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Tab. 1 Performance comparison of different models on the VisDrone2019 dataset %

WIREN all P1 P2 Bl C v T1 T2 A B2 M
Faster R-CNN 21.5 19.3 14.6 5.8 51.2 32.1 20.9 13.5 6.8 30.7 20.8
Cascade R-CNN 22.2 19.5 13.5 7.6 52.6 31.5 20.6 14.8 8.6 32.9 20.4
RetinaNet 13.4 14.1 8.3 1.5 40.7 19.2 12.5 6.9 5.7 15.4 10.6
SSD300 20.0 13.1 11.3 9.1 43.6 25.2 26.1 14.2 6.7 37.9 12.6
RSF-SSD 27.4 14.1 13.0 10.5 56.8 41 32.1 13.5 20.1 51.5 17.9
CenterNet 26.0 28.0 11.6 9.0 51.0 36.2 27.9 20.1 19.9 37.7 21.0
CornerNet 17.7 20.0 6.6 4.6 40.9 20.2 20.5 14.0 9.3 24.4 12.1
YOLOv3-tiny 23.7 17.8 16.6 3.1 49.2 11.9 9.8 7.9 3.5 11.6 17.6
YOLOv5n 22.0 30.1 22.6 2.9 65.7 15.2 14.4 8.2 6.3 31.9 22.4
YOLOvVSs 31.3 39.5 30.1 9.3 70.1 34.2 22.3 17.2 9.3 40.3 40.5
YOLOv6n 25.5 27.3 19.7 3.1 66.9 32.5 20.5 15.1 7.1 35.4 27.6
YOLOxn 30.7 33.9 29.6 7.9 71.1 36.2 24.7 18.1 10.2 38.2 37.4
YOLOv7-tiny 31.7 38.1 36.3 8.1 75.1 34.2 29.6 18.7 8.6 41.2 27.1
YOLOv8n 27.0 22.5 12.6 6.16 65.4 29.9 33.0 13.0 15.0 50.2 22.1
YOLOV9-t 31.1 29.8 24.5 8.1 73.8 35.4 22.6 20.8 11.7 45.1 40.8
YOLOv10n 27.3 24.7 14.1 7.2 67.3 30.0 29.0 12.0 13.5 48.8 26.4
YOLO11n 27.7 24.1 12.5 6.9 68.1 30.2 31.1 14.5 13.2 51.6 25.0
Ours 36.1 40.7 20.4 11.3 77.6 36.6 34.5 15.2 20.9 54.3 31.5

7 E W8 MEM-YOLO11 48 AU%E 6 ABLAA 5 1 /N B 5%k G2 14 DU 58 7 2 1 (% #5 T  F n Bff 5
Bl S1 fin. 5 AR B RLAE e, MEM-Y OLO11 BRL7E 2 RN B AR 2 48 2340 5t 1 U0 A 350 T T A %
AH T T B A A SRR A2 B DX A A0 DR b o A S22 ) 1 4 2 RO B2 X6 Lo 2, B0 S B 1 AR AR R A AR 2 T
FREAF B K.

T HUE MEM-YOLO11 193z fk6e 77 Fiil Ik . i — 22 #F The WiderPerson B4 4 L iF 4T T SCE 50 HIE.
# 2 LR LY MEM-YOLO11 A #% (P) 4 B (R) .mAP50 fl mAP50-95 73 5l #2F+ T 6.8% .
4.2%.5.6%.4.7%.5 YOLOv11n SRV H B8 HIE T MEM-YOLO11 #5278 (143 o4 5 v] 17,
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% 2 MEM-YOLO11 5 YOLOvl1n 7£ The Wider Person #{#F £ L il &5
Tab. 2 Detection result between our method and YOLOv11n on The Wider Person dataset

0k P/% R/% mAP50/% mAP50-95/% E 26 GFLOPs
YOLO11n 75.7 61.6 70.2 43.2 2 584 102 6.3
Ours 82.5 65.8 75.8 48.9 2 214 945 54

A A MEM-YOLO11 BB #5778 YOLOv1In B4 M4 2> |-, 5] A T MFEE,.ELFR #1 MRFE #
P F HIR#E T topK a8 SR BB K /N, 5255 45 S 3R W, 55 HAth (% 46 I A R AH LE AR SCHR A MEM-Y O-
LO11 #E R 7R % 48 3 50 /N B AR A TN 7 18 o 0RG BE A A w48 T, OF LS 80 A AR AR, R0 B AMLAE D ik &
HEAT B A S IO R A T 1 i A R AR R

Bt Sk B FhR (DOT:10.16366/j.cnki.1000-2367.2025.05.12.0002).
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MEM-YOLO!11:A UAYV small object detection model with multi-feature selection mechanism

Xu Shizhou, Yang Hong, Zhang Mengjie, Zhang Yuhao

(School of Optoelectronic Engineering, Henan Normal University, Xinxiang 453007, China)

Abstract: To address the challenges of multi-scale objects, varied orientations, and complex backgrounds in remote
sensing images, we propose MEM-YOLO11, an enhanced model integrating a multi-feature selection mechanism. First, a fea-
ture extraction module is designed within the backbone network, combining multi-scale feature extraction and edge information
enhancement to improve feature integration. Second. an efficient convolutional network module is developed to generate higher-
resolution images from raw inputs, strengthening the global-to-local feature learning capability in the neck network. Additional-
ly, a reconstructed multi-head feature extraction module reduces spatial and channel redundancy inherent in standard convolu-
tions, significantly decreasing parameters and computational costs. Finally, hyperparameters of MEM-YOLOI11 are optimized
to alleviate the discrepancy between classification and localization tasks. Evaluations demonstrate significant improvements:on
the VisDrone2019 dataset, precision, recall, and mAP50 increase by 7.6 %, 5.6% , and 6.5% , respectively; on the Wider Per-
son dataset, gains of 6.8% , 4.2%, and 5.6% are achieved for the same metrics.

Keywords: small object detection; Multi-scale feature extraction; edge enhancement; hyperparameter
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Tab. S1  Ablation experiments

Yololl MFEE ELFR MRFE P/% R/% mAP50/%  mAP50-95/%
N 37.7 29.5 29.6 15.1
N N 39.7 29.7 30.5 15.6
N N N 40.1 30.5 31.8 16.3
N Nj NG J 44.1 34.6 34.7 18.1

xS2 BHELLRAR

Tab. S2 Comparative experiments of hyperparameters

TAL Para P/% R/% mAP50/% mAP50-95/%
topK =13.¢=0.5.8=6 44.1 34.6 34.7 18.1
topK =10,a=0.5.8=6 44.8 33.8 34.9 18.5
topK =7.2=0.5.=6 44.9 34.2 35.2 18.6
topK =5.2=0.5.8=6 44.1 34.5 35.2 19.3
topK =7.2=0.75.=6 44.8 34.9 35.5 19.1
topK =7.2=0.5.8=5 45.3 35.1 36.1 19.5
topK =7.0=0.5.8=14 45.1 35.0 35.6 19.4
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Fig.S1 Heatmap comparison of YOLOvIIn and MEM-YOLO11 on the VisDrone2019 dataset



