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Answering and Object Distance Estimation on Monocular Images
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An Inference Framework for Integrating Visual Question
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Abstract: Visual Question Answering (VQA) effectively addresses semantic queries about objects in
an image but remains limited in inferring physical properties such as inter-object distances from a
monocular image. This study proposes DistVQA (Distance Visual Question Answering), a novel task
integrating VQA with metric distance estimation between objects within a single image. We then
present DIF (Distance Inference Framework), a framework that accomplishes this task without
requiring additional training by leveraging frozen pre-trained models. Key contributions include: 1)
defining the new task of answering questions about physical distances between objects, 2) creating
the DistVQA-VK2 benchmark dataset, derived from Virtual KITTI 2, which contains image-question
pairs querying inter-object distances with ground-truth answers, 3) proposing the DIF framework
comprised of a Metric Depth Estimator, a Focal Length Estimator, a Small Language Model, an
Object Segmentation Module, and a Distance Calculation Module that supports both center-to-center
and minimum surface-to-surface distances, 4) introducing the evaluation metrics QLA (Queried-
object Localization Accuracy), DVA (DistVQA Accuracy), and CDA (Conditional Distance Accuracy)
for jointly assessing localization and distance reasoning. Experimental results show that QLA reaches
up to 87%, DVA achieves 87%, and CDA remains above 82% across all conditions. These findings
establish the first baseline for the DistVQA task and demonstrate the feasibility of modular, training-
free distance reasoning framework from a monocular image.
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[Fig. 1] Overview of DIF architecture composed of four main components: Metric Depth Estimator (MDE) and Focal Length Estimator
(FLE), Small Language Model (SLM), Object Segmentation Module (OSM), and Distance Calculation Module (DCM). Among these,
the OSM consists of three submodules: Open-Vocabulary Object Detection Model (ODM), Verifier, and Visual Segmentation Model
(VSM). All components, except the DCM and the Verifier, utilize pre-trained models
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Generate

« Question: What is the distance between a white SUV and a b/ack hatchback?
- Segmentation Masks: As shown in the above image

« Center-to-Center distance: 11.58114m » Minimum Surface-to-Surface distance: 9.2374m | |
« Keypoints: « Keypoints: a
-White SUV:  [854, 203], [5.5588m, 0.3809m, 17.26m] - White SUV: [772,218]),[3.9306m, 0.8043m,18.81m] | LI

- Black Hatchback: [399, 221], [-5.8536m, 0.8985m, 19.16m] |- Black Hatchback : [458, 219], [-4.8548m, 0.956m, 21.66m]

DistVQA-VK2 Dataset

(b)

[Fig. 2] Overview of (a) dataset generation tool and (b) a representative example from the DistVQA-VK2. The dataset generation tool
provides RGB images and instance segmentation images depending on the selected mode. When an object is selected, the tool displays
the object class name, image coordinates, and camera coordinates of the selected point. Additionally, if two objects are specified, the
tool calculates and displays the distance between them in meters. The sample data generated using this tool includes a distance-related
question, an answer, segmentation masks, and keypoints. Each keypoint is defined according to the chosen distance metric: as the
centroid of a segmentation mask for center-to-center distance, or as the nearest pair of points between two masks for minimum
surface-to-surface distance, in camera coordinates

ok v B 7 34 A ﬂ% *‘57}%‘ 3% 7]£9£t T HEY HolHAE AR =15 skt # =7 RGB
5} 27 olu| 2|9} QIAHA HeK(Instance Segmentation) O|F|X] & X
Nz Vg 7phe Hog @941?4‘11, olgA Hojsl JEAE e o Choret A|2keh RS 2| slol, AR A S st
2 o4 3 [u,0] D 7P FEAG A4 AL g S kg BAoh: O] Beg Erh B3 [Fig 2(a)]°]
X, Y, Z] 0% AlZEof B} AT F7H BALE 7hsst A Hols Het o] GUIeIA A& thE & ZiA7t =]
A OPE]- . o FLof| A= Training-Free FLHS A5l 217] 9, g A= S A ol E, 71 ERIE o|n|x] i, 17
o ZHlolHAEL HE0] FAAHE glo] BEHAE AEA 3L l QE 7peh A7 A, o == ARe 02 57
St 7)ZAE 7t 7|2} 23 A ol f22] = A=) E At 1]
gl D}Hi AT AAIZE. o] 2|3t A= [Fig. 319 HlolE Al
E g4 dmelZos AgE B =7 A9-35 4 4
o] A 7} LA LS EX}O}L 1:1] A Ao ASkS /\oﬂoh:]-
DistVQAZ 913t 7]129] Eo]E| A E Y Ho| 5 E A2t & 15 &30 g2kt A= S8 B eket AA| 277 siAH,
7L 2AGE A1 9719, VKITTI2Z Al gske WElwg 8] DistVQASA 78] 38 52 B7Ishs Hl 24l 71k
olEE FETN0] AT $BOZ IYS ST 4 A AT

_H
I
X T
o B
H
d,
o
o
é
X

\A

I

= n
ko=

32 HoIEAE A&} =

¢}



186 =353 =54 4213 A2 (2026. 6)

Algorithm 1: Datasct Generation Algorithm

Input: Two uscr clicks on an image where distinet objects are present, distance mode,
depth map (depthMap), instance segmentation image (instanceScglmage),
intrinsic camera matrix (intrinsicCameraMatriz)

Output: Question (¢), Euclidean distance of objects as an answer (d), segmentation masks

af objects (my, mz), image coordinates of keypoints (ky, k), camera coordinates
of keypoints ([ Xe, Yor, Zal, [Xe2, Yoz, Zaa|)

1 Initialize empty list O

2 while |J] < 2 do

a p  UserClick()

4 if instance scgmentation mask exists af p then

5 class + GetClass(p);

8 m  MaskColorMatch(p, instanceSeglmage);

T clse

8 |_ eontinue

a Append (class, m) to O

10 {classy, my) « Q0]

11 (elassy, my) «+ Q1)

12 if Center-to-Center distance mode then

13 k) + ComputeCentroid{nt);

14 kg + ComputeCentreid(ny);

15 else if Minimum Surface-to-Surface distance mode then

18 Tnitialize empty list Py;

17 foreach py € my do

18 Z, + GetDepth(py, depthMup);

18 |X.. Y2, Z:| + ToCameraCoords (p, Z., intrinsicComeraMatriz);
20 Append [X., Y., Z.| to Py

21 T} ¢ BuildKDTree(l);
22 nin + 00;
23 forcach pa € mz do

24 Z,. + GetDapth(py, depthMup);

25 | X, Ye, Z;| « ToCameraCoords (pa, Z., inlrinsicCameraMatriz);
26 (d, p) + QueryKDTreeNearest (Ty, [X., Y, Z|);

27 if d < dpp, then

28 tynin

» L (k1 kg) & (p.pa);

30 Zo + GetDepth(k,, depthMap)

a1 [X,. Y, Za] ¢ ToCameraCoords (ky, 7., intrinsioCameraMafriz);

a2 Z.z + GetDepth(ks, depthMap)

33 [X.2, Y2, Zea| ¢ ToCameraCoords (A.g 7r inirinsicCameraMalriz);
34 q + GenerateQuestion{class,, classy

as d + ComputeDistanee(|X,, Ya, Z. |X Yoz, Za]) 5

as Store (g, d, my, ma, ki, k2| Xo, Yo, Za), [Xea, Y, Zal) 5

[Fig. 3] An algorithm for dataset generation
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[Table 1] QLA at different IoU threshold 7, for DIF with
Florence-2 and Grounding DINO. As 7,,,, decreases, the
localization task becomes less restrictive, leading to a higher
success rate in matching both queried objects

TrU Florence-2 Grounding DINO
0.95 0.43 0.46
0.9 0.63 0.76
0.75 0.74 0.87
0.5 0.75 0.87

[Table 2] DVA at different IoU threshold 7, ,, and relative error
threshold 7, =1.25 (k=1) for four configurations. Con-
figuration @ (UniDepth V2 with Grounding DINO) achieves
the highest accuracy among all tested settings

Minimum
Surface-to-Surface Distance
OO ®l 0] |6 |®
0.95 [ 035|038 | 043 | 046 | 038 | 0.39 | 0.41 | 0.43
09 |046| 053] 0.64 | 076 | 047 | 0.56 | 0.55 | 0.62
0.75 1053|059 |0.74 | 0.87 | 0.5 | 0.6 | 0.62 | 0.72
05 (053059075 087|051 | 06 | 063 |0.72

Center-to-Center Distance
U

[Table 2= ¥ 7HA] Bl S OB, A2 TE 7, &
A7 71 AR A A} AR 22(7, = 1.25, k= 1)°]1A]
540 7 A=Ioh 3 71 24 Ao] 2 DVA 3}E HojZ
t} ol 4 MDEFLES}ODMO] 4359] |31 Qg8 vl
32 Itk 74 OB @, T4 B3 0] 52 v oIS ),
QLAS} tlk7}A] 2 Florence-2 X Tt Grounding DINOE A&
ol AL DVA Aso| Auta o 2 sRAl=ES 31015t 4= 01\:}.
TS A O O, 4 @9 @9 H5= HluSHE o,
DepthProEE]- UniDepth V204 DVA A4}%5-0] 2514 0 & 3FA)
H-& golgl 4= Qltt. uletA, Grounding DINO2} UniDepth V2
E X3 @7 7P 93t A5 Kol Al Florence-29k
DepthPrO* ZS Do) 7H B2 e ERlth 714

o= FA A H W PS o 7 24 AT 7Rk A

o om}x%_ﬁ A7t @A Yebd . ol 3 7 24 7

2 ALE A] thFR9] 7| ERIET} upA S O] 7Rl of] 1|5}

Al =, S npAT 7 A npA = 0 5] PA|SHA] Y=

ol 7FA] FHollA ol =7 IAstal AR 7 et 23
7HAA AAE Hold 4= 317] whizel ot

[Table 3]= 7H 972t 4352 HQl 74 @F A2 HE
T 2T 7, 2700 A F4 7F AR eE 3 7F 2|4 Ao wh
EDVA 2= Hoj&oh 7P A8 2A(r,, ;= 0.95, k=1)
olx= 4 7H A=t 9 7t HA A ZHol tis) 0.46,

[Table 3] DVA at different IoU threshold 7, ,, and relative error
threshold 7, values for configuration @ (UniDepth V2 with

Grounding DINO). The evaluation becomes less restrictive as
T decreases and 7, increases, leading to higher DVA scores

Minimum
Surface-to-Surface Distance
7,=1.25 | 7,=1.25%| 1,=1.25*| 7,=1.25 | 7,=1.25%| 7,=1.25’
0.95| 046 | 046 0.46 0.43 0.43 0.44
09| 076 | 076 0.76 0.62 0.7 0.72
0.75| 087 | 087 0.87 0.72 0.81 0.83
05| 087 | 087 0.87 0.72 0.81 0.83

Center-to-Center Distance
ToU

[Table 4] CDA at different IoU thresholds 7, and relative
error thresholds 7, values for configuration @ (UniDepth v2
with Grounding DINO). As 7,,,, increases, only predictions
with segmentation masks closely matching the ground truth are
considered, which favors more precise localization. At the same
time, larger 7, values allow a wider tolerance for distance
errors. These two factors together explain why CDA scores rise
with higher 7, ,,and 7;. It is also noteworthy that CDA remains
at 1 across all settings when using center-to-center distance,
highlighting UniDepth v2’s robustness in distance estimation
once object localization is correct

. Minimum
Center-to-Center Distance .
U Surface-to-Surface Distance
Tk=1.25\Tk=1.252\7k=1.253 =125 | =125 r,=1.25°
0.95 0.93 0.93 0.96
0.9 | 0.82 0.92 0.95
0.75 0.83 0.93 0.95
0.5 0.83 0.93 0.95

0439] 452 HeIth 71 S48 (7, , = 0.5, k= 3)°l
M S4 2t A9 2 7F 24 A o] dis 0.87, 0.83
o] 5= HA ol 74,7t RO AL 77t S7Fedol Wt
7} 7]%0] HA} &o}Elo] DVA H47t ASshe 43S
Higsict.

[Table 4]= 74 @5 M2 OHE 7, , 24T} 7, ZANA &
2 7t Aot 31 71 24 A2of mhE CDA 23 HojEt
T/t ARTE FH 09} 85| YRSk STt H7t
off Zete] o] YA FE L7t oA AL, 7.7 A-SE AP 24}
3hgo] HolA kA 02 CDA 47k 453ie. 319, CDA
+ & 735l dishA 0.82 o] ghg HolH, T4 1+ A=
9] Bfoll= e 2700|A 18] 452 ERIt o] UniDepth
V27 Al gk gt mﬂfﬂr 339 S0, 1 91
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Ground Truth Distance: 13.53m Predicted Distance: 12.99m Ground Truth Distance: 11.29m Predicted Distance: 10.84m

[Fig. 5] Comparison of the ground-truth and predicted distances using Center-to-Center and Minimum Surface-to-Surface metrics. Each
row shows an example from the dataset. The left column displays the original RGB images, while the middle and right columns
visualize the ground-truth (red) and predicted (green) keypoints and segmentation masks. The ground-truth and predicted keypoints are
connected by red and green lines, respectively, and the overlapping regions between the two masks are shown in yellow. The
corresponding distance values are also provided to highlight the prediction accuracy

of ok A7) B vhade} T EAE S
25 24 B vhAToh | EIESS 254
%Ar. ol A AH) B3k vhaze) o] 74
HE AR el RO ARIS SI20 34 1A
o] A A & 7| ZAEO] o]u] 4] HI:7} vh% AL
o] 5 440] 47 Sj] 0.2 welch e, el 73
A A2 e} ol 7| EQLE FHE 710] o]} Tk WATs)
of 5 7o) 2 4lo] TRE= AL BT 4 9]

6.2 2

2 Qo= A7 Ao| ST A A2 248 B
ML Task AT 0|5 918 AT ol M ES
Aaekan o] $eat Ae 24 A2 W wefstel B7tet
AR WA EES ANSIT £, Hlaky 29912
£ AT A B ANt 9 TaskS 3712 AL
Hhelslglr. ol S B & oA Alket ma| 9927} vk
RGB o] m|A| 25 E 47| 7t A) S 454 0 24 5 98
o ﬁo]:g].oﬂ]q—

ol zausas e

1:1

7 b ek

2 ALG I o} 2o

8715 A02 A, 531 € 4290 484 32,
15871 oo ek, P B2 U] ol 2, B A

Ml R
10
m{n

_)‘4_4‘
E-Ll

w
4

rlr Y
)
_\55
E
\l
E
L
_QJ:
o_ltl]
ox
T
i

$0

tH
o
re
l =

|

9
‘¢°Wwﬁymﬁiﬂ%ﬂﬂzbﬂ

it Aﬂ i
2 JH‘.
koo
>
% 3
3
o
1o,
ol
uO
10
10
)
ik
o,

e
il
i)
)
ek
>

1

of 30 HI B
ok
>,

19

N il

lli

o[ 82 yn
N

N

i

Ni
}gﬁ
¥

olefat By Bl & x| 9] 4

o514 Aelo} 27]9) 22 BRI WL

i)
OO

30 o
to o
ORI
i

N

=

it

o

References

[1] S. Antol, A. Agrawal, J. Lu, M. Mitchell, D. Batra, C. L. Zitnick,
and D. Parikh, “VQA: Visual Question Answering,” in 2015
IEEE International Conference on Computer Vision (ICCV),
Santiago, Chile, pp. 2425-2433, 2015, DOI: 10.1109/1CCV.2015.279.
A. Panesar, F. I. Dogan, and . Leite, “Improving Visual Question
Answering by Leveraging Depth and Adapting Explainability,”
in 2022 IEEE International Conference on Robot and Human
Interactive Communication (RO-MAN), Napoli, Italy, pp. 252-259,
2022, DOI: 10.1109/RO-MAN53752.2022.9900586.

J. Zhu and Y. Fang, “Learning object-specific distance from a
monocular image,” in 2019 IEEE International Conference on
Computer Vision (ICCV), Seoul, Korea (South), pp. 3838-3847,
2019, DOI: 10.1109/ICCV.2019.00394.



192 =3.3}5] =52 #2138 A23 (2026. 6)

[4] S. Lee, K. Han, S. Park, and X. Yang, “vehicle distance esti-

(5]

(o]

(7]

mation from a monocular camera for advanced driver assistance
systems,” Symmetry (Basel), vol. 14, no. 12, pp. 2657, 2022,
DOI: 10.3390/sym14122657.

M. Ahishali, M. Yamac, S. Kiranyaz, and M. Gabbouj, “Repre-
sentation based regression for object distance estimation,” Neural
Networks, vol. 158, pp. 15-29, 2023, DOI: 10.1016/j.neunet.2022.
11.011.

D. Teney, P. Anderson, X. He, and A. van den Hengel, “Tips and
Tricks for Visual Question Answering: Learnings from the 2017
Challenge,” arXiv:1708.02711, 2017, DOI: 10.48550/arXiv.17
08.02711.

W. Wang, H. Bao, L. Dong, J. Bjorck, Z. Peng, Q. Liu, K.
Aggarwal, O. K. Mohammed, S. Singhal, S. Som, and F. Wei,
“Image as a foreign language: BEIT pretraining for all vision and
vision-language tasks,” Proceedings of the IEEE/CVF Confe-
rence on Computer Vision and Pattern Recognition, Vancouver,
BC, Canada, pp. 19175-19186, 2023, DOIL: 10.48550/arXiv.22
08.10442.

X. Chen, J. Djolonga, P. Padlewski, B. Mustafa, S. Changpinyo,
J. Wu, C. R. Ruiz, S. Goodman, X. Wang, Y. Tay, S. Shakeri, M.
Dehghani, D. Salz, M. Lucic, M. Tschannen, A. Nagrani, H. Hu,
M. Joshi, B. Pang, C. Montgomery, P. Pietrzyk, M. Ritter, A. J.
Piergiovanni, M. Minderer, F. Pavetic, A. Waters, G. Li, L.
Alabdulmohsin, L. Beyer, J. Amelot, K. Lee, A. P. Steiner, Y. Li,
D. Keysers, A. Amab, Y. Xu, K. Rong, A. Kolesnikov, M.
Seyedhosseini, A. Angelova, X. Zhai, N. Houlsby, and R. Soricut,
“PaLI-X: On Scaling up a Multilingual Vision and Language
Model,” arXiv:2305.18565, 2023, DOI: 10.48550/arXiv.2305.
18565.

B. Li, Y. Zhang, D. Guo, R. Zhang, F. Li, H. Zhang, K. Zhang, P.
Zhang, Y. Li, Z. Liu, and C. Li, “LLaVA-OneVision: Easy
Visual Task Transfer,” arXiv:2408.03326, 2024, DOIL: 10.48550/
arXiv.2408.03326.

[10] L. Beyer, A. Steiner, A. S. Pinto, A. Kolesnikov, X. Wang, D.

Salz, M. Neumann, 1. Alabdulmohsin, M. Tschannen, E. Bugliarello,
T. Unterthiner, D. Keysers, S. Koppula, F. Liu, A. Grycner, A.
Gritsenko, N. Houlsby, M. Kumar, K. Rong, J. Eisenschlos, R.
Kabra, M. Bauer, M. Bosnjak, X. Chen, M. Minderer, P.
Voigtlaender, 1. Bica, 1. Balazevic, J. Puigcerver, P. Papalampidi,
O. Henaff, X. Xiong, R. Soricut, J. Harmsen, and X. Zhai,
“PaliGemma: A versatile 3B VLM for transfer,” arXiv:2407.
07726, 2024, DOIL: 10.48550/arXiv.2407.07726.

[11] A. Bochkovskii, A. Delaunoy, H. Germain, M. Santos, Y. Zhou,

[12

]

S. R. Richter, and V. Koltun, “Depth Pro: Sharp Monocular
Metric Depth in Less Than a Second,” arXiv:2410.02073, 2024,
DOI: 10.48550/arXiv.2410.02073.

L. Piccinelli, C. Sakaridis, Y.-H. Yang, M. Segu, S. Li, W.
Abbeloos, and L. Van Gool, “Unidepthv2: Universal monocular
metric depth estimation made simpler,” arXiv:2502.20110, 2025,
DOI: 10.48550/arXiv.2502.20110.

[13] A. Geiger, P. Lenz, C. Stiller, and R. Urtasun, “Vision meets

robotics: The KITTI dataset,” The International Journal of

[14]

[15]

[16]

(17]

(18]

[19]

[20]

[21]

(22]

(23]

[24]

Robotics Research, vol. 32, no. 11, pp. 1231-1237, 2013, DOI:
10.1177/0278364913491297.
Y. Cabon, N. Murray, and M. Humenberger, “Virtual Kitti 2,”
arXiv:2001.10773, 2020, DOL: 10.48550/arXiv.2001.10773.
R. Ranttl, A. Bochkovskiy, and V. Koltun, “Vision transformers
for dense prediction,” Proceedings of the IEEE/CVF Inter-
national Conference on Computer Vision (ICCV), Montreal,
Canada, pp. 12179-12188, 2021, DOI: 10.1109/ICCV48922.
2021.01196.
A. Dosovitskiy, L. Beyer, A. Kolesnikov, D. Weissenborn, X.
Zhai, T. Unterthiner, M. Dehghani, M. Minderer, G. Heigold, S.
Gelly, J. Uszkoreit, and N. Houlsby, “An image is worth 16x16
words: transformers for image recognition at scale,” arXiv:
2010.11929, 2010, DOIL: 10.48550/arXiv.2010.11929.
T. Y. Lin, P. Dollar, R. Girshick, K. He, B. Hariharan, and S.
Belongie, “Feature pyramid networks for object detection,”
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), Honolulu, HI, USA, pp. 2117-
2125, 2017, DOIL: 10.1109/CVPR.2017.106.
Qwen: A. Yang, B. Yang, B. Zhang, B. Hui, B. Zheng, B. Yu, C.
Li, D. Liu, F. Huang, H. Wei, H. Lin, J. Yang, J. Tu, J. Zhang, J.
Yang, J. Yang, J. Zhou, J. Lin, K. Dang, K. Lu, K. Bao, K. Yang,
L. Yu, M. Li, M. Xue, P. Zhang, Q. Zhu, R. Men, R. Lin, T. Li, T.
Tang, T. Xia, X. Ren, X. Ren, Y. Fan, Y. Su, Y. Zhang, Y. Wan,
Y. Liu, Z. Cui, Z. Zhang, and Z. Qiu, “Qwen2.5 Technical Report,”
arXiv:2412.15115, 2024, DOIL: 10.48550/arXiv.2412.15115.
B. Xiao, H. Wu, W. Xu, X. Dai, H. Hu, Y. Lu, M. Zeng, C. Liu,
and L. Yuan, “Florence-2: advancing a unified representation for
a variety of vision tasks,” Proceedings of the IEEE/CVF Con-
ference on Computter Vision and Pattern Recognition, Seattle, WA,
USA, pp. 4818-4829, 2024, DOI: 10.1109/CVPR52733.2024.00461.
S. Liu, Z. Zeng, T. Ren, F. Li, H. Zhang, J. Yang, Q. Jiang, C. Li,
J. Yang, and H. Su, “Grounding DINO: Marrying DINO with
Grounded Pre-training for Open-Set Object Detection,” Lecture
Notes in Computer Science, vol. 15105, pp. 38-55, 2024, DOI:
10.1007/978-3-031-72970-6 3.
N. Ravi, V. Gabeur, Y.-T. Hu, R. Hu, C. Ryali, T. Ma, H. Khedr,
R. Réidle, C. Rolland, L. Gustafson, E. Mintun, J. Pan, K. V.
Alwala, N. Carion, C.-Y. Wu, R. Girshick, P. Dollar, and C.
Feichtenhofer, “SAM 2: Segment Anything in Images and Videos,”
arXiv:2408.00714, 2024, DOL: 10.48550/arXiv.2408.00714.
M. Ding, B. Xiao, N. Codella, P. Luo, J. Wang, and L. Yuan,
“DaViT: Dual Attention Vision Transformers,” Lecture Notes in
Computer Science, vol. 13684, pp. 74-92, 2022, DOI: 10.1007/
978-3-031-20053-3_5.
N. Carion, F. Massa, G. Synnaeve, N. Usunier, A. Kirillov, and
S. Zagoruyko, “End-to-end object detection with transformers,”
Lecture Notes in Computer Science, vol. 12346, pp. 213-229,
2020, DOIL: 10.1007/978-3-030-58452-8 13.
H. Zhang, F. Li, S. Liu, L. Zhang, H. Su, J. Zhu, L. Ni, and H.-Y.
Shum, “DINO: DETR with Improved DeNoising Anchor Boxes
for End-to-End Object Detection,” arXiv:2203.03605, 2022, DOL:
10.48550/arXiv.2203.03605.



dhet ofu R ol Az o] St Bl AA| A 2 B Y 8 22 193

[25] NVIDIA Corporation, “VPI - Vision Programming Interface:
Pinhole Camera Model,” [Online], https://docs.nvidia.com/vpi/
appendix_pinhole camera.html, Accessed: Sep. 29, 2025.

[26] T.Y.Lin, M. Maire, S. Belongie, J. Hays, P. Perona, D. Ramanan,
P. Dollér, and C. L. Zitnick, “Microsoft COCO: Common objects

=5
2023 “rtdcistal 71 AE SN EE D
2025 “grtthelal A 2R

in context,” Lecture Notes in Computer Science, vol. 8693, pp.
740-755, 2014, DOI: 10.1007/978-3-319-10602-1 43. W
[27] L. Ladicky, J. Shi, and M. Pollefeys, “Pulling things out of i
perspective,” Proceedings of the IEEE Conference on Computer Aok Visual Question Answering, Vision-Language Model

Vision and Pattern Recognition (CVPR), Columbus, OH, USA,
pp- 89-96, 2014, DOIL: 10.1109/CVPR.2014.19.

b
(=]

=
1995 Rlatst ZAFEl 5 THEEAD
| 1997 GIST ARE-GAIE3HAAD
2011 SEehtal 73 E A

. 1997~ FEAAEAFTAALNATL)

A=l
TalEo

F Military AT, 91825, 23, 4321A]

=t
o
1996 FHJelistar g S F 3T

1998 Srlfeln Axpaslal(FshaAh
2017 Fethtal 7|AlF S AD

t. 1998~1999 LG AFA($I7)

1999~2001 A 9 Ej2~l]w|o]8] (372
2001~@AA SFFRIEAIAITA(FAIT-LD)

Aok Military Al Q1EAVs, 23, 35214

L=

rio

2

2010 Algistal 7] A1E-5SHH(E 3IAD

2012 Mechanical Engineering, UC Berkeley
(Z3HARp

v 2016 Mechanical Engineering, UC Berkeley
v (FERh

2017~2020 Aerospace Engineering, Caltech (ZMA[3-9379])
2020~2023 ShAFEHA A7)
2023~FA) godstal 2w

FalEok HERE Al 2HEX v ZRl2]E



	단안 이미지에서 시각 질의 응답 및 객체 거리 추정 통합을 위한 추론 프레임워크
	Abstract
	1. 서론
	2. 관련 연구
	3. 데이터세트
	4. 프레임워크
	5. 실험 및 결과
	6. 결론
	References


