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UAY aerial images object detection algorithm
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Abstract: Aiming to address the challenges of missed detections and false positives in UAV aerial imagery
caused by densely distributed small objects, small sizes, and complex backgrounds, this paper proposes an
improved MCF-YOLO object detection algorithm based on YOLOv1ln. First, a Multi-scale Feature

Enhancement (MSFE) module is designed to enhance feature representation of small targets through high-
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resolution preservation, convolutional layer deepening, and residual connections. Second, a Contextual
Anchor Attention (CAA) mechanism is integrated into the C3k2 module, leveraging horizontal and
vertical separable convolutions to capture long-range spatial dependencies, thereby improving global
contextual awareness and mitigating background interference and occlusion issues. Furthermore, the
Focaler-DIoU loss function is employed to optimize the bounding box regression process through a
dynamic sample weight adjustment mechanism, enhancing localization accuracy for small objects while
reducing false positives and missed detections. Tests conducted on the VisDrone2019 dataset show that
our method brings substantial performance enhancements relative to YOL.Ov11n, with increases of 6. 8%
in precision, 3.2% in recall, 6.6% in mAP@0. 5, and 3.9% in mAP@O0. 5:0. 95, outperforming other
mainstream approaches. Additional cross-dataset validation on VEDAT and DOTA datasets shows mAP@
0.5 improvements of 1.2% and 2.2% respectively, confirming the method's effectiveness and strong
adaptability across various scenarios.
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XF/NH bR REAE S HURE ) o SIS E R R
mAP@0. 5 5 mAP@O0. 5: 0. 95 43 Il 42 T+ 4. 4%
M 2.9%, K B4 % 5 H I 5 50 548 5% M
2.7% B S CRALHE 0. 75M . Hok L 5l
CAA b F 3CHE &S F & ALl & M C3k2
(C3k2_CAA) , #m 1TREA 2y b F SCHK & fig
J1o BRI A C3k2_CAA J5 mAP@O. 5425 T
0.1%, AR E 0. 1%, HARKE 1 R mAP@
0.5:0. 9508 TR (HESH &M T 0. 1M,
% J5 , A Focal-DIoU $it 2% bR %k , £ %! mAP@
0.5 Fl mAP@O.5: 0.95 43 % 42 % 0.4% A
0.3% , B WEHEF0.6%.

R 418 2R v S 50 B4l 43 B L AT YOLOvln
FEMERIRY A SO A AE R PR g L ST T 4R
Fho KGR 5 A R4 K 6.8 F1 3,20,
mAP@O. 5 5 mAP@O. 5: 0. 95 P 1 3¢ 4 45 b N
Iy BT 6.6% F13.9% o HAR A STk R W
ok TR AN S 00 A 1 T R S RE Y R T R

F2 HEXW
Tab.2 Results of ablation studie

BaselLine MSFE C3k2 CAA Focaler-DIoU P/%

R/% mAP@0.5/% mAP@O0.5:0.95/%

Params/M  FPS

N 43.6  33.0 32.5 18.8 2.59 136.7
NG NG 48.1 35.4 36.5 21.3 3.34 114.5
N 44.3 34.1 33.6 19.5 2.48 117.8
N 43.9 33.6 33.1 19.1 2.59 136.7
NG NG 49.9 35.9 37.6 22.4 3.23 103.2
NG NG 50.3 36.1 38.1 22.7 3.23 103. 2




FEIKAR A BT YOLOvIIn 09 T8 AL % B FR kS ) 5 v 9

{BAE 2 B 3 58 v, A AR SR B 6% A Tl L S5 I A
D SR Ok A o B ) R RS B2 5 v R R A T
AE L 040 90 IR 1 O SR W A RvE S S I
3.4 FPtbXI
3.4.1 Hikstr

Sk TG UE A SCT R e 0 ROk R

H 52w A A B0k BEAT T X A BT L A
$& SSD. Faster-R-CNN, YOLOv5s, YOLOV6,
YOLOvVSn, YOLOvV9t, YOLOv10n, YOLOv11In,
YOLOv12n ,PRSU-YOLO"" 2 YOLOv11™',
PE-YOLO™ L& RSC-YOLO™ 83, 451k
3PR o

®3 TREEIELE

Tab.3 Comparison test of different algorithms

WIRZS mAP@0.5/% P/% R/% Params/M GFLOPs

SSD 22.5 36.8 26.5 24.6 89.5
Faster-R-CNN 32.8 44.3 37.1 41.1 203. 3
YOLOv5s 32.1 37.8 33.2 7.08 16.7
YOLOvV6 29.4 39.6 30. 2 4.23 11.9
YOLOvS8n 33.1 43.4 33.2 3.00 8.9
YOLOvV9t 33.1 44.5 32.5 2.00 8.5
YOLOv10n 32.3 43.1 32.0 2. 69 8.4
YOLOv11n 32.5 43.6 33.0 2.59 6.6
YOLOv12n 32.5 43.4 32.7 2.55 6.7
etk YOLOv11 34.2 44.9 34.2 3.18 —
PE-YOLO 37.1 49.7 34.4 2.86 7.2
PRSU-YOLO 37.4 49.9 37.9 — 53.4
RSC-YOLO 37.7 42.5 — 2.70 8.7
MCF-YOLO(Ours) 38.1 50. 3 36.1 3.23 9.6

MF 30 LUE Y, W B BL B8 v Faster-R-CNN
5L BB SSD AN B B i 12, 2 BOR AR
B EE L, H mAP@O. 55 A SCH 19 MCF-
YOLO 433 5.3% #1 15.6% ; #1% F YOLO
25 F AR, MCF-YOLO i mAP@
0.5 ¥ 5z Bl 8 42 F+ , Hovh [ YOLOv8n, YO-
LOv10n, YOLOv12n 4 ) & i 5.0% . 5. 8% .
5.6% , Pt T 7] 28 70 i fb A5 R A A RS B2
PRSU-YOLO, & # YOLOvll, PE-YOLO,
RSC-YOLO % it b 58 ¥5 1 1k , MCF-YOLO 1y
mAP@O. 5 /5 £ £ 1 5 L 55, 43 5 42 T+ 0.4 % .
3.9%.1.0%.0.4% . FESHR 5iFE &I,
MCF-YOLO ) 2% #t 2l 3.23M, 1T & & 4 9.6
GFLOPS, B & T3 40 2 i AL LA (B L T
Faster-R-CNN 1 SSD, H. H¥ #ff & Fl 4 [0 78 fp
AR TSR v SR R 5 R A RS B 5 AR

25 b AR SCHR Y MCF-YOLO 55 32 76 5 {4
BARTHR I 56 S EOB Y S ah -, 2542

F+ T TC AL E AR I A o 5 R ST AR RS B
55 R 0 v AOT A AR TR 3 A S e A
BRSNS BRI T A —
B LA TR S e S5 E R B AR
R S e ) S ARG I R oK [ B R R TR R
FE R T AR Skt SR ms 00 A R0 S S .
3.4.2 HFAENGIRAL P Atk

A 56 E MSFE $F {iF 3% 58 81 He 19 i #, LU
MCF-YOLO £ # Jhy B il , ¥ A i 31 1) MSFE
158 P 55 HC Ath (9 R E 1 SRS B AT X b, A
DSAM™  PKIBlock""' Hl CAFM"™", 52 5 45 5 4n
FAFR

H R 45 T LA ), B8 N A MSFE B
JG EKE B % P % DSAM . PKIBlock 5 CAFM
ST 3.5%.2. 0% F1 1. 2%, mAP@O. 543 4
A 2.3%.1.6% F10.9%, & 4K BRI i A
CAFM 5 7 S 400 51T & R4, 1
LN B 5 0% MSFE 65 B 45 0l 45 e 55 9 o
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Tab.4 Comparison of different feature enhancement modules

MCF-YOLO P/% R/ % mAP@0. 5/ % Params/M GFLOPs
+DSAM 46.8 34.3 35.8 2.87 15.8

+ PKIBlock 48.3 35.2 36.5 3.77 10.5
+CAFM 49.1 35.7 37.2 3.09 7.6
+MSFE 50.3 36.1 38.1 3.23 9.6

U IR T MSFE L3 £ -0k 5 5 7H 5 A Oy
TET A IE A
3.4.3 T ik & A AT

T Bk bR SO ROE T ) CAA B R AT

P, LA MCF-YOLO £ 51 JE Al | A< SOR L 5 3G
f b S0 R B e AT R L A3 45 Context
Guided””” | ContextAggregation™ | 5 MSCA"™",
LY EE RN 5 PR

K5 AETXEEHERIT LI

Tab.5 Comparison test of different context attention modules

MCF-YOLO P/% R/% mAP@0.5/%  mAP@0.5:0.95/%
+ ContextGuided 49.3 35.5 37.2 21.1
+ ContextAggregation 49.8 35.3 37.5 21.9
+MSCA 49.5 35.8 37.8 22.2
+CAA 50.3 36. 1 38.1 22.7

Hi 22 45 2R 0T LU BRI CAA BBk
J& B A ContextGuided , ContextAggregation 5
MSCA JGTER#E P L2548 7H 1 1.0246.0.5%
F10.8% , mAP@O. 5 73 5l #£ J+ 0.9% . 0.6
0.3% , mAP@0. 5: 0. 95 43 Jl $& F+ 1. 6% . 0. 8%
F0. 5%, [7) B JH: 7 (0] 3240, Sy iy A7 BB v B ey, i
BT IR T SCH ARE B T CAA BE AR 5 Y
TR A PR R
3.4.4 Bk & E

AT BHIE Focaler-DIoU $51 2k #R 01 A &1,
AR SO 5 H A A K pR BCHEAT R L, L 4G CToU |
Focaler-GIoU 5 Focaler-CloU, 52 & 4% 5 411 46 6
F 7 o

F6 REHRKE XL KR

Tab.6 Comparison test of different losses

mAP@ mAP@
MCE-YOLO P/% R/%
0.5/% 0.5:0.95/%
+CloU 49.9 35.9 37.6 22.4
“+Focaler-GIoU 49.4 36.1 37.3 22.1
+Focaler-CloU 48.5 36.7 37.6 22.3
+Focaler-DIoU 50.3 36.1 38.1 22.7

R R AT LUE ), BAR B AN A Focal-
er-CloU #51 2k ok 85 76 4 [0 % | 3R 9 e 1, (EA
AU A Focaler-DIoU 461 2k bR 505 76 K 88 5 P I
# CloU. Focaler-GIoU 4 Focaler-CloU 43 4| $&
7 0.5%.0.9% #1.8% ,mAP@O. 54 5| $& 7
T0.5%.0.8% MM 0.5%, mAP@O. 5: 0. 95 43 5l
T T 0.3%.0.6% F0.4%, 3F B T Focaler-
DIoU 7E AL rp & #E H 2R H .

3.5 AHHEE

R LA LY AR SC i $8 2l ik 5375 MCF-YOLO
R YOLOvI In £ TE AW &5 T 19
PERE 2ZHF , 7F VisDrone2019 % i & | 16 i py 2% i
T A J 3 5 I JR a] AAL X FEAR B8, 0 35 /08 H AR 4%
LA DI MERIZUAE A 2 R H iR & D
KA 5%, Hod, /N H AR R 5010 56 IR &
) B 7 Ak 3 55 34 SRy AT AR B B A DU 1 D wfe
S5 2 ROEE B bR 5 0 380K ] — 37 557 4[] i
FEAE RCTHR R B AR (AT N NRE SR E),
Xof AR R 2 A T A A S R )2 R B Y 25 e
T34 R R R SO AR K RN [ 5
ST A PG AR AE AR, X6 A5 TR (10 R AF B2 BT R 458
KPR o 3R 50 25 SR an Tl 8 T, 22 Ok A A HA
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B, HE S YOLOv In &6 &4 5, 47l o MCF-
YOLO Ky AR, — % 22 5 DL hgbr i, 68 F
EWER L3

/N BB % 5T, MCF-YOLO # It
YOLOv11In B &3/ 7 Y A 0, RDAE H A5 AH B
P4 HE B, 0 BE SRS i b 7 I ) T 22 BN
H ¥ 5 75 0% B8 KR % ) 19 37 855 b, MCF-YOLO
A RCH 55 8 R T IR I o8 B AR B H AR G
S SRR AIE , BL L ME RS RGO 2 R H AR,
RS R A 7 B8 28 s BE X 2 RO B bR e 5

MCF-YOLO H £ K4 i ]R3 B Pk, o7 RS i 32
BUAT N VAR TR R /I B bR 0 RRAE 1 2 4 T
B E AR 2 A RS B AE R RMIR IR BT,
MCF-YOLO A & ek 35 1 W5 56 T 32 51 A XE i 7]
BB YOLOvIIn & I 4 3 247 N 5 HEHLSh %,
LR B, 59 A I R L

gE KW MCF-YOLO fE£ 285 24 It AL
L4037 5 R 35 18 52 B O A ARG I AR L e AR Ok
MAREZBENEANGTRAL TR AKNE
B

(a) JEil&l

(a) Original images

(b) YOLOv11n# %I
(b) YOLOv11n

(¢) MCF-YOLO £ #
(¢) MCF-YOLO

P8 AT LA AG I 45 2R X L

Fig. 8 Comparison of visualized detection resul

3.6 ZzH=Xi
R B UE B AR 72 AL RE T, AR S 543 A 3
28 B v YOLOv1In Fl MCF-YOLO gk 3 8 vk 18
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Tab.7 Comparison test of dataset generalization

AR/ ik P/% R/% mAP@0. 5/ % mAP@0.5:0.95/%
VEDAI/YOLOv11n 52.7 64.7 64.0 38.1
VEDAI/MCF-YOLO 55.3 66.6 65.2 39.7
DOTA/YOLOvlln 52.3 54.3 50. 2 33.1
DOTA/MCF-YOLO 53.6 55.9 51.5 34.2

AL EE R R ,MCF-YOLO sk 3 vk 1
VEDAT #0455 [ A6 2 PO A Bl 3 R . mAP@
0. 5 A mAP@O0. 5:0. 954 YOLOv11n 43 HI42F+ T
2.6%,1.9%,1.2% F11. 6%, £ ¥ A & 2= 1) DO-
TAEHESE LW 5087+ 17 1.3%,1.6%,1. 3% F1
1. 1% 72 W B0 48 1 BT A PEAG e bs B 1 — 3tk
M T YOLOvVIIn LR 45 J1iE B T 361

JITAR 77 15 B AL iz AL BE ) AE e

P 7 5 SRS DORG FE F F %) [n) J, A SR 3 1
YOLOV11 #7855 3 MCF-YOLO, 43 51 4 2
MSFE FRAE 3G 5B g, 51 A bR SCHS s =)
CAA Fiek ¥ Focaler-DIoU it 2 bR %% = J7 i ik 47
ik, 7F VisDrone2019 s % I, % 7 i 70 K 0
F A BR mAP@O. 5 fl mAP@O. 5: 0. 95 45 4§
Fr E BT YOLOvVLIn, 4> M F+ 7 6.8% .
3.2%.6.6% M 3.9% . [A, 7 VEDAI S DO-
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