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BUBIEHE , PR TRHER LS Bbrsr 2k, T2 E
AEFRFNIX AR BT, HEIRRCEAZ BB, xfE LU 2 SE it
WM ER . HEZ T, — BBk YOLO™ (you
only look once) Z51F1 SSD' (single shot multibox detector)
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&t LDD-YOLO 5%, i#id5| A RELAN, SPPF-LSKA
5 FFDM S5, 1ERRARASERY A Z= BE I IR A 4 7t 17
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PR o BRIBEAEN T T — I T R L A et
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PEFHRRIESE I S ER A%, I E 401 K R AR AL P A
ANGSOE L, B TAAEXT R A%, 25 R HOERAT)
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455 % Regoen £ T451 . Haar /NI T R K
Z NG, WE ST T XA/ H AR rd il g
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S A BT RT-DETR (94T ARG AR 5338 o 2 R
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WP PL R 228 55 5 R BURIE G B R, NS s
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T RT-DETR #2252 Auf AR 532 SRL-
DETR, DI4&TH5 2230855 /N HbR 5 2 847 AR 14
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1) #2 4 25 [8] 4 22 455 FiF fil 45 5 3 (spectral -feature
fusion network, SpectraFusion) DA i b 3= T ™ 4% 25 4 ,
X SCPA FasterNet Block Sy 2L A, #+ H % PConv 2
R H 2% 25 (] 5 00 58 % B fig 77 9 SFSConv 5. ¥ (space-
frequency selection convolution, SFSConv), JfFl& CSP
(cross-stage partial) Z5 4 JEAR,  SCELARHE 8 1) 5 Al A 9 HE
o IR REE R T T 4% R A [ AR RE ) SRR
FikGeT), JUHAEA /N RBEEAT N S A5 seih R
R SRR

2) WAL 46 TORE N3 SR AR (refined enhancement
for feature scaling, REFS) DL 42 FH ¢ i fill & 80K o £ X
Jlf RT-DETR 1 22 RUBERRAE fil& By Be b SCE AR g
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TIAR R, B 5] A SNI (soft nearest-neighbor
interpolation) 1 GSConvE (grouped shuffling convolution
enhancement) 73 BILAL oRFES TORMES R, (2R
FEOERLG SRS, HERR, MATTHG SRAR AL %5 4R H AR
JEHIRETT

3) Gl AKET 2 H 0 8 {E 7Y 59 B SR I (layer-wise
adaptive magnitude-based pruning, LAMP) L1 52 B EL AU A
Bttt SRR/ SRR B Th S HOTAR 51T
BRI, A SCRH LAMP 3R AR A R
Bl A AR i 25 SR A e S 3 A B B A Lo, AT AE
PREFRT I BE 0 R BN S 5 5t R R, feTHs
R HEFRSCR S R B AT AT

2 SRL-DETR &%

RT-DETR & — LT Transformer ) ¥ 2 Vi B Aris:
DREAY , 254 CNN RIS 2 st i3, FEIREE
REENKE g 1) )Pt S B i 4R B, A L4448 DETR W
WA SR AR AR . SR, EE AR T, RT-
DETR X /)N RUBEAT AR Ry 38 40 15 R AIE 1) B e 0 A PR
Fig 2 REF B G WATE o X8 7 FRAE 2% 4L X 5k
TEPEES H AR T 25 5 S BURE 5 AL AR R, [ Ao L
TR T i R AT

R T AR 2R T A T A B S AR AR Ak,
ASCHEH SRL-DETR 8.7k, AFRARIRFASCH H i =4
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F& T RL R ARG TR . 255 35T RT-DETR-R18
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Mo fea, SIATZ ASENIFER LAMP By AR,
R 45 J AN TR 114 B B [ N A B B A LU 1), FE SRR
DUPKS B W B T A SR AR R A 2 S5 Ty, SCB)
PR AR B AR AR
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Z REFHERGBE AR, & S8dniy 28, il
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FasterNet Block!'” 1 (1) PConv 54 Jhy EL 4343 ] il R s
eIl SFSConv'' ™, JRRilA CSP 4544, 7EE T MLl
A2 [R5 05 3R A5 B B P [ AR AL, TR 4 A8 G
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NERG R T IS, AROREN T ResNet-18 E45 14
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Fig. 1 SRL-DETR network structure

250363 (Page 3 of 17)


https://doi.org/10.12086/oee.2026.250363

Ik, 45 B TR, 2026, 53(5): 250363

https://doi.org/10.12086/0ee.2026.250363

A 4

SFS-Conv 3x3

A 4

/ Conv 1x1 \
n

BN,
RelU

\ Conv 1x1

SpectraFusion

SpectraFusion

Input c The number of channels of the |
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——————————— —
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Cout
HxWx -5
Split
XU Cout
| XWX 2
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<
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Fig. 2 Spectral-feature fusion network module
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e rik ettt , IRSSIEIRRHMER) SRt 55—
HEN TS, AT R BE IR A8 4 25 [H) A AR AR 1Y 5
HAMTHRS BT PR -
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Xl € RHXWXCl
X2 c RHXWXCZ ’ (1)

C,+C,=C

Ao XA ZS FRRHE RS A TR B A X,
TR BRAE R 5 T B R 22 R AR 5 X SRR ST I i A REAIE 5T 5
H AW 3 R R R s EE RS RE , C O RRE a4
C, 1 C, 53 IR ARFRFAERN 53 F5 PR 3 A AIE P 110 J T 4

SFSConv %5 [l AR & 8 0 Je A S A% BT L, H)
JH 23 [8] J&% S BT (spatial perception unit, SPU) 5 47 5 &
FIFAJC (frequency perception unit, FPU) 43 $2 B2 [a] |-
TR R G AR G HARRAE I 38 i 38 T R T
(channel selection unit, CSU) 5¢ 4> X AFIER & . AR
iM% , SFSConv i SPU 5 FPU 40 AL, 43 fl4 5 s ] 4
LFRIE Y SR AALRRAE Y . BJS, it CSU XA

Oy HEATRLG SR A S HLH ) T B R e R
AR EA RV ERE Y, SFSConv RIZEI NI 3 FiR.

£ SFSConv 1, % A FFAE X, PR K] 4324 25 0] 52
Ej%ﬁ%i%, Hﬁﬁﬂjﬂa’, Xs c R(l—a)C,xHxW’ Xf c RQCIXHXW ,
DM [ & T2 (Rl SR A R B I e, 42
AT I GG S BAR T AR R

23 [ B TT B 738 5 Sl A Bz B S LR SO
WAXYIT R g MEIEH, Hige(l,2,---,n), BHXR
FAE KN BB 2 ROERAERA, Jflid a4
BRIETEREY KIBAZ WY, Sk i REFHEDHE 5 i i
Ix1 BREES, 13 EIZS BRHEY:

X; « K,, g=1
Y: = { ‘

(X347, )+K,, l<g<n ' @)

X MFEDX, FFE—DRPNIENERZ, il
MK,

31 232 J8 N 5T 43 BB Gabor 7ZE # (fractional
Gabor transform, FrGT) 5| 5 & IRIUNR R E 577
] (AT SO 1, SEBS A T L s S S £
AR, X T AR RREXT, HASRUS R AT ROR N
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Fig. 3 Space-frequency selection convolution structure
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P, AEM A LSRR IO Y R0 Y43 A ST 23

b, MHEIGIHRES 5 ST, FH Softmax HRASRLAALHE :
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I B E , 3 AL MR E R SRE
Beo R R R Y, 5 S8 BR AR X, 1 2 R D
TR E B S HRE RS, R RS T R
R S 2RO ERE, GRS 1x1 B IRG—mIE A,
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Y

)

Y = Conv,y, (Concat (Y, X5)) . (6)

T AR G S TR R AR Al A AR, RO R T AE

4t ResNet-18 7575 [H] {5 2 A 2 RO RHIE RS 77 T (1Y

JRiBR, TR T T RIZ8 /N B AR5 5 4475 5t AIRE )
SEPL T TR AL ARSI B SRR A

2.2 FHEARMAEURIZSRIER (REFS)

£ Ji e RT-DETR 2544 v, LS00 I 26 3 2240 T
AR 1R RS H MG 2 RERHIERL G o X ARk
TEARTTRRCRES, (AAAEV M. 1) S (E
TP gz P B SOR e, S E T L L
RS AR 2) WAL RAESSITE LS RE RS
i Z XSO T SO R B R RE T,

/N FAR S 2% B AR BRI BE .

PR, A SCHR H AR AR 47 JORS 20 1 SR ARk T S0y
ARSI 2%, LAk IR e, HA5HnIE 4 Frs . %
A5 P 3 B3 3o 51 A B SR U 4 47 () ST T 5 25 AR
GSConvE K i #EFHIE B i 5 2 U RS RE J) . HMAok
Ui, HPIREOD N SNIHIT _LREEB Be Xt 5 Hib 5
GSConvE T T RAEF T BL ) 2 832 B e P MEHT R

- Input l 1x1 Conv l 3x3 Conv

| Low-resolution features |
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— S —
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o«

B 4 A48 AR 2w G TR A SR )

Fig. 4 Refined enhancement for feature scaling module
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SNI 4 T2 & el ik EoRAEE AR, e A (R
W 24 i) 3 S B S — B RURE 3 I 9 R A S
T i A 2 i A 08 470 7 A Y 17 5 25 R R[]
XF T A BRI BERRFIE I X, AR R B T 4847
EIHRRCRA RIS, 51 S OB S A8 15 1,
X b SRAERFIE BOMRAELHEA T 290, s SCRFIEAE AN [R) ]
A ORS BEP . HATH SR AR AT

1
Xup =a- Upsamplenearsl (X)’ @ = 20 (7)
S

AP s B FREEEG o RAREAGE, HI T2
SCRFREAE ORI () R B2 3
XA E, SNIREAE b RAE B B i 2 1 SR
MESATIE LR, AR S 02 R ARl 5 I S2 U S
B —EE, BEIRREE R AR PERITT HEE
TE T RAER B, it — 2D SR B0 I 2% 1 R AE R 5k
AES, ASCHIAMGHE R AR BB TREE K GSConvE, HAEHS
TR B P SER 2 IRZ B R, S5 EPUZ M
Ft, GSConvE 1E45H ERlG TR MAER, WA /e
FAFNIE 18 F AR (shuffle) AR, LATEAR SR H AL TR0 ]
PR S B B = A SRR AN 22 RUBE BRI )
e, BARRE X i Dl R T R4 S5
APRRIERRI, AEOREE B0 SR LAY ] I R s 4R
W SRR R, R RT
X, =Conv,y (X) . (¥
B, TR4)E RRHIE X Bl A e pnte, DLSE
ZRZ BRI, R, FERIR S A6
AR — @0 3x3 B — MR BB
LR E A BB, TERRRITH R A A B Y R
ISR 10 Ry AR AE A AT R RE ), Ha R R
X, = DWConv;,s (X)) . )
e, R AT DR, O e i AR
38 5 1 R) 5 A
Y =Concat(X,,X>) , (10)
Y umea = ReshapePermute(Y) . (11)
XS GSConvE REHEFE T RAFE LT FE A2
GEFRRFIE B PR — 5 RS2 BN JE Y (R, Ay 2050 ) 245 4
PEET T AR 2 RUEERHIE
L5 LRTIA, REEGORS 4018 s AR AT R T IR
BRPLEAE bR RAE AR T A (5 B R 5 G2 A 2 1]
AU, SEBE T HORT AN AR AR A S T R 2 KRR B

[E S8

2.3 #RABIR; (LAMP)

FECBRARE T, AT AR AR B 1R A2 BT BT IR A
M o7 3 B85 A PR o S BRI, ARSI A —Fh 3
T2 A6 LAY IR (E BT B 7 #5——LAMP"” (layer-adaptive
magnitude-based pruning), DLift— 2 AR 45 S04 0 $2
FHESROR . AR50 02 SR MR B A 7 10538 R A R 1Y)
4 XHE R/ NG —BOE BUEFA TR, Bl 7% Z a0
A 225K, [ € BE 2 5 3 SR A3 IR Bl E B A, i
HEZRRIURSE, ImsZmEiArEGE. LAMP 9%
O SBAURFE IR (A BT R A L, 38 5 X2 PO AR IR B 3
FPR—ATHE, SRS [F] 253 Bl A i B A L A1)
AT 42y 0 Fl PN 5 300 B P-4 A s i 1% 5 A1 . LAMP £
AV AT

(Wlul)®

> wwp

s W RIREE—Z RV IHHAUE R B THF HES I 1AL
M u AYATE RG] 3N IZAE B IERE K
AN, SRR IR A R A R % 3K
TS ERAE)E N SRR S A AR M
R — 2RI E SRR R NHET 5, BRR1S
BEAIG FAAS ER R AT SR 1 3 7 B A o

B E S M I 2t e A — e ARk, Tk AP AR Ak
FE R TR BRALEE 1 K/ R FACE FERFIEH2
HOROCHEMER, AROTRR, TIReREERe R TR,
BRAEH /N A X S5 A SE M55, BT R Je X e At i
FSI A B, R, LAMP i3 0 —fbab 3 2
IR IRAE, ZRa M AR 2 NS R EE M, (R
RIREAEAE 42 Jm) By AN, F B P A R 2 MG, AT E
I/ T 0 [ R R R M RS 2 . LAMP [ BT R
KAnE s fs .

Zi b, LAMP DI/ BT RS BEA  HHR 2250 H s,
R MR — AR B, TBOE 2R
BRI REAS F S 45 2 FR B LU o 3% TR AN B
SMORBSEORTY, IHRERE SESRETEARY, |
RE S5 PR 2 1] 45 2 B BT AR BB, MNITTFE A RU PR IR S8
i 5 R R RO AR R AR E

score(u; W) =

(12)

3 SKIRITS iR

3.1 LB ESHELE
A S fT FH B R E & 48 i Windows 11, CPU K
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uiruatls

Weight value
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Global pooling and pruning

H 5 LAMP F AR
Fig. 5 Pruning procedure diagram of LAMP

AMD Ryzen 55600 (3.50 GHz), GPU 4 NVIDIA RTX 4060
Ti, WA K/INK 8 GB, #ifEili 5 4 Python 3.10, ¥R
2 > HESE R H] PyTorch 2.0.0, CUDA A Jy 11.8, 523
SRR, ARG G—RIE N 640 pixelx640 pixel, Y%k
FEUKBLE R 200, KK Ny 4, HH] AdamW fLfbasxt
BRI SHGHAT ATERNAEE, WA RIBE R 13107,

3.2 KRR

CityPersons"" %4} 5 /& Cityscapes %40 5 19—~
B, A& 5000 TR AR 00 AR T Y i 2 BER IR
BT IAT NFEARR S T AR REEFGERYS O,
HAAE RSG5 1E . A F R ARG
Hrb s 2975 kIZEE, 500 5K F1 1575 5K IE R FF 46
UESEFNIASE , SRR “pedestrian” .

TinyPerson" " $I45 A & L A M /Iy H AR RS IAT: 4544
R, HAT N BT/ R . A,
BUA PR . 8 A A 1610 5KIE F,
794 sRIE R VERINZREE, 816 KIE A fE A4, H
HA M “sea people” il “earth people” .

WiderPerson™ J&— A 35 |12 B AL 5007 A K
ERSE, 7 13382 kA&, HAIZkEE4 8000 ik,
IUFSEA 1000 5K, ML 4382 3%, WZIT AN . i
AN ANBFSE S0, ASCH A K55 — 12

“person” 2],

3.3 LIWiTfhiESR

A PR B AT AR I S A R, AR SCEEHL
K W % (precision) . A [l % (recall) . “F- ¥ 4% B # {H
(mAP), Z ¥ & (params). 115 & (FLOPs) L [ i %
(FPS) 1E EZ M RETFAlHe 45, L, Precision, Recall
FImAP ) BT T7 AR FoR -

TP
Precision = ———— , 13
recision TP+ FP (13)
TP
Recall (14)
TP+FN
1 N
mAP = NZAP,-, (15)

A TP R FL SR D R I 5 A i 5
FP RN 4575 B AR TEA VLR SR A I AR s FN
ARSI A SRR 5 mAPJE HARGINAT S5
WHMEREYEREPEO bR, T f AR A A )
AR I B 1 AR E P

3.4 BIREER DI

Sk BT (R S R, IR T L
AR SR LAMP B9 A% 7 A A stk 5 i A, 3l el i
BRI e Speed-up (Speed-up=MACs (base)/MACs
(pruned)) R FE I BYRSRIE , M HLEAS ] R4 FE T 45
RS HORRE . THEE 28 SRR B 1281k, AR BY
R EE X A S B 4 SR A4 1 TR .

4 Speed-up iy 1.25 I, FAIZHEFESR 9.8 M, it
i B % 33 GFLOPs, i #3752 48 &, W] A
mAPS0 42Tt 0.4%, 2 HHIZ Y A% b 7 Jin bR o 24 o 1 1)
FIEF, KR FriEF . & Speed-up B E 1.5, #HAIS
o 5itA w2 AR, H mAP50 N 71.2% [ =
70.9%, KERHRGF R BT R, 16T A8
RE 77 B 12230 FeUE A BE A I S a5 . 24 Speed-up iE— 234
£ 1.75. 2.0 5 2250, A mAPS0 M 70.1% +§2:
Mz 59.1%, I3 H 59.2% FFEE 49.8%, FKWIntk
BG5S T RRLRAERE T, A AL O S BR B
P20 .S58 % R EA R SR R, ATk
£ Speed-up 4 1.25 VE NIRRT S, AELRIERBIAL R B 1k
(TRl ST A IR B R R, 1Bl 6 BAR T
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% 1 71 F Speed-up FA LI %
Table 1 Pruning experiment results corresponding to different acceleration ratios
Speed-up Precision/% Recall/% mAP50/% mAP50-95/% Params/M FLOPs/G FPS
1.0 81.9 61.3 71.2 45.2 12.8 43.4 77.0
1.25 83.8 61.5 71.6 46.0 9.8 33.0 85.3
1.5 81.6 60.8 70.9 45.2 8.8 26.7 913
1.75 81.5 59.2 70.1 44.0 8.2 235 96.7
2.0 80.4 57.4 67.8 41.5 7.8 20.9 102.4
2.25 74.7 49.8 59.1 34.2 7.2 18.2 95.8
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Fig. 6 Comparison of channels before and after pruning
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3.5 JHRLSEIG
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CHAERFFINGH IR SBS 8-804, DL RT-
DETR-RI18 fENFLMERTY , B 5| A SpectraFusion it |
REFS 53 LL K2 LAMP 8947 5% (Speed-up=1.25), it
RIS A B SEIRNT L, FTaE—25 oA 45 B A T
S BE SRR RIVER], SEERgh ANk 2 s

AR IR T 5 S22 R T L
53T o

21 B JiN A SpectraFusion # 85, KR . 4 MK
I mAP50 3 BRI 1.0% . 1.5% Fl 1.1%, |70 S 805+

5889 FEE 13,1 M 5 44.0 GFLOPs, i
SpectraFusion AL i3 75 3= T 44 v il & 23 ) 3l 5 000
BURRAE, A RONSR T RRIE R IR R D TR,
MATTTAERS BEFROR EBUS Tt

ZH C 5] A\ REFS #itk, mAP50 WETHZE 69.9%, %k
W5 R T 03 M, 0.6 GFLOPs,, %A it
RACRAE P 22 ROBE AR R AR Ty, (AU B 6% T A 4K
I OCHARE (S B . I REFS B RERE It — 45
RRRL )] 51 i T R

2 D A 5] A SpectraFusion #& £t fl REFS )5 ,
R AR mAPS0 53R 2.5% . 1.7%. 1.6%,
SR AR 2 12.8 M Fil 43.4 GFLOPs., 93 B
RS2 B, SpectraFusion AEHLHR AL 3 5 A4 [A] A4 R
FEAE, REFS BB AL RRAE Al F 22 RO EEASE (i 4%
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k2 HmERkax

Table 2  Ablation experiment results

Group SpectraFusion REFS LAMP P/% R/% mAP50/% Params/M FLOPs/G FPS
A 79.4 59.6 69.6 19.8 57.0 88.7
B ) 80.4 61.1 70.7 13.1 44.0 77.8
C v 81.7 59.1 69.9 19.5 56.4 87.5
D v v 81.9 61.3 71.2 12.8 43.4 77.0
E ) \ 82.3 61.0 711 9.9 33.0 86.6
F v v 82.4 59.6 70.6 10.6 44.7 95.8
G v v v 83.8 61.5 716 9.8 33.0 85.3

WA RHEEE A S E P, PIBIHAE 5 SRR R T 11 [
b T OUARTTR, AR S HCE M A T %

4 E 54 F 7pl7Espphs | A4 ARy Bent -,
— R LAMP 8947 . K565 A1 mAP50 7241 E 435
PR 2.9% M 1.5%, FE4L F o 435042 5 3.0% M 1.0%.
BRI HFEZ 9.9 M F1 10.6 M, HER/HIFEE 33.0
GFLOPs Fl 44.7 GFLOPs. It4h, 41 F ) FPS #£ 7} &
95.8 i, XFHH, LAMP By @b L MZEA R, 2
BRIUATT BRI AEIIE , MM AEEE TR FE 1 [
SRR TR

ZH G N A SpectraFusion 15 8t | REFS #& ¥ Jf 25 &
LAMP 59 £ 5 , K5 i % ik | 83.8%, mAP50 & I+ &
71.6%, HRIBHE TR 10 M, HHEH T 24 GFLOPs,
SpectraFusion fHfll REFS B3 T+ T FRAEfl A 5 FE I
Sy, MASERIAENE RS LR AR, JF H LAMP 59

BARI DT BRSO AR, fREE TR 3T
U IIRCATRETE —E R B, H il TAE
BRI, B BB e R R BSRG[N, 3R
PR ARSI . DL, BERIGZE S AU TIHRRCR,
AR TR R IIVERE , IR BIDRG R AR R A

3.6 XfLLsEIE

RBEAR SCE R R MERE, B HS Faster-RCNN
SSD. YOLO RNk . & HAn A il % DEIM Fl
RT-DETR FRFIAAY L HAAT ARG it m it e, 7258
— ML IREE R, F CityPersons B84 1T L 525,
ZERANEE 3 PR

T AESGEM R Z R, Faster-RCNN
mAPS50 [\l 44.3%, HSHEAITE R EE 137M
F1207.1 GFLOPs, 5% A HUAL JE R | A w5y, ¥

%3 R R

Table 3 Comparative experimental results

Model Precision/% Recall/% mAP50/% mAP50-95/% Params/M FLOPs/G FPS
Faster-RCNN 37.0 525 443 19.5 137.0 207.1 20.0
SSD 91.0 13.7 31.4 11.3 26.2 437 45.0
YOLOV9mM 83.4 543 63.9 40.7 16.7 60.5 153.1
YOLOv10m 82.6 55.3 66.2 42.0 15.3 58.9 177.1
YOLOv11im 80.2 56.6 64.9 41.7 203 67.6 147.0
YOLOvV12m 79.9 56.0 64.4 41.2 19.5 59.5 120.6
Ref.1"" 80.5 58.4 68.5 435 6.5 - -
Ref.2""" 76.9 56.8 64.8 39.4 11.8 34.0 92.0
Ref.3" 82.7 59.2 68.9 43.9 10.4 - -
Ref.4"" 813 60.5 71.4 432 16.0 45.0 62.0
DEIM™” 79.8 59.5 70.1 428 513 104.6 102.0
RT-DETR-R18 79.4 59.6 69.6 43.4 19.8 57.0 88.7
RT-DETR-R34 83.8 59.7 70.9 453 313 88.8 728
SRL-DETR 83.8 61.5 71.6 46.0 9.8 33.0 85.3
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Fig. 7 Radar chart of performance indicators for various models
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Fig. 8 Visualization of detection results on the CityPersons dataset. (a) Original image; (b) RT-DETR-R18 detection image; (c) SRL-DETR detection image;
(d) RT-DETR-R18 thermal map; (e) SRL-DETR thermal map
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% 4 TinyPerson #4E &b 3 %

Table 4 Comparison experiment of TinyPerson dataset

Model Precision/% Recall/% mMAP50/% mMAP50-95/% Parameters/M FLOPs/G
YOLOV8m 38.4 20.4 18.8 7.4 232 67.4
YOLOVOmM 383 19.2 18.0 7.0 16.7 60.5
YOLOV10m 37.2 19.5 17.9 6.9 15.3 58.9
YOLOv11m 39.9 209 19.9 7.8 20.0 67.7

LMFI-YOLO™ 383 24.6 21.7 7.7 1.8 -
LPAE-YOLOV8"™” 363 221 18.7 6.5 1.97 10.5
PPD-YOLO™ 39.9 26.6 22.7 8.3 - -

STD-DETR™ 37.2 22.1 185 6.1 12.2 37.1
TCF-DETR™ - - 24.2 7.7 19.8 61.9
RT-DETR-R18 41.1 25.2 21.1 8.0 19.8 56.9
RT-DETR-R34 42.8 26.4 225 8.9 31.1 88.8

SRL-DETR 45.8 28.8 24.8 9.9 9.9 33.2
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Fig. 9 Comparison of mAP values on the TinyPerson dataset
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Fig. 10 Visualization of detection results on the TinyPerson dataset. (a) Original image; (b) RT-DETR-R18; (c) SRL-DETR
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Table 5 Comparison experiment of WiderPerson dataset

Model Precision/% Recall/% mAP50/% mAP50-95/% Parameters/M FLOPs/G
YOLOV8m 86.4 83.6 90.8 66.8 232 67.4
YOLOV10m 84.2 83.1 90.2 65.7 15.3 58.9
YOLOvV11m 86.2 83.5 90.7 66.2 20.0 67.6
LDD-YOLO-m 87.0 82.9 90.9 65.7 13.2 41.4
RT-DETR-MSS™! 87.6 83.6 91.1 64.2 18.4 -
RT-DETR-R18 86.9 82.7 90.5 63.2 19.8 56.9
SRL-DETR 88.6 83.8 91.5 64.4 9.9 337

Scene one

Scene two

Scene three

B 11 WiderPerson $t4& & %04 £ T# L. (a) RA; (b) RT-DETR-R18; (c) SRL-DETR
Fig. 11 Visualization of detection results on the WiderPerson dataset. (a) Original image; (b) RT-DETR-R18; (c) SRL-DETR
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Abstract

Objective Pedestrian detection faces challenges from small-scale targets, dense object distributions, and complex backgrounds, which
frequently result in insufficient detection reliability, missed detections, and false positives. Under such conditions, variations in pedestrian
scale and scene complexity place higher demands on feature perception and multi-scale modeling. Existing detection models still exhibit
limited robustness under small-scale and complex scene conditions, particularly when computational efficiency and model complexity are
constrained, making it difficult to achieve a balance between accuracy and efficiency. These limitations remain critical obstacles to reliable
pedestrian detection in practical scenarios. The objective of this study is to improve detection reliability and robustness under small-scale
and complex scene conditions while reducing computational cost and model size, thereby enhancing inference efficiency and facilitating
deployment in real-world pedestrian detection applications.

Methods The proposed SRL-DETR is a lightweight pedestrian detection model developed based on the RT-DETR architecture. Firstly, a
spatial-frequency feature fusion module was introduced for the backbone, integrating the SFSConv operator with a CSP structure. This
design enhances the network’s perception of small-scale pedestrians by capturing both spatial and frequency features and facilitating more
effective feature flow, enabling the model to extract richer and more discriminative information from low-resolution targets. Secondly, a
refined feature scaling enhancement module was introduced to optimize multi-scale feature fusion in the neck network. SNI was introduced
during upsampling to align high-level semantic features across scales, reducing information misalignment and preserving contextual
consistency. GSConvE was introduced during downsampling to capture multi-scale textures and receptive fields, improving detection of
dense pedestrians in complex scenes. These enhancements allow more accurate reconstruction and fusion of multi-scale features,
strengthening the model’s robustness in challenging detection scenarios. Finally, LAMP was introduced to evaluate channel importance and
remove less critical channels. This strategy effectively reduces model size and computation while preserving essential feature information,
improving inference efficiency and making the model more suitable for deployment in resource-constrained environments. The proposed
SRL-DETR model was evaluated on the CityPersons, TinyPerson, and WiderPerson datasets to validate both detection accuracy and
generalization under varying pedestrian densities and scale distributions. The combination of enhanced small-target perception, refined
multi-scale feature fusion, and adaptive pruning contributes to improved detection precision, robustness, and efficiency across different
datasets.

Results and Discussions The proposed SRL-DETR was evaluated on multiple pedestrian detection datasets, achieving high detection
accuracy while simultaneously reducing model size and computational cost. On the CityPersons dataset, SRL-DETR achieved an mAP50
of 71.6%, representing a 2.0% improvement over the baseline model, while reducing parameters and computation by 50.5% and 42.1%,
respectively. These results demonstrate that the proposed model maintains strong detection performance even under substantially reduced
computational complexity. Comparison experiments further show that SRL-DETR outperformed YOLO and other compared methods
across multiple evaluation metrics, indicating more balanced overall detection performance. In particular, SRL-DETR exhibited more
stable detection behavior, suggesting improved capability in distinguishing pedestrians from complex backgrounds and reduced
performance degradation caused by scale variation and scene clutter. On the TinyPerson dataset, SRL-DETR improved mAP50 by 3.7%
compared with the baseline model. This improvement is mainly attributed to enhanced sensitivity to small-scale pedestrians and more
effective multi-scale feature interaction, which alleviated missed detections and false positives in dense pedestrian scenarios. The results
indicate that SRL-DETR is more effective in handling large scale variations and dense pedestrian distributions, which are commonly
encountered challenges in pedestrian detection tasks.Similarly, on the WiderPerson dataset, SRL-DETR achieved a 1.0% improvement in
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mAPS50 over the baseline, indicating consistent robustness across varying pedestrian densities and complex scene configurations. The stable
performance across datasets with different data distributions further confirms the generalization ability of the proposed model under diverse
detection conditions.Furthermore, the introduction of adaptive channel pruning enabled a substantial reduction in parameters and
computation while preserving detection accuracy, highlighting the effectiveness of the lightweight optimization strategy. Overall, the
coordinated improvements in small-scale target perception, multi-scale feature interaction, and model compression jointly contributed to
improved detection accuracy, stronger robustness in dense and complex scenes, and enhanced efficiency, providing a practical and effective
solution for pedestrian detection in real-world environments.

Conclusions The proposed SRL-DETR model effectively balances detection accuracy, robustness, and computational efficiency for
pedestrian detection under small-scale and complex scene conditions. Experimental results on the CityPersons, TinyPerson, and
WiderPerson datasets demonstrate that SRL-DETR achieves consistent improvements in both accuracy and efficiency compared with the
baseline and other compared methods, maintaining stable performance across varying pedestrian densities and scale distributions. The
coordinated improvements enhance the model’s sensitivity to small-scale pedestrians, improve the handling of dense pedestrian
distributions in complex scenes, and reduce model size and computation without compromising detection reliability. As a result, SRL-
DETR maintains robust detection performance while satisfying efficiency requirements under practical constraints. In summary, SRL-
DETR provides an effective pedestrian detection model that achieves a well-balanced trade-off between performance and computational
efficiency, making it suitable for pedestrian detection tasks in small-scale and complex scene conditions.

Keywords: pedestrian detection; RT-DETR; small object detection; multi-scale; lightweight
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