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Abstract: Objective In autonomous driving scenarios, pedestrian detection performance can degrade substantially
because of dramatic variations in pedestrian scale, frequent occlusions, and interference caused by complex backgrounds.
To overcome these difficulties, we introduce a novel real-time pedestrian detection algorithm called frequency-enhanced
and boundary-aware detection Transformer (FEBA-DETR) , which integrates multiple frequency-domain enhancement
strategies with a boundary-aware mechanism. By leveraging these complementary components, the proposed method
achieves reliable pedestrian detection under the aforementioned challenging conditions. Method Real-time detection Trans-

former (RT-DETR) has demonstrated promising object detection performance, but it still faces challenges in capturing fine-
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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 integrates several innova-
tive modules and techniques. For improved backbone efficiency and feature propagation, our model incorporates cross-
stage partial 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 that explicitly har-
nesses 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 interaction level, we design a frequency-aware
attention-based intra-scale feature interaction (FAIFT) mechanism. By enabling features at the same scale to communicate
through attention operations modulated by frequency-domain signals, FAIFI allows the detector to capture subtle object
characteristics that might otherwise be missed in single-scale processing. Moreover, we employ a boundary-aware feature
aggregation (BAFA) strategy to improve multiscale feature fusion. BAFA focuses on preserving object boundary informa-
tion when combining features from different resolution levels, thus helping maintain precise localization cues and contribut-
ing to accurate detection of objects with distinct edges. In addition to these architectural improvements, we refine the train-
ing process with an Inner-GloU loss, a modified bounding box regression loss that places high emphasis on the overlapping
area between predicted and ground-truth boxes. This tailored loss function drives the model to achieve tight and highly reli-
able localization. Furthermore, to bolster the model’ s robustness and expand the diversity of training data, we introduce a
novel frequency-based data augmentation approach that utilizes 2D discrete wavelet transform. By decomposing and alter-
ing the frequency components of training images, this augmentation method exposes the network to a broad variety of
spatial-frequency patterns and helps prevent overfitting to common textures. Together, these enhancements considerably
boost the detection accuracy and reliability of RT-DETR. Experiments on challenging object detection benchmarks indicate
that the improved RT-DETR achieves higher average precision than its baseline counterpart, especially on small or texture-
rich objects, and maintains real-time inference speed. Our results underscore the benefit of incorporating frequency-
domain insights and boundary-aware feature processing into the RT-DETR framework for high-performance object detec-
tion. Result We rigorously evaluate our approach on three widely used person-detection benchmarks: CityPersons, Wider-
Persons, and ACDC. On CityPersons, our FEBA-DETR model achieves notable improvements over the baseline RT-
DETR, with AP50 increasing by 2. 3% and AP50:95 increasing by 2. 0% incorporating our data augmentation technique
boosts performance, raising the aforementioned gains to 3% and 2. 4%, respectively. On the occlusion-specific subsets of
CityPersons, the miss rate decreases 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 surpasses 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. Moreover, on the ACDC dataset, which specifically assesses
robustness in complex environmental scenarios, FEBA-DETR boosts AP50 and AP50:95 by 1.9% and 1. 3%, respec-
tively, with even greater improvements of 3. 1% and 2. 4%, respectively, after applying our data augmentation strategy.
These extensive experimental results convincingly affirm the effectiveness of our multilevel frequency enhancement and
boundary-awareness techniques, substantially advancing pedestrian detection in challenging autonomous driving contexts.
Conclusion Experimental evaluations show that FEBA-DETR delivers notable advancements in detecting pedestrians, par-
ticularly those who are either small in scale or partially occluded. The model also maintains consistent performance under
highly challenging and dynamic conditions. These findings underscore the practical advantages of incorporating frequency-
domain enhancements and boundary-awareness strategies. Together, these design choices contribute to a dependable,
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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Fig. 1 The structure of FEBA-DETR
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R, Y RS TR AR B R E R SURMIE A
R BRI R ERLRE T o
HEASBEH WA AT 1 R U R ) BT (e
calibration attention unit, RAU) 41 1% , P A4~ F- 17 19
RAU FLIC/ S A B A 3 Rk P, A8 SO AR
K F R EAMRIE . — 2 DL FURAIE 32 i SCFRy
TEI B R, — 2 LLTR SCRRIE N T G AR
HA R, PR 8 e PR T LA 3 x 3 TS
MR G 7 e R R, BAA
R,, = RAU(F,.F.)
R, =RAU(F.F,)
Z = Coi( funa Rig- R ) (10)
X, RAUZR RAU SLIC, RN 4 iR . €, R
N3 X3HAER . RAUSEZ—XH AR T, A T,
B 1 x 1A R I 20 sigmoid LG L A2
JRRT I 4 T R A AR R T, FLAA
T/ =o(W *T))
T,=0(W,*T,)
K, W AW, T2 11 x 1R BURA T
B PRI TR B2 5 OF Hob itk —
oAk 22 5 A R 2% 5 RRAIE Reverse 43 32, B
L]

(11)

D=T -T;
T{=1-T] (12)
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®—

T, Tx1 T
Conv sigmoid
oO— i
R — 11 sigmoid joi

T, Cony ! (OFzn )
Ol
OF:sr=vitd
QE ==

K4 RAUZH
Fig. 4 The structure of RAU

AR LR B A2 A5 B X R AR FRRAE
AT IR R A DL T A IX IR R AR, 75 2 RAU 1Y
IR B

R=(T/OT,))+(T/OT,) + D (13)

K (13)FY L, RAU—~FHRE THAHSEEN
AL Ty, 55— iR G T A RG2S AE T/ T,
FHIE, JFES 6 TR 5B B NEZE 2SS D,
X A SR A A5 i A Ak 1 25 AR B AL, A
RAN T J2 18 SCRRAE H R 2% i 30 i 4, [R] s,
FARZFES AT B)218 XA IE .

1.3.2 SAEfiH:

SAE B o 5 & kB 4540 5 5 4 G B AE
(Zhang 55 ,2018) , it — 258 4k BSE BEH B2 B 1 A
T ARRAE ol A D 28 T i SRR T T S RS o, 45
PN S Fits

SAE BHC T e din A RHIE B 73 U A~ 73 32, IF
SromlE st 1 x TIREEAS R, Horh— B4 SRR B R A
i # AV £ FR (shifted convolution, SConv) 5 JE £ 1%
15 PR (ReLU) ZH U E 52 HES S50 vh , DL 397K
Jry RS2 B, O R A iR Ak O S TR 4075 1) A g
e, PRI o SO BRI 1 3= 5 25 (R 40 Rk 5 5
—IRZ 0 SORHIE B R A AR

X =DC,, (X))
X;=DC, . (X,)
F = fo,..(X]. Stacked, - SConv(X3))  (14)

2, XX A D 0 i AR P 2838 1 53 ) 0 T
MHIEFAR,DC, . Fm 1 x VIREESTL, HI T3 RHE
i AT 5 R i L AR 4 ; Stacked , — SConv( X))
FORMFHE X, 283 3 K R B AR S AR eI
T PRI 4L A B R

XA BT, SAE A5 B S ARG Jeg 8 1 %

e 55 S BT 1 B, U R AR T AT N H AR
RN A 2 T S LA DU, 5 T I BSE AR
B B Uy [, B T R R R A 1 B A

PERE.

() stz

x 3

Ix1) | (i i
DIty [ onv ReLU SConv |
i '

El5 SAEZH
Fig.5 The structure of SAE

1.4 SIS IR E

H AT, 22550 H B A 0 530 4 2 R HH 4 25 [
{14 K5 B 344 588 T Bt (Krizhevsky %5 ,2017) , 51 i Rl AL 8%
5y 7K 7 B8 5 DL R L ) 4 i 45 (Shorten FiT Khosh-
goftaar,2019) , RT-DETR W1 FH 13X g5k, x4k
2 W3 ) 18 5 D7 % G U S B R B AR R, 1H
1 H 3 2 33 5 A5 A7 AR AAEA 2, JEH
JEAE 25 S KA LA IRIRE T, XL
AR AN AR RS T 0T 3 AR 5 R AR IR
A, DT BR i TSI AR RS Y P RE

g PRI — R, AR SCHR Y — b L T 4 B
7N A 4 (two-dimensional discrete wavelet transform ,
2D-DW'T) B A 5417 K530 18 55 7 vk, 07 A0 R
REJR A RURAE S o3 S 22 1R 7 DR XA
[Fi) 7117 4 2R B AT AT B 00 1 1 39 0, DA 52 A IR
AR B G AT S BRI ROl 2%
55 PG ) R AR5 RN LU BE A S, i el X kAT
s, A LA B 4 Ry A0 S8R 5 T g A0+t )
A5 UG B s e A {5 B, 3 08 = 1l A B T
2 RS A DR RS T e 3 SR A A P14 20 19 A
RN S8 R U P T A O 1 SRR E A X 3
Y 3T RBE I I HEAT A4

D)5 o o B A RGB G e 40 K B &
1, JF R Haar /NIEET— 2 = 46BN MR
T B — A 7 (B B AR 254 50 BUE B LL
AR 3AS e ity (s e PR 2035 5 10 2 A5 5. LH
HLFIHH , Bk

[ LL,(LH,HL, HH) | = haar(I,,,) (15)

K, haar T 4t Haar /NI 08 1
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X%, EPEEE, &—H
SUIE I R 5 i SRR AN B B Bh E 3R SERHAT A4

2) BRIy o ARYE S S SR A T RBGHEAT
AR R R B £33 LH HL' HH' R LL' . %
JCIR R SR L B84 R 25 (CLAHE ) X AR
T LLEAT BN TSR, DABE TR A 52 B Fx) L
JE AT 25 T AR R LRI A s g o i A
HFZRBUSLAT R R A | LA R 5 7 38 1L 52 0 ) 4145 28
B IR I AR 5 R R AN 1B SO i B
AR HAR R

LH =a- LH
HL = o - HL 6
HH = o - HH 16

LL' =B - CLAHE(LL)
[P, o RS BN IRBTESEL.
3)FERGT Y o 18 a3/ N A AR B RS K

FEWELL,,,, SR 5 XA B JE TR A8 SR AL A T 4T,
JIT AT 15 2 BRI A 88 BE S L [0, 255 12 il £ 1 i
M RGO B R I R R A K RE R e 4
RGB # A E{% (GRAY2RGB) , 13 B e K35 R T,
HARN

1, = haar(LH',HL',HH', LL")

1., = clip(1},,0,255)

I'= GRAY2RGB(1.,,) (17)

S AP RAEHE MR 0 SCBEAN T AR 2
(7] AR 8 AR 25 JEE AR PG BE B 45 B s, mT B T )
SERYAT NI S A

2 £ If

2.1 HBENR

AR IS R F CityPersons B0 45 (Zhang
% ,2017) . WiderPerson £ #i& £ (Zhang % , 2020) Fl
ACDC (adverse conditions dataset with correspon-
dences) U4 £E (Sakaridis 55 , 2021 ) 56 JE AR Y 2AC i 119
ARk

1) CityPersons K4l 48 o 2 DAk 17 157 5 B9l 48
Cityscapes H1Fk2E R 1) — 4> F 45, W35 3 N EAK .
18I T AN 3424, SLAL 5% 5 000 M i 7 B 3 1R
(2048 x 1024183 ) . Hrlr, YIZREE Jour A Al i
519010 2 975 W S00 R AN 1 575 R A& A 1T A H
135 016 4>, P E A3 Bl R 5 7 T AN B AR . %
ol AR e WML HE T AT N H b e BE AR LR S5 4L
o ARSI AT B AT HE e s B A 504

O AT R

2) WiderPerson 25 45 o J& 24 Aif HLAS e K4
By s AT NI EE 2 — 605 13 382 R &%, 3t
1125 400 000 AR RS 1947 AN SE 6. il 2R 48
8 000 M I uE£E 1 000 fiF I X4E 4 382 1F . &
LA EATN FHATHIN 50T WA TR 22
DXl 5 2R, A SR T 3 288508, R4 T A 5
AT AFNER 3 n] WA NERIH R —26 0 28T H sl 3t
Y5 B AT AR 75 2 LA A UL B A R iz
fefe T, Jr LA SCAd 40 & Z2 R 5% 1) WiderPerson
s AL E it f5 Sk iz AL RE T .

3)ACDC AL . B ATEAFI S5 T2
AN o SO I vk mii bk, W & % W R
4 BAFN A 1) Z R H R L A1 4 006 1R IS ,
a1 500 417 4 RGB—H 15 X 75 %04
B AR FLSCE T R TR S IR R R R Ak
RN o AR SCSE 50 2 B s S PP A SR AR 4 R AR
IR R AT AR BE T
2.2 TWINESIEE

ARSI BT < #8:4E R 584 Ubuntu 20. 04
PEAE R G0, b FH 2% 4 Intel Xeon Platinum 8362, N7
e & 2 32 GB, TR i 2% > HE SR 3% H] PyTorch-1. 12. 1,
B 4k BE 45 R 24 GB A7 ) NVIDIA GeForce RTX
3090 GPU, cuda fRAS N 11. 3, 73256015 B 7 1, fii
A BEUE T E R 640 x 64014, IR ECR 35058, 1)
[ 2% 2] ROk 0.000 2, dit KR /NN 8, Itk de h
AdamW , HAr i % 44 5 )5 RT-DETR 5264 ]
2.3 EWiFfhistR

AL R FF- RS E (average precision,
AP) X ECE 2 e 45 2R (log-average miss rate, MR™)
VE BRI ME BEPPAG A A 8 b o v, i3 A
RIAE 22 ROBE H Ar_b BRI E e | I 2 DAl A 18 A
AP 9T B O

AP 38 T TSR B — A ] il 2 0 1 R
SEEL, BAR Ry

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

A, p (r ) ATEA RT3 T X 0L ARG 0 2

AR EFE R F A APFRFR , APS0 5 AP50: 95,
APS50 X [ >4 i AE 5 B S HE 2 8] 19 28 IF L (inter-
section over union, loU) [F{H 1% & 0. 50 A+ #5 AU {4 S 14
i BE R B 3 AP50: 95 X5 1 24 155 ToU B {H7E 0. 50 2
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0. 95 ([a]B& 2 0. 05, 3k 10 4~ B {E ) B fr) F- X505 B2 11
BIfH.

MR 2 i 15 H AR G ) A B 7 R o 5 A 70
WEZREPERE R AR, HAZ O TE T 2 A T A % (miss
rate, MR) 55 {3 & 1% = £ % (false positive per
image, FPPL) Z [A] (X H0OC &R . MR A5 I 2 40
T AELA FPPLA AR log (MR) A2z il 1 it £ 5]
L AEFPPLIT 107 28 107 AR HR X H] A 1 20 2R A 94>
JE W 4 R DY VAN g S 1 N S O I DA B K (6 G XS 54
ZARBIMR 7, HACARIR AN

MR = exp %ilog(MR(FPPI,-)) (19)
s

K ,n 9,

A3 MR 48 A5 9 P4 254 CityPersons %145
B AR AR ME (Zhang %5, 2017) , 8547 AR HEBE R 1%
GLor R I 3 KA R T 5018 % Hal K
T 65% (1917 A\ K154 Reasonable T4 ; 7 /T 50~
75 1% F H 0l LR K F 65% A 45 A K 43 N Reason-
able_small T4 ; & & K T 5013 % Al &N T
20%~65% 11T A K434 Reasonable_oce F# . 74
S H 56T Reasonable 55 Reasonable_oce (R {# T
X 43, Ja SE S A0 M Heavy) B 2E T-4E | LG JIE A5 AU
FERR GRS 5 7™ P 5 R AR M fE

2.4 XPEEELE
2.4.1 AFBEIEN L

J T KUE FEBA-DETR A9 R , A8 55 78 CityP-
ersons FCHE A FoKs H 5 W RS B AY 1) S i H A A
AT RGEX . — 32T CNN Y 52 IR A6
B A YOLO % 41 , 4 & YOLOvSm, YOLOv8m,
YOLOvIOm.YOLOvI1m #1 YOLOv12m; 55 — 2K J& 3
F Transformer 224 (1 52 Bp A6 AR AY | 40,45 24 715 74 32
X H R IR 5 1) D-FINE (redefine regression task
in DETRs as fine-grained distribution refinement)
(Peng %5, 2024 ) . DEIM (DETR with improved match-
ing for fast convergence ) (Huang % ,2025) . A T 5256
XF G B 2811, 3 BRUAA 3k 6 %) LU A R Y S 4
S ZR Y S A SR I AR T

XA R . nTLVE A SO kA
ZAPEfESE bR ERBLH L4 . APS0 F1 APS0. 95 f
PRECSBE R (RT-DETR ) 73531 $2 55 2. 3% 1 2%, Jf H.
) HAth i A6 LUAR Y . 7E — P4 1) Reasonable
BARH A SO oM 21, 73% , AR T HA X He A
Y35 AR T REAIR 2 5% , WA SC 5 10— e 4
AT N E ARG DN EL AT B 0 1) 65 P 5 T 7 ™ B Y
(1) Heavy $5 b5 1, A 3CT5 1% 0 50. 82%, IR F£ 4L T 31
AR R, ZR AR SCT5 1 AR Ak 3 H R Y
1N BARE BAT EAR A I AR 28

®1 FREEIE

Table 1 The comparison of different algorithms

T Type ZHE/M  GFLOPs/G  AP50/% AP50:95/% Reasonable/% Heavy/% K&l %/ (vi/s)
Yolov5m CNN 25 64 67.0 43.6 29.51 60.01 74
Yolov8m CNN 25 78 67.0 435 28.71 59.02 66
Yolov10m CNN 16 63 67.1 435 31.84 59.66 76
Yolovlim CNN 20 67 67.7 44.8 28.68 55.88 68
Yolov12m CNN 19 60 68.0 447 27.33 56.46 71
D-FINE-M Transformer 19 56 55.3 30.1 25.52 52.84 63
DEIM-RT-DETRv2-S  Transformer 20 60 69.2 435 23.72 52.13 61
DEIM-D-FINE Transformer 19 57 60.8 36.0 25.37 54.23 64
RT-DETR Transformer 19 57 68.1 422 26.65 53.64 61
RT-DETRv2 Transformer 19 57 67.8 42.1 26.90 53.55 61
FEBA-DETR Transformer 18 63 70.4 44.2 21.73 50.82 55

M IR TR T I R 255 . APSO FTAP50: 95 F8 R EU{E 4% = B A1 ; Reasonable £l Heavy $U{E G , GFLOPs Fe/m AR A -

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

6 1E— 20 SRR TR RIS R 7o i 5 i B =2 ()
AT G 25, IS 20 A vl LIRZR 3], £ F CNN AR
YR 5 o) 3 2 7 e il JE X I (66~ 76 Mii/s )
H AP50 A X} A K (67. 0%~68. 0%) ; 1fij 3£ T Trans-
former PRI (21 (8, = ff ) M IE 47 A e o AR SCHEH 19
FEBA-DETR {3 T8l 6 1 22 L1, S48 78 SR 14 A
% (frame per second , FPS) 8 F5 J5 1l , A< 3C 7 ik ik
155 Wi/s , WEAR T HLAACHY (AT SR 35 FE SR 4G T 7
Ko EEER L, TE APSOTE bR EAFRTF 1% (45 i
FRAMAL R 245 7 Wi/ 119 T 35 452 2, X — G B — 3 L
BT I ik R SO B 7E PR R4 e G
R B A TR, SEBL T S A 1 25 B PR RE ST

{H A5 7 B 1 2, [8 4 Transformer A5 I A5 7 (14
DEIM-D-FINE 1 D-FINE-M [ 045 5 ik T Hi4y
B 2855 22 YR S0 A A, 33k R A A 7R 2 o)
HGNetv2 1 321 [ 2%, 17 HoAx 1k R4 A 14 455 750 D)
{# H T AR #Y) Backbone, S5 4% 3 2K B , HGNetv2
FEARSCIAT AT 55 h e B A, W RE TR 2241 X
AT KL A 5 B A s AT 4 T T R A ke 430 o 3 T
(£ T W%

N T AR L5 R AR A A S X b S5 I A fil
FH T TR 380) ) A0SR 500 1 e vk AR T B
Fiar i 1) A O A JR S L R AT

72

FEBA-DETR
4 DEIM-RT-DETRv2-S
Yolovl2 m
Yolovlilm o
- ®

A
—_RT-DETR, ___ Yolovilm o __ Yol.ovlom

RT-DETRv2 @ i

Yolov8m Yolov5m

(o)
[\
T

A

DEIM-D-FINE

AP50/%

] s S T
D-FINE-M

o JLF ONN B iEAY
& B Transformer (SIS

50 L
50 58

|k

66 0
I /(W)

El6 i E—E XL

Fig. 6 Accuracy-speed comparison

2.4.2 RIRFHEEX

AATLEAN ) B A b EAT T X LRIIE , 25 R
WFL2HR o NGER AT LLUE W, AR SCHE 1 10 7 B
T AEFEMERLPE 4 CityPersons [ %) AP 8 45 43 51l $2 Tt
T 2.3% F 2% , R WA SO A B 4 ) T A2

StHTEARFR /N BARA T RSP ) A T R B TR
Pt PERE . TAE A ALBR T 32 18 3 5 1Y WiderPer-
son £ 4 4 b, AP 48 b [F) BE AR 5 RS B $2 T T
1.1% 5 0. 7%, /0 B3 T AR (132 L Re )1 . 7F
ACDC % 5 b3 42 A 1 1. 9% Fl 1. 3%, i8] T
R A N U HORAEASFIR S L SR G IR 4%
P 04T AR I R

x2 AEHIEENL
Table 2 The comparison of different datasets
1%

g/ S F7E AP50  AP50:95
RT-DETR 68.1 42.2
CityPersons
FEBA-DETR 70.4 44.2
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

2.4.3  AN[FESR RBON

R T RGEAS ) 190 A o] U 452K pRACAEA T A
WAESS i BE 22 57, AR W EAH R S B B X2
i R 0] U 461 2 PRBULE CityPersons 2044 dEF7 4%
T G, 5 RN 3 R .

S8 DL RT-DETR 534 I 4 5% I 1Y GloU (gener-
alized intersection over union ) 5t 2% PR AU AE A 3 fE i
2 R, FA A % bR B A6 R SR/ N TR g R o
KA E B A O S B T 22 7 4L
fa] PRI 28 ) MPDIoU #53 2K pRi %% (Ma il Xu, 2023) 52k H
Focal loss 5 £ #1 il >f 384 55 TR ME A A £ 4L 68 1 10
Focaler-GloU $ 2% p8 %% ( Zhang 1 Zhang, 2024 ) ; 5% /]
Bl AR SR B4 AN TR 43 T5C SR W AN [ B A Y 7
DUPAE 7647 4% 25 348 25 895 1 Wise-GloU 4 2% bR 4
(Tong 5 ,2023) 5 LA S A BT X6 301 BHE P9 8 & 45
AV ST 3 3l B AE AL ) 1 3 1S ) Tl U RS 1Y)
Inner-GloU 451 2% PR ( Zhang 45 ,2023b) . I Ab, Ky idk
— T RS A R pR B AL A
B B AL 5 MPDIoU AH45 & Y Focaler-MPDIoU
12 B % (Zhang Fl1 Zhang , 2024 ) FILHE P 35 45 #4240
fit A MPDIoU # Inner-MPDIoU #5i 2 #& %1 (Ye %5 ,
2024),
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AR KGR BE >R B, MPDIoU A Inner-GloU 3
PRARXS 5 MY, 5 )2 7 v R (R 37 5t T AR IR RE PR AR AL
e R K 0 B A X 0 S ATE %) o 2 0 T [l 0
PE EBA B VHTRE S . FRAS G 2R A )
P fE J1 , MPDIoU RS 7R R G P 7 e h 3R
I — G B OE (B AR ™ R T B R K
Inner-GloU, FTLAZEG KT , Inner-GloU 4 5 hy
2 X R W H BRI 7E ™ Y sk SO AT A
H AR it S A 25 ) 29 SR, A7 B T R A AR
A7 55350 SR BeA Hh SRS B HL 8- 1 A

x3 AREHBKFEITLL
Table 3 The comparison of different loss
/%

EZENE AP50 AP50:95 Reasonable Heavy
GloU 700 439 22.62 50.37
MPDIoU 704 443 22.16 51.20
Focaler-GloU 69.9 438 24.15 53.96
Wise-GloU 69.3 438 23.90 52.58

Focaler-MPDIoU 69.6 437 23.12 52.77
Inner-MPDIoU 69.5 434 23.47 51.04
Inner-GloU 70.4 442 21.73

TE IR R & 5 B A4 2R

50.82

2.4.4 WIS L

AR5 38 3 JR TR S 56 ke A BT AR 5 e AR 2
B A 3, B i 1 5 PR B 1Y B2, JEAE CityPer-
sons 5 ACDC dia 4 A7 A R B PFAT , 25 S 3k 4
Jim o i) o F1 B4 52 20 (16) £ 2 1 = 41
SHCRARAIE S50, 5250 1 XN 8 el ik J5 10 5300k
WV AR RT-DETR 8 55 9 398 5 58 i o 7525 2
S 2 W) X6F R A FH A5 ol 5 1 5y Y AR AZ
B S AT IME L IS I | RIMERATER 2 5001 = 9
SR Ry 1 i S0 TSR 43 ) 15 A [ AR L
LY R G ERIIEOESE S

MR 4T LIE 7R S22, B SR A5 AN
1R A8 ZR B A T A AN I, AR SR A M R
T AT PG L A 1 5000 1 5 SR W 15 114 0. 4% 1 0. 2%,
TE ACDC B8 22 $2 55 0. 7% F10. 5%, %< B B8 75 &
AT IR S HTHE T 1% 07 i GRS A AR FH R 7Y
E— My mME A= a TR RM . 7EE5R 3
T AR T B S BB BT | CityPersons B4E

R4 FREZLBSIIEE
Table 4 Comparison of different core hyperparameters
1%

CityPersons ACDC

i (a,B)

AP50 AP50:95 AP50 AP50:95

1 - 70.4 442 40.6 18.5
2 a=1.0,=10 708 44.4 41.3 19.0
3 a=12,=10 708 44.5 41.6 19.2
4 a=10,=1.1 710 44.6 41.8 19.4
5 a=12,=11 711 44.6 41.8 19.6
6 a=15B=12 695 43.1 39.1 17.8

T IR FRR B e L R - R T .

R 1Y AP50:95 1Y 3R PLBS A $2 7, M 7E ACDC i di 48
bR bR — 2L A BT T 0. 3% F10. 2%, U I HE
DM BB S RSN W E IR &
Bt PRI A 4 ey 55 ) L AT O A 0 el A A
BRI RE T o [RIRE b, 78 S5 4 rh S T (IR R 2
#, CityPersons 1Y) AP50 55 AP50:95 (5 A 4% 512
56 2 BT T 0. 2%, 1 ACDC U 43 B4 T+ T 0. 5%
F10. 4%, VLB X i 2045 B 038 BEAMEXT T2 244
ST BRI P R A R BB AR o TSRS
5, [R] Es 3 55 AR AN = 45 2 800U | CityPersons 1Y
AP50 Fl AP50: 95 % 5 55 2 43 il 48 7+ 1 0. 3% F
0. 2%, I fy A B 34 ik vk (RIS 50 1 8 ) o3
SR T T 0. 7% F10. 4%, ACDC 3 4 i 42 71 i o
W1, AR T 5256 2 0 5B T 1 0. 5% F10. 6%, 85K
1 MR TE T 1.2% M 1. 1%, X Segs R 55 ) 3%
BT, e AR i 1) BB SR e B A IR [ X000, A )
TEE A 50T , & By RIBC G AT 5 2 $e R AT
PEPE R INRG JE o 3X HLACH 5 00 34 50 SR st g 1y
AR S5 S5 5 1 BRI S AL, R e 2 S g A
SRR IR

EAS I R0 02, o a8 E— 2P 3 R, |
FHSZH 6 (3% 248 2 50 S RIPERE 8L T R F%
CityPersons Y P /> 48 b 8¢ S5t Ify 0% B3040 39 5 Ty ¥ 40
W RFET 0.9% Fl 1. 1%, ACDC %5 4 £ | F [% 1
1.5% F10. 7%, 2ot ZR 50, 1 i 5 &
om0 T DL K Pl i 4 A5 ), S BURNME
Ji A P R IE AT P A AT S T 52 e e % 1 A T &
Fo WA FESCEE R R P IR Kk B, 7R SC R AR
Bl 1 08 07 VL REAE — e R BE B/NIR AR TN H AR
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X%, EPEEE, &—H
SUIE I R 5 i SRR AN B B Bh E 3R SERHAT A4

SRS AE R BRI . TR R R AR TR
TR T Ao 4 5 v AT L B A R IR BN R AT A
() AR A AE A5 2, T4 /R T3 o0 B s 447 A A i
SRET .
2.5 HRRKIN
Ry T B EAS SC Ok A RO CityPersons B
PR FRIT I B S 86, N S T . IR GE SRk F
BfiZ5 FAM-CSP .FAIFI.BAFA & 451 A, BIE1E AP
Rhn LRI RE BB n 8Tt Hd, ootk
— R (S5 2—5 80 4) 7F APSO e 242 T 1. 5%, 7%
AP50:95 M e Z 42 TF 1. 2%, Horp FAM (1) 885
5o M7E MR 455 R I AY & BAFA #E8k
HAE = FREPS AL T Heavy 36858 FFE T 2. 72%, 15
A IOE RS FE K5 Reasonable M FFET 2. 82%., KR B

A (L5 5—5280 7) i — Bk T R oRS B L (0 AE
JEE R S A MRS

FEGI AT, 3 i — 20 456 B et 2k oRi
B B 1 o R (R S5 8— S50 10) T, AR ALY
BARKG I PERE R B T AL, APS0 5 = P35 71. 1%,
7 FsJ 7 B 5 9 5 B 5 A AP50:95 Bk F] 44. 6%,
AR T I B (520 D FHIREE B . Ak, X
T AR B AFE Reasonable 845 P IS T Al A% I
a2 AR 21. 07% , 22 BRI ALE 5 UL 37 5 1Y
T NI AT B i B e

EAS I B BBl &5 A B P 4
MR AR5 =B G W 2 IF R X —
FRAE E UL T4 AR B 24T S s i
srE LA e EE,

®5 HEIKF
Table 5 The table of ablation study

zg FAM-CSP FAIFI BAFA Loss Aug Z%(i  GFLOPs/G AP50/% 251);2: Reasonable/% Heavy/% *%ﬂii?{
1 - - - - - 19873044 569 68.1 422 26.65 53.64 61
2 vV - - - - 16559268 509 69.6 434 25.30 52.54 65
3 - v - - - 20118768 577 692 428 2478 51.67 61
4 - - Vo - - 20581200  59.9 687  43.1 23.83 50.92 58
5 - v Vo - - 20725488 603 693 435 23.67 51.09 59
6 vV - Voo - - 18611424 623 69.6 433 23.90 51.20 56
7 vV v - - - 16804992 526 697 438 2433 52.47 63
8 % v Vo - - 18340136 624 700 439 22.62 50.37 55
9 vV v VooV - 18340136 624 704 442 21.73 50.82 55
10 vV vV Voo v Y 18340136 624 7.1 446 21.07 49.81 55
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Fig. 7 Visualization comparison of the improved results ((a) RT-DETR detection output; (b) FEBA-DETR detection output;
(¢) RT-DETR heatmap; (d) FEBA-DETR heatmap)
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Fig. 8 Comparison of improved performance under adverse conditions ((a) RT-DETR detection output (Scene 1); (b) FEBA-DETR
detection output (Scene 1); (¢) RT-DETR detection output (Scene 2); (d) FEBA-DETR detection output (Scene 2))
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