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FEMS-YOLO: An UAV image target detection based on feature-
enhanced multi-scale fusion

ZHANG Kai-yu"?, WANG Hao-jie"*, LU Di"*
(1. 150080; 2. 150080)

Abstract: With the rapid development of unmanned aerial vehicle (UAV) technology in urban security, traffic
monitoring, and emergency response, object detection and recognition based on UAV imagery have become essential
for supporting a wide range of intelligent applications. However, UAV-based object detection from low-altitude
perspectives remains highly challenging due to the dense distribution of small objects, significant scale variations, and
complex background interference. To address these issues, this paper proposes an enhanced UAV-oriented YOLO11
object detection algorithm. First, a CSP-MS module is designed to improve multi-scale feature representation through
hierarchical fusion and heterogeneous convolution structures. Second, an feature-enhanced multi-scale aggregation
pyramid is introduced, which combines dilated convolutions with cross-layer fusion to strengthen the model’s
perception capability in complex scenes. Finally, a lightweight dynamic task-aligned detection head is integrated to
reduce model parameters while improving detection accuracy for small objects. Experiments on the VisDrone dataset
demonstrate improvements of 10.2% in mAP0.5and 6.7% in mAP0.5:0.95.0n the CODrone dataset, the proposed
method achieves gains of 5.4% and 3.7%, respectively. Overall, the results show that the improved model delivers
notable advantages in detecting small objects, handling complex backgrounds, and managing multi-scale targets,
highlighting its strong generalization capability and practical applicability.

Keywords: UAV aerial images; object detection; YOLO11; multi-scale feature extraction; feature-enhanced multi-
scale feature aggregation pyramid
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CSP-MSD *f % F W 2% T K+ 47 i 4k, TDH A3
Uk JE B A AT S A 3k

Rl HRSIRER

Baseline P2 FEMS-DFPN CSP-MS DTH P(%) R(%) mAPO0.5(%) mAP0.5:0.95(%) Prama(M) GFLOPs
y 49.8 37.8 38.7 23.0 9.4 21.7
\ \ 51.7 422 43.1 26.1 2.8 24.6
J \ 55.6 432 45.6 27.6 4.8 314
\ \ 51.6 382 39.6 24.0 9.5 253
\ \ 51.7 40.0 412 25.1 8.7 25.1
y \/ v 56.5 46.0 482 29.4 49 33.8
\ \ \ 57.9 45.4 48.0 29.1 3.4 36.6
\ \ \ 54.0 423 44.0 263 8.2 277
\ x/ v \ 58.6 463 489 29.7 4.4 38.6
UG AE BE W, N\ FEMS-DFPN, ¥R 54 e H.

o] 22 5 PP 4R A 2 BRI, R A i A [
JOBE R (V3@ R S G, (SR R A
TR A0 RHAE 5 R 21 SURFIE 2 (A1 (0 BLAME . 12
BT FHIE S FIENIRBFEEE, 1A 80k T RHAE
TUAREEBBR, IR ERT TR T AN
BN AR B 5 S M. i\ CSP-MS #itR 5, 2
BEAETE 7 0.1M, mAP50 1 mAP0.5:0.95 73 5l #2
T+ 0.9% FI 1%, 5 B 1Z A P AE AR FERAR T EAR M 1)
[FI, 3 20Tk h T [ B BAZ A B2 B A 2
518 SCRIE R PR, &5y SO H 2 8] 108 R R E 2
AR EAFIE SR ZRAE S T SE 7R 4 1 W [ 3R 0.
BT XA R BE B ARREAE ) B & N R IE. RG] N
DTH i, #R Z 405 kb 0.7M [ [F B mAPS0 $2 T
2.5%, LB A R, A M RE AR IR FF I A R AL 1)
A, S22 B2 /s H PR A IIRS B2, S04F T DTH 58
Wt (A 2 5 . iZ A R S B = AYE
FATLS R FF LI T 40 5 [BAAE S R FE R, A
RETE T B TE AALATHE G /N B FR 1 3R AE e
775 K60 e [ B R ON 3 = M SRS I, R
THHEAFTIRTHER SRR T 53%, Mxf T4
LA mAP50 5 mAP0.5:0.95 73 BIFRTH T 10.2% Al
6.7%, Fo o I T AR AL AE TE AL GG AT 25

2.2 TERASER AT EE

N T R AIE % SO A HOG A Y 1 B 1 BT AR,
DAFA T B 0 sREAT 7 98 il e 56 T AL, % ot S
) E AT a0 B TR

T IR BT R I, AN A RO A I R P B
EA 0 5 HAME: CSP-MS B 11 5] N\ A Ak 7
TEIZE A H A A R 2 35 3 T, #40) IX e R
TRAL B AR BB AR rh ] 2 A R 5 T X 4% (1)
% REEHFAESRELAE /7. FEMS-DFPN #EHe /e 344 H br
X3k BT, BENE A 0R 450 2 34 i 47 A AN
P, B RRE Al A 5 R SOfE BB et
PEFF TR A3 5 T RS A . DTH BB N
PETtH TR /N H AR IR I BE 77, A FA ) B AT L
FEIE 570N B bR DX 30 97 36 5%, 0F B 1A 5 A B 4
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xR Ext

or B R 1) (R 8 S5 16 58 . FEMS-YOLO #E A 45 &
R EAVBER AR A, TR B H AR, R RN
H b [X 35k 35 2 0L HH B Ay 380 16 L 9 HH ARG 00 2028, A
JIo A TN AT, AREL T B AR 1 B B R SR T
2.3 FEMS-DFPN BURFEA R R EE B A5 L

it — PR M B K H FrAs I ZE X A R R H
B 1 RE 52, A SCAE VisDrone ¥4 4 L 45t
TR ADAEADAFRE BIRE) AP gen AP pegiume
AP, SR UNFK 2 AR,

#2 FEMS-DFPN #EREAREREBirLRER

Method APyype AP, cgium AP F1
YOLOL11 40.6 33.7 12.6 42.8
P2 42.1 34.8 16.0 46.1
FEMS-DFPN 442 36.5 17.4 48.1

SEIRZE AN 2 Fis, YOLOvI 1 76K H Anka il
b AP, B 40.6% B ATEEHE B, (BN H AR

R BE AP N 12.6%. AIXHECESESI N P2 /NH
PRR I E R ) APy, SR TE R 42.1%, AP, 2T
2 16.0%, 15t BH 1% 45 A4 e50dk I A DR B K B b s il
J2FEOK B AR RCRAL S5, (e — AR Rafas T
% REEFER LR 7). 7233 — 2 i\ FEMS-DFPN
PR /N H AR IRG BE IR 3 17.4, IR BRI T
T 4.8%; [ APy FETT 5 44.2%. 245 RETW], £
] FEMS-DFPN 55 B8 78 43 i il & i85 12 RHIEAS
B, R T B B R RN ARG S M, SR THRHIE R A
REJ. ETRTE /I B AR U B, A 7E A AT
G5 HR R I HH B iR )
2.4 RNEIMERIN L Se

NG AEA S AT H ) FEMS-YOLO £ 6 AHLIA
18375 T WAL BE, ASHIF 700 b 3230 H AR ) 45
1AAE VisDrone Jo AWLEUE 5 FEAT T R VPh. XF
bl sat g R unsk 3 fios.

®3  FRIMBIEBIEESIINER

Methods P(%) R(%) mAP0.5(%) mAP0.5:0.95(%) Prama(M) GFLOPs FPS
RetinaNet™ 37.6 28.5 31.4 — 9.1 82.3 68.6
YOLOVS5s 474 34.8 35.5 21.0 9.1 24.1 178.2
YOLOVS8s 51.0 372 39.0 232 11.1 28.6 161.4
YOLOvI1s 49.8 37.8 38.7 23.0 9.4 21.7 190.8
YOLOVI2s 49.5 36.8 37.9 22.6 9.0 19.3 1473
TPH-YOLO" 58.0 427 45.5 27.0 60.43 145.7 334
Drone-YOLO™ — — 443 27.0 10.9 — —
UAV-YOLOvS8s™" 54.4 45.6 47.0 292 103 — —
SCHR21] 56.3 44.6 46.8 28.8 12.73 2.8 101.5
SCHR[23] 55.4 43.2 44.8 27.0 9.34 33.6 155.7
FEMS-YOLO 58.6 46.3 48.9 29.7 4.4 38.6 120.2
H1 % 3 W] BLE th, A 07 A8 o AL G A I A

RS T R TE. 5 H A XS LU AR Y A L,
JIT 3 H B SO RS AR AE R B R . A [F1 R mAPO.5 Al
mAP0.5:0.95 85 I 43 il ik 2| 58.6%. 46.3%. 48.9%
H129.7%, At T BLA J5 . #HET YOLOvI1s f 7,
mAP0.5 fl mAP0.5:0.95 73 Jl$2 7+ 7 10.2% F1 6.7%.
{HH T FEMS-DFPN #8122 IR AT 5 )2 SURFAIE it
G, AT R R FE AR g, 153 38.6G, B R T
SCHR [23] B 33.6G. RAE TR R AR EIFERR, &
SO YRR 1 22 55 BB bR 35 HUR 41, FEMS-
YOLO HRAIFE 120 L r [R5 feg AL o 10 ) S P
FLHEFE B IA B 120.2FP, B B0 T K 22 Hi i i B A
A TPH-YOLO 5 3Cilik [21], 75 0F 58 i ks B2 i Ay 12
N SEIL T PR A B, BR A8  E TC A HIL SN Ak
H. BH/E FEMS-YOLO PR FEFAT RS FE [F] B HL A BE
() S IR AL P 8 . AR SOBE R AE M R 5 AU 3R 2 TR LA

2.5 VisDrone $(#E4E LA FEIZRFINT HLLE

NIRRT T VETE R 2 T AN A B i B
PRI 8, 7F VisDrone ¥4 45 5 22 /> 32 SRS 45
RUHEAT 8 [0 X L AT R GE 43 M, Ko b S &5 S
* 4 B,

MK 4 0] LLE H % 77 VE1E VisDrone 4 4 I
10 ™ B AR B AP 45 5 K H Ak mAP. &A%
B s T AR SO 5 Z AN RLAE AN [H] H AR 28071
R szEg | AR S U7 vEFE VisDrone £ ANLEE B
PR IAT 55 o SR I AR R DU B 5 2 ANt T
H b K & S g 77, A SCHE H ) FEMS-YOLO #2Y
TEEATE 3R Z AN BARIE A s B 52
B A 7E KR ST H AR Bus. Car 94N SRS B AR FF
L 64.6%, 85.3% ) kG FE, T A % LR, 36 4iF
T2 RERIT ZE R, BeHe ik B Ar AN B
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#4  Visdrone 1B F TEI 2 HIXTEL LIGLER

TARGET CLASS (AP/%) AP

Method Pedestrian Person Bicycle Car Van truck Tricycle Awning tricycle Bus Motor 50(%)
RetinaNet 26.0 16.7 7.9 67.3 334 29.8 14.0 15.5 47.4 27.0 314
YOLOVS5s 41.2 30.5 11.5 77.4 35.9 27.6 25.5 153 54.1 42.8 35.5
YOLOvV8s 422 32.0 12.9 79.7 443 36.4 26.7 16.0 56.6 442 39.0
YOLOl11s 42.1 32.9 11.8 79.4 45.7 36.2 249 14.7 56.1 42.7 38.6
YOLO12s 39.4 31.2 11.8 78.5 43.9 355 27.4 14.6 54.9 41.6 22.6
SCHA[7] 29.0 16.7 15.6 68.9 49.7 45.1 27.0 24.7 61.8 30.9 36.9
HR[23] 533 42.0 17.7 84.3 49.0 36.7 33.1 17.7 61.2 53.2 44.8
SCHR[24] 55.7 453 214 84.8 49.4 423 32.0 19.1 63.5 53.1 46.7
SCHR[25] 52.3 42.7 18.5 84.7 51.1 41.8 33.0 18.6 59.6 54.1 45.6
FEMS-YOLO 54.8 45.4 23.3 85.3 53.3 45.4 39.2 23.1 64.6 56.7 48.9

P 1) 5 o AE R M. 3R WA SO 22 ROBERRAE 2 B AN
5 J2 R AE R A AL A RO IR T AN [ RS H ARFRAE,
FR LS T AR AR B SUE B DL &3S
B FRTE 7RG AN R RUEE B AR g A i e M B &
By s0 T o ANHUEHGAS I 1) & 1.
2.6 RILREFHALIT

A CHEAL 5 YOLOvV8s. YOLO11s Al YOLO12s
£ VisDrone #4145 I, 73 alst X /M Hbrg 5. 2R
[E 35 B A ae X G Sl AT TR AR T L,
AT Lh B 9 . /N B AR TR T X R

FEMS-YOLO

YOLOI12s

YOLOLl1s

YOLOVS8s

NHER R % REE5

ANUE 2 0 T A B E B Al 2% & h 242
R/ FAR, SRS 45 RO by s, At AR R A7
H briR AL, 0 AR SCRERORE AN Y 17 A v 1) 2 4
TR A AR, £ 2 R 5t T HA AR X Ak /s RS
I bn ™ 5, A v B DO I R 2% 37 R Bl
SESR H bR 2 B RE AT, REVS BN HE R 3 [X 7 B B AT
A FERR =58 2 R N 45 R0 s, B, B
AT 5 IR AR W R AR 5506 DX H AR Hh 2R
BLH B R P, BE NS R ST R,
FEOTRBL T HXT R AOCI A 138 B g

car 0.69¢ 0.48

. nEo

ER3TE N By 3%
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2.7 CODrone HHEE 5T LI

Nk — VP Al BT AR AT K A RE, AR Sk
HU CODrone #(#5 ££, 5 YOLO # F1 45 B4 i3 AT %
PLscgh, seibaf ik 5 pron. e, AR

mAP0.5 FixF] 33.1%, AHEL YOLO11s $25 1 6.6%;
7E mAP0.5:0.95 LIk T 17.2%. KK 45 B R, A
SCOTVEAE S TR bR IO T 0 AR R 25 b, AR S0
4 CODrone (48 52 I i 0L H A0 B P or DA B2, Je
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N VSR KZ AL RE 0. 3 2B USIE T PR ik S
FERSER 5 P A A S S A A

5 CODrone H#E&E LT LI R
Methods  P(%) R(%) mAP0.5(%) mAP0.5:0.95(%) Prama(M) GFLOPs
YOLOv8s 422 29.4 27.6 14.4 11.1 28.6
YOLOv10s 41.0 27.7 27.2 13.7 8.04 24.4
YOLOl1ls 41.5 30.8 27.7 14.5 9.4 21.7
YOLOI12s 43.9 29.2 27.3 14.0 9.1 19.6
FEMS-YOLO 45.7 34.9 33.1 17.2 44 38.6

3 & #

KICE TN G /N BirdieE 2 REAR
R K S B AR5, $2 7 —FiE T YOLO11
) 1 2K 22 SRR AR Rl H AR AU % 1 ok, it CSP-
MS i, R 7 JZ A HLES i SR T, iR
7 T WL FIRFE S IR 77, 3T T B 2 R
FE B ARBIART IR BE IS, BT REESS 3 2 RBERFHE
RE&FHED AR REREFTR S, Jhdid
FEAT 2 36 R 98 il -G RRAIE (1) R AL RE ), 1 i A5E A
FEE A 5N SN, a, 9 NSRS 5548
M3k, 766 UK S B 0 (R B $2 X6 /N B FrAs il
PEfE.

I8 3 S aGUE B, A0 EE T YOLO1 1s A SC AR AU 78
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4 W42 TF 10.2% 1 6.7%, £ CODrone % ¥ 4 £
mAP0.5 Al mAP0.5:0.95 FEbr 7 HlHE T+ 5.4% F13.7%,
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