 2
SEHL A F Tk R E AR R ER SE T RE 0 S Al .
AR R BE 2 2T BRI 5 4 B U R T i 2 Y
M. FERE T4 (Long 45, 2015) (42 1
{37 5y BT 55 BEAE L )0 119 0 s EA T 2 AN 2
2 KR = T E R ERR P RIRCR . B, 2
BT 2B R 0 A R4k . X SRR 33
I ABRER: 2 R RHERL A LK 2 8] B R 3C
F ARG RN i — LT T s B R
BAKIE  ENRHZA 0 B0 E ] IR EA A
Oy PR Z R AT (R B S BRI A, T S B0 X 1
H /NI R RS B 45 o A, — S SE T AR A
1F A 2 KRB REAE 42 3% (Zhao 55 ,2017) (5| A
JiK 45 B2 (Chen 55, 2018) (iH 1 DL K 25 (0] B E R
HLH (Zhao 25 ,2018a; Guo &5 ,2022) % 7 i, ik A~
A RUBE R B SCAR B, 358 37 55 40 1) %) T 1 1 5
e

R TIREE 27 S W 5 o B ik U 1 2%
() SR | (ELAE A B AT 2 sh 2 S s AT T I 3 22 Bk i
i, gha s PR R IR RS ) GEERS AT B AR Ak
8 R AR 0T REXT 3 5 43 B 0 MR 7 AR R RIS
[] s, SR R 9 U R o) s 2 S B o FH R
B G R ), BT X SE Pk R, B Y R

Pl 28 fr ARSI BT 2 AL Rl A AT UL S 264
(937 5453 S50 ) JE T
3.1 SHEHHFEESE

K104 B BCEER R S FIOTEX . 7R
ARG , EOR R GRS AL B A s B b Ik
A PRI e 0, PR b S5 R v 28852 N ) 3 55 43
BEREE . FELRABS ARG, W £ fR kS8 i
£ T R R A v ) 0 G J3E 2 e AR S I 3 3 20 4
USRS PR AP RV W 25 S W)
SN ) s K BIFTE A BT T R T R R
935000 B AR B TR R P 28 254 SE TR
RZR IR G f U R P 5
30101 BETERR R A AR BTG SE N 3 5 O

e A 0 ) 45 A 2 v B S N 3 S R ) T
FEIT ) Z— o ST I8 W 25 255 R AR I 44 T4 2 5
B AR 2 R R N 4 A R RE NS S PRI TR R
P REAENETEE, STl A
WA e B R B RER AR, B0 TR
RO i G 28 25 1), R DR s 70 A 2 A [R] I
HABARRY T S 2% JE MBI B i A7 il
TR R GBI 5 HUESS

Ry SR RAT 0 R ol 22 DO 248 AE S B A 55 43 AT 55
HpT B R s AT ] B R . Paszke SF A
(2016) % Ry LM FE o FIBET 1 — R IR P28 19 2%
Z0H ENet, 38 13 3ol /N REAE 8] 53 B3R B AR TR
8.7 [& 337 5% 43 FE 55 X401 5 B R KR T
2 B AR RS B I 21 B SUE R AR
PRRFER kS BE R R B, 8 254 1 A RS

RS I 3 5 4 WA 55 vh s [RME SOk B8 %
ZHY K Z IR P I , Yu S A (2018) BT T — il
1 32 W 2% 2% ¥ BiSeNet (bilateral segmentation net-
work ) , f1§5 45 [8] 142 (spatial path,SP) fll |- T SC#§4%
(context path, CP) . Hrp, 25 [a] g2 2k /N K 4
B, DADR B Jad i A R 23 B RS, O 4t F 8 11
A EAE R o bR SCRAR T R AR Y (AT PR
TORAE, RIS EUR A2 B . I Rl 23 1] B A2
BN SCEEAR AR T B 2 00 0 51, BERS 7 AP
Kk Z I FONA BRI PR BIR . E—
i, Yu % A (2021) 42 H BiSeNet V2,15 31 T —A 34
SIFREZE TSR 53 3 (4075 73 SR L)
) Z B T A RO Rl PR S B A REE R
MRo WA GRGIAT —FhHEsR I RN, 2R LI
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Table 10 Comparison of efficient and real-time scene segmentation methods

Btk Ik PQ FPS/(1i/s) FLOPs/G ZHEM
Mask2Former( Cheng %5 ,2022) 62.1 4.1 519 44.0
UPSNet(Xiong %,2019) 59.3 7.5 - -
LPSNet(Hong %% ,2021) 59.7 7.7 - -
PanDeepLab(Cheng %, 2020a) 59.7 8.5 - -
Cityscapes( Cordts 5 2016)
FPSNet(De Geus 55 ,2020) 55.1 8.8 - -
Real TimePan (Hou %, 2020) 58.8 10.1 - -
YOSO(Hu % ,2023) 59.7 11.1 265 42.6
PEM ( Cavagnero % ,2024) 61.1 13.8 237 35.6
BGRNet(Wu % ,2020b) 31.8 - - -
MaskFormer( Cheng %,2021) 34.7 29.7 86 45.0
Mask2Former(Cheng 2% ,2022) 39.7 19.5 103 44.0
ADE20k(Zhou %% ,2017)
kMaxDeepLab( Yu%,2022) 423 - - -
YOSO(Hu % ,2023) 38.0 35.4 52 42.0
PEM ( Cavagnero % ,2024) 38.5 35.7 47 35.6

T =" R TOAR N o

SRR BT LIRS s AR R , M ZE e BT LA B 38
JLTP A B A i T 55 5 2 BE . 5 22, Fan 55 A\
(2021) %} BiSeNet #47 B F M A, il 5| A S
I 25 4 S RE LR AN A0 5 5| S ik — Pt | T
BiSeNet HY4:fE

JAE XUy S 28 SRR S 37 5 0 R 55 h
7 R RO A RO L (H LR G R o FE R A
ARSI b T SCHY I EEAAAE — D R, RIAR 19 R iR 25
Dy W R L b SOfE T i, BRI 1 3 HIR R 1Y
R XudFA(2023a) 1 51 A HBI—BUr—Hor
(proportional—integral—derivative , PID ) 455 1 28 A ML &
B T X3 SC A o b SR T — A He il — 3
(proportional-integral , PD) ¥ il #5 , 77 75 2R 98 ]
A BT MR S 375 00 I 25 2R, 4
B3RS A T AT AR | R SO AR
BRI R 2 ) R A8 S AN AL S0 3
TG, SIEB T B RN 2 ) ) i AU

Shi 4 A (2024) 12 H — Fh e B 22 A9 _E R SO0
P 255, 30 3k I AU D00 248 2 A RN AR 228, 7 I 26 v
GIVNE: i Bl R 5% N B U DO B B B W Bt e
PERY NG AR T 552 2% BRI 2
Boe:, SEBL T S s .

T4, FETF Transformer 1Y 4244 75 375 5 53 %1 40
BB T R S S A i T SR
SRR, JUH IR AR A B g AFFAE T RCRART X R
il Ve LGB BRI . T BRI A
[ R 47 R 1 BB, Zhang 55 A (2022) #2 tH Topformer,
30 3R i A AR 53 B A [) RUBE ) UG B, DAy
PG e - B 454, RERS = R IR iy 2 R
FRAE, R PR R AR B TR AR o X {175 Topformer
TERS B 25 FGE 5 A2 BIR 4 PR A58 v RE A8 S I A7 1 o
= TE Lo EESS . b, Cavagnero 55 A (2024 ) i
b 5 LKL IR 14 28 S 2 I ML A s o) 2 RUEE
R 42 718 N 2% (feature pyramid network , FPN) (Ul
B 11 7R ) I FEAIK T 3£ F Transformer (1937 5543 %1
DRRG BB RA (36 10) , Rl A AR T @bk RE .

3012 FETRITRZRIE A0 SE 75 o IR

VAR R AL 55 43 H U, AR AR AR — Rl Ay
AR s 2 N R B SR L 1 VR 9 I 34, J
T B K ZH AR Y (teacher model ) B9 HTIHAL 136 25 /)N
R 2f ALY (student model ) , DT AE PRAFHL 55 43 HRS
JEER [, KGR 58 S 2 P s AT i IR]

HPZE R B e IR — 1> o 0 DR 2 0 A
B i )P 2R B ) T 245 2R m v a] 2 AR AR D
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L R R fwies

FTJREIR
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SN NE™w

S o= -

HNEIR

#Hijo

-

HF bR SO iR

WEEE IR SR ER AR %, LiuA
(2019) 73X —HEZE R, 51 AT BX 2810 5 B (AR 2% 17
AR , ANMOGIEAR Z O ARG GV C , B 5 A 1 45
PR = B R AR 1 — 80Pk, B4R T T e )
55 AR RER

15 )7 1 AR R A AR 4 R 1R SCHER L (H
AR ZM T AN FRIE A I 2 . Wang 5 A
(2020) 38 12 TR A3 BT 2R 7Y i [ 288 52451 ] 1) R
a5t B BEAR AR Ry S IR AL 13 25 e A AR R
ST 2E AR AL RS N 2R B RE D R A T
XFEA AN 25 B ST, BRI T AR
J& . RS, Shu %5 A (2021) 45 H 38 T8 238400 & 0 —
b5 5% 55 06 SEL B 3 2ot e /IN b T 5 2 A AR R S
T8 HE R P 22 18] 1Y KL (Kullback-Leibler ) ## , fifi 2 4=
TR R 6% SRS o b 2 o SCHE XS ARRAE T4k T %
T35 (P RE , 230 T LAAE AN AE 25 ) 300 55 3
TG R PR . Ji % A (2022) /8 TAER I T K2R S
PARAE R AL Rk st 4 Jm e it I ok rh il 56
MR, 8 o A AR S5 P AN G i PR SRS
2GR TE T 2 AR G o EI R RR L IER T 22 IR
FRIERNA M. T 7050 A ZOMA Y iy 4
JAiE XA, Yang 25 A (2022a) 48 H 5 R ¢ R 0
IR S AU S R N B 45 1k
5 S, 3 A AL AN [ R ) AR R 5 X
KZR L EEA WAL B2 FR R, W2
PETF T 2 AR oy IR dh R T RIRZR IR Y i
b o BEXIME Ge 2548 J7 VA AE A0 B 25 5 XS R
JE, Gou 58 A (2024) 5] A T 25 5 BHTFUDBUEE g5 AL
il o ZHLH RS A ORI T oAb A R AR TS

AR
E11 st i35 4y BB R K] (Cavagnero 45, 2024)

Fig. 11 Graph of efficient and real-time scene segmentation model (Cavagnero et al. , 2024)

ST R T S SR S

AUFHOI 485 S v iy v 25 S X B 2 2, R T
A TR A o3 R MR A B R, TR 2 SRR 4R
S TR
3.2 ETZRESHMAENE=SE

RN ZBESRNG 350 F X . 78
02 9 B 757 55 B B 5 A AT SN, RS RRG 1L
AREERE AT R i ok A 2otk
SRS B TR S E AN PR T AR AR SR A B Y
RGB & T BRI A0 R B 15 2 VO 78 s A LAY
WEHE , LASRLLAMANLIC SR 2L AMEMRAE  f
TR L UG BB N 2 X R
WG BRGNS T R AT 4EE
BERTT T Y IR S S (2 REfAS
YT b 478 P2 T ik A 52 2 IR B b 9 AN iU A S 3h A
FFAE.

TE T ¥ 1% (RGB image with depth, RGB-D) 3%
S U, BF 5T T I B S RGB RS TR A
B, LT 4 EI M R 1Y KR B2 T . Hazirbas %5 A
(2017) (1) FuseNet £ 5 T+ 1) T Z ich 25— fiff it 7 2244
TE RGB-D fil & i S5, ik 1 28805 SRl & 1Y
FHRE. Bl , Wang #1 Neumann (2018 ) 42 H IR
SR A BN 22 I 28 1 — D424 1 TR A5 BN T8
[F1) 235 g LA 11 DO RR , 00 1 5 1 AR 110 SRR B
Hu 55 A\ (2019a) 7E MRl 51 A= T HLH i fs
R R4S T = 20 1 FH RGB-D i Hh (1) B AMRRAE
PE— LA T HIZ R . Zhou 55 A (2023) Y BCI-
Net (bilateral cross-modal interaction network ) /% 2% 1
%R RGB-D 37 55 B HESE , A& 12 F /R (e
Fe GG N I T s MERE
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Table 11 Comparison of scene segmentation methods based on multi-modal fusion

Bt Tk mAcc/% PixAcc/% mloU/%

DMFNet( Yuan %¢,2019) 59.27 74.42 46.79

TSNet(Zhou % ,2021c) 59.60 73.50 46.10

NYUv2(Silberman %5 ,2012) CANet(Zhou%%,2021a) 63.80 76.60 51.20
Shapeconv(Cao%,2021) 63.50 76.40 51.30

BCINet(Zhou %,2023) 66.78 77.17 52.95

RedNet(Jiang % ,2018) 60.30 81.30 47.80

RDFNet(Lee %:,2017) 60.10 81.50 47.70

SUN(Song%,2015) CANet(Zhou%%,2021a) 60.50 82.50 49.30
Shapeconv(Cao %5 ,2021) 59.20 82.20 48.60

BCINet(Zhou %:,2023) 61.44 87.62 49.57

Fr : ____ FE I‘:,ZZZZZZZ _______
BCIM I BCIM | BCIM
. @ oo g
I
[FEM] (S ? : [FE D : FEM|/ ¢
FEMJ\S ¥ FEM]|S|* FEM]\ S'
=l
FP FP
F1 D 3 4
BN x ki s AR H b HPDC e P e st BRI
FEM |FHFHg it CGM | b T35 iR P FEyrEAEM @ MEEE

K12 T 2RSS 15 HIRLIE (Zhou 55, 2023)

Fig. 12 Scene segmentation based on multi-modal fusion (Zhou et al. , 2023)

B —H) RGB-D {5 B AE A X LA /2 73 HIAE 55 1)
Ko I, WFFEF IT IR IR RCGB-T Z B R G J7
2 R IAELL A B8 1 't RO U VAR S #b 52
Ha 55 A (2017) 258 457 T RGB-T 35t 3 HI iy 5L 4
BIE T IE B TESR TH A HMER M 7 T ) G HT
Bifif5 , Sun 2% A (2019) . Shivakumar 2§ A (2020) 5 Sun
A5 N (2021) FAAIF 5 45 i Hth 21— figt A 7 B8 1 FH T
RGB-TRlG , TR TRl G4, 2 5w 1 3l
Yy oy ER R o Zhang 55 A (2021¢) #2 HE AR He—
FlE 2R, T8 I DA S RS R AR A0 e il 5 SR
PE— L HES) T BIMERERYAE T o Zhou 55 A (2022)
MR BT 2 ROZFFIERE & 5 2 B %], 9 RGB-T
Yy oy HI B A T BI04 DAY AR DR SR I T Zhou 55 A\
(2021b) #& i ) GMNet (graded-feature multilabel-
learning network ) % 25 W] &7 1 22 Wi 24 7 {2 i

FAERES 7 R BRI T . AN, Fu 55 A (2022) 2
H A RS S5 | S T R 46l o i T 5
SN R R SRR A R, S B T S O R A A 2>
FIBOR . Dong 25 A (2022b) W F FH EJE 43 S il 2 5
PR FEMPAEG L F 3, o EE 5 P06 T 4 5 ik
SUFEE = HRTT T B S &I
3.3 RAREFGTHSZRSE

F N2 AR WLRE A 5 o BITTIE RS T
FEARAT WL 25 U HE A B sl RO I R v,
S 55 T EOR AR . i i — IR, 4
KBFTEERE T ZREH 5%, BT T RO
MR T Mt BITERE . X8Ik B2 P L
FOERAERRG B0 B o 0 B A i N &
i S AE B4 5 T
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HEERHEF RN AL H AR AR R

x12 BRAUREEGTHERSEGEE
Table 12 Comparison of scene segmentation methods

under low visibility conditions

BEE Ik mloU/%
RTFNet(Sun%,2019) 54.8
GMNet(Zhou%s,2021b) 57.7

ABMDRNet(Zhang 4§ ,2021d) 55.5
MFNet

LASNet(Li %, 2023 587
(Ha%%,2017) et(Li% 2)

TokenFusion( Wang £ 2022bh) 58.7
CMX(Zhang$,2023b) 57.8

SMMCL(Dong # Yokoya,2024) 60.0

SA-Gate(Chen %% ,2020) 61.79
ShapeConv(Cao/‘%"{,202l) 63.26
LLRGBD CEN(Wang%,2023d) 62.15
(Zhang %5,

2021b) TokenFusion( Wang & 2022h) 64.75
CMX(Zhang%{‘ ,2023hb) 66.52
SMMCL(Dong # Yokoya,2024) 68.76

3.3.1 ZRUERHMERG 5 Z2B8MF B R

YA RO R AT UL BE % 1R A BB R i )
L BFFE A B 22 RUBE RRAE R 25 SRS, 3 5 R 5 A [
RUETF R AR S S THE RIS 5 2800 BRAS PR 119 3
B[R], Bl 22 SR B 53— 7 1], 4
FIHLLANEUR PSR SFE R 58 T 5015
B0 B 1T B HER TR G . Wang
4 A (2022a) B4 SFNET-N (semantic flow network-N)
HE R 2 3 — JEL A S, 3 3 O R i ) 4 b
BB P EAIE BUK  E5 BT Loy R, 52
BT TEAROG R A T I =
3.3.2 BRES ST

U TR T) 37 55 3 TS S O A R L F 5
F5 B & FAE T4 (GAN) SR HE1 T4
Y. Wang % A (2022a) & Testolina 55 A (2023)
Sy [ 322 30 {5 BT 15 F1 CARLA (car learning
to act) R AL ER F A T R R R 48 | X 22 4 s
EAMEE T RO 1) Z A0 il 2o XU 1T
P S5 07 AR T T 0 Y FL SR FE A, DA L)l
Gyt T 3R
3.3.3 R RIAHER BT

N T DR R AR 3 F o B RORS L P
Wit T 2R B EHESE . Deng %5 A (2022) 42

f) NightLab H2 2% F P24 , S i 0] 26 73 310
| RV DX, PR 0 o 6 DXl A K 400 ), A kAR
T T EIRCR . Xie 55 A (2023) ) 75 R #2421 A
A Y SN R R oS TR S W s 3 e K et )
AR 5C %, 15 T BEH N B LI Y LA
AETT .
3.3.4  Jol B A E

B X R 8] 37 57 s T Bk A k) ] AL, I M
FI I 7 VR F R . Gao 55 A (2022) 42 H Y
CCDistill ( cross-domain correlation distillation ) HE 22
1A 2R 22 B AR I N 0 2%, YRR IRIAR 8] ) AR
BN TE 22 S AR AT RO T 1R8] B it A 2
f) o] B, Wang 25 A (2023¢) ¥E — 4 #2 H 0ICS
(online informative class sampling) % W& A InforMS
(informativeness-based cross-domain mixed sampling)
HEZR il 2ok 7R 2R AR B R AR L T4 B 1 15 TR
B oRAE SEEL T TN A A TN AL R o Briiggemann
25N (2023) 1Y Refign J7 25 W3 52 51 A2 2% Bl iE & F1
ESEUE IR 52T T ORIk T8
JROR
3.3.5 BRSNS X A

BEXS Z KOS B R B T S F) RIS, Xia
2N (2023) 482 M P AR BIL P 5 EATAIL I (R ik
Ay 5 LS S8 B, A AR T T AL SO RIPERE
Dong Fl Yokoya (2024 ) Il 38 52 A7 W5 1 Z2 A8 X L
2 N 13 TR ARG B N RS AT IS
RS TR X L, 3858 T 2B R ik 25 18] B9 1 SC
AIHEIE , BE— DR T 1RO M7 1 BE AR AE

4 BiRiiz)

4.1 EABHUEBEFRUNEEMHMEL

ARG I = 31 S LA o U b 1 — TOUSE Al A
%, B R U R0 (L B4R FAR
SEGERI IR 0 2R AE 55 AN, H ARG I AN (S0 Wy
PG P2 5 5 A R N R AR 30 75 A o ik 2
PR G oh B B 3 W T2 SHAE (bounding
box) KK R . ARSI A ARk 2T AL SE
MA TR RO R AR Z —, BN TILEARSE
A SR JCANL LA NS B T
YERT. JE AR S E F ARG i e 17 22 PR, 2%
FLAE LA LA T3 - 1) FRE 5 et 278 )6 IR A%
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Fig. 13 Image of scene segmentation model under limited illumination conditions (Dong and Yokoya, 2024)

8 AL LI585 ) A 1) AR AL SRR A T 1A
B BT o B I R AR, AR S, SRR
PG T i 2, g — 2B 3 B AR I M2 . 2) H
Bt s /N bR i TAERMG b S s R R B W
Sy WK I 2R Gt 220 W RS TR, S SR AN T
WA, H AR EER [)A, B AR A8 5 5 H At A7) 14 1
Pl 5 H A B RS, 25 W B A AT 55 A MEE
[, H bR 0 2 A0, A48 A [8] 28 51 F RUBE Y 284k
BRI R AURAS T2 W 3 o A 20 1Y 1X 3
AEJ) o 3)FEMMPEEOR  th T IR Sh i IR0
PEARRSAT BIR | 28 G0 5 B AL AR A 1) 1) P 5 o P 45 )
AREL ALFRLL R B AR BRI E 7, AR IETE B2
PRI T 8 B MR L o 4) B AN P - AR IS Y
Hofa gk b FLSe 2 1 H AR i vl Bl 2 T HoAl 26
ST IS S AL e S LA B I 75 AR RO
% (R b T A5 T R Al TR ME , B A A5 o A R Y
FEOLT L AN [6) 28 531) 22 ) 1) S 580 A ] RE A AE W 3
255 IX SRR IR A B0z Ak e 1 A

4.2 T ABHMEBIRENHRERAR

4.2.1  HAsINE L

BT B2 M4 ny B bRk 3 2013 48
PARZ D T ek &, vl L 43 h — i Bt (one-stage )
FOWE I B (two-stage ) K #5 .

I i B A O s, 2 DX Jal s FRUA 28 I 2 (region-
based convolutional neural network , R-CNN) & 51 ( Gir-
shick £, 2014 ; Girshick, 2015; He 25,2017 ; Ren 4%,
2017 ; Cai Fl Vasconcelos, 2018 ; Lu % ,2019; Pang &
2019) & el H X 35k 1 W 4% (region proposal net-
work , RPN ) B 2 £ P4 480 2 B30k 4 UM it IX B, AR )5
X ik 88 DX AT 70 2R A S [ . R-CNN (Gir-
shick %, 2014 )i i 7EA [A) RUBE T AR 1R 15 4 7 0%

b3 22 RS [n) i, A L B 5t (R B T T
TREE 7 2] 0 B AR DHT e 55 . %8456 , Fast R-CNN
(Girshick,2015) Fl Faster R-CNN(Ren % ,2017) #H4k
P AT 5] A JESHER X 35 (region of interest, Rol )
FEZFIRPN, $ 5 1 3R, IR RE S A 2 3 22 R
J& H¥5. FPN(Lin%¢,2017)7 Faster R-CNN fit 3L il
b Z ERERL SRR SR T 2 RUEFRE SR
N PR TN BARRTIGE ) o IR B H A A
SRR B 2 AR A DX, SR J X6 sk S IR E A T 43 2R
AL FAE RN X7kl TR BT — BB
O 25 , (ELBR B2 AR X 3008

13 K — B Beg i H BRI #3775 COCO (com-
mon objects in context) (Lin 2§ ,2014) ¥4 4 | iE &

R13 —HMREHABHFENERTE COCO(Lin%,2014)
HEELTEEXTWHER
Table 13 The one-stage classical object detector
quantifies the experimental results on the COCO
(Lin et al. , 2014) dataset

mAP@IoU =

iR 0.5:0.95 ZHE/M  Latency FLOPs
YOLOvA4-tiny 24.9 6.1 - 6.9
YOLOv5-N 28.0 1.9 - 45
YOLOv6-N 37.0 4.7 2.69 11.4
YOLOX-S 39.6 9.0 9.80 26.8
YOLOv7-tiny 35.2 6.2 - 5.8
Gold-YOLO-N 39.6 5.6 2.92 12.1
YOLOv8-N 37.3 3.2 6.16 8.7
YOLOv9-S 46.8 7.1 6.16 26.4
YOLOv10-N 38.5 2.3 1.84 6.7

L =" R SRR St
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SLIRAER

— B BeKE %, 1 YOLO (you only look once) &
%1 (Redmon 45,2016 ; Redmon il Farhadi, 2017,2018;
Bochkovskiy & 2020; Ge &5 ,2021; Li &8, 2022a; Xu
4 ,2022; Wang % , 2023b, 2024a, b) £ SSD (single
shot multi-box detector) (Liu %5, 2016 ) ¥ H #5465 4T
55 PR — A IR [R) R3L, o A A PRI B T 500
HEFIZEMESE , 48 2 1 DB L A0 B, AT fnb 25 48
5 TAGIGEE . 20164F, YOLOv1 (Redmon % ,2016)
DA HG RS ) Gy D 32 710 5 1 P G DU A, Ay BRI B
H AR A W 52 R 5L 1 B AT . [ 4F SSD (Liu 4%,
2016) 38 i FFAIE 4 7 35 W 25 (FPN) 25 f 1 24> RUEE
(RFIE & b A7 R, B9 [A] IERORAS [ /iy H
Fio YOLOvI ] YOLOv1O(Wang 55 , 2024a) 1 454>
AR S Xof B RO BE AT T2 AE . YOLO £471
0 T VRS B EARIUS T W RSk, T T
SERRRAR IS | A B2 B DL R T AP A A 2 A
B, CNNBERLME o Hom KA R E SR ECRE ), W TEN
ROt TR E Y H BRI A 7 %

SR, B A H AR A AT 55 19 52 Z2 MBS i, CNN
B A AE b B 5 R SCfF B A TE SR R o
Transformer ( Vaswani 55 , 2017 ) B Y38 5o F = 1 #HL
il B % b PR BB OC R TR B R 42 )R 1T
ST R B, TE B ARK AT 55 v S b A
[7) 2R BRI RO XS 1 R0 1, JC HAE S Ao 7
1, DETR (detection Transformer) # % /& Trans-
former N ] T H AR I 09 TF QI TAE , B8 25 T

VE R AL R 52 i B i 1) H ARSI, JE 5 A A T
TIHmArr. 2, —FRINHET Transformer Y5
RUAHGE $ ), 41 Deformable DETR (Zhu 45, 2021) £
DETR {2 Al 151 AT n] A2 6 AR, LI i 45 70 o
H AR R b M & T JE N R Ge iy B AR .
Conditional DETR (Meng 55 , 2021) il i 5] A & 448
4 B 9% 1 2% (conditional variational autoencoder,
CVAE) 19848, oy DETR BEAIE N T 2% 44 i ik
DAB-DETR (dynamic anchor boxes detection Trans-
former) (Liu %%, 2022b ) 5 B HEAY A& 5| A 2 DETR,
R T e, N BRI S, DN-
DETR (denoising detection Transformer) (Li 4§, 2022b)
J&—FITE Transformer " 5] A MR A AYREAY | 5 7538
Mg 7 3 8 R B S BT AU 12 fLBE 7T . DINO (detection
Transformer with improved denoising anchor boxes)
(Zhang 5§ ,2023a) 2k H—Flo%t b BRI 2505 1%, ik
T3 ¥ 1o 7 PR 7R AR 2 R A AL ) I AR R
209 K P BE o DQ-DETR (dual query detection
Transformer) (Huang %5 , 2024) fi# ¢ T DETR & 5] A
A WS BE AR R [R5t S 2SR T H AR A
e 0RO, DA DA TR 4 P A5 22 1) S 491 5 i AN
S AN E BRI Y 1) B, Zhao 55 N (2023)
FHZ AR Z I 2 Mobile ViT A 15 T /2%, 254 T CNN
125 18] U9 44 ffs ‘B A1 Transformer )4 5y AR BE 77, Ui
T RERISHOR S 44 B . 3 14 R 3T Transformer
(¥ 22 it H BRI 2 7E COCO (Lin 55, 2014) 4R 4 -
R E HE SR AE R

%14 ET Transformer 1942 £ BRI 2T COCO(Lin %,2014) HiRE L EELHER
Table 14 Quantitative experimental results of the classical object detector based on Transformer on COCO (Li et al. , 2014) dataset

LRIz mAP@IoU = 0.5:0.95 ZHEIM FPS/(i/s) Gflops/G
DETR(Zhu%,2021) 42 41 - 86
Deformable DETR (Zhu 45,2021 ) 43.8 40 28 -
Conditional DETR (Meng %§,2021) 40.9 44 19 -
DAB-DETR (Liu%,2022h) 45.7 44 - 216
DN-DETR(Li%,2022b) 43.4 48 - 265
DINO(Zhang %% ,2023a) 50.9 47 23 279
RT-DETR (Zhao % ,2024b) 53.1 42 5 136
EfficientDETR (Yao,2021) 45.1 35 108 210
LW-DETR-xlarge(Chen,2024¢) 58.3 118 - -

" FOR BT AR
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4.2.2 FuyEthom

TETCNFL S SE H ARG I rr | 040 1 5 15 AR T
i A I FEAC RN G5t L T LS s B R A 2 1 e
TFE B B WA LT A8 46 (Simard 55, 2003) J7
ARG A% AR TEOR R AT LAE B AL A o
ISR AN VA N4 N G D = 7 i (TS Gk 1
(Nguyen 5 ,2014) |3 o P58 52 B 6F HORE | 2098
TRLFI L, 348 5 ASE Y 7R A [) DI BR 2% A7 838 107
Ffi FLEE BT (Srivastava 55 , 2014 ) £ A3 12 #% 89 K14 1)
— AR LR 3 5 4 R AR AR O3 H AR 15
OUT ARSI RE Ty o AL, S 0 o 0 R 7 AL, M
(Zhang 55, 2016) 55 J7 1% , BEAK 1Y s A6 1 X0f I8 75 ) -
Pedk . BB B 5 B R 4 Mixup (Zhang 45 , 2018a) Fl
CutMix(Yun 55, 2019) , 3 523 4 19 i R {5 EA T2 PR TR
A SR A3 R U, 14 SRS AR T P % [ ok Y88 RS 40 1E
PR A BE

PE AT 46 (Goodfellow %5, 2020) I 4F K 7E 4L
P sgsR AUt s th B R ). sl R — AR
o A I LR EHR B | O3 3 — A0 g ok i v
Az MG BT 6, GAN BE S5 A1) 1l R o 8 BT (9 5 AL
EUER, T U2k HARR A RS . Park 55 A (2020) fif
H CycleGAN A= bl e o 2 1 T AAHLET KSR, A B T
SO IREHER BRI PR . Cores 55 A (2023) 2
HE I 0 £E B 3 3 R SR A G AN R3S siR (43T
Bl /N BARBIIIZREE o %5 X A Bdn 4k
N E AR BCER AN R 1 TR, AR G T /N H AR
A G  5E a AAE 5 AR R/N H AR AR L X il
7 ¥ RE WS B4 b DR X G B 20715 FIARAIE , 18 25 P v
T HARR A AR /N H A AL 55 PR Lee
8 N (2022) 42 3 —Fh 45 5 RDAGAN (residual dense
module and attention-guided generative adversarial net-
works ) BSR40 55 W 4> T840« H bR A= Bl R 28 1
PR T8 D 2%, XoF 2 2 Il I 4% A B B A\ B0 A v
I A B P45, T ] 50 R 39 00 2% U 3o 6 1 il ) &1 45
5T EMR 4 F . Zhang % A (2021d) #2 HH—Fh
TG W B 0 K 1 58 07 1k Ll F WGAN (Wasserstein
GAN)HESE A= il iy o £ 1) B 5 o ABE AR ok 1
FEAPRICI B eIk GAN A i 5 B pr MR8 TE
DO G, SR 05 ik — 20 I 2k GAN AR Jiaii AT H AR
XY EIR , S dm AL E AR

Fang 5 A\ (2024) £ X B AR #6000 4T 55 b 19 B 4is
R TR AT R IZ TR ) — T T AT 4R BB A 14 %

i G SR AS I L ) CLIP SE 3L i EHE Y 5 ot ik, DA
P& HARRM A PERE . Chen 55 A (2024b) 5031 T —
T 0 1) SCAS S fix A R, AR S5 9 CLIP SCA
S Bt 50 XoF 5 X 2 1 200 44 FR R AT BRph G i o B
J& XS P HE S, JF i — R g AR AT 2R SCAR
A G i g 1 — 2D A3, DL A BT T3 R A
B SCAR 514 . GEODiffusion BE W% i 11 FLHE DL A %5
SN LA 250, 0 A 32 Bl 5 b B SRR AL
Wang % A (2024d) & H— R OHESE il i 455 1F
JIUARE A TR RS AR A 1 s A HR A AR BE ) o 1%
E 2R PR RNABE 2 14 47 SR 8 5 A A AR g 42 ol £
JCRE 3, I3 3 ) A KCaRe 8 R R TR S SRR
ARUAIPERE . Feng 45 A (2024) 38 18£8 I 2R 0 4 K
BEHYFN LA kA8 L H 22 AR 05 S HE
a1 . BRI PN RIS , SeTe A £
£ b EAT B ) DL B 2R 5, AR s ad i /I
SR R BE 200 , T4 e B e I 25 78 T )
R B 5T PERE . X MOMEAIUEE T H
A N %) S A T B M 1 L i B R T TR R
SR BRI GE Sy, JEHRAE SR 2 RIS DL T .
4.2.3 ZESHERRG

M T RREOGL AR GRS OB KRR =Y
SRR R 1Y SE R, B — ARSI UGB A M DLl
ARG T BARKI R K o R T B IR Gk 2 Bk
1, RS R R G FORBLS A=, 8 g 5ok A A
[Fi] A% 2% 8% Cln ] DUOCAHBIL (ZLAMAHAIL L 75 1855 ) (15K
P, 385 H ARSI )74 BE (Dasgupta 45 ,2022) . T A
R sl ue B ARSI 14 22 B2 B 5 TR 2 — T0C
AT T AT, 5 7R A R F AN ) A% g g s R a0 R
() Z2 R CE Y, B R A HOG R s AL A1 A
PRAESS S ARG, ASE R H ARSI 1 1 BE A& R
TXEH AR e 1R R IR Z R R RE RS UK
RIS R B 1 SRy BRAE , Ry JEF8 B 8 JR e Ak T
AT /8 BE 77 (Chen 45 ,2022b ; Sun 55,2022 ; 17 A]
45,2024

TE A P 22 WA KRR Rl I, S 22 S I REIE Sy
G, PR AN RIS B T BB AR E R
RN B 45 7 T AAAE AT L2550 Yuan Fl Wei
(2024) 4 Hy — oA o 70 B AN 1Y 28 e #2548, JH T
RGB-IR HARKEM . C2Former i i3 5155 25 438 4 75
Waki%: (intermodality cross-attention, [CA) F1 [ i& I/
FRIE R AR (adaptive feature sampling, AFS) , fiff t
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H 0 E R EEF R T AL AR AT R R

RS R L AN Rl S SRS B 0 1R A, Wang S A
(2024¢) $&H—FhIL T EGRFAE R TC AL RS H
FA I 7 v, G 14 Fivs , B 7R B BRUSEN
BN 5 VRIS HROR G 5 T AL =S EHR 1Y
P AAS HARAKIBE ) o 30 5 e I ST TR AN
[ ASTEA [R] BORI PR BE 25 8 9 D A AIE , I3
A5 A YOLOVS B4 et G 45 #A) R A 0 Sk ke 48 Ry
Ao 0 PR A R0 AR BR W AR B J7 105 B o Zhao 5 A
(2024a) $2 Hi — kL 20 410 /9 Bl -5 S0 38 oAU T
A B AR H (redundant spectrum removal , RSR)
1Bl 2 FF AE 3 £ A Bt (dynamic feature selection,

DFS) , 7E RGB 1 IR B4 1 fill £ ik 72 v sl 2 TR AR
B4 2 RO RRIE et , DA T 2 T4 (A4S
IHER T . Zhao %5 A (2024a) $H T4 BN )
#% (redundant information suppression network, RIS-
Net) , 8 13 Fe/ME RGB ANILERAE 12T SMg S AE 2
ELSER Y ST U 2 IS S We LA B i S)
B B AME . Zhang %8 N (2023¢) $2 H —Fpah &
RGB R4 (RGB-T) £ AR 1Y YOLO W 2% 2544 , ]
FRANG ST BRI . 25 R AR LR FIR R
BIfg Aok B bR, OFHABAR AR R RV
SRR e R

17N JEHRIBRISER

W\

A 4

AT PRI,
C wmEmwenr )
— | C mmEmax )

( rwEmanx )

il

>

FbRSEsE R

ZE
RGBI&I{&

YOLO-F ,

SGORER LR
LRlIDS
lVVR
B
g B |, .
N
G

\ 2

YOLO-T I Sk —
: -_ %’@ ‘L &3F  LP-NMS Ui

K14 BT ZBESRE 0 H PRSI A (Wang 45, 2024¢)
Fig. 14  Object detection based on multi-modal fusion(Wang et al. ,2024c)

550 55 1R AU T 2R RGO Z [ ) 3 5
FIAI7 25 575 | L 1) Z A 25 GO 22 18] ) 3585 R X 1 ]
AIRR T AR H bR A I A PEBE o Yuan 8F A
(2024) {25 8 45 SR W, 4% g oo RO B T4 A
225 L FE 9K 0T WSS 28 B DCIURR I A 7 A2
FMES AR, LSRATRRAEXT 57 o R HBA 7 ik A1
AT 22 W T 5 R AR X 5 o AT RS E )L, Chen

S5 N (2024a) 3 1o i #8 22 BOSFRAE B BTSN SRR
IS S5 2 FRAE , I IO — A 7 e [7] 8 (] v £
(25 MRS o X o0 A1 X 5 14 Bl S 2 57— A B A
()3 [ 725 8], A TR B0 I RR U2, il LU T
TR M DT 2 RS R 22 B ) 28 ] — B0k
4.2.4  FFCHF B AR

R HORTES A BAnk il s 1 W%
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SR BT TR I 7t 5 v 8 R R0 2 30 N O A 3 5t
f, HAPERETEAEZ IR . TRt 5 H AR AS I 2 45 78 1
AU E B AEOLT | BE S U AR H R 5
T A AT RERY H AR . X S EGERY H AR IR, 5
R FOGE TR E R BRI . 7 A 325l
DR INES IR b R A 4 S By VN
AL EREE o JT s H ARSI Ay ix 2 2 e it 1 U
A HIBE T H bR 1) 6E

Joseph 55 A (2021) 1 8 T FFilc it 5t H br ks
W) 8, Jf £ th — 4> 45 4 ORE (open world object
detector) Y3 5 75 ¥k R ikt X — PR K, 1207 vkl
PR B 2R M, B 5o A I i 4Rk s LG I 2
TSI, AR5 I Z AR A R 2 A — Bt 2 ORI
X AR BARAIRTIN . 455 FIR ZE T AN A 5T 4L
AR AR T ARG A ) G AR RO B R Y R
MEPE 38 AR o A O — A s 3 i 7Y HE 2R | Dong 55 A
(2022a) £ 1l 1 H AR BT 28 51 3 S F0 H A 2
o3 JFIR I RS R R EGHAT I 2R, SRR R I
BT T B B R A T A A5 3 a2 o]l AR R AR
Al R85 v R4 v PR e H ARSI RE 77 o GLIP A Y
3 2k 8 — X G A AT 55 AT — R
g Ab PR A SAE BT AESE . R FIRE A
T, BRI R IR 518 5 1018 UE B R A4
RV NITERZEDOE & N = S NER T & Sk N
FAE . XA RAELMER Li 55 A (2022¢) 7EFFEAFIL
FEA A ) J7 T A B 60, REAE TR0 FE 17 I R B8
W R B T2 ) H AR . Wang 46 A (20236 ) #2 1H
—ANI T B AR I HE S , 5. 6% 1) 1] 22 U5 1R 5 OR 4
22 T A TN S, 3 ok i R )11 2 RN ARE 238 A v
— TR A Mz ALBE 1. Wang 58 A (2024e)
FE A KBANBARAE b R 5 K Z A Ak
AT, ML 1AL G W B 7 ik PR RE , ] 72 B A 1
S G TR AR BCR o Xu 58 A (2023¢) 7E
PG SCAR SR i) B ARKINAEZR 2 |- 3647 1 BB
& AT M HE R (visual prompt) BT IR AL . 24
RUfE R B A RO 1T 45 RN 45 ) (gated class-
scalable perceiver, GCP) , 2 25 KA A TR T 2 R X
L N2 51 0 25 0z Ak e T 1 [ R, 184 588 o) 240 R B AR
(RS i

B A IR A HERS | ISt 5 1 s A 0 40 11 B
TZREAVA o ok SERETAE L T TR R A A
MNZALRE S , (I RE A% A B NS ) , I3 ol 4 2

ST I T I
4.2.5 SERHPEREMRAL

TANZRGE, AR EAR T A 32354 o AL
ARG Tl A Sl A T ARIE T mAk
REIY) B AR R AL LA SE 90 RI A P 3 5 S g o SER
SRR R GUAE 27 IR s U] HBR IFAE H R
SIVERYICHE , X T FUT Al 4 | DR g 2 4 D) S 3 T
1B PATRCR EA YUE M, AR K Sk
AT A5 B IR AR, — D R0y B ARG I 5k
REA8 A RREAR R 3153 58 PR A AORsE , SE K R Geis 17
W, OF AR TR 2 BRI 1 Se BLSE Oy 52 2% A 1Y
s 8

TEi £ BRI E SO TP R B RH%E
PRACINAERY | (5 7R3 W BE PR Z IR T3 7 . iX 8t
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Fig. 15 Comparison of open-world object detection(Wang et al. ,2023e) ((a) Faster R-CNN; (b) Detic; (¢) UniDetector)
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Fig. 16  Graph of efficient and real-time object detection model(Zhou et al. ,2024)
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Fig. 17  Detection comparison plots of different object detection

(¢) YOLOv4-tiny

algorithms (Chen et al. ,2023b) ((a) original image;
(b) YOLOvV4; (¢) YOLOv4-tiny; (d) LOANU)
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5.2.5 BERTH RGP E R ST R 8T
BRI RGLEA T AL A sh 28 3R fE
Tk R G655 24 I F U H R T AT T
FRRN L A WA o B, 3T 3838 Hh i S R A
Yy v i 2 AT A I AE . B 18 B R T Liu 558 A
(2024)#2E H T AR B 5E R 55
5.3 MARAFE
FETCNFE B SE 2R 50 L A T A S 9 ARG RN A 7oA

FeNHL

K18 L ARSI LGE R SE(Lin 5 ,2024)
Fig. 18  Unmanned mobile vision system (Liu et al. ,2024)

Gy BT S AL GE ) S5 R AT R o3 BT AT 55 AT etk S
A 25, T EARYE T AR S5 3 Gt 0 R aSUE T X
b X 5 48y vk AT Rk | DA BE A3 I AR [ T4
Whg.
5.3.1 SISk 2ER

58 J5 ik A ] ) 50 48— e Ay [0 2 i By B
FEAR SRR 1 2 14 BR 5 F7 e B2 381 g AT i i DA
52 86 IO 5 AT P R A 38 ) R R ff FH A AR AR A
SR AT, R ARy J3E A7 8 1 S I EL A0 55 o AF X
BETH T , RS54 R fRT B T I RS s Lot R el A A
[ 72 (AT ABL) B8 A5 Sk A0 AR 22 53 L AR5 S
125 5K, IF HLAIG = A0 2 44 278 1 IR B (g
KRS BRGS0 BT B 0L R IE ;s F H B A
BN BE Z2 G B i g R Ak B8 & F A HEATAT

1855



1856

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 6,Jun. 2025

R A3 AT RSN AT A AR R 4 B ) 25K, O HL AT e A
TENGRBA AR TR, 33 500 A5 AU 4 AR v 1Y) 22
K, BORBIALA U 5 90T Haz A7 HRE PR, (W] A X6
MR P A 12K
5.3.2 JriEUi LA

T AL H A TC NS S RGBT B )
Ko I 2 258t 30810 4 — M A 7 ik i) BE A TR
K 2 S S S SR S H AR A 7 ik k)
AT R B AT — 50 R AT 55, 1 LA i B 2 5 A7
e S, EE R RGB IR AE i A, &0t 2
IRURRAE , 27 2] SN ULz S R Bl 58 B OG &, IR 1)
i IR L S AR A IEAT o 2R R SR TR v (R 2
FH— S I A5 AL $2 URRAE , {7 1) LSTM P 4% .CNN
P 28 S5 S 00 28 A , feE AR AR R 5 23 AR O
F AN R 5 1R A0 CNIN A 4 i 2 J2 B S HR
[1] f# HL (supported vector machine , SVM)AE A HI 5%,
anE 19 iR

ST SR t
%ﬁ ‘J'Ig/\ >
~ — iy |~ PR
. [ IEXR ]
R A =

K19 2Ry ik AR 1A

Fig. 19  Flow chart of violence detection method
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Fig. 20 Video anomaly detection flow chart
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