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Abstract

Recent advancements in large-scale vision transformer models, including VGGT, have significantly improved the ability to
interpret complex 3D scenes. However, most of these models are trained and evaluated using uncompressed data, overlooking the
impact of lossy compression commonly present in real-world scenarios. Compression artifacts caused by lossy compression can
degrade the scene understanding performance of 3D vision models. In this study, we investigate the impact of compression artifacts
on VGGT, a representative model for 3D scene understanding, to assess its robustness in practical environments. We select nine
categories from the CO3Dv2 dataset and apply various compression levels using commonly used codecs: JPEG for images and
AVC for video. The model's performance is evaluated by comparing its camera pose estimation, depth estimation, and point map
reconstruction accuracy against the original ground truth data. Experimental results indicate that degradation becomes noticeable
when using AVC at QP > 42 and JPEG at Quality < 20. These findings suggest the importance of considering lossy
compression distortion when deploying transformer-based 3D vision models in real-world applications.

Keyword : 3D reconstruction, 3D scene understanding, Video/Image Compression
Copyright © 2026 Korean Institute of Broadcast and Media Engineers. All rights reserved.

“This is an Open-Access article distributed under the terms of the Creative Commons BY-NC-ND (http://creativecommons.org/licenses/by-nc-nd/3.0) which
permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited and not altered.”


https://crossmark.crossref.org/dialog/?doi=10.5909/JBE.2026.31.1.2&domain=https://ksbe-jbe.org/&uri_scheme=http:&cm_version=v1.5

A3 9 69l B U5E BANMY] 4F A=E L Denoising 718 VGGT 4% 4 3
(Jehee Kim et al.: Performance Analysis of VGGT with Denoising under Various Compression Levels in Lossy Compression)

.M E

#< VGGT (Visual Geometry Grounded Transformer)
[1]9}‘ 71_0_ 3D u];q y_ﬁl_o/] ukz] o (e} i;ﬂ-g} Al x]—uq‘_% x-]]té]

=]

S ATAIL olsls $¥e A AN
VGGTE © o|5)7) 4o s e} seble, ol

-
©
N
N
rl
= 2
o2 19
0% o
lo »
N ue)
E g
=)
e o St i
o o4
o2 m o g o
o ag M 3 w0 oo W o
il S0 O ofy ox ff ot > oo

o
=
b
o
e
lo
o
g
:?L_‘,
1
oX,
i)
ki
LT
X
EL
>,
N
v
ko
o

2D HAH Hopo|X= 9= olg]HET} 2H A= njx=
QIS ohE A7} ol F oA ko, 3D A Holel|A
B dEs v A% e WA AAHeE B4
A7} 79 gl Aol ol2sk A7l Rl 3D WA
g #4402 485 glol, F e 2124 W
gahe vloll AR AE L3t o & 5o, VIEYA &
A0 A8 HEE oo} YT A1 A9, BHlo]
o717 £3F 9X1 WAL A4 FRo) F23) Aske

a) A5 FE S (Kyungpook National University)
b) e=717217159A+(Korea Electronics Technology Institute)
* Equal contribution
% Corresponding Author : ¥} &(Sang-hyo Park)
E-mail: s.park@knu.ac.kr
Tel: +82-53-950-6373
ORCID: https://orcid.org/0000-0002-7282-7686
# This research was supported by the Regional Innovation System &
Education(RISE) Glocal 30 program through the Daegu RISE Center,
funded by the Ministry of Education(MOE) and the Daegu, Republic
of Korea.(2025-RISE-03-001)
- Manuscript November 26, 2025; Revised January 9, 2026; Accepted
January 9, 2026.

v A, 45 3wl mE 9Y oviAe] F4 457} 3D
M 2] Aol BINE % W Fehs 2ol &
QoA A 45 G 4 71 3D WA Bl B
Q.
o

5 292l VGGTel
ol x| 9] & Ao Wt mE AT WstE P4
v‘i—ﬁﬁ}‘}iﬁ. o]Z 9J&} CO3Dv2 Hlo]E A
= 7Ie 74 olujx F9 9 JPEGYH th &
2 ZH9l AVC (H264)[7]°ﬂ sl ohket b A
H 4F oA HolEAlE A dFCE
6?%% #Fskdk 3 HEVC, VVCE ¢
olEAle stk HAEE ¢E delHAlel thay

2 719 45 ol = Al A B9 (STDF™, RFDAP,
3 STFFP) S A&35le] o|=2 A AE AAsIAL, &
= 98 3 kol2 AAE 94 VGOT 29| FE<
Ix 3l HILE AAET A, A ARE A7t
FOlE 4, Chamfer Distance

Area Under Curve (AUC)E H7IAIRZE 3t o= 7
TE VGGT 452 Bttt Azl A+9 &

a9 13} 2tk

A uy 2 EOIE W

K

Hoz AREsl] A% S Ve
S 2% JPEG®, JPEG2000,
AVCY, HEVC?, vvCP 5 u}%ﬁ& ®FE A4 2
o] 2] AREH L itk % o]FA
E ?J%‘?—ﬂlb HEVC7} 71 %%@

of

o :‘)]1
o M og oL MM g

Yoo N ooy

1 2 A
Sk Yash HgelN B2

A ER] e s, o
bot s AA H o
FB 2 AFE v)Ad Fdo)

- waoz s

tlo
1A l
=
U
of
oSE. ru:lm
ol
o

i

o 1o oox rf
_I

X
2
rr
M
oyl
ol
rEIZ
o[o
of rlr
ox

(h fo 1o o

)
re
oxl
[t
N
)
o)
4
oxl



S~
z
ofr
o}
£
j‘l
r{n

Multi~view JPEG Quality
images 70, 50, 30, 20, 10
MR
o I
Compressed Images
Images
{ to yuv 420p (JPEG)
Random Access

QP:27,32,37,42,47

Videoto
Frames

Compressed
Video (AVC)

Raw video

2 1.
F2 22 S5 Zols , szt EX0| U 22 =5

Compressed
Images (AVC)

=0 AkgE TubEel Zo293. Ol0[A], S2et 2 7|
OH

2 A31A A1, 20269 1€ (JBE Vol.31, No.l, January 2026)

W

Denoising m_‘ sl
Iods] . 3 ‘ Estimated
~ Denoised Single- Point Map
View Image
O 0 0o)a
"[D O 0 D]
Oo0oolao

3 X 4 Matrix ([R | T])

Estimated
Camera parameters

O wiig AIZSIRIon, 2t Z2igle VGGTe| 2ROz Algslof

Fig. 1. Overall framework used in this paper. The input images are compressed using standard codecs: JPEG for images and
AVC for videos. Each frame is fed into VGGT to infer point maps and camera poses.
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Z12 2. CO3Dv2 H|O|E{AQ| plant FHE|U2[0f CHEH VGGTL| EOIE B F2 & Al2tst 21t
(%9l: JPEG Quality 70, 10, Of2: AVC QP 27, 47)

Fig. 2. Inferred point maps by VGGT for the Plant category on the CO3Dv2 dataset
(Top: JPEG Quality 70 (left) and 10 (right); Bottom: AVC QP 27 (left) and 47 (right))

2! 3. CO3Dv2 HIO|E{MI2| backpack ZHE|112[0] CHEH VGGTL| ZOIE W F2 F Azt Z1f
(%l: JPEG Quality 70, 10, Of2: AVC QP 27, 47)

Fig. 3. Inferred point maps by VGGT for the backpack category on the CO3Dv2 dataset
(Top: JPEG Quality 70 (left) and 10 (right); Bottom: AVC QP 27 (left) and 47 (right))
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Fig. 4. Inferred Point maps by VGGT for each category at different compression levels; scenes with failed predictions are left empty.
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Table 1. The mean of the number of points in the point map when
JPEG-compressed images are used as input to VGGT. Red text in-
dicates the QF with the highest mean number of points, while blue

text indicates the QF with the lowest mean number of points.
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3. 0[0|X] TH| A= HIO|EE VGGT YHZ ARZ3lS M, ¥ =0
M= Chamfer distance L. W7t M= 512H0| 718 M2 F1710|04, mf2t
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Table 3. The mean of the chamfer distance in the point map when
JPEG-compressed images are used as input to VGGT. Red text in-
dicates the QF with the highest mean chamfer distance, while blue
text indicates the QF with the lowest mean of chamfer distance.

Methods Mean of number of points Methods Chamfer Distance
RAW 26,615 RAW 3.4801
Q70 25,235 Q70 3.4801
Q 50 22,855 Q 50 3.5059
JPEG Q 30 20,013 JPEG Q 30 3.5075
Q 20 16,038 Q 20 3.5226
Q 10 15,356 Q 10 3.5400

£ 2. VGGTe| 228 AVC 258 0[0jR2 AI31%S el 9% 2|
12 EIE Yo EoIE 4 BF. W2k M= S0l I K2 72000
T 24l stelol Tk 2 oE T o

Table 2. The mean of the number of points in the point map when
AVC-compressed images are used as input to VGGT. Red text in-
dicates the QP with the highest mean number of points, while blue
text indicates the QP with the lowest mean number of points.

Methods Mean of number of points
RAW 26,615
QP 27 26,174
QP 32 24,492
AVC QP 37 22,597
QP 42 20,149
QP 47 16,450
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Table 4. The mean of chamfer distance in the point map when

AVC-compressed images are used as input to VGGT. Red text in-

dicates the QP with the highest mean chamfer distance, while blue

text indicates the QP with the lowest mean of chamfer distance.

Methods Chamfer Distance

RAW 3.4801

QP 27 3.4721

QP 32 3.4923

AVC QP 37 3.5279

QP 42 3.5615

QP 47 3.5884
Adehe A%e Btk ey 45 s aze]ol el A
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T3 5. Laptop O[0|X|2} Ofof CHEt ZQIE W 2 ANt (ZAMHZ = 0|0|X|, ZRIE M AL AJM, HM A|H)
Fig. 5. Input images of the Laptop category and the corresponding point maps inferred by VGGT (from left to right: input image, top-view
of the point map, and side-view of the point map)
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Table 5. The mean of AUC when JPEG-compressed images are used
as input to VGGT. Red text indicates the QF with the highest mean
of AUC, while blue text indicates the QF with the lowest mean of AUC.

Methods AU(C)%3O AU(C)%15 ALECT))@S ALECT))@S
RAW 0.9745 0.8153 0.7327 | 0.6624

Q70 0.9749 0.8155 0.7314 | 0.6603

Q 50 0.9756 0.8173 0.7365 | 0.6656

JPEG Q 30 0.9732 0.8135 0.7257 | 0.6540
Q 20 0.9716 0.8131 0.7168 | 0.6402

Q 10 0.9679 0.8078 0.7054 | 0.6212

E 6. VGGT| S AVC UZE O|0IXZ ARZ3I%E 1ol 24F 2=
M2 AUC 71| H3let B W7t SME sl2lo] 71 &2 F2I0(0, Tzt
M= sl 7tE 2 72 o0

Table 6. The mean of AUC when AVC-compressed images are used
as input to VGGT. Red text indicates the QP with the highest mean
of AUC, while blue text indicates the QP with the lowest mean of AUC.

AUC@30 | AUC@15 | AUC@5 | AUC@3

Methods (M M| |
RAW 0.9745 0.8153 0.7327 0.6624
QP 27 0.9604 0.7941 0.6806 0.6032
QP 32 0.9576 0.7920 0.6698 0.5862
AVC QP 37 0.9509 0.7788 0.6368 0.5386

QP 42 0.9405 0.7655 0.6076 | 0.5111
QP 47 0.9210 0.7312 0.5441 | 0.4370
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B 7. 243 ojo[xlo] % w0 mE PSNR L
Table 7. Average PSNR as a function of compression level of input
image

Codec Compression Level PSNR 1
QP 27 38.49

QP 32 36.35

AVC QP 37 34.04
QP 42 31.56

QP 47 28.68

Quality 70 47.33

Quality 50 40.46

JPEG Quality 30 38.50
Quality 20 35.95

Quality 10 31.59
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Fig. 6. Trends in VGGT inference performance under AVC compression. For nine representative categories, changes in the mean number of
points, Chamfer Distance, AUC@30, and AUC@15 are shown using RAW and AVC inputs (QP 27, 32, 37, 42, and 47). Stronger compression

(QP 42-47) leads to larger performance degradation.
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Table 8. Camera Pose estimation and point map prediction results for HEVC-compressed frames at QP 27 and for the denoising model. Red
indicates the best performance excluding VGGT inference result on RAW input.

Camera pose estimation Point map estimation
Method Completeness Chamfer
AUC@30 (1) | AuC@15 (1) AUC@5 (1) AUC@3 (1) Accuracy () ) Distance (})
RAW 0.8878 0.8232 0.6713 0.5742 0.1674 1.2470 0.7072
Compressed

(HEVC, QP 27) 0.8391 0.7380 0.5089 0.3824 0.1686 1.2473 0.7080
STDF 0.8358 0.7497 0.5388 0.4155 0.1627 1.2480 0.7053
RFDA 0.8258 0.7187 0.4792 0.3547 0.1689 1.2380 0.7035
STFF 0.8252 0.7148 0.4710 0.3383 0.1700 1.2376 0.7038

9. HEVC ZH9| QP 32 &% =22 3 =0|= HMH Z2oj| CHet 7io2t Z= of
Mol 21 452 9ol

Table 9. Camera Pose estimation and point map prediction results for HEVC-compressed frames at QP 32 and for the denoising model. Red
indicates the best performance excluding VGGT inference result on RAW input.
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Camera pose estimation Point map estimation
Method Completeness Chamfer
AUC@30 (1) | AuC@15 (1) AUC@5 (1) AUC@3 (1) Accuracy () () Distance (1)
RAW 0.8878 0.8232 0.6713 0.5742 0.1674 1.2470 0.7072
Compressed

(HEVC, QP 32) 0.8725 0.7853 0.5808 0.4587 0.1604 1.2789 0.7197
STDF 0.8669 0.7809 0.5851 0.4704 0.1559 1.2786 0.7172
RFDA 0.8640 0.7756 0.5773 0.4618 0.1609 1.2770 0.7189
STFF 0.8628 0.7722 0.5696 0.4536 0.1608 1.2773 0.7190

F 10. HEVC ZHo| QP 37 & Zaj|e! & =0|= H7{ ZHlojl CHet 72t = ofF, ZOIE W of
Heleh 21 452 9ol

Table 10. Camera Pose estimation and point map prediction results for HEVC-compressed frames at QP 37 and for the denoising model. Red
indicates the best performance excluding VGGT inference result on RAW input.
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Camera pose estimation Point map estimation
Method Completeness Chamfer
AUC@30 (1) | AuC@15 (1) AUC@5 (1) AUC@3 (1) Accuracy () ) Distance (|)
RAW 0.8878 0.8232 0.6713 0.5742 0.1674 1.2470 0.7072
Compressed

(HEVC, QP 37) 0.8368 0.7412 0.5160 0.3898 0.1526 1.3131 0.7328
STDF 0.8414 0.7417 0.5086 0.3834 0.1493 1.3050 0.7271
RFDA 0.8506 0.7559 0.5281 0.4060 0.1552 1.3030 0.7291
STFF 0.8430 0.7538 0.5482 0.4322 0.1561 1.3055 0.7308

E 11. VWC ZH9| QP 27 2= =Zg|el & =0|= M ZHoi| st 7ot ZX ofF, ZOIE Y ofF Zxf. W72 RAWO ThEH VGGT F&2 ZnE
Helgt 21 =2 2lo|

Table 11. Camera Pose estimation and point map prediction results for VVC-compressed frames at QP 27 and for the denoising model. Red
indicates the best performance excluding VGGT inference result on RAW input.

Camera pose estimation Point map estimation
Method Completeness Chamfer
AUC@30 (1) | AUC@15 (1) | AUC@5 (1) AUC@3 (1) | Accuracy (1) (1) Distance ()
RAW 0.8878 0.8232 0.6713 0.5742 0.1674 1.2470 0.7072
Compressed
(WC, QP 27) 0.8558 0.7658 0.5461 0.4246 0.1694 1.2468 0.7081
STDF 0.8562 0.7695 0.5673 0.4455 0.1625 1.2445 0.7035
RFDA 0.8434 0.7441 0.5156 0.3933 0.1683 1.2419 0.7051
STFF 0.8396 0.7387 0.5051 0.3785 0.1682 1.2397 0.7039
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Table 12. Camera Pose estimation and point map prediction results for VVC-compressed frames at QP 32 and for the denoising model. Red
indicates the best performance excluding VGGT inference result on RAW input.

Camera pose estimation Point map estimation
Method Completeness Chamfer
AUC@30 (1) | AUC@15 (1) | AUC@S5 (1) | AUC@3 (1) | Accuracy (1) (1) Distance ()

RAW 0.8878 0.8232 0.6713 0.5742 0.1674 1.2470 0.7072

Compressed

(WC, QP 32) 0.8697 0.7868 0.5940 0.4794 0.1612 1.2795 0.7203
STDF 0.8655 0.7814 0.5921 0.4780 0.1557 1.2810 0.7184
RFDA 0.8669 0.7817 0.5873 0.4748 0.1604 1.2789 0.7196
STFF 0.8624 0.7740 0.5766 0.4579 0.1611 1.2778 0.7195

E 13 WC 20| QP 37 ¢% Z2fgl 3 0|= M 2of chet Flofat ZX 0fF, ZOIE B oS 2t wrkke RAWO| TS VGGT %2 Znis

Heleh 21 452 9ol

oco=

Table 13. Camera Pose estimation and point map prediction results for VVC-compressed frames at QP 37 and for the denoising model. Red
indicates the best performance excluding VGGT inference result on RAW input.

Camera pose estimation Point map estimation
Methods AUC@30 (1) | AuC@15 (1) | Auc@s (1) | AUC@3 (1) | Accuracy (!) C°mp('jt)e”ess Di;gig:e(r )
RAW 0.8878 0.8232 0.6713 0.5742 0.1674 1.2470 0.7072
(332"8;52‘;) 0.8440 0.7494 0.5247 0.3984 0.1548 1.3071 0.7309
STDF 0.8481 0.7523 0.5277 0.4060 0.1502 1.3019 0.7261
RFDA 0.8459 0.7577 0.5474 0.4250 0.1560 1.3025 0.7292
STFF 0.8388 0.7519 0.5426 0.4279 0.1572 1.2996 0.7284
791 accuracy, completeness, chamfer distanceol| gt 2 V.4 2
T2 ¥ 813014 BT zH7ke] QP @A MFQEV2
HolEMOZ 7] stE 7FEAZ 83 o2 AA B ATo|HE Co3Dv2 74 HlolEAld] JPEGH AVC
Rdo] 22 AxE geaty gg Agste] kst 4E AR volHAS A,
A-g& A3, HEVC, VVCIAE 45 AE7t S71des VGGTY 45 HstsE T4tk AZFAeE, 4= e
dZ Aol dAWA AHE AT BYS & k. T BHEFE FAE ZAE F AL, FEE EIE W
wo]Z A A RdE #8435 4$ HEVC 945 dolEld %A}E Astg AT 5 AU et 22 52 AVC
A= (¥ 8-10) STDF7F 2 79 QP AR A 71w = B oA #elA 45 A7t vebth 53], AVC &
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