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Abstract

Unmanned aerial vehicles (UAVs) hold significant engineering value in applications such as patrols
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and agricultural monitoring. However, UAV aerial images feature small target dimensions, dense
distributions, and large quantities, making actual detection challenging. Therefore, improving small
object detection performance in UAV aerial images is a critical and urgent technical issue. This pa-
per proposes a small object detection model based on an improved YOLOv11s architecture, named
RB-YOLOv11s. First, we designed the Reparameterized Ghost Cross-Stage Efficient Polymerization
Network (RepGhostCSPELAN Net, abbreviated as RGNet). This network enhances the model’s rep-
resentational capacity while integrating multi-level features, thereby reducing both the number of
model parameters and computational requirements. Additionally, the original Path Aggregation
Network (PANet) is replaced with the BiFPN-GLSA network. This enables the fusion of feature layers
generated by the backbone network and the neck network, enhancing the model’s perception of
both global and local spatial information. Experiments on the VisDrone2019 UAYV aerial image da-
taset demonstrate that the RB-YOLOv11s model exhibits outstanding performance. Compared to
the original YOLOv11s model, RB-YOLOv11s exhibits a slight increase in computational complexity
but achieves a 25.5% reduction in parameters while improving detection accuracy by 1.9%. This
model effectively addresses the issue of low detection accuracy for small objects in aerial drone
imagery.
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E T SEALALSE 0 8 AN UL H MG H ArAS I 5 2 FH 18 530 5 5 AR ) e T e ) 224 AT N %5 H R[],
L B B T e B [2] A IB W3] R ER[4]. K ABE MM 5152 A5, BT H B AR RSN,
B TIEE AR E A, om TRERR I MERE, PR IRS B B3 T R T M IR B -

T NAH AR B B ARRT I 7735, WRRIE R AE RO 30 Rl s, — ISRk N TRRE & v 1 f%
G, AR TR S IR . DL R B T BIREAE R SR [ AL 4> 2R 3R (HOG + SVM) AR
RNEABEBELAN ST ZHEMROERT, FERRREIRE, BEHZEME YW, 51K
WAESS IS . R IE L [6]

TR FE 2 2] J7 v B4 B v 2 S RRIE SRR, Refd I Sl HR N L A% 40 7 72 58 Bk Ty A AE[ 7] FRAE
R BEECR AN TR], R 25 ST 5 L5y Sy B B TR 5 R B B A AR

PR B S B R AR S s St R I X 38, AR S R I X AT R AR SR, SR
WL BEAT 7338 I m il Ab B U7 U I B AR FHE I 8 A7, AR A4S R-CNN [8]. Faster R-CNN [9].
Masked R-CNN [10]%¢.
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Figure 1. RB-YOLOv11s network architecture diagram
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Figure 2. Block diagram of RepGhostCSPELAN, GhostNCSP, and GhostNBottleneck modules
2. RepGhostCSPELAN. GhostNCSP LA X GhostNBottleneck & iReE#[&]
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2.2. BIFPN-GLSA 4%

£ YOLOV11 ISR v, ZEREZEAR A 1 BR AR5 A 245 (PANet) [22] - AH EUARFAIE 4735 X 4% (FPN) [23]
SR CTE, PANet I RN B R A F AR R AR T XA A AL . X — o RE SR TR ERHIE RS X
FAE, NABGEY TRIZFRHERATT 5 EAEE, MG 17 FPN B (5 STIE s B AR T ek 7 23
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T Rl B R 2 5 S I 2 E AR, ARG T AR R S R T AIRE I BE ). #E BiFPN
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Figure 3. GLSA module structure diagram
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Figure 4. GSA module structure diagram
(& 4. GSA fRIREEHIE

DOI: 10.12677/csa.2026.162081 526 PR 55


https://doi.org/10.12677/csa.2026.162081

Frk

WAl 4 7, GSA RBEBGE I TR ER Z 18] IR B B MR R s AL IERAE,  JF 5 R e

H W
BUAIAHEL RN TS o SR IE TR 7 AR 2 R B /1 Gy, e R ® Y HAM SR AREG) S
~H(4).

\/
AUOD) [X]
AUOOMA
i
AUOD) [X]
prowsis

Local Spatial ATtention(LSA)

Figure 5. LSA module structure diagram
[E 5. LSA tRIREE1E

Att, (F') = Softmax (Transpose (C1x1 (R ))) ®)
G, (F')=MLP(Atts (F')®F')+F! )
AR, Aty () REIE B ERIE, C, %7 L BB, 155 @ Ui

MLP () SR 4 e, 3E 0 05 RelLU ARG PR B0 MR T fLAHE. 55— R4 At 25
RRYEEI, FLAERE R 25 5 RIHEE FHO R R~ TS 1

Att, (F2)= J(CM(FC (F2)+ Fﬁ)) )
Lsa :AttL(':iz)QFi2+|:i2 (6)
W 5 B, JREBas [A1E R ST (LSAVELER B G5 MG NRFAE B H, v 2 ) 4 B s 38R R T R DO 1) )
RIS S, XX TN BARRIDCN B, W& 5 FoR, b DU A B AR NN, HA
Wit EREHAXG) S ARE) e . HAd, F () BB =R I LB )Z 5 A 3x3 IIRE
GRREHLFE . 75 F F, @EHORE RN 32, At () TRREERIEME, o) 2 Sigmoid K%L, 5
O BB RV, LB ESEZRIAM T, m8Eel M2 [E ¥ S .
3. EHNgIt
3.1. BIEE SiTMhigtR

AL AT EE4E VisDrone2019 [25]HEAT R RIGAE, HoRE T 2L HSHER B, 81T A
ASEIL 10 KT AHUTHARLI F AR 28R TR NI ZREE (6471 5K) . BRESE (548 7K) Ml 4R (1610
5K), EHTIEANMS T HIVEREPPAG o SEIRAE ST — AR AT, o bE st Al s ORI, DURS
o AR, mAP. ZHE . MR DK FPS SR ARER S PERE
3.2. SCIRIREE

SEEGAE Ubuntu 20.04 Z48 R KA Python 3.8 5 Pytorch 2.0.0 #1435, # & batch size A& 8, % 300
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epoch, i NEME R ] A 640 x 640, BARRE{: 52500 & W2 1.

Table 1. Training parameter settings

F1LONGSHRE

Types Configuration Type Value
GPU RTX 4090 Learning rate 1x10™
CPU Intel (R) 5418Y momentum 0.9
CUDA 11.8 optimizer AdamW
CuDNN 8.7.0 batch 8
4. BRI

4.1. jHRASCIE

B VT SR e R B B O A W 4% (RGNet)ic A ik idt 77 %€ A, BIFPN-GLSA W 2% % i J&
YOLOv11s A3 2% PANet i ekt 7% B, R 2 #1 YOLOv1ls + A ARIMAS T E A,
YOLOvV11s+B AR IMAE#H 7% B, YOLOVI1s+A+B NEHGHETE A M B # I, 24 i
47 RB-YOLOV11s.

Table 2. Various improved ablation experiments

2. BRI HASE

Model Precise (%) Recall (%) mAP50 (%) mAP50:95 (%) P(M) G(G) FPS
YOLOv11s 46.3 339 327 18.7 9.4 213 556
YOLOvi1ls + A 45.7 35.3 33.7 19.1 8.1 20.9 526
YOLOv1ls + B 46.1 353 33.7 195 1.7 23.3 455
YOLOv1ls+A+B 46.8 35.7 34.6 20.0 7.1 24.3 385

e 2 Fow, NS 77 % A J5, YOLOVLLs+A f 2 (1) mAP50 F1 mAP50:95 43 il 4 33.7%#1 19.1%,
FHEC YOLOV1Ls, Z3ill$&Ft T 1%7F0 0.4%, HHSHEMITHES M TR T 1.3M M 0.4 G, BT IT
{1 5 2 $ 1 i R 5 Y B s R B 4% (RGNet) B 2508 5 1 /0 H AR FUAFAIE SR AE B /7, 6 LR AL A AL f ]
W, BERTT/NEFSENREE . IMANSGE TS B J5, YOLOvLLs + B #74 [) mAPS50 A1 mAP50:95 43
N 33.7%#01 19.5%, #HEL YOLOV1ls, Zr5l#2TH T 1%740 0.8%, JHHBHE T4 T 1.7 M, 8] BIFPN-
GLSA W&t s 2 RERHMER A RE 7], A RSGEE T/ BAsiokltERe, FEAESR TR BE R RS2 8L T
WA ZE R RS T . Bt & A AT B —2 AN #] YOLOv11s &, YOLOv1ls + A + B #i#f) mAP50 £l
MAP50:95 435I} 34.6%7#1 20.0%, #HEL YOLOV1ls, #5427t T 1.9%H1 1.3%, S5 & N T 2.3M, it
B B S 50 b R S B R R B 45 (RGNet) 5 BIFPN-GLSA W 4%t tp [R5 /N B AR IR IERE AE H1
52 REEFHER G, A RERF TR R, Hsuil 718 S 400 B RS 67

4.2. FEEsCIE

% 3 fiax, RB-YOLOv1ls 7E VisDrone2019 MiX4E T mAPS0 ik %) 34.6%, AT R
YOLOv11s # %!}z YOLO 5 DETR R4 H AT LAY . %R R %N 46.8%, #[E1% A 35.7%,
4399 T IR AR AL 46.3%F1 33.9%, R IHHLAEFE /N B AR PE I RIS, A RRK TR G STk, 78
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R ZR L J7TH , RB-YOLOV11s M E M EE 58 7.0M 1 243G, BEAATHE ST N 1
m, ESEEIALT RS YOLOVSs. fESZiPE 5 TH, RB-YOLOv1ls i) FPS 4 285, HEISKKT R
A, AEAT AT 2 ST ARG IR

Table 3. Comparative experiments of different VisDrone models
%z 3. VisDrone AN EHR B XS bL SET6

Model Precise (%)  Recall (%) mAP50 (%) mAP50:95 (%) P (M) G (G) FPS
YOLOvV5s 38.7 31.0 27.6 14.4 7.0 15.8 204
YOLOv8s 44.8 35.0 328 18.7 11.1 28.5 625
YOLOV9s 49.1 355 34.9 20.6 9.6 38.8 278
YOLOvV10s 454 34.6 33.0 18.6 7.2 214 526

YOLOv11s 46.3 33.9 32.7 18.7 9.4 213 556
TOOD — — 33.6 20.4 32.03 199 46
Faster-RCNN — — 32.6 21.7 414 208 51
Atss_r50_fpn — — 33.8 20.4 38.91 110 a7
Retinanet_r50_fpn — B 27.6 16.4 36.517 210 58
Cascade-Mask-Rcnn — — 32.6 19.7 69.29 236 49
DETR S S 33.2 174 60 187 21
Deformable-DETR — — 30.7 16.9 40.101 193 30
RB-YOLOv11s 46.8 35.7 34.6 20.0 7.1 24.3 385
4.3. MR 347
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Figure 6. Detection performance comparison between YOLOv11s and RB-YOLOv11s models
[E 6. YOLOv11s 5 RB-YOLOv11s 2! MR xF EL &
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il 6 fros, 75— F & H, YOLOVLLs & il 72 A i 5t B AR iR 8K %, 1 RB-YOLOv11s
M A=A i . 7628 —FI B+, YOLOv1ls Jsts 14 FMAMI-RZE, RB-YOLOv1ls MIgEAERG IR,
BT EEZE BB, RB-YOLOV11s BERAG B8 a8 7 %f /N H AR IRFEHE R A8 11, BEWRAD> T E I 5 N IiR

5. &g

ASCHEH ) RB-YOLOv11s #4572 —Fp 3T YOLOv11s HITE AN B G/ B ARRE IR AL, ol Ak
Mg U MR A IR A>T 5 9 T N R AG S5 B FH PR B OGS R BR S HE

7E VisDrone2019 #4fa4E i szih # B, RB-YOLOV11s BRI i 8 2 Hik W 7= 15 W B e 508 B R 2%
RGNet 1 BiFPN-GLSA M4 358 | /)N B ARFHIERIE S 2 REERL G, #HEL 558 YOLOv1ls, RB-YOLOvV11s
FEAY ) mAP50. MAP50:95 73 IR TE T 1.9% 5 1.3%. Ni&EN AN T G HIEEER, EakimidaiEl
HARBEE R S H = AT R
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