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4.4 THAHEGFREIE S EIGOR 5 F R H

SR KA TR SR (VIMD 7EIE A B HA 55 B OIS Bk, (HHAE
Dhedzy i B R BUAAE W] AR . D%k F AR5 19 55 14 1= BEAIL S A AU sk 15 A R e DA vHE
I8 HARBIIR SR P AT SR 5T e DAL o AS R LA D e PR ER A A% O AT 55
TR — NS HETE 7B LA BIFFIE VIM, FIH CamoSense ¥ S22 AT 15 214
farA R A A A\ B Db e SR B B 28 B BOER I HARTE 5 iR, R R HARYIRD
RIS Py e s =N E . PSRRI S S ROA AT A 10 R GEEVEI, LSS UE s A
SHASE TR £l 25 A B8 ST R TH AR, JEXF CamoSense $idf 4 (I 25 R AT SE BB AIE .

tﬁ./:l Can you describe this image? Especially the camouflaged object in it.

The image appears to show the bark of a tree.
@ There seems to be a camouflaged insect or
cprag Organism blending in with the tree's texture.

This image shows a close-up of a tree
trunk with rough, textured bark. There x
Gemini2.5-Pro are no camouflaged objects in the image.

LA LVLMs 75 87 Oy2He 37 507 T LA 16 PR
BARENA:

1. CamoSense (FEEHHEEE): FEF CODIOK. CAMO. NCAK. CHAMELEON PY-Afg
#E COD FEUEM I ZYEE IR RS, IL 10,513 5KEME. BEFFEAE S WA
KLEARSE (8 K SAMRIEFRS (135 T3, WHRIFEAEM (9 2. s
#% (background matching/mimicry/disruptive coloration). MEfESHEFriE (eas
y/medium/hard, (NHEZ%, AN HMKRYE, FEREEFTD KB E R E
SR (BN TA photo of a {MFh} using {(fh3E5ENK} strategy in {5}, D.
WEZRLE 4,040 5K, WKL 6,473 5k BIRME NN IESE, C LR EMA,
R R vx: 15727175828,



“A photo of u camouflaged
{tiger} using {disruptive
colouration} in the {dry

A photo of a camoutlaged “A photo of a camouflaged
{rabbit} using {background {buflerlly} uging {minicry}
matching} in the {snow}.” in the {green foliage}.”

ge).

“A photo ol'a camoullaged
{flounder using
{background matching} in
the fsand)}.”

“A pholo ol'a camoullaged
{lcopard} using {dismuptive
colouration} in the {dry
grass}™

“A photo of a camouflaged
{scahorsc} using {mimicry}
in the {aquatic coral}.”

CamoSense FIE LR
2. CAMO. COD1OK. CHAMELEON. NC4K (JR#fE& 5Hmmkis, FakEeun )
@®

https://github.com/visionxiang/awesome-camouflaged-object-detection?tab=readme-ov-file#
Datasets

@DengPingF an/SINet: Camouflaged Object Detection, CVPR 2020 (Oral)
O ingZhang617/COD-Rank-Localize-and-Segment

T Bl X R

Dataset | Year | #Images | Mask ‘ Species Background Strategy Text | Focus/Positioning
CHAMELEON [28] | 2016 76 v X X X X | Small-scale testing
CAMO [16] 2019 1,250 v Coarse X X X | Camouflage dataset
COD10K [4] 2021 | 10,000 v Coarse X X X | General benchmark
NC4K [20] 2021 4,121 v X X X X | Testing benchmark
CamoClass [41] 2025 | 10,523 v 128 cls. X X X | Category-guided COD
CamoSense (Ours) | 2026 | 10,513 ‘ v ‘ 8/135 cls.t 9 cls. 3 cls. v | Multimodal reasoning

ERF:

CamoSense [f) difficulty 7B (easy/medium/hard) FE-TF AT 3 WHIWr, briEki
bR ) — B R A M I0IE, A — 5 Be HERA S U2 1) SEBRR MEE o S AR R FHE
FEor IR G AT, RORE AR S M T AR b ) 2 LS, 3 i B AR %7 B
BT L2 5. B Se LA e 2 (=28 VRN FE B AU AT M, =2y
e M 2 1R) MR 0 M JEE 2 SR B 78 A3 T SRS A


https://github.com/visionxiang/awesome-camouflaged-object-detection?tab=readme-ov-file#Datasets
https://github.com/visionxiang/awesome-camouflaged-object-detection?tab=readme-ov-file#Datasets
https://github.com/DengPingFan/SINet/
https://github.com/JingZhang617/COD-Rank-Localize-and-Segment

B

Camouflage Attribute Captioning Visual Question Answering Muftiple-Choice Question

The image displays (Da single camouflaged target, which is a
vibrant green @lizard.The primary colors of the lizard, a blend
of (@bright and dark greens, closely match the foliage of the [ | |
surrounding leaves, enhancing its camouflage. The lizard
occupies a small section of the image, @approximately 10% of [ | &
the total area, making it relatively minor compared to the
extensive leal coverage. Bt is located slightly off-center,
nestled among the leaves, partially obscured, allowing it to
remain concealed from potential predators. & The camouflage

g

Q: Does the object in this image
have a tail?

Q: How do the colors transition Q: What is the texture of the
technique employed by the lizard consists of coloration that | | from the head to the tail of the hind leg of the grasshopper as

mimics the greens and dappled light of the leaves, making it | | body? seen in the image?

—~
difficult to distinguish within its envi . (@This | | A: The colors transition smoothly (a) Yes, and it is long (¥%)
adaptive technique serves the primary purpose of avoiding [ [ fom warm shades of yellow 1€ hind leg has a rough and (b) Yes, but it is short
detection from both predators and prey, enhancing the lizard's | | and pink at the head to cooler S¢gmented texture with visible (c) No, it does not have a tail
chances of survival in its natural habitat J | greens and blues towards the tail. bumps and & matte finish. i (d) Yes, but it is very thin

Camouflage Attribute Capti

oning

Q: What level of camouflage does the
figure in the image have? - e
A: CAMO LEVEL: Exposed = X~ A
CAMO SCORE: 3 \
) EXPLANATION:  The butterfly

st

i Q: What level of camouflage

) CAMO SCORE: 88

i EXPLANATION: The object,
f°QE which resembles a twig, s

F remarkably effective in blending

ange
black color patterns of the butterfly sharply contrast with the .. . :
o M, Takioe e Bouidaie Bf Ve Billcelly. padi with its scenes, particularly among the foliage. The color of the

distinguishable. While the butterfly's textures may vaguely match Obiect closely matches the various shades of green found in the
legs in this image. the foliage, the overall color scheme is not resonant with the 1¢3ves: helping 10 obscure its boundaries against the vibrant
R - The right image show ) ing i ; i 1om natural backdrop. Additionally, the thin and elongated shape

esponse: The right image shows - Respanse: This image camouflages roaking it of the object mimics the appearance of nearby branches, further
a camouflaged bee, with visible 5 spider with six legs [SEG] in |[ immediately recognizable. There are mini milarities enhancing it The texture of the plicates
parts including the main body hite. Tts head is hidden under the || between the butterfly and adjacent areas. contributing to its lack of that of the s f i
ISEG] and its two wings [SEG].  pee and is difficult to see. J\ concealment in this setting. mottled, whic]

Prompt: Please segment the bee's prompi: Segment the spider's all
body and wings.

MMCSBenchPP iR R, RI{ENEKSH

FEHZER:

FERMES NEREARRE VR . AT AMING, BEEWH—-NMFE VLM (%
Qwen2.5-VL-7B B{ LLaVA-1.5-7B, EALJ5 7] 7E 8GB BAFEILAIZIT), X CamoSense
MARER) 200 FKAhFE UG T ZREARRIAE R, N TIAGEERIE = R th2 5ems B
WAS RIS (ks [0S | B0 dflik oy Thiee ] maAEshY, B2 AR AEAED,
T AL A AT AR S

HBEMTE 55 e A O S0 EEEI . R CamoSense IZR4:HI caption 7Btk
AT, g X bR AR T - R -1 | =Jod, XEERTHE VLM #£47 LoRA
A. MOEASERUS, fF CamoSense MNASE b 5FFEAILL AT AT LL, /BG4
FPTI T OB L Py SRms = AR FE RO R AR Ak, i =IO R s 4y AR,
fr 3% CamoSense YIZREHE 1A Rk .

WS A2 ka3 . 2 MMCSBench ] MCQ #it &%, FIH
CamoSense Frit: H A BGERER (. [ s W0sR FH (0 D 26 SR s 410 LA R 3 2
(A) HICAS (B) A& (C) WA R (D) T3 1D, SR Al fE B () [ 28 e ff 2R
BEATAESPEN, TR ANLIT0, 15 MMCSBench FE#EREATRE A HLEL.
GAEVES

SERIAL SRR AERA 00 T EBACIRER, MRIRLAE B B AR F R R Y R S
TR e SRms = AN BUEAT R VLT, 43 A THE Accuracy Al Macro-F1, 1%
SRR RIE A R o 1B OB VE AR U R (4 B4 bR, (fF BERTScore ffif &
A IR 5 CamoSense 7% caption 2 [A] 15 AHIEFEE, %3848 7 CPU R A 114,
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NLVFASAE /NN 7R, B2 e HEms S X 20 K IEIME,  HH R 44 [R) S 0 A8 Fi i
RIGAER RN SE BT 1-3 20479y, IR — 8k
AIAT MU «

ARUR P AR B A 2] SRE Y AT R I PR R A TR R, A AN R SR A R .
MAr R (8GB KU E) KIS A T AHZATEMM 7B AT HEEES LoRA FliM;
8RR ESFA A] {5B) Google Colab #%% T4 GPU % ELH T Qwen JTI APICH % 2%
BE. niftE— i siha, ‘ o SuTTEER vx: 15727175828)
SEMHERE I A, LoRA AU 43 ) ) {5 FH /R e 2% s BE U . 1IN B ) BERTScore
THHEMZ % A SN T CPU, (EFIHEE T IrHEAT.
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[4] Zhang, T., et al. BERTScore: Evaluating text generation with BERT. ICLR, 2020.

[5] MMCSBench: A fine-grained benchmark for large vision-language models in camouflage
scenes. NeurIPS, 2025.
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4.5 /N B s

EE&RER: WU BArEHE R S G R/ TBEE T 16x16 &M HAR, HilH Rk
N RS BN Z, IFH 5T SRR RS T A UR USROG A SN B FR A
BOEHEATEEE, RTHEUN HARRORE I BE . DA SR (B, RIS AR BERBR R vx:
Lucas22815) A& B R (IRD AEk 2 BEA M (RPC), BT Wik 22 I
AMERLYHEAT S0, AT LR LA AT

(1> #£ RPC 15|\ DCT (FHURZAH) 8 Wavelet (/IMNEALHR) 1E TR JIHLH
(2) MR T2 I, BRE BN RS SR E BRI I 70 %, SRIE1E

B 20 HIMRERY S, BB RE R 25 S0 i E R MR AR Rl
(3)  CCHRHERLA T2, N CIE” SO EIER R
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(4) ERBEEL SR AR LS 5 K RAAE Al D 2

AR
{ }o 7E 13386 KRG PR AL T 410305 s, AU 10 5 H bR, KL,

INTEL RZEL RRE. MIERYg . BERRg. Tkt BERIZ. MEWMEERIE T WL, Hd, Y1
£H 10653 KM%, 328086 4N, MNREAR 2733 sk KM%, 82219 Ns5LHi.,

v A A

O] gas 0 ¢ Dame Do e e
VGRS R YA 2K B AR R AR AR S 51
AI-TOD: 7r 28036 ki BG4 T 700621 DSEf, A8 WAL, M. WiBE. #5. Jekit.
A NRIRZE. 4011, AITOD Hf HEs-F R~ R 12.8 5% .
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SODA ##54E: https://shaunyuan22.github.io/SODA/

Sk
[1]. G. Cheng, X. Yuan, X. Yao, K. Yan, Q. Zeng, X. Xie, et al. Towards Large-Scale Small

Object Detection: Survey and Benchmarks. IEEE Transactions on Pattern Analysis and
Machine Intelligence. 2023, 45(11):13467-13488.
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(D) FRBEbs: PlIAZE REER, ERGHRSBOR, R, B4
—odg s MR RE T SR B N A2 BT
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It AAESS S A BT — Pl BENE S IAS R RUSE K 4240 H ARAS I 53, (8 /£ TEANL
KEEME I R P REUS RN SEBUR B AR /N B bR R s Rl . REEOR B
RIS FE AR B S %, RIS AT DG IR L RS B AR B B B ik
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1,610 5k, ZEIEAESLFEME T OAF 10 N8, 4053 7&: ‘pedestrian’, ‘people’, ‘bicycle’, ‘car’,
‘van’, ‘truck’, ‘tricycle’, ‘awning-tricycle’, ‘bus’, ‘motor’, FHEEEH 55 H bR/ Am i 2
Frome R 1 Wos TR KRB R4, Hdr, NHFR & VisDrone2019
U rh B AR S 60.49%, R H b b HARE AL 39.51%.
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(a) ()
Kl 2 BsER X R rnti: (a) RANEEMS A (b) BWRTEEASEN DA oA e REEH
MR A B BIRE R AR RN, om0 A oA
# 1 VisDrone2019 #¥a4Erh H b X~ Ah

Smal Medium Large

Category Number Proportion(%) Number Proportion(%) Number Proportion(%)
Pedestriar 65227 82.22 13804 17.40 306 0.39
People 23497 86.84 3463 12.80 99 0.37
Bicycle 7111 67.85 3244 30.95 125 1.19
Car 69862 48.22 63079 43.54 11926 8.23
Van 10751 43.08 11517 46.15 2688 10.77
Truck 3982 30.93 6725 52.23 2168 16.84
Tricycle 2176 45.22 2425 50.39 211 4.38
Awning Tricycle 1360 41.90 1699 52.34 187 5.76
Bus 1661 28.03 3265 55.10 1000 16.87
Motor 21986 74.16 7395 25.00 266 0.90
Total 207613 60.49 116616 33.98 18976 5.53
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X B BK LSS F H bRk AT H bR ERER AR, IR1523h A BERAE 2D BHR B

21



Apbr, FSEE SqEEEREL, BR8P BERTE 3D 2% 18] (4L B R E B K, JF AL
i N B BUE B AR, F X B E 25 G B Prompt 4B AL 11 Question,
B R BT PP 9 SCAFR A B EE R Response, WIFLHE B 4EEE (Complex CoT)
AR ROT R TR B ST ) Prompt ZHE 8851 DeepSeek—R1 HEFRAAY, SCHLAA
VAR TS Bb S
(1) BiEfRE Gashfi. PEB)

N# labelimg, HREHERZUIR:

https://blog. csdn. net/knighthood2001/article/details/125883343

PRVERR A PRVEIEERR

(2) 123 RAPBERAK N 5 PR ER
FEEANUIZR B AR5 BRERA T, SEILXSIZ 3] 53 AP B ER AOA I 5 R -

(3) T KiE 5 HEEE R SCPSR A 5 F

Zh & = EIAS RIS 3 (ONCH B BRI = 4E AR AR FEE R, 455 N R ENE

HRNBHRIVESER, AR Prompt B4, WFAKERE4EHE (Complex CoT) MIAERK
77 A U 0H DeepSeek—R1 AT Mk A 5 F i
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Question Complex_CoT. Response

=& R0EEZIE @ sE=h A REKIsH YR AR FH:
BE, KL B e — I RORE
REHIR 47 ? =5 AL

B CHR:

[1] Gao R, Wang L. MeMOTR: Long-term memory-augmented transformer for multi-object
tracking[C]//Proceedings of the IEEE/CVF International Conference on Computer Vision.
2023:9901-9910.

[2] Tian Y, Ye Q, Doermann D. Yolov12: Attention-centric real-time object detectors[J]. arXiv
preprint arXiv:2502.12524, 2025.

8 3. ¥ FH, Yang_Xiao@hust.edu.cn, wx: hustcowboy

4.10 S@MICRED L

E&#R: MY BAWRENEDZIEE, YRS, &R 1. H. B, BL
J& . FhEE S AN E G ST ) AN 5] 5t P RS YRR T 0% BRARAE A R 2 43 AT A%
Lo R, BHTHEMGFHESZ, AR, HEEAWEE IR, EoERE 2T
B0V A A T W 77 1 9 e M 30 B AT, TR V@ T el 4 SR S 1 231
ToRIHEL [4-5] 4T 17X —BR#], EARIT R HEOS RS0 5E5, i
AT T2 ST QAT T 0K — 38 FH R 7 o AL ILA (10 388 T 90 288 500 G DR T A 7 4 o
TRV TR BUESS WATAE R IAE, HE R 5 RO A7 B2 L BB AR KAt ok
(i 712 R | AR AR R B A A 7 A S5 A5 30 P38 FH R0 D TS AR BB 27 ST B E A
P A R FT T 41 A UR B SR R T O AR AL ) 40 2 5 R R R R T BB AR
TPC-268 [1] , %57 RGB IAEM G AN B v 06 GoR BN, SEIL AT IS F LSRG
BNPEREE Bt WIS 10 i RORS HE ) il b TE SCAE A T 2

Exemplars:

3 boxes

Taxonomy:
Plantae-Tracheophyta-
Magnoliopsida-Sapindales-
Burseraceae-Canariunt-Album

Biological Organization:

Organ-Fruit
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AFIREYHE R () 5EARED —MERMFRERE (5
FEHZEK:
1) HESERSERSN: DMK TE TPC-268 ks gty WM ANIE
W EIRB AT R HIE LA R CESRIE = IR SR BN AL, B8 A SOK
51314 0-shot TH 7). B R GMIALE R, WA A B AEEY R R IA
HERIRZ RN, AT 45 A AT LA 5 220010 52 PP Pt AT VE R R s A Hr
2) BB MR A A TFEHE 8 iU S IR bR s i TR, Bk
TPC-268 H¥& A IZEH], NI ER 52 75 2 10 2851, A2 D 20 5K
K, BdEbrd i A %0 1],
3) kgt BExf Bk a b B8R ) AU S A A R, R IR A AT R A
YRS s RO (RIS AR G EOE 3] BEX ARS8 6 R T v
[2] O, VIS T I AE SR 5 T HTHEORE B 52 AR, BL MAE.tMAE . RMSE.
rRMSE. R2. FLOPS Z&4abriPAliH B B P fe
4) RERGEITS Demo Hs: 178 SAM SZHL— NN TR E I, BRI Rk
B RAE R R RGP . SRR OB HERE . sUETHEC R, SO TR AP
(RUSERTHEL, TESYCET AT 56 R (1) Demo R, PARRUEEIEMSEATE. SAM 8 H 74
Segment Anything | Meta Al (segment-anything.com)
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[1] Xu, J., Hu, T., Hu, X., Zhou, L., Cao, S., Zhang, M., & Lu, H. (2026). Plant Taxonomy
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Species. In Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition.

[2] Hu, X., Li, X., Xu, J., Adan, A. D., Zhou, L., Zhu, X., ... & Lu, H. (2026). TasselNetV4: A
vision foundation model for cross-scene, cross-scale, and cross-species plant counting. ISPRS
Journal of Photogrammetry and Remote Sensing, 231, 745-760.

[3] Lu, H., Cao, Z., Xiao, Y., Zhuang, B., & Shen, C. (2017). TasselNet: counting maize
tassels in the wild via local counts regression network. Plant methods, 13(1), 79.

[4] Ranjan, V., Sharma, U., Nguyen, T., & Hoai, M. (2021). Learning to count everything.
In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition (pp.

3394-3403).
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I FREICHEN: A, T RS O TR, BRI R RS SR
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TER RIS N R KSHERI AN T2
FEE R e

ARIGET R T IEAS S A2 A1 5 BRI ER 5 T BoR B
B ZEK:
D FE=EAREAM Y A AT ESE (BCData[1], CoNIC[2], MoNuSeg[3]) 52 B Eh
n g BE B (- Steerer [4]) s M B8 A2 ULEC (. PET[S] 5449143 %1 (41 HoVer-Net[6])
b GNHANEO mIZM S e il vh s, MDA EMORFEZERL 5E (an
HEEEEE, S EA. R =K, BRI =T, HESTREFNG
B e AU e A T RO, P s B AR AR X LU PR RE TR AR A R R A
2) AHMITHE e BT 7 LA MAE MSE SN 38 AR HEAT VRS, SO0 5E 7 110 5 B 20 #r
i LA Precision. Recall. Fl-score S5 AR, RRIRIMUIGRMSHE ., ST,
FEHE I () 45
3) FET LA AR B (T BEUE A TSRS, X B B A b g i S AR A
UL %S HE S 3 B0 PR SR AT ok, IR TR BAR A T AR AT, SR
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® B(CData (Breast Cancer Cell Dataset) [1]: & N3ET sibryE: 40 T HORIAE I
vert, AL KR B A )™ E S AR A AN 0 7L s A e R

® CoNIC (Colon Nuclei Identification and Counting) [2]: %5i##% iR A A2k
EFEHE AR, B SIS R AR A A 2 20 A EARas,  JEH & G IR AR A AN
F I 248 B ) AP ALE S X

® MoNuSeg [3]: ZEHEAMML T SIHEEIELE, Wk 7 2MEERNARAIILE,
Qe ZZ R, E S IR Y B

SR
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SR ST ISR I NBEIZ ) T2 AL L B PRI . A AMUE
RIAT NIIEEIRAE GREE. 5D #EATRHER T, R SEHI I57 A 2 05 & 1
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PUGTIEATIZ8 0 () 54T N3l it 8RB ChD

FEHZEXK:
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Wit HoR2E) Rxttbgs R, i, WuhanMetroCrowd HUd bRiEZ R ILFREA DT 300%
AN NKI B, baseline B3 B SR NI = S A8 (H SIFAR Y
2) ZRRES 5 IRZE ST

o SEPUXIHANH B R A A PUASEZTT A AN E 3T
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o CERIRFRIRMG: HES T AT MAE CPHIRE). MSE (B77i#%) &
WRAE INAUHHXT 4855 R 2D

3) BT ME@EMIEE TR, 4% WuhanMetroCrowd $4E 4 Pk k47 bk, I
BT ZHARE T NBEZ ), SEOAREE )7 MR B . R AT E 7 13 A
Hizahyy CummEsiashHED, FHEdm (ENAA) Ko RoRsmf i, Jex
ESCHE I A FR AT EL
4) EREESE A SN, M AN IEEN ). Z i E ST, BN ARIE R
fEER GPU b Rysei .
IE A : MovingDroneCrowd J& B A& 1 £ 8 80 I A WU A R A9 RE AR A4 145
(Video Individual Counting, VIC) {155 ) KB B2 sedidi g . B85 T HEANLE
AEEE ARG PR, e, 28 FRENEBEIIFES, M
oM K % £ M OHE L AN B B o . N #H OB O
https://pan.baidu.com/s/13NsJehHNw5IfGZy7qE2R 6w?pwd=1234 . WuhanMetroCrowd #& M
SR SR 1 B S, AL T AN R R U A N B AR s . A%
SHA RIFMIEzh 7 m X 5, @A DGR ENEHT B, Z 84 B e =
LS B AR LA o A H IR Z BRI 3 T2 800, B R 18 5 2 MR
S 3R

[1] Fan, Yaowu, et al. "Video individual counting for moving drones." Proceedings of t

he IEEE/CVF International Conference on Computer Vision. 2025.

[2] Teed Z, Deng J. Raft: Recurrent all-pairs field transforms for optical flow, ECCV:
402-419,2020.

[3] Wojke, Nicolai, Alex Bewley, and Dietrich Paulus. "Simple online and realtime tracking
with a deep association metric." 2017 IEEE international conference on image processing
(ICIP). IEEE, 2017.

[4] Liu, Weizhe, Mathieu Salzmann, and Pascal Fua. "Counting people by estimating people
flows." IEEE Transactions on Pattern Analysis and Machine Intelligence 44.11 (2021):
8151-8166.

[5] Xu, Pei, Jean-Bernard Hayet, and loannis Karamouzas. "Socialvae: Human trajectory
prediction using timewise latents." European Conference on Computer Vision. Cham:

Springer Nature Switzerland, 2022.
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MEPE RE: Kk * ok x
BEN: NTHEE

4. 13 FEEMIIT AN ETHEL

ESFHIR: AAEFE BRI 7 R GeHAT N E . Jo B B PREESTHR H A, ik
DU DL 7R i A O SR R el 0 Y BI™ ELAABE 1S D0, 3G 7 R A b e,
AL BT TA Y] 5 2 A S A N R A T B TP RN T, AT ER
HT KREETEGM AR S e EE] . A, ERL— B A E— A
AT N, AT BONE A A TC IR B 2. DU, 2T 2 HARIRERESS 1)
WEFCLAF, DRNet [2] I T MBAT NI ETHEUIBESS, B XA 41 b L AN ]
IFNEAT I 2R, A AR Y = ERIIARNE, Ty, A H ZR P
WA 3-TI{F N Baseline, J&T BATARENMEREHE I AT EE S, 0 s 5=
TR RS L TSR T YOS SR IS R A, MR ROMIN A Bk R AT
A, LIS AT N R RIS HE . FRE At TT

PAIAT NIRRT U SS () SiEE T D
FEEZEXK: 4% WuhanMetroCrowd (44, MR T& &850 F AT Nint & v Hn)
HAKIN S
D JEECE T RA R IR B, e NI & B AR E LAE, I M BrhsiE 2k
P EONBE I ARGL CanBgit i NP 2% 245 ) Hirh, WuhanMetroCrowd #fe bridi 22
SRAARIEA DT 300%/NHAFT) %L

2) #£ WuhanMetroCrowd £ #s £ A H#E S (41 VSCrowd[8]. UAVVIC[9]D) %k
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AP ZE D> 3 P REAE I ELE, X EEAN RIS N « L H AT AN B8 T v a2k
P, 75 BLMAE. MSE. WRAE NP4 fats, TE4HAXM[2]: H, baseline 5i%
LRI =4 BB B BLE Y

3) f£ WuhanMetroCrowd ¥4 45 b, B HE 29 dEANIN 25 — SOk 45 r) @, 58 Y (1 ek
BES T, PP HE AR A T R R O R R A AR S R AR

4) SRR demos

AR IR : WuhanMetroCrowd J2& 7E DU B R AR (1 FLSE R, % 1 2 Ml s 4 40 A
NEENT R ARHEEREA RURIL L AT AR BRI IR B KL 5 N
i F 7 = I . T BB 2R 4 322 DTSR IBURH S 8t

S5 3CHR

[1] Liu, C., Lu, H., Cao, Z., & Liu, T. (2023). Point-query quadtree for crowd counting,
localization, and more. In Proceedings of the IEEE/CVF International Conference on
Computer Vision (pp. 1676-1685).

[2] Han, Tao, et al. "Dr. vic: Decomposition and reasoning for video individual
counting." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 2022.

[3] Liu, Xinyan, et al. "Weakly Supervised Video Individual Counting." Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

[4] Wan, Chang-Lin, Feng-Kai Huang, and Hong-Han Shuai. "Density-Based Flow Mask
Integration via Deformable Convolution for Video People Flux Estimation." Proceedings of
the IEEE/CVF Winter Conference on Applications of Computer Vision. 2024.

[5] Li, Rui, et al. "Prototype-Guided Dual-Transformer Reasoning for Video Individual
Counting." Proceedings of the 32nd ACM International Conference on Multimedia. 2024.

[6] Fan, Yaowu, et al. "Video individual counting for moving drones." Proceedings of the
IEEE/CVF International Conference on Computer Vision. 2025.

[7] Huang, Feng-Kai, et al. "Flowing Crowd to Count Flows: A Self-Supervised Framework
for Video Individual Counting." Proceedings of the 33rd ACM International Conference on
Multimedia. 2025.

[8] https://github.com/HopLee6/VSCrowd-Dataset
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[9] https://github.com/streamer-AP/CGNet
BEEIM: R, e-mail: hlu@hust.edu.cn
HEREREL: * KKk

e N TLHEE

4. 14 HEHYER KA

ARSI « BRI 2 R R AL SR R BB AL B ORBAE 55 22—, B AR M1 S il
Iy BB AT R B AR, Bl MR R 50K S5 TR, BUARIR R R
SR £ i L A DRVRT R U 28 37 A I R i, B D B R R AL BORTE S 13K
PSERIA A . RO X S PR S At R LA 2 b Al 30N I B Rz Ak e /g, (B
ZARETJL FAERZIETE, AFAE RGBT RS E MR SR 2 & VR REIR AL . BT 3X— W
2, AEHREEYIN RX—BRAEERAF . GRS 2 70 A 72 7 1) S R 37 52
PRE IS 1 1 X P SRR AR P e AR AL I AL PP T i

R

NAEIEEMMERTEEA7 R PE RIS R IRIR S ERGR
i SRFERSEHRE

FEUREEFARIR

B HEK:

D RGVHAGEr EIRAK BB (FLFE zero-shot 75 ZIM . JEF 15 Sl B AL IR B 1) 4t
— KB 75 MatAnything, & HIIXEIRRREE) FEREY)I7 5 P R R S PEREIR LM
(&8

2) dit CHBERS GRS, ok B EYI SRR G ARAELPE
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WT7k, HEAZEE AT FER KRR A SOl 2T 4546 55 R HE R R0t
TR B RS

3) FEXTIA R RGO, SR R O T, SR TR AE S A A R B I e
4) WERE TR G RAEMY B RS HANME, 7B ik RS N 55 IR Re T3] 1Y
KR

ARG ASCRR R IR :

[1] https://github.com/wchstrife/ Awesome-Image-Matting

[2] https://github.com/zixuan-ye/SmartMatting

[3] https://github.com/SHI-Labs/Matting-Anything

[4] https://github.com/naver-ai/ZIM

[5] https://github.com/facebookresearch/segment-anything
BEEIM: R, e-mail: hlu@hust.edu.cn

M R B K, Kk koK ok

BWE: NTLHEE

4. 15 BHRT RIS g

PRSI SRUT, IR E R F R KBRS oS K CLE DR &, T D
SRR B B A AR AT ELAAR I o D oI 7o 2 R0 5 B AR5 41 45 P e R ) o 7 AR
(R ST 9% 5 ARG, RS BORIZ AT AW Fe R e ZAT LA A 2 R
BT g EARHRT, MRS T U ERLE T X kiR . H, KSR
SR AR SENL L 5 Y P A8 HARES (B DR 3R o AR T2 SR FU L T SO 1) 28 5 XUkt
DRIk, W ETR .
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w/o. text w. text w/o. text w. text

Sl

W\

“French Tucked,  “Fully Tucked in, “Untucked,

"a s”T man wears relaxed, tank (ﬁuﬂun)A lo, “aslim woman wears fitted, blouse (cotton),
sleeveless, untucked. With'very short closgncut collared, sleeveless, fully tucked in. With long, 2 i 5 g
hair, walking fuﬂw}n‘:rddnn runwcwr 'Facdused, facial PDSSM* :quﬁa{h};m;agﬁllim Eﬁx’i-'}dﬁ"ﬁmg Regular‘ Fit, Tlghf Fit, Loose Fit,
e e e R K forward, left arm back while walking' Sleeve Rolled up”  Sleeve Down" Sleeve Down”
(a) Effectiveness of rich text description (b) Multiple attributes manipulation

3 : } : g ¥ p ¥i

t g

“Untucked” "Rolled-up Pants” "Tight Fit" “Loose Fit" "Loose Fit" "Tight Fit"
(c) Text-editable capability

BT SO 5 WURS G R s 1]

B HEK:

1) I AR 27 3 RS R BE R R, IR N NED A XU GRS e T R 7

2) BB ST SO KUK G 4B A 55 i 7 Bt A o, stk e dicde St ik, IR

BT R R SR & S PRE R B S .

3) FETRTIR B RASLERE, Bt lRER SPEAE 77 CniH 7 i), % PromptDresser /

Qwen image edit / FLUX.1-Kontext-dev %5 (#/NHANE) NEEGHIA AT IPAL .

4) ZREE TPk KA 4E FER N Zrde, BB AR BEAT A, R R Ik AT

Pl

5) KNI E S, #4T demo IR .

S5 3CHR

[1] Kim J, Jin H, Park S, et al. Promptdresser: Improving the quality and controllability of
virtual try-on via generative textual prompt and prompt-aware mask[C]//Proceedings of
the IEEE/CVF International Conference on Computer Vision. 2025: 16026-16036.

[2] Labs B F, Batifol S, Blattmann A, et al. FLUX. 1 Kontext: Flow Matching for In-Context
Image Generation and Editing in Latent Space[J]. arXiv preprint arXiv:2506.15742,
2025.

[3] Wu C, Li J, Zhou J, et al. Qwen-image technical report[J]. arXiv preprint
arXiv:2508.02324, 2025.

BEEIM: R, e-mail: hlu@hust.edu.cn
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MEFE BB *hok ok k
#BiEN: NTHERE

4. 16 TH FEYRBIAL BRI R R 2 S F

RS R R RGN, rEl R, ORI Ar SR I KA 0TS, 4
TSGR AL POERECE (S THAR TR0 . BUE TR 0 AR 5 B
SEEI BRI 2 AT 555 ) AT @A, SRTICE SEPR R o, AR S AR AR 6T AN [R5
WEESARREBKN, SRR LTSS ITEME L EERH

AR, 24E%% =] (Multi-Task Learning, MTL) ZEFEFHELALZ AbGE J7 Ak 11
BT I EOE ), (BEEBHIEE (cross-dataset) Fit T HIBFAMNEN
B WTEARNRES B AL EMAREI T, SSS @ ESRIE s, 247
T AR 1 )

ARELAVSE TN SR G, BT o080 R, TH8 2 2RIUMTE 5, Mg —
ANGE— I s B AR A AT 45 2 S HE SR o i 51N MTDNN (1] ) 25080 v 52 75 20, SRR [T 45
IR RIIER, X 2 PG I RTTR 2 AT 555 2] T VL kAT

Inputs
adapter

Shared backbone

o Wheat Disease

ZAES ML ) 5LV EHRE RGO RG] )
BEHEXK:
1) ZAT5 A SER
MBS WNANED M2ATES 2077, R HIER B S — B R EHELE T
AT IR, W7 HE:
® MTLoRA [2]

® TADFormer [3]
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® DiTASK [4]
® TaskPrompter [5]
® PGT[6]

TR RERFFE TR NS GRS, 25— DI SR AR EE 1 P HESE R 58 R
WAC. LA Swin Transformer Y8 T RG] tiny 2 small ¢TI ZRALE . KT
JE TR AR S ESs, FRANFEARRL LSS Sk KT 25K FCOS Rrilli=k[7], 73R4T
% K MLP 73283k, 7rET5 K DPT 2 %13k[8], 1H4U{T %22 Fomodwheat[9]F!!
PET[10]#JH 4L BTt
2) Hatk

8 H 1 F Fomo4wheat #H ¢ (¥R AL 50 $3i £& . Fomodwheat 2 % [7J TH [ {E4) i U
FORLTE AR 7R, FLFRIZR A8 T ImAgd4Wheat i E——HiTE k. REREILIINE
EUGEEEE, A& 250 DkE PR EIME, Wik 2010-2024 (AR H 43K 30 43k 5
I 2000 FhELPRI T . 500+FhFR S 4% B HH -

ARG A DL AR 55 (R R 0 2
SEUES: INEREEIHIE (Wheat Organ Segmentation)
MRS /NI EHE (Wheat Head Detection From Ground-based Imagery )
THEUESS: HRITFEEHE (Wheat Leaf Counting)
DTS WFESEEIE (Wheat Disease Classification)
HAAKHR R SRBUE B R T 5200
3) ZATE NG5
RS —HEZL P e AT S5 UGk, FHiRks AT S M R Fads:

43E]: mloU. mAcc

Kill: AP. AP50
i+%1: MAE. RMSE. R2?

4r25: mAP. BA

e E PN
[1] Liu X, He P, Chen W, et al. Multi-task deep neural networks for natural language
understanding[C]//Proceedings of the 57th annual meeting of the association for

computational linguistics. 2019: 4487-4496.

36



[2] Agiza, A., Neseem, M. and Reda, S., 2024. Mtlora: Low-rank adaptation approach for
efficient multi-task learning. In Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition pp.16196-16205.

[3] Baek, S., Lee, S., Jo, H., Choi, H. and Min, D., 2025. Tadformer: Task-adaptive dynamic
transformer for efficient multi-task learning. In Proceedings of the Computer Vision and
Pattern Recognition Conference (pp. 14858-14868).

[4] Mantri, K.S.I., Schonlieb, C.B., Ribeiro, B., Baskin, C. and Eliasof, M., 2025. Ditask:
Multi-task fine-tuning with diffeomorphic transformations. In Proceedings of the Computer
Vision and Pattern Recognition Conference (pp. 25218-25229).

[5] Ye, H. and Xu, D., 2023, May. Taskprompter: Spatial-channel multi-task prompting for
dense scene understanding. In The Eleventh International Conference on Learning
Representations.

[6] Lu, Y., Sirejiding, S., Ding, Y., Wang, C. and Lu, H., 2024. Prompt guided transformer for
multi-task dense prediction. /EEE Transactions on Multimedia, 26, pp.6375-6385.

[7] Tian, Z., Shen, C., Chen, H. and He, T., 2020. FCOS: A simple and strong anchor-free
object detector. [EEE transactions on pattern analysis and machine intelligence, 44(4),
pp.1922-1933.

[8] Ranftl, R., Bochkovskiy, A. and Koltun, V., 2021. Vision transformers for dense prediction.
In Proceedings of the IEEE/CVF international conference on computer vision (pp.
12179-12188).

[9] Han, B., Zhu, C., Han, D., Yu, R., Cao, S., Wu, J., Chapman, S., Wang, Z., Zheng, B., Guo,
W. and Weiss, M., 2025. FoMo4Wheat: Toward reliable crop vision foundation models with
globally curated data. arXiv preprint arXiv:2509.06907.

[10] Liu, C., Lu, H., Cao, Z. and Liu, T., 2023. Point-query quadtree for crowd counting,
localization, and more. In Proceedings of the IEEE/CVF international conference on
computer vision (pp. 1676-1685).
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4. 17 HRMR VIT B2 8 B RE_ bR

FEEHR: 24AT AL SE R AL 286 DINOvV2. DIiT &£ L VIiT 2283, #Rifi, VIiT B
A7 1A 1R 725 T 73 PR R b M LA A2 8 20 1% 25 A L PO R 2 TR0 55 0 75 5K o 4K
Model-Agnostic Feature Upsampling FJMES T4 48E, Aol 76 A8 538 Tl SR L 2401
HIEE T, $RFHRAE 23 18] 49 3% 26 LU SRR 0 8 BOR M i 5 SO I . ARG Y
AT TR TERRFE ERFESR T, IFPPAG AR T B AU AR Gl FiReR .

M ‘!!g !4: : !‘ . 1N ‘l'- ! ! ! |

» D000

P
Yo At

(a) Original image (b) Low res (c) Bilinear (d) Resize-conv (e) LIIF [2] (f) LiFT [44] (g) FeatUp [9]  (h) LoftUp (Ours)

FEAY T RAFAE b RAE T VA IR AT AL

R EK:

D ZIJ UMY B TC OCRHE FRAETTIE, AR ST A T 80 2 TRl ARkl 5%
PERE, 5 AT SOk R EME AR .

2) JEHL N AEO A FIHES, AR EARR TR/ R EE (41 LoveDA ##E4E).
EE2E G (o ISIC IR BURH CT/MRD), PASARSE ESRFET A NifIESS
(AR, BOE bR VAR S0 T U RS 4H 37 s R B

3) FETHEIWGER, SXIA RN E T A 5 H IS 0 B A B
REAIE P A A AE M A5 1), R HUIRER MR BE (T NAF) TR &R s, Wi F
FAESH) mloUs Acc. 7% F1. FPS ZE4EARIIE SRR, JF4 Hi 2 &I Tt & An
REAE P RRAL SR LG P

S 3CHR:

[1] Chambon, L., Couairon, P., Zablocki, E., Boulch, A., Thome, N., & Cord, M. (2025). NAF:

Zero-Shot Feature Upsampling via Neighborhood Attention Filtering. arXiv preprint

arXiv:2511.18452.

[2] Wimmer, T., et al. "AnyUp: Universal Feature Upsampling." Proceedings of the

International Conference on Learning Representations. 2026.
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[3] Seo, M., Hamilton, M., & Kim, C. (2025). Upsample Anything: A Simple and Hard to
Beat Baseline for Feature Upsampling. arXiv preprint arXiv:2511.16301.

[4] Liu, X., & Fan, H. (2026). DiveUp: Learning Feature Upsampling from Diverse Vision
Foundation Models. arXiv preprint arXiv:2603.13571.

[5] Wang, J., et al. LoveDA: A Remote Sensing Land-Cover Dataset for Domain Adaptive
Semantic Segmentation. Proceedings of the Neural Information Processing Systems Track on
Datasets and Benchmarks. 2021.
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4. 18 T 3D Gaussian Splatting FIEY=4ER 5 5 =40F|

FELHER: M) =Y 8 5 R AR B B RO SR B S b ) RN 2 . A
FLALSi ) SEM/MVS =45 372, 3D Gaussian Splatting (3DGS) 7 V& G i B AR B &
JJT 5 77 T EE B AR, (BAERE A s AT T e i 2 Pk, 9 et 4K HLd SRS
FEAR HERPE, SR EE . DA TEEARES . XL 3 HR
3DGS fEM P E P I R B, SR GIEAK LA LR SRIA A HERSEIL R, AN
AL W SR Ith i G

KRIBER RGN I S I 3DGS S T7 %, A AN [F] B ashons w7 B i@ Ok
Vo, FEIE SR o IS SR IX — SRR . A RIERI R H AR, SCHEA)
R P B it B g e = R V1) YN 1R R s £ 00 = A Y =R e

BAEIE (F2); 3DGS EREEATT (F); 2REHH A Rs Ch)
BHER:
D (e E R R B (BDER = MEREIESR), XHhs 3DGS foar TR Bt
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THEHAT BT, BUEX, TEEEAST WNHANEO A, FE A RT AR
Vs s P AR BR

2) HT HEEE R 5, K 2D-to-3D 43 F 7533 (RIF A =45y BRI K
oy B SRR B =4 E) b, FREARTE) B A =R BTk S A A gy
F, /ST TS L E], JREE— D e B T S 00

) AR, AR RIE G R R B SRR, Y 5
NG S B 3 R

BAE IR

@ EBIRE NN Z AR GEEE, O AREY . ANRARKBBA RR % T
RIS . ARBE R e BUR IS 5 T ) = 45 5 mT R H B 5 T0L ). 540
SR ASEZ IR

ARG SCRR IR :

[1] https://github.com/MrNeRF/awesome-3D-gaussian-splatting

(98]

[2] https://mrnerf.github.io/awesome-3D-gaussian-splatting

[3] Kundu, Abhijit, et al. "Virtual multi-view fusion for 3d semantic segmentation." European
conference on computer vision. Cham: Springer International Publishing, 2020.
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4.19 ZIREN ST — BT RS RS

HERE: Sl

SR I ENIREHE S 55T R, R RN, AR E. EREII7
PGt B A BN HAME. AT (Gaze Estimation) 5 718 i HE 6 UG HERT A (1)
EADT I, AR MR SR . AMES BRI DR RS, R SEHLIZ IR AR
M SALTT FAL TSI RE . AR Ge LA E SRS R AU RN, Al 2 IR =4k
THERIT ), BAERZ R A A G & BAL FRMZR AL T4 2R (i 1 B, 2 Jéos 7 &
IR LL (EAR) HZ HRAGH I J5 22
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3 E L t'.'E ND blink Left eye &
- 5 dt'l:eclmn E
2 |><|
- —Gaze

: m_m_w_ _____________ estimation _ 0 ot =
+ ! I

5 W
EE L t‘re E'p'ES g v £ E
= cpen =
“% ¢
Landmark ItT II]'E blink — Game
le-.lz Bye

A i i i i il i " sk ._.__...______a.u--————————-

IEH E":E - E = &= ncorrect gaze
. - closed L B
gstimate

Larcdmark “gicnt eve RT-BEME blink
ENCTICTON Hmlm

Eyes closad

with RAT-BENE

1 ME&AIHESTE

E 2 BZEREMESTE

2% NE:

https://github.com/Tobias-Fischer/rt_gene

https://github.com/thorhu/Evyeblink-in-the-wild

https://github.com/swook/GazeML

https://github.com/TadasBaltrusaitis/OpenFace

BEEHR : vk LR ATFEE AT I SRRV, MR B AT R B TR
MPIIGaze $HE4E[2]: A7 213,659 3Kk H 15 LB AR P IVEMIEE, %2 fot
MAMZEAT . T EL:

https://www.mpi-inf.mpg.de/departments/computer-vision-and-machine-learning/research/gaz

e-based-human-computer-interaction/appearance-based-gaze-estimation-in-the-wild
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GazeCapture ZHEEE[4]: BIL AT ML 1,500 NSRBI 2 v 2y B 42 .
AL https:/gazecapture.csail. mit.edu/
[ERBEEY: Al Gk )65 BRI AU T R ThResis, BATr

AR E
PR TEAR:

7 HRAS M : V4R Precision. Recall }2 F1 $8#5.

MR ICHCTF A E 1R ZE (Mean Angular Error, H47: ).

RGN JERSEI AL BERSCR, Ul B — AL A A SRS
S 3R :
[1] K. Cortacero, T. Fischer, Y. Demiris. RT-BENE: A dataset and baselines for real-time blink
estimation in natural environments. IEEE International Conference on Computer Vision
Workshops (ICCVW), 2019.
[2] X. Zhang, Y. Sugano, M. Fritz, A. Bulling. Appearance-based gaze estimation in the wild.
IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2015: 4511-4520.
[3] T. Soukupova, J. Cech. Real-time eye blink detection using facial landmarks. Computer
Vision Winter Workshop (CVWW), 2016.
[4] K. Krafka, A. Khosla, P. Kellnhofer, et al. Eye tracking for everyone. IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 2016: 2176-2184.
[5] D. E. King. DIlib-ml: A machine learning toolkit. Journal of Machine Learning Research,
2009, 10: 1755-1758.
[6] C. Lugaresi, J. Tang, H. Nash, et al. MediaPipe: A framework for building perception
pipelines. arXiv preprint arXiv:1906.08172, 2019.
¥8 3& MM FH,Yang Xiao@hust.edu.cn, wx: hustcowboy

4.20 2T RGB B K =4 B FHMit+

SERE: Yevevevesy

SRR =250 0T 8 AT 5 20 28 T (9 T35 S AT (i, LT RGB
{5 1) 35 SR A N K0 A ROB BRMG: o 1 V203, S 45 5 MR 45 () L v AT U 2R A 3t
AR BETE T
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5T RGB BRI =458 HFHAb it 45 1

221G GitHub - facebookresearch/InterHand2.6M: Official PyTorch implementation of

"InterHand2.6M: A Dataset and Baseline for 3D Interacting Hand Pose Estimation from a

Single RGB Image", ECCV 2020

SR IG %L T PyTorch, HA i F JEAE M 2% %) InterHand2.6M £ 34712k MK DA
J¢ demo JEH 7R I DI HE o

BE AR .

InterHand2.6M 4 46448 B 1 3K

InterHand2.6M dataset | InterHand2.6M (mks0601.github.i0)

TR, ZBIRERSEROR, N ST, 3 T ECUT AR AR T B S IR
0] 1 Readme.txt SCPF, A% SR A BN B dlm A R AT S50

BEF%: https://pan.baidu.com/s/1SSf6v_UISOpaTeNUH 2LiQ

FEHD: 428s

MRAEAEF it i PP R4, Y03k MPIPE HIPERESRAR o

S5 3CHR

[1]Moon G, Yu S I, Wen H, et al. Interhand2. 6m: A dataset and baseline for 3d interacting

hand pose estimation from a single rgb image[C]//European Conference on Computer Vision.
Springer, Cham, 2020: 548-564.

[2]Zimmermann C, Brox T. Learning to estimate 3d hand pose from single rgb
images[C]//Proceedings of the IEEE international conference on computer vision. 2017:
4903-4911.

f8 3 MM B, Yang Xiao@hust.edu.cn, wx: hustcowboy
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4.21 HESZFRZKA4T BN A B2 HR AR )

HERE: ook

SR 2ROy bR RIS P i & DAL R, EDU AR B D MR P bR e Fy e R
PR - IR PR AAL (I RS ). AMESS B AEAEARSZ BRI 5 T SCHLIZ AT . 4
P, AR SN, ANWHE L. L8, LS A ERESR . HBT
Bk, R E B I EREAT VN AN, TEIR P REREAR .

AZ AR 151

ZPR17 = 15

2% NE:

https://github.com/thorhu/Evyeblink-in-the-wild

https://github.com/rezaghoddoosian/Early-Drowsiness-Detection
BIERHIR:
HUST-LEBW #i#54E[1]: https://thorhu.github.io/Eyeblink-in-the-wild/
(1) XEITFEALI R RN S N, T AZ IR /AR RZ IR — 70 /4TS5 . 18
1R Recall, Precision YA & F1 f8Fx.
(20 X AREBTAAIA B2 BRAT I - A AAKII, & AL AR A a6 A0 45 SR B

THILIR APso 485, RIS THE I EE S H R MR p A :

BE+E: https://pan.baidu.com/s/1ggeZkIPPpAK gjp68SGNv2w $HEHUT: tkc2
SR
[1] G. Hu, Y. Xiao, Z. Cao, L. Meng, Z. Fang, J. T. Zhou, and J. Yuan. Towards real-time

eyeblink detection in the wild: Dataset, theory and practices. IEEE Transactions on
Information Forensics and Security, 15:2194-2208, 2020.

[2] Roberto Daza, Daniel DeAlcala, Aythami Morales, Ruben Tolosana, Ruth Cobos, and
Julian Fierrez. Alebk: Feasibility study of attention level estimation via blink detection

applied to e-learning. arXiv preprint arXiv:2112.09165, 2021.
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https://github.com/rezaghoddoosian/Early-Drowsiness-Detection
https://thorhu.github.io/Eyeblink-in-the-wild/
https://pan.baidu.com/s/1ggeZkIPPpAKgjp68SGNv2w

[3] Tereza Soukupov’a and Jan Cech. Real-time eye blink detection using facial landmarks. In
Proc. Computer Vision Winter Workshop (CVWW), pages 1-8, 2016.

[4] R. Ghoddoosian, M. Galib, and V. Athitsos, “A realistic dataset and baseline temporal
model for early drowsiness detection,” in Proc. IEEE Conference on Computer Vision and
Pattern Recognition Workshops (CVPRW), 2019, pp. 0-0
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4.22 BT NRBAEEREHRENR T RIETS

i3 FRAGAGAGAgie

EFHR: AMESRET ARG E R SIS NBRE: ST OUR, 572 m 33 BjLas AN
BRWBR P72 RIGEAF SRR R ORE B S, B A DR R, i s, A
PRIER SR NSRS P 5 Bl 5 0 N 37 AR 55 R AR Is s PO s i B ALHs
NESAEEN B 5 NTFAHAAEFRHN 2RI T B, e RIS TR WizsiidE, 5%
IR RE M T 1 RIG TR MR . AR5 ER T — BT RESE, BERS AT X5 52 50
B85 RIGPEA E e il gk SHERE, SRECASWEZR ., SEOUE S DI REMIAI N R 1
FEEFPA, IR TR S h & WK URh RIGIRAE SR AT 808 . AR5 AT LA
BT ) A 2 A AT SR, /E OAKINK2. GRAB S5t 4k L ik X1
BT O P AT L0, RN R . MR TRIRZE . 8RN B iR SRR
FHWEANRISRTEERE, JFEAT IR E A R AT AL, BARTR AR PPl a LS54 5k
TSI .

BT NRERAE P 9 Bl i) R Y53 IE A i R

45



BARRER: AR e B R EdE4E, 7T OAKINK?2 ##E4E (https:/oakink.net/v2/)+
GRAB ¥ # 4  ( https//grab.is.tuempgde/ > .  H20 % ¥ £
Chttps:/tacinkwon.com/projects/h20/) SEIREHE LR H I BRI HE, %5 & B H 0L,
A DU B BN B B AT 5256 o AT 45 2 B4 L Hp 0 T30 DG B S AR Bz A
i, ATRME I SOA ., Befilfs SRR B .

BEHR:

[1] Zhan X, Yang L, Zhao Y, et al. Oakink2: A dataset of bimanual hands-object manipulation

in complex task completion[C]//Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. 2024: 445-456.

[2] Chen Y, Wang C, Yang Y, et al. Object-centric dexterous manipulation from human motion
data[J]. arXiv preprint arXiv:2411.04005, 2024.

[3] Li K, Li P, Liu T, et al. Maniptrans: Efficient dexterous bimanual manipulation transfer via
residual learning[C]//Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. 2025: 6991-7003.

[4] Zhou B, Yuan H, Fu Y, et al. Learning diverse bimanual dexterous manipulation skills
from human demonstrations[C]//Proceedings of the AAAI Conference on Artificial
Intelligence. 2026, 40(34): 28919-28927.

85 M: ¥4 FH,Yang Xiao@hust.edu.cn, wx: hustcowboy

4.23 FETIXAKF-PEIL B BHEFFFIE R

HMERE: Yooy

FEFHR: AMESRET A SEaeSUR, mmplss A RITTFHFREES, BERIFA
TR RERS A R A SO SR, AR A FLA A I8 Bl AN A Bk I ) T R A S 7 81
W 1 FR, AATS DL ESRTE S AT 5 R T IS S U RS RN, A O N FR 4%
8 AL B ) T E P 51 o AR5 SR T 2 RS R E S0, K oUARIE L5
RIS L, RS, AR5 TIEES ST, RN RIE T- Y1452 11
PRGN, iR PRASE . B TR AR . AATESS AT LR |H . Diffusion.

VAE DL 8] A% 2 fh2R R 73, 78 OAKINK2 $iE e EdkATse86, 75 463/l % (contact
ratio). [E1A&%E X 44 (solid intersection volume). FID. PSKL-J, MPIPE 254545 b ELEAS [A]
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https://oakink.net/v2/
https://grab.is.tue.mpg.de/
https://taeinkwon.com/projects/h2o/

KB LERE, TERETEFRIEL 2% https://github.com/oakink/Oakink2-TaMF .

"Cut the apple with the white cleaver knife."

frame=0 frame=30
A Aepp
frame=60 frame=90

ST SO I TR ARy 51 A pl
BIERHIR:

OAKINK?2 ##54E4% 02 % 558 https:/github.com/oakink/OakInk2#dataset-format.
ARG AME G H R, B N BFESCRIIR . MR R . Yk 6d pose 7
A, BRI AL H T MANO 25751,

HIEFHRIEZIR, AT SR B SR AT 500, B AR R M A B
https://pan.baidu.com/s/11r6e0ejbcD7KperxwUeWHw?pwd=wmae, FEHIE: wmae

S 3R :
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https://github.com/oakink/OakInk2-TaMF
https://github.com/oakink/OakInk2
https://pan.baidu.com/s/11r6e0ejbcD7KperxwUeWHw?pwd=wmae

[1] Zhan, Xinyu, et al. "Oakink2: A dataset of bimanual hands-object manipulation in
complex task completion." Proceedings of the IEEE/CVF Conference on Computer Vision

and Pattern Recognition. 2024. (oakink/OakInk2-TaMF: [CVPR 2024] OakInk2 baseline

model: Task-aware Motion Fulfillment (TaMF) via Diffusion) (Diffusion J572%)

[2] Cha, Junuk, et al. "Text2hoi: Text-guided 3d motion generation for hand-object
interaction." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern

Recognition. 2024. (JunukCha/Text2HOI: Text2HOI: Text-guided 3D Motion Generation for

Hand-Object Interaction) (Diffusion J77%)

[3] Zhang, Jianrong, et al. "Generating human motion from textual descriptions with discrete

representations." Proceedings of the IEEE/CVF conference on computer vision and pattern

recognition. 2023. (Mael-zys/T2M-GPT: (CVPR 2023) Pytorch implementation of

“T2M-GPT: Generating Human Motion from Textual Descriptions with Discrete
Representations” ) (NARSIAE 7 511 A2 40 H 91V 77 1%)
f& 3 M B, Yang Xiao@hust.edu.cn, wx: hustcowboy

4.24 BT IEXREEWS R AHERTT %

HERE: AA Ak

R XEX (HRARZHEN P EIE) A PHRBHEETEL, A
KERETH “RER”. ME “AEC-LF PRSI E. BT
Qwen3.5-0.8B /NS EIF i, 7EZPR BT SCHE TR, DA i 5 5 S0 SO i R
YEFE (CoT) #MIIIER, FnT LAt — D 2| e R MHEIAT S5 S5 N F.

1. BEHESEN

22 (NEEAR) b [E AR A SCA KU, e DG A BT T 10 20 A, SR T
RIpEHR, M@ CJFEBE-3CF -1 CoT 1) Response” = e FAT4dE4E . A Qwen
Tokenizer, ALK L H1E 5 3CE K Token KJE 515 B &L E R

2. Qwen3.5-0.8B i 5l

T Qwen3.5-0.8B, 73 Al P B 95 L #E41T LoRA X HU R o & B/ ) e K AHERE
B, MAE E R OO, BB AR o B S B A UE A R
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https://github.com/oakink/OakInk2-TaMF
https://github.com/oakink/OakInk2-TaMF
https://github.com/JunukCha/Text2HOI
https://github.com/JunukCha/Text2HOI
https://github.com/Mael-zys/T2M-GPT
https://github.com/Mael-zys/T2M-GPT
https://github.com/Mael-zys/T2M-GPT

Verbose Modern Text Reasoning Concise Classical Chinese Reasoning

(Low Density Input) (High Density Input)
B RAGHR : K7 7K1E,
Rewkia, @ y. . K\, BE,
KOSK % _,f" ~_ B R
05X, 06 a g He=
% mumoa | | DL P ERHR, ||
K, Feuk, MW {Taken Limitation Reached F KANE? | » X
B—1iEkR TOKEN LIMIT EXCEEDED
0.2 KMES (el.g.,usnzs) :
RS h
AKH, EEK
BHEHRHTZD 4
BX? (Fit Sfe -
KHEE) : @ g Broken
———— Bt o Reasoning Complete
4 *gﬁ 8@ Chain/ Reasoning Chain /
%’% Logi- * = ~ Accurate CoT
; 2000
\'% > ¢
[ ERONG.GOEX | T & AFHRBEXK
FAILED REASONING OUTPUT SUCCESSFUL REASONING OUTPUT
EPT N

[1] Hu E J, Shen Y, Wallis P, et al. LoRA: Low-rank adaptation of large language
models[C]//International Conference on Learning Representations. 2022.

[2] Wei J, Wang X, Schuurmans D, et al. Chain-of-thought prompting elicits reasoning in
large language models[J]. Advances in neural information processing systems, 2022, 35:
24824-24837.

[3] Yang A, Yang B, Hui B, et al. Qwen2 technical report[J]. arXiv preprint arXiv:2407.10671,
2024.

[4] $PE. UTERVEEM]. FiE R R, 2000

852 M: 5 FH,Yang Xiao@hust.edu.cn, wx: hustcowboy

4.25 IAERZPRAFAFT BB

HERE: ootk

fEF IR 2T RGB B FH, X AAREREAT BT RN . BUA 1A TT BT Dy Hs
£ (1 SDU Fall Dataset[1]) fEAER LS = 260 N AR, 55 I SE AR BT Ui
AAFEBRZE T AR5 BRI M 4 ERS BB =0 B @ 8E R, IRt AR A
NREREIAT N .

BIERHIR:
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RAEF B IET LA ClE, SEHIEMEPrR, AHAZA R RECE. &%
FERE I HE S BRI SRS, IFREAT SR IR R P o

i
OVIDEDIBNESTD) Sy FOOT.

NARELIAT A RGB EE T 5.
S 3R :
[1] Ma, X., Wang, H., Xue, B., Zhou, M., Ji, B., & Li, Y. (2014). Depth-based human fall
detection via shape features and improved extreme learning machine. IEEE journal of
biomedical and health informatics, 18(6), 1915-1922. (Bl 5 £S5 %)
[2] Wang, X., Ellul, J., & Azzopardi, G. (2020). Elderly fall detection systems: A literature
survey. Frontiers in Robotics and Al 7, 71. (BRERG I R S oiiR, 1k H BT 330 7 A ) )
[3] Nogas, J., Khan, S. S., & Mihailidis, A. (2020). Deepfall: Non-invasive fall detection with
deep spatio-temporal convolutional autoencoders. Journal of Healthcare Informatics Research,
4(1), 50-70.
G TR B R w A g vk, ARG HhbE:  https://github.com/JIN123/Fall-Detection)
852 M: 5 FH,Yang Xiao@hust.edu.cn, wx: hustcowboy

4. 26 PLIEFS B b R ERER

RS R : WA RUERER (Tracking Any Point) /& ¥ 45 & MM AT B — MR R 1,
FEJR S A WU R SR THZ R IS R Z AL B L AT R . S ST FAE H brER B A
A, REREAEDSRBERIOERE, HFHIW Hbr ne S P0Es . B S E s EsmxE
R EERZR, BF AR5 vER KR 5 7 B R ER SRR AR S5 M E . BRI
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https://github.com/JJN123/Fall-Detection

2D F RS EREENVEE ATFREUE O MERE, PPN IEARELHE AT (Average Jaccard). i E
FERE RS TOMRE LSS, H S & AR R s TR ZE R, HR A i Th 5 %%
W ZE B HEAT AT RRAL 3 HT

¥AEEE: TAP-Vid (& DAVIS. Kinetics 75, PointOdyssey 5ATF ri FRERFHER I
%

CoTracker: https://github.com/facebookresearch/co-tracker

TAP: https://github.com/google-deepmind/tapnet

H bz mURER s

SR

[1] Karaev N, Rocco I, Graham B, et al. CoTracker: It is Better to Track Together. ECCV,
2024.

[2] Karaev N, Makarov I, Wang J, et al. CoTracker3: Simpler and Better Point Tracking by
Pseudo-Labelling Real Videos. ECCV, 2024.

[3] Doersch C, Yang Y, Veber M, et al. BootsTAP: Bootstrapped Training for
Tracking-Any-Point. arXiv:2402.00847, 2024.

[4] Zholus A, Doersch C, Yang Y, et al. TAPNext: Tracking Any Point (TAP) as Next Token
Prediction. arXiv:2504.05579, 2025.

[5] Aydemir G, Cai X, Xie W, et al. Track-On: Transformer-based Online Point Tracking with
Memory. ICLR, 2025.

8 FZIM: ¥R, yangwd@hust.edu.cn, qql14223185

4,27 =4 RER

&R =4St EmEE AT ENEIZ TS, RIS = /i, Bah
OSSR B T M . IRk, BT AR (NeRF) M 3D &k (3DGS)
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SR SORAE TR RS T ORI R, REYE 2 WR Ay EEUG SEE IR v ORI AR R A S
SYEE G AT ESRFH 2 BRI T =4 s B A E S, KRR
ANFE R ERE T, KH PSNR. SSIM. LPIPS Z48hnitfT e EiFAl, JFxdiE Yest Rt
ATRIRAL AT BB BRI CinFHL R 5O 3T
3 : Mip-NeRF360. Tanks and Temples. [ KRG, 204N EIHGHHES .

e,

P+ P

=HEET R E

S 3R :

[1] Mildenhall B, Srinivasan P P, Tancik M, et al. NeRF: Representing Scenes as Neural
Radiance Fields for View Synthesis. ECCV, 2020.

[2] Kerbl B, Kopanas G, Leimkiihler T, et al. 3D Gaussian Splatting for Real-Time Radiance
Field Rendering. ACM TOG (SIGGRAPH), 2023.

[3] Yu Z, Chen A, Huang B, et al. Mip-Splatting: Alias-Free 3D Gaussian Splatting. CVPR,
2024.

[4] Lu T, Yu M, Xu L, et al. Scaffold-GS: Structured 3D Gaussians for View-Adaptive
Rendering. CVPR, 2024.

[5]FuY, Liu S, Kulkarni A, et al. COLMAP-Free 3D Gaussian Splatting. CVPR, 2024.
fe'5&Mm: IR, yangwd@hust.edu.cn, gql4223185.

4. 28 55 BG5S/ B ARk

SR 0485/ HARE IR T ANLERI K2 205 e I R G R AR Z
—o R JRIBE. BRSNS R RN, RG99 B AR S 5 s Ak
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o BEHLE A TRVE, S ECR WA SR R B R R AN . 2WLANTIIRE T HbrnESis
NI SR SAEE R, REWA X 7> HSERIZa) A S aS/ELNER T 5. 2
i1, SEbsdsd-r 6 B 5 8Esh. HArR 2 RIS EE LUK E 2% e, - SoilE H
PREGIS BRI SCHRA L R e . BTt BE e R BOTFRE S I 25 B SRS E RN 2
Wi 310D 2L5055/0N H b SR e A 55 B

IRDST %44 F#5E4%: https://pan.baidu.com/s/licmYAeRfPdL5n0YcUtuNhg?pwd=kk6h
NUDT-MIRSDT ##5 45 T 8% £z -
https://pan.baidu.com/share/init?surl=pSN350eurMafL.iHBQBnrPA&pwd=5whn

TSIRMT $#E 58 T EEEH
https://drive.google.com/drive/folders/1aWDNdUWkTOuV3fILbgLDEgM2N2erW05n?usp=

sharing
¥3%: IRDST- NUDT-MIRSDT. TSIRMT

eV TIEAR A NER 7 ol

S 3R :

[1] C. Deng et al., "Learning Global Dynamic Query for Large-Motion Infrared Small Target
Detection," in IEEE Transactions on Geoscience and Remote Sensing, vol. 64, pp. 1-16,
2026, Art no. 5002016, doi: 10.1109/TGRS.2026.3657842.

[2] Chen, Shengjia, Luping Ji, Jiewen Zhu, Mao Ye and Xiaoyong Yao. “SSTNet: Sliced
Spatio-Temporal Network With Cross-Slice ConvLSTM for Moving Infrared Dim-Small
Target Detection.” in IEEE Transactions on Geoscience and Remote Sensing 62 (2024):
1-12.

[3] H. Qin, T. Xu, Y. Tang, F. Xu and J. Li, "OSFormer: One-Step Transformer for Infrared
Video Small Object Detection," in IEEE Transactions on Image Processing, vol. 34, pp.
5725-5736, 2025, doi: 10.1109/TIP.2025.3598426.

[4] F. Li, P. Rao, W. Sun, Y. Su and X. Chen, "A New Motion Feature-Enhanced Multiframe
Spatial-Temporal Infrared Target Detection Network," in [EEE Transactions on

Geoscience and Remote Sensing, vol. 63, pp. 1-19, 2025, Art no. 5006819, doi:
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https://pan.baidu.com/share/init?surl=pSN350eurMafLiHBQBnrPA&pwd=5whn

10.1109/TGRS.2025.3603784.

[5] Chen, S., Ji, L., Duan, W., Peng, S., & Ye, M. (2025). Motion Prior Knowledge Learning
with Homogeneous Language Descriptions for Moving Infrared Small Target Detection.
Proceedings of the AAAI Conference on Artificial Intelligence, 39(2), 2186-2194.
https://doi.org/10.1609/aaai.v39i2.32217

TS %M. %%, yangwd@hust.edu.cn, qq14223185

4. 29 T AWLAL &AL T

RSB EACT BT, X0 AL Z Al T2 SEIURS HE R 55 A8 8 IR ER V) 3 2k
o BAEMNE AT B AT IC AN E PRI =488 (3 Mg Al ). FlandEd
R ABLOGHE A (i3 05D, 458 JURTSRRERS: 2 J7 3248 1T 6DoF fr4s. AAE
S BRI TE AN B AL A TH e B AR, AT | VP, AR ATEST
(Rt v 5 SR HEAT PTG 3 A

¥#: MMAUD. 2DroneKey. 3DronePose S5 AT AN LEE RS, HIRIIMNELG .

DroneKey: https://github.com/kkanuseobin/DroneKey

1 AP T

SR

[1] Hwang S-B, Kim Y-J, Choi A J. DroneKey: Drone 3D Pose Estimation in Image
Sequences using Gated Key-representation and Pose-adaptive Learning. arXiv:2508.17746,
2025.

[2] Jung M, Choi A J. Enhanced Real-Time 6D Pose Estimation for Automatic Recovery of
In-Flight UAVs Using Distance-Aware Keypoint Heatmaps. Scientific Reports, 2025.

[3] Wen B, Yang W, Kautz J, et al. FoundationPose: Unified 6D Pose Estimation and Tracking
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https://github.com/kkanuseobin/DroneKey

of Novel Objects. CVPR, 2024.

[4] Xu L, Qu H, Cai Y, et al. 6D-Diff: A Keypoint Diffusion Framework for 6D Object Pose
Estimation. CVPR, 2024.

[5] Peng S, Liu Y, Huang Q, et al. PVNet: Pixel-wise Voting Network for 6DoF Pose
Estimation. CVPR, 2019.

8 SZIM: IR, yangwd@hust.edu.cn, qql4223185.

4. 30 ] WA-LLSMNEES EGRE

EF R NG EIRE T LL AN RGBS, AR & HARE N, FEALH
AU R BB, 2O IR A o R S R B ) I e G e, 8 I s AR s
B R R LLANER, RGNS AN IR R AR . AR ST ZORIE T A B
A, SEPUA] WG RN Z0A B S RS . LART WOG BB AE sk AF s, ZERRS
X B AR R . BRI A D — A AR IR S, IS A FRE
Jiik (A TGANMITIIL, B9 B UESE) BT EE e, YRS R s A 55 1)

AR

Ot S HSRAsh SR
ZLAN B AR A A

BIEE: LLVIPEaG:: B 168360 I EEHE fm] OG-0 AMT NEGoRr. 2tk
https://bupt-ai-cz.github.io/LLVIP/

KAISTZ 6T Nt : B3 ARG 37 5 (K m] OG- 204 Be xR T Bttt -
https://soonminhwang. github.io/rgbt-ped-detection/

M3FDHEEE: W& 2RIz LA n] WOCHC BIE & H ARl i . 8tk
https://github.com/JinyuanLiu-CV/TarDAL
S5 3CHR
[1] Ran L, et al. DiffV2IR: Visible-to-Infrared Diffusion Model via Vision-Language

Understanding. arXiv:2503.19012, 2025.
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https://bupt-ai-cz.github.io/LLVIP/
https://soonminhwang.github.io/rgbt-ped-detection/
https://github.com/JinyuanLiu-CV/TarDAL

[2] HoJ, Jain A, Abbeel P. Denoising diffusion probabilistic models. NeurIPS, 2020.

[3] Rombach R, Blattmann A, Lorenz D, et al. High-resolution image synthesis with latent
diffusion models. CVPR, 2022.

[4] Mao F, et al. PID: Physics-Informed Diffusion Model for Infrared Image Generation.
CVPR, 2024.

[5] Saharia C, Chan W, Saxena S, et al. Palette: Image-to-image diffusion models.
SIGGRAPH, 2022.

85 ZIM: ¥R, yangwd@hust.edu.cn, qql14223185

4. 31 B A BB ILE

&R BHMEREN RIS E kS HEERB D, EARMMABOCH &M T
(A i BE P B BhE 1% B ARSI B . AT 55 BR SEUARFIESR L. UCAC S B brE
AL SE AR I PSS SR o XFEE /D 2 PRI AL IR RFAE VT I 7 i, 0 B FLAE DL TRC L
B N RRREAEE IR
B

HPatches #(#E#E. F#Milik: https:/github.com/hpatches/hpatches-dataset

Satelli_te | Drone | Gmuud
K1 B ARG

SR

[1] Edstedt J, Nordstrom D, Zhang Y, et al. RoMa v2: Harder Better Faster Denser Feature
Matching. arXiv preprint arXiv:2511.15706, 2025.

[2] Edstedt J, Sun Q, Békman G, et al. RoMa: Robust Dense Feature Matching. CVPR, 2024.
[3] Lindenberger P, Sarlin P-E, Pollefeys M. LightGlue: Local Feature Matching at Light
Speed. ICCV, 2023.

[4] Wang Y, He X, Peng S, et al. Efficient LoFTR: Semi-dense local feature matching with
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sparse-like speed[C]//Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition. 2024: 21666-21675.

[5] DeTone D, Malisiewicz T, Rabinovich A. SuperPoint: Self-Supervised Interest Point
Detection and Description. CVPR Workshops, 2018.

[6] Balntas V, Lenc K, Vedaldi A, et al. HPatches: A Benchmark and Evaluation of
Handcrafted and Learned Local Descriptors. CVPR, 2017.

852N ¥R, yangwd@hust.edu.cn, gql4223185

4. 32 ETUREARE F)E R E B B Anail 5 25

RS IR ERIEE H AR 5 7 B R R R AL DTS5 . MG TTET EoRE AR
TERHE N ZR T A 2%, BRAS =1 & o AT 55 ZEROF P AL B B Rt AL Sl TR A /DA AR
R B ARR I 52051, BAREOR: (1) DUOCARIR R SEI SRR B AR (L. fin
A ) RS E]s (20 WHARERTT A ER. St AEin)
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pose estimation[C]//Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. 2024: 27906-27916.

Li Y, Mao Y, Bala R, et al. Mrc-net: 6-dof pose estimation with multiscale residual
correlation[C]//Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. 2024: 10476-10486.

Nguyen V N, Groueix T, Salzmann M, et al. Gigapose: Fast and robust novel object pose
estimation via one correspondence[C]//Proceedings of the IEEE/CVF Conference on

Computer Vision and Pattern Recognition. 2024: 9903-9913.

¥ SZIN: 45K, zImhust@163.com, qgq: 156685941
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4.39 NrR1ER7

FESHR: I FHIRE S 17 30 NG UG P R R AR AT @ 5 7 b, SN R 15
(R E SR, TF H R R AR S .

ByEi: RAF-DB & E AR RS R EIESE, 052 30,000 5K M E MK
R HA T 5 R RN A OGIR L ER X AR R % 7245 AR 1% . RAF-DB
BEWADTE: BARE TR (WE 7RG W, R K& mX%. 5.
W), BEERETE (BE 12 RKEEE%). Bl

-

Il =

i \ )\ &
Fearfully disgusted Happily Disgusted Sadly disgusted Angrily disgusted Fearful uv ngry
B(0.20%) 266 (6.71%)

738 (18.63%) L Ba1(21.23%) AN %) J

FESERRWE e, EE AR T8 LT EREXT L. BRI TR T 12,271
FKINZREEAAN 3,068 5KMGAFEAS . BRFAHFIRESN, BEKEBRICIRBE: 5 MRG0 AL
B 37 AN ESKI O AL E . AR FRE . MR ARV AT B AR . TR
ok, RAGA A AR S BT BRI SRR AL .

RAF-DB $#E5E T #Hatk: http://www.whdeng.cn/RAF/modell.html CE /5 k)

https://aistudio.baidu.com/datasetdetail/48204 (JFE J7 k)

Fi8h, A AffNet FARSE AT 1EARAUESAN TR I LR -

AffNet BHEE AN 24 5 T bk : https:/blog.csdn.net/SneakateRter/article/details/154121745

RAER: ARSI NVIDIA GPU. EICEICAR A AN GPU HEAEH, 22X

& Anaconda %% Pytorch FILEIIEMIIAR, AN B SLI0 25 1F 1 [F] 1 ETRIE B .

S 3CHR -

[1] Mao J, Xu R, Yin X, et al. Poster++: A simpler and stronger facial expression recognition
network[J]. Pattern Recognition, 2025, 157: 110951.

[2] Wang C, Chen L, Wang L, et al. QCS: Feature refining from quadruplet cross similarity
for facial expression recognition[C]//Proceedings of the AAAI conference on artificial

intelligence. 2025, 39(7): 7563-7572.
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[3] Zhao Z, Cao Y, Gong S, et al. Enhancing zero-shot facial expression recognition by llm
knowledge transfer[C]//2025 IEEE/CVF Winter Conference on Applications of Computer
Vision (WACV). IEEE, 2025: 815-824.

[4] So J, Han Y. Facial Landmark-Driven Keypoint Feature Extraction for Robust Facial
Expression Recognition[J]. Sensors, 2025, 25(12): 3762.
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4. 40 3D g =Y ER FEA I

FESSHER : IR 5 2] LSS 3D m 2 HR SR Al S
JGRRBERTINTE 7 o I8 I e 2 v AR = 4R ARSI 2%, 4R THE
WG B S SRR
BARVLBH: Anomaly-ShapeNet &% 4 3D Az 5 8 AR AT 55 F4 1) 4 BRI vEE B 42
#£T ShapeNetCoreV2 M, B £ 5 KuE ZrERFE A . KBRS A=
Je%f ShapeNet [ 45 IE BB HEAT WX RS 48 7 AR AL PR 4 4548, PRl Tk v vk 3
Blender RfEZ SRS TAVBRIE A T A, HJ515B) CloudCompare KR iz 4
R EGR RPN SRR

ZHAR RGBS 160 MEA, RETEHE N 17422-157824, HAFEAF 2 8
55429.26, R E 4 MIEFREA ML S 1312 MEAR, S8 Y 17640-152842,
BREACSE- 8 BCA 57035.88, BESNL S 28-40 ANE o IEH 5 78 1L
BIEEHIE: https://github.com/Chopper-233/AnomalyShapeNet
e AP NP

BEAT BRI/ X R S
A 5N IR A E /R
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Bending Broken Bulge Concavity Hole Scratch

Original
Mesh

Defected
Mesh

Point
Cloud

Ground
Truth

AR : AR AP NVIDIA GPU. @ idA s & UL GPU MR A, @il
A Anaconda %2 Pytorch M EIEEHITAE, AT 2 S50 2844 I [F] S 15 1 THIE 2 .
SR

[11 Li W, Xu X, Gu Y, et al. Towards scalable 3d anomaly detection and localization:
A benchmark via 3d anomaly synthesis and a self-supervised learning network[C]//Pro
ceedings of the IEEE/CVF conference on computer vision and pattern recognition. 202
4: 22207-22216.

[2] Zha Y, Yuerong X, Fan C, et al. Casl: Curvature-augmented self-supervised learnin
g for 3d anomaly detection[C]//Proceedings of the AAAI Conference on Artificial Intel
ligence. 2026, 40(15): 12340-12348.

[3] Cheng Y, Cao Y, Wang D, et al. Boosting global-local feature matching via anoma
ly synthesis for multi-class point cloud anomaly detection[J]. IEEE Transactions on Au
tomation Science and Engineering, 2025.

[4] Ye J, Zhao W, Yang X, et al. Po3ad: Predicting point offsets toward better 3d poi
nt cloud anomaly detection[C]//Proceedings of the Computer Vision and Pattern Recog
nition Conference. 2025: 1353-1362.

[5] Zhou Z, Wang L, Fang N, et al. R3d-ad: Reconstruction via diffusion for 3d ano
maly detection[C]//European conference on computer vision. Cham: Springer Nature S

witzerland, 2024: 91-107.
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4. 41 BAHRLA TR B A 5 R 5]

SR 5k TN ZN A TN, Gl B E00. ERNSH
gl )R8 B AR ER a1 COCO Ha e iy H ke AT 1 A Bt fe, (EAIT AN
MG R B B AR PR B A B, 31X 3 BTN RO AR e )RR . AN PR TR S5
F 205 KB T IEANNEARLA T B EDR BEAT ARSI, BE8 X0 AN IS H AR IF
25 th H bR B HERAAL &

BV HdREN VisDrone2019 Hifmde, oAb BB #1308 2000%1500, L7 6471
SRUNZRIEIR, 548 SKIGUEEIEAT 1610 5K EME, HARA . SR +£
ANTFESEAY A AR N 240, 4T NAEEE

VisDrone #{ #& %€ : GitHub - VisDrone/VisDrone-Dataset: The dataset for drone based
detection and tracking is released, including both image/video, and annotations.

VisDrone #{ # &£ ( COCO #% ) :  GitHub - PuAnysh/UFPMP-Det: The official
implementation of UFPMP-Det

YOLOvVS Jii#: https://zhuanlan.zhihu.com/p/668516241

YOLOVS |k VisDrone ${#4E: https://dhexx.cn/news/show5056287.html?action=onClick

YOLOV8 12 MM 25 45H):  https://blog.csdn.net/wahaha987656789/article/details/134141589
EREFH: MRS A 483, BR T VisDrone2019-DET-test-challenge.zip
HMER R A ARAS . oAt bRAEAS B AR R A 1 T 37 (.

AR, BN WA RS, HRF R A SRaEe e, 5 W 5 IR
JRJ o

PEHIFRME: {4 mAP (mean Average Precision) 1ENVEHAIbRAE.

TR R R 40 B B -
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-person 0.818

Jtuck 088 /.
peruon 0. 83; Yy B

iRl EEE A=
REANER: AR A 2] NVIDIA GPU (RAFA/NT 4G). #IEILAE & B GPU
PEREREHH, @i Anaconda 7% Pytorch AIHCE IR RS, ANl A2 SLI& 25 1E A 1A 27
THIEIHIE S
S5 3CHR
[1]1 YOLOVS code : https://github.com/ultralytics/ultralytics
[2] Zhao L L, Zhu M L. MS-YOLOV7: YOLOv7 Based on Multi-Scale for Object Detection
on UAV Aerial Photography[J]. Drones, 2023, 7(3): 188.
[3] Du D, Zhu P, Wen L, et al. VisDrone-DET2019: The vision meets drone object detection
in image challenge results[C]//Proceedings of the IEEE/CVF international conference on
computer vision workshops. 2019: 0-0.
[4] Huang Y, Chen J, Huang D. UFPMP-Det:Toward Accurate and Efficient Object Detection
on Drone Imagery [J]. Proceedings of the AAAI Conference on Artificial Intelligence, 2022,
36(1): 1026-1033.
[5] Wang G, Chen Y, An P, et al. UAV-YOLOVS: a small-object-detection model based on
improved YOLOVS for UAV aerial photography scenarios[J]. Sensors, 2023, 23(16): 7190.
Te'FZ M A8HEME, zImhust@163.com, qq: 156685941
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4. 42 ETHREFIN G ER

RS R W B G RIVRIE S IS, S AR R S 28k S A, I
PEME i ol G VAR mR IR BRI AR SR 75 I PR REEAT LU A HT .

BAR VL : BirdCLEF 2023 AFFEHEEE, NZREHE H xenocanto. org Wk iy FH P AR
P B ERA 5 80 (8 AT o IX S SO O T oRAE S 32 k2%, JEEHN ogg #%
o train_metadata. csv SCAFAAYIZREER AL 772 oo, SEEMAXHTBRE
ffi: 1) primary label: S2RYIRHEIAARS . W LUGE A 70 2

https://ebird. org/species/ KEFAKGFAMIIITEINE L, BIURT T30 57
(American Crow), %M https://ebird. org/species/amecro. 2) latitude &
longitude: Skl E ML BEALR . AL GRYFIRTREA LG “F5 57, il
T Re Ay BEAE I R85 o TR B L1 2 R

3) author: IRALEHICFEAIA. 4) filename: S FHA LA IR,

A B € D E B G H | J K L M N

1 primary_la secondary type latitude  longitude scientific_ncommon_rauthor license rating url filename

2 abethrl ] ['song'] 43906 38.2788 Turdus tegAfrican BaiRolf A. de Creative Ci 4 https://ww abethr1/XC128013.0gg
3 abethrl [] ['call] -2.9524  38.2921 Turdus teg African BaitJames BracCreative Ci 3.5 https://ww abethr1/XC363501.0gg
4 abethrl [] ['song'] -2.9524  38.2921 Turdus teg African BaiJames BracCreative Ci 3.5 https://ww abethr1/XC363502.0gg
5 abethrl ] ['song'] -2.9524  38.2921 Turdus teg African BaiJames BracCreative Ci 5 https://ww abethr1/XC363503.09g
6 abethrl ] [call', 'son¢  -2.9524  38.2921 Turdus tep African BaiJames BracCreative Ci 4.5 https://ww abethr1/XC363504.0gg
7 abethrl [rbsrobl] ['song'] -2.9524  38.2921 Turdus teg African BaiJames BracCreative Ci 3.5 https://ww abethr1/XC379322.0gg
8 labethrl ] ['call', 'son¢  -2.9965  37.6244 Turdus teg African Batisaac kilust Creative Ci 3 https://ww abethr1/XC432639.0gg
9 abethrl ] ['song'] -4.0904  37.8807 Turdus teg African BaiPeter Erics:Creative Ci 5 https://ww abethrl/XC467121.09g
10 abethrl ] ['song’] -4.0904  37.8807 Turdus teg African BaiPeter Erics:Creative Ci 5 https://ww abethrl/XC467122.0gg

T#4EH:: BirdCLEF 2023 | Kagele 5% BirdCLEF 2023 $#E4E- K ¥ Al Studio &[4k [X
S k-

[1] Daidai Liu,Hanguang Xiao,Kai Chen. Research progress in bird sounds recognition based

on acoustic monitoring technology: A systematic review, Applied Acoustics, 2025(228):
110285.

[2] René Heinrich, Lukas Rauch, Bernhard Sick, et al. AudioProtoPNet: An interpretable deep
learning model for bird sound classification. Ecological Informatics,2025(87),10381.

[3] Xie JJ, Zhong YJ, Zhang JG, et al. A review of automatic recognition technology for bird
vocalizations in the deep learning era. Ecological Informatics, 2023(73), 101927.

[4] Carvalho S, Gomes EF. Automatic classification of bird sounds: Using MFCC and Mel
spectrogram features with deep learning. Vietnam Journal of Computer Science, 2023(10),
39-54.

[5] Tang Q, Xu LM, Zheng BC, et al. Transound: Hyper-head attention transformer for birds

sound recognition. Ecological Informatics, 2023(75), 102001.
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https://www.kaggle.com/competitions/birdclef-2023/data
https://aistudio.baidu.com/datasetdetail/208641
https://www.sciencedirect.com/science/article/pii/S0003682X24004365
https://www.sciencedirect.com/science/article/pii/S0003682X24004365
https://www.sciencedirect.com/science/journal/0003682X
https://www.sciencedirect.com/science/article/pii/S1574954125000901
https://www.sciencedirect.com/science/article/pii/S1574954125000901
https://www.sciencedirect.com/science/journal/15749541

[6] Zabidi MM, Wong KL, Sheikh UU, et al. Bird sound detection with binarized neural
networks. Journal of Electrical Technology, 2022(21), 48-53.

[7] Zhang CY, Chen YH, Hao ZZ, et al. An efficient time-domain end-to-end single-channel
bird sound separation network. Animals, 2022(12), 3117.

[8] Zhang FY, Zhang LY, Chen HX, et al. Bird species identification using spectrogram based
on multi-channel fusion of DCNNSs. Entropy, 2021(23), 1507-1518.
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4. 43 WP FH NIEARIE R A

FEF R A —Fh 77 ik SEIO A 7 21 o I NI 1 AT R0, IR45 HFON 1t Re 4
B, 5 HA STHR 7 VR 1t REREAT E A

BAEVLH: MMEW %3542, micro-and-macro expression warehouse2021 &4, 1E L5
FEIEN, EE T B E BRE, RI A B R R, 28 dE S S
RAGMAEA 300, ZRGEMIFEAR 900,521 36, “FHJFER 22.35, WA, FEAPR
S 7 PSR E | Happiness (36), Anger (8), Surprise (89), Disgust (72), Fear (16),
Sadness (13) and Others (66), A/ HEHR AN 19201080, AWML (fps) 200, FEAHH A
f R~ 400%400, T #HEH: GitHub - benxianyeteam/MMEW-Dataset: Micro-and-Macro

Expression Warehouse (MMEW) Dataset

Fear Sadness Others

MMEW %3 27~ 1

S 3R :
[1] M. Verma, S. K. Vipparthi and G. Singh, "Deep Insights of Learning-Based Micro

Expression Recognition: A Perspective on Promises, Challenges, and Research Needs,"
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in I[EEE Transactions on Cognitive and Developmental Systems, vol. 15, no. 3, pp. 1051-1069,
Sept. 2023, doi: 10.1109/TCDS.2022.3226348.

[2] X. Ben et al. Video-Based Facial Micro-Expression Analysis: A Survey of Datasets,
Features and Algorithms[J]. IEEE Transactions on Pattern Analysis and Machine Intelligence,
44(9), 2022: 5826-5846, doi: 10.1109/TPAMI.2021.3067464

[3] Z. Shang, J. Liu and X. Li. Micro-Expression Recognition Based on Spatio—Temporal
Capsule Network. IEEE Access, 11, 2023: 13704-13713, doi:
10.1109/ACCESS.2023.3242871.

[4] X. Cai, H. Tang and L. Chai. Micro Expression Recognition based on Graph
Convolutional Networks with LSTM[C]. 2023 35th Chinese Control and Decision
Conference (CCDCQC), Yichang, China, 2023: 5449-5453, doi:
10.1109/CCDC58219.2023.10327083.

[5] N. Kim, S. Cho, C. H. Ahn, et al. Facial Micro-Expression Recognition in Video using
Squeezed Landmark Feature Maps[C]. 2021 International Conference on Information and
Communication Technology Convergence (ICTC), Jeju Island, Korea, Republic of, 2021:
1107-1110, doi: 10.1109/ICTC52510.2021.9620973.

[6] S. Indolia, S. Nigam, R. Singh, et al. Micro Expression Recognition Using Convolution
Patch in Vision Transformer[J]. IEEE Access, 11,2023: 100495-100507.

[7] P. Gupta. MERASTC: Micro-Expression Recognition Using Effective Feature Encodings
and 2D Convolutional Neural Network[J]. I[EEE Transactions on Affective Computing, 14(2)
2023: 1431-1441, doi: 10.1109/TAFFC.2021.3061967.

[8] Y. Li, X. Huang and G. Zhao. Joint Local and Global Information Learning With Single
Apex Frame Detection for Micro-Expression Recognition[J]. IEEE Transactions on Image
Processing, 30, 2021: 249-263, doi: 10.1109/T1P.2020.3035042.
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4. 44 B3 7 LR

FEF R e —Fp 52 e b R ) S Rar i, -5 A SCHR 5 s R P R kAT LU 4
o
BAEVEH: RoLID-11K Ha 52 i TAT il s U OB Bk i b S At 4, B4
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SAEM . WX EE. WEEETEM AR, SEMNREAEREMST (EWH. £,
RAFARIHED) Wik 1.1 b EE, 2IEE KRN AR fRHiE
T#BE3E:  https://github.com/xq141839/RoLID-11K

Image CO-DETR DiffusionDet DINO DEIMv2 Ground Truth

Cataatata
RoLID-11K ##EEEH M LE R~

Training Validation Test

Small (83.7%) Small {81.0%) Small (86.8%)

-— Large (0.3%) . Large (1.2%) - , Large (0.1%)

L ~ Medium (13.1%)
"~ Medium (17.8%) v
-

 Medium (16.0%)

RoLID-11K ##EE BFRR T 4iit
S 3CHR:

[1] Tao Wu, Qing Xu, Xiangjian He, et al. RoLID-11K: A Dashcam Dataset for Small-Object
Roadside Litter Detection. arXiv:2601.00398v1 [cs.CV] 1 Jan 2026.

[2] Juan Carlos Arbelaez-Estrada, Paola Vallejo, Jose Aguilar, et al. A systematic literature
review of waste identification in automatic separation systems[J]. Recycling, 8(6), 2023.

[3] Tianheng Cheng, Lin Song, Yixiao Ge, et al. Yolo-world: Real-time open-vocabulary
object detection[C]. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, 2024, 16901-16911.

[4] S. Chen, P. Sun, Y. Song and P. Luo. DiffusionDet: Diffusion Model for Object
77
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Detection[C]. 2023 IEEE/CVF International Conference on Computer Vision (ICCV), Paris,
France, 2023: 19773-19786.

[5] Shihua Huang, Yongjie Hou, Longfei Liu, Xuanlong Yu, and Xi Shen. Real-time object
detection meets dinov3. arXiv preprint arXiv:2509.20787, 2025.

[6] Zhuofan Zong, Guanglu Song, and Yu Liu. Detrs with collaborative hybrid assignments
training[C]. In Proceedings of the IEEE/CVF international conference on computer vision,
2023: 6748—6758.

[7] Shenlin Liu, Ruihan Chen, Minhua Ye, et al. EcoDetect-YOLO: A Lightweight,
High-Generalization Methodology for Real-Time Detection of DomesticWaste Exposure in
Intricate Environmental Landscapes[J]. Sensors 2024, 24, 4666.

[8] Jing Su, Ruihan Chen, Mingzhi Li, et al. EcoDetect-YOLOv2: A High-Performance
Model for Multi-ScaleWaste Detection in Complex Surveillance Environments[J]. Sensors
2025, 25, 3451.
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4. 45 ZTEBRXEEIF I

&R EF—MONESEIEER T 'R, RS, 4 HE
B E IR VA

PRV Food2K & — AN RB A i il B4, L8 2000 N HE T 100 /55K K]
% . BB T #HBEHE http://123.57.42.89/FoodProject.html
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Vegetables

Desserl
TN "‘ W a.‘
Bean products

Poip e C
' aﬂﬂ&m%

|
Barbucue Fried food

FOOD2K ##E4E 11

SR

[1] F. S. Konstantakopoulos, E. I. Georga, D. 1. Fotiadis. A Review of Image-Based Food
Recognition and Volume Estimation Artificial Intelligence Systems. IEEE Reviews in
Biomedical Engineering, 17,2024: 136-152, doi: 10.1109/RBME.2023.3283149.

[2] Weiqing Min, Zhiling Wang, Yuxin Liu, et al. Large Scale Visual Food Recognition. IEEE
Transactions on Pattern Analysis and Machine Intelligence (TPAMI), 45(8), 2023: 9932-9949,
DOI:10.1109/TPAMI.2023.3237871.

[3] Sergio Romero-Tapiador, Ruben Tolosana, Aythami Morales, et al. Leveraging Automatic
Personalised Nutrition: Food Image Recognition Benchmark and Dataset based on Nutrition
Taxonomy. 14, 2022.

[4] Chi-Sheng Chen, Guan-Ying Chen, Dong Zhou, et al. Res-VMamba: Fine-Grained Food
Category Visual Classification Using Selective State Space Models with Deep Residual
Learning. 24, 2024-

[5] H. He, F. Kong, J. Tan. DietCam: Multiview Food Recognition Using a Multikernel
SVM[J]. IEEE Journal of Biomedical and Health Informatics, 20(3), 2016: 848-855, doi:
10.1109/JBHI.2015.2419251.

[6] B. Magid et al. CalorieMe: An Image-based Calorie Estimator System[C]. 2023 Eleventh
International Conference on Intelligent Computing and Information Systems (ICICIS), Cairo,

Egypt, 2023: 555-560, doi: 10.1109/ICICIS58388.2023.10391113.
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[7] E. D. Cherpanath, P. R. Fathima Nasreen, K. Pradeep, et al. Food Image Recognition and
Calorie Prediction Using Faster R-CNN and Mask R-CNN[C]. 2023 9th International
Conference on Smart Computing and Communications (ICSCC), Kochi, Kerala, India, 2023:
83-89, doi: 10.1109/ICSCC59169.2023.10335053.

[8] K. Moumane, 1. El Asri, T. Cheniguer, et al. Food Recognition and Nutrition Estimation
using MobileNetV2 CNN architecture and Transfer Learning[C]. 2023 [4th International
Conference on Intelligent Systems: Theories and Applications (SITA), Casablanca, Morocco,
2023: 1-7, doi: 10.1109/SITA60746.2023.10373725.
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4. 46 B E K H RN

FERHER: RO IS BRI, E LA BT R B BT, SIS
SR, 5 HoAh SCRR 77 VE M B EAT HLB A0 HT

¥AEULE: SVRDD Hidi4E, T A B Hh B SR 8000 5K A UG EMR,, ML R 1 o
PRVET 20804 NI SEG], X LS A FEAL BT AR, VUL e, SARAE G A
ATERIX, ¥ KB T A G 4% . B Zess. WUIRSE. YU, s,
MEFABANN GG . SR T 385 HE: https:/zenodo.org/records/10100129

Pothole
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SVRDD ¥4 &= o A~ [5] 2 T 451453 3 Al 7 51

5000
4000
% 3000
=
E
=
< 2000
1000 " I I
0o i o T s ot Wl 0N
Dongcheng  Xicheng Haidian Chaoyang Fengtai Total
W Longitudinal Crack 731 775 1160 1147 852 4665
B Transverse Crack 415 311 1153 677 848 3404
® Alligator Crack 95 64 378 428 763 1728
Pothole 20 5 173 55 665 918
® Manhole Cover 654 496 896 578 715 3339
® Longitudinal Patch 557 505 1447 734 885 4128
W Transverse Patch 407 237 706 364 908 2622
Total #instances 2879 2353 5913 3983 5636 20804
Total #Himages 1000 1000 2000 2000 2000 8000

SVRDD ¥iiESE B E AL R E
2% 3CWR:

[1] D Arya, H Maeda, SK Ghosh. From global challenges to local solutions: A review of
cross-country collaborations and winning strategies in road damage detection.Advanced
Engineering Informatics[J],60,2024,102388.

[2] Zhao, M., Su, Y., Wang, J. et al. MED-YOLOVSs: a new real-time road crack, pothole, and
patch detection model[J]. J Real-Time Image Proc 21, 2024, 26.

[3] Zeng, J., Zhong, H. YOLOV8-PD: an improved road damage detection algorithm based on
YOLOv8n model[J]. Sci Rep 14, 2024, 12052.

[4] Xueqiu Wang, Huanbing Gao, Zemeng Jia, Zijian Li. BL-YOLOVS: An Improved Road
Defect Detection Model Based on YOLOVS([J]. Sensors 2023, 23(20), 8361.

[5] Miao Ren, Xiangfeng Zhng, Xiao Chen, Bo Zhou, Ziyuan Feng. Yolov5s-M: A deep
learning network model for road pavement damage detection from urban street-view
imagery[J]. International Journal of Applied Earth Observation and Geoinformation,
120, 2023, 103335.

[6] Ren, M., Zhang, X., Zhi, X. et al. An annotated street view image dataset for automated
road damage detection[J]. Sci Data,11, 2024,407.
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balloons_ms.zip beads_ms.zip

clay_ms.zip

cloth_ms.zip

egyptian_statue_ms.zip feathers_ms.zip flowers_ms.zip

The database consists of 32 scenes, divided into 5 sections. Each scene has an associated
zip file. These zip files include full spectral resolution reflectance data from 400nm to 700nm
at 10nm steps (31 bands total). Each band is stored as a 16-bit grayscale PNG image. Image

filenames are of the format 'object ms_01.png', where the '01' at the end signifies that this is

102


https://www.cs.columbia.edu/CAVE/databases/multispectral/

the first image (captured at 400nm). Thus, '02' corresponds to 410nm, and so on, until '31' for
700nm. Each scene also contains a single representative color image, displayed using sRGB
values rendered under a neutral daylight illuminant (D65).

Harford Z{4E ££ https://vision.seas.harvard.edu/hyperspec/d2x5g3/

50 Indoor & outdoor images under daylight: CZ hsdb.tgz (5.3GB)

27 Indoor images under artificial & mixed illumination: CZ hsdbi.tgz (2.2GB)

S5 3CHR
[1] Lizhi Wang, Zhiwei Xiong, et al. High-Speed Hyperspectral Video Acquisition By
Combining Nyquist and Compressive Sampling [J]. IEEE transactions on pattern analysis and
machine intelligence, 2019.
[2] Yang Liu, Xin Yuan, et al. Rank Minimization for Snapshot Compressive Imaging [J].
IEEE Transactions on Pattern Analysis and Machine Intelligence, 2021.
[3] Ming Cheng, Zhan Ma, et al. A Dual Camera System for High Spatiotemporal Resolution
Video Acquisition [J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2021.
[4] Yibo Xu, Liyang Lu, et al. A Compressive Hyperspectral Video Imaging System using a
Single-pixel Detector [J]. Nature Communications, 2024.
[5]Q1 Xie, Minghao Zhou, et al. MHF-Net: An interpretable deep network for multispectral
and hyperspectral image fusion [J]. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2022.
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¥AEHIAR: RealBlur Dataset:  http://cg.postech.ac.kr/research/realblur/

This work present a large-scale dataset of real-world blurred images and ground truth
sharp images for learning and benchmarking single image deblurring methods. To collect the
dataset, the authors build an image acquisition system to simultaneously capture
geometrically aligned pairs of blurred and sharp images, and develop a post-processing

method to produce high-quality ground truth images.

Blurred image Network trained with I Network trainedwith I Ground truth
GoProdataset | RealBhurdataset 1

RealBlur: 1) training set : 3,758 image pairs of 182 different scenes. 2) test set : 980 image

pairs of 50 different scenes.
S5 3CHR

[1] Qi Shan, Jia Jiaya, Aseem Agarwala. High-quality Motion Deblurring From A Single
Image. ACM Transactions on Graphics, 2008, 27(3): 557-566.

[2] Cao Shuning, Fang Houzhang, Chen Linqun, et al. Robust blind deblurring under stripe
noise for remote sensing images. IEEE Trans. on Geoscience and Remote Sensing, 2022,
60: 1-17.

[3] Liang Chen , Faming Fang, et al. Outlier Identifying and Discarding in Blind Image
Deblurring. European Conference on Computer Vision, 2020, 2478-2486.
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IEEE Conference on Computer Vision and Pattern Recognition. 2024: 24902-24912.

[3] Y. Wei, Y. Zhang, K. Li, et al. Leveraging vision-language prompts for real-world image
restoration and enhancement. Computer Vision and Image Understanding, 2024: 104222.

[4] X. Xu, S. Kong, T. Hu, et al. Boosting Image Restoration via Priors from Pre-trained
Models. IEEE Conference on Computer Vision and Pattern Recognition. 2024: 2900-2909.
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¥AEHIAR: BS-ERGB ##l54E https://uzh-rpg.github.io/timelens-pp/

The authors built an experimental setup with a global shutter RGB Flir 4096x2196
camera and a Prophesee Gen4M 1280x720 event camera arranged with the beam splitter. The
dataset consists of 123 diverse and challenging scenes with varying depth. And the dataset is

divided into 78 training scenes, 19 validation scenes, and 26 test scenes.

ERF-X170FPS #(#54E https://github.com/intelpro/CBMNet

The authors build the large-scale dataset named ERF-X170FPS (High Resolution Events
and RGB Frames with eXtreme Motions at 170FPS) with the beam-splitter-based camera rigs
comprising of the Prophesee Gen4 event cameras (1280%720) and Blackfly-S global shutter

cameras (1440x1080, maximum 226fps). These two cameras are hardware-level synchronized
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using a micro-controller (the external trigger). This dataset contains a total of 36 sequences
containing 990 frames per sequence.
S5 3CHR

[1] Tulyakov S, Gehrig D, Georgoulis S, et al. Time lens: Event-based video frame
interpolation[C]//Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 2021: 16155-16164.

[2] Tulyakov S, Bochicchio A, Gehrig D, et al. Time lens++: Event-based frame
interpolation with parametric non-linear flow and multi-scale fusion[C]//Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022: 17755-17764.

[3] Kim, Taewoo, et al. Event-based video frame interpolation with cross-modal
asymmetric bidirectional motion fields. Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. 2023.

[4] Han J, Zhou C, Duan P, et al. Neuromorphic camera guided high dynamic range
imaging[C]. Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 2020: 1730-1739.

[5] Wenming Weng, Yueyi Zhang, Zhiwei Xiong. Event-based Blurry Frame
Interpolation under Blind Exposure. CVPR, 2023.
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To fully demonstrate the performances of the different models in neutralizing the impact
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of turbulence, we constructed a dataset composed of 5,201 real-world video sequences with
78,015 frames containing thermally driven turbulence. The real-world data were composed of
two parts. The first contained 4,303 video sequences shot in Australia and 898 clips
containing turbulence sampled from a series of documentaries. In Brisbane, Australia, we
used a Nikon D750 camera to capture images in street view when the local temperature was
~93 °F to 99 °F. Among the collected data, 4,303 video sequences involving typical scenes
(including buildings, vehicles and pedestrians) were sampled and constitute the second part of
the dataset. These were mainly recorded in Queen Street (153 2'E,—27° 28'N), Victoria
Bridge and Pinelands Road (152 45'E,—27° 35'N). The related camera parameter settings
were from auto mode, with shutter speed of 1/250-1/200, aperture size of 1/11-1/9 and ISO
of 100-300. The resolution of the original video was 1,920 x 1,080, and the sequences used in
the dataset were cropped to an appropriate size. Real-world turbulence, which is influenced by
various complicated factors as well as moving objects at different distances, could further

validate the efficacy of the proposed and comparison models.

TMT #HE4E https://github.com/xg416/TMT?tab=readme-ov-file

ATSyn #(#E4E https:/xg416.github.io/DATUM/
S 3CHR:

[1] Jin D, Chen Y, Lu Y, et al. Neutralizing the impact of atmospheric turbulence on

complex scene imaging via deep learning[J]. Nature Machine Intelligence, 2021, 3(10):
876-884.
[2] Zhang X, Mao Z, Chimitt N, et al. Imaging through the atmosphere using turbulence

mitigation transformer[J]. IEEE Transactions on Computational Imaging, 2024.
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[3] Zhang X, Chimitt N, Chi Y, et al. Spatio-Temporal Turbulence Mitigation: A
Translational Perspective. Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 2024.
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¥AEHiiR: RGB-NIRScene $#i4E

https://www.epfl.ch/labs/ivrl/research/downloads/rgb-nir-scene-dataset/

This dataset consists of 477 images in 9 categories captured in RGB and Near-infrared (NIR).
The images were captured using separate exposures from modified SLR cameras, using
visible and NIR filters. For more info on NIR photography, see the references below. The
scene categories are: country, field, forest, indoor, mountain, oldbuilding, street, urban, water.
RANUS {54
https://drive.google.com/file/d/1WJ7rcCeMBPy9Qb2c_pwl0rUIlFqotkzT/view

Database contains 40k spatially-aligned RGB-NIR scenes captured from a vehicle driven
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across various urban, rural and campus roads consisting of buildings and natural landscapes.

S 3CHR -
[1] Schaul L, Fredembach C, Siisstrunk S. Color image dehazing using the near-infrared. 2009
International Conference on Image Processing. 2009: 1629-1632.
[2] Liu L, Wang F, Jung C. LRINet: Long-range imaging using multispectral fusion of RGB
and NIR images. Information Fusion, 2023, 92: 177-189.
[3] Ma J, Tang L, Fan F, et al. SwinFusion: Cross-domain long-range learning for general
image fusion via swin transformer. [EEE/CAA Journal of Automatica Sinica, 2022, 9(7):
1200-1217.
[4] Zhao Z, Bai H, Zhang J, et al. Cddfuse: Correlation-driven dual-branch feature
decomposition for multi-modality image fusion. Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. 2023: 5906-5916.
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FT R — R E B SRR (W, 5. F). R, LFR R A RRGR L
FIREANE I 3. KBRS RN A2 22 MR AL (1% 95 R A BHR G — G s i1 BAT B K
WA Lo AR RREE SR 58 0T 5 RS MGG S O SRR B i ik SOy, B it AL 95
TGS — HoR IR 5777, % WeatherDiff[5 |50 EE B I 25 3F R, AERE . .
AR YR VRN S

YRR : RESIDE $¥itE

https://sites.google.com/view/reside-dehaze-datasets/reside-standard
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v
Pl 5 -

HSTS. Top row: 10 synthetic hazy images; Bottom row: 10 realistic hazy images.

RESIDE(Standard)

Subset Number of Images | real/synthetic | indoor/outdoor | annotations
Indoor Training Set (ITS) 13,990 synthetic indoor No
Synthetic Objective Testing Set (SOTS) 500 synthetic indoor No
Hybrid Subjective Testing Set (HSTS) 20 real outdoor No

RESIDE-B

Subset Number of Images | real/synthetic | indoor/outdoor | annotations
Outdoor Training Set (OTS) 72,135 synthetic outdoor No
Real-world Task-driven Testing Set (RTTS) 4,322 real outdoor Yes

LHPRain 44

https://yunguo224.github.io/LHP-Rain.github.io/
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https://sites.google.com/view/yunfuliu/desnownet

This dataset consists of 1) 100k synthesized snowy images, 2) corresponding snow-free
ground truth images and 3) snow masks, and 4) 1,329 realistic snowy images. The snow-free
and snowy realistic images 2) and 4) are downloaded from Flickr, and we manually validate
each sample to see whether it is snow-free or not. The largest size of the image boundary is
640 pixels. This dataset consists of three subsets as per the variations inside single image. 1)
Snow100K-S: Samples in this subset are only synthesized with small snow particles. 2)
Snow100K-M: It contains the samples that are of both snow particles in small and medium
sizes. 3) Snow100K-L: Snow particles of sizes small, medium, and large are all used for
synthesizing samples. Each subset contains around 33k images.

S5 3CHR

[1] Zhu Y, Wang T, Fu X, et al. Learning weather-general and weather-specific features for
image restoration under multiple adverse weather conditions. Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. 2023: 21747-21758.

[2] Valanarasu J, Yasarla R, Patel M. Transweather: Transformer-based restoration of images
degraded by adverse weather conditions. Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. 2022: 2353-2363.

[3] Patil W, Gupta S, Rana S, et al. Multi-weather Image Restoration via Domain Translation.
Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023:
21696-21705.

[4] Kulkarni A, Phutke S, Murala S. Unified transformer network for multi-weather image

restoration. European Conference on Computer Vision. 2022: 344-360.
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[5] Ozan Ozdenizci and Robert Legenstein. Restoring Vision in Adverse Weather Conditions
with Patch-based Denoising Diffusion Models. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2023.

feS&M:. E%, yichang@hust.edu.cn, qq 458449613

4. 65 ZTHAAALE B ARERER

B RERER: EERIET RS, BRI EM ARG PO E L —. 55T
ARG E A R ER T3 VAR ] e R 50 UL, 52 BIE s R . RS T41
DL HR R ZUAR AR ], M DATE i S 2 B sh A VE BBl 4 1R N IR RrARE thRE . AR,
i AR A AE RS TR) TU AR 505 BB IR I 1) 8, AR T Sei M EoR B m i N 5. ALz
N, FARNER G R B BRSSO A A i S, BT
IS 18] 23 e 5 i sh AV L RR I, O B AR IR SR I 2 AR R AL T AT 1 e Rk T X
B, AT FE P2 AR N SR A, I SRR ERE BT A RS, BONiR
Tt B bR BRI 1 5 SN ) O ) R AN R LR 52 A T SR AL Y E AR ER A 2K
SCHRIAR IF IR i rhid i iy, B SO e AR ' B Bl e i A7 5 R 0 HARER BT, IR F A
5 MG Bl A PR ERHESL 81T, X VIPT[1]8% SDSTrack[2]H A T B S IIZMNR, F4h
BV RN (WK BE . BRID % S B HEE) X IRERMERE AT RS0 HT .

B hA -

VisEvent[4|B#E4E https:/github.com/wangxiao5791509/VisEvent_SOT_ Benchmark

Vehicle (culvert) UAV Digit Head Cat Shaver Vehicle (night)

Vehicle (HDR) ' i;n;lcm Motorcycle o 717';‘1'9011 o :l‘clum; o [ia&}nmmn » Basketball
The VisEvent is developed to provide a dedicated platform for the training and evaluation of

Visible-Event tracking algorithms. It collects 820 video pairs with an average of 450 frames
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for each video. This dataset contains 709 and 111 videos for short-term and longterm tracking

which will be beneficial for constructing a robust and flexible tracker. The resolution of dual

modalities is 346 x 260. The target objects are UAV, Hand, Pen, Bottle, Tank, Toy, Car, Tennis,

Pedestrian, Badminton, Basketball, Book, Plant, Shoes, Phone, Laptop, Bag and Cat.
COESOTI5|¥#E4E https:/github.com/Event-AHU/COESOT

COESOT is a general dataset for Color-Event camera based single object tracking. It
contains 1354 color-event videos with 478,721 color frames and corresponding event streams.
It splits sequences into a training and testing subset, which contains 827 and 527 videos,
respectively. The videos are collected from both outdoor and indoor scenarios (e.g., street, zoo,

and home) using the DVS346 event camera with a zoom lens.

S 3R :

[1] Zhu J, Lai S, Chen X, et al. Visual prompt multi-modal tracking. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition 2023: 9516-9526.

[2] Hou X, Xing J, Qian Y, et al. Sdstrack: Self-distillation symmetric adapter learning for
multi-modal visual object tracking. In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition 2024: 26551-26561.

[3] Sun C., Zhang J., Wang Y., et al. Exploring Historical Information for RGBE Visual
Tracking with Mamba. IEEE/CVF Conference on Computer Vision and Pattern Recognition,
2025: 6500-6509.

[4] Wang X, Li J, Zhu L, et al. Visevent: Reliable object tracking via collaboration of frame
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and event flows. IEEE transactions on cybernetics. 2023, 54(3):1997-2010.
[5] Tang C, Wang X, Huang J, et al. Revisiting color-event based tracking: A unified network,
dataset, and metric. Pattern Recognition. 2025, 7:112718.
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4.66 T 3D AMEESMAT

EFHR: RS B ARG IR B 3D AREEAMTHEAR . SEARZ T EH
MU I OPR 2 —,  BIE A TG LA 2D WA I 5T H AR TE = 4 2% R Hp (5
MRS AR 7 AL B o AN O 1 e I — iR 4SBTV R SRS I, 7EAR HE S 4R
AT ATV TR R IS — FhER S P e ST SR, B A T H BRI LSk
Wy AT E MEEAIE, R 2 AL R
55 T/ RADIR:

1. SIS IITFE A%, FEAEAE H3.6M HHig L 5 Rl DA - Sh/E S A A 2047 005
T AR

2. ZRTEMIERE FART 3D BRI R .

3. HAT M BB BRI (>108) #3E47 3D B TE, IEMED =ANRFE
fi R FRELR) 3D B

R UEUY

1. BRI PERTAIRE (MPIPE) , IEfMXT A EH 2L (PCK)

2. GEMEFRRR: A\ 3 MR AL LA B B AE
BVE: ARIHERER B BRI EBIRINZTTE, BAAEERZ 10G.
By i
ARUAEALAE I A AJT it d, BERZED BRI H3.60M HiEE EREle, SUiEE L
BRI B4 BT VIR 5 5000F .
(1) Human3.6M %54
o Human3.6M 2 —MEZE A H T RER 3D NMALREHIE, B8 11 A5 R IE 15

MRS .
o WE: B 3.6eM AL EE R ANES).
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o hREE: R TEE. HNSEL DUREES AN 3D KA E
o R EEHTISE Y,

1353 1353

585

AR £ HE Human3.6M Dataset
(2) MPI-INF-3DHP G#&f#§)

« MPI-INF-3DHP f1 % 3 fhiz &
e WE: BESAERA, 8KIEHT NG, 7 K8ERH Tt
o hpvE: PRALTEME. NS, DUREEAS AP 3D KTTALE .

2409 27.59

132.78 87.29

B AL H B Monocular 3D Human Pose Estimation In The Wild Using Improved CNN

Supervision, 3DV 2017

S 30k

[1] Tang Z, Qiu Z, Hao Y, et al. 3d human pose estimation with spatio-temporal criss-cross
attention[C]//Proceedings of the IEEE/CVF conference on computer vision and pattern

recognition. 2023: 4790-4799.

[2] Catalin Ionescu, Dragos Papava, Vlad Olaru, and Cristian Sminchisescu. Human3. 6m:
Large scale datasets and pre dictive methods for 3d human sensing in natural environ ments.
IEEE Transactions on Pattern Analysis and Machine Intelligence, 36(7):1325-1339, 2013.
Swhole-body human mesh recovery in a single shot. In ECCV, 2024.2,3,4,6,7,1,5

[3] LiuY, Qiu C, Zhang Z. Deep learning for 3D human pose estimation and mesh recovery:
A survey[J]. Neurocomputing, 2024, 596: 128049.
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[4] Dushyant Mehta, Helge Rhodin, Dan Casas, Pascal Fua, Oleksandr Sotnychenko,
Weipeng Xu, and Christian Theobalt. Monocular 3d human pose estimation in the wild using

improved cnn supervision. In 3DV, 2017. 5

FBSEIM: 5%, yhtan@hust.edu.cn, wx:Hust18971386510

4.67 ZhAF R T H SLAM B

FEHER: DS TR, AL BRE AN vl 8 o b 2 W 2R sh AT N . RIS

e, ALGE BRI E AT S 2 (SLAM) A= 4 8 8t B0 500 o G VA <3 R L0 A IR

SRR 2 b, SRR IS S EBU™ ERRHMEIRICE . AENVPUTER B2 R G i
AARFE VR E TS B S BT AT B SRS, Bt sl —12

FEIAL S SLAM 5 =4id i 245, M EPREMFE: Wild-SLAM. DROID-W.

Wild-SLAM iPhone Dataset

arkin i shopping N

EFMFEK:
MBEWE I M. ARG HERAGTIARDLOL 2, IR 2 B IR R T AR5 B
AW, Bt — e BSR4, w5 BN poR:
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Input fram es | WildGS-SLAM

AESTILI R, TR TR

1.

UG E SR BEALEE :  RIUEFR M BB E CDGIRARFIE), BRI H Pl 28 7Y
Jele R H IR B .

B XML S A E AT BOtEE (nE T2 BRAMALEN. LT —
BRI BOGIRZE) R B RRMEEE, FHEE SIS X,

M= T"FER: REEHAZEET 3D miilkd (3D Gaussian Splatting)
LRETFARB T YRR L 5iEY, .

HMRR (N2HD: FREAGERLEIRAE SO ZIRT & L TiEvE .
Blhn, WS A g PRI IROC R ITAE Linux/WSL PEE TN E R4, 555K
Rt 05 ROS RGWrEE, NN BRI T S HUE S IR B SR

FESCHLSRE S, 75 B R A R DL il

1.

2.

3.

FEAFAE A SRS A0 B U] F I 2R K DINOv2 S5 AL 5 A AL S B R A AL o
BREAFENERM T ANBH R 2 2 AL MLP FINAE € 1 KD .
BT 3D RN 37 5 LT R 5 SIS S ST AL o

AN PRI AR B 2B B

NGRS ATEHES 3D b B B ARk .
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&¥E: TFHEPEKZ 8GB GPU.
S k-

[1] LiZ, Tucker R, Cole F, et al. Megasam: Accurate, fast and robust structure and motion
from casual dynamic videos[C]//Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. 2025: 10486-10496.

[2] ZhengJ, Zhu Z, Bieri V, et al. Wildgs-slam: Monocular gaussian splatting slam in
dynamic environments[C]//Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition. 2025: 11461-11471.

[3] LiM, Zhu Z, Pollefeys M, et al. DROID-SLAM in the Wild[J]. arXiv preprint
arXiv:2603.19076, 2026.

[4] Bescos B, Facil J] M, Civera J, et al. DynaSLAM: Tracking, mapping, and inpainting in
dynamic scenes[J]. IEEE robotics and automation letters, 2018, 3(4): 4076-4083.

[5] YuC, LiuZ, Liu X J, et al. DS-SLAM: A semantic visual SLAM towards dynamic
environments[C]//2018 IEEE/RSJ international conference on intelligent robots and systems
(IROS). IEEE, 2018: 1168-1174.
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4.68 E T RIRIKK =4 NMFEH
SR

= N A R U U T LI 2 A E R AT U5 1), G H bR AR
P BN WA AT PR TR B N AR U AR S A S . ek, = 4Eminikiik (3D
Gaussian Splatting, 3DGS) fEN—FErAlH WA GRN AR R Tk, Feft Hoblm iE 4y
JRCEER SN VE Y B, AE = 4 R SIS T R R

AL S5 EEREE R AT NI E AR S, BT IS — AN T s ik i 37 = 4
MNEEFERG . REPALEACI S R RSMEMMIEEE, W5 ASE AR
(SMPL) YENJREREER, TERARIBIN I Al, FEA L E iS5, &
S e R LA B S B A AR E
EFHFTR:

1. S Gauhuman 5 H i 3L H 945 (https://github.com/skhul01/GauHuman) .
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2. ZHRATELEERL FEETHERE.
AP RE S, 7R SE LU T )
Lo AARSGIGAEAY (R3S 00 55 Crt A MG ARFAE b 3 Bl ) FH S0 S 25080 A BORG 1 )
SMPL #5%1);
2. =4Em i IR RS (FE SMPL BEHUTH pi_EATAG A S il i, B L AR JiE
e\ AN B FIERS B0 5
3. SEG AUE AR LI S T S HA CRU A AR B E NI B 5 R s B E 1)
4. B NAETEARR AL CRIH SMPL )5 AL BOR AR, BKa) & i sl B A ARIE 5]
RAE I EAENITETZAR);
5. REESAHI MRS BE N S, SEI R Pl SR =4
HIE G
FORGEM AN R R E BIR AR, JFRe e H A AE R nIA R (A2 U AL
FHRIRRSI . XFLE SMPL B 48 578 Yl BRI e H a8 . Ak, R ARIFE R (i
ANMAEE . Sl SRR R B SRRSO M REATVE G & A 5 .
=g
1. SEEIRFR:PSNR. SSIM. LPIPS
2. BRI LR
#Z¥E: HHFRKL GPU 246B.
o B
AR SIAT I LA N ATF =4 N ARSI 4R -
(1) ZJU\ MoCap F#ass (FEAD)
ZJU\ MoCap Fealias =4 NAR @ FHIL A G BT i 22 i 22 11 A R e 4k
i FH B0 IE T AR AL A0 T A R

BEZADZAEPATERENE CnBbsE. 50K, G55 AL
ROAGHHRIFINLA SIS HE

R 3D ANASGHE S, SMPL 3% OBIRSEER) LU R SR
HABRUER) 2 LA I ZRER 58 L A Il S &l 7
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BIEEE N LSk https:/chingswy.github.io/Dataset-Demo/
(2) DNA rendering % (FE)

DNA_rendering #4546 & 2 H LM ME0E NI, & T R0t 7 ke 8
FLHRHRME 0 AR AT 5

° IR I RS BE 2 A NAR AU, 5 2RI R IR . 52 2% B SR R A
CInBEAA IR . DUREE) DARE & MR BN
o Rftm AR EG (LM A M ARNLEES R HR4E) Sk B AL A 21
SRR, DL SMPL/SMPL-X A6 2 $0M1 5t 2 (1 i S i
o RMEI =4 E RGEAC I SRR (ARG RN AT
AWK v DR LSO 40 15 B (R AE R 5 i R R
H¥a4E F#: https://dna-rendering. github. io/
SR

[1] Matthew Loper, Naureen Mahmood, Javier Romero, Gerard Pons—Moll, and Michael

J. Black. SMPL: A skinned multi—person linear model. ACM Trans. Graphics (Proc.
SIGGRAPH Asia), 34(6):248:1-248:16, 2015.

[2] Bernhard Kerbl, Georgios Kopanas, Thomas Leimkiihler, and George Drettakis.
3D Gaussian Splatting for Real-Time Radiance Field Rendering. ACM Trans.

Graphics, 42(4):139-1, 2023.
TBSEIM: 1EKE, yvhtan@hust.edu.cn, wx:Hust18971386510

4. 69 FTIREF KB el fERL

EEHR: W FEIER I (Temporal Action Detection, TAD) & #L AT FE fif 4585k [ 5 B2 07F 50
JrI, A FREE AR BN (untrimmed video) H [ B E AL E K AL RO ] X ], I
WA BB EZR A . SR ZATAC AR, I SRR I AN 75 2 e AT 2 75
FEEREFR R, ST EREHiZA B A ERIRE L 1], B o Bkl vk
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AATSSERE R AT IE LR, BCTE IFSEIE — AN TR 57 > B e sh fE Rl &
Gi. RGNBEWIER S EAE S EREEN R L AR EE T, B
AR AR A 1) Z AR, I % AR BRI R AIAREE . I 8] X TR] CERAR N 8] 55 25
W TR St B AEE
ST R:

1. EI TriDet B H & CHHI45 R (https://github.com/dingfengshi/tridet)
SARTE ML FER TR
FESRBS FE T, 7 R DL )
L AUSRHERIIR IS #oR (andET 3D ONN sk TR HURRAE ) 5
2. WP 5 REM (WHTHER. RW 3¢ Transformer HIZEH));
3. BNEMEIEX A4 (proposal generation) B R4 HENEIL 5,
4. ZSBkN S E SR AL
5. FEAFBIFMERIZEA. LIEmf (A2 4k, TRRUATIR AT IZENER subject
6. TR S S R ) 25 ZEAL) S Wil or 33y o SN Ab ok

IR GE AN E BRI, T Re 88 XA 25 BT P AR CUnE RS [a) il
PRESIEX R $ATSIIEN subject 25D BbAb, RAMHIAFIRZE CshfEm K. WA
SORPE . RHES R0 46 R I BE R R0 o
e i B

ARSI AE F AN A TR 55 -

(1) THUMOS14 #i#fifE (40
THUMOS14 J&I 5 B/ ER I S 28 SO HERUR R 2 —, 03 KR AR BT SN
(RIS TRI AR o
® UHY) 400 A MIREA
® WK 20 KANE (FENKEFRIE
o FRALYIZRAE. IFE S MR oy
® FANENE SIS AR E R A1 1 E A B
PR N http://www. crev. ucf. edu/THUMOS14/
(2) ActivityNet H#E4E (&)
ActivityNet &5 XM IR R ER 4R, &R T3 R A
® %) 2 i
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® 200 EFE
® N EINZ AL
AR TEMAE:  hitp:/activity-net.org/
FaAR:

1. SEEIEF: mAP (ANFE IoU BI{E)
2. EMERALLE R

Ground Truth Washing dishes

&1k H )T RKL GPU 16GB.
SR

[1] Shou Z., Wang D., Chang S.F. Temporal Action Localization in Untrimmed Videos via
Multi-stage CNNs. CVPR, 2016.

[2] Idrees H. et al. The THUMOS Challenge on Action Recognition for Videos in the Wild.
2016.

[3] Heilbron F.C. et al. ActivityNet: A Large-Scale Video Benchmark for Human Activity
Understanding. CVPR, 2015.

[4] Lin T. et al. BMN: Boundary-Matching Network for Temporal Action Proposal Generation.
ICCV, 2019.

[5] Zhang C.L. et al. ActionFormer: Localizing Moments of Actions with Transformers.
ECCV, 2022.

[6] Wang B. et al. Temporal Action Localization in the Deep Learning Era: A Survey. IEEE
TPAMI, 2024.
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4. 70 ETHRNIESRE W ABRLER SRR

FESFHR: U AL R R BEIR A X T PR Dok A B S s L 7 ikl
KIS AR, CRRBEIRESTUE SO TS0, JRIM, BT REE R, &
Ak HARZS I SR, N Ry FO AN A, I DA SR 4R BEAFAIE . iR 2 12
KA, A B ARTE S AP IGS AT IR B o ml e - AN TR IS (2 A S 1 [0 IR ToE
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WA B SO R IR IR, IF 45 S AR TE 5 1Y 1 B Gl A0 S A 8 2E il 7 %, X
Qwen3. 5 B¢ Qwen3-VL FEATRL,  SCELNT P W RRBIIRIGR 2 IROA HE 3R 55 4047 6
(1) BIEhaiE
JRAAATE E 2 BB (QQ: 2542024726), ARvE 1-5K MR I ZikEA . 15 LA
INZESE
L ARG AR: KIBR IR, WEhRIZL, R R
2. IRESHWr: 2 ETNAS e S ABEIRES/ 2 AT AR K/ 1A E A
- JRBE A CEBYEEE:
a) KIAImE — BRARA 76 2Rk
b) BRI — FHAALE
o) KIGHBIR — BREMLEE AT E
(2) HORMIE § RIER LI BEIR S H#d
CEAPRELF NG E S, X Qwen3. 5 5k Qwen3-VL BEATHOAE, X RATEAT Al H E
SRIC ESRE S R

FFIART, MRIPPICBRb T AT SRReR
=, SOHESETIREEOEIS, %
Pl PSS B, (025050

. ES6RVEE, MR R
Y s i Pl o, EERRDT
HIRISK . ZEATIBM R RN T
S, KA B AR
BAITA. RS, U R,
KPR R RIS, T
AR SHE S L.

&VE: AZRBNS GPU B R RBR, FIBA AR R AT e R e (QQ: 2542024726) f
FH et =5 77

e PEIN
[1] Bai S. et al, Qwen3-VL Technical Report, arXiv, 2025.
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4. 71 FZRFAMT B EH AR

RS R DL T b i) H ARSI 3 B R A BRSNS, CHRE SRR
WL, FERXFMEDL T, DA A s Ve REAEAE 2 SRR . T AR Esh it H 2t in
Jil, ORI BUR ARG, X SR — N E Rk £ % R 3 il (A e
VEADON T B sh BB 2 e B R 2, TR & B AL 5 SEBR I S H 2 (R 22 4B
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STSES: S
HARTTR:
1 ETEBREEMIRINTISR: ERMHEREZEMIKE S -Ra i, bEEEE
J B UG HEAT R 5
2. BT ZAESFAMBNIT S HEGEZERS BB AT IR, L=aT
M5, @ AT T RIS 2 o B 25 55 A0 E s il g
3. BETANIE EE M ASIN g SR R FE B VE AR R 55 R A IS R ke DU
€
4. M ESRTT R AR BE— AT I, VR IR b RS e AR S R s AT AR T AR
5. oI SR ORI, TERERISEEL bR T e
R v -

VOC hazy: %:F PASCAL VOC $¥54E, A 16 BerH M 1 25 B £ 42

Foggy Cityscapes: &1 Cityscapes ##ladl, B 771 fli vt BOIR B2 B & i) % B s
&%

RTTS: SRS BIH#HE %

pusiip]

ByE: AT GPU BEER <11GB.

S HR:

[1] Li, Boyi, et al. "Aod-net: All-in-one dehazing network." Proceedings of the IEEE
international conference on computer vision. 2017.

[2] Li, Chengyang, et al. "Detection-friendly dehazing: Object detection in real-world hazy
scenes." IEEE Transactions on Pattern Analysis and Machine Intelligence 45.7 (2023):
8284-8295.

[3] Huang, Shih-Chia, Trung-Hieu Le, and Da-Wei Jaw. "DSNet: Joint semantic learning for
object detection in inclement weather conditions." IEEE transactions on pattern analysis and
machine intelligence 43.8 (2020): 2623-2633.

[4] Liu, Yajing, et al. "Unbiased faster r-cnn for single-source domain generalized object
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detection." Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 2024.
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4. 72 ZXEA TS5 WotR & RIB AN A

SR AR LT R A G, (R 2B R R L TR A k. 1%
g1 T NBLT B MOt I [ 52 F iR BOE LB %, (EAER TS, (13h 7 Stz
PRESRI P AT X LR, FIUER O “HRE I B “ a2 3has
fZR”, BRI —2EERE ANL (Chaser UAV) TE ¥AT I FRH R, SR8 E 57— 22
HAsTE AN (Target UAV). X35t B R E KBRS : BCOF & 5 ikizsh T SO0
MARIZIAAL . HAsREM/DH 2. BRREL (MRERRE. MImsE T, H$
ARG LG N A R TR . POV R WEE S 5 R, LMk
HAE A R, A Z S H 5 2 A T ARG TR 107, ML
bS] OISR SR MZE, BTN T 5 T RS EME . BESER. /N AR
S K B ARG N, SERUA AN R ZR A TE ML AR ks 2 7 5 88 € R o

DJI Mini4 Pro
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Lo SEBL—ANLAMS Al XS R SR R 2%, B B OB XHZAE S5 EAT I Bk it
2. PSR BRI FE AR AT R LA A

3. MRS BCUFEAT VSRR

IARIEELIE
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1. mAP@0.5:0.95 JUHRE/N HARZEAH AP_S)
2. FPS (Frames Per Second)
HdE v 9
HimE Anti-UAV: EHEEEHEHL hitps:/github.com/ucas-vg/Anti-UAV

DroneVehicle: Z(#E5E5E4%: https://github.com/VisDrone/DroneVehicle

ESCVehicle: https://github.com/sjm2001-rslab/
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