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Hypergraph computed efficient transmission
multi-scale feature small target
detection algorithm

Sun Yemei, Sang Xueting, Zhang Yan, Liu Guorui’, Chen Shuaiyu”
School of Computer and Information Engineering, Tianjin Chengjian University, Tianjin 300380, China

Abstract: UAV aerial images have the characteristics of complex background, small and dense targets. Aiming at
the problems of low precision and a large number of model parameters in UAV aerial image detection, an efficient
multi-scale feature transfer small target detection algorithm based on hypergraph computation is proposed. Firstly,
a multi-scale feature pyramid network is designed as a neck network to effectively reduce the problem of
information loss caused by lengthy transmission paths by fusing multi-layer features in the middle layer and
transmitting them directly to adjacent layers. In addition, the feature fusion process uses hypergraphs to model
higher-order features, improving the nonlinear representation ability of the model. Secondly, a lightweight dynamic
task-guided detection head is designed to effectively solve the problem of inaccurate detection targets caused by
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inconsistent classification and positioning task space in the traditional decoupling head with a small number of

parameters through sharing mechanism. Finally, the pruning lightweight model based on layer adaptive amplitude

is used to further reduce the model volume. The experimental results show that this algorithm has better

performance than other architectures on VisDrone2019 dataset, with the accuracy mAP,; and parameter number
reaching 42.4% and 4.8 M, respectively. Compared with the benchmark YOLOVS8, the parameter number is reduced
by 54.7%. The model achieves a good balance between detection performance and resource consumption.

Keywords: small target detection; hypergraph; decoupling head; light weight

1 5

P WG| S 2 VNN 5 g 5 SN 2 (SR L
FEZA 2 N, BRI, JE AN MG 3k A7 7
T HRRSHM . s A SRS, F3L
HFRGIRG BEAS, FURARIIE 2% . PE R RREA A fE 4
FHRGRE o FETC AT 55 Hh T e 5 A U RS i 2 22
AR DL B TRASSZ B () R, B sl . RS vERY Bl b
R ik 2 O H L

BT, EE BRI Iy ik AT 4k PR B
2 (0 R-CNN" £ %1l | Mask R-CNN™ | Cascade R-
CNNYY 1 — B B 8 4% (1 YOLO™ & %1 | SSDY,
RetinaNet'™), Wi BB S0 AR e X kA T B b
EMAAE, KEREETERA R, MLz T, —
WrBOA HEE S T 2, B
R SE I, A A T AMUBHTENR 0 B AR TR K
VPt YOLOVS 1E g BERH R 2%, I X HUAR A 312 il 2
INBETIIEATORAL,, LIARTE/ N E AR RIS B I PR A Al
BB

YOLO HEZL A S AR 2 A i J 215 U5 8
A2 43 [RIANT B AL, X B S S AL 7 A ) R
T BRKNRE S B E T, RN, ERMNFHEE 7
W2 FPN'"' L% R ) {5 B, AEE(R BRI HEAR
SRR, RE BIFPN'Y | PAFPN'" %7 ik 1T £
EaRR G T, RS R, HRRIE Y 5 2y
THFZEBAE AR, AFPN' | MAF-YOLO" |
DAMO-YOLO"" 1 Gold-YOLO"" &5 2 AR 1E— &
PR Lol TRAE LG S, AR R e A2 AN R R
[N (VA o ST B e [ =B S OB [ 5 = S P S vl
S8 Xk i B AR AR T LA AR R e i b S v )
THAFE . BE 450, i R B 2
AR, RENSA SO AR R 9 B a8 B
R, AHIRA IR FUR FRAE ] 09 52 2438 B G R 4%
HETHTEA, H PR YOLO B Y H bR I

][

TEARGE R RGN K b, E R AGINAT: 55 8 o0 il Ky
PN F1E55 . BFRER A BRI 2E, 4328003
FEOCHERR R G DX, BRI X0 #60 F
M SUE R, ARIT BERZEM A0 s W0 530 5
BOCTEEUR A X, PRI IX A 350G T H AR
B ER, AR TR A HARd FAE, 4R,
TEX AR, SR RUEE ARG Sk 43 3 64 T 45 1
BfE, SBEUSBRHRCRIK, BAEZSME, )
BAISALH R G . T RGN, Liv 77 42
TR AR B S AT R R E AR S
2 X R AR K s StarDL-YOLO W7 46 0 3k v
AT ERUZ (LSCD), BFMEAM T &,
XTI — P LS T Rk, (Hl TR
SEIFAT HARSIINZRRY , RRAEZ (A Bh = A AW A2 5.
H AT REAATEZS MME B SRl Fe 2 3 mn 45
R A A 300k, 4N 532853 AT Re R iR
SEFRZEGN, AE NS5 S H: i 25 ) B if T
AN VA A A

ik — P BRI S, 1R 220 B XA
Rl R AL b AT TOF50 . B A 55 2 0 4% 0 9
SqueezeNet !, ShuffleNet™” | MobileNet”", EfficientNet””
1 GhostNet™ . fH i TR im g M 4 45 #) it Ffjep, 5
BN RIS IS MG RE IS, Tk A AR IR
Kl B AR R IR S BRI B B . EEPAE iR
T —# 3 T35 fk PartialConv 45 FH A AR A 42 1 1k 5
o SRATRS FEBHEMZS S| AT GSConv 1l slim-
neck, AR TR S BOECR  AL, WA
GRS, A A B S B0 R R 2 T B A
R, T LA R 2 B0 28 0 288 P RE S i 5/ N
Zot, MWIMFREREIISHOCR AR, ST
) &8

BRI, BExF B/ N AR b fE e ), 42 i

250061-114


https://doi.org/10.12086/oee.2025.250061

PIHZE, 25 e T, 2025, 52(5): 250061

https://doi.org/10.12086/0ee.2025.250061

TR TR T R s 22 RO AR/ N H BRI
% (hypergraph computing-based efficient transmission
multi-scale feature network, HETMNet), & 7& {fi & 1%
BABEAEHERN R > S50 . E 2 sTiA
.

1) Beit 1 —Ffi HI 00 m A% 18 22 RO R 4 5%
W45 (efficient transmission multi-scale feature pyramid
network, ETMFPN) 1y U8 9 2%, S8 1 Rl 45 4 A
DU AR m AR R A i, R T R IZ AR
M FE o scHe, AR/ TR B RHR . TERLG BB,
BT T =By A& N A (high order adaptive fusion
module, HOAF), N{LRENS LB Z R FHIE A A 1E N
Filve, T HE A EITT, R AR
WYRERYRHIBE ST, AR Soh pgE e, R
AT E T /NI IGRE ST

2) Bt TR A AL 55 51 Ak (lightweight
dynamic task guide detection head, LDTG-Head), #F
ALK AS 6] )2 0 FPN i A5 B 2 A [ Y
LDTG-Head, fieiEor2EMEMAT S5 Mshsx 5%,
PS5 SCAE TN v = A 28 AR — By [R) O 5
=i 8

3) Bl A R SR BOCRE T2 A R EE Y B R
(LAMP)™ J5 i HEAT B A, ol A5 5 700 7 R 45 M BB 11
H T A B8 BRI S 40, E T RO T R Al
il
2 MEE

Ve YOLOVS 1 Bl M 2%, it — Rk T
K55 1Y e 280A% 3 22 RUBE R AR /N H b A I 33k

(HETMNet), HETMNet /i 1% 5 {& 2 Z5 4 b 3= T .
ETMFPN #i #f A & LDTG-Head = > # 43 ¥ A o

O—{ caf O c2f ]

HETMNet £ R A NIl 1 fos. B5E, RA
CSPDarkNet53 15 £ T H#ATRAERE I, BlfE, H#4k
WA EEEE Py . Py, Py AZE ETMFPNH, DI b
FEE D HEAESC IR . RZRHIEE B AE N RS, A
SRR B W5 B B A& 2, il —
JEERRT LASRAS 5 = Fh o3 BRI LR E . e, 1
2t5f LDTG-Head fill sk, #4720 RBEHI

21 BREEEREFITEEFEME

FHIE 4 738 B e TR A 22 45 1) F2 P B UL
A HERIREIE, SE I SRR AR Gl LA s AR A
22 RBERGIRE f1 . BRI, BUA AR 4 35 M 4% i
TRAAGER ISR TR, il e s B Rk
[, AR/ B AR BRI PEREZ 2 T IRE . N TA
B PRI S [R]85, T ETMFPN, fnf&l 1 s .
TERIA B B, ETMFPN %11 HOAF #ids| AHE i
SR IR B X3 )22 P FTR 2 Py AT 2 RUBEFFAE LG
Sk R SRS EIDR JBE R T 2 AT 1 SR B T B AR 42
AR EE TR AR, WlE] 2 PR

HE, WIZFEX,. 5IRIZREX, -, 43 53 i 8
MRS AN AL 5 Y BT R RAE X RSEXT 5%,
FEE T L x VB RN SR IE R, 5l b AR T T R AR
BF, SRS ER, FERHIE SR BURHE
S, HEMTE R E B a2 . H/NE ik e A
FEE SR Al S A -, 38 X v A AR
TFARIATIRERAE, BEAF TS0 FRL GBI 2K 1 v A
5y, AROSRZEIRATRHE RS RIE, METE
FHIE X 285 @ T (151 3), 4% PRI RS
W (H, W, O\(H 1 W 53 | Ko BUR e FE e B, C
FOREIE R BB (Hx W, C) 13 3HHEX, , M
X A SRR 22 [ O RE RS, AR ANERAE A5 o0
0K /INTHE B BB A ARE A R R, BT B Y

+ ETMFPN

A1

o Prediction
§ — Upsample
Cls —— Downsample
Prediction Copy
© Concat
oo Reg - |:| Fusion module
..................... €g. Prediction
LDTG-Head =------- |

ETRE 6 BN 3 RAAAE D B AR S5

Fig. 1 Efficient transfer multi-scale feature small target detection algorithm based on hypergraph computing

250061-115


https://doi.org/10.12086/oee.2025.250061

P, 4 S TR, 2025, 52(5): 250061

https://doi.org/10.12086/0ee.2025.250061

Hyper
computation
module

® Element-wise sum
® Sigmoid

@ Element-wise
multiplication

B 2 HOAF 43
Fig. 2 HOAF module

AN R Xy, Nk 4 fs, Hr d FoRiEuG
FHIERIEES, e FORIERIBIE.

Hw,c)| X
Reshape
(HW. O T

1 Y

Distance
l HyperConv

computation
» (D

v

Reshape
(H, W, C)

B3 REEARES:

Fig. 3 Hyper computation module

%Calculatg R 'E]"%'}"} ~
i > EIEI DI ]
distance d®<£ "I'|'D"U"U 0

Hypergraph

B4 3E& AR PATILA
Fig. 4 Distance computation part of the execution process
N T BB S T R R B A R L, SIA
BB Y A M S SE R . KRR
X, FHE P X A D AR A, RIS R & T
3 B R S AL Bt . S — B BOR AT A v 2l
e R AR S H IR A5 5 B BOE A
W e BN v, Rl b AAE R IO 45 0 I Y
Mo RIFEE SRR, PR SRR Y
RIKAEST, BRI S R R A T AR 2 T e, X
JFIRFFIEEATAN S, SIAEZ MR UEE, #Rik
W)
HC(X,Y)=X+D;1YD;1YTX9, (1)
L HOC) FmBIEE I X om0 s AR 5
Y F R 0GR B 5 DR D, 43 1) 3R ToL SRR

XS R o YIZRS4L.

Bl IS, CKESRAS A B4 AR S A B PR B o,
HRAE B ARAY R ST H 3 e 28 A3 AR AE R AT Rl
P28 T = I RRE S AN A 3 BRI Z R AR OC &R
AT 2F T 4 AF P PN A8 XA B AR B AVE . iR
0>0.5, WL AR B R e E , SR BER s
TEVEATREREARSR , R 2 s 1 F SCRE k. 205, %
AR HER AR, 23 1 x LB — L al A4
T3 X, . MEH 2T RYRIEFOR . BARMRIAAT

@ = Sigmoid (HC (X, X)) , ()

Xow = @(B(X,11)) + (1 —@) WavePool (X,_,) ,  (3)

X,ee = Conv (Xyy) , 4
A : Sigmoid(-) M LIE BREL; B R AR MEAFAE ;
WavePool() A/l ; Conv(-) MEFEAE.

e, ERFEfEER BB, ETMFPN ¥ fl& 5 1
FEOE B AN RO ARSS 2 B G, M ESE 2
fEIBFIEM X, AR TR, Wb T1E
338 2ok AR i AL B B AR R BUW AR Bk .
i ETMFPN W#it, R8s —28HEE T 2R
JERHE(E R, ARERTE TBAVE X 22 RO RFAE ARG
RHE
2.2 BEUHTESSISHEML

H TR R Bk, R AR Sk SR Sy Ak 3
AFRGHRER 72, SOOI TR, T
A SR AT 5543 R 43 FERE LA A TAE 5543 3l ik
TPk, X0 AT e BURRAE L 25 1) 4k B AN 5574 )
Mo R TR BRI, BRGNSk LDTG-Head, H
LEMENE 5 T8 . LDTG-Head iz 3L 54U, i 4
TRFIE H R — AR SR EA AR TR, PR KRR LA
TERE, WA R TRk o2 5 2 ] %S
[ A X AERY ), LDTG-Head i BAAIZ T3 R A0 R -

B, SRR 22 33 B AUE h &t 5
T Xeen IRFAESRIES ,  DAGORSRAE 02 5 2 17
1E45 Z IRIEER3CH., MIMTASFEIRFF X, S HILFEAN
K (5) fsk (6) iR . rdlERmE 6 frn, HIFE
SR BN (o) BB IR0y, 50 d o AT
GRBRAE G AT P, o b 03 G A filters 1Y
B w RFR G A filters BYTEE . B BTS04
GRS HE TR A X = (7) = 8) s,
M RERSTE I A 1, 8 SRS, S5
JEEERSEEN Vg, XBERK TR ESE

250061-116


https://doi.org/10.12086/oee.2025.250061

FN3E, 25 S6HL T/, 2025, 52(5): 250061

https://doi.org/10.12086/0ee.2025.250061

E LDTG-Head

Reg

B 5 LDTG-Head #= DTG #3447 & H. (a) LDTG-Head; (b) DTG ##k
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Table 1 Comparison results of AP and params of different algorithms on VisDrone dataset
API%

Method Pedestrian People Bicycle Car Van Truck Tricycle Awning-Tricycle Bus Motor mAPosit - Params/M
Faster R-CNN®” 20.9 14.8 73 510 297 195 140 8.8 305 21.2 21.8 —
Cascade R-CNN 22.2 14.8 76 546 315 216 148 8.6 349 214 23.2 —

YOLOV5 39.0 31.3 112 735 354 295 205 11.1 431 370 33.2 7.0

YOLOX® ! 34.8 245 16.9 724 344 405 @ 231 17.8 531  36.0 35.3 54.2
YOLOV7*? 37.9 34.6 94 761 363 298 201 10.6 432 418 34.0 6.0
YOLOVS 40.3 30.1 125 777 458 360  27.0 14.9 545 42.7 38.2 10.6
YOLOvG™ 42.4 334 142 795 458 394 295 16.9 57.5 445 40.3 6.8
YOLOV10"" 43.4 347 145 805 465 373 280 15.8 552 457 40.2 6.9
Mamba-YOLO" 41.0 31.7 115 793 442 332  26.1 13.8 56.0 43.0 38.0 5.7
BDAD-YOLO® 37.8 30.0 105 77.0 424 325 2438 13.6 53.0 39.6 36.1 3.2
HETMNet(ours) 452 35.8 142 816 497 411 307 18.0 60.5 51.1 42.4 48
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Table 2 Results of HETMNet's ablation experiment on the VisDrone dataset

Model ETMFPN LDTG-Head LAMP mAPy5/% mAP 5.095/% Params/M GFLOPs Size/MB
Model 1 — — — 38.2 22.8 10.6 28.5 21.5
Model 2 \ — — 415 25.1 9.7 29.5 19.6
Model 3 — y — 40.8 24.8 8.1 24.3 16.4
Model 4 \ V — 42.0 25.7 9.2 28.6 18.8
Model 5 \ V \ 42.4 26.0 4.8 20.4 9.9
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Table 3 ETMFPN ablation experiment results
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Table 4 LAMP ablation experiment results

Model mAPy5/% mAP 5.0.95/% Params/M
+PAFPN 38.2 22.8 10.6
+GoldYOLO 40.5 244 13.0
+BiFPN 40.9 24.9 7.0
+ETMFPN 415 25.1 9.7

Speed_up mAPy51% Params/M
— 42.0 9.2
1.25 426 5.6
1.35 42.4 5.0
1.40 424 4.8
1.45 423 46

Dense occlusion (Baseline)

B 8 VisDrone 445 % L9 8 2355 B AFKER SR AT .,

Dense occlusion (HETMNet)

(a)(b) &I EF; (c)(d) & EMA; (e)f) FHRiES

Fig. 8 Comparison of target detection effectiveness in complex scenes on VisDrone dataset. (a)(b) Night environment; (c)(d) High-altitude
view; (e)(f) dense occlusion scenes
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Hypergraph computed efficient transmission
multi-scale feature small target
detection algorithm
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Hypergraph computed efficient transmission multi-scale feature small target detection algorithm

Overview: Aiming at the characteristics of UAV aerial images such as complex background, small target size and dense
distribution due to high-angle shooting, as well as the common problems of insufficient accuracy and parameter
redundancy in existing detection models, this paper proposes an efficient multi-scale feature transfer small target
detection algorithm based on hypergraph computation. By systematically improving network architecture, feature
fusion mechanism and model compression strategy, the algorithm achieves an effective balance between detection
performance and computational efficiency. In terms of network architecture design, this study innovatively constructs a
multi-scale feature pyramid network as a neck structure. Different from the traditional feature pyramid layer-by-layer
transmission, this network transmits the features of the middle layer directly to the adjacent layers through the cross-
layer feature aggregation mechanism, which significantly shortens the feature transmission path. Specifically, by
integrating shallow high-resolution features and deep semantic features, the spatial information loss caused by long-
distance transmission is effectively alleviated, so that the location information and texture features of small targets can
be completely preserved. In the feature fusion stage, hypergraph is introduced to break through the limitation of binary
relation of traditional graph neural networks. By connecting multiple feature nodes with hyperedge and establishing a
high-order feature interaction model, the nonlinear correlation between the object and the complex background in UAV
images can be accurately described. This hypergraph structure can not only capture the geometric correlation between
objects but also model the potential relationship between the interference factors such as illumination change and
occlusion and the object features. Secondly, a lightweight dynamic task-guided detection head is designed to effectively
solve the problem of inaccurate detection targets caused by inconsistent classification and positioning task space in the
traditional decoupling head with a small number of parameters by sharing mechanism. Finally, a layer adaptive pruning
amplitude strategy is used to break through the limitation of the traditional global pruning threshold. By analyzing the
weight distribution characteristics of each convolution layer, the calculation model of the pruning coefficient based on
layer sensitivity is established. Experimental results show that the proposed algorithm performs better than other
architectures on VisDrone2019 dataset, with an accuracy of 42.4% and many parameters of 4.8 M. Compared to the
benchmark YOLOVS, the number of parameters has been reduced by 54.7%. This model achieves a good balance
between detection performance and resource consumption.
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