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Low-altitude Target Dataset and Multifeature Recognition Method
Based on Holographic Staring Radar

TIAN Biao CHEN Junyan* WAN Yanyu HUANG Shilin
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Guangdong 518107, China)

Abstract: The threat from low-altitude targets to airspace security such as airport is increasing, making
accurate detection and recognition essential for radar systems. High-quality measured radar datasets are crucial
for advancing low-altitude target recognition. However, most existing public radar datasets for these targets
consist of simulation data or short-range collected data, which have difficulty accurately reflecting and verifying
radar target recognition performance in long-range scenarios. To overcome these limitations, this study creates
a low-altitude target detection and recognition dataset based on holographic staring radar, including measured
data collection and recognition validation for typical low-altitude targets in outdoor environments. The dataset

includes common targets such as multirotor unmanned aerial vehicles, sparrows, and large migratory birds,
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along with representative motion scenarios like hovering, circling, and radial flight. It also offers synchronized

target micro-Doppler waterfall plots and radar-measured track information (including azimuth and elevation

angles, radial velocity, and normalized signal-to-noise ratio), providing a data foundation for exploring the

intrinsic link between target detailed features and motion states. Building on this, a multimodal adaptive

feature fusion network is developed to extract and combine Doppler and kinematic features from different

targets, demonstrating the dataset’s effectiveness in distinguishing various low-altitude targets.

Key words: Holographic Staring Radar (HSR); Low-altitude target; Doppler spectrogram; Dataset; Deep

learning; Target recognition
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Fig. 1 System architecture of the holographic staring radar

prototype and its display and control interface
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Fig. 7 Architecture of the multi-modal adaptive feature fusion network
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Tab. 5 Recall and ACC of each visual model and temporal model on the LSS-HSR-L dataset (%)

BVEAL R RC-UAV1 RC-UAV2 RC-UAV3 RC-UAV4 RC-Bird RC-Birds RC-WingBird RC-Rotate RC-Car ACC
ConvNet® 69.6 76.2 64.1 65.4 13.8 57.1 30.5 96.0 59.5  59.1
CSPNet ! 86.2 84.6 86.1 85.4 97.4 88.4 83.4 99.1 91.9 89.2
DenseNet/?) 86.6 87.3 88.3 78.7 96.1 93.3 79.8 98.3 96.2 89.4

EfficientnetV1®)  63.2 74.8 68.8 75.7 86.1 67.7 49.3 90.0 70.6  71.8

EfficientnetV2P!  75.7 86.7 83.4 82.5 96.8 76.8 64.8 99.3 74.5 823

GhostNet™! 79.2 86.3 80.5 85.5 96.6 81.5 62.5 99.0 83.3 83.8
HRNetP! 84.0 89.4 85.4 84.4 94.9 77.5 73.3 99.6 80.4 85.4
PP-LCNet 55.3 66.4 67.6 69.6 88.2 41.3 45.8 88.8 56.7  64.4
BT (Timm ]

MobileNetV3®!  78.6 80.7 81.2 74.6 94.1 80.5 56.3 98.2 74.6  79.9
RegNet?! 79.2 82.9 80.8 81.3 94.7 83.9 84.5 99.4 70.9 842
Res2Net ! 85.0 87.3 85.7 85.1 96.8 93.4 88.7 99.0 86.8  89.8
Resnet 1854 79.1 79.2 80.2 84.2 97.7 80.4 90.4 98.4 88.4 86.4
Resnet345 81.5 83.3 79.6 85.8 96.6 80.3 88.6 99.0 90.8 87.3
Resnet508 79.3 86.0 82.9 86.1 95.2 86.8 80.4 99.2 89.7 87.3
TinyNet?7 73.1 80.5 79.6 80.4 95.8 70.8 46.9 96.2 7.2 77.2

VGG 88.3 87.6 80.0 87.3 84.1 48.1 37.8 97.9 84.6 773
FCNB 76.3 85.4 79.3 63.0 79.5 37.9 31.8 98.6 94.5 T1.8
gMLPH 77.0 86.2 80.9 60.5 31.3 26.8 95.4 99.1 86.4 715
GRU_FCNMI 82.8 87.9 84.5 65.7 85.4 32.5 37.8 98.9 93.0 743
InceptionTimeM?  80.5 87.4 84.7 79.9 76.4 32.5 42.7 99.3 95.2  75.4
LSTM-FCNI 81.4 87.1 83.9 69.7 72.8 38.6 42.7 98.9 94.3  74.4
MiniRocket!*! 81.5 80.1 77.1 80.7 84.1 46.9 31.1 97.1 88.9 742
OmniScale!*! 79.7 88.3 85.8 76.9 89.3 34.6 34.9 99.8 92,9 758
WA (tsai)  PatchTSTH 16.9 47.1 50.8 29.0 47.8 27.0 60.6 83.9 96.9 51.1
ResCNN 85.6 87.7 80.4 72.8 89.8 34.1 41.4 99.5 92.3  76.0
ResNet ! 79.8 87.8 86.2 73.1 85.3 41.6 37.5 98.9 93.0 76.0
Rocket!*! 69.2 29.0 48.5 58.9 38.5 19.9 63.6 93.3 84.4  56.1

TSPerceiver™  62.7 73.4 63.7 66.1 70.2 20.6 36.0 98.5 94.6  65.1

TSSequencer™  63.1 74.3 69.6 64.0 70.1 22.9 40.8 99.6 92.2  66.3

XceptionTimeP!  86.1 90.6 84.1 79.8 86.8 46.1 44.8 99.0 95.0 79.1

XCMP 82.2 84.6 64.7 39.4 75.5 23.6 46.6 99.8 91.0 675

T BRSPS R AR .
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Tab. 6 Comparison of Recall and ACC for each target under different fusion strategies

HELFR RC-UAV1 RC-UAV2 RC-UAV3 RC-UAV4 RC-Bird RC-Birds RC-WingBird RC-Rotate RC-Car ACC
RIZIRREE 7.7 86.6 72.9 73.1 93.6 68.5 89.5 97.7 96.4  84.0
2 RS 91.7 86.5 80.4 76.8 92.8 715 88.4 99.7 96.1  87.1
WE RS 93.9 86.3 84.7 86.8 91.0 75.2 93.1 99.7 96.8  89.7
LS HE AT A 4 93.0 83.6 92.1 88.8 92.4 86.4 85.6 99.6 952 90.7
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Tab. 7 Ablation experiments on the impact of different feature-level combinations on recognition performance
BT E41 JZ4%2 =52 BRI (%) PERE TR (%)
1 N v 90.74 -
2 v - 89.86 0.88
3 v v 90.45 0.29
4 v - v 90.03 0.71
5 - v v 89.79 0.95

5.4 SERRARGEPELWIE

N AT Y6 AR ST 3 T VEAE FL SIS 31
PERE SARAENE, ACBIBNT-20254E5 H 72 4 1l KA %
DIRE DX SE T IR B S A B il . B IR B
TRLE BT, BEH S 2920 mo 50 7E G B RS
TR, RGESLENETF BT VN, L
PSR B A T R Pl B2 T
R Gz A7 W8] ) 2 S 5 5 S R ) ROR AT AL AL
K, Bt BinFIAAE. NEITATR, #ik
PROYVE B o 7 R SR . BB AR AR L AR5 2 Akt
B, RN 5 5 R 2 AR R 55 SIEM, Wi
PR IS B F RS A R R SRR 2 A AR T
TR B

B IHTEIEN S, Rgticird b A
] G 2 I B R RE L2 AN E b, TSR
HARE 5 8= 5E 4 IS AR s . it Gkt I S m] 35
7 B RS T i RGEVERE, AT BT W 7T
IANE T AN E 8255 H b R0E HAREUIET%
BB G HARGE — Ay “ HoAth(Other)”
&K AT RADDFHCAS AR K H AR 51 57T

AR YRS FR 2B R P B AR I BE G T AR 8
Fizs e RG0S TE AN (R PRl JTE AHLRL 5 D K 58
Air3) HFr R I AR E IR RE J1, 7 T RHIE

RBGRA A5
PR FI RS RECR I — Bk

11 RAGEEAT A ) 23803 45 S IR )RR rT AL 1

Fig. 11 Visualization of real-time recognition effect of the

— BERA TP

holographic staring radar

% 8 2 BB E AL IERRIER(%)
Tab. 8 Recognition performance of HSR in real deployment(%)

ESIEAS TER I 2 PR
EES 92.6 9.1
FNIES 100 13.3
RIES 75 0

FEA EHUAT T 100% M IERIZ . 456 BT AL
S5IR, Sy (I vh s G I ) FE AR e v K b



16 W5 4R (1 3530

H15%

itk b=, Bz HshE L Hissht 2
RAERE R, MBS . AR AR DL B B AR
fEMR LR fELLZRAE T, RGN BB RRIE
BRI I8 5192.6%, HII%MRRE EERA T
DRGNS, HESAHARSER
A B T 2 M A 1R S AT AR B A R 8 e R
NEGRHAPRR SR T “HAb” KBER, &R
GUET IR A EIS T TS %R IERR IR, HoR
BB RGN “HAh” (AR IEHIAR T 58
B AN S, SRR R 0%
AR AR, IZE R BRI SR S RN
“CHAR” R EORKIRG], FEA R HLI
S ) A R R H AR AT R AR . BRI
RS RAERN], RE SEHIT AR T EAE L
SR B 55 H AR LR 1 A UL e R A
ORI G 45 R AT EVE, Pkl RGRE®
FEIESETE NAE SIS AT 26 T ORI RLLT 1 H AR X 73 fiE
115 TR

6 5B

AL ] G0 73 028 R 25 A TR 1) BRI A R
BT H E ] L B4 B A 1A 58 B AL 4 37
B RAE, AT 1T AR H 2 R 2 T S AcHE
#ELSS-HSR-L. 7EiZfEE . KBS 8 LAk 2%
PR BRI H bR a5 s, IR S
% M B R AT B AR B (R S I (BEES .
i B A, H—SNR), K “HEE-Mi
7 — RN R B T AR MR E S
9K HIR(ARBIRRUAV. 3KEHK, ek 5 %
). fEEEAESCER Y, DLZ R B AN AL
o A R HEARAR T LA IZE R N RIS A, B8 E T
2 0 WA A T R R B 0, T DL« 2 )
BAT B 1 2R B & M A 2R TR
AVERE, R 2 5iEsh = s B I AME S P
5. DL g5 REEH, LSS-HSR-LEEfE %) it ff
B ESLSE, X ReRe i SO 2 AR ALY
Rl R RexS b, A RCHER S H AR A
BRI .

M3%

LSS-HSR-L: 4= S B IAMK 2 B AR50
BHREMRFE CRIEZXARY B Wk kA, B ik
R R BRI AR B bR BRI A s
27, Wk, ek TR

TS Fir A 12 2 75 AN AE A 2 0 5%

Conflict of Interests The authors declare that there is no

conflict of interests
5 £ X W

(1] EF, B, X, % ZBEREANI RS S HA]. +

R} 2364, 2026, 40(1): 73-84. doi: 10.3724/BNSFC-2025-
0024.
WANG Dong, ZHAO Jie, LIU Yang, et al. Multimodal anti-
UAV detection system and technology[J]. Bulletin of
National Natural Science Foundation of China, 2026, 40(1):
73-84. doi: 10.3724/BNSFC-2025-0024.

(2] ik, KU, SKARTT, A5 RATVISIRS H AR RS

WEAFIN [T o6 5404, 2025, 55(11): 1776-1781. doi: 10
3969/j.issn.1001-5078.2025.11.018.
TANG Jie, ZHANG Mingming, ZHANG Dongfang, et al.
Research and application of low altitude target photoelectric
detection system in civil aviation airport[J]. Laser &
Infrared, 2025, 55(11): 1776-1781. doi: 10.3969/j.issn.1001-
5078.2025.11.018.

[3] NILSSON C, LA SORTE F A, DOKTER A, et al. Bird
strikes at commercial airports explained by citizen science
and weather radar data[J]. Journal of Applied Ecology,
2021, 58(10): 2029-2039. doi: 10.1111/1365-2664.13971.

[4] BRI, BRefEsk, BRI, 55 TR IARE HARRI S Biva: B3R

Ry, hERFIES, 2026, 40(1): 48-64. doi: 10.3724/
BNSFC-2025.07.25.0005.
CHEN Xiaolong, CHEN Weishi, CHEN Siwei, et al. Radar
low altitude target detection and prevention: Progress and
prospects[J]. Bulletin of National Natural Science
Foundation of China, 2026, 40(1): 48-64. doi: 10.3724/
BNSFC-2025.07.25.0005.

[6)  VARNOUSFADERANI E S and SHIHAB S A M. Bird
strikes in aviation: A systematic review for informing future
directions[J]. Aerospace Science and Technology, 2025, 163:
110303. doi: 10.1016/j.ast.2025.110303.

(6]  VFIEM, SkEM. TIRRE/N BRI HR SRR [T]. BRI
FiAR, 2018, 46(1): 148-155. doi: 10.3969/j.issn.1009-086x.
2018.01.024.

XU Daoming and ZHANG Hongwei. Overview of radar LSS
target detection technology[J]. Modern Defence Technology,
2018, 46(1): 148-155. doi: 10.3969/j.issn.1009-086x.2018.01.024.

(7] JEJEVE, FEARME, WHERK. “ACEN 7 BANURIINEL). /%

BHlEHE, 2020, 42(2): 128-135. doi: 10.3969/j.issn.1673-
3819.2020.02.024.
QU Xutao, ZHUANG Dongye, and XIE Haibin. Detection
methods for low-slow-small (LSS) UAV[J]. Command
Control & Simulation, 2020, 42(2): 128-135. doi: 10.3969/j.
issn.1673-3819.2020.02.024.

(8] BRI, BRMESE, BEnHE, & RS S RANLH BRI SR
MBARE S JEEE[T]. THIEZEIR, 2020, 9(5): 803-827. doi: 10
12000/JR20068.


https://doi.org/10.3724/BNSFC-2025-0024
https://doi.org/10.3724/BNSFC-2025-0024
https://doi.org/10.3724/BNSFC-2025-0024
https://doi.org/10.3724/BNSFC-2025-0024
https://doi.org/10.3724/BNSFC-2025-0024
https://doi.org/10.3724/BNSFC-2025-0024
https://doi.org/10.3724/BNSFC-2025-0024
https://doi.org/10.3724/BNSFC-2025-0024
https://doi.org/10.3724/BNSFC-2025-0024
https://doi.org/10.3724/BNSFC-2025-0024
https://doi.org/10.3969/j.issn.1001-5078.2025.11.018
https://doi.org/10.3969/j.issn.1001-5078.2025.11.018
https://doi.org/10.3969/j.issn.1001-5078.2025.11.018
https://doi.org/10.3969/j.issn.1001-5078.2025.11.018
https://doi.org/10.3969/j.issn.1001-5078.2025.11.018
https://doi.org/10.3969/j.issn.1001-5078.2025.11.018
https://doi.org/10.3969/j.issn.1001-5078.2025.11.018
https://doi.org/10.1111/1365-2664.13971
https://doi.org/10.1111/1365-2664.13971
https://doi.org/10.1111/1365-2664.13971
https://doi.org/10.3724/BNSFC-2025.07.25.0005
https://doi.org/10.3724/BNSFC-2025.07.25.0005
https://doi.org/10.3724/BNSFC-2025.07.25.0005
https://doi.org/10.3724/BNSFC-2025.07.25.0005
https://doi.org/10.3724/BNSFC-2025.07.25.0005
https://doi.org/10.3724/BNSFC-2025.07.25.0005
https://doi.org/10.3724/BNSFC-2025.07.25.0005
https://doi.org/10.3724/BNSFC-2025.07.25.0005
https://doi.org/10.1016/j.ast.2025.110303
https://doi.org/10.3969/j.issn.1009-086x.2018.01.024
https://doi.org/10.3969/j.issn.1009-086x.2018.01.024
https://doi.org/10.3969/j.issn.1009-086x.2018.01.024
https://doi.org/10.3969/j.issn.1009-086x.2018.01.024
https://doi.org/10.3969/j.issn.1009-086x.2018.01.024
https://doi.org/10.3969/j.issn.1009-086x.2018.01.024
https://doi.org/10.3969/j.issn.1009-086x.2018.01.024
https://doi.org/10.3969/j.issn.1673-3819.2020.02.024
https://doi.org/10.3969/j.issn.1673-3819.2020.02.024
https://doi.org/10.3969/j.issn.1673-3819.2020.02.024
https://doi.org/10.3969/j.issn.1673-3819.2020.02.024
https://doi.org/10.3969/j.issn.1673-3819.2020.02.024
https://doi.org/10.3969/j.issn.1673-3819.2020.02.024
https://doi.org/10.3969/j.issn.1673-3819.2020.02.024
https://doi.org/10.12000/JR20068
https://doi.org/10.12000/JR20068

Fx

H %%

S LB R T AR R PRI B B K 2 RS AR TR 7 1 17

(9]

(10]

(11]

(12]

(13]

(14]

(15]

[16]

(17]

CHEN Xiaolong, CHEN Weishi, RAO Yunhua, et al.
Progress and prospects of radar target detection and
recognition technology for flying birds and unmanned aerial
vehicles[J]. Journal of Radars, 2020, 9(5): 803-827. doi: 10.
12000/JR20068.

W, KA, B, 4. BRI IS RGEEOR S KRNI ZRE[T).
HIER, 2023, 12(2): 389-411. doi: 10.12000/JR22153.
GUO Rui, ZHANG Yue, TIAN Biao, et al. Review of the
technology, development and applications of holographic
staring radar[J]. Journal of Radars, 2023, 12(2): 389-411.
doi: 10.12000/JR22153.

GRIFFITHS D, JAHANGIR M, KANNANTHARA J, et al.
Fully digital, urban networked staring radar: Simulation
and experimentation[J]. IET Radar, Sonar & Navigation,
2024, 18(5): 657-673. doi: 10.1049/rsn2.12499.

JLF, o4, ZEXbk, 4. FE TR IEE XIS SR T AL
B S HARMATFE[I]. B 2R (T IE0), #7 AR, 2026. DOI:
10.12000/JR25164.

ZHOU Hongping, LI Rui, LI Liulin, et al. Micromotions
parameter extraction of birds and rotary-wing unmanned
aerial vehicles based on vortex radar[J]. Journal of Radars,
in press. 2026. DOI: 10.12000/JR25164.

BENNETT C, JAHANGIR M, FIORANELLI F, et al. Use
of symmetrical peak extraction in drone micro-Doppler
classification for staring radar[C|. 2020 IEEE Radar
Conference (RadarConf20), Florence, Italy, 2020: 1-6. DOIL:
10.1109/RadarConf2043947.2020.9266702.

WK, HPEE. T IS I R AE RS AU RER A [J].
FIEFHESH AR, 2025, 23(6): 692-699. doi: 10.3969/j.issn.
1672-2337.2025.06.011.

ZHANG Jun and TIAN Xilan. UAV swarm identification
based on radar micro-doppler features[J]. Radar Science and
Technology, 2025, 23(6): 692-699. doi: 10.3969/j.issn.1672-
2337.2025.06.011.

KIM K, UNEY M, and MULGREW B. Coherent track-
before-detect with micro-Doppler signature estimation in
array radars[J]. IET Radar, Sonar & Navigation, 2020,
14(4): 572-585. doi: 10.1049/iet-rsn.2019.0319.

LIU Jia, XU Qunyu, and CHEN Weishi. Classification of
bird and drone targets based on motion characteristics and
random forest model using surveillance radar data[J]. IEEE
Access, 2021, 9: 160135-160144. doi: 10.1109/ACCESS.
2021.3130231.

DAI Ting, XU Shiyou, TIAN Biao, et al. Extraction of
micro-doppler feature using LMD algorithm combined
supplement feature for UAVs and birds classification[J].
Remote Sensing, 2022, 14(9): 2196. doi: 10.3390/rs14092196.
JEE SR, FET R S MTD-FE S R & B B R IR ).
RHEFARAIHT, 2026(4): 70-74. doi: 10.3969/j.issn.2096-4390.

(18]

(19]

(20]

(21]

22]

(23]

2026.04.019.

TANG Shiyao. Low-altitude target recognition based on
fusion of point tracks and MTD-range images[J]. Scientific
and Technological Innovation, 2026(4): 70-74. doi: 10.3969/
j.1ss1.2096-4390.2026.04.019.

JIANG Wen, LIU Zhen, WANG Yanping, et al. Realizing
small UAV targets recognition via multi-dimensional feature
fusion of high-resolution radar[J]. Remote Sensing, 2024,
16(15): 2710. doi: 10.3390/rs16152710.

FrA e, RiE, ALmetk, . 2P BIFMCW & B RN R ¥
PE4E (LSS-FMCWR-1.0) K = 73 B R AE SR BT 5[] T s
S (PR, 2024, 13(3): 539-553. doi: 10.12000/JR23142.

CHEN Xiaolong, YUAN Wang, DU Xiaolin, et al.
Multiband FMCW radar LSS-target detection dataset (LSS-
FMCWR-1.0) and high-resolution micromotion feature
extraction method[J]. Journal of Radars, 2024, 13(3):
539-553. doi: 10.12000/JR23142.

MRANTE, GREERK, SR8, 55, BBl Ik RN N R 4= (LS S-
PR-1.0) & Z S AE SR ORI 23 B 77 vk [J]. w22 i (P9 0),
2025, 14(2): 249-268. doi: 10.12000/JR24145.

CHEN Xiaolong, RAO Guilin, GUAN Jian, et al. Passive
radar low slow small detection dataset (LSS-PR-1.0) and
multi-domain feature extraction and analysis methods[J].
Journal of Radars, 2025, 14(2): 249-268. doi: 10.12000/
JR24145.

MRANIE, 3RIE, FLBEAR, 5. 2R L A EFMCW S A I fE /)
PR B IR (LSS-FMCWR-2.0) K RFHERl A 53 20714 [T]. Fik
SR (R IE), 2025, 14(5): 1276-1293. doi: 10.12000/
JR25004.

CHEN Xiaolong, YUAN Wang, DU Xiaolin, et al. Multi-
band multi-angle FMCW radar low-slow-small target
detection dataset (LSS-FMCWR-2.0) and feature fusion
classification methods[J]. Journal of Radars, 2025, 14(5):
1276-1293. doi: 10.12000/JR25004.

IR, IRAEE, BRMESE. AN E XL IS S RFE I 45
FRITE]. RGETRSHRFHOR, 2023, 45(10): 3122-3131.
doi: 10.12305/j.issn.1001-506X.2023.10.16.

LIU Jia, XU Qunyu, and CHEN Weishi. Motion feature
extraction and ensembled classification method based on
radar tracks for drones[J]. Systems Engineering and
Electronics, 2023, 45(10): 3122-3131. doi: 10.12305/j.issn.
1001-506X.2023.10.16.

Wrifes, XIEE, B, 5. B TEsE RIS FEEE AN
HARIRBI[I]. AEHH AR K244k, 2019, 45(4): 687-694.
doi: 10.13700/j.bh.1001-5965.2018.0447.

CHEN Weishi, LIU Jia, CHEN Xiaolong, et al. Non-
cooperative UAV target recognition in low-altitude airspace
based on motion model[J]. Journal of Beijing University of

Aeronautics and Astronautics, 2019, 45(4): 687-694. doi: 10.


https://doi.org/10.12000/JR20068
https://doi.org/10.12000/JR20068
https://doi.org/10.12000/JR22153
https://doi.org/10.12000/JR22153
https://doi.org/10.1049/rsn2.12499
https://doi.org/10.12000/JR25164
https://doi.org/10.12000/JR25164
https://doi.org/10.1109/RadarConf2043947.2020.9266702
https://doi.org/10.3969/j.issn.1672-2337.2025.06.011
https://doi.org/10.3969/j.issn.1672-2337.2025.06.011
https://doi.org/10.3969/j.issn.1672-2337.2025.06.011
https://doi.org/10.3969/j.issn.1672-2337.2025.06.011
https://doi.org/10.3969/j.issn.1672-2337.2025.06.011
https://doi.org/10.3969/j.issn.1672-2337.2025.06.011
https://doi.org/10.3969/j.issn.1672-2337.2025.06.011
https://doi.org/10.1049/iet-rsn.2019.0319
https://doi.org/10.1049/iet-rsn.2019.0319
https://doi.org/10.1049/iet-rsn.2019.0319
https://doi.org/10.1109/ACCESS.2021.3130231
https://doi.org/10.1109/ACCESS.2021.3130231
https://doi.org/10.3390/rs14092196
https://doi.org/10.3969/j.issn.2096-4390.2026.04.019
https://doi.org/10.3969/j.issn.2096-4390.2026.04.019
https://doi.org/10.3969/j.issn.2096-4390.2026.04.019
https://doi.org/10.3969/j.issn.2096-4390.2026.04.019
https://doi.org/10.3969/j.issn.2096-4390.2026.04.019
https://doi.org/10.3969/j.issn.2096-4390.2026.04.019
https://doi.org/10.3969/j.issn.2096-4390.2026.04.019
https://doi.org/10.3969/j.issn.2096-4390.2026.04.019
https://doi.org/10.3390/rs16152710
https://doi.org/10.12000/JR23142
https://doi.org/10.12000/JR23142
https://doi.org/10.12000/JR24145
https://doi.org/10.12000/JR24145
https://doi.org/10.12000/JR24145
https://doi.org/10.12000/JR25004
https://doi.org/10.12000/JR25004
https://doi.org/10.12000/JR25004
https://doi.org/10.12305/j.issn.1001-506X.2023.10.16
https://doi.org/10.12305/j.issn.1001-506X.2023.10.16
https://doi.org/10.12305/j.issn.1001-506X.2023.10.16
https://doi.org/10.12305/j.issn.1001-506X.2023.10.16
https://doi.org/10.12305/j.issn.1001-506X.2023.10.16
https://doi.org/10.12305/j.issn.1001-506X.2023.10.16
https://doi.org/10.12305/j.issn.1001-506X.2023.10.16
https://doi.org/10.13700/j.bh.1001-5965.2018.0447
https://doi.org/10.13700/j.bh.1001-5965.2018.0447
https://doi.org/10.13700/j.bh.1001-5965.2018.0447
https://doi.org/10.13700/j.bh.1001-5965.2018.0447

18

H15%

24]

[26]

(27]

28]

29]

30]

(31

(32]

33]

(34]

13700/j.bh.1001-5965.2018.0447.

XU, F0EG, EAEME, S AR A H AR R LR 2 MIDO A
O[] RIEER (P IESC), fFHIR. doi: 10.12000/
JR25173.

LIU Qi, GUO Rui, WANG lJiajia, et al. A high-accuracy
beamspace DOA estimation method for low-elevation angle
targets[J/OL]. Journal of Radars, in press. doi: 10.12000/
JR25173.

LIU Zhuang, MAO Hanzi, WU Chaoyuan, et al. A ConvNet
for the 2020s[C]. 2022 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), New Orleans,
USA, 2022: 11966-11976. DOI: 10.1109/CVPR52688.
2022.01167.

WANG CY,LIAOH Y M, WU Y H, et al. CSPNet: A new
backbone that can enhance learning capability of CNNJ[C].
2020 IEEE/CVF Conference on Computer Vision and
Pattern Recognition Workshops (CVPRW), Seattle, USA,
2020: 1571-1580. DOI: 10.1109/CVPRW50498.2020.00203.
HUANG Gao, LIU Zhuang, VAN DER MAATEN L, et al
Densely connected convolutional networks[C]. 2017 IEEE
Conference on Computer Vision and Pattern Recognition
(CVPR), Honolulu, USA, 2017: 2261-2269. DOL: 10.1109/
CVPR.2017.243.

TAN Mingxing and LE Q V. EfficientNet: Rethinking
model scaling for convolutional neural networks[C]. The
36th International Conference on Machine Learning, Long
Beach, USA, 2019: 6105-6114.

TAN Mingxing and LE Q V. EfficientNetV2: Smaller
models and faster training[C]. The 38th International
Conference on Machine Learning, Online, 2021:
10096-10106.

HAN Kai, WANG Yunhe, TIAN Qi, et al. GhostNet: More
features from cheap operations[C]. 2020 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), Seattle, USA, 2020: 1577-1586. DOI: 10.1109/CVPR
42600.2020.00165.

WANG Jingdong, SUN Ke, CHENG Tianheng, et al. Deep
high-resolution representation learning for visual
recognition[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2021, 43(10): 3349-3364. doi: 10.1109/
TPAMI.2020.2983686.

CUI Cheng, GAO Tingquan, WEI Shengyu, et al. PP-
LCNet: A lightweight CPU convolutional neural network[J].
arXiv preprint arXiv: 2109.15099, 2021. DOT: 10.48550/arXiv.2
109.15099.

HOWARD A, SANDLER M, CHEN Bo, et al. Searching for
MobileNetV3[C]. 2019 IEEE/CVF International Conference
on Computer Vision (ICCV), Seoul, Korea (South), 2019:
1314-1324. DOI: 10.1109/ICCV.2019.00140.
RADOSAVOVIC I, KOSARAJU R P, GIRSHICK R, et al.

35]

(36]

[37]

38]

(39]

(40]

(41]

[42]

(43]

44]

(4]

Designing network design spaces[C|. 2020 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), Seattle, USA, 2020: 10425-10433. DOI: 10.1109/
CVPR42600.2020.01044.

GAO Shanghua, CHENG Mingming, ZHAO Kai, et al.
Res2Net: A new multi-scale backbone architecture[J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2021, 43(2): 652-662. doi: 10.1109/TPAMI.2019.2938758.
HE Kaiming, ZHANG Xiangyu, REN Shaoqing, et al. Deep
residual learning for image recognition[C]. 2016 IEEE
Conference on Computer Vision and Pattern Recognition
(CVPR), Las Vegas, USA, 2016: 770-778. DOI: 10.1109/CVPR.
2016.90.

HAN Kai, WANG Yunhe, ZHANG Qiulin, et al. Model
Rubik’s cube: Twisting resolution, depth and width for
TinyNets[C]. The 34th International Conference on Neural
Information Processing Systems, Vancouver, Canada, 2020:
1623.

SIMONYAN K and ZISSERMAN A. Very deep
convolutional networks for large-scale image recognition[C].
The 3rd International Conference on Learning
Representations, San Diego, USA, 2015: 1-14.

WANG Zhiguang, YAN Weizhong, and OATES T. Time
series classification from scratch with deep neural networks:
A strong baseline[C]. 2017 International Joint Conference
on Neural Networks (IJCNN), Anchorage, USA, 2017:
1578-1585. DOI: 10.1109/IJCNN.2017.7966039.

LIU Hanxiao, DAI Zihang, SO D R, et al. Pay attention to
MLPs[C]. The 35th International Conference on Neural
Information Processing Systems, Online, 2021:9204-9215.
ELSAYED N, MAIDA A S, and BAYOUMI M. Deep gated
recurrent and convolutional network hybrid model for
univariate time series classification[J]. International Journal
of Advanced Computer Science and Applications. 2019,
10(5): 654-664. DOI: 10.14569/IJACSA.2019.0100582.
ISMAIL FAWAZ H, LUCAS B, FORESTIER G, et al.
InceptionTime: Finding AlexNet for time series
classification[J]. Data Mining and Knowledge Discovery,
2020, 34(6): 1936-1962. doi: 10.1007/s10618-020-00710-y.
KARIM F, MAJUMDAR S, DARABI H, et al. LSTM fully
convolutional networks for time series classification[J]. IEEE
Access, 2018, 6: 1662-1669. doi: 10.1109/ACCESS.2017.
2779939.

TAN Changwei, DEMPSTER A, BERGMEIR C, et al.
MultiRocket: Multiple pooling operators and
transformations for fast and effective time series
classification[J]. Data Mining and Knowledge Discovery,
2022, 36(5): 1623-1646. doi: 10.1007/s10618-022-00844-1.
TANG Wensi, LONG Guodong, LIU Lu, et al. Omni-scale

CNNs: A simple and effective kernel size configuration for


https://doi.org/10.13700/j.bh.1001-5965.2018.0447
https://doi.org/10.13700/j.bh.1001-5965.2018.0447
https://doi.org/10.13700/j.bh.1001-5965.2018.0447
https://doi.org/10.12000/JR25173
https://doi.org/10.12000/JR25173
https://doi.org/10.12000/JR25173
https://doi.org/10.12000/JR25173
https://doi.org/10.1109/CVPR52688.2022.01167
https://doi.org/10.1109/CVPR52688.2022.01167
https://doi.org/10.1109/CVPRW50498.2020.00203
https://doi.org/10.1109/CVPR.2017.243
https://doi.org/10.1109/CVPR.2017.243
https://doi.org/10.1109/CVPR42600.2020.00165
https://doi.org/10.1109/CVPR42600.2020.00165
https://doi.org/10.1109/TPAMI.2020.2983686
https://doi.org/10.1109/TPAMI.2020.2983686
https://doi.org/10.48550/arXiv.2109.15099
https://doi.org/10.48550/arXiv.2109.15099
https://doi.org/10.1109/ICCV.2019.00140
https://doi.org/10.1109/CVPR42600.2020.01044
https://doi.org/10.1109/CVPR42600.2020.01044
https://doi.org/10.1109/TPAMI.2019.2938758
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/IJCNN.2017.7966039
https://doi.org/10.1007/s10618-020-00710-y
https://doi.org/10.1007/s10618-020-00710-y
https://doi.org/10.1007/s10618-020-00710-y
https://doi.org/10.1007/s10618-020-00710-y
https://doi.org/10.1007/s10618-020-00710-y
https://doi.org/10.1007/s10618-020-00710-y
https://doi.org/10.1007/s10618-020-00710-y
https://doi.org/10.1109/ACCESS.2017.2779939
https://doi.org/10.1109/ACCESS.2017.2779939
https://doi.org/10.1007/s10618-022-00844-1
https://doi.org/10.1007/s10618-022-00844-1
https://doi.org/10.1007/s10618-022-00844-1
https://doi.org/10.1007/s10618-022-00844-1
https://doi.org/10.1007/s10618-022-00844-1
https://doi.org/10.1007/s10618-022-00844-1
https://doi.org/10.1007/s10618-022-00844-1

Fx

H %%

S LB R T AR R PRI B B K 2 RS AR TR 7 1 19

[46]

(47]

(48]

(49]

H

time series classification[C]. The Tenth International
Conference on Learning Representations, Online, 2022:
1-17.

NIE Yuqi, NGUYEN N H, SINTHONG P, et al. A time
series is worth 64 words: Long-term forecasting with
transformers[C]. The Eleventh International Conference on
Learning Representations, Kigali, Rwanda, 2023: 1-24.

Z0U Xiaowu, WANG Zidong, LI Qi, et al. Integration of
residual network and convolutional neural network along
with various activation functions and global pooling for time
series classification[J]. Neurocomputing, 2019, 367: 39-45.
doi: 10.1016/j.neucom.2019.08.023.

DEMPSTER A, PETITJEAN F, and WEBB G I.
ROCKET: Exceptionally fast and accurate time series
classification using random convolutional kernels[J]. Data
Mining and Knowledge Discovery, 2020, 34(5): 1454-1495.
doi: 10.1007/s10618-020-00701-z.

JAEGLE A, BORGEAUD S, ALAYRAC J B, et al.

Perceiver 10: A general architecture for structured inputs &
£ & & N
W, #H%, EEBHFTRONEIERE . POttt B

PRI

WRiRZ, A, FERTRTTROVITERG . 2 BRI

ey

HREF .

JIRESSE, WAE, EETUT N 2 SRR G 5 TR

Wl

[51]

[52]

[53]

outputs[C|. The Tenth International Conference on
Learning Representations, Online, 2022: 1-29.
TATSUNAMI Y and TAKI M. Sequencer: Deep LSTM for
image classification[C]. The 36th International Conference
on Neural Information Processing Systems, New Orleans,
USA, 2022: 2768.

RAHIMIAN E, ZABIHI S, ATASHZAR S F, et al.
XceptionTime: A novel deep architecture based on
depthwise separable convolutions for hand gesture
classification[J]. arXiv preprint arXiv: 1911.03803, 2019.
DOI: 10.48550/arXiv.1911.03803.

FAUVEL K, LIN Tao, MASSON V, et al. XCM: An
explainable convolutional neural network for multivariate
time series classification[J]. Mathematics, 2021, 9(23): 3137.
doi: 10.3390/math9233137.

NARAYANAN R M, TSANG B, and BHARADWAJ R.
Classification and discrimination of birds and small drones
using radar micro-doppler spectrogram images[J]|. Signals,

2023, 4(2): 337-358. doi: 10.3390/signals4020018.

SR, A, RTINS E AR KR

ik

Ry #d%, LRI RO BT LR,

R EIECT 5 R I R G AR T B ROAR S

(BiESE: T95)


https://doi.org/10.1016/j.neucom.2019.08.023
https://doi.org/10.1007/s10618-020-00701-z
https://doi.org/10.1007/s10618-020-00701-z
https://doi.org/10.1007/s10618-020-00701-z
https://doi.org/10.1007/s10618-020-00701-z
https://doi.org/10.1007/s10618-020-00701-z
https://doi.org/10.1007/s10618-020-00701-z
https://doi.org/10.1007/s10618-020-00701-z
https://doi.org/10.48550/arXiv.1911.03803
https://doi.org/10.3390/math9233137
https://doi.org/10.3390/signals4020018

	1 引言
	2 数据采集及处理
	2.1 全息凝视雷达简介
	2.2 HSR数据处理流程

	3 数据集构建与初步分析
	3.1 数据集构建
	3.2 数据集分析

	4 多特征融合识别方法
	4.1 网络整体架构
	4.2 语义桥接模块与跨模态特征对齐
	4.3 门控融合模块与动态权重调节

	5 实验验证与分析
	5.1 数据集设置
	5.2 数据集基准识别实验
	5.3 多特征融合识别实验
	5.4 实际系统部署验证

	6 结语
	附录
	参考文献

