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Abstract: Objective In autonomous driving scenarios, pedestrian detection performance can degrade significantly due to
dramatic variations in pedestrian scale, frequent occlusions, and interference caused by complex backgrounds. To over-
come these difficulties, we introduce a novel real-time pedestrian detection algorithm named FEBA-DETR (Frequency-
Enhanced and Bound-Aware Detection Transformer) , which integrates multiple frequency-domain enhancement strategies
with a boundary-aware mechanism. By leveraging these complementary components, the proposed method is designed to
achieve more reliable pedestrian detection under the aforementioned challenging conditions. Method The Real-Time Detec-

tion Transformer(RT-DETR) has demonstrated promising object detection performance, but it still faces challenges in cap-
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turing fine-grained details of objects at multiple scales, particularly for small objects, and in effectively leveraging
frequency-domain information. To address these limitations, we propose an enhanced RT-DETR architecture that inte-
grates several innovative modules and techniques. For improved backbone efficiency and feature propagation, our model
incorporates Cross Stage Partial (CSP) connections, which strengthen gradient flow across network stages and reduce
redundant computations without sacrificing representation power. Building on this foundation, we introduce a Frequency
Aware Module (FAM) that explicitly harnesses high- and low-frequency visual cues to enrich the feature representations,
ensuring that important textural and edge details are preserved and emphasized throughout the network. At the feature inter-
action level, we design a Frequency-Enhanced Attention-based Intra-scale Feature Interaction (FAIFI) mechanism. By
enabling features within the same scale to communicate through attention operations modulated by frequency-domain sig-
nals, FAIFI allows the detector to better capture subtle object characteristics that might otherwise be missed in single-scale
processing. Complementing this, we employ a Boundary-Aware Feature Aggregation (BAFA) strategy to improve multi-
scale feature fusion.. BAFA specifically focuses on preserving object boundary information when combining features from
different resolution levels, which helps maintain precise localization cues and contributes to more accurate detection of
objects with distinct edges. In addition to these architectural improvements, we refine the training process with an Inner-
GloU loss, a modified bounding box regression loss that places greater emphasis on the overlapping area between predicted
boxes and ground-truth boxes. This tailored loss function drives the model to achieve tighter and more reliable localization.
Furthermore, to bolster the model’ s robustness and expand the diversity of training data, we introduce a novel frequency-
based data augmentation approach utilizing the two-dimensional Discrete Wavelet Transform (2D-DWT). By decomposing
and altering the frequency components of training images, this augmentation method exposes the network to a broader vari-
ety of spatial-frequency patterns and helps prevent overfitting to common textures. Together, these enhancements signifi-
cantly boost the detection accuracy and reliability of RT-DETR. Experiments on challenging object detection benchmarks
indicate that the improved RT-DETR not only achieves higher average precision than its baseline counterpart, especially on
small or texture-rich objects, but also maintains real-time inference speed. Our results underscore the benefit of incorporat-
ing frequency-domain insights and boundary-aware feature processing into the RT-DETR framework for high-performance
object detection. Result We rigorously evaluated our approach on three widely used person-detection benchmarks—CityPer-
sons, WiderPersons, and ACDC. On CityPersons, our FEBA-DETR model achieved notable improvements over the base-
line RT-DETR, with AP50 increasing by 2. 3 percentage points and the stricter AP50: 95 by 2. 0 points. Furthermore,
incorporating our data augmentation technique boosted performance, raising these gains to 3 and 2. 4 points, respectively.
Notably, on the occlusion-specific subsets of CityPersons, the miss rate (MR?) dropped by 4.92% for the partially
occluded "Reasonable" category and by 2. 82% for the heavily occluded "Heavy" category. Similarly, on the challenging
WiderPersons dataset, FEBA-DETR again surpassed the baseline, with AP50 and AP50: 95 improvements of 1. 1% and
0.7%, respectively. These consistent gains underscore the robust generalization of our method across diverse datasets.
Additionally, on the ACDC dataset, which specifically assesses robustness in complex environmental scenarios, FEBA-
DETR boosted AP50 and AP50:95 by 1. 9% and 1. 3%, respectively, with even greater improvements of 3. 1% and 2. 4%
after applying our data augmentation strategy. Collectively, these extensive experimental results convincingly affirm the
effectiveness of our multi-level frequency enhancement and boundary-awareness techniques, significantly advancing pedes-
trian detection in challenging autonomous driving contexts. Conclusion Experimental evaluations show that FEBA-DETR
delivers notable advancements in detecting pedestrians, particularly those who are either small in scale or partially
occluded. The model also maintains consistent performance under more challenging and dynamic conditions. These find-
ings underscore the practical advantages of incorporating frequency-domain enhancements along with boundary-awareness
strategies. Together, these design choices contribute to a more dependable and accurate pedestrian detection system,
which is especially valuable for autonomous driving applications where safety and precision are critical.

Key words: autonomous driving; pedestrian detection; small target detection; frequency domain enhancement; boundary

awareness ; data augmentation
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TER Y R i, — D F2 LA SCRAIE R 32 G0 FURRE
Y R, 18 10 1 YRR D, 0T DL 33 B ARG 4%
RGeS R

R, = RAU(F,.F,)
R.. = RAU(F.F,) (10)
Z = Cy.(Concat(R,,.R,))

K, RAURIR RAU I, C,. KR 3x3 &,
HoA RAU S5 Q& 4 fIf 7R o RAU 252 — X 4
AFHEE T, AT, 1 el 1 1x1 0936 B I 480
sigmoid JLT , Az BT I Y B A B G TR TS,
W F s
T! = o (W,*T,)
T, = o (W,*T,)
Kb, W, WL AT S 1) 11 BB RRERAE
FEE TR XA E R B 22 5, 9 B o ik —
Aok 2= 5 I FE 22 5 5FE Reverse 4337 «

D=T, -T,
T'=1-T)

e R R T T N 22 AR L R BRI
HEAT ARl G DA S 30 X B AT, 15 8] RAU Y
i VRRAE -

R=(T/OT,) + (T/OT,) + D (13)
L, © RRBILE AT

AR (15) R W RAU —F IR T H FEE
JIMALR) T, 55— 5 TRl & 1A R 22 S AR TV Y
T, FHAE, JF45 G T IR 58 T T B Z ) i 22 57
D, Rl AN 7500 T AL i 22 A5 Bk,

(11)

(12)
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T 1x1 o T
—4[ Cory H Sigmoid J w
- A
SO
1%1 o
T, Conv =lamold JT'Z &TJO*H»&E&{‘E
@ ExEER
@ HELRRE

K4 RAUZEHIE
Fig. 4 The Structure of RAU

TR AN T 8 J2 18 SCRRAE ik 2% i 2 A 45, [ ist
WRZFES AT #2105 UREE
1.3.2 SAEHiH:

SAE 1 B3 i 5 53 M B 4500 5 R 07 5 B AE
(Zhang X 4% ,2018) , iff — 2058 b BSE BIHL 42 B i1
ST R, (R X 28 A 371 B J T B BIORG o
RN 5 BT o

x3

/

: 1

11 || 1
DCoan SConv H RelLU H SConv 3
|

\
\

5 - SAEZtY
Fig.5 TheStructure of SAE

SAE BEHUE e i A SRR B o BN 43 3, T
3 I xR AR, b — B O3 SORRIE R A
1 %37 #: F1 (Shifted Convolution, SConv) 5 AEZR i
PR (ReLU) ZH )i A HEZS 254 v, LU 9K
Ja I Az T, I R SR AR 2 TR 4 A IR TR D .
e, B Z 0T SRR IR ) 2 5 A AL 5 AR 5
— KB SHE B DHER G, AR

X;/=DC,, (X))
X;=DC,, (X,)
F = Conca‘[(X,’,Stacked3 - SConV(XZ'))
AP, X, X, SR A BT 2858 18 4 1 s Y
MRHIEF4E . DConv, , , R IXTIREBT, H T X4
it i 38 i 17 =M 5 R & 2 Stacked; -
SConv ( X;) F/nXHRAE X, 203 =R EE R 5
S AR sR A 2 G R

(14)

LI AR, SAE AR B s AR X JRy i %
¥R 55 SCH AN A USRS AT L H AR
AREGREP R Ze T S TR A E DL . 5 ETIA BSE AR
P Y Ia] S T AR 1 1 5 A S R M RE
1.4 S FEiELE

H R, K 2250 bR W 53 40 25 2R FH 425 ] 45
A B 14 538 T B (Krizhevsky A %5 ,2017) , 451 {0 BaHL
By K 0 DL K ) i ik 4§ (Shorten C 45
2019) , RT-DETR L ¥5 FH T3 #6757k o 30 4625 [] 4,
(3G 58 7 L AR SE LT TR R L (R AE A 3
s s B AT AR A A AN 2, U R
% FEEL KAV AT RRIAEE T e LUA SR kb
PG ER MBI BT TP i 2 1At 9 R IE R Ak, DT
il 7RSS () 1 B

Sy PRI — [P, AR SO Y — P L T A B
/N7 45 (2D-DW'T) 1) 00 33 5 A5 40 3 0 7 v 1
T A% AU B RS AE AU S8 v 3 il Ry 22 B3R
L IR RIS [l 7 B R BGHA T BT A 3 5, DA
T3 A R 250 05 8 S5 i 808 . Bk 1, I
I A R A R A B RO LU BE AR S,
aob X AT A AT D 3 PR A 4 SR R AR AR
T 1o A DU 1 AR ) S G R 1 {5 8, i
NIl A B AR R A PR B T e R e g 1
RGN RRAE o B B0 1 i g A LA i b
S FIEE A X =R, 45 N R A B A

TE 43 i 5043 W B A RGB MG 55 4 0 i /]
1,,.,, 3R Haar /N 04T — J2 Z 48 B0/ N 501
19 ) — AR T (R 3 B IR 250 5 0 IR B LL
DL = AN iy CR e SR 4015 5 i 2045 B0 LH
HLFHH, 7~ KR A

[ LL,(LH.HL.HH )] = haar(1,,) (15)

© v [ ] % S AR AU A



X%, EPEEE, &—H
SUIE I R 5 i SRR AN B B Bh E 3R SERHAT A4

R, haar 88 4k Haar /N R8T

TR 9 AR 3, AR 7 5505 SRR 41 R B Ay
AER R R R A F L A2 LH HL' HH' (LL' ., 0%
MR ECT 2R F 7 Y47 pR 5 CLAHE XA -4
LL AT s 36 BT, DA T8 A 5 B2 FGT LR RE
FEXITE %5 H AR RE W AR & A 37 55, Wb s i iy
FECTATHORERAE A1 58 32 1R A0 52 im0 ) 4015 S0
IS NG AT T R IR MR i 18 SO 1 1 e A9 2
Tk, AXERA:

LH' =« - LH
HL' = «a - HL (16)
HH' = o - HH

LL' =B - CLAHE(LL)
X, o N RS RGBT S L
e FEARFR 73, 38 Ao 50 /) 0 7 f5 A i ) K
BEWEL L, SRJG XIS IR BE T AR R AR A TR0, 0
JI AT A5 2R BRI A 08 2 L (0, 255) L il £ 1 i
i AR R o R 1 A K RE R A [
BGRZ ISR, 15 Bl e L3 am KR 1. AR -
1., = haar(LH' ,HL ,HH',LL')
1., = clip(I},,.0.255) (17)
I'= GRAY2BGR(1,,,)
St PR B R B G BN TR 2
] Al A8 B X L 38 145 B s, T B T T
SERYAT NI A

2.1 HEENR

AR SCEL B ER H CityPersons £ 4 (Zhang S
&2 .2017) \WiderPerson B {E £ (Zhang SZE 2020) 1
ACDC (Adverse Conditions Dataset with Correspon-
dences ) BUHE 4 (Sakaridis C 55, 2021) 2 50 F A5 A4 2l
HERA R

CityPersons % i 4 J& M\ 3 17 77 5 % 48 4%
Cityscapes "k R 9 — A4 5 3 M EI A
18 NI T A 3> 2= 45, He U 55 5000 7K i 73 B KR
(2048x1024) o H il 2 Uk A1 I 3k 4E 43 51
2975 5 500 5K F1 1575 3k, I 5% A4 17 N H A5 35016
AR R R RS 7T N B bR ZEURER
WML A7 N B b i B2 AR LB SRR o AR
6 P A Ry e B AR DA Bk et A A

Rk

WiderPerson 5 i 4 J& 24 1y 0 AR B K 990 55 %
FAT AR 2 — B E 13,382 Tk EIE, 3Lt
24 400000 4~ A [A] HE 4 9 47 N 52 o] o I rpll 4 4
8000 7K | B UFE£E 1000 5K i 4E 4,382 5k . i B d
A EAT N FATHIN 53 0] WA TR Z
XAk 5 28hm i, A SC HOR IR = 28 bR, IERAT A
BT AR o o] WA NS —25 . ST H3h2
Bz T BAT AR I T B EL A8 AR LS R 2 IR g TP Y
ZALBE ST, B LAAS SO A 1 2 R 5 11 WiderPer-
son B A2 A 40 UF el ot 5 Bk BTz AL RE T

ACDC (Adverse Conditions Dataset with Corre
spondences ) §UHEEE L I AEASFIRLGE 5514 T I 5
R OB st W RS N R 4R
FI S 1 Z B S50 L 6075 4006 7k 1%, 2K 5%
FEHE 1,500 41 [F] 25 RGB-FA A5 ] 55 £ . Bodi 4
BN T A5 R T 4 IR BT P AP BER AR A5
AR SCSE G FNZ BRSSP S A % 4 R AAFMIO
HRACE T 94 A A T
2.2 ERRE5EE

AL IR 45 AE R 52 Ubuntu 20. 04
PVE R GE, A FE 4% M Intel Xeon Platinum8362, N A+
fic 4 32GB, TR B 2% > HE B2 % ] PyTorch-1.12. 1,
I 4b B8 25 4 24GB b £7 1) NVIDIA GeForce RTX
3090 GPU, cuda WA 11. 3, 1ESL560 3 & 5 i ,
A BEMG % B R 640x640, YIZRFEECH 350 %6, ¥ i 2
2134 0. 0002, LK /NK 8, L4 K AdamW , H
ABCE S F RT-DETR Bk AH [ .
2.3 LSRR

A S B 32 FER FH P BIK S (Average Preci-
sion, AP) 1 X} 0 ¥ s K K (Log-Average Miss
Rate, MR?) KB RUME GEPRAL (O AZ O d8 bre. o,
T At BT A 22 RUBE b b A I HE R P, )5
PSR LEAS [R)E 4 S5 2 B A O

AP 3T 1 SORE B B -3 R il 26 1 T R
gg}')l_].«

AP:f;p(r)dr (18)

o p (r) ATE R B X L ARG A

ARSI FEFELEPIA AP 48R, APS0 5 AP50:95.
APS50 XT3 > I HE 55 BT SEAE 22 8] (9 58 I LU 19 1B 15
K 0. 50 Hif 4550 (1) - 45 BE 2 5 AP50: 95 X 1 24
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57 ToU B 76 0. 50 51 0. 95 (1] F& 24 0. 05, 1 10 4~ [
(D T A F RIS Y HME

MR 2 i H A A AR A 7E R o 1A 4831 Bl A
i G TR RE R AR b, HAZ O TR T 8 AR T K 6 (Miss
Rate, MR) 55 5 {i K] & % K7 % (False Positive Per
Image, FPPD) Z [A (X BO0C & . MR W5 A2
T AELL FPPI ARl log (MR ) Ry il 22 il i it £& &1
b AEFPPTI 107 2 107 X KX 8] A 220 R B 9 A4
J= W A R BN VAR Ty koS S N G OB W K G S
KAFFIMR?, HAEC#RIBAN -

MR = exp(;z;_ llog(MR(FPPL))) (19)

L, n N9,

ASCH MR F8 R B PEAT G City Persons 5045 42
FH AR E (Zhang S %5, 2017) , B4 T AR 4 B 24 1%
LA R R =2 MR T 5018 % H TR
F 65% BAT AW R4 A Reasonable T4 ; 5 AT
50-75 14 K H AT PR K F 65% AT A K4 4 Rea-
sonable_small T4 ; & & K T 50 142 K H o] %A
20% | 65% 14T A B K] 7324 Reasonable_oce T4 .
A AL H e TE Reasonable 5 Reasonable_oce (A {H
T X, J5 2L 5 E/E Heavy) U2 F 42, LLEG TIEAL
RVPE R WGH P 5 7™ S P 7 50 R A U g
2.4 XfEEXIE
2.4.1 RFEGEEX L

J T B UE FEBA-DETR A9 AT R 1 , A 5 7€ CityP-
ersons EHEEE [ L5 P R 2 BL A Y S H Fros il
BEHIT RGN . — 2R EL T CNN 1 52 i A5
BAL YOLO % %1 , 42 #& YOLOvSm, YOLOv8m,
YOLOv10m,YOLOv11m #l YOLOvI2m, %5 —J& & iF
AR DL 1) F T Transformer 2R A4 4 I Fsf G I ABE AR |
A4 Y #5251 H H AR 3R IG5 1Y D-FINE
(Peng Y 4,2024) \DEIM(Huang SE:.2024), NT
SIS LA P | 35 R a3 0 LU AR (1Y) S A i
AR e B2 A SR th AR R R .

M1 BT BT LS5 SR DL Y, AR SCRT 2
I ETE Z A ThRe e b BRI TR 7E
AP50 Fl AP50: 95 5 br I 5 SR AL 73 il 4 sy 1 2.3
ANE 3 SO 2 A o i OF EUORE T A A X E
PR E— B 14 1Y Reasonable 3§ A5 Y, A8 SC 77k
R 21, 73% , FHXF L T A XS AT A, 4 J AR 8 [ A1
TS5 A G I A ST 36— Ml #5147 A

I b A6 I B A B ik 1) 8 1 P 5 A 7 R O R Y
Heavy #5851, A 37 1% 8 50. 82%, [FIFEAL T B4
B [RRERY  FR A AR SO R AR A0 B H S 44 (9 A T
N BRI EA AR A 5

@ EFCNNIEE! @ EFTransformerfiisE!
72

AP50 (%)

50 58 66 80
FPS (Wi/F)

P16 R X L
Fig. 6 Accuracy-Speed Comparison

Bl 6 it — 20 R T N RV RRTR 00 13 5 1 2 [
(AR AS 5 22, S 40 A v AL 3], B6F CNN 11
AR (K € [ A5 ) 3 B 4 b 7 i ol B IX 38 (66-76
FPS) , {H AP50 #H X #% ik (67. 0-68. 0%) ; Ifif % T*
Transformer PRI (21 =) W IEEFAH S » A S04
H Y FEBA-DETR A F & 6 [ 22 I ff1 , A& 1ESK

B 19 FPS $8 4R J7 1T, A SCO7 3k B 55 i/AD
WAL T AR AR, (AT 5R 0 2 SE AR 5 oK . T
BRI , 78 APSOF8 A5 L B4 T 1% MRS BEAR Il
297 FPS W B, 30— A 3 - o B L O T8
A7, AR SOy A PR s R JEE A TRl B
SEEL T AR EE A PERE A

B A5 7E = A9 2, 6 S Transformer 6 I 4 A1 A
DEIM-D-FINE 1 D-FINE-M (%) & 0k B8 A T H 4y
RS 28 55k 22 YR S 6 R 43 A, 3k T A AR 7R ) 0k
HGNetv2 VE A 321 45 , 17 H A% 1 B8 5 A 170 455 280 )
i FH T AN [R) #4) backbone, 5256 45 H: 22 B , HGNetv2
PEASCIAT AR IIATE: 55 h R B A, AT R 241 X
A5 A7 5% () R 5 00 AT 5 1 O A s o 428 o 35 T
() 2

R T ARG R RO (AT R L 6T S O A il
T T 1) %) 0 S el O 1 5 T i T A
P 58 5 ) A A SO AR R S B A E B
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®1 FREEEMER
Table 1 The Comparison Table of Different Algorithms
Model Type Params  GFLOPs(G) A(l;f)o Ap(i/ 2;95 Reasonable(%) Iif;g‘;y FPS,
YolovSm CNN 25M 64 67.0 43.6 29.51 60.01 74
Yolov8m CNN 25M 78 67.0 43.5 28.71 59.02 66
YolovlOm CNN 16M 63 67.1 43.5 31.84 59.66 76
Yolovllm CNN 20M 67 67.7 44.8 28.68 55.88 68
Yolovl2m CNN 19M 60 68.0 44.7 27.33 56.46 71
D-FINE-M Transformer 19M 56 553 30.1 25.52 52.84 63
DEIM-RT-DETRv2-S Transformer 20M 60 69.2 43.5 23.72 52.13 61
DEIM-D-FINE Transformer 19M 57 60.8 36.0 25.37 54.23 64
RT-DETR Transformer 19M 57 68.1 42.2 26.65 53.64 61
RT-DETRv2 Transformer 19M 57 67.8 42.1 26.90 53.55 61
FEBA-DETR Transformer 18M 63 70.4 44.2 21.73 50.82 55

T UKL AN B3 S A s APSO AT AP50: 95 48 R BU(E 4 =5 B ; Reasonable £l Heavy SUC{E AR IGREAL .

2.4.2  A[EEAEAN T

AT FEAS [ ) B 4 b EAT TN RIS IE , 2
MFR2Pm o IWNEERATLIE A8 SCHE 10 7 1B
T AEFE MG SE CityPersons | B AP #6845 73 142 TF
T 2.3% F1 2% , R WA SO AR S AR T 2238
SCEAL IR/ B AR T AR [r) Ry R B T
SR PERE o MAEASALRR T 2838 3 5% 11 WiderPer-
son B4 b, L APFRARIEIFE W T JFA AL 1. 1%
50.7%, 750 R T EARNZ AR 1. 7E ACDC 4L
P IR T T 1. 9% F1 1. 3%, B T Bk e R
FeIAEE T U IR AEARIR UL BARSC ISR AT
NS e
2.4.3  R[EHS sREIOOT L

R T RGEAN IR 100 FAE [0 U= 451 2% pRECAEA T G

x2 AEHIEEST LR
Table 2 The Comparison Table of Different Datasets

Datasets Model AP50(%) AP50:95(%)
RT-DETR 68.1 42.2
CityPersons
FEBA-DETR 70.4 442
RT-DETR 78.8 49.2
WiderPerson
FEBA-DETR 79.9 49.9
RT-DETR 38.7 17.2
ACDC
FEBA-DETR 40.6 18.5

MRS5S rh PR RE 25 57 AR T ZEAH R SE B B R X 2
il R IR (B0 U 453 2K pR BT CityPersons B e Lk T HE
% L, G5 SR 3R 3 PR .

xR3 AREMEFHITLLER
Table 3 The Comparison Table of Different Loss

Lo AP50.  AP50:  Reason-  Heavy
(%) 95(%)  able(%) (%)
GloU 700 439 22.62 50.37
MPDIoU 704 443 22.16 51.20
Focaler—GloU 69.9 438 24.15 53.96
Wise-GIoU 693 4338 23.90 52.58
Focaler-MPDIoU ~ 69.6  43.7 23.12 52.77
Inner-MPDIoU ~ 69.5  43.4 23.47 51.04
Inner-GloU 704 442 21.73 50.82

T L7 M A B S e DML

S256 L RT-DETR 5303425 A R FH 9 GloU i 2K bR
HOVE Ry FE AR R PR AR, LA 0 G PR BB 5 5 T
/N R B R R R 5 TR S T AR O U B R
Vi v 75 T 45 LR DR 2 Y MPDIoU 35 2K bR %80 (Ma S %5,
2023) ;51 A T 2% Focal Loss A% B2 ML L3R FL 5 1L
IR ME #E AS 1Y) Focaler-GloU #8t 2% pR %% (Zhang H %5,
2024) 5 R FH B A5 AE B R (4 86 B A 43 0 SR M, XFAS
7 5 5k 1) 000 A E A 7480 257 44 25 119 1) Wise-GloU

11
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12 PREL (Tong Z. 55,2023 ) 5 L AKEL T %6 11 FAE Y
0 T A 2 A 11 BT 3 2o A B MEATL ) [ 3 AN [ ]
IR 1) Inner-GloU #4125 PREX (Zhang H 55,2023 )
UEAN, Ryt —20 32 o LA L A R 2k R
A Sk, Gk X FE L 5 MPDIoU A8 25 & 1Y
Focaler-MPDIoU 51 2k PR %Y (Zhang H 45, 2024 ) FKE:
235+ JE 0 il A MPDIoU # Inner-MPDIoU 5 4% pR %
(Ye R%,2024)

LA KG HS FEK F, MPDIoU % Inner-GloU £
AR XS 58 H R 2 7E 151 BB 3 5 T AR AR BE IR Hr 3
e RS RS B, 10 BH LA X 300 RUAE (%) o Affy B R T [l
Vi HA BB - RE T o RS A 45 TS b T AR B
(P FSRE J) , MPDIoU S48 7R R fGHE 4 3 e rh 3%
I — 2 B LA AR A ™ P S TR R B R
Inner-GloU. JIT LLZE A K F Inner-GloU A2 T} 5 Ky
3, 3% B L BB NS A ™ R Y i RO AT A
Hb b it fin S5 A 80 293K, A Bl T AU TR AR
A7 5 30 F B B S i HLE 4 Y
2.4.4  BUIRFA B R S X)L

AR 3 3 JR R b S B ke A3 BT AR 5 e AR 2
BB -y B 1 5 B R BE A5 ), F7E CityPer-
sons 5 ACDC dia 4 A7 A0 N B PFAT , 25 R 3k 4
Jim o R a F1 B 4 3 m 24 20 (16) 42 31 11 = 4
BSERCE S, 5256 10 R 78 Btk e 1 5k
o,V AR RT-DETR R B8 38 56 5 i r 75 25 2
S 2 DU A A a0 3 5y VA B X A
S AN IR B RS T, BIVEC A9 R 50 = 40
SRR 1o T A S0 D) R i) 3 AN (] I
AR BT AR B 2

x4 AREZOVEBSITEER
Table 4 The Comparison Table of Different Core Hyper-

parameters
G, CityPersons ACDC
S [HE2

s (a,) AP50 AP50: AP50 AP50:
(%)  90(%) (%) 90(%)

1 - 70.4 44.2 40.6 18.5
2 a=1.0,8=1.0 70.8 44.4 41.3 19.0
3 a=1.28=1.0 70.8 44.5 41.6 19.2
4 a=1.08=1.1 71.0 44.6 41.8 194
5 a=1.26=1.1 71.1 44.6 41.8 19.6
6 a=1.58=12 69.5 43.1 39.1 17.8

F & 4 S22 B AT LU Y RS XA
T 0 2R B A TR A R AR S
Bl 5 7 AT AR PO TR B 1S R R R T 0. 4%
0.2%, 7E ACDCE 54 4 17 0. 7% F10. 5% iX
— LR RW WMELER I TS MR S AT 20
DAL BB A SRR R MR 22 N Y
Rl F B0 o AESCI 3, AN T AR 2 A1 L
T, CityPersons F( 45 4 1Y AP50: 90 1) 2 BEHE AT $2 71,
I £ ACDC £ 45 19 6 br it — 25 0 2 7+ T
0. 3% F10. 2%, X Ui B 78 LUK B 808 45 RS54
RERE RT3 B R YR Y A R 5L S 0
Fb B R B A A5 b A B TR Y R BE T o [RIRE Y, A
SEIG 4 TP AR YIRS 2 5L, CityPersons B AP50 5
AP50:90 Y8 bRAHEL T 5250 2 B 42 T 1 0. 2%, 1M
ACDC W23 B4R TE T 0. 5% F10. 4%, vd W3 EF % i %
R YAE B AMEEXT T A2 5 T B AT IR R AT ok
AR PEREN £5 o FESESS 5 v, [m] sk 5 I 430 A
IO 2805 | CityPersons [ APS0 F1 AP50: 9045 52
B2 3 B TE T 0. 3% F10. 2%, %5 IR 4 () 8 4 19 5
D75 (RISEES 1 A5 ) 73 5 T+ T 0. 7% F10. 4%,
ACDC 548 4 B $2 T D0 58 B 558, AR T 5256 2 9 Sl 12
F+10.5% F10. 6%, 5525 1 50 4+ T 1. 2% il
1 1% SXEEZE R0 o0 WY, o (AT it P B 5 SR W
FLATHMRIZON , FEE A B 22, & i IRl BC
Al R P T AR R HEE AR A B . X LS S
F14) B8 5 SR LR VR AR S 4 2 56 1) R S
B MRS R S — r R T R

B R A, Y R i i i — 2B 3, R
SEBS 6 B IX 4L S A B RE I T R R
CityPersons i 4845703 T FE T 0. 9% A1 1. 1%,
ACDCEUIRAEN FRET 1. 5% F10. 7%, Zeat ks
S5 A3 HT, o8 R S R R A T A i M L R il
G, T SRR RAS (R R AE v SR RRAIC, a2 T 5
i) e PRI B8 R o A, FE S G i AR Pl e B, AR
SCHAAER T B E G 5 7 1 REAE — R /IR
$ETH N BAR SR T BRI R, ATk TR
P AR T oL 35 = AT B A R R
ROEAT NI BSR4 7 B, DI B 5 1 350 70 Bl ae 14
T ANBR B
2.5 HBRICIE

R T B UEAS SCRCHE AT A B, AT 7E CityPer-
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X%, EPEEE, &—H
SUIE I R 5 i SRR AN B B Bh E 3R SERHAT A4

ZE RO , W% FAM-CSP ., FAIFI, BAFA ()3 4 5|
AR AP R AR R B R H R E R Tt
Horp ek B —EE (5206 2.3 4) 7E APSO fe 2 42 T
1. 1%, 7£ AP50:95 Wi Z 48Tt 1. 2%, Hrf FAM %
A5 A St o T AE MR8 b | 36 PR AL 5 00 2
BAFAfSEH  HAE T B RS A5 0 Heavy $5 45 T R
T 2.72%, 75 B 0 4 5 A% Reasonable | '~ [ T
2.82% WUBLHLZ A (S5 5 SL00 6 FISL5 7) if —
AR TR IR B R AR E I R S 5 AN
% 50

FEG| A SRR, I — 2 45 5 B 4 B 2k oRi

B FOHE B s R (RS2 G 8 S H0 10) J5 , AL AU 1Y)
ARG RE IR B T Fedf, APSO e T35 71. 1%,
[Fi] B 7 B 7585 (19 i i P AR APS0:95 iK% 44. 6%,
AHEE TR LB RN (256 1) 3 FH iR B I f2 . b, i
Fh A ek B 7E Reasonable $84R TP EUS T 5 00T
i AR 21, 07%, R PABIALG 5 UL 5 50 R 1
AT A DA B i e

(E A5 B e, DB H A A 78 e F S 4
(IFE bR -5 = AL A I 22 B AN Xt 7 — 5
FREE Ui B T e e X R 4 S al i i P
sEHMNA —EHE,

*5 HREAXWR
Table 5 The Table of Ablation Study

:ﬁg ngl\;[; FAIFI BAFA  Loss Aug  Params GF(LC?PS A(I;S)O ;\;5(2; E}f;b((;:) H(Z;y FPS,
| 19873044  56.9 68.1 422 26.65 5364 61
2 v 16559268 50.9 69.6 434 25.30 5254 65
3 v 20118768 577 692  42.8 24.78 51.67° 61
4 v 20581200  59.9 68.7  43.1 23.83 5092 58
5 v v 20725488 603 693 435 23.67 5109 59
6 v v 18611424 623 69.6 433 23.90 5120 56
7 v v 16804992  52.6 69.7 438 2433 5247 63
8 v v v 18340136 62.4 700  43.9 22.62 50.37 55
9 v v Vv v 18340136  62.4 704 442 2173 5082 55
10 v v v v Y 18340136 624 711 446 21.07 49.81 55

2.6 ISR AML

A SCHE Y B el 558 5 RT-DETR 1A AU 7E
CityPersons 854 I 1y rl A AL AG I AR 4 1 7 s o
BE—AT AL A MR R JE v A TR AG T 235 2R AR S A%
LRGN 285 5 | LR ASE R (19 RRAIE 5G4 A ) TR D) R AR SC
BRI ) R AIE G T AR PR 3 2 o A ) 4 SR 5 40 [
FEHI B, AT LA A P A R AR AR e TR
J153 A5 LA RS Sl 7 i 25 5

ML R (G0 45 5 ] L, e /N RO % 4R 4T
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Fig. 7 Visualization Comparison of the Improved Results
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