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A Comparative Study of One-stage and
Two-stageVision-Language Pipelines
for Ukrainian Handwritten Document Recognition
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Abstract

This study proposes a practical Al solution for Ukrainian
handwritten text recognition to accelerate the country's digital
transformation and support real-world government workflows.
Based on the RUKOPYS Kaggle Challenge, we comparatively
analyzed two deep learning pipelines designed to extract and
structure text from noisy document images while strictly
minimizing the Character Error Rate. Experimental results
demonstrated that while a one-stage, end-to—-end
Vision-Language Model approach (score: 0.780) showed promising
structural simplicity and future potential, a two-stage pipeline
separating region detection and text recognition achieved higher
accuracy (score: 0.816) and better deployment readiness.
Ultimately, by robustly processing diverse handwriting styles, the
validated architecture is expected to streamline public document
management and significantly expedite the rollout of digital

government services.
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1. A&

B okl A= 7] EAE YAE HolERE W
=9 FaAol AAI At 53] VEE, AHA, AW EA T OE
=k T A 2 AF APy &3] oJHot. mEkA A on
= S #3, F3& EFREH, &8s AF3] A Ve
gAYd H3gke] ol

B A= KaggledlA] 23¥ RUKOPYS Handwritten Text Recognition
Challenges t/do 2 gttt ol& f-IAgtoluo] HY|A A oln|A oA 2zt o
o] 91X (bounding box), F#H(type), AA} Bl2EE E 3l JSON el
z3t diolgE A3 Aot &, ©ed OCRS ol &4 Ul o8 4
Sx- 25 917l M (reading order)dl] wi} BAEEZ AFAse &
A olal] Aol

o] AT dnk A A OCRET A ol A, 2dztvict A<} 3
ol A v2a, B4, S-Ageolve] 71¥ 2= 7]E #E 4 OCR =7
2 Agstr] 7tvkgh AR, g #HolA dle &34, X, & F v 84Tt
EAEo] A Fx gete] AA etk YA, B7F A x4 page-level CER
H]ZFo] # 7/1E OCR¥ o}y reading order®} T8 #A|A7F F83 Hs 84

7h En

7
ro o -1

s

bl

1‘
oo

a,

T ATeAE ol E syl A 7 b HeEd Aowe TEska valst
At A HAE Qwen2.5-VL 7]¥+e] One-stage End-to-End 2o =, A
Holx] oju A& VLMl ¢8| ZAAECSON)S A3 AT + HA=
Two-stage W2o=, YOLO 7]9F detector’t @S HF &AL
Qwen3-VL 7|4+ recognizer?} crop¥ @9 BAEE 1A gth F WA R
Qwen A€ VIME AH&aHAR, HE HS 9o 2l F3eh=rt & A8

detector® @] sh=7to A F2%

B o= RUKOPYS ©lolE
2 A F AAHE A
HE 8% Wl

A Bt

N
>
o
rir
pos)
tlo

R

2. dlolg 54 % F7IAE
2.1. RUKOPYS dlo] g Al

RUKOPYS dlo|e A& $-Agtolto] A7A] A4S ddo® 949 ©@x, 949
el &7, HAE dAs FdsEs A" dolgalelth. HelEE A
Train(Gold), Silver, Test® &%t}

Gold dHl°o]El& Ab#ro]l 423+ annotationo] 22 A #%E7} =tk wkd Silver
HolE = o] EA v x5 A E annotation®| 22 o] =7} ES}E o] Q).
welA Silver HoJHE @3] Fkske Aol 4 Ao PR oloxA=
okrh, AA A3 Silver dlolE 3,000%8% 3713k detector fine—tuning
L 71E Gold 7]¥ RElnTh v AeS nin

7y B olu A= oY region®® T EH W, region schema¥ bbox, type,

language, legibility, text 5<& ¥3}3tt}. region typee handwritten, formula,

=4

annotation, printed, table, image, graph 2% TA¥HY. °] T image$t
graphi= OCR tj’do] o}Y= =& scorable regionol A A<=t}

[¥ 1] RUKOPYS dlolg &3

23 oj|A] & 24l £4 4=
Train(Gold) 1,330  Atgte] A% A A annotation St H AT
Silver 8,207 A7} A% A4S annotation sks w7
Test 385 A5t vl 3] AE
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E=}
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[& 2] diolg] 228 54

=4 717k 53
= 7F wolA 7] o 3 .
r271 oS 2020~2025 ] ZEg &2
ARzl
=7} 7159 270 B4 1919~1935  AdAl, 4, £, niA 7S A
gk Ay Alg & HAE A 3ska] 2
ZFa SA AR 2+ wwl et g7), GA, #2274 v
2.3 H7}1A

3] % H4+= Detection F1, Class Accuracy, Region CER, Page CER
o] 7} o g2 ALtEY. A FAL uS g

Score = 0.15 X DetectionF1+ 0.05 %X ClassAcc+0.30 X RegionCER +
0.50 x (1 — PageCER) (A1)

7 Axel ou et 2

(% 3] ANAE 74
Z]E_ 7]'%‘2] %‘q %7]- EH}E!_
8l7] =4 & region text& Holx| AA HA

Page CER 50%
8 0 AA3% page-level 2 2F& 9 reading order
Ll

A% scorable region® text

Region CER  30% o oo region®™ OCR
SFE
. = 9 =
Detection 5% IoU > 0.5 7] bbox & ¥ el T
F1 ALks F1
ClassAcc 5% dZ typed A typed A& d9 HY &7

o] Ax FRoJAM FTad AL "2E 4 #AY FEo] MA9 80%E A
th= Aoltl. 23y detection?] FToAo] Htta B = §luh. 53 bboxE
A4 X Y P9 OCR d8oz A=A ¢, o]& Region CER
#} Page CERAIE A A1 otdahS Frh. wrebA o] dig|oA=

o] -
Zgles 2

B oolyzgl glojof & 9SG mirmg]A] e detectordt 217] A4S SHlEA

3.1 AA H=2

2 AFolM e 43 dH g sd%
t}. A HA = One-stage Wajoln, F

One-stage W22 #Ho]x] o]n|A]E Qwen2.5-VLel X”S AHslar, 2do)
bbox, type, textE X33 JSONS 3 Hol| MAd= + <
Zg}olo] ths=dlal, page-level 8-S 23 FH31d 4
I} region 7t BolA|H & JSONo| AojA| i, o=
g o] WA 4 i) E3 VLMol HRE z—‘.” A sloF st=
bbox ¢l Ze] o] gth

Two-stage W22 Wx YOLO 7|%t detector’} ¥4 W regiong %ar, o]%&
Qwen 7|49t recognizer?t crop® 99 ¢l Fxolt). o] WAL detection¥}t
recognitions E2|8te] ZF @AY 0 /FE HHEHoR JAgd 4 o FHo]
Atk =g AL detectors AFE-37] wWiEedl bbox AEEVF AUHoR F
b ok @AY 2R/ FH dAR HiEE A doH, fVl =4 289 F
5 AAE A A 7F st

PN
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lo

3.2 One-stage End-to-End VLM

One-staged| A= B&3 Fxo] 9-Fgoltfo] IA7|x| A A region listE
A AL, 2F d9ge 9xEE HAFS= end-to-end Y-S 37| 28

Qwen2.5-VLES 7]¥ VLMo 2 g3ttt Qwen2.5-VL o|n|x g} HAEZ

sHA| A 2] 8= vision-language model®, A olu]#] U9 A YA 4, &
Mz o3, B2 -dolob FA, Fx3 AR FEA RS e AR B
1%k (Bai &, 2025). o]dd 54L& RUKOPYS #AAd w3 OCR 23t
7} ol 2} bbox, type, textE X33}E region-level JSON &3S Q73+ &
Aot FEet. &, & AAAE 2AE v THE ofyt A4 W 99
o YAt FFES FA dAsof R, A7HH =9

2
A sEe S Z2tE VLMe] A#strta e

r
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Qwen A9 VLM®| 8 3 F stvbs e sidEet vj&of onA& A
2]3l7] 913 dynamic resolution 7]8F AlZ} Qlmy FFolt}, o= FA] o]u]x|
s oY 14 AFEET e Ayrskste A g g, 4y olux e a7]%
g wel Az} ARE FASA tokenstie d 2HESE Er. 53
Qwen2-VL AlEl A AFE Naive Dynamic Resolution A2 th& 3
olH|XE M=E t}hE 49| visual tokenoZ W3 £ JYEE HAAHoH,
M-RoPEE H2E, ojn|x], "t 3 ArE FFHoz wgsr] ¢33
positional encoding ®2e]t} (Wang &, 2024). ©]& gt
Aol A & T bboxE o538l region 7+ &3HF A} ¢V wAE v
ok 3= SFANE T AAF

[ 2] Qwen-VL Vision Module Architecture
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[ 112 ¥ Ao One-stage HWel 7|k mdlz Ab8-3F Qwen-VL
AlFe] Vision Module 725 YEbdTE 98 o]nx]&= WA pre-processors
AR, o] BAdA resize, reshape, convolution 7]%F patch embedding &<
AglE Sl visual tokenoZ WZHETE ©]F visual token< ¥ 7|9
VisionBlockS E33t}. 7} VisionBlocke Layer Normalization, Vision
Attention, Vision MLP % residual connection® & T4 %1, attention W4-ol
A= Q, K, V projection®} RoPE 718 912 AE7} A A€} oz +
e A oA AFH A BT T wAE Edo] R £ dEH

A
rot
PR
@,
o
]
o8]
o
O
o
mlo
>, off

TJrf{} visual token& VisionPatchMergerS %3] ®3g
Ao A AE = we 49 visual token—o— B}
el E?‘;_‘Zi J%;}% "—.ﬂ%% ZEU} [5}3}*1 [1a 119 += &3t 3

E [s}
TE, /\]74@ A E4E Ao Bl AGd 4 e 7|vs AT
A9 One-stage "W2]& o]#]dk Vision Moduled HlE oz WHEo)
detector §lo] #H o)A o]u| A ZH-E bbox, type, textE X385} region-level
JSONE A3 AAdst=S AA =AU
TFAHo R B Ao One-stage W2lS OCRE dAxbz 2] EA|7F ot
VLM 7]9ke] 33t A &A= Aosaltt. 7]1E OCR

il 99 4
&, crop, A /14, FA e HApH %ﬁli TREE A9 wrh i VLM
& dlolA] omAE |igutel Apdo] Ei= JSON# e Fxdhe Fes A4
AT slth wEk el dAl olwAE ¥k, promptE 3

[{bbox, type, text}, ...] @2¢] region list® A== A&,

%7l zero-shot W22 2 Qwen2.5-VL-7Be] A HolxE dgsta
JSONE &¥3t=5 3ilry. 28y o] AL F 7F4 £A4E Bt AA,
region®] B Ho]A|o| A &7 JSONo| AojxwH A F7to] &2o] #7|AY &
2ol A= AT AT A, AA FAolAE & Wl A= #HAel
Al & 29 bbox7t FA G A BAHAY AUAA kA Fsl= AV UER
t}. olo] uwlg} prompt-only ®2le] LB 4 0.2740] Z2HY. o] F Holx =
band @92 U FE chunk WS AT &8 ZdolE FolH JSON 34
o] tH Ao IR ANE, chunk BANA H2=E7 Ze]AY regiono] ¥
5= EA7E sl HAE4E 0.264% &2t eith bbox A S B HSE
= 0.28471A AAAEAA G, promptet FAHETORE FEAQ AT URATh

AARAl s FAS Curriculum LoRA SFTO|A 2AEF T Curriculum
Learning fi.% HolHE & o AA oL AR HRHoz AAgoR
A Rde] dh5g A stelE WHoR dA stk (Bengio &, 2009). ¥
Toll A= 5_%10] FE JAFE oAHE dATA GAHoR G Es A3t
St} Stage 1914 & &3 TEdt handwritten dAIE AFE-3FRITE Stage 2004
et region typeo] X3 F3F dol® oAE AME3SITE Stage 30l A]
teste} FAFSE BHEta thEFY] region chunkE AFEEITE dolx:
region &7, &9 Zo], #4 & X9 T 55 BHYY FFE VLR AE
AAs . o] WA o
g HojA xR FH}EF Feth

ol



T LoRA® QLoRAE #§3le] 2 VIMES &&Ho® IAFIsHATh
LoRAE AMHSHE RE9 7|E 7t5AE A4S oA ERxw oo
gF Tted ARa PdEdS AYstd UR2ER H230|
parameter - efficient Q159 WHolth (Hu 5, 2022). QLoRAE 4bit® %
A3t AR ey wdS 143 Al LoRA adapter® %3 gradient® G As
= ooz iy Aol 2P fine-tuningol| €23 GPU W AL&ZFS
A Y 4 Atk Dettmers &, 2023). °1& T3l 94 GPU HBAM%E tlF
VLME WA ZA 4 A

npA o 2 OCR Teachergd &8 A4 FH/HE A&t A /e &
teacher model®] %3 X+ soft targetS 839 student mode =\
= Wger 2l o5 9 As &4 98 &8&¥Hrt (Hinton 5, 2015). &
Aol A= cyrillic-trocr 718F & ©9] &4 OCR E2E& teacher® AF&-3}
L, Silver cropol pseudo-label& AA3A . TrOCRE Transformer 7]4F
encoder-decoder TZ&E OCRel #&3 wixAQl WHo=m  ApbxdsiGd
vision-language TXE& A A &I (Li T, 2023). °o|F 9]
pseudo-labels Qwen adapterd] F7}&2 Sh5AlAH -Agkolve] E7|A AAF
T8 A3eR. o] HAol = 4,32470¢] examplesZF AFEE AT,
chunk overlapolA #As= THES AASY One-stage W4el i LB
0.780% &A 3ttt

A23t¥, One-stage WA Qwen2.5-VLe Apdshs Ry
g O = bbox, type, textE g W BAsI= TF T+E ATt 1t
zero-shot VLMYTFe. 2% 71 JSON &2 3 AE bbox <dFS oA Bl
7] oj#igl e, RUKOPYS HlolE o] & 23 dA7A AA
task-specific fine-tuning®] ZR3}ATh & Aol A= Curriculum LoRA SFT
9} OCR Teacher 718 X2 FTHE &3 o3 AE RSP, 1 AT
prompt-only B djd] 2 o] i gFAs sholshelu).

=

ASA 7=

Em&

(AU

tlo
?_*’,
>
>,

A3Hoz

3.3 Two-stage Stage 1: Region Detection

Two-stage W29 A WA @Al= &A1 olu|A o)A region bbox$} types
gxa= Aotk ¥ Aol YOLO, RetinaNet, CRAFT+ ResNet,
DBNet+ ResNet 5 2] detector® B3} Th zero-shot detector= 79
e WA EFo, RUKOPYS Gold HlolHE o] &3t fine-tuning®] I3
o]t 2dl ¥lw A3} YOLOL1 fine-tuning®] 7F¥ £ A%< Btk 53
CRAFT®} DBNet< text detectiond]l 53}d =Edo]x|vk RUKOPYSIA+

bbox ®A ofHe} class 5% HQ

237] W&o ResNet 7|¥F E7F7]|E2 7
-

2 gaaoF g v YOLOE 1A ¥4 ¢} class predictions FA]o] 43
& glel i e § Agsech
[ 4] Detector 24 H]xL
Precisi
2d =] IoU mAP50 Recall
on
YOLO11 zero-shot 0.003 0.000 0.000 0.000 0.000
RetinaNet zero—shot 0.006 0.000 0.000 0.000 0.000
Gold data
CRAFT+ ResNet 0.358 0.011 0.176 0.044 0.071
74k 74
Gold data
DBNet+ ResNet 0.494 0.069 0.214 0.312 0.253
714k 74
YOLO11 Gold data
. . B 0.746  0.441 0.736 0.444 0.554
fine—tuning 716k gl F{Y
RetinaNet Gold data
. . B 0.614 0.353 0.603 0.299 0.401
fine—tuning 716t gl FY
HEFHo R B Ao e Fatelvo] VA EAA HAE J9S A&
3 A BAs) 918, A4 EE3 AREA Held YOLOLL AR §A &
98 Ee9lth YOLO11S C3k2 228 53 4¢ AuHz Ze 548 *
F8h3L, C2PSA RE) T4 oA B8 W7 wol2E A% 2HAT &
oz AT 53 3714 dldne BE AAY A5 Bal WA A
B 70 A BAAA G 2700 GaE Qe et glo] ¥ 4 e
o, ojglg FxA AL (X 4]9 AY Ans B At



[Z29 3] YOLO v11 model Architecture
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e — =3 =3 (= |
P i =n I |
A «=® ar=n ! .
= [ Ursnme | ke ' !
| gk | =D R s |
L _ : f e ! I
| =m | !
§ = B ot | |
2 AA HE ATS A3 A3, 'handwritten', 'table', 'formula' &
e A or F& mAPS0 X5 7]=3%F WhdH | 'printed’, 'image', 'graph’
29 Hed tha Az Aoz et olgg A= hE dlolE ul9
S22 BExgel 7IQ1gk ez EAHEY. F, AA dolEY HUusE A
+ 'handwritten' B} @3], g4 FY2ES A HE U AUHor 1F
3fo] Belo] fomst EAHS FE3| Tk Eﬂ A7} EA T
tgoR, Bde Ay HAsE 9d gt stolHgenE Fd 2 g A
2 AFslgtt. FAIZ o2 Silver HlolE 3,0008 F7F &<, DoclayNet
Pre-trained weight A&, 4% 3|4 = o, 183 g HAE Z7to] x3s
o] #]¢] Oversampling &< A= oy, EF Gold dlo|EH s &85 g5

A2l YOLO11lm Baseline®29¢] A45& "Lﬁl 3HA] E gt ofol whep ATt
HqE 82 2EZ YOLOllm 718 R9S HZF f9son, Inferencew A9
8 v2}vE] = Confidence threshold 0.5, Image size 1280, NMS IoU 0.70
o7 1A}

22 AFeE F31817] 93 Inference Post-processing @Al = 5
A7 (Dedup, IoU 0.55) ¥ Small-conf 2-pass A&FS =8t Dedup 719
2 BEA AR Y HAE AATGOEMN FTH QXog A dHo]x] wh
#1°] CER A& #A3ste= o Fodvg axkE& Hlvh Hgh Small-conf
2-pass ATE F3 12k HAE DAl AR vER wiAE @Ee 2 Ee vt
258 AAEToZHN, FFHY] AL £2F H2E JdA95 AR 54
T AU

F714 ¢l A3 o 2 Custom NMS9} Source—aware policy?] A& 7l5

LA
O o
AESIYG L Custom NMSE F3u|7F 71 vlxo| A ulAg 92 Qxjwto =

=
a
T
a

IoU7}F w38k @4ds &ststy] 98 xF39 y59 A7 vl&s 53He= A
=3l 7)¥olt). o}&¥  Source-aware policy:® 49  ZZ(school,
university, archive, dictation %)°l W&} Confidence ¥ NMS IoU YJAX=
2bs A&k Aotk 18y Y VWS uxd Ay, TR E VR
YOLOllm Bl s F2 wetrgE A8sha, A4 +39 5 AA
9 AN R vk B9 7INks A 7ol ded 58 SHelA PE da

=
4 qe 2702 #YHU

3.4 Two-stage Stage 2: Text Recognition

Two-stage Io]=Zg}Qle] F WA ©A= Detector’t F%3 Crope HXE
= 902 9 A= FAHolt 7] Aol s ViT(Vision Transformer) 13
el EdyH vz 7k QA VE %%‘3}932‘/}, Q7NA, #4, E 5 5
T EA 94&E AEste d dATF AU ol EeEr] 98 Fallback %
A& A HEs5 o, dojzedl ?Zﬂ Hlg&Aon HiaAa HA

A2 FHL 23y shEtelE F2ge] At 1 A4y, B3 2] A
g2l B 2E of9qo ojnAE UdBFA O R Qwen3-VLel YEHete] MApstaL v E
2E 992§l FAYE Aeste ddstd opy|glq R HEsivh. o WA
71E Tzl vl deIEAE "R AR QA AT BT
a3y AAE VIMS g BEo] $23 OCR el = 2%, w9
QA Qo al] AEA ddo] wAG A2 e & A5
tﬂ_ 1

421
2 FE3] A A, A
% Hallucinationo] ¥dojd 4 9o o= Ax#Ho=w CERSS 473
A7le 8 9Jo2 283
olg)gt FAE Aty Y& 'Hol: R AAME ZAlEE Strict OCR
promptE AAEGT. BAES] 918 &4, W, £A Al tﬂb, F7F Av A
] FATGozHA, VLM A4 594
o] o]

. Etf;]. TEITE Xﬂ

H “
QL
zszﬂ
o

¥l Wrapper) 92E7F 419) Uo @4< sjda] 4

o, = HAF dHolHRS F&3k= Output Cleanup postprocessing® =93}

At} o)E BAL wdlS FIsel= H LS Solx @u% CER g 89S
9 o

QHASHAl AAET 4 A= Aadd Weto=z AFH A

npR T o 7 QA E olul x| 2] Crop preprocessing 7]H<
gzte2 A3t vl vrao] Margin 24 9 di¥)/AgE B4 58 A
T sgloy, oWS Elo]lEStA AAstH 2] 9Fo] &4E 1 iR A

E
J
=
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lidation set *a‘}l A3},

3.5 ¥ Metric 7|9 HE

Two-stage o= W3] Detectort} Recognizer?] 71¥ A5 A E Kt}
G845 7129 End-to-end Aol Fa@lol Al A BAZ A2EE A
SR WA 4 gxE P83 JElE Qwen OCRY 3743 Stage 2 3
oA A7t 0.7920] LA Recognition WA ZHAS] /W oS ER1e
W, od& Bboxdl GT Text® T3 Stage 1 Mol A & 7]& YOLORIS =
A 0.9344 EAdo] 7}53l Detectorito] A|AElo] HE golo] ofd& et
thoolgfgt A4S ng o R, WA HUe] 50%E AA s Page CER AXE
F4A 7189 Reading order A3} F5 H2E A7 {ielzta AHa3
i, #H<F End-to-end HFE  V]ELE detector_conf, nms_iou,
line_bucket_px, text_similarity_threshold % F& IZv]ge] thdk Grid
Search® Fdste] A|=ds HA A

(]
L= 2 FXL

K

4 A9 A% 2 24

4.1 One-stage A3 A3}

ofr
¢

ot theat g,

One-stage 2} A

r

[3% 5] One-stage @AY LB #&

A i LB 34
Qwen2.5-VL-7B A A #H o] B}
rompt-onl 0.274 A By
p p nly — JSON R |
page chunk Ho]A & bandZ ¥ F2  0.264 A 29
bbox 1.7 giE §x, wa g 0284 ToU 4% A
M 2] O
Curriculum F& dA - ﬂﬁﬂt o A 0.700 qE
LoRA SFT A sk
text-focused
* ue OCR Teacher &% 0.779 HAA 73}
boost
=8 AA chunk overlap dedup 0.780 HE

One-stage A doA 7} £33 A promptet FHEWozZE 0.28 4
o Aol HEIAT, stF 76 HES A EeA 0.707HA] Fsdvke Hol
t} o]= VLMo| @< prompt AA WO 2 A3 region-level JSON AL &
stz ofHga, ¥4, FHx, AAF B2E task-specificstAl sFdior stk A
< HoFErh Eg OCR Teacher T/HE S8l 0.77970A AF7F A5k AL

F-=tolvto]l A7A AL sl HF Aol 2 9FE Frhe A noEd
HEA 02 One-stage WA 0.7802 24sglen, $5 729 7Hsd< &
HEFA

4.2 Stage 1 Detector &4

Stage 1914+ YOLOllm 7] dtk detector7} #F4 o
Az oy ok 29 F 471 oY HEVE L}%
e 71E Ased, ® 62 HF A9 YOLOlImS
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RT-DETR 7]yt 2-Stage ZA) &% 2d 4+
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Abstract

Chest X-ray imaging is a representative medical imaging modality
widely used for the screening and diagnostic support of various thoracic
diseases, including pneumonia, pneumothorax, pleural effusion, pulmonary
nodules, and cardiomegaly. However, because chest X-ray images
represent three—-dimensional anatomical structures projected onto a
two—dimensional plane, organs and lesions often overlap. In addition, the
size, shape, and contrast of lesions vary considerably, making automatic
localization and classification technically challenging. In this study, we
addressed the chest X-ray abnormality detection task presented in the
Kaggle AMIA Public Challenge 2026 and implemented object detection
models for 14 thoracic abnormality classes to analyze potential
performance improvements. Specifically, we designed both End-to-End
and 2-stage architectures based on the real-time object detection model
RT-DETR, incorporating a ResNet-50 classifier pretrained on the chest
X-ray domain. We compared the detection performance of the two
approaches and analyzed the effects of data augmentation and
post-processing strategies, including the removal of Random Erasing and
Mosaic augmentation, as well as classifier threshold adjustment. The
experimental results showed that the 2-stage model achieved the highest
performance, with an mAP of 0517 at IoU=0.40 on the public

leaderboard, ranking 11th in the competition. These results suggest that

1) All authors have equal contribution, Department of Statistics and Data Science,
Chung-Ang University, Seoul 06974, Korea
2) Department of Smart Cities, Chung-Ang University, Seoul 06974, Korea
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integrating a chest X-ray domain-pretrained classifier into an object
detection pipeline can contribute to improving abnormality detection

performance in medical imaging.

1. A&

A4, 71, ¥4, 244, A6 5 oI 5 23S

g 4% AArelth. X-ray+= CTUr MRIe] ]3] # »
Wil 2ol 7] witel 9 @A s BeAeR FE8uE AL
volth, 28y FH X-ray B2 dF-eA 27 AA v, B
71 Bt dinzt Fety] wiel A BE Bds FEEE b o] Q)

Kaggleodl A 7H& ¥ AMIA Public Challenge 2026(Kaggle, 2026)& &% X-
ray ARZIOIA 14744 5 o3 &2Ae As ©@A B ERFste A4A 84 24
TEE a7% A dsle FoIx F5 X-ray AE ] olfel digk Fe~
o=, confidence score, H}Y ¥~ o8 Q3H0} Aol = YOLO
AL AA &4 gded Ed RT-DETR 2Es ‘ﬂ]ol’\a}‘ﬂ&i ol WA,
augmentation, confidence threshold &4 5& #&3le &4 AHe MAS A
Zakginh

E HaAA 282 S 3o 4] AbEgE mEle] o}y e
3ol A= dHolHAl, HHE, t3ddA AHEE B J7HRE
a2 ARE AA g 53 s A Adel o

q
A ek =Rt
2. 49 4+

2.1 TorchXRayVision
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2.2 RT-DETR(Real-Time DEtector TRansformer)

=i DETR 725 AARE AA @A o A§st=s 7438 RT-DETRS
A eksltt, RT-DETR(Zhao, Y. et al., 2024)2 backbone, efficient hybrid enc
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Interaction(AIFD ¢} Cross-scale Feature Fusion(CCFR)Z A ® T}l AlIFE=
semantic AHE7} F53F high-level feature Sso|%t Self-attentionS %4 -83}¢]
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[Z28 2] 2 Stage pipeline

Train phase
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l‘ [
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4.1 Data description

t3fell A Algg deolHq A AA F5 ouA] Holel7t A% 2708 Fri9
dlolE o] 4 B AEFS ExdE 4719 HE ol H(CSY) g E A€ |
A olnlA HolEl: 2u shee Sl AHEEE wrain TUE573)% 2o
HF F2 9 FJ7rE A% test EY(6,427°HE y¥H, 2+ ¢ UFd &= DIC
OM oA W3yl 1024x1024 A =2 PNG &2 ojujx]Eo] A&Ho] 3l
o olsh @A AZEE 47he) CSV e ojulAsh B bl ghel PR A
o1&t} train.csv HY-S train ZU W] oluX oA HEH o] A AAT
shto] o m 7|S5H dwEltolEE ettt 53] st o|u[A e the] B
gk om x| A A} (image_

Ho] EASIAY oy #5947t F5 Ads 49, 5o

id)el EH3H o] o] AHH = vg 3 F2E Wrh WA testesv FE> FE
tido] & HZ2E onx e iy EFTHS ws 23St QI o] 9o o]
w4 F/]"} 12 Ao AA A4 ARMAR o] dim0, 7FE YUY dimD)E 9L i

mg_size.csv F4H HF o5 AAEY AEF 1AL dUseE AE F2AQ sa
mple_submission.csv o] A G o] vy B ko] B Ho|Eo]
H+& traincesv FEY AR AR FA A Fole o <& 2>F Eoh

_27_



[ 2] train.csv HlolE Ad F4 2L A

[Z2¥ 3] Bounding box ¥

Bounding Box Distribution by Class

= A A9 S
Na farding JLLFL
image_id ‘—g'l?" O] U]X]Q/] .J_’_‘Pr }i}b‘eﬂx}‘ dortic enlargement
class_name A=9 olAF 24A9 HAAAS A9 “No finding”) ::WIMTW'
rmenary fibrosts
. AEH AAe Fx= 2F IDO~13: oA 27, 14: No carsemegaly
Class_ld : NoduleMass
finding)
E Meural gftusion 4
did A AAS Jdstn #Ags s YA oAb a1 2 Lungopacty
rad_ 3
1 ID i} Other lEtion
cmin ol 271 e v Aaw X HEe) A%g i
y_min ol A7 upd whAs AdT Y FHaxeo| FHegk Gaiedication
wmax ol 27 uhed W ek X #Ee] Hug -
y_max ol &7 vied B 9 Y FHxY HUk PRsuTOLhOrR -
it e
[3 3] olv|A] dlolE] &3
A olmA] 7|FOZE oA Aol JYe=(HA) oW AT HA oW A Fof
golgl T# oluA = oy H& Fa @ 54 34 A 39.6%2 AAEHE, yuAE g olwAR 60.4%S HASTHE 3). [1¥
. ) oW Wit 5357809 3]2 Bounding box9 #¥ & U 2z FHS AHelth ¥4 1F el
Z| % o e
AA elv) A 8,573% 100% AR F3} % Aortric enlargementel] H®]|3] Pneumothorax 5 EA ZF# 29 HIx=r} uf$-
Wy = By Jols] BFEs Ao sHolst 4= 9ju)
, tg‘iﬂ H—]|’_}_\_7]' gi{_ Zé‘}g' ‘7%0]— OE}E}\E’EH-}—:'O/] \_—L7]—}(\)06] E‘&z%i» '—vo ETS’%— ] _
A2} olu| | 5,1757% 60.4% dolH(Cl 14) AA g5 dlolE e oAl [Z¥ 4] diFSHH Fxo A ¥ 5A9
e cpgo R QA% delEAel AzE RS melETh 37499 FF T2} 2
HA Abo] W uka 5 o oy = =
o] ol 3,398% 39.6% i 57]1 e 2 HHe] BFEE X-ray 547 UF ZrieF Wwe] 3o Yehve, ¥
¥ (Class 0~13) el F7)ef Wt tiuzh wig- theksle] dE A Ao dHel EA s
2 dolgAle F 1789 AL F ou|AF 3Weo] mjAEEe SHHOR A5S
Fsiglon, omz] o gEs g3 v gy el R8, R9, R100] 3
APSS FAT F Arh. 53] Fd By dis] oA} 3 HAgE (x AXE
by whavh 2USHA FHEE @4, g ov Al Wle] thare] A3 Ao
Al BEEE FHAs TR 9 o] FEsHA BEET

- 28 - - 29 -



| T w5 W 2ds Bw 2 A4 olv)A

train image; |133rsmiEPSNOgKD3pIBmoTwdMGMPL3Y
L]

4.2 249 2%

E wude mE Age g3 #HrAES mAP(oU=0.40)5 7|F=o 2 Hlaus}
A THEE 4). Ultralytics #17]1 %] 719k RT-DETR 5ol 7|22 0% image tra
nslation, random scaling, horizontal flipping 5 tF3l dtlolg Z7 7]Ho] &
SHH, ol f= I A, A7), B wstE T3 2de dvtst A F
gl 71o1gth. B8k Random Erasings 974 €75 7Hele AXE Ay

% ground truth box& FX3}7] wiiol, 22 WH @X & EgstA 283
T Ak ol AT TS AAste] AFsn, 1 A9 ¥ 2 Aes I
ESsa=

_30_

[ 4] 23 23

Al & = mAP
A3 A= =7 714 (IoU=0.4)
RT-DETR (baseline) End-to-End  default (44 F7) 0.508

TorchXRayVision &
RT-DETR

o End-to-End erasing=0.0 0.492
+ classifier threshold
sweep
TorchXRayVision &
¢ 2 Stage  default (4] Z7) 0.510
RT-DETR
TorchXRayVision &
RT-DETR )
- 2 Stage default (A2 S7) 0.510
+ classifier threshold
sweep
TorchXRayVision & .
2 Stage erasing=0.0 0.493
RT-DETR
TorchXRayVision & erasing=0.0
2 Stage - 0.493
RT-DETR + mosaic=0.0
TorchXRayVision &
RT-DETR erasing=0.0
. 2 Stage ) 0.499
+ classifier threshold + mosaic=0.0
sweep
TorchXRayVision &
RT-DETR .
2 Stage erasing=0.0 0.517

+ classifier threshold

sweep

T3k o o|uAE F FoR FA= HAAA A oHAE

2 %243 mosaicol EH’E?HHE AAs A@splon, He Ae5s B HF
Rdlo= #&881x gt FEIAH A= binary classifierd 7/ 7|59 thr
esholdE Z4sle $AHYE A5k 0.1, 0.2, 0.3, 0.4 59 oz AFs}
o] A AFE =& Prl. ZEH O R erasingS AA I 2-stage B2 cla
ssifier threshold 23 A7} leader board public score 71%F 0.517& 7}%

¢
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Multi-label Bioacoustic Classification Using Perch Embeddings
and Asymmetric Ensemble for BirdCLEF+ 2026

AL, FARY, BEFY, 0@

Abstract

This study presents a deep learning pipeline for automated multi-label
classification of 234 species across multiple taxa (birds, amphibians,
mammals, reptiles, and insects) in complex natural soundscapes,
developed for the BirdCLEF+ 2026 Kaggle competition. Analyzing
60-second audio recordings from diverse tropical ecosystems, we divided
each recording into 5-second segments to identify overlapping species
vocalizations.

The pipeline is built upon a pre-trained convolutional neural network
(Perch_v2) as a frozen feature extractor, providing 1536-dimensional
embeddings and species logits for 203 of the 234 target classes. The
EoS9 public notebook anchor — incorporating ProtoSSM for temporal
sequence modeling, ResidualSSM for residual error correction, and
vectorized MLP Probes for 31 unmapped species — served as the
dominant component of our ensemble, receiving a blend weight of 0.967.
To mitigate calibration discrepancies across diverse architectures, a
rank-based blending strategy was applied when integrating auxiliary
models including Distilled SED and BirdNET v2.4. An asymmetric
three-branch ensemble (EoS9 / PSSM / yukiZ) was finalized with

meticulous post-processing, including per—taxon temperature scaling,

1) All authors have equal contribution, Department of Statistics and Data Science,
Chung-Ang University, Seoul 06974, Korea

2) Department of Smart Cities, Chung-Ang University, Seoul 06974, Korea
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temporal smoothing, and rare-class calibration.

The methodology achieved an Out-of-Fold (OOF) Macro-AUC of 0.992
and a Private Leaderboard score of 0.94141 (rank 788/4,093, top 19.3%),
with the underlying EoS9 public notebook recognized with a Silver
Notebook Medal by the Kaggle community. These results demonstrate the
pipeline's effectiveness in real-world ecological acoustic monitoring,
though the gap between OOF and private scores suggests room for

improving generalization beyond OOF-tuned post-processing.
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2.2 Perch 7|¥t 54 F&7]
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3. Methodology
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[29 3] BirdCLEF+ 2026 ths dolE &3 &7 dtolzEide A
Tz

B60= soundscape - 12 x 5& window

!

Perch 2.0 — ' E pretrained ONNX
species logits + 1536D embedding

e ol T

MLP Probe | ProtoSSM - ResidualSSM Distilled SED
unmapped 22} | AlZE B 4 28 25 | =7t event BHX|

\) l /’

EoS9 rank fusion (37 anchor L% HI&E)
0.6 x Proto/Res rank + 0.4 x SED rank

l

dlchiE 3-branch ensemble
E0S9 86.7% + PSSM 2.1% + yukiZ 1.2%

l

##2] + masked sidecar
taxonomy smoothing - ®2H rank 23

l

submission.csv — 234 label score
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3.3 Auxiliary Models & Rank-based Blending
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3.4 Asymmetric 3-Branch Ensemble
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[£ 1] HT A5 AAES 918 vgl3d 3-Branch 448 747 Branch®
7+E A

Branch o5t HZ 715A

Karnakbayev_PowerOptimization_EoS9 Main Branch 0.967

. Diversity
yukiZ_Perch_ProtoSSM_ResSSM 0.012
Branch

Karnakbayev_PowerOptimization_PSSM Sub Branch 0.021

3.5 A2 (Post-Processing)
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Wildfire Risk Assessment near Power Facilities Based on

Meteorological Data and Spatial Information
AR, £EAD, ol &5, o FTD, o]WAD

Abstract

This study developed a wildfire risk assessment framework for
areas surrounding power facilities in Gangwon Province, South
Korea. The study area was divided into 1 km X 1 km grid cells,
and daily meteorological conditions, forest characteristics,
power—facility density, and historical wildfire records were
integrated at the grid—-day level. The input variables included
temperature, humidity, precipitation, consecutive dry days, wind
speed, forest composition, facility density, and seasonal indicators.

To address the highly imbalanced distribution of wildfire events,
all positive observations were retained, while negative
observations were sampled from both wildfire occurrence dates
and the overall training period. Random Forest, LightGBM, and
XGBoost models were trained, and their predictions were
converted into relative risk scores ranging from O to 100 based
on the validation prediction distributions. The three model scores
were combined using weights determined from validation Recall at
the top 1%, 5%, and 10% risk ranges. Daily risk scores were
calculated for each grid during the prediction period, and the
mean of the seven highest daily scores was defined as the final
grid—-level wildfire risk score. Grids with scores of 95 or higher
were classified as high-risk grids. Evaluation of actual wildfire

1) All authors have equal contribution, Department of Smart Cities, Chung-Ang University,
Seoul 06974, Korea
2) Department of Statistics and Data Science, Chung-Ang University, Seoul 06974, Korea
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cases during the test period showed that two of the three wildfire
grids were ranked within the top 200 priority grids on their
occurrence dates. The proposed framework can support
preventive inspection, patrol planning, and risk—-based allocation of

monitoring resources around power infrastructure.
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[ 5] Ab=2A IA7tA] 7Y F<ke] soft label A4t 3.3.1 Elastic Net
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3.3.2 Random Forest
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