Object detection and few—shot learning

e — ] JAMS

v ACQUISITION PROGRAM JOURNAL OF ADVANCES

IN MILITARY STUDIES

2025, Vol. 8, No. 1, 1-13, https://doi.org/10.37944/jams v8i1 277

Comparative analysis on few—shot models performance for
improving object detection in the military Domain

Kim, Junsub® - Choi, Dongnyeok™*

ABSTRACT

The application of Object Detection (OD) techniques in the military and defense domain is
often restricted by stringent security requirements and limited data availability, To overcome
these challenges, the present study investigates the potential of Few—Shot Object Detection
(FSOD) for military applications, A military vehicle image dataset, composed of real—world
defense imagery, was constructed for this purpose, Four representative object detection
models—YOLO, DETR, GLIP, and CD-ViTO—were fine—tuned under 1-shot, 5—shot, and
10—shot conditions, The model performance was evaluated using mean Average Precision
(mAP). Notably, the CD-ViTO model's cross—domain generalization capability was further
examined by comparing its performance on this military dataset against public benchmarks
previously used in FSOD studies, Experimental results demonstrate that CD—ViTO achieved
superior mAP scores, highlighting the viability of FSOD for efficient and accurate object
detection in military and defense applications.
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3tH, 214 'R 7]&9] Ao & Open-Vocabulary Object Detection(OVOD) 7lg o] A5ttt
ol= AR A oH Ze 2 ol =S A| il HAE A 7|HEe R Afmg A gHA] Ao
t}. ¢l OVOD 2 4¢l GLIP(Li et al., 2022) 2 Grounding DINO(Liu et al., 2024)= &2 &lA
E-ofu] 2] ARHEhES F3 AlZAk(zero shot) BA| Ao Sk, xp¢lo] 7k A4 Q1AS Ad
sklck 53] OVOD= |4 229 AlofFS &tk FollAl =1 ool A2 em &8 7Hs
o] Qo oH3s] A mHQloflA e faA HE2 ulH|sitt.
= dfadte diotew
FSOD(Few-shot Object Detection) 7]
Transformer: ViT) 7|¥Fo] L%, ¢10]-A]
opoll Al B 7|9 RS HAEce AS A7 5T A4l o] =m|Q19] Few-Shot St
A= gFE ou]x] B2 (Classification)of] 580} 1 & m(Kang, 2022; Yuk, Oh, Jeong, 2024), ©]
oA W A ] X 7HA] F A Sk OD <A ofl Few-Shot 41-8-3F 8h&4] L7F f&5)th. ojw]%]
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2.1 Object Detection(OD) ¥ Open—Vocabulary Object Detection(OVOD)

Z) 4| EA|(Object Detection, OD)<= o]u]#] W A7 F7et 912 4] 7]&= CNN 7[4ke] YOLO
29 Transformer 7]HF2] DETR(Detection Transformer) @ o] tfE Aot} YOLO 2d-& 7|& X
SARCNN A%) Ao Aok sjas7] 918 4 Zuz A oA o we] wAsh, @
o AATeR WE AR Ao} £RE AT Helsto] FAl] |53 4 ITRemon et al,
2016). LA sl HElS A TR £t Fe gF4o] 7Hss YOLOVS, YOLOV8 52
HFA S A AA 7 B A Bofoll A 28531 Qltheg, Alawi & Mohammed, 2024; Ryu, Park, & Kim,
2024). ol & =0 Back et al.(2024) A= AA| F=F719 AL A W A HA 9 A&
54 aolx JuEn Aok A2S 9% olux] WA HHom YOLO RS Heaalr.

s, DETR 2 9)(Carion et al., 2020)2 Transformer o}7| 84 & &85 7|& A &% REo] &2
At 4+ 845 AASHAL end-to-end T HERAE AA 7F TAE AT ste] H34%
Fo A= Fojtk 459 Aol ek ofd o= Etetal, s HE AR AojH 1y
ool FIHE BAN bata, 29 ARl ghat B Aol Azstel A7k gAof Aokol
At o]0 Alawi & Mohammed(2024) A5 oFHo| A 2 SAT GA} A4} - TS 285

& 7 24 FA9 A = 98 71€ DETR 29 7jAde Al=skich o]&-2 End-to-End
Transformer 7]|8F L2 2 thoFst o|u| x| 9] At EAS §§+51al, T} Transformer 4 L2 E
Al 2FskATt.

7WeF 3] 1A EHR](Open-Vocabulary Object Detection, OVOD)+= AMA A ol¥ A F5 Q]of =}
o] Ang 7uto g olux] Y AA|E €25l 7|4o|t) Li et al(2022)0] A|2FsF GLIP(Grounded
Language-Image Pretraining)-> B]AE-o|u]z] 7} oju]2] ujA o & tfjfx AP £33 zero-shot
7|8 &2 7} 74ssie) 2 2R Grounding DINO 2918 DETR 7|¥h JLxo] B|AE 278 7
A SAE Feel, charat doleAl YatoR Aol Hlo] X<lo] H2o) upe AA) 9ix]o)
A dEo] 7heRt 25 23 oW (Liu et al, 2023) APASHGofl E3FE A oFL: EHlofuf
Ao #et g2 Aso] ARttt A= Sl
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2.2 Few—Shot Object Detection(FSOD) ¥ Few—Shot Learning® A} o}
(S - B 28

FSODE 77 $74 Aol dlo|el(sls Am)The Tgelo] Az A% 718|128 Bk
Meta R-CNN(Wang et al., 2020)-> Rol(Region of Interest)1 229 Hegyyd FRE =Ysty] A4
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Mzg gt el MA| €7} 7}58h, Frustratingly Simple FSOD(Wang, Huang, Darrell, Gonzalez,
& Yu, 2020)-& ©H> fine-tuning{t O 2 7| & el 71HE 5715k= AlSS E 9tk E3) FS-DETR
(Bulat, Guerrero, Martinez, & Tzimiropoulos, 2023)-2 DETR 0| A|Z}4] ZTE2XZEE %8510 g
AE Al 27} &5 9ol RS S| A Ex|7) 71559t X Vision Transformer 7|¥Fe] 7=}
& gz 25 ASE CD-VITO(Fu et al, 2024) 222 CD-FSOD(Cross-domain few-shot object

detection) A ¥} A A LERITH

A7)g A WA RAL Sk A1 4% A7) dolH R AAe] 1% 598 3w 4 ool
TAF Bofo A AA| Y BE A S =ol= o Aggslthe.g., Park, Lee, Choi, Kim, Jeong, & Paik,
2004). A7) T ok TAH HlTolL} WA 0 R i Yolelst HEt BAKOR ofe e
Aol ch(Back ot al, 2024). o] & AFAT 44| Aok s)4517] 93] Kang2022)2 A7 A=
of Azd W ARAE Aol s nlAd AAE S5etA o dlold ERF s vl
Rl 718 S Aotttk FovShot Leaming WA & 28 A3k ool 4G EA e

2 @
2
o

& 103%9] o2 AA Ho] Asto] 58% 9 w7 A Hes HAth © Holrt
Yuk et al.(2024) 739, AA| Azt AF7] oju]A] Ho|E(LZa HolEAl B QIEYl ofu]x] &=
S AF&3+o] Prompt Learningol| 7]4H3F Few-Shot Learning HJ4] 02 B3 ASAS o]} ¢
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1) oju]z] ol A7} 24T 7Fs/de] w FoE onlshH, A ©A] A] o] FAo FHFste] AA 9 S~
\:'Eg} 7<4U1§} TF2 zsb@}\];l

2) s dlolEule AA FeiolA] oF 120-1507] &0l EAetH, & dAts FHAT = & ey on|x=
3H50] o] ZoJ x|z Few-shot 314 B4 AASILR AL HlolEl M) A £E Ho|7h A Axpol] HH el
o] A4 i wheistol Bao] 243k
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A5 B 2 Ao AA dolEe sH(15.0% 1497, %( S%, 4227), BISE@25%, 422
Az et A7) A8E A7 dolesle] Bejel 7k A7 £AE Table 13} o] TA4FTH,
= 71 dGH(Bulat et al., 2023; Li et al., 2022)& #a13}o] 2

©
2 Y2 77} 1-shot, 5-shot, 10-shot Z71¢f 9ra=o] sh<5 lolg & FL/dgteh. o] glo|gAl 7t 2|
AR AGE AF o dGdt= o] mH o] H(annotation) TS 3E3FSEAL, U A] AA| HlojE = 1:1
MR A HAE dolH P9 BUU. Dol A5 A% BrhE HAE Hole Ao
s, o5t Bt 7k Hloly F&o] gles AARith
(Table 1) Summary table of experimental data sets
Item Description
Total # of images 993
# of classes 10
Annotation format COCO format(json)
Data split ratio train=149(15,0%), val=422(42.5%), test=422(42 5%)
Experimental setting Number of images used for 10(1—shot), 44(5—shot), and 83(10—shot)

2 oo AEE 51 dlolHAe oS A uFigwe 1), 2t o|u X AR ol A% 2o
2so]l Sgahs -89 BhsBounding Box)2} S A, o] wAk A $1x]0h 27]5 Aek
UiebdiT) o]5 E8) shite] AAuke ERSHE oln|xoh T AR ERkSHe ofn| = TAHL,

==

{Figure 1) Example images of training dataset
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3.2 2d 74 9 A4

w2 A9e AR O 24 549 Y] 7HA] B2de AY Fof v Ade sasksich AR
mYo] £570 7t HUS HHT olf The Table 29 2.
(Table 2) Comparison of different object detection models
Model Rationale
YOLOv8m * A representative CNN—based object detection model
(Jocher et al,, 2023) *+ Offers a good balance between speed and accuracy
DETR * Transformer—based object detection model
. + Effectively models complex object relationships, making it suitable as a
(Carion et al,, 2020) ) . .
structurally different comparison baseline
GLIP * An OVOD model based on text—image matching
(Li et al,, 2022) * Supports both zero—shot inference and few—shot fine—tuning
CD-ViTO + A ViT-based model specifically designed for FSOD
(Fu et al,, 2024) * A recent model achieving high detection performance with limited data
3.3 3 9 W7k A%

-
= ] ©

I E Td(Table 2)& 53 A

]— E]_E“tﬂi _1__ H‘_

378 A (overfitting)& *FASH7] 918 7] FE(Early Stopping)

the.g., Wu, Cong, Huang, Ju, Jiang, & Chen, 2025). A4 o 2= A3 ¢
Qo o]2oixx] row ok Ago] FRHEE AAsi

o5 9] A% A4l

Ty e ™) e ™
Dataset Model Few-shot
preparalion > |iialization | | Fine-Tuni
(1, 5, 10-shot) ng
. S . z . 4, i
Ty e ™) e ™
Performance Test Set Early Stopping
Comparison by [€— Evaluation «+—— Basedon
Model Validation Set
. S . o . z

{Figure 2) Workflow for model training and evaluating in object detection
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Precision)2 H7}5tch mAP= Zd|AHE AALE AP(Average Precision)?] HZto = AU

(Precision)- A & -&(Recall) ZA-& og AME3IE) B A= thoFst loU(Intersection over

Union) AAIZES 743 AP B7k¢l mAP@[0.5:0.95]12] HAZH é% 3 7}114%2 ﬂ—g—ﬁh‘% lIoU+=
H

A~

2

APS] Hatgholtt. o] WAl T A%
o

IV, 242
4,1 299 Few-shot 8% 459 vl

<Table 3> 1-shot, 5-shot, 10-shot ZZA oA HE¥ mAPS] v|wio|th Ad Ay}l 1-shot AL
GLIP 212 fine-tuning B2 1, 714 & mAP7} Uiehle. o AbHBLSS B3] &
ofu) 7] e o] 4e| doleloAE 2 2w} olutel ool BIYOR K319
= & 4 Utk Z22u GLIP Zero-shot 704 = ZA| &4 Aol 00 717k¢] AE A oz Bx|7}
O] R0 Z]R] ¢k O ), o]= Open-Vocabulary Object Detection(OVOD) 2@ 0] Fine-tuning 1
& 23 Aol AL dee ula,

(Table 3) Comparison of mean average precision (mAP) in Different Models with few—shot
training conditions
Evaluation metric : mAP[0.5:0.95)

Model # of Shots 1-Shot 5-Shot 10-Shot
YOLOv8m 2.4 14.5 15.4
DETR 0.0 0.5 0.7
GLIP(Zero—Shot) 0.0
GLIP(Few—shot Fine—tuning) 9.51 31.12 37.36
CD-ViTO 8.96 32.46 45,20

CD-ViTO ZEo]A] 5-shot(32.46), 10-shot(45.20) 271-& 21 mAP7} 714 94231 A%50] Lpehyt

3) Aues S A4 T AEY e Al A A § o] 2hEA FAT viEs udt

=T =0


kstudy
텍스트에 대한 주석
여기만 <> 하셨는데요~그대로 둘까요?
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ok ofd WA o] A, s Bdo] Anf MIEoME L o] ApolE ANpA o R S5t
7102 FSODo|| S3pd 24 A9 A U5 Aolvh &4, HE&% o5 Hlolel 24}
H P (YOLOV8m, DETR)2 45| 855 o AlRE =01 2| Few-shot 870l M HA] 450 A A
ste= dde WHsklth DETR HHlo] fAANS Huid, sig 242 A4 7+ dAS
Transformer ?501] I 5}01 olEotEE ST ohg HlolE BHETF o 24 ol A

CD-ViTO+= t}oFst el 7+ Ao| 85 AFSHS 1183t Cross Domain Few-shot Object Detection
(CD-FSOD) EAIS1 A2 93t Aok mel2 chofal S5 22 dlojelAlo] i) ¥4 452 Brka
o} 2 Ase 2 =919 Russian Military Vehicles d| o] E|AlS 33510 CD-VITO 24 9] 4t
3 A HlREAS

CD-ViTO %48 mAP[0.5:0.95] 7]—3—2% t}oFglt o] Mlo| 4] AdsH]|nl ZA1KTable 4), =+

ol o]| &= ClipartlkQ} GAFSH A% O w, NEU-DET, UODD2} Z+2 t}& E4 |9l
Hoh R 92 45O Wtk 3], 10-shot 2704 Clipartlk(d4.3)3} H]alo] Ajr oz 1=
& Qg 7S5 eckes2). ol S lolE o] 27} QukASl A olu] e} ge] Bol4o] &
AJs}ol CD-VITOZ} BTl H oz Hgso] AFH0R A5 AT Aolch

(Table 4) FSOD performance of the CD-ViTO model with different datasets
Evaluation metric : mAP[0.5:0.95)

Dataset # of shots 1-Shot 5—Shot 10-Shot
ArTaxOr 21.0 47.9 60.5
Clipartlk 17.7 411 443
DIOR 17.8 26.9 30.8
DeepFish 20.3 22.3 22.3
NEU-DET 3.6 11.4 12.8
UODD 3.1 6.8 7.0
_______ Russian Military Vehicles | 90 | 35 | 452
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H L= Few-shot dH5 2H73(1-shot, 5-shot, 10-shot)of| A T}oFst A &1 mEl Q] A5 AJol&
S1ITF. 242}, CD-VITOE Sshot 2 10-shot 27104 71 -2 wel A5mAP)YS Lebl
ol 450 Bt AT RE AA EAL TollE sl o]

o Ar
2 &7

o 9, A (preraining) E3) ol YAE Aolo] ujE AWYL LT Tx
fine-tuning RO 2 = b7 A qFAto] JHsSith ALl lshot 2o BE BE F b Ee
mAPE 7]&E3}9 o1, o] GLIPS] HIAE 74l Ao] 7] o] 4= go|g AHgoA] a1& o
2 2 ee Holeth "o zero-shot 27 ARHSEG ol ZEA] 2 AAFA|7} o] Fo1 4]
#) 9Fot 0] 09] 717440, Fine-tuning glo] OVOD mwlo] A28 213]9) AU 247k A3t
olu]ghet.

=5} =12l o]| A Few-Shot Object Detection(FSOD)2] A& 7}sAS AFHo=E AE
qolA] BH&4 Jul7} ek B3, gojg 4go] ofele At BAo

o] B 4 98-S ThyE Y /W AW B STk 71E FSOD AL 2
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rir
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Ut Eueloli} ulZA} ofulx] o] 2H & Tt B AT Yolg s Aofo] £& B4
s EH|QEA Hobol G BEstel B A4S AFHOZ PFAUTHE Fel A AT el
7k o7l AT AWE B G5 Y Foke] Aol dlolg Sgol AR T B

FSOD =l g2 7543k BAM S AXISHSiTk Mol A ARael AAFgo] e A4 2
T2 AgoflA CD-VITO Ree &0 Sk tlolgRte =k =i glojgof s ehg 2l &A
S HolFglow, 7]& Cross Domain-Few Shot Object Detection(CD-FSOD) A& ol A ALg-% d]
olE AT AT 20 AakE TS el

old Sh - ARA AL BRI that 2 Qe BAWo] EAIFT 2
TH|elo] AA| d|o|EAl(Russian Military Vehicles) E-&3} % the HollA] AA| AR g7
79 AR (fidelit) & ol 1A} eSOt S vlolEl el S B 28
5t ]
_}11

{r im

5 o|n 4|2 A7ATte] vkt ASHEITh A Sd AT
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