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FVIT-YOLO v8: Improved YOLO v8 Small Object Detection Based on Multi-scale
Fusion Attention Mechanism

LIU Fukuan, LUO Suyun, HE Jia, ZHA Chaoneng
(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

Abstract: This study investigates the problem of small-target detection in remote sensing and drone aerial
images. These images have the characteristics of a small target scale, dense target distribution, and complex
background, which makes feature extraction difficult. Most current algorithms for small-target detection ignore
the impact of parameter quantity and inference speed on the practicality of the algorithm to improve accuracy.
Therefore, this algorithm is impractical. To address these problems, this study proposes an improved YOLO
v8 small target detection algorithm based on a lightweight multiscale fusion attention mechanism. The
algorithm first adds the F operator to the FPN structure of YOLO v8, designs the weighted fusion of multiscale
features, removes the P4 and P5 prediction layers in the network prediction layer, adds a P2 layer for small
target prediction, improves the image input grid segmentation integration of the lightweight attention
mechanism, and replaces the C2f module in the improved FPN with it, thereby improving the algorithm have
better global perception ability and greatly reducing the parameter quantity. Compared to YOLO v8s, the mAP
of this algorithm on the DOTA dataset increased by 4.4%, the network parameter quantity was reduced by
52%, and the FPS reached 46 frames. For the VisDrone dataset, this algorithm improved the accuracy by 8.3%.
Key words: YOLO v8, small target detection, Transformer, lightweight real-time
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H Al T B M4 (convolution neural net-
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NetSUHR I Two-Stage M Hi%, MEREIEREER
R HEE S, At Redmon % A$EH TEL YOLO

(You Only Look Oncel”%) 5 SSDUY{REE ] One-
Stage Hi%. Yolo BVEMUEAEN A HAEHE T H bnta il
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TR, Gl G IE S S SIS R R RS, e
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BackBone Neck Head
N5 P5

O — =~
3

'L N3 —«»J

1 YOLO v8 #1551 &4 1 &
Fig. 1 Schematic diagram of YOLO v8 model structure
1.2 FVIT-YOLO v8 /43
ARG FVIT-YOLOVS M 48 45 K & 2 Fr
N, FEH YOLO v8s £ M%% (BackBone) , XA
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Fig.2 Network structure of the improved YOLO v8s small target detection algorithm
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Fig.3 The network architecture of small object multi-scale fusion cross FPN with multilevel feature integration

RAESRTNEE 7o A SR @ IEF B A BN 2 R
H1XT BB, 7R85 IE 1 A I i 3] 1 k%
U5 E S SHEKEN .

Civ Cov Civ Can Cs X RLETF-MHEE [FIAS R Z IR
RRAE, YRR REEMGEE 2. 4. 8. 16, 32, A FH
THHT 2 RE RS 3 R, fld 3 BN E R )
FHIE, M stride 2y 2 F1 ERAE ISR 4R SEIURR
ERERFE, 1X 1 BRI 2 R R AE R 7
FINT Cy RHEHE— //mﬂAlié):f%{Ebﬂﬁﬁllﬁﬂi_ffﬁﬁE
71, ¥ FHEFLINE T ERRHER S, 5T
MR B, ACEF T IRIAH Pas Ps =, FEHINT P,

J2 S A B R A R IE R R B/ B RS, IR0
JEA ) Py J=HEAT bbox BTN . & 3 o FRAFAE I BA Ps
5Ny 4, AT 2D 5 ARQRF R E 1T
B
P3:

Corw(ConV(a)l-N4 )+C0nv(a)2-N3 )+C0nv(a)3-P2 )]

o+, +o,+E

(1)
N, =

Conv Conv(w, - C;") + Conv(w, - N*) + Conv(w, - C")
o+ o+ +e

2
Kb o 5 o ICEAFBUE, KM EAbs X 70 A
[FIRFAE AL BR FRIETE A8 N A AR EUE X 7 AN R 2 ) 4
N PR EEFHAE AL R & B AR AR ) — BT e & A
ZA, Fik B s Y S Ak T

Kl 2 KR . Conv RN B HUERAE ; NRlE INBUE 24,
At ¥ 79 0.001.

KA SCAE BT F AT AT B I8 TE R AR Rl
I TIRBRN, B DAERHTRHIEE T R I R
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Fig.4 The structure of the C2f module
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Fig.5 Lightweight transformer network architecture
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Fig.6 The number of different category tags in the
DOTAL.0 dataset
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3% 1 AT%15 YOLO v8 #H Lk, CROSS-FPN 7f3%
ARG AT, KB 1R NE L,
HH¥ FPS #2272 60.2 i, [FIFS &K mAP $27+ 1
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BIEFE R LL K 4.4%, WS EE RN IR G
48%, BARIBEHMAR T —@Erigm, EER LS K
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Table 1 Ablation results

Methods mAP/(%) Parameters/(M) FPS
YOLO v8s 45.6 11.2 423
YOLO v8s+LVIT 46.0 16.8 48.7
YOLO v8s+

48.6 3.46 60.2
CROSS-FPN
YOLO v8s+LVIT+ 50.0 541 46.0
CROSS-FPN

B 8 A ST B SR o EAS I SR, W DA
Ok 22 R AR5 22 X FPN W 4% (CROSS-FPN)
XA ISR TE 2, T INA R R 71 2 5 1 2%
Farill H 7 YOLO v8s oyl /A <2 id T A, BeiF
TARSC AU A R
3.2 XfEEsKIE

HHF 2 n[%0, ASCHEHE FVIT-YOLOVS HykfE
DOTA %# 5 18— A 2800 E#ESEI T kS B2 37t
HAFER P REREKY . MR, s ARk
mAP 7 HIETE T 10.7% 10.4%. 10.8%. XTH4:H
A DR A A L S DR SR 0 e B DR, I HLARTR]
B A7 7R SRR 0 1) 8 . AR SC B AE SE AR T Ji
2 B B AN R ISt AE G T T ORE 2528 H A BRI RS
B, AT A SE A SCER BRI T R A 1)
MR, FAHET TPH-YOLO v5, {55 & (5 k S 5 &
RNATIEH 9 fi5 o
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(a) YOLO v8s

Table 2 Comparison of recognition accuracy of different algorithms

Fig. 8 Comparison of detection effects of the improved algorithm

(b) YOLO v8s+CROSS-FPN

B8 it S PRSI R L

2 AFEEIEER N

(¢) YOLO v8s+CROSS-FPN+LVIT

%

SSD  RFCNI6 Faster YOLO YOLO YOLO TPH- YOLO (Ours)FVIT-

R-CNN  v20i0 \z v5s  YOLOv5S  v8s  YOLOv8
Plane 57.8 39.6 74.7 76.9 69.2 68.3 72.6 71.2 73.3
Baseball field 32.7 46.1 66.4 33.9 49 48.9 56.4 42.6 53.3
Bridge 16.1 3 14 22.7 16.2 15.9 25 9.3 19.7
Athletic field 18.7 38.5 63.7 34.9 293 28.4 34.7 333 37.6
Small vehicle 0.1 9.1 8.8 38.7 49.2 48 53.7 55.2 58.9
Large vehicle 36.9 3.7 38 32 71.2 70 77.6 78.7 79.6
Ship 24.7 7.5 13.2 52.4 48.2 46.4 61.3 58.3 63.9
Tennis court 81.1 42 84.6 61.7 88.7 88.1 90.2 90.2 91.7
Basketball court 25.1 50.4 532 48.5 35.7 34.6 41.9 36.4 38.4
Oil tank 47.4 67 17.4 33.9 235 22.5 38.6 28.9 39.7
Soccer field 11.2 40.3 57.3 29.3 33.6 32 36.3 33.6 36.1
Roundabout 31.5 51.3 28.2 36.8 14.6 14.2 16.9 12.6 16.4
Port 14.1 11.1 56.3 36.4 65.2 64.4 72.7 69.5 72.5
Swimming pool 9.1 35.6 25.7 38.3 42.7 40.8 49.4 37.8 43.1
Helicopter 0 17.5 27.8 11.6 28.8 27.8 32.8 26.1 26.7
mAP/(%) 29.9 30.8 42 39.2 44.2 43.2 50.7 45.6 50

3.3 KMLERAML

W 9 ARSCEEL T AR5 N BRI ECR E, wr
WA S G FVIT-YOLO v8 7EAG IS B 546 %
= LWL T YOLO v8s JR %t B X (e) 5 (DK,
FVIT-YOLO v8 i& £ ! 7 YOLO v8s A A H 17 kit o

N B IE SR SO A e, AR SCIE X b
GradCAMPlusPlus, GradCAM, XGradCAM =f T A
X A R L8 R[] Heat MAP Al AL SR, B4 KH

GradCAMPTIRE WY 2% (1) 55 9 J2 4 tH e T R AL B A,
1 conf_threshold 4 0.6, 4% & 15 FEHETHUAT 2% 1%k
PHAT RO B, BRI AL R A SCH score+box
[Ny REAT S I A4k, BETTHEATBERE KA. anfEl 10, H
Hh ) TR S R 45 RO R X gk, B EBiR 2R
FESIERDMGE, W] DU AR HEAT X 2% ik 2 Ja AL
SR bR vE R oA SUERG, XS EE(a)
o)Al LA, FVIT-YOLO v8 ## YOLO v8s ¥
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By Iy R T e, RIS 0 ORIR PRI T X A IE5%  VisDrone BB S AT ANMHAEIEE, FERG NS
HARIIRE. () 5(BITTELE 1, X RhlKR WS A, BT/ EREdEE. Mk 3 i FVIT-

7E FVIT-YOLOVS ZA4-T YOLO v8s. YOLO v8 7E VisDrone £(#54 FSZHL T 8.2%FKs L
3.4 EF VisDrone HIEEZ X ESLIE Tt, X R FVIT-YOLO v8 7E T AN/ H brAs

ATCHET VisDrone ¥l it 7L i sehs, M Jrmthsedl T EMNK S EE KIEFRIHOL T, K
PFAd FVIT-YOLO v8 /)y H AR #tdis SR Iz AL I e ARCRIETE, DL XA Bl B Kz A -

—

(d) FVIT-YOLO v8 results 2 (e) YOLO v8s results 3 (f) FVIT-YOLO v8 results 3
K9 YOLO v8s 15 FVIT-YOLO v8 fEAN 47 35 1) H AA il 45 S L
Fig. 9 Comparison of object detection results of YOLO v8s and FVIT-YOLO v§ in different scenarios

(a) Roundabout(raw) (b) Roundabout(ours) (c) Plane(raw) (d) Plane(ours)
K 10 YOLO v8s 55 FVIT-YOLO v8 fEA Al 544 ) B xf L
Fig.10 Heatmap comparison of YOLO v8s and FVIT-YOLO v8 in different scenarios

%3 BT VisDrone ¥ 13 Mk % A SCIR] I ABLE Visdrone Hois 56t AT 1R II AR
Table 3 Ablation experiment of VisDrone dataset RS, X F Tph-YOLO v5 ASCfEAH T HAE P2
Methods mAP/(%) /725 Transformer [ BEREAT XS LLARES, &5 R Wik 4 B
YOLOv8s(baseline) 39.5 e I 4 AT AE I ASCEIEE AR 2 HE R R
YOLOv8s+CROSS-FPN 462 4f, FF BARGF s 1R R SRR . AR T AR
YOLOv8s+CROSS-FPN+LVIT 47.7 SRS [F SR B AL .
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Table 4 Algorithm comparison experiment on VisDrone dataset

Methods mAP/(%)
RetinaNet!?*] 21.37
RefineDe!3% 28.76
DetNet59131 29.23
Cascade-RCNNI2] 31.91
FPNI33I 32.20
Light-RCNN34! 32.78
CornetNet*™] 34.12
Faster-RCNN 38.20
YOLO v5s 34.70
Tph-YOLO v5 42.10
Ours(FVIT-YOLO v8) 47.70

BT 018 IR G S TE NH LB A H A, A
AERGHE YOLO v8s #ERN I al b idb 47 ckidk, TERT
FVIT-YOLOV8 #ik. ZEIERM 7 — a2 R
Rl 22 XCFPN 4%, 7EAS I 2 HR 35 2008 5 /s B AR o A
THHEAT TR SRR, ER 72T Transformer )
HyE s AL, [F e AT R 2 b P . FVIT-
YOLO v8 HIEt T YOLO v8s, S N T 52%:
FETE DOTA $#i4E F4EF+ T 4.4%, 1E VisDrone (¥
£ FIRFE T 8.2%, nIfe kg B G & T AL 5 B
()70 B BRGNS 1 TR B A o
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