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Abstract: In recent years, two-dimensional codes have been utilized for various purposes such as cashless
payments and robot self-localization. However, these codes are designed under the assumption that they will
be attached to flat surfaces, and they become deformed when placed on cylinders or non-rigid objects, making
recognition and pose estimation more difficult. Previous methods that remove deformation and match with
a database to estimate pose have been proposed; however, they have limitations. This study aims to im-
prove the accuracy and speed of recognition and three-dimensional position/pose estimation of deformed AR
markers. We propose several improvements to address the issues of detection performance, pose estimation
accuracy, and processing time in conventional methods. Our proposed approach involves changing the object
detection model, introducing regression, and alternately optimizing the deformation removal and pose esti-
mation models. Compared to conventional methods, our proposed approach improves the position and pose
estimation accuracies by 26.9% and 62.7%, respectively. Furthermore, to verify for practical implementation,
we implemented the proposed method on an embedded board, confirming that it operates at 10.09 [fps] while
using only 2.0 [GB] of memory.
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Fig. 1 Flow of the proposed method.
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Fig. 2 Flow of the alternating optimization between the two models.
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BT & BB COMAEIC BT 2L % BB L 72
g% E 5 2R

I AR ~—# O 3D E7)VI2IE, 3DCG ERY 7 k
Y7 =7 Td 5 Blender #FIHT 5. 1ERL/LE AR ¥ —
HOBIER 6 1IZRT. ERLAZEE AR Y — 7D 3D E
FLVEREHL, ZF AR~ - OHGEE Y I 2L —% b
THET S, B AR — WL D) D BALE & LT
EDOHEHFANTT Y FAICRET L. MEREOMES
B 7R T. I ATOMEBELYEME LIS, MED
FPHIX x % [-0.25m,0.25m], y % [-0.15m,0.15m], z %
[0.4m,0.8m] &3 %. %LHHFAIZ, Roll % [0deg, 359 deg],
Pitch % [—13deg, 13 deg], Yaw % [—13 deg, 13 deg] £ § 5.
W2l Gazebo ¥ I 2 L—% 2T 5. ZOFEEIC
L D #2 L7z 1,920 x 1,080 [pixel] O 7 /77— =
VT % 1ty bEL, BEIRAR~Y— 2 HRET A
NanoDet-Plus OFEIZfEH$ 572912 55,000 v b= H
BT5h. 2007 NVORAERBALTIL, g L7z RE 7

Simulated deformation Real-world deformation

5 ¥3al—50OLRLEREOLTOLE
Fig. 5 Comparison between simulated and real-world deforma-

tion.

1.0
1.2 14 1.8 2.0
M6 KEERFETLEDOEF AR Y—%

Fig. 6 Deformed AR markers for each standard deviation.
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Fig. 7 Range of position and pose of the AR marker.
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JT—=2arr—FIlkl), BERAR~Y—HEHPLE L
128 x 128 [pixel] DEHRIZYI ) P o 72 b D2 5. AT
Wi, ADEGRICSTET ) F—Yarr—%, ¥—4y
MNERO 3 2% 1ty & LT22,000ty Ma2EHAT 5.

4. FHMEER
WETEOEIMEWRT 572012, TERELIRFETH
TER AR ~— 7 OMMERE, (rEEERE, BEMEER
FEO3OFLETSH. ARICBIIAEFR AR Y — T DHED
fLilE, B, BT LHOFHIRED ARV —7D 3
WICH e f i, KB LERT 5.

4.1 EH AR ¥ —H DIRHM4EE

RRFETHAT 5 NanoDet-Plus & fERETHA SN
72 SSD TZI AR ~ — 7 O kR 2 Felge 3 4. St
BI2iE, Y2 b—% B THE 172 11,000 MOZTE AR
YA EREERT A, FHEfEE L LT, AR ¥ —
71 ORI RS 121X mean Average Precision (mAP), /N7
T4 TRy 7 AOIEREMSIZIE Intersection over Union
(IoU) AT 5.

EI AR ~— I OWMMEREOK R EER 1 IIRT. mAP
TIX SSD @ 0.80 (2% L, NanoDet-Plus 13 0.96 T# V),
mAP £80.16 [ L7z, 72, ToU Tlx SSD @ 0.88 1Z4f
L, NanoDet-Plus Tix 0.96 TH 1, IoU A%0.08 [a] L L 7-.

4.2 TH AR ¥Y—H O BHTERE
FLEOHEENEE 2 MRS &L ) kT 5. G
&, Y21 —% ETHRELZE1%ES 5 NanoDet-Plus 12
L DM L7z 11,000 MOZETE AR ¥~ — A Wi{§E % HEHT 5.
T 2% y, z OMNEBHREREOKRERT. ETF
FOFHEET 490 [mm] TH ), HERD: (3] OFIFEE
6.69 [mm] & T 26.9%A L7z Zhid, AR~ —
B OMMEREDTTE S, RN VT4 Y TRy 7 A
ORUEHTREE I 5 72720 TH 5.

® 1 KFETORMIERE

Table 1 Detection performance of each method.

Object detection model | mAP  IoU
SSD [4] 0.80 0.88
NanoDet-Plus [6] 0.96  0.96

%2 AFECOMEMESRE mm]

Table 2 Position estimation error [mm)] for each method.

Method X y Z Mean
Previous method [3] | 3.84 240 13.84 6.69
Proposed method 251 1.51 10.68 4.90

© 2026 Information Processing Society of Japan

4.3 T AR Y — D DRBHTIEE

LEDOHEERGE % PSRRI L) fERE LB Tk
THET . RETEICBWTIE, MLP ~D A2
YA TRy 7 AOPLEEOEE, 2 ETIVOXH R
BILOFIZOWTHIEERFEST 2. 2B, 2ETLVO
THEELE L WA I21E, AVAE OB T %I
MLP #&#E{bd 5. FMicix, Y32 —% ETHlREL
72152 5 NanoDet-Plus 12 & 0 4 L 72 11,000 L2 T
AR ~— IR EEHT %

3 3 12 Roll, Pitch, Yaw OBBHMEEIREDOR L ZRT.
REFFNIHERTD Roll DFEE X -H A5, Pitch &
Yaw OFEE 2 KRELYHETE TV LI EWGh b, RETF
FEOFIEFAEIL 1,97 [deg) TH Y, (ERTOFEHERAETH
% 5.28 [deg] & AT 62.7% WA L7z, 7z, fERELHE
ZFT3E1Z, Roll 124 LT Pitch & Yaw OB HHEE KA
vy, Roll i3 FE Eollixs L TRESNL 20, A2
ALK & S HEEAS/2 9. — T, Pitch & Yaw (318
HOBRATHIAZMEEL, R2ZOZELINS L, =70
B X o TRZIDKRE S EALT % 72 0HEEAEE L\

WRETFHEIL, MLPIINNY Y T4 Y IRy 7 ZAOHLHEE
A AL WIGa &, SFHRRED 53.9%0 4 L 7-.
2, MEOEWVIZE VAR AR Y= DR OZLD
WENPREL, NY T4 TRy 7 AOHLERE Y MLP
WCADT 2 TRZOEAE ZE L 72 RBHEEAHE L
Tollzole# 2605, F72, WETHE, MEIICE
T EEE LA LI, FIRREDS 48.6% WA L 72,
ETNVERHEICHRBELT 23ETFHETIE, AVAE TEE %
W L e 3 OSBRI L - e A x5 4 720
BHEERENM E L EZONE. F2, R4 ICRET
BB DL OEREF:E & ORPHERE T RT. &
ERREL B BIZONT, LBHEEFREDHML TS
EOHERRTE D, TNUL, ERPKELRDBIEBEY—TOD
INY = YR Vo T L B 2K R B DTH
5. X 8 IIRETFETHE L AVAE 12X )80 L7208

R 3 FFECTOLPIETRE [deg). Pos it MLP XN ¥ 71 &~

TRy I AOMLERE AT)THZ L &EKT. Indev i3 AVAE

& MLP # Zh sl oty 52 L 2R L, Alt 1322
DETFTNE LA\ RBELT 52 &2 RKT

Table 3 Pose estimation error [deg] for each method. “Pos.”

indicates that the center coordinates of the bounding

box are input to the MLP. “Indiv.” indicates that

AVAE and MLP are optimized individually, while

“Alt.” indicates that the two models are optimized

alternately.
Method Pos Indiv Alt | Roll Pitch Yaw Mean
Previous method [3] | — — — | 069 7.84 732 5.28
Proposed method v 1.02 588 592 4.27
Proposed method v v 1.72 5.01 4.78 3.83
Proposed method v v 083 261 2.48 1.97
7
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%4 BETOEERETORIMEEIEE [deg]

Table 4 Pose estimation error [deg] for each standard deviation of deformation.
Axis 0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6 1.8 2.0
Roll | 0.76 0.74 0.74 076 0.74 073 0.79 080 0.90 1.21 1.04
Pitch | 2.32 229 218 228 238 241 266 264 293 3.14 343
Yaw 210 2.04 218 221 219 233 251 264 281 297 3.25
Mean | 1.73 169 1.70 1.75 1.77 1.82 199 2.03 221 244 258

Table 5 Detection performance, position estimation error [mm], and pose estimation

x5 AL TOMMMLAE & A EHEERE mm], LPHEETZE [deg]

error [deg] for each pose range.

Method Pose range mAP  IoU X y z Roll Pitch Yaw
Proposed method | [—13deg, 13 deg] 0.96 096 | 2.51 1.51 10.68 | 0.83 2.61 2.48
Proposed method | [—30deg, 30 deg] 0.89 094 | 442 2.65 19.88 | 1.12  2.69 3.09

Qeon
OOV &

Qo8
OOV &

Input images

Reconstructed images Target images

X 8 AVAE |2 X 25 HE G OH
Fig. 8 Examples of images reconstructed by AVAE.

BB ZR. HEICEGIE Y — 7y Ml E FERkOR72H
ZLTBY, ANEGEPOERELEIBREIN TS S
EWTDD.

4.4 HRBHEOHK

HERETIET — 5 N— R L OREOUIEP LT ARE L,
FHFHPIERT 5 LB L TT—F N—=Ap KL, B
BIET HRHERM E ARV EHEPERE L. £D72
O, LBHHHRARK S WIE, BIENZ LR 8T 5 &
FHMASATIREE 22 5. ZORFIZ LD, Pitch & Yaw D%
BHEP % [—13 deg, 13 deg] DFREHIFHIZBRE L T/ K
ETIET = N—=RA L DRENPLER L, BIFERIZLH
TREZREHRFEHITh 57280, L% [—30 deg, 30 deg]
WHIER L TR =17 . B 9 ICEROBE L &RALL
7oBRIEIZ BT B Pitch & Yaw % 13 [deg] 8 & U 30 [deg] 2
BOE LB AR v — 2Ry, 22 TRROEEERKR
fEL72REE L 1L, BIRORERAED 2.0 2, AR~Y—7
DRLED T AT OSSR b HENZIRREZ 3RS, 13 [deg
£ D 30[deg] IZEI L ZEARLENORENKEL 25
CEDHERTE .

R 512, BYHEH ToOMmETERE E, SR
FOFRERT. BUMRETIE, mAP, ToU & b ICE TR
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Pitch, Yaw: 13[deg] Pitch, Yaw: 30[deg]

9 Pitch & Yaw 7% 13 [deg] & 30 [deg] TOZEIL AR ¥ —7
Fig. 9 Deformed AR marker at Pitch and Yaw angles of
13 [deg] and 30 [deg].
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b L ERMERLT.

ARToolKit [10] @ & 9 7% BEAF T3 Tl [—60 deg, 60 deg]
TREREE B, fE, BPHEENTRTH L. BAETFE
&, Y= HANPETH B L RFIRI Y — R, TH
g &bk, il BEEHET L. 20720, KRR
AT E B %) AU & D IR A, LSRG
MPETS L IR BEPATREE 2 5. REFHETIE,
RIESEN— ZAOBMEROBAR L Y T — 512 X Ak
FNZE o, BN H o THEABERMM, (il SE8HEE
MU TH L. REFEL, SELRE—Tary b TvFr
7R IR D ¥ F 2 77 LI B Oflifli % SiET &
LHEEZD, BERE—VaIVINIvXIIUL, WERED
HIZOF =D LbR QA LT BRI Led
O, i, BEHEEIZLD Ty Xy IR E D, F
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10 Jetson Orin Nano
Fig. 10 Jetson Orin Nano.

% 6 Jetson Orin Nano D Ay 7
Table 6 Specifications of Jetson Orin Nano.

6-core Arm Cortex-A78AE v8.2

CPU
64-bit CPU 1.5 MB L2 + 4MB L3
GPU 1024-core NVIDIA Ampere
architecture GPU 32 Tensor Cores
Memory 8GB
Power consumption 7TW-15' W
Size 100 mm X 79 mm X 21 mm

72, EEMEM AT Ry ML A Yy F U S TIRPDOA -
72880 L) BIERAORE I~ — A M LA TH R
W, 0, RBYEEEWEEE LASIMAEOREIRICE b
ZwaRy MIXAEYF U 2 EBTE 5.

5. #AAIAAKR— K TOIREE

HARARR— FEHNT, IREFEOMMERE L) Y —
AHEEBEETHGEL, FEHELIFET 5. AL TIE, M
HIABRR—FE LTH 10 1278 F Jetson Orin Nano %
PR3 %. Jetson Orin Nano (I B TEMET 2/ ElD
AlEYV 2= VThb FRANRYIEZR6IIRT. A
71213 Logicool C920n HD Pro 7 = 7'/ X 7 (FHEFEEIZ
1,920 x 1,080 [pixel]) ZfEH L, FEERBECHIEL1T.

MFEDRER, |EFEEI AT FHHEAN2.0[GB] &4
wERN5 10.09 [fps] TEMES 2 Z & 2MERE L7z, RET
HEFERICER~Y — 7 OB NEHRE LTI FETH
% DeepFormableTag [14] Tlx, BRELREE~Y —H O
W, AEHEEZFEI L TV 5A2%, Jetson Orin Nano (28
T, AEVHAREA1.9[GB], 3.10[fps] TOBETDH 5.
DeepFormableTag (&, LHHEETHT, MEHOY - %
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11 ER LA AR ~—7
Fig. 11 Deformed AR markers created in this study.
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FPS:

12 EBREBEICBUATEVAMNL—Yaryofl. BRAR~Y—ATOID 274 ¥ —Fa2—7
DETEL, AR Y —IOMBEBLLBEETAV—F 22— T OME L BB TRIL
w5

Example of demonstration in a real environment. The ID of the deformed AR

Fig. 12

marker is represented by the color of the wire cube, and the position and pose

of the deformed AR marker are represented by the position and pose of the

wire cube.
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