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Abstract: With the rapid and unprecedented expansion of the global low-altitude economy, unmanned aerial vehicles
(UAVs) , commonly known as drones, have transitioned from niche technological tools into mainstream assets deeply
embedded within the critical infrastructure of modern society. Their applications now span a remarkably diverse spectrum,
including, but not limited to, precision logistics and last-mile delivery, emergency medical services and disaster response,
automated inspection of energy grids, bridges, and wind turbines, agricultural monitoring and targeted spraying, as well as
media production and aerial surveillance. This widespread integration delivers immense economic and social value by
enhancing efficiency, reducing costs, and enabling access to previously unreachable areas. However, the very accessibil-
ity, affordability, and operational ease that fuel this adoption paradoxically introduce severe and escalating security vulner-
abilities. Incidents involving unauthorized flights, negligent operations, and even the malicious use of drones for espio-
nage, smuggling, or disruptive attacks pose tangible and growing threats to national security, public safety, the integrity of

critical infrastructure such as airports and power plants, and individual privacy. Consequently, the development of robust,
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reliable, and efficient technologies for the detection, tracking, and identification of low-altitude UAVs has emerged as a
pressing global research and operational imperative across defense, security, and regulatory domains. From a computer
vision perspective, low-altitude UAVs present a uniquely challenging set of characteristics, aptly summarized as "Low,
Slow, and Small" (LSS) targets. The "small" signature is particularly problematic: at typical operational ranges for ground-
based surveillance, a drone may occupy only a minuscule number of pixels in a captured image or video frame. This results
in an extremely weak signal, with limited texture and shape information, making it easily lost amidst background noise or
suppressed during the down-sampling stages of deep convolutional neural networks. The "low" and "slow" attributes further
compound the difficulty. These UAVs operate within complex, cluttered, and dynamic environments—such as urban can-
yons, near buildings, over forests, or against varied terrain—where they are susceptible to frequent partial or complete
occlusion. Furthermore, they must be reliably distinguished from a wide range of visual confusers, most notably birds, but
also kites, balloons, and moving vegetation. This leads to the dual challenges of minimal inter-class differences and signifi-
cant intra-class variation among UAVs themselves, which appear in diverse forms such as multi-rotors, fixed-wing aircraft,
and hybrid hybrid vertical take-off and landing systems. The operational environment imposes additional stringent con-
straints: vision systems must maintain performance under drastic illumination changes and adverse weather conditions,
while also meeting the demanding requirement for real-time, low-latency processing, often on computationally constrained
and power-limited edge devices such as drones, surveillance towers, or mobile units. This comprehensive survey paper sys-
tematically reviews, analyzes, and synthesizes the state of the art in vision-based and deep learning-powered methodologies
for the automated detection and tracking of low-altitude UAVs. The review begins by contextualizing the problem space,
defining the operational envelope of "low altitude" as a challenging regime for sensors, and categorizing the primary types of
UAVs along with their distinct visual and kinematic signatures. It then crystallizes the core technical challenges that any
effective solution must address: (1) the fundamental problem of small target detection; (2) the discrimination problem
arising from low inter-class variance and high intra-class variance; (3) robusiness against complex, dynamic background
interference and environmental degradation; and (4) the imperative for computational efficiency and real-time performance
on edge platforms. The core of the survey is logically divided into two interconnected pillars: detection and tracking. For
the detection task, we first provide a concise overview of traditional image processing paradigms, including background
subtraction techniques, frame differencing, optical flow for motion-based detection, and hand-crafted feature descriptors
such as histogram of oriented gradients (HOG) for appearance-based classification. Recognizing their limitations in gener-
alization and robustness, the focus then shifts to modern deep learning-based detectors. This analysis is organized around
four pivotal and active research thrusts. First, architectural innovations for small target detection explore specialized net-
work designs, including enhanced feature pyramid networks for multi-scale context aggregation, the integration of attention
mechanisms to amplify critical features, and the design of novel loss functions tailored for small object localization. Sec-
ond, lightweight and efficient model design investigates techniques for deployment on edge devices, such as neural archi-
tecture search for optimal efficiency—accuracy trade-offs, model pruning, quantization, knowledge distillation, and the use
of efficient operators like depthwise separable convolutions. Third, enhancing robustness under adverse conditions exam-
ines methods beyond standard red-green-blue (RGB) imagery, including multi-spectral fusion, the use of polarization
cues, and emerging sensor modalities such as event cameras that offer high dynamic range and improved motion clarity.
Fourth, multi-modal sensor fusion strategies are discussed, which synergistically combine complementary data from visual
cameras, radar, light detection and ranging (LiDAR), and acoustic sensors to create a more resilient perception system.
For the tracking task, following initial detection, the survey details the evolution from traditional correlation filter-based
and kernelized methods to contemporary deep learning-driven trackers, which typically follow a Siamese network or
transformer-based paradigm. Advancements are examined from four complementary perspectives: (1) improving robust-
ness and accuracy, focusing on advanced motion modeling, robust feature representation learning against appearance
changes, and effective scale estimation strategies; (2) enabling real-time performance on edge devices through model com-
pression, efficient backbone architectures, and adaptive inference strategies; (3) mechanisms for long-term tracking and
recovery, which are crucial for practical deployment, involving dedicated re-identification modules, global search strate-

gies, and memory-augmented networks to handle occlusion and target disappearance; and (4) scaling to multi-UAV sce-
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narios and swarms, which introduces challenges in data association, identity maintenance, and group behavior understand-
ing. To ground the discussion and facilitate benchmarking, the survey provides a curated compilation of publicly available
datasets specifically designed for UAV detection and tracking, categorized into visible-spectrum and infrared (IR) datas-
ets, detailing their scale, attributes, and inherent challenges. It also explains the standard evaluation metrics prevalent in
the field, such as average precision (AP), mean average precision (mAP), Success Rate, and Precision for tracking. A
comparative analysis of representative state-of-the-art methods on key benchmarks is presented to provide a clear perfor-
mance snapshot. Finally, the paper concludes by delineating several promising and critical future research directions.
These frontiers include the development of more intelligent and adaptive multi-modal fusion frameworks that move beyond
simple early or late fusion; the pursuit of generalizable and invariant feature learning through self-supervised learning,
meta-learning, or domain adaptation techniques to handle novel drones and unseen environments; the design of
environment-aware and actively adaptive algorithms capable of anticipating and compensating for perceptual degradation;
the exploration of next-generation neuromorphic and efficient computing paradigms, such as spiking neural networks, for
ultra-low-power deployment; and the deeper integration of novel sensing modalities, including event-based vision, to over-
come the limitations of traditional frame-based imaging. This survey aims to serve as both a detailed technical reference and
a strategic roadmap for researchers and engineers working to advance the field of intelligent, vision-based counter-UAV sys-
tems.
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Fig. 1  Global low-altitude standards comparison chart
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Fig. 4 Two-stage UAV object detection framework
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DL B (3 45, 2025) o PRI I 75 50 20 e 44 1 o) 2% %oF
/N B AR I REAE S BUBE 7 oA B2 T I8 AL A A6 0 1 i
BEXE/IN H AR A A 2l T B AN 26 3 iR, 43
R AE 48 5 25 A0 e o 5 FRAE 3 Al & 5 VI 2
SRS s BEG s S AL B 4y 1]

1) K0 HE 2 15 235 4y kg

X 2 A T v e A A A B 5 2 4 g3
NI PR 2 S M R 3G 5 /N H AR RRAE S8 BURN
AETT o R T i RS T A TR A7 B s K ) ) R Y

[l % A (2025) 3 F YOLOvI 1 535 5] ABERY 1 F 3¢
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& ST 2Z S WL (contextual anchor attention, CAA)
AR R A M 4% (path aggregation network , PA-Net)
B HUE R4 g 51 BRSO R T T e AL/
HErK I EE 1. Bo S8 A (2024) i i k-means 557 R
HHEHE ]SF 5] A SPPFCSPC-SR # Bt Fl Inception-

NeXt B H 8 i RR Ik 2 BURE ) FUSSZ 97, 2 42 /)N
H ARz 0 R 1 R R P . Wan 55 N (2025) %
) 5 1) 43 DG e S5 B0 ot 380 ot A 000, 48 v T I B A
MiPERE o

R3 HIPNBRENB BT EILE

Table 3 Summary of improvement methods for small object detection

Ak 1 4% EiloN Akt i s Bl
AR A
YOLOv7- ~ Bo% A SPPFCSPC-SR #HeH .
GS (2024) InceptionNeXt TR R 1 58 Bt FPSFEA
A3
Vira— Wan%}\ %H—Jﬁﬁ%*ﬂ@%wiﬁ@ > A BB A B s A5 U RE L BT
R (2025) S S A KB B G B TR EE I ERE
Far itk L=y S
O EAICRIRIERIE e e ks R S R T
DETR (2025) A A AR 7T o HYOLO %
BB A AL e
g A 1 CAA I PASNet, I N .
YOLOv11 2 s Sk LR THNE N BERK TP BE LT SHE K
025) Ay
A RiL]
0 1o 7 B I 4% Ky e 4
RN TR A S, IR A SN N
YOLOVS (2025) SimAM, LU X f5af e PSR
R IR
DACG-  Li%A  @id4R L FCEEhg |, o TR B R B ]
Net (2025) BmREA LR T BIRRHEGER K
Fane 2 i i 51 A DSRDB Al
ALES “z MFFRB 3 4 3 A5 F 412 URT SR RIS WAEER K
022) .0
i@ﬁh
AL SR 7EE A Encoder 1 i 411 %
HEE J2 AR £k 2 L
DFFormer Li%(2026) [T AR, BEGAE  /NEFRKIIPERE LT Kozs e 5 Tk
477 1k I/ B AR 4D
F%
. il i3 DBFI, Lk & DECM P [ 4 .
SCINet &%jﬁ)m@mgﬁﬁ&%ﬁMﬁ,%ﬁlﬂﬂgﬁaﬁ” I I A
LSBT H BRI SS (] 405 74
Vi W BALEHIB FHOTER AL
8 & L R PRI T AL R 2T T S R S 2 A
VTOD (2024) - o
H ARG B
Dong 6 p T CloU B 2K i 80 45 14
YOLOv4 z&” ToU, % & & X B 0 iE For A i 125 oz 338 i s A T
NETRIA BT L
A A
POGE LA L e et skt
W,Ié% (2022) "= ) RE 1) I ARIAH )32 RE [F) Tz AN b WX

o
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Sen, =—
T FIAR 5 AR B2 S AR S T AR TR ERES k4 i
Fa3gk
AT 7] [ 4% 7 BA fEALTE it 5, B s
Kot SR A A
YOLOvS (2022) HE 44 427 8 55 6 AL AR 2 1 35 AN R EER (124
Jrik
S A K B & #2% PR AL (SLS +
FENet (2‘025) Soft IoU) , FA s R B 5 Z RERIRCR T TR ZE R 0 0 %
1R RGP
, WAL S AMERBAR e e
WTh Sy b qE=:R
RetinaNet *ﬁﬁg)ggamU@ﬁmAﬁﬁm *ﬁgingmE FELCE 5 5
Joi iR
Fylsranm 5 Shi il Li ¥ FH Mosaic 2 ss , I
oAb ¥ YOLOv4 (2020) Dropblock Z i85 21X, YU A LN Eiil [
Cutout
IRWT-  Cheng%¢ A fili i SAM [ £ 7p I i1 4b S _ , .
YOLO (2025) T2 540 b B B8 KA B E S HER TRAL B A5 B A 0 FE 3R

B LA YOLO Z 51 A A 1 4 BRp 22 I 45 411, Bk
T Transformer Y 45 ] 2% 46t 2% (detection transformer,
DETR) 28 J7 4 L3 7 i ] T 6 AHL I B AR A
YOLO %41 3 2R GEAS Bz 5 A 2 N2 R ik 4 0%
PRIURI B2 A5 B, B B B e | TR S
SRR B FRERAE 1Y Jay 0 SRR SZ B ol L0 e 8 I
B2 ] SC IR A B B RE AT A BR . AHILZ T,
DETR 2¢77 kil 4 [ 1 R L sz b AN [l 22
(] 37 ' 22 ] 4 4 Jmy OCIR , TR ] H A i) 5 42 5 7
DUAL 1 S5 B v 38 s A 000 R A% 2555 A1 T TE AHL B A
JAEIRY T 5 A T SCE R . IR TT AL
BER G AR R ER S AN Y] 5 H ARz 2P
2 Jay bR SO B TR SRS/ B AR 5 Sz )
SR X2 RE T, Il el S A BT AR AR (R ]
S5 N AR BEER AT B . Zha 28 A (2025) 2% T
DETR [ 2848 A 27 2] IS AR S0 e B ik A St A
TER ) T T iz shBORI RO A2 e & et
SR, DETR 285 ¥ 76 TS AAL/S B Fr A il v 47
FEAE—E SR PR o — 5 T, A ifE B T R I HLI 7 2 A
Kot 28 (A6 8 Z (AT HSAR DG 1 | 153 1 /1 I A7 T 4
TR AL YOLOBEAY KR 1 HAE L i %
L R ITE MR Ge b 0y E 30 5 55— 5T, IR 2
FRIE T SR AE AT BB /N HARZET £ 2%, H bR A if) %)
eI EVBR R e 0. 25 2y 2 B 2 445 S T4, eAh,
8 J3 DETR BB AE 7RI 2k JR 0 A5G fie S5 s 218
D RO B AR5 Ry SRR S5 [ B B RIS A2
A W58 2 R R bR A i 2 R

%

ARl B e T ) R A g i A% A 0 50, TR
2R R RE 1) ST R ARCR Z A AT . AT
T » YOLO 2§ J7 ¥ 75 55 IV F i 2% 3 8 Oy 1 2L AG
0 DETR 287 L AE A Jmy b R SCERIE 52 s 5L i
) 2 S 380 S 000 o AT R O, o i
BRI B GRSV E ST D

2)RHERG SR Rla S

W5 i B A R AE SRR S A 2 RS
BRG RR R RIE A B G R R A O 2 el
/N BRRRIETE W 25 A% 33 5 A vp i s 40 5 2 2K )it
S5 F bR 4071 A E B R RIBRE ), T E2 T/
E bR AR 5 F B0 VERE o S 1 A RS wfE LA
IRELANTE AL B e A 5 SOR MRS 32 B AR A5 [
72745 N (2025) i 52t 78 YOLOVS [ 503 I 25 1 2 %2
ROBERRE & 4548, JF 51 A =480 20 2 I LI
(three-dimensional param-eter-free attention mecha-
nism, SimAM) , Z AL AT 9k 55 75 5 0, dbshaE IR
J2 5 ERJZFAE LAISRZL AN TE AL/ B AR SUE B
FIRRAE 42 B0, BT 235 4 TH AR I0ORS B2 . Li 48 A
(2025) #2 i T DACG-Net , 1% ¥ 2% 38 i 42 7y b T X
TR S IARL & 22 ROBERFAE , EmT 42 T+ 1 X5 /0
HARFFIE G o Fang 55 A (2022) F1) IR B 7T 43
25 5% 22 9% 4E Bt (depthwise separable residual dense
block , DSRDB) Al 2 )L B2 45AIE fill 45 5 27 Bt (multi-
scale feature fusion and representation block, MFEFRB)
R A U B I 46 i 2ok 3 2 PR 4 T 00 A 4 Jmy B 2 1
A AR IO J IC AHLLLAN N BARERE , D803 5%
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Tt Fang %5 A (2024) 4 Hi SCINet, i iof =5[] 3 55
3 S HXF L 3G 3R 3 3 53 SR AE A2 . (dual-
branch feature inter-action, DBFI) , UL M W4 45 1F %
HE R B (dual-dimensional feature calibration module ,
DFCM) H i3 [8] 55 38 38 1 2 AL, il 22 RO 4F
AIE ARG 5 £ AR TE A HL/IN H FR 556 e BE A S TR] 2095
Li % (2026) 4 i1f DFFormer #5253 452 % /¢ i A
Encoder FII S48 2 410k B2 R DEE S 1 1407
KIEARZ WAL 5007 6 F B/ B ARy 2% .
Wang 45 A (2024) 32 = W58 2 G207 S, A 4T
TR R AR BGZ SRR | JFH 3 5 R B X 45 v (1 i
SHHERNG 852 35 5 001 2 ) HL 1 s A
H/NELIE ANHL B bR ) S 25 1, DA B2 T A i 5

3) U5 LA s

2807 1 B A T eI 25 5 Ak e, DA
Hi4b BN B AR 0 ROZE SR FVE A AS BE )T, Dong
AN (2023) 1E YOLOv4 I LA |, 1A T 58 B 5 F
H (complete intersection over union, CloU ) $i1 2k >k ¢
1A% G2 1) 22 I EE (intersection over union, IoU) i1 25,
LB S s A Al A A1 HA7 41 4 pR B A HLAA
AT

L, = Awiilij”f (1 -1IU)+ pz(b;bm) +av]| (1)

c

A, A B Y 5 LA R A 5 S7 R RRAIE J&] oA PP
JCIR KL ; B A BRI RS B TT R0 1 300 S AHE ) i
173675 PRER, 2456 1A PR BT A 15 5 1 SR AE
JIF A7 B B F A L H AR O sUEHE D 1, A A
R 0; LoU Sy TRIMAE 55 FLSHE /Y 38 I L 5 p°(b, b)) Ry Tl
A 55 B SIEAE rhvoCs s A RR EC R 25 50 o FH T4 1K
=B 28 o — DR S8 A0 K BREL
LREHIE T AW L SR B AR S,
FHHE Y [R] 3 S hORs o, 0 H AT AT/ B AR B E AL
X445 N (2025)5K I T SLS 41 2% pR&K, IEAMZ 5T
55 JEKE SLS #5125 5 SoftloU #5125 BE A1 FH , LA £l 4%
R SRR R Z A BB, 2[R AR R
TR A 4 2 M 15 78 W) -4 1 A 0 2 o4 2
AR FIRE ST , A7 BUGAR A bR OIS AR A . BT
X H iR Io AR 7 E AN RE TR Ab PR AL 58 e TT N
HURI ITCAMLES R 2R T DL , Lei 45 A (2022) 38 i
B F L AL (particle swarm opti-mization,, PSO) 8.7
S AN VR R 22 48 SO S5 /), 45 G R AR e 2RFn 4

B LA TE ADL/ B sk PERE . Koksal 55 A
(2022 )3 33 25 5 P 5 5 8 2 R 2k HE 44 32 9 S 0
FEAZ 0 7 15, A AL YOLOVS A5 75 D 43 58 Xof wf b A
() S 3, [R) H30 2 R i 2 1 19 7 2 ML B2 71/ B
Pkl M fE o

4) B o S5 AL B

W2 Ty 1 Ao G A 38R R B T A e T
WL QR Ay B TS S . RARAE A (2020)
BEXE I AR /N H AR iz SR L Zh LA B Gk
PN 5B 2= R, 1 T — ZR 5 Tk R e SR s
XL O T AR AR LIS SRR H AR 8
T, & FESE i AESCHE %) BTt , DT 2 A D ASE 28 1Y)
EEEFERPE . Shi A1 Li(2020) 2K JH Mosaic 54
BRI B 4 IF 45 A YOLOv4 1) CSPDark-
net-53 £ T /4, 42 Tt/ H Rl (432 AL B ) Aok
. Cheng 5 A (2025) F| FH 38 H 43 #4527 (Segment
Anything Model, SAM) #4775 5980 Bx i 4b B, @ 48 53
155 B AR X SOT P BUR /Nl FAE Bl ST
FRTLLAI/ IS B ARSI i HERA
3.2.2 B btk

i F IR ANRI R 505 755 & T A B
VRS, B AU DA J A AR ) S R RN 2 RE 24 R
(Sun 5% ,2025) . JE KM SH0a A 2013 EIA
{UEABIR A TR, B FL A BRI AE R | T vk
SRR O R B Ry K . e AHL BRI 3l
ARRE S — 2D R T X — PR AR, L m AL S AT 5
27U SR AG DN R A A T LA v R R I i B 5 B
RE ST AEGE TR 246 B SRR B i (B R Y
FHE A ME A FEAL B S 4 & ERE BT,
I, R A R A ROR  TERE RN HER O S
A RG22 [] 5K e AP, DT Af O T A BLAG: DU
R GAE VTR 52 IR PR B TR AR T 58 AR (225 5%,
2025) . SR AR R BRI BN SR 4 R A
i T MBI m R R S T E AL A
FRIERS AL 3 D71

DA T MR

X e e i AR A () Rl 5 R R e ml A
b ET M, DL/ SEORIT A, Fang %A
(2023 ) 2R FH 2 [B) JER5H1 8 38 7 75 7 A 18 0 ) v A8
23 [ B ) 4 2 AR TE I HL 3R T2 R R
TEFRERBE ), A B TSRV e B O TER
R S T AR . X B s e A ML TE ARG
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P A5 RO 5 SRR = T8 A HUR A0 BR B 77 A 4R 1R

B35y A K B8 AR 158 B ST FE A R)E, Wang
5N (2022) 851 T —FhJEF YOLOX (4% i AL As A
R FHUR B2 0 43 85 46 B 6 MRS R SR AT e 4 , 4 A 4
KWL, RE WD T SRR FIEAL R TRl 4
BT BB AT 4 B 8 B R 5 U (squeeze-and-
excitation, SE ) #% Bt A1 % PR B i3 & S B H (convolu-
tional block attention module, CBAM) , {#i J& A HLEEAS:
DN RS (o A B2 1 (] IR T 45 Rl 2 R R 4 o
Huang %5 A (2024) 203 B EDGS-YOLOvS #5 # gl
T Ghost £ #H, C3Ghost BB EMA {1 & J1 HL I , 78
JE 4 AR R B il LR Ak T/ B A A il fig g, 52
BT SR AR Y-, SRR T T
gk i 8% 55 N (2022) L A6 1Y CenterNet J7 5 A T 3K
GRS R T T4 DLAX28, 454 1 iE 1A
3 AW 2R 3 o v D I 4 T S R A
B AR A RN AR A, K@i 1
SR AHE LN R] , $2 4 1A To A HLAS ) A 552 g
P F %€ 7 i & . Zhang 5 A (2026) 42 H T Anti-
DETR , AR 255 4 Jr) 223838 11 5 7 AL 98 2 [
AL B HURE R R E RS S Mok Hiz s
(giga floating-point operations , GFLOPs ) fi*] [] B $i¢ T
/NEHFRFFIESEEEE T

2) RS L

X AT LA B E AN iR B ok R
FHRE SR HRCR  HARXT 3 T3, BB E TR
At Tian %5 A (2024) 38 53 H I 7 L&A 25 1) A
TN R, TR 5 22 RUBE R Ak 208 14 [v) B oA i i 2>
SO ST TC AHUR I A SE P . Wan 55
A (2025) 38 5 SCDown 42446 T SR AL A 1 M 25 8]
FEEfL 4, 7F quad-head 25 44 o 48 B YRR A 12 B
V2 AT S o4 BRI 8 18 0 R T AL, A 2080 i A 8
FKONFEERTE/IN H RGN BE . e dSSE A (2025) 18 i
K TR > 22 ROBE AL il 5 AR E T 73 AN IR T
B, 90 BT K BE AR B TOARTHE. , SEBB 2
BORFEMRE 0. 5M, FRSI© 4 A (2025) 3 iof T 2 4L

EBRL R 257 SRV e s S8R R
45 73%, W FE AR TG o ot B SE A (2025) 4
AR B AT 4385 4 FUR% T 22 7 (large separable kernel
attention, LSKA) , 2% & WloUv3 i 2< pREL , 76 75 Ak
/N EARAS I Sk 1 [ B S BR T A% 2 AR AR /N g />
65. 1%, # 7+ FPS & 126. 58 Wi/F . Ahmad % A
(2025) 42 H T VM-QCNN, fii i it F & FUZ B 4 i
GBI AR 24, WA & BIEGFER T
PG Ak 4 K -4 28 R 2 S R ) R 8, i iR
B ARG GE B (0 256 N AR S A D AT 55 3 T3
FRESERAL T B AT L ( B AR R —42,2026)

3)FEIERLA AL

R AT RRIE RS O A RS
DS HE e LR 7 2R e AR
FEAR A 2% B - TR A A REAE Al mT A sl 2 R R AR 4k
FE R Sk e A, DA dhE S AN B TR
ERRGIPUN =YL Se N R LAV R ) Ay e s i
P& MVRAE RS, DT TE CRARG B2 1 [a] ] IR 0 2%
TR, SRR il . Gao 5% A (2024) %
FH 85 5 AE fil A A5 R A1 P2head /N H ARG 0 3k 41 1k
FRIERL G 178, ZERE 58/ H R A8 7 04 [R1 A R A5
RISHRAR T 38. 4%, SCBL T 5% s AL AR ) -
Yang 55 A (2025) 35 7134 5% [ 36 N RFEAF 4 538 I 4%
HEAT U A R il 5 308 5 i /D A A <08 U2 ) 3 S
FEE B ALK NESR T 75%. Munir 28 A (2025) F]
H Scale-blended Feature Aggregation %31 1 JC S %4
SimAM Vi G AR AR IE Bl 32— A TR
TEREE B L], A AR S EL, VIR R Y
3D R BT (W RE 7, DA SR (1 5] ) £ BURR
TE TR KA T 4R 2 REER I 8 , I8 2
AL 8 G5 R AR 7T 55 R B 38Tt TR ALY &
Bett . Qin AT Li(2026) 2 H T DCAM-DETR , i 5 74
I B AR I R ) 5 A AR IR R A R A Y
[Fi] B AT 67 4H

11

R4 HMMEBRELHRHTELS

Table 4 - Summary of improvement methods for network lightweighting

Ak 518 W) 2% 1B A5 it SR (U EIUpNIN
K FH 2 [A) S A0 1
. s 3 R VA ) AT AR I A5
o E 5 € an, 4 . -
B TRkt DAGNet Fang %% A\ (2023) VIV £ 365 R b B 64.20 M
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Fasik
HeAL i 1m) 2% 1 BA AR i e Yien FERIA /N

SR B S
N SEREHLFI CBAM 7E 2% 7
YOLOX Wang 55 A (2022) WL 10 2 A e /> 0.93 M 3.85 MB

TS BRI

it e mEEEN
L 38 58 2 TR 47 5 Uk
Anti-DETR  Zhang%§ A (2026) 1, 7F 5. & FR K S8R 13.90 M -
5 GFLOPs (¥ [ it 42 T+
/N B FRRFE SR ERE

B4 T Ghost 1 .C3
YOLOv8  HuangZ: A (2024) GhostBiHLFI EMA 175 - 4.23 MB

FIbL
SIABEG S S iR
1k E T ™ % DLAX28,

S—CenterNet  5KHHESE A (2022) 45438 1 20 i S g, K - 8.3 MB
W /0 T 25500 A i 2
Fsf i)

i A o 2 A B S
Vi 3 0 il 5, A

YOLOv&n Tian % A\ (2024) R I 2 i 10 R - 3.72MB
KEE > SHRT B
i 1 SCDown 2 H AL T
ST R 2 el

YOLOV8 Wan %A (2025) FEA RG22 TR 17.9M -

A, 7E quad—head Z5 14

AR B R UZ
st HEFERZEER 20 ~ B

VM~QCNN  Ahmad % A (2025) VB L

. N i SR Ay 22 RUOBE 4

HACERSTER I A il ST 4300
YOLOv8n EANEE A (2025) TEVEE SIHLE, wE b A 0.5M 1.4MB

3 R AR T4

A

i E SR B,
YOLOvSn  fB&IT®4E A (2025) iiﬁﬁ%ggg;?ﬁ 0.46M 2.2MB

73%

£ B LSKA, 45 &
— o WloUv3 fiit 5k pREL, 75 s
YOLOvSn  fhICE % A (2025) I B AR 1 0.93M 2.2MB

B BIBR AR
SR JTHES FRAIE il A5 B H N
. e P2head /]y F AR 3k > B
YOLOvl1 Gao 75 A (2024) AL 2 3 B 9% 1.59M
FHERLS AL R SRR T 38.4%
HESEAEEEENSA
DCAM-DETR  QinfILi(2026) i i H¢HE Fil & 7E AR Fr ks 47.6 M -
JE B IR B R AR 5 £ 40
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P A5 RO 5 SRR = T8 A HUR A0 BR B 77 A 4R 1R

FasF

DLty 1 e P BA

DALt ZHid GEPNAN

YOLOv8s Yang % A (2025)

YOLOvS Munir % A (2025)

BEHHG5R 15 N RFAE 4

S I 2% R AT g i Ry

AE Rl 38 o s R A 2.4M 5.3MB
LB )2 0] By 1 220
BRI/ NEGET 75%
FIH] Scale=blended Fea-
ture Aggregation 1l
SimAM ZE G 2 B )
B A RRIE Rl S

81.2M -

3.2.3 PUBHRI

K TR0 L B S e 22 0 25 R AU A O IR A A
T, TC AL B AR IIAT: 55 (e 2 251G . AR AR
JEPRIE T, G2 B B R A £ 2 A JE AHLTE B1HE AR
H RN IR R X TR 25 55 B e i O IR AR ]
Rt — PR T A R HARRIEE R . AR
Ba A i ) EEOR AL BRA A ] il 25 e . T 55
ESE =R STFUDNGN 1 I it 3 2 RSN e ] S =
Baxf FOBE, JE5 1A S /N BARAILI) sh AR 5 1] je
IR RE P18 2 R U A ROE IR I (5 M LUK
FIANT B 2K (Qiu 45,2025 ) 5 501t 300G K i B I 7%
oy 1 R EAR R AN B AR A S EE B R R
PR , A B 25 R ATE BRI 5 ik m] AR 4 3= 22
IR AY, DA 55 7 AR AR UL PREE (7 8] 5 {1 2
PREE LA K i o' M s 3 A Ve BR B = A O AT 03
B A AR EIL S IR 5 s

1) 55 25 SR AR I B2 R B Aar il

TEFN 55 AV SRR W 261, & P ik
T4 55 B0 1MV A8 25 38 OG 2 U | 3 9l S JR) 4 3t
P4, I B JE ANLRYHE S SO N HAR—TF S0 L
e — 2558, R IR A0 3 2 I A T e S
RFENTE AL E B3 7 A 8508 R R SR
ARG I A A A XU, o X3k e (a8, Wu 56 A
(2025) 5 | ABE T E PR it AL I 205 e AL T
e, A DL 3 4 FH B 42 X 4% (Bayesian convolu-
tional neural network , BCNN ) H-i 1 52 % - 1% Drop-
out £ AN E PR &, %o Bk B R AT A, AT £
e I RE UL B2 25 1R JE AL B AR I B 8 € M o Liu
S5 N (2025) D) DA AG I 485 YA By AT, X YOLOVS
5% R B TE R L R T s, DAY SR B T |
= RO R A S 5 A PR P ) H AR AE SR IRE
5 000 T )P A A B s P DL

ORI RS R [ TR A TR o ) 4 R AE A
DAL 35 58 A5 0 X6 22 F BR 55 A8 b 11938 02 fig g, (A
LSV OE RN GTi R ERA ) SRt ) walll Bz N 8

2) 1] 551G B EE PR 58 T A v

TR ) K A1 FE i AR 1) =2 2 ) LA A 4801 B A B
AN R I B FE R A AR L B DL AT N
HLAT AL A5 Bk o XA BHE R K AR
TEHE B TC AL, T EA R i [RGB mT g W) 26 iR
T SR | DR AR T L' PRl 5 0 i e L R e Pk
2 HFRFIBIRAE . BEXTE 2 IR AR AR
(2024) 4 H PVNet, B 35 4 AHAIL ™ A= (10 Fic 8 A5y
LA 2 SR FH RO T Tl 2 D 24 U [
AT EFRE R I E S RS HURIXTRAE i
1T EIERINAL . FAFABHLRE S I 5 B AR A A Bk
135725 [0, 612 vk R A0 7 AR R A B & 3 2
0 1B A5 AL G WA LB A 3 AR S5 . 93— T
17, Liu % A (2025) B2t YOLOvS 5 el i i 2
ML 2 R B A1 5 2 26 IR AL T 1 E bR 3R
TERE T PRI T NI 25 & i e o 5 plUg o el Az
WA AN [ J2 T XK HE 2 T8 AL ARG S0 ) A8 ) fe e JE
B SR, FAEARNL T M L AR, i 2 TE 5
LB A0 PO % 14 IS Ty AT 2 2 S i 1 LB A2
IR E BAS R ITRR S

3) 5 i B 5 e 2 A B PR R A

SIS T 5 B R ARTR, 3ok % &
I R A R X IR R AR, i H ARER RS (S
PR R B J2 R 1 5o 5 ST MBI ST iU K
A Al RN A T U S R 1 N
(2025) 42 1 ANDD, 2R HH 73 £5 1 T 21 S = B A5 3k
HBCE bR PR S, 45 5 0 I i A0 25 18 ) 246 412 i
ZH R TIE/NGEE, DISGENS 4 6K

SR 5T Y TE AHUAS DN M BE 5 327 VA AT i IR 1
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Table S Summary of improvement methods for robustness against adverse weather conditions

o] 2 ZilIN At

W

A E R IAES, SRR
1% Dropout 4= A e P E
Petb sy Bk

BCNN Wu %5 A (2025)

YOLOvS Liu % A (2025)

R JH 43 #5 7 121 SN i 4R 8
18 258 D 4 i ) 28 188 o 2%
MR T D) Bl £ R

W% 2R ANDD  Fediidiss A (2025)

B AR R — 4
W28 3 20, R B i
SrEIR L IR T R A
BL A & AR AE

R AL G R PVNet RN (2024)

AR R RO RS TR R

M %5 4 R e
DLIERA

VEEA7ENN -
e T ST 5
THRTHIEA
P4

Sk Ot i B I
IR B A
1 Fi A2 2
FIF

B ARE AR

RGN JRE Wi AT

AR R

AL AR BLEE

BIE TR IRG ST Bir 5 sl X o4k,
AR LR A A R 28RN (2024) 42 H 1
PV Net WU 1 FH =5 44 AR BILEAT 155 20 25908 Bl A9 e 1, O
I = YRR A A UL I Rl B B 1T R AL, 2
TR R T B AR JE AL H bR RE ) H T 2
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Fig. 7 Deep learning-based UAV object tracking process
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Table 7 Summary of improvement methods for robustness enhancement
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Table 8 Summary of improvement methods for lightweight and real-time performance
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Table 9 Summary of improvement methods for long—term tracking and re—detection
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Table 10 Summary of improvement methods for long—term tracking and re—detection
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Fig. 8 Examples of UAV RGB image datasets
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Table 11 Summary of UAV RGB image datasets
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ICG-Drone 10,281 1920x1080% LU= 58 AT I 3540 Tello F450 ,QAV250  Xiao %5 A (2024)
UAVily 33,601  1280x720 Ik ilifh X AR IX  PbiE  FHEF A RS Lk 40+Fp Cheng %5 A (2024)
MMAUD 5014 2560x960 FLILE A ML MR 6 M FHIC AL Yuan 55 A (2024)
MMFW-UAV 147,417 3840x2160 £ 4 K fw &% 1270 [ 2 3T AL Liu%E A (2025)
UETT4K Anti-UAV 308,144 3840x2160 K78 HE5H MA S L 15 5 6 Fp STy Awan 5§ A (2025)

Drone—vs—Bird: https://github.com/wosdetc/challenge

DUT Anti—UAV: https://github.com/wangdongdut/DUT-Anti-UAV

LRDD: https://research.coe.drexel.edu/ece/imaple/long-range—drone—detection—dataset/
1CG—Drone: https://github.com/NTU-ICG/multidrone—detection—tracking

UAVfly: https://github.com/lucien22588/UA Vfly
MMAUD: https://ntu—aris.github.io/MMAUD

MMFW-UAV: https://www.scidb.cn/en/detail?dataSetld=edb443cfcfal42019499bb{d68542¢c9&version=V4
UETT4K Anti-UAV: https://github.com/mugheessarwarawan/UETT4k-Anti-UAV

TE 56 I B EE A R LS, AR 0 % 45 B
R RO REE LB S HEAT R ) LA, AN 3R 13
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T AR SRR AL A 48

1) /I BARAAE: 55

WF5E TC AN E ARSI, T He A% TR AR A e
B4 . AT IWOEES TS, LRDD % Tohg BRI i 55 13
/NEFRKGI , UETTAK Anti-UAV U SE{E 4K 43 3 2 H)
TR LT CERBMAA . AAMESTIST-A S
IRDST #2471 1 &2 72 15 = F MR E 90 HARke
A SRR APEAG B 3L 47 . DUT Anti-UAV Al
Drone-vs-Bird Il YE R & 248 5= 51816 HARAYE
FHAN TR HE

2) kS KRG EES

FERGE R 55T, 205 e 48 R A%
JECHRN ) A58 1 16 . IST-A IRDST ., SIDD J% Anti-
UAV (IR) 55 ¥ BEAT 80K B A5 U A AIK A DL B PR 58 T 1Y)
ERRE . AT IOGEIAR , AT BE AL B 4 KA S A Y
MMFW-UAV H1T4E . TR, HErhk e k=%
VA o Wb i 45 R R AT D B 4

3) RS AA TS

L B A BT 95 T AR O R R kB RO 4
MMAUD $ 4t T 85 56 £ 19 6] 25 Z2 B 808, S i iy
R OB IR . Drone Detection Dataset A1 Anti-
UAV 2245 T 5 AR BCA R D0 5621 -5 A5 B A
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Table 12 Summary of UAV IR image datasets

EUEITES Kkt R E782) FNGIKES HBA
AllSeqs 396 384x288 ZR IR - Wang 55 A(2019)
SIRST 427 - BT KA - Dai 45 A(2021)
SIDD 4,737 640x512 Wi RAs L R EZulut) SWNIE Yuan %5 A (2023)
IST-A 68311  288x384 EATT st WiH A2 AHY AHB 53 TEANL ETHIL Xu 45 A (2023)
IRDST 142,727 720x480 %;3; ﬁigj Iﬂf ﬁ}féﬁ : TN EFHHL . EAL Sun 55 A.(2023)
Anti-UAV I8/ 640x512 RS S 6 P ELS I ML Jiang 5 A.(2021)
USC Drone Dataset 104 1920x1080 N TRl BTN Wang 55 A.(2019)
Drone Detection 365145 320256 Fi 4L 3FMMETAML  Svanstrom A A (2021)

AllSeqs: https://github.com/wanghuanphd/MDvsFA_cGAN

SIRST: https://github.com/YimianDai/open—acm

SIDD: https://github.com/Dang—zy/SIDD

IST-A: https://github.com/SeaHifly/IST-A

IRDST: https://github.com/sun11999/RDIAN?tab=readme—-ov—file

Anti—UAV: https://github.com/ZhaoJ9014/Anti-UAV

USC Drone Dataset: https://github.com/chelicynly/A-Deep—Learning—Approach—to—Drone—Monitoring
Drone Detection: https://github.com/DroneDetectionThesis/Drone—detection—dataset

N T

(a)AllSeqs (L)SIRST®  (c)SIDD  (d)IST-A 5.2 FMIER
5.2.1 JTEANLHFREPEAHE bR
£ L O PEAL A B R B S A D0 RE T s T K 1 R (precision ) - 7 5 A5 780 T30 Ay 1F 451 1Y B

ICG-Drone 8 £ T WA E IS BT L BRI A B 1L B 0, R o Frindie b i
BEUFIE. IRDST (ST W IRE S R B Aty
SRR 4% e

Precision = ———— (2)

TP + FP
K. TPy EAEG s FP A BOER]
B IR (recall ) A AR A E AP0 H 0 TE41) 5

(e)IRDST (f)Anti-UAV (g)USC Drone Dataset (h)Drone Detection( (a) AllSeqs; (b) SIRST; (¢) SIDD;(d) IST-A; (e) IRDST; (1)
Anti-UAV; (g) USC Drone Dataset; (h) Drone Detection)
P19 JEABLIR FEHGHEHE 4 7 )
Fig. 9 Examples of UAV IR image datasets
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Table 13 Comparison of advantages and disadvantages of UAV datasets
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Fig. 10 Confusion matrix

Fo=2x Precision X Recall (4)

Precision + Recall
A2 It He (Intersection over Union, IoU) : TN HE 5
FLSCHERY H & B, 0 T 00 T 55 Th PR IR 3R Gt
B, WP 11 TR

FEmR

TIoU=

B 2 os R
Fig. 11 IToU diagram

S H478 BE (average precision, AP) » J& T4 i K -
A A2 T BT AR S R R AR R A
B T ZRaTERE . W RS RALE : AP50: ToU I {H
Oh 0. 5 I RSP 2H I I T S A SE L 2K o APSO:
95:ToU [{E M 0. 5 F1] 0. 95 4 F F5HE | 17 7™ 4% i 1
A 8 LHERA M
S KS B Y {H (mean average precision, mAP) :
JEFTA I AP R BIE . RS NAS S, W 2
W
1 N
mAP=NZ‘i=1APi (5)

5.2.2 AL HARERES I b5
BRI (success ) : TEALII T A it v, Fi 0 © A
1 FHE 5 LSRR T 2 FAE 1) ToU i 2 15 2 1L 1) it
JIr o A8 ToU A £ 101 JU A 5 5 S AE (%) o 5 2 B
5 (38 %15 0. 5, B TOU>0.5 isf A1k B Zh B 52, 31
SRS/l
Success = ]11425(10[]’ >T,) (6)

s MR AU 5 ToU, 2 55 ¢ T A% T D AE 5 L
SCHERY IoUME 5 T, /2 BI{E GEH 8 0.5) ;8 T8 /R 1R

B, SR R HE S 1, A 0,

£k i FR (area under the curve , AUC) : 278 i}
AT BT AR, T 255 i B A AR A ] T
B E T RITERE . BRI ZRZ ] T ToU R T 45 %
VS (L 74 T T 3 L, AUC B8R 7, 3% WD R B 4 AR P
AERASAE , AN
s MO 5 N5 A7 51 IR Lo U,
2 TN AE 5 B S AE Y 5 S R o B T2 FE R
PR

S 38 3F b (mean intersection over union,
mloU) : FR7x V- SRG 8 b5 , T IPA R ERAE 5
FLCHE R P2 B S AR T )i T I B 3 55
Hor BAR ] BRI 2 sl g, A2

mloU = sz(IoU, +8(0,> 0)+ p,(1-8(v,>0)))

t

(8)

SO TR WU ToU, 26 o it 19 B2 280 50, 2 L0 T]
DUEAR R 5 p S TUMARE 56 () R 7 BREL, 251l ar
BB 1, MR 0,
5.3 REMFXMEEITMH
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B e 76 B A3 Il R 2 R BUAS T R4 F
YOLOv11+CAA+PA-Net LA 0. 974 [ 4% 5t 5K 45 ¢ , i
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Table 14 Performance evaluation of representative UAV object detection methods on the DUT Anti-UAV dataset

Ti i ZilYN Precision Recall ~ Fl-score  mAP;,

YOLOv7-GS Bo C% A (2024) 0.968 0.903 0.934 0.932

EDGS-YOLOvS Huang M 45 A (2024) 0.970 0.935 0.952 0.971

L-YOLO-AUAV Gao Y % A\ (2024) 0.969 0.898 0.932 0.952
YOLOv11+CAA+PA-Ne M HE %A (2025) 0.974 0.925 0.949 0.963
YOLO-G-KCF Zhao ] % A\ (2022) 0.953 0.952 0.952 0.942

LA-YOLO Ma J %5 A(2024) 0.944 0.867 0.904 0.929

DACG-Net Li W4 A (2025) 0.963 0.851 0.904 0.928

YOLOv6 LERFNet Elsayed M 55 A (2025) 0.958 0.912 0.934 0.935
QHNet Wan Q4 A (2025) 0.941 0.854 0.895 0.891
ESMS-YOLOv7 Wei Y 45 A (2025) 0.957 0.850 0.900 0.909

T VL A BT LML

2)JE AL H bR B

Wt AUC , Precision .mlIoU Fl FPS & WAEH 15 bk
TEAR T 10 Fh JE AL B A BR AR 7 5 7E Anti-
UAV 248 48 b 09 B B PR BE , 45 R an 3k 15 Fw .
SCAR-T 7 7% Wi 4 br b ¥4 3¢ B 5158, H 0. 789 1Y

AUC. 0. 985 [fJ Precision+, 0. 812 ] mloU & 63FPS
LiG st SO Y BT RO R M RE o 4T Y
Tk BEBEHE A OSGT 5 SiamFusion 76 R B2 K B
- RIRE I EECF BUFEAS B L WA Z 0, J1 1A
86. 3FPS [ B R B 1 22 ) A SE I Ab B T

F15 AN BIREBERRRMESEE Anti-UAV #iE&E ML

Table 15 Performance evaluation of representative UAV object tracking methods on the Anti—-UAYV dataset

i EiliN AUC Precision mloU FPS
STFTrack Xie X % A (2023) 0.666 0.912 0.677 12.4
MAMC Xu B4F A (2024) 0.690 0.810 0.650 35
SCAR-T Yu Q% A (2025) 0.789 0.985 0.812 63
SiamSTA Huang B % A (2021) 0.729 0.969 0.673 -
FocusTrack Wang Y 55 A (2025) 0.677 0.689 0.440 -
0SGT Feng Z 55 N (2025) 0.764 0.979 - 27.3
SiamFusion Zhang 7% \.(2023) 0.734 0.977 - 14
MCJT Zhang ] %5 A (2025) 0.699 0.914 0.696 44
MACTrack Xu W4 A (2026) 0.620 0.889 0.679 19
EECF Wu T4 A (2024) 0.601 0.882 - 86.3

T L A BT IR A (E

HE— A WG AT UL, BB 1 B B DL AR AE 75 247
5K BE 22 1A AU - B AT MAMC 5 MCJT 76 PR £
B AUC Y[R S 3 1 g e it A B J3E T 35 0o
KT 1240 SiamSTA WA B Rt . e SE PR
PR, ok B R AR P 5 5 B R e AT 5 AR e

% [ SCAR-T 85 25 5 PR RE SR 1) 7 1% 5 76 75 2 g 3 1
IO (1) W ¥ 3 P, EECF 5 MAMC 45 5 i % Jy 32 7T
RETE A o X 22 S S AN TR I 3 S0 ik
BEPRALT IR
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