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PSC-YOLO: a small target detection method for remote sensing images
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Abstract; The increasing demand for target detection accuracy in applications such as land resource surveys,
urban planning, ecological monitoring, and disaster early warning, using high-resolution remote sensing images

from drones and satellites, has exposed limitations in traditional detection methods. These limitations are particularly
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noticeable when there are significant scale differences, complex backgrounds, low contrast, and sparse samples. In
particular, detecting small targets in multi-scale and complex background scenes has been challenging. To address
these issues, this paper proposes an improved YOLO small target remote sensing image recognition algorithm called
PSC -YOLO. It is based on the YOLO11n framework and incorporates multiple feature enhancement and optimization
mechanisms. These additions improve the model’s ability to handle small targets and complex backgrounds. First,
the PMKCA module is introduced into the backbone network. It uses parallel multi-core convolution and channel
attention mechanisms to enhance multi-scale feature extraction and improve global feature modeling. Second, the
SPPCA module is embedded into the SPPF feature fusion layer. It employs multi-scale pooling and channel attention
mechanisms to boost small target perception. Next, the C3k2 HLCA module is integrated into the C3k2 structure.
It enhances local feature representation and optimizes feature expression using channel attention mechanisms, which
further improves small target detection accuracy. Finally, an adaptive confidence threshold adjustment function is
designed to optimize the NMS process. This reduces redundant detection boxes and improves performance. Experi-
mental results show that PSC-YOLO outperforms YOLOv5, YOLOv10, YOLOIl1n, and YOLOvI2 on the NWPU
VHR-10 dataset. For the mAP50 and mAP50-95 metrics, PSC-YOLO achieves a 0. 8% and 2. 0% improvement
over YOLOvV5, a1.5% and 2. 0% improvement over YOLOv10, a 0. 8% and 2. 0% improvement over YOLO11n,
and a 1. 5% and 2. 0% improvement over YOLOv12. The results demonstrate that PSC ~YOLO effectively reduces
missed detections in complex background and multi-scale target scenarios. It also improves small target detection
accuracy and provides better stability. This method offers more precise information support for the automated inter-
pretation and intelligent decision-making of remote sensing images.

Keywords: small object detection; object recognition; deep learning; YOLO; remote sensing imagery
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Table 1 Table of overall performance metrics of ablation experiments

3 P R mAP50 mAP50-95
YOLO11n 0.935 0. 872 0.917 0. 597
YOLO11n + PMKCA 0.943 0. 860 0.932 0. 597
YOLOl1n + C3k2 HLCA 0.921 0. 868 0.923 0. 600
YOLO11n + SPPCA 0.912 0. 896 0.931 0. 606
YOLOl1n + PMKCA + SPPCA 0. 893 0. 889 0.918 0. 604
YOLOl1n + C3k2 HLCA + SPPCA 0. 887 0. 873 0.917 0. 589
YOLO11n +PMKCA + C3k2 HLCA 0.918 0. 884 0.929 0. 601
YOLO11n + PMKCA +SPPCA +C3k2 HLCA 0.918 0. 877 0. 931 0. 602
PSC-YOLO 0.924 0. 875 0.931 0. 609

22 JBR T AR SCHE ) PSC-YOLO #5751 5 3
A F % YOLO % L% ( YOLOvS, YOLOvIO,
YOLOIln, YOLOvI2) HYPEREXTEL. R T HALE%F L
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TR R M, (B7E XN B bR MR 243 5 m,
PSC-YOLO BT ., #2500 7 A M 2%
1E/IN BARRINAT 55 o A AR Ak

F2 BEXLLRBRBEERERER

Table 2 Table of overall performance metrics of model
comparison experiments
Al P R mAPS0  mAP50-95
YOLOvS 0.941 0. 896 0.932 0.597
YOLOv1O0 0.914 0. 843 0.911 0. 602
YOLO11n 0.935 0.872 0.917 0.597
YOLOvI2 0. 868 0.832 0. 898 0.592
PSC-YOLO 0.924 0. 875 0.931 0. 609

R 53 AT A AR B AR AN [R) 2 0] ARG D 1 e 2 5
FE AR TR) B 4 4 A 2R &R, XF YOLOWS
YOLOv1O, YOLOlln, YOLOvI2 & PSC-YOLO j#
T TN L, LR g gk 3 iR, PSC-
YOLOTEZ A0 LR T o & i dEae i 7, HAk
M5, MR, PSC-YOLO A mAPS0 A
0.775, M YOLOvI2 A9 0.697 #2771 11.2% ; #
[t YOLOlln A9 0.734 # F+ T 5.58%; M It
YOLOv10 £ 0. 773 $2F+ 7 0.26% , 7E mAP50-95 |-,
PSC-YOLO 4 0.317, #HH YOLOvI2 #J 0. 347 427+
T 8.7% ; FHE YOLOVS 1190.277 $2F+ T 14. 4% ; #
It YOLO11n 4 0.276 &7 T 14.8% ., K5 J&/R T
PSC-YOLO 7Etf 22 il b B9 R P B . AR T HoAth
YOLO #i#1, PSC-YOLO 7EZEIMEZR FRMAEN, ik
#| 70.89, 4t T YOLOVS , PSC-YOLO 7E mAP50

£3 &R mAP50 1 mAP50-95 Xtk &

Table 3 Table of comparison of mAP50 and mAP50-95 among various models

. YOLOvS  YOLOvI0 YOLOlIn YOLOvI2 PSC-YOLO  YOLOv5 YOLOvI0  YOLOlln  YOLOvI2  PSC-YOLO

(mAP50) (mAP50) (mAP50) (mAP50) (mAP50) (mAP50-95) (mAP50-95) (mAP50-95) (mAP50-95) (mAP50-95)
®HL 0.995 0.995 0.995 0.995 0.995 0. 663 0. 693 0. 667 0. 699 0. 671
AN 0. 950 0.976 0. 994 0.937 0. 980 0. 625 0. 669 0. 678 0. 600 0. 660
fitihHE  0.965 0. 957 0.923 0.958 0.954 0.521 0.596 0. 550 0. 604 0. 568
ek 0.973 0.977 0.955 0.974 0.955 0. 764 0.773 0. 724 0.778 0.736
Fskiz  0.975 0. 994 0.948 0.915 0. 952 0. 627 0. 640 0. 606 0. 607 0. 600
ek 0.743 0.767 0.797 0.770 0. 822 0.511 0. 544 0.543 0.520 0.520
m#&Y  0.995 0. 906 0.995 0.973 0.995 0. 876 0.777 0. 864 0. 842 0. 855
e n| 0.979 0. 968 0.995 0.939 0. 990 0. 598 0. 616 0. 562 0. 449 0. 642
WE  0.870 0.773 0. 734 0. 697 0.775 0.277 0. 493 0.276 0. 347 0.317
%R 0.876 0. 856 0. 836 0. 819 0. 890 0. 508 0.539 0. 496 0. 470 0. 494
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AT 5.95% ; LT YOLOVIO, 7T 7.23%
LT YOLO1n, #£7+7 14.1% ; AT YOLOVI2,
T T 43.55% , X—FHNEFHFS R T PSC-
YOLO 782 2475 ScF/N HAmka il b iy & 4, o
HAe BARRAFIE RS B E, PSC-YOLO g 5] A
e R AR T TR S A BT T i B
P, AE/ N B AR B HERR N A 7 T R TR

A BE ST, FEAEWIZEAH, PSC-YOLO ) mAP50
7 0.890, AHH YOLOI1n (4 0.836 $2 7+ T 6.4% ;
A1 H YOLOvVIO 1) 0.856 4% FF T 4.0%; # I
YOLOVS 1Y 0.876 #£ 7} 1.6% . £ mAP50-95 |-,
PSC-YOLO# 0. 494, Lt YOLOv12 () 0. 470 $£7+
T51%, B 6 EmT PSC-YOLO 75 M2 9l iy
F P, ML YOLOVS, YOLOvIO il YOLOlIn, iX

a. Lable; b. YOLOvVS; ¢. YOLOvIO; d. YOLOlln; e. YOLOvI2; f. PSC-YOLO,

Bs5 %1 BirkhilsER

Fig. 5 Object detection results of situationl

bridge: 0.62

a. Lable; b. YOLOvVS; c. YOLOvIO; d. YOLOlln; e. YOLOvI2; f. PSC-YOLO,

6 H=2 BIRRNER
Fig. 6 Object detection results of situation 2
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BB R RER I 2] H AR, YOLOVI2 BY2E BIMER N
0.47, 1 PSC-YOLO M MEREF] T 0.66,
T BE & 5 40.4% , X — i F TR, PSC-
YOLO FE#E A 240k I 2 A YOLO A7 K GEAG I )
INER, CHEEGZRMEELEBRNY =T, RN
TR A EFENE, PSC-YOLO @it [ 38 I B A5
(E B RS, R T XN B ARA A
KR, b TIRE R &4, JUHAE HFR R 1E 5

T, HAEREIA TR
3 #Fig
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YOLO1InA7 B & A9 RS BE 48 F+. % 7 i 78 NWPU
VHR-10 $dE4E [ £ mAP50 Fl mAP50-95 $5¥5 I,
BIOR F i fy o0 2 B BAAS B ole SR 3E L 1A
PMKCA . SPPCA . C3k2 HLCA D)% [ 3& ) & 15 JiF
(5 4 PR B S QDB o S5 A T A A A
o F/ANEBREIRE S . X ekl 4R T TR
R RRREE, ARG b ) ERE RN B AR
DA T A S A ) 5

(2) B SZIRIRAE, PSC-YOLO 7E/N H FrAs il
Hr i R TS B T I E R, SR R R
e bR I, IR I SRR RSO AR 21) TREE, eit
JE 1 mAP 1553 LA K nT AR 45 SR E— 25 B T 1A
RUFESE 275 S P AT /0N B A R DU ) o G B R A
PE, SCEGERB, PSC-YOLO fEfS A A5 i o 18 2% [ 14
TN ARSI ), G HORER AT

(3) /R4 PSC-YOLO 7E/)N Hbp kil b Hefs 17
BERTE, BTG — e 2 R RS A I BR AL, &
5T W] DLE— 20 38 BRI ) 2 Ak e ) A
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