405 01

R R

EE 65

cEE— WNERIEREEFEERASREEEERERBRAR

DOI: 10.3724/BNSFC-2025-0219

MR & By “R18/N Biril

i mlll'f‘ *Z] ﬁk],ZT T‘;;‘ _%7_3**

AW N =

[ E] #BuEEE,

mEMARIRERE
& k' &mvt I A

CEBERFR FEAmSNAFHARA,E 100850
CHEFREAE EafFSRAFER, KA 611731

. P ERFR A S FR AT, LT 100190

L REKF BREITEFE, RE 300350

TR AN RIE N B AR E E IR AR (LT L), I E F

MR THRAEEEFNE HTETREFIFERAEE A LG AL E EAE, K, KIE
N BRI FREF RS, YW ERANFTERBEARANE G ELE FeEe TEERLE 7
BEHEMERREEFR A, wEE A LN T %S (Human Visual System,HVS) KB & %o F1A %o o T 15
BWMEEE, RERE N TR R AT, B NFE R R ACH
BTN B R BAR L IR B B, 3 — B 32 TR R R R R BB AT EE,

[K§iA |

IATC AW A P 2 SR i [l Ak AR 5 2
At R IR AR . AN, ST AR AEATL IS RN b S U
B TC AMLEE AR 5 | At 2 0 ; 3R I R v 4R AL
118 ZUE AR VETC AMLZEE WUy ; 370 48 [ Ao h s
] R FHIC AL 3 [ DX B S it A v (i 8 Wl
S5 T i) ] B RN 8 g 4 A i KOS oK, R R o
SR CAT R AR B B B8/ 2 | R IR RO/ (R
TP S A TRATER ) 0 “IE /N H bR XU B g
77, INTREE T 25 5 ARAZ /N F AR 8 B 4 AR S e
HIE R LK, R4S LYOLO | Transformers 8
BRSNS R R RPN T i =l IV VAN ER 7 el
BUN 55 PERE (0 32 LR AE M LU RS S TR SR R R
M), 17 A AR /N s PR o R R AR AT T el 2/
TR THARERL L 22 TSR EAS IR A Rl N, 7
20254FIEEE [ PRt B AL 58 5 80U 25 (IEEE

Conference on Computer Vision and Pattern Recognition,

Wk F $91:2025-07-30; f&1R1 H H1:2026-01-09
T LR —1EE

* ARSOHRRIE 5K 1A AR R4 2
** Sl {F{E# , Email ;jin.gao@nlpr.ia.ac.cn

AR Jo s AR R “IRIB AN B AR R X s R —E sy A

CVPR)ZIP ) Anti-UAVIR IR ZE T, H ARAS I S8 A 20K
LS IR IEMER R L 60% , 5 5 2 22 sh 50 5
Y SEBRAR SR 22RO

AR L T HLES LT, N9 R 48 (Human Visual
System, HVS ) 7EAR I J&AIAA KNI TS (5 8 77 2
AMERLF Flan, it RN A SF BRI TR 2 2R
O HEL T T R 255 AN UARFAE (B8 3l 5[] LB Bl 55
Af2s bR SOfE BN R T AL © AT H
bro A% AL 22 N8 2R G 3R SN FIA AN T
PRBEAF B R OEIARRE 32w A2 /N E AR LS AT G
FEPEREAE REIL/KF-, E B BT RIBIEFE I . IS8
AR /N B AR R [ R, AR SO S O TE A2 —
N TR 15 22 B3 Rl & I BB BOR PR 4, A [ A
MG e e AR T AR /N AR IR T 1Y
Wk BRI A BEARAE S BRI FH v o A7 (AR S 1)
IR R A TR

BEEA0TI RO IS IE T HE I AR

ACZ RN E R HRBIEREE T H (62422317) ALATHRHH R H (20240484703 ) 15 H) .

SRR R R, B 55 I & AR A8/ B AR BRI s SR S R 2. o Rk 4y, 2026,40(1) :65-72.
Wang G, Yang X, Gao J, et al. Brain-inspired visual perception of low-altitude slow and small targets : Current research and future perspectives. Bulletin of
National Natural Science Foundation of China,2026,40(1):65-72.(in Chinese)



https://doi.org/10.3724/BNSFC-2025-0219

66 hoE R

2026 4F

1 RA8/N B AR 5 R R0 #3500 3 53 A

AN /IN bR 5 BRUHE TR 5 L L B b 4 2y
S (G0 TR I TN 2 T4 | Fh B o R 25
DX SR 2 S H R AR L T S R I A e b
AHEE BT R R S A, T AR T R
B LA, 30 4 2k £ 38 7 1 A 06 25 22 4 PR ) 4 0 B
Bt o R SR TE A LR BR (R B — S 1] — e 5 —
FT) BT B0 BT 2 T G A3 R e R
HoA , SCBUE B B AL 5 i O L RN BT . AR
i , B s A/ N TE A WL AT FRRAE G U 1%
F RSN (<10x101%3) B, A8 /N7 B ARSI 7E
PSR AT RAFAE T 2 A

— TR 55 ST B M A i )
S X TE ) BRI 55 75 BSR4 T
AR /N B B A , AL Se i i H bR
BRI Z (7 I8 | B2 S BN GEE 5 5520 1% 580
PR 22 5 KRR IR Sk 15 ShlEp Sk — 5 B 3L
FbRdE s I, 7EARZS 2T 45, i (E R 51U
A 1 28 3 R A 0 S ¢4 A0 M % S B0 A B G 5
SRR Y TAT I B — A S SR A

FLUC, e B IR0 /N B R G H AR R TN,
TR AN S S S AR P T sk | Kzs iy e 52
ISR B 278 fh 2 T4 b S AR AR, %
P AT R A L T A I RS A N ESGER ]
FIL R ARATR b e e B S5 R AR A A i ) e )
FERE , I SR 625 1 0 0 2 A8 ) A

HEAL AN/ EAR RIS 510 R IME R & 2
ZRE, RIS XU SR RATE L TN 35BS
s TR 5 MR8 /N TANE RS E T A w5
R, BRI, 2 etk v 7 H AR AR 2 5 e 45 iy
ST S IR/ BFRIRE , B R 4

Ab N FETRRE D) R O] g o) 7

HOR BRIt B s BRI 7 6511 e 2 T
ARSI T AT BRI/ (30301430 51
SR 2 SRR AL 2 05 B AE 205 A PRCH B =
B E TR IR A TV RCR AR B VR
PB4 BRI SRR RE DA (1) o SR , 342
I BRI PR A L I B K 1)
5 AR R LR IEAR O 17 LA 1)
I 5 2 0 1 A 90 S0 B/
AR  ETHTRE % 85 HE R AL JE AL 1 RO
AR/ FBRUSE B R TR B AR
R et

2 fijE &Y RIS BARERAN

2.1 B 5e B AN AL T A

Fili o 2 Ge R LA 2 RO RS R B AR ) , 10 B
A 223 R S5 BN T AL o, R m ke, dn 1
B TE BRI B B, PR I 6 — A R AR 45 DXl ) DK 24 i 3
A RERG U A R s A s BT R WL JE A
18 % (dorsal pathway )l TG 555 B R BT B B, ML
S T2 03 % -5 16 A3 % (ventral pathway )38 B3 513
PR A 22 ROBERRAE 050 F RS0 e K AR By
B B4 SN X PR 5 1 SCOCHRRE ) A 3
PR SR 4 B EISEAS 3 H AR 45
b A AR BN TSR b R R B R
5 | T o7 PR — A S L A BT 1) B R

N R Gt sh A A BRI T 46 F LR 23]
Lo JE e sk TUT DX 35 g 22 [] 23 11 A L 2 2 £ B R 4
KA T 320 DX 0] B 22 4t 671 57 38 S0 100 o R AR 45 4 S
L R E WL 38 3 34 SRR SR A RN G AT T
77 RN PR RE AN IR A S PR I U 2 i B A%
“ON/OFF—HV.L " $5 1837 B B 4 AL 2 Y, ] DA 35kt
FRSE /AR AL DE R G RE ARG B IR IS W 0 2% 5 B

F1 R EEREN BArEREIEERG)

Table 1 Datasets Containing Low-altitude Slow and Small Targets
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Fig.1 Illustration of Human Visual Systems on the Perception of Low-slow-small Targets
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Table 2 Results in Terms of Typical Metrics Obtained on Widely Used Datasets

Method AntiUAV410'" Anti-UAV202112"

APsg AP, AP, APs AP, AP,
YOLOv6!*! 87.4 64.1 81.0 85.6 53.4 81.2
YOLOv7! 84.3 57.6 73.6 82.7 443 75.6
YOLOv8!! 84.3 59.7 76.4 82.8 50.3 76.8
YOLOv9!S! 86.2 61.3 79.8 84.7 50.8 80.0
YOLOv10H4"! 84.6 60.6 76.4 833 51.4 76.9
YOLOv11¥! 84.5 59.4 78.5 83.0 50.6 77.9
YOLOv12!#! 84.3 59.6 75.9 82.4 47.9 75.8
Deformable DETR 79.2 452 67.0 78.0 38.3 69.4
Conditional DETR"! 81.7 54.0 71.5 79.5 41.7 72.6
Dab DETR? 81.8 52.2 69.8 79.5 40.5 69.9
Dino DETR!%! 84.6 60.3 75.8 82.9 493 76.5
Dyhead"** 81.3 413 65.0 79.2 333 66.7
CFINet'’ 78.3 36.6 66.0 76.1 315 65.6
RFLAP] 82.2 55.5 71.7 80.4 44.6 73.0
SSPNet"*7! 82.9 55.9 725 81.0 45.6 73.0
RT DETR' 86.5 64.3 81.0 84.5 52.9 80.2
Mamba YOLO'™*' 84.0 62.8 78.5 82.5 50.1 78.6
MVTODP”! 89.4 67.4 85.3 90.0 64.5 86.3
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Fig.2 Examples of Detection Results Obtained by the Brain-inspired Method and the Advanced Computer Vision Methods
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Brain-inspired Visual Perception of Low-altitude Slow and Small Targets
Current Research and Future Perspectives

Gang Wang'™  Xin Yang" %'  Jin Gao® Liang Li' Pengfei Zhu* Weiming Hu®  Yizheng Wang'
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Abstract Low-altitude Slow and Small (LSS) targets pose significant detection challenges for conventional radar systems
due to their low flight altitude,slow velocity,small radar cross-section,and ability to hide within complex backgrounds
(e.g.,urban structures, mountainous terrain,or forests). Photoelectric sensors (including infrared and visible spectrum)
coupled with intelligent visual perception technologies,particularly deep learning,offer promising solutions to these
limitations. However, the diversity of LSS target signatures, the complexity of detection environments,and the openness of
application scenarios collectively constrain the transferability and generalization capability of trained deep learning models.
Current research focuses on drawing inspiration from the Human Visual System (HVS),specifically its capacity for
integrated appearance-motion analysis during visual information acquisition,processing,and interpretation. This
biomimetic approach has emerged as a key direction for advancing LSS target perception. This paper systematically

reviews the state-of-the-art technological developments while providing critical insights into future research in this field.

Keywords brain-inspired visual perception;Human Visual System;low-altitude slow and small target;deep learning;

appearance-motion modeling
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