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Low-Altitude Counter-UAYV Detection and Perception

Abstract: In recent years, with the widespread application of unmanned aerial vehicle technology, frequent
unauthorized “black flying” incidents have posed a severe threat to low-altitude airspace security, making the
research of counter-UAV detection and perception technologies highly urgent. However, conventional
single-sensor detection methods face significant challenges in accuracy and robustness due to the difficulty of
capturing micro-targets, dense obstacles, and complex electromagnetic and meteorological disturbances in
low-altitude scenarios. To address this issue, this paper provides a comprehensive review of the key algorithms
and cutting-edge advancements in low-altitude counter-UAV detection and perception. First, it systematically
summarizes the evolution of vision-based object detection algorithms, focusing on the innovative applications
of traditional Convolutional Neural Networks, the ultra-lightweight YOLO series, and Transformer
architectures with global context perception capabilities in detecting "low, slow, and small" UAVs. Second, it
analyzes the detection advantages and technical bottlenecks of non-visual sensors, including radar, acoustic,
and radio frequency, when combined with deep learning technologies. Finally, addressing the demands for
all-weather detection in complex environments, the paper deeply explores the current development of
multimodal fusion algorithms, such as RGB-infrared and multispectral fusion. This paper concludes by
summarizing the current challenges in perception robustness and generalization capabilities of core
counter-UAV algorithms, and anticipates future critical research directions including visual large models,
air-ground multi-agent coordination, and multi-source information fusion, aiming to provide useful references
for the technological evolution and engineering practice of low-altitude counter-UAV systems.

Key words: low-altitude counter-UAV; detection and perception; multimodal perception; object detection

WisHHEA: 2026-03-29
EETH: BxERFYESHESNE (62436002) ; HEKARFIEREESFEREELTE (62506073) 5 FH K E S0 THRIME 28 X RBHS B

LI (2025XAGG0039) 3 KM AHEFFERAESTE (23JCIQIC00270) 5 H EHH + 5 Rl 2 1 4 18 5 0% Bhiti 4 F 0 78 A it
(GZB20250395)



H R AT R A 24

AR, TANL (UAV) HARTER RGeS B 24k SIS S M ke, 3R O 1) ZE 34
SO R EYIRECIE . AR REALHIE S R FRERSE L e R . a i = LAt o e s 2
A, AR AN IE R IR R R ER TSR A 2023 4RI 121.24 123 02T 2 2025
I 135.43 12370 HULFER, P E R ANT S ST b 2023 £ 1174.3 403 £ 2025
I 1691 1270, B “ARTEUE” T 2021 FFREIERIIN (B R LA ARS8 AR ED) 1SR HESE,
25 23 R 5 0 TE SR e AR A 1 R R L8

PEBE = Mk BRI SR A T0 AL 0] 2 2, REUSE AT SRS BOR SEZ I “ B i
174, CRUNBME T PRz AR & K7 “ B FHEAMMUTIR AT, X RAUZT 5E
KEFLEN R E B . TERMAUR, 2024 45 3 AT REFHENIS KLIRFE 9 A REREE R,
BETENNARE RN S EBRPEREAE R, &R ERWE TR SRE S A 2w . EER 22
YT, SR AT R E B X, 02021 4F 11 A E K2 AN <RI T AN A0
TG, TR T 557 Y B A e

TR H 28 208 IR 25 22 A PhiR, A BRE EARGE 1 & BB IR B S8, DEZ BRI T
ANHUBTAEAR 2 o AR AR] e R 42 5 I o) T B35 v FEE S T i oA v A0 2 5 e, 56 Tl I By 0 0k 5
INITENNRGEIPAZE (JCO) HHRILE 2024 % 2029 FERIFENGHE 100 143670, S92 AL e o 1)
LT 5 RN X 2% KR R 2 A DG A R e — B R TR s R R RO SR bR e . 7R
W, 2024 4F 1 HIERGATH) BB 38 ATE B AT 460 SHEZ BArm “ BRI FaR” £
H YRR ER, A “RE 7 FLEE RGNS E, WAL TR R R T 2 AR
W55 AR RS A0 A R 500 1 SE Pt o X FPBORIE I ) 22 W 5| 545 SR T A (e D) 7R R A B AZ 21, SR
T R TEE R RTANE R e PR AL, HOR S E AR5 T I 5 B0 At 7T
T8 T K% T T
1 REAVEMNRABE S FE
1.1 RZEHRAES AR PR S S

JRTE AMUER AT AL oM SR ZIE AR TR N AR 18 /N7 HAR R AR AR DI 2 5 17
R, AR T S M GO AN . 1 SR EARARAS AR LU RRIE SR B, VN ANIA 2
0.01 P75 K T iR AR S HAM IS I A B 5, R 2 il T 02 A WL A5 B S5 Mt F5 IRV, 3880 H B AE
RFALE 22 1) HR A BE AN S 3 o LU, A R 45 45 T W S SFUAEL 4 55 7 ) A R B R S SR A AR N
T e AT AR R B A M DN T S {58 SR 0 AL A BB PR SR ) 5 R AE AR RE B8 70, DA RO E 52 f
M “REERIE” o RIF%E. W FH AR SN TR GO L IR 5 E R, 5Ik
P PSR E (AN T PR RRIR A . H AT BRI B E G 5 A Tz 5 &R, CARBUNHIZ R
G0 BRI 7E ) FUBEAH, ST K350 25 10 B B AR R 20
1.2 BBARFTANEEAR

B E IR ER G, B IR TE MR B AR (2 536 B — Y AL a8 A R ek, B2
VS R IR FE R IR SRRV E o ] 1 PR SR TG AU B2 Je PR s, 2% ) 2 37 A b 20 i 1 83000 7
BN “HLSRA A “ 2 YEEET IRk .




SN

C2FDrone
HIFDETRIGNZZAIR R
A 3t
po = Lol i i SiamTPN MSHNet
SVM B3 , it s
T B, BEMSRY: AR B BRI
TriiEE CNN#ERFTANE WS X HSMNERTAST
) DIAT-RadSATNet RSDet
Ewgw_m; KNNZH188 BREUNCNNSESER BERHERRESERMRIRN
ggﬁ'ﬁmnm?ﬁﬁﬁﬁ? FAHUL RS WRONBFET
Radar-PointGNN DRBD-YOLOvS8 YOLOv11-based
B/MEnuScenesEf: BOETFYOLOVSHIS %ﬁggvglﬂﬂ}i
M FF(E AR TAIR BE, SEMEENE e
g e i T AT
YOLOv4-based UTTracker
¢ BMEEE. EEE &% HlTransfor-mer
EZ MBS EEX EiNEERTANEBE
RO E ARG LIEEhID

1 REAENE XL RHTE

Fig.1 Development history of anti-UAYV detection algorithms
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Tab.1 Multi-dimensional performance evaluation framework for typical anti-UAV detection technologies
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Fig.2 Detection and Recognition Framework of Typical Non-visual Anti-UAV Systems
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