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BSD-YOLO: a small target vehicle detection method based on dynamic
sparse attention and adaptive detection head
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Abstract: In intelligent traffic monitoring systems, small target vehicle detection in complex scenes faces challenges
such as low feature resolution, severe occlusion interference, computational redundancy, and insufficient
bounding-box regression accuracy. To balance detection accuracy with deployment efficiency on edge devices, an
improved YOLOvV8 framework based on dynamic sparse attention and a lightweight dual-branch structure was
proposed. The method first introduced a bidirectional routing sparse attention mechanism (ReBiAttention) that
enhanced the retention of shallow features for small targets by dynamically filtering key features through a two-level
routing strategy. Subsequently, GSConv and VoV-GSCSP modules were integrated to reduce computational cost
while dynamically adjusting multi-scale feature weights. An improved DynamicHead was applied for multi-task
adaptive optimization, and a modified ShapeloU loss function with shape- and scale-aware weighting was employed
to improve localization accuracy. Experiments on the UA-DETRAC dataset showed that, relative to baseline
YOLOVS8n, Precision, Recall, and mAP@0.5 increased by 8.739%, 1.685%, and 7.225%, respectively, while the
parameter count decreased by 4.3%. This method provided an efficient solution for accurate detection of small-target
vehicles in complex traffic scenarios.
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Table 1 Sensitivity analysis of k£ value to ReBiAttention
mAP@ mAP@

0.50 0.50:0.95

0.56324 0.61981 0.59937 0.41607 11.1
0.623 38 0.59359 0.60203 0.44574 112
0.66923 0.57161 0.62359 0.448 92 11.3
0.67339 0.61342 0.642 58 0.444 12 11.3
0.65476 0.624 12 0.631 84 0.470 34 11.4
0.63235 0.62591 0.636 18  0.457 68 11.5
0.61529 0.62839 0.63324 0.457 65 11.5
0.61595 0.65682 0.64806 0.468 26 11.6
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Fig. 5 Representative scenarios in the UA-DETRAC dataset

TEASE, EHM GPU %%~ NVIDIA
GeForce RTX 4090(NVIDIA A ]), 1 CPU ¥ % M
#& Core i9-12900K @ 3.20 GHz(Jh5/R A w], HE
AR ). SREGAE Windows 11 #:1E RS8R %€ K,
TR 2 STHEZE K F] PyTorch 1.7.0 iA, #5H. CUDA
12.1 1 Python 3.8 Jyfr Fa B2 1% REXT LU 2 TE A%,
Fir A SRR DL — B )k 2 B0 B AT I SR S5 T
SEIO IR B LR 2.

®2 NESHRE

Table 2 Training parameter settings

%5 SH WE
1 epochs 300
2 Batch 8
3 imgsz 640
4 workers 4
5 optimizer SGD
6 close_mosaic 0
7 patience 50
8 warmup_epochs 3.0
9 warmup_momentum 0.8
10 1r0 0.01
11 Irf 0.01
12 mosaic 1.0
13 weight decay 0.000 5

3.2 THEIERR

TE 25 ar U 545, 3E 3 K 7 %2 (Precision, P).
7% (Recall, R). mAP@0.50 % mAP@0.50:0.95
RPEAli SEI6 AL -

1) #ERAEE . FrA HAE NI REA T, FSE
BRI o5 B0 R 810

TP
" TP+FP ®)
2) HEZE, FrA SEhREERE AT, R
FRBE PR A BT o5 B B A5 Dy
TP
" TP+FN ®)
e TP R EPHIEREA S FP RO FHVEREAR
H: FN TR DA 7 R [T 1) S B BR A A 4
3) “FH4JHERE (Average Precision, AP). R~
FERMEA P-R M2 T A
AP=| PdR (10)

4) mAP@0.50. 4§ IoU B{E N 0.50 I, %7328
FI-F 2R L

5) mAP@0.50:0.95. i loU HI{EM 0.50 FI
0.95(1a1 K 0.05) I T3 73 R T I KG JEE o

6) FM T4 2 (Giga Floating-Point Operations
Per Second, GFLOPs). #5784 fif [r 4 # i) By 75 1 &
T RUS S, B2 Giga FLOPs, HI

iFLOPs,
IT (11)
X FLOPs) RRE I NETF(BRL AEE5
TINE RS HAG L RRET B ARG B
BN HER 640x640 115,

7) HiR S HE (Params). BRIt A ] 24 5] 5
e, BACRE M), B

L
Params = ZN, (12)
1

K NERRE INERSEAH.

PLE 7 T bk s 1 RO vERf 12 e AR BT A
BIMGIREE 3 ANJ7IH, R 2Tl i BSD-
YOLO TE/I H br 4=k AT 2% P 1 R 1
3.3 LWMLERSH
33.1 FAEWHEBI LT RE&E B

TEEVE R RE VP A FU R B, AW A T BN A
i it SR 2 X 8% PRI Tl ) LR EGUIEAR R o S RS
ilE ReBiAttention EHLIRLAYE SRR, SLIG Wit
KH UA-DETRAC F:AEHIREME NIRRT, @
T A o SR W S A ) 0 L TE SRR SRR B S
M, WE T 255 RsE IR E S FE
IR 25 30 H 284 L AR AL g fC B DL I 2 E08 e TR )
JIr AR &3 S BB T RPAT (R 2), MITA
R AR ReBiAttention AR B R ] P4 GE XT H A
APEENE, BRSO v Ak ) SE IR A R .

GFLOPs =
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WRPE LIS B X L GR 3), AT Fiade F (1 Al
RN YOLOvVSn 2544 . TER AL ET, LL “+”
FRETE YOLOVS JRZEH) Fb AT s fiifh, JUH
X ReBiAttention FJE!HT A IEBE A TR ——FF
C2f it ReBiAttention BEATHLAL  FERLH ST EL
e, AR T B ReBiAttention i A E
PSRN FT A M4 g5 555 B (GR 2), DARfRSK
56 (1) 23 1E 1t A0 1) W] G4 « ReBiAttention AEL7E AR
FEHRAALE N R S B R FFAE 2.93~2.95 M /&
i, BRI EE R ELE 8.0 GFLOPs A4, 1t
WA ] R I R S HE K.

SR IRE Y, Jofa2 T £ R ReBiAttention
B R T, BAEREmA G C2f 1 8) 54
JREE (B IR o RS B AR ATESHU R (3.45 M)
5+ 5 (11.6 GFLOPs) b A% 344k YOLOvSn 7 filf
b, (HEE mAP@0.50 Al Recall iX 2 Hiik% 0o f6#5 b
S AERTE T 41 9.97%A1 9.80%. 45 EEY, @it
TESCVFI BEURYE Bl N FE SR A B B B, w3
RUomAT IR B, JUHAE /N BRI soh R I £E.
T HREACE, REHT RIS HRE SR
RS FE 7T T HAREE R, &I T BSD-YOLO 7E
SRR ST STA i Pl O T

B 25 A M 3K Fo TSR] W 25 2E A SR B0 L AR
AHWFFAE UA-DETRAC B 3RS F# 411
LR I8 53R UESE, 43 % iR 46 YOLOv8n
At J5 i BSD-YOLO (fU4% SN f5b 5 DyHead-
small £ S)BEAY 34T 7 300 Epoch 14— Ik
5Pl ERBRSHEERETNER 2 REFE—H.
3R 4 RS2 56 56 L B T %, A4 S5 1 B2 7E OR
S AT RE A [RIINF, fEAZ CoPEREFR bR LRI H B
R . ARSIy 2 AN

1) RFIFELSTL. YOLOVI2 £ mAP@0.50
&AL F YOLOVSn, {H7E Recall 5 mAP@0.50:0.95
FEBEAK; YOLOV3 BS40aE KBRS B R IR
A P& ] A YOLOvS Al YOLOV6 fEf Rk 55
() 35 A HUAS e £ P4 o

2) WEBHX . EHL%L YOLOvSn I,
ReBiAttention [f] Recall 5 mA B2 Th: SN #iik
1E “BEi” TR ERIRE, SHETHF 6.7%
H mAP@0.50 1% ; DyHead-small #& il 3k 7£
Precision 1 mAP 2 TifZ.Ofats LIEF AR E
(Precision+12.7%, mAP@0.50+5.98%), [[if S %L
HRIELL T % 16.3%, UEHSIESRMSLTE/NH R R
FEE 1 3 R 7 T PR S 2 A

332

%= 3 AINA[E ReBiAttention R AYLE R L5
Table 3 Comparison of the results of adding different ReBiAttention modules
LT Precision Recall mAP@0.50 mAP@0.50:0.95 GFLOPs Params/M
YOLOv8n 0.60881 0.598 17 0.589 04 0.431 27 8.1 3.00
+C2f-ReBiAttention 0.636 09 0.576 85 0.592 03 0.399 98 8.1 2.95
+C3-ReBiAttention 0.639 66 0.486 80 0.571 48 0.417 49 8.0 2.93
+CPN-ReBiAttention 0.646 37 0.563 50 0.598 16 0.424 37 8.0 2.93
+CSC-ReBiAttention 0.642 02 0.566 64 0.584 40 0.409 42 8.0 2.94
+ReBiAttention 0.615 95 0.656 82 0.648 06 0.468 26 11.6 3.45
Ours 0.696 20 0.615 02 0.661 59 0.468 31 7.9 2.87
e IR R R A .
x4 WEERITLE
Table 4 Comparison of network structures
ST VE Precision Recall mAP@0.50 mAP@0.50:0.95 Params/M

YOLOv8n 0.608 81 0.598 17 0.589 04 0.43127 3.00

YOLOv12 0.713 72 0.514 93 0.603 74 0.433 87 2.51

YOLOv6 0.570 75 0.543 44 0.556 63 0.413 99 4.23

YOLOv5 0.648 75 0.561 17 0.588 45 0.406 21 2.50

YOLOv3 0.679 22 0.578 32 0.607 95 0.453 78 103.66

YOLOv8n+ReBiAttention 0.615 95 0.656 82 0.648 06 0.468 26 3.45

YOLOv8n+SN 0.613 18 0.599 30 0.601 96 0.426 42 2.80

YOLOv8+Dyhead-small 0.735 32 0.590 65 0.648 83 0.475 72 2.51

Ours 0.696 20 0.615 02 0.661 59 0.468 31 2.87

TE: ISR R F A .



18 wi%, %

BSD-YOLO: H&TF gl 45 g v 5 155 [ WA Sk 1/ F AR 425 0y i 107

M s BHERTLLEH, 7E YOLOVS JE iRl b
I~ AFPN Ak, B4 RIgRED> 29.67%,
& RETMREEIH T, BOFATTEARONE E
HIELR T 5]\ Dyhead £k J5 {8 Precision #2151
13.15%, mAP@0.5 #2151 5.979%, mAP@0.5:0.95
PRE T 4.445%, /K31 T Dyhead-small k&S5 %F /N H
FrREMEARAE UA-DETRAC [F3& it R J5 220 B
SR VRE 1 ZE A 0 B 5 T Rl

AT 7 L X B S AG IR E T e YOLOvS
TEZETR AT S5 BRI H . SeBe3E B, AH
BT IR AR, AR AL S I Y 28 BRI TE R B U SR
RIS N SEI0 2 I RE S B, MR A PERE IR 212

(=7 S
333 HaRskibi

A 5T K R HAL 30 0E 7 VL VPG R E A TT
FOE . @i s R, EAER
ReBiAttention #iHt. Neck M Z%4hFEE M 1H%EE . 6
ISk 16 58 DA K 45 2K o i ) 4 Sk g DO 2 19 B [E] A AL
MR, LT EGEMH YOLOVS RAIMESE, %424

B n/sim/l/x 5 FREUBIRE S, A 72k T i Ak
L BIAURE FE T 2% &, 1k BB YOLOvSn fF
RERZRIE R S EBINGRGE, ErritEk

HEAE FIRTR IR VTAS HE Wk 6.

AW IEE — RYVH RS, TR T 2%
BRIRAGTT R 0 . A SEIR B KA, SRk
T SR W T T AR SR AR DU i R A SIGE BE TT THT 38 R
DA R . B, 5AEZEEA YOLOvSn AH L,
R A TEET W25 5] N7 ReBiAttention F, R
ESHEMIE 0.45 M, (HILAEIKE BE (Precision)
FF 35 K FE (mAP@0.50) 43 ) 42 T+ T 0.714% i
5.902%, [RIS vF AR R AR E o IX KRB, G FERY
N2 EOT 4 e A ROSCGE R R AR 77, T4
ERIMERE . BRAL, ST MG BRI B
ERHEARRMEEMRS: HSHER DT
0.20 M, [FJIRFAar il P4 BB 3RAT 1 Sl —AS 1T b
F+0.337%, mAP@O0.50 $&5 1.292 N H 7 o 1X—
SERIUE TR B RS RELET B
CRERR, ARURER T = JZRHIE B B 2 B K
FUNERE R ERM M. 7F Head 35, #A C
i# it 5] N DynamicHead /) H b5 5l 3k, fif 15
Precision, mAP@0.50 5 mAP@0.50:0.95 43 42 T+
T 12.651%, 5.979%F1 4.445%, (S EE R
T 0.49 M, X 3 B 7E Ik 4 AE J2 T A it R A 2L
BE AN

®"S BREMKISLE

Table 5 Comparison of various types of detection heads

ST Precision Recall mAP@0.50 mAP@0.50:0.95 Params/M
YOLOv8n 0.608 81 0.598 17 0.589 04 0.43127 3.00
+AFPNEY 0.580 92 0.520 42 0.541 67 0.391 88 2.11
+AFPN-small 0.630 40 0.576 21 0.588 82 0.43125 3.67
+AFPN-large 0.637 76 0.492 45 0.548 28 0.384 95 2.11
+ASFFHead 0.636 27 0.567 77 0.585 66 0.416 71 438
+Dyhead-base 0.740 31 0.532 93 0.599 11 0.429 29 475
+Dyhead-large 0.650 17 0.579 04 0.604 89 0.420 23 13.10
+Dyhead-small 0.735 32 0.590 65 0.648 83 0.475 72 2.51
Ours 0.696 20 0.615 02 0.661 59 0.468 31 2.87
e IR R BT .
<6 HRLSCI
Table 6 Ablation experiments
SE T ReBiAttention SN Dyhead ShapeloU Precision Recall mAP@0.50 mAP@0.50:0.95 Params/M
YOLOvS8n 0.60881  0.598 17 0.589 04 0.43127 3.00
A \ 0.61595  0.656 82 0.648 06 0.468 26 3.45
B \ 0.61318  0.599 30 0.601 96 0.426 42 2.80
C N 073532 0.590 65 0.648 83 0.475 72 251
D \ \ 0.68019  0.601 61 0.634 58 0.446 55 3.24
E v N 0.73735  0.56193 0.622 49 0.447 88 3.01
F V \ 0.66311  0.57228 0.626 18 0.445 79 2.40
G x/ x/ \ 071068  0.57031 0.636 86 0.456 35 2.85
Ours \ v \ v 0.69620  0.61502 0.661 59 0.4683 1 2.87

TE: B R A

T RIHIRE R AR R A
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PR H AN BR: 247E Backbone
Hh[E] B 5] N\ ReBiAttention #EE X Neck JZ#E1T1&
MRS, B D B Precision, mAP@0.50 Al
mAP@0.50:0.95 4 T 7.138%, 4.554%F
1.528%; TMi#% E MI7E Precision 5 mAP@0.50 L
ARG T 12.854%F1 3.345% 42T, (HiF
ReBiAttention F 7 25 K, 5 DynamicHead
NEVRNELE G S, SBORREMKITEENS
HEAM. ML, B4 F £ SN JF5IA
Dynamic head /)N H A 3k , il i it — 2D AR AL I 2%
HESE, AALSLHL T Z80& B 0.60 M, [F K
Precision 1 mAP@0.50 43 7 & F+ T 5.43% Al
3.714%, SR UE T Gl il 5 B H ARkl
SRR T IR 2 X 285 465 1) 1) v R o

R G 26 R T 3 FiocH R, HAgE=R
WA : Precision 4 0.710 68, Recall 5 0.570 31,
mAP@0.50 4 0.636 86, mAP@0.50:0.95 4 0.456 35,
[ B AR S H N 2.85 M. WEERE, #A G
FEFR RS P2 75 T IR H . B ) Precision
Ut AR A I R R LD, T3 TR Recall W% BHAS
MAEZHF M. JUHZE mAP FBFRIIRF, K%
A5E Y 7 e Jot o 0 4 A 1t 5 B AR 1 R IEAS TR
AT X P SRR R, ¥ ReBiAttention
B T R REE IR EL, SN H T4t bl &
Dyhead H T4k B2 H ARk, HERI7E A 225 180
ZHERFRT, SCHL 7Rl v R ) B AR5 T

TERE G 3eat_E 5] N ShapeloU #52 2k pRi %, #4
SRR A Ours J5 SRR R, %07 RAE
ZHENIED 0.13 M BITEOLT, ZRE Rl 4 58 &
FZIRTF: mAP@0.50 A 66.16%, mAP@0.50:0.95
°N 46.83%, Recall J 61.50%, ShapeloU it H #x
TEARBRENHLE AL & ARE L, H AR08 L Bhas i %
TRALE , S N H AR DR 98 e B S 3 308 2 7 D
%o GREM S, AARAMUERE E3RS 7B
%, 1M HBETZHERIC, B RSP R H
IRIERE S B S E a O e - A AR S e AN E 7
K3 5%

RUEAIFFRAE mAP@0.50 1 mAP@0.50:0.95 -1
PLFHAt B2 4, {ETE Precision Fl Recall iX 2 Tl
BMEbR ERK T GBI, HE2 R T

1) 5l ShapeloU 2 J&, BAIFEYIZRIS 2 NG
FEARREES KT BARm— 804k, i T4
AR mAP, 1MIEHI0 Precision B, Recall FIAKEUH .

2) BSD-YOLO ¥ i & i M b v &
i 326 HH o T B AR AR X 3, IS5 A R AR Sk
/N BRI AR B o DRI, FH AR I8 SRt 2 fR
BH = B E T Y Precision BYJR T] RE 2 Al BT A
H #r(Recal) A%, BSD-YOLO 7£ %46 (FP) A
FE(FN)Z (B T 1, B2 AE mAP ks L3k i
e

3) AWFFIERFFSHRE(2.87 M)FIITH R Ik
fE$#2iT SN+Dyhead ZH4(2.85 M)FIRTEE N, @i
ShapeloU FBHZTEE S0P IA], AEAFARIY 0] 5G4
/N B 1 78 6 B8 R R B, (EUIX A R R T i) %
FEAS b nT BE H I = IR AR, AT 3 2 Recall A 12
AR RS Sk Uk AR C

4) TESEPRae i sh, 455 mAP REfE
U b e BRASE 2R SoF & b ROBE H b RS I 28 R S AR e
P, REAR SCE SR IR UE T mAP, 1 X
Precision ¢ Recall 240 T P& /& AT 4652 10 .
3.3.4 AWz R TT AL

N EAMELE BSD-YOLO 54 diu i B 7E [F]—
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PR AR G 1 75 BHRAR, 1K 4R 1 22 47N
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Fig. 7 Improved the comparison chart of
algorithm indicators

4 ZERIE

5T BSD-YOLO 5%, ASCHg i —Fiél st 4
R AT 5% ok BV . R SE e &5 R AT 4
ReBiAttention 8 B A 2R THE G S RFAE
X I R RE J7, AT s G e R A5 BT
Pt: SN(Slim-Neck) [ 5] A\ Af 73 45 704 56 fip 42 &4k
Dynamic head &l Sk 345 748 845%6F /1N H A5 A
BEJ), WEIRE TR PRI R

JRUE Ik, ASEAE S Lo o B A IR B
ROV, R 5506 FRIE R E LK 5
% WESEESRREAMET, BBRE TR
ReBiAttention X 411 (Rl #1268 715 76 £ 50 =ik 3
K BE AR, N HAR L (S B AL,

(©) (d)

El6 Aull R AR EE
Fig. 6 Visual comparison of detection results ((a) YOLOv8n; (b) YOUOVS; (c) YOLOv3; (d) Ours)
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