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Fig. 2 Structure diagram of backbone network based on FasterNet_TO
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Fig. 3 Structure diagram of triplet attention
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SRS AR A G ARHIE AR ESR I
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Table 1 DARFCB_C2f variation of feature map dimensions for each

operation step

i HHAFAE R 2 R HrH R (CxHxW)
JREZ WY JRAFAE Fop 512x120x120
Wi 2 RGHE Faap 512x1x1
R 230 T RAAE F i 32x1x1
T TEARFAE Finip2 512x1x1
T I AE M 512x1x1
23 () SRR Fy_,, 1x120x120
28 [ RAE Fs_ 1x120%120
PHEZSTRIFFE Fo_opea 2x120x120
B AHEE Fg_,, 1x120x120
JRAZIF A3 [ AL M 1x120%120
JIASUR RS2 BFRHAE Fyeighied 512x120x120
IR BARACHEAE Fou 512x40x40

3 SR REERITHN

3.1 HiEESLWE

ARSI VisDrone2019 $rdi 4", It 8629 3k
K, Hh Il 6471 5K . SR 4R 548 5k . Il 4R
1610 7K, ¥ pedestrian, people. bicycle, car, van, truck.
tricycle, awning-tricycle, bus. motor T~2851, %%
ENHPREE . RNEEERHERE, NRIEA S
AR 2 s T Ak I Be SR At T B AR L v

WAl COCO PR HEN],  H At s SFHE I A 3y
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96 pixelx96 pixel) 5 K HFr (>96 pixelx96 pixel), FHHr,
1T\ (pedestrian) 5 A\ H¥ (people) LI/NH ¥R A F 5 AT
% (bicycle), FEHL %4 (motor) J —#82% (tricycle/awning-
tricycle) 7R 2 VN 5 TR ZE (car). M4 (van).,
RZ (truck) 5238 % (bus) WIFE/IN . o KR=FRE 5
fio HFsKIHERT 0.5~3.0, 2 “SFEmse” dn4m)
B U AT (AT ) IR LARLEAS . IeAh, B AR I

ER. IR, WGHEZIEH5M0, IFESBEENR. %

TIPS M ki e, AR T SR R BIR T .
fifi 4 35 4%}y Windows 10, 16 GB P77 . TUF-RTX
3080Ti i+ . Intel i7-12700K 4b B 2% , %k {4 3R 55 h
Pytorch R FE 2 S HELE . LAk A% 4 SGD, #]hh 5 > %
0.01, #HRK/N 16, Hi AEMZR ST 640 pixelx640 pixel,
HAbFESEERN BRI, BIIZRa%10REL 300 K.

3.2 N EHR

SHG SR FHRGRE P AR R, SEER GG mAP
i AR KGR . P AR AL TIUIN SAy 1E 250 A R AR v s
Broh IEZE 0 L], R FRsABEAY sy T 00 H 1 1 2 S
A5 BT IEZIEA B ], mAP50R/RACH: LLIOU
0.5 B Fir A 28 ) B~ F- 240K BE 3408, mAP50-95 2 7F 10U [
B 0.5 5] 0.95, KK 0.05 IFHE K —4H mAPHF-H
fH. HHEALT:

TP
P=— (16)
TP+FP
TP
R= , (17)
TP+FN
“ 1
ZL P(R)dR
mAP=‘“"1 (18)
n

Krp: TPRORBADE IEFEAKG I E 6 18, FPEFROR
FERLKE IEREAR A R I8 s FN R R ADR e A
KSR AR s n RFEARZENEG PRIEREMZE,
RUASIR] T 1 PRI R SR INZR . R T RERDRG B2 LA
Ab, SRR VR I8 HAUFLOPs . 24 i ParamsfE
A AT - FE )48 FR . Params 28 71 o 45 A5 B )1 2 pisf 7=
AR 2 %R, FLOPs A Params BU{E#R /M Ak A &5 A
JEEBRATG

3.3 JHRLSEIE

T BGE 3 ety SO S A 1 RE AR TR
AT T ARG R 2 B TEm S, AL B, Corhilk
7ndi ] FasterNet /£ A8 T /%% . 5 A Triplet HLi| . {#
F DARFCB_C2f #idk , SEEe b ane 2 fron, shs|
A 3 BB T e, B REAR SR Y S T A . R
{fi ] DARFCB_C2f #itk , HiAI) PHINF] T 47.8%,
mAP50 {HI2 T+ 2 36.4%, i B1IZ T 045 Hood B ik vk
eI AL VE T+ W1 2 o [W it ] DARFCB_C2f £
Pl K5 A Triplet Ak 5 AR ) 77 2538 AL R S e
H#OTCH g, AT E TGSt R, REER
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MBS EEEA T, (BES BRI PEREIE RN . 5]
A=kt ks, PAEEETE 2 51.7%, RN 37.9%,
mAP50 {HiAH] 39.3%. XECEETELATabr EHE TAE
Al PR — G VR B P B A A AR, AR (R 8
PEAS B TR ARARRER T, MRERE IR B,

3.4 XFEEsCIg

AT TEAH F SR AR AR T, T T — &
GIXF L SCE, A TPPAL T G S A R RS
FEHAT T AR LR IS8 . 5IAR R I PLH Y
X SCE: . C2f R 5| AR 2548 B9 %F ELSE s . A
H AR SE XS L2, DL S ek 5k iz Ak g vt
R
3.4.1 RRIERIIBREXT LK

Y Bk Triplet {3 & 77 HLHI A T B 0 42 7t
A, ARSCHE YOLOvSn B RY [ 9E 4T 1 5 A o g
UL (%) BEAE A 250 AR P 5 b A [ RUBE AR AE 1 1 = T AL 1)
XFHCSEES . SERGEE RN 3 Ui, R RIR ST
= 0 PR R B R AIE 38 5. (attention-based intrascale
feature interaction, AIFT), RUZHHI{FE TSI (bi-level routing
attention, BRA), i ifi ¢ % % I & JJ (channel prior
convolutional attention, CPCA), 22 XU i il 186 7 = )

(multi-scale progressive channel attention, MPCA), = 7T

HEET,

RS 3 AR AT LIE 1, 51 Triplet FEEZ SIHL]
Jr, BB Z A KRR BRI . Bk, BIA
Triplet MLl P{EAFE] 47.6%, WET HABTEE SIHLH
(AIFI: 45.1%. BRA: 44.4%. CPCA: 453%. MPCA:
45.6%), WG9 T X IEAEA BN GIEE T . [RIES, Triplet #
Hil7E mAPSO fH A %] T 35.1%, #E#k T HALHLH,
PETE TR R P . 48 MPCA Fil MLCA 784 1]
B LH (439N 34.2% F1 34.0%), {H Triplet 7615
Fei e A MR FR, e TR, ST
RN BE - 3P, 25575 IS T8 bR)S , Triplet I
B A BT T I8 AR R e
3.4.2 C2f BRI AR RIGHEIXT LK

J T BGAEBETT ) DARFCB 25 ¥4 %F F C2f B 1)
FHRCR, Ao 55 B B iR 22 R BB (inverted residual
mobile block, iRMB), Z R & #J & Ht (multi-scal block,
MS-Block) DL S iRA JRfiliE 3 & 1 (mixed local channel
attention, MLCA) # 17 %t FL 550 . 1 F DARFCB % T
RFA 1 CBAM Wp45tgiit, Hitds 5 RFA Fl CBAM
I EAT T XS5 . SEERZ5 S an+E 4 fi/n, DARFCB
BHAE T A B B, H P R A mAPS0 {H 535
KRBT 47.6%. 34.0% F135.1%, H FLOPs Fl Params 43

52 HBEBHAR

Table 2 Ablation experiment results

YOLOv8n A B C P/% R/% mAP50/% mAP50-95/% FLOPs/G Params/M
N 46.8 35.0 33.2 20.7 8.1 3.0
v v 47.6 37.5 37.8 22.3 18.5 6.7
v ) 47.8 35.0 36.4 215 8.0 3.1
N \ 47.6 34.0 35.1 19.7 8.1 3.0
V) v \ 48.2 34.1 36.1 21.6 10.8 4.1
v v \ 49.2 35.0 37.6 21.2 10.7 4.2
N \ \ 47.8 35.2 36.8 21.9 8.3 3.0
N N \ \ 51.7 37.9 39.3 24.3 10.8 4.2

k3 BEMEETGERET
Table 3 Performance comparison of five types of attention
R JIHLH] P/% R/% mMAPS50/% FLOPs/G Params/M
AIFI 45.1 33.7 34.0 8.0 2.9
BRA 44.4 33.9 34.0 8.1 3.3
CPCA 453 33.6 34.3 8.3 3.1
MPCA 45.6 34.2 34.3 8.1 3.3
Triplet 47.6 34.0 35.1 8.1 3.0
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k4 Cof st Eysfib s R

Table 4 C2f improvement module comparison experiment results

Module name P/% R/% mMAP50/% FLOPs/G Params/M
iRMB 43.4 32.5 32.5 7.2 2.7
MS-Block 44.7 33.7 33.9 7.7 2.9
MLCA 45.8 33.6 34.5 8.1 3.0
RFAConv 447 334 33.1 8.0 3.1
CBAM 44.5 33.0 33.4 7.1 3.5
DARFCB 47.6 34.0 35.1 8.1 3.0

S0 8.0 GFI 3.1 M, HAAVEREIL T HABM, MLz
T, FIA iIRMB B B AR IF s B RS EE RN, H
H P {H A1 mAPS0 {8 W] WAL T HADBI R, [ 43.4% FI
32.5%, H R{ERHKAC, HARH AR B4 X 3k v fg
fir$2 T, 1B DARFCB #HATEAWHE R b SR
3.4.3 RFEFERRT LR

R T IR SRR PR BE, AR SR L 2k LA
YL, R JUAE — 22 55 i 3B, {34 DSM-YOLOVS
(depthwise separable multiplex YOLOv5)", PECS-YOLO
(P2-SPPELAN-CSPPC-SEAttention-YOLO)" 4% | /3 4l
PEAT T X RSB . S EaE R AN S TR, A SCHR
WA BITE P ik 51.7%, % YOLOvSn #2 7t 4.9%, i#
# YOLOv7-tiny il DSM-YOLOV5; RN 37.9%, {U&
filkF YOLOv6s; mAPS0 5 b5 DL 39.3% i BB 1, %
YOLOv8n #£F 6.1%, it DSM-YOLOvV5, PECS-YOLO
SEP R . FEITSE AR |, H FLOPs #1 Params 3 i

=T YOLOVS8n, {EATHIE T & GeA B 40 FasterR-CNN Fil
SSD, LT YOLOVSSSE i, #efhAF , B
RIS T RS B, HATRRARRAL, HAARAF N
A E . b 7 FORIFEIS SR B B HE AR
3.4.4 BB RS YOLOVSn B FH%T L SLi

R T RN MU R A B AR IRG B R T,
AR SCGHE I 6 XF L T TS BIATEA R B AR A
MR, G5 R], SO fE M BEIE TR SRS B XA
FrdETE, JUHJEAE AT R P =5 RS/ NG AR
Hibr b, RREESET 2, RAETE/ N B AR 7y s 1
R, (R AARRINRS BE AR TR, IR, ek Rk
TER G50 T AN BRI AOCR R4, (Rl REA 2k
RN NS E 7
3.4.5 BUHERYAMTZILEE SN HSE T

T S O e AR R B A Az Ak e
ARSI R B 5 T A AR EdE 2 WiderPerson™

A5 RREHEERLE R

Table 5 Comparison of experimental results of different algorithms

Model P/% R/% mAP50/% FLOPs/G Params/M

SSD 36.8 26.8 229 86.6 22.8

Faster R-CNN 447 33.0 28.8 210.3 42.3

YOLOvVSs 43.6 329 32.6 16.4 7.1

YOLOv6s 45.3 38.2 34.9 11.2 4.5

YOLOv7-tiny 48.2 34.1 36.7 13.1 5.8

YOLOv8N 46.8 35.0 33.2 8.1 3.0

DSM-YOLOV5 51.1 37.0 36.8 - 5.6

Ref.[17] - - 30.2 9.0 1.38

PECS-YOLO - - 36.8 11.9 2.6

Ours 51.7 37.9 39.3 10.8 4.2

%6 it kL5 YOLOV8N % £ 54149 mAPS0 *f 1t
Table 6 Comparison of mAP50 between the improved algorithm and YOLOv8n for each category
mAP50/%
Model/category

Pedestrain People Bicycle Car Van Truck Tricycle Awning-tricycle Bus Motor
YOLOvV8n 36.6 30.0 9.2 76.7 40.6 34.1 26.1 13.2 50.8 39.1
Ours 418 327 13.5 80.6 4538 36.6 285 16.5 58.4 44.8
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I PASCAL VOC™ %it4fs 4 I X el 5 B R332 Ak 1k
ISE ., ¥ YOLOvSs., YOLOv7-tiny, YOLOvSn DL K A<
SCALAAE R PR ECHE 4 AT S ge xS b, S5 AN 7
Fron o AR SCRERIAE WiderPerson £XH84E I, P FI R
(B AR B, (H mAPSO i m, RWHFEEE
JE R MirE PASCAL VOC $E4E I, R SCHR Ty
FebRB it , B UE T A BRIz LR .

3.5 LIGLHERATIL

oI S Ty L a2y 7 ol K L SO N €
VisDrone2019 XS ik “/NEIR" . “ZRE-ZH
A7 DI WECHEE” =R AMLDI 5, Sk
FH Grad-CAM Xt th )2 A T EIRT AL, 25 R ULIEL 5.
G “CIRGEYST Gl R (28 -1E) TR ST
HROCHE ; W (- -55) RIS 555 G, #m
Xt A —3¥g 5] 45, DL FasterNet H& T, /N H R X 16

7

B CLIRIG , AR R CTE B B4 T . 51 Triplet HL
i, 22 RE-ZRAR BG83 AR K, 5 RUBEAR#AE
KRR  FESH M 4% T A DARFCB-C2f #be, Bl
IR T AR 2T 8 XIS E ARG . 8B = R e T ik il
YT ONER L “BRE-ZRAT DK GRRIET A
T EA X R SR N, B UE T EAT14 A
BRE S E M

T B R A SRR, M VisDrone2019
MR I T — 4R R EANLZ mE . Z AL
KA S R RIS, SRR XS L, S5
El6 R 7 iR . G5ARERIA, SO E BRRIAEAN R
25 200 b RS INRS B ) S AR TR M 4%, R AR B ] 7
IS ZS T RS MR B S, AR D T A
PR S, BIEmE, dotfsEE AT T B
MRS INRE Ty, A T BEAUAE 5 Z A 13 oy P
Bk,

ZACRE /1 AT SR A 2

Table 7 Generalisation ability comparison experiment results

WiderPerson PASCAL VOC
Model
P/% R/% mAP50/% P/% R/% mAP50/%
YOLOVSs 85.3 82.8 89.1 80.1 71.9 80.3
YOLOv7-tiny 87.2 82.2 89.1 80.6 72.1 80.5
YOLOvV8n 87.1 82.2 90.1 81.8 76.2 81.9
Ours 87.0 82.8 90.2 83.4 76.8 84.3

Original image

Small
object

Multi-
scale

Multiple
samples

Dark light
environment

YOLOv8n

+Triplet

+DARFCB_C2f

B 5 &tk ERR R T e R B

Fig. 5 Comparison of heatmaps of various improvement methods across different scenarios
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Original image YOLOv8n Improved-YOLOvV8N

Light environment

Dark light environment

B 6 RAMALIG EAR R AW 7 T 694l 4 Rtk

Fig. 6 Comparion of detection results for UAV aerial images in complex backgrounds

Original image YOLOv8n Improved-YOLOv8n

Low altitude side view

A7 RANAGEGES S A SHA T 902 R 3Tk

Fig. 7 Comparison of detection results for UAV aerial images in multiple heights and multiple perspectives
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Abstract

Objective Unmanned aerial vehicle (UAV) imagery poses enduring challenges for object detection, largely because targets are frequently
small, densely distributed, and captured under heterogeneous imaging conditions. In contrast to ground-level scenes, aerial views often
exhibit pronounced scale variation, viewpoint changes, partial occlusions, and severe background clutter arising from man-made structures,
vegetation, road textures, and illumination-induced shadows. In addition, motion blur and sensor noise are common due to platform
dynamics and altitude-dependent resolution constraints. Collectively, these factors exacerbate the loss of fine-grained cues during feature
downsampling and increase both missed detections and false alarms, particularly when small objects occupy only a few pixels and their
boundaries are confounded with background patterns.

Methods This work presents an attention-fused object detection approach built upon an improved YOLOv8n framework to alleviate the
above limitations. Although YOLOvS8n is attractive for edge deployment owing to its lightweight design, its baseline configuration can
underperform on UAV datasets when high-frequency details are attenuated by successive convolution and pooling operations and when
multi-scale feature aggregation is insufficiently discriminative. To strengthen representation learning while retaining computational
efficiency, we introduce three complementary modifications: (i) a backbone replacement based on FasterNet to better preserve small-object
structure, (ii) an inter-stage Triplet attention mechanism to model coupled channel-spatial dependencies, and (iii) a neck-level enhancement
module that integrates receptive-field attention convolution (RFAConv) with the convolutional block attention module (CBAM) via a
newly designed DARFCB-C2f block.

First, the original YOLOvV8n backbone is replaced with FasterNet to improve the retention of fine details that are critical for detecting
small targets. FasterNet employs partial convolution (PConv) in conjunction with pointwise convolution (PWConv) to balance
representational capacity and computational cost. By applying convolution to only a subset of channels, PConv reduces redundant
computation while maintaining local structural information, whereas PWConv performs channel mixing to sustain expressive feature
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interactions. Notably, the combination of PConv and PWConv yields a T-shaped restricted receptive-field pattern that biases attention
toward central feature-map regions. Given that small objects typically occupy limited spatial extents, preserving and emphasizing central
responses can mitigate the information loss induced by downsampling. As a result, the revised backbone enhances small-object feature
fidelity without substantially increasing model complexity.

Second, to better accommodate the coexistence of multiple target categories and large scale disparities within a single aerial frame,
Triplet attention is inserted between the backbone and the neck. Conventional attention modules often compute channel and spatial
attention independently, which may limit their ability to capture joint interactions across dimensions. Triplet attention addresses this by
modeling dependencies through three coordinated branches: channel-spatial height, channel-spatial width, and spatial height-width. This
triadic formulation enables richer coupling between channel and spatial representations, thereby providing a more comprehensive
description of salient object patterns across scales. In dense UAV scenes, where small and medium-sized objects may appear
simultaneously and compete for representational resources, the proposed attention insertion improves feature selectivity and enhances
robustness to scale variation.

Third, we redesign the neck feature-fusion blocks by proposing a DARFCB structure and constructing a DARFCB-C2f module that
replaces the standard C2f blocks in YOLOv8n. The design leverages RFAConv to expand the effective receptive field and to perform
attention-guided feature fusion, which is beneficial for incorporating contextual cues without sacrificing boundary-sensitive information.
Such boundary cues are particularly important in UAV imagery, where object contours are frequently degraded by blur, low resolution, and
background interference. In addition, CBAM is integrated to refine intermediate representations via channel and spatial attention,
amplifying informative regions while suppressing irrelevant responses. Together, RFAConv and CBAM reinforce edge-related features and
improve the reliability of multi-scale aggregation, leading to more stable detection under complex environmental conditions.

Results and Discussions Comprehensive experiments are conducted on the VisDrone2019 benchmark, which is widely used for UAV
object detection and contains challenging scenarios including dense traffic, crowded pedestrian regions, substantial scale variation, and
cluttered backgrounds. Ablation studies and module replacement analyses demonstrate that each proposed component contributes
measurable gains, and their combination yields the strongest overall performance. Relative to the baseline YOLOv8n detector, the proposed
method improves precision (P) by 4.9%, recall (R) by 3.9%, and mAP50 by 6.1%. These improvements reflect a meaningful reduction in
both false positives and false negatives, indicating that the attention-fused design effectively enhances the discriminability and
completeness of detection results in UAV scenes.

To assess cross-domain robustness, additional evaluations are performed on the WiderPerson and PASCAL VOC datasets, which differ
from VisDrone2019 in terms of scene composition, object density, and imaging characteristics. The proposed model maintains strong
performance across these datasets, suggesting that the introduced backbone redesign, attention fusion strategy, and neck enhancement
provide transferable benefits rather than dataset-specific overfitting. This generalization evidence supports the applicability of the approach
to practical UAV-driven tasks such as aerial surveillance, traffic monitoring, and search-and-rescue operations.

Conclusions In summary, this paper proposes an attention-fused YOLOv8n-based detector for UAV aerial imagery that integrates three
synergistic improvements: a FasterNet backbone to preserve small-target details and alleviate downsampling-induced information loss,
triplet attention to capture richer multi-dimensional dependencies for multi-scale recognition, and a DARFCB-C2f neck module that
combines RFAConv and CBAM to strengthen edge features and improve robustness in cluttered environments. Experimental results on
VisDrone2019 and cross-dataset validations on WiderPerson and PASCAL VOC collectively confirm that the proposed modifications
substantially improve detection accuracy while retaining the efficiency advantages of a lightweight one-stage detector.
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