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Do Vision Foundation Models Understand Volume Renderings?
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Abstract

Vision Foundation Models (VFMs) are pre-trained on large-scale natural image datasets and possess
strong capabilities for capturing both morphological structures and complex contextual patterns in images. In
contrast, Direct Volume Rendering (DVR) images contain more intricate information than natural images, as
they project 3D volumetric data onto a 2D plane while incorporating transparency accumulation and the
optical properties defined by a transfer function. This study investigates whether VFMs pre-trained solely on
natural images can also extract meaningful features from DVR images. To this end, we analyze the image
encoders of three representative VFMs—DINO, CLIP, and SAM—which differ in their training objectives
and input modalities. By visualizing the features extracted from volume-rendered images using these models,
we compare their capabilities in terms of structural expressiveness discrimination. Furthermore, by examining
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how each model’s training methodology influences its feature visualization outcomes, we provide an analysis
of the characteristic differences that arise from their respective pre-training strategies.

Keyword : Direct Volume Rendering, Vision Foundation Model, Feature Extraction

1. M&

rlo
HI
ir

AY 28 Y (Direct Volume Rendering, DVR) A 2& HO|HE 24t HHO

3
x|
YOI L7 Fxo TEot ST MES SAOf |7—f§f5PE

7zolct 1), O TYOIM Holzt
(Transfer Function, TFY= 28 HO[EQ] AZRIS SEYEot Maojats YN 402

SA7|le dg2 850, 0|F & MEAts 5 A YY(Region of Interest, RONZ 2|51
NZHoz FHelste AeE ottt M2tA DVR O|0|X|= Thedt 2Xtel £ 0[0|X|7} OfL
2h, TF 222 o AH8ARS| 2|27t Bt El NXHYHA A2 FEetn & 4= U0t

JdejLh Mot TrE HHEd%ts IHE2 =8 Hl0|HQ| S|AEIH™ WE FREQ| S7HE A,
NZH oz J71E 52 SYH2E O[sfisiof stz =&et A0, A[HEQ0| o|ESH= H|E 7
Ho|n HEMQl Meol2ts oA 7 EXfSct 0l2{%t HaedE ==5t7| #ls Ats2tE TF
GO|L} FAF O|O|K| AAMup 22 7|&0| AL UCLE O|F A5/ fshMe A HEHE
E o|ofX|7t Zetstn Qe HEE of0| A MY £ UA0{0f BTt F, DVR O[O|X|E Ehedt
oM Zeol otz o FxIF ZXRE[UEX], SUE FEZL OfEA BAX[J=X[t &2 20|
X EXE FE5= 50| EHo|T)

2 2SXs 2oMe o3t EFFE EME 25| ATt MER YIHRE Uz

HolEAlg Edf st&E 7|8 B (Foundation Model, FM)O| FS8t1 QICt A0 XN2Z| £0f
(Natural Language Processing, NLP)OA] A|ZE|Of Vision Transformer ZE2 28&510] AFE HH
2ot2 SAE|Qon, [iFE Xt 0|0|X| GIO|E{AS self-supervised = semi-supervised HAIO 2

st&ot AlZE 718 23 (Vision Foundation Model, VFM)=2 O[0[X|Q| FEHAE FxQ STt Z
HEE FusHH 2Adte 58S YSBOIULH [2]. Ol 28 ANEEE Sof 22 LetHel &#
o 50| DVR O|0|X[Qf Z0| A|He=Z |_+0|57|. =2 HOHOME F8LE = ASS AlARR
Ct. gLt 7|1& vimM2 25 3ot 2 oot A E J7H7 X H0|0X|E S22 SHEERULE
= FoilM, Tz 7[8to] 3 #Y, TF Hato| e A|Z4H CtYd & DVR O|0[X] 1R/l £4
= 2o =oQl AXpoF EXfeict MEt & =g0Ms AHo[0|X| 7|He s SEE ZEO|
AFEREQ| o7t HHHSIHA nRot E4E 7HE DVR O|O[X|0ME OfF3| 2lO| e EFYE ¢
HHoR &g 5 U=XE NANCE &M, #F St} St

= ¢79| 7|0l Ci21t 2t

Xtet o|Ojx| 7|8tel vEM & 2& U O[0[X|e] AN, FUMAH EFS JIE RlHeE F



Journal of Digital Art Engineering & Multimedia
Vol.13 No.2 June (2026)

Mg VEMSE DR O|0|X[0 HE3t0] 2t REHO| EY 10| X[ &4

mo

Hlm 2AsiC}

-

Hr

DVR O|M HEot TFE 28%l= A2 =F CHOE0| et APE K4S 251N AHEALS| o=

S AZHo= PHEIINA B AUKQE SIS o2f8 sAE I=3p7| Y3, AT A7
So [j72 HO|EE AHSEE MOl QU|2E A2 52 ¥R TF ZNo| 2EME
#3 A8l ozt At

|
DVR O|O|X|E %“éﬁrﬂ Hog 7tsde8 BOFRACt £t Wang et al. [4]% GPT, Geminiszr

131'4 0|E‘|E’J ﬁ%‘ EQE 2|5§ 7189t Hojof EZFE[0f AN, VEML| image encoder”t
DVR O[O|X|9] A|ZtM EXS & FEE = JU=X0f Lot 242 £F5 AHo|ct o[ 2 ¢
= U2 X¢ o[OjX| Image Encoder’t O|ZA QI E=MQIQl DVR O[O|X|Q| 7=

%ol & 0
5 2oy 532 suxes QX MBS ASOD 2AStE O YL

Hu
ot
o>
(LI
=
o m

3. Method
3.1 Overview
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[Fig. 1] Overview of pretraining method of 3 Vision Foundation Models
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3.2 Model Architecture

M M 7k 23

o
Hof AAM Mz OHE LDt 5.% lossE AME0I0] i 22

ESESEel el J—'-Pg01|)\19| Xto|g e
Bolct

DINO= && A0 ot 0|O|X|E 7|dte 2 YUt & viT 2SS 22 student, teacher2 A7
St ot&SHE self-distillation 7|HS AFESICH crop 22 Sl studentO| Hl= local HEE teacher
HAE global HEE 2510 LI2 SEg2 AE X2 HUSI0 HEdts YAL=E S5

24, ZZO| O[O|X| LHO| “local-to-global” T-EX & YS LtsH ot
CLIPZ &5 Al0| O[D[X|-HIAE #S St& O0|HZ viT 7[Ete| O|0|X| QBHQ} Transformer
7lgto] HIAE QIAHE &85t 2210 RN SEUE52 UHxgs2 Sl st&oltt g &
HAE 7O g2 QAst R = U= SYHS AT

[l
[El
[m 1

DVR O|O0JX|= O[O[X| XtH|e| F=H FEot TFE Sl ZYLL2M ALEAZE 21X} Sh= X
AN YHE ZF Zootd QUtt o =YX EYS & =S| /8] DINOOIAM At
Attention Map visualization H2F2 XHEBICE Attention Map Vision Transformer ZZO|Al HAt
Z haed B AttentionO| O|D[X[Q] OH REEZ TR 21 JU=X|E A[A4H2 = LIEIHL} 0|
&%l DVR O|0|X|o] EHE Z} RZHO| OfEHA FE5H=XE TS
Attention Map visualization2 ViT ZZ0| O|OX[E 0| OFX|Y layerOlA FZE multi-head
Attention 2t0ll CHSFO] CLS E2E 7|Z22 2 TjX| 72t0] ZRETE Attention Map2LEMN A|Zt3}s}
= SHOICL CLs EE2S ZY HHZ AHeES T™ols pDINO2 CLIP2 DINOS| HEE 1

I:I — O A
2 ARESEL, CLS EE2S ZeoH| i of 50t saMe| O[0[X] QIRHE IHA|E Attentions &

HJ

174



Journal of Digital Art Engineering & Multimedia
Vol.13 No.2 June (2026)

TH2E AU HEUCZ A[ZStot,

4. H

oot

21

4.1 Implementation Details

2 A2 OZ T Ho|HAZ2 AFESHE; : Tooth, Three balls. Three balls O|O]X|= Voreen
HEHHE S MU Tooth O|0|X|= At HZeh viK 7[8t HE2E Sl MZE = RAC H
WE f[et DINO, CLIP, SAM ZE2 2F 3T =z2| githubdA XSSt U= ZEHO| FolQt
HEXIE 7tMet ALERICE Attention Map2 AlZ4%tSt= ZE= DINO ZEOM HISst U=
visualize AttentionpyS Xt138}0{ 22t CLIP, SAMO| H&3UCE [1& 21= ViT-B/16 ZEO0| =3}
= 127H9| Attention Map & 37/ E &0t EO{ELE

Dino CLIP SAM(MAE)

[O8 21 =& HCE& O|0|X|0f| CHSF Attention Map 21+ J12/0|Ct

[Fig. 2] Results of Attention Map in Volume Rendering Image
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