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Abstract: Vision-based early warnings against civil drones are crucial in the field of public security and are
also challenging in visual object detection. Because conventional target detection methods built on handcrafted
features are limited in terms of high-level semantic feature representations, methods based on deep
convolutional neural networks (DCNNSs) have facilitated the main trend in target detection over the past several
years. Focusing on the development of civil drone-detection technology based on DCNNs, this paper

introduces the advancements in DCNN-based object detection algorithms, including two-stage and one-stage
Wk HER : 2021-09-03 ; £1THER : 2021-10-13.
EE®EN - Bk (1997-) , &, WLWIFRAE, W5 1AM B FRRl. E-mail: yangxinioi@163.com.
BIS1EE - TR (1988-) , 55, BIBFIC G, WFICH AL ST E-mail: g_wang@foxmail.com.
EEWA : b ARREES (42140600 ER HARIEHES (62102443),

1119



Fa4E 1L
2022 11 A

4 R
Infrared Technology

\Vol.44 No.11
Nov. 2022

algorithms. Subsequently, existing drone-detection methods developed for still images and videos are
summarized separately. In particular, motion information extraction approaches to drone detection are
investigated. Furthermore, the main bottlenecks in drone detection are discussed. Finally, potentially
promising solutions and future development directions in the drone-detection field are presented.

Key words: computer vision, object detection, video object detection, civil drone detection, deep

convolutional neural networks
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Table 1 Summary of representative algorithms in the visual object detection field

Model Year Backbone Characteristics
R-CNNSI 2014 AlexNetl16] Integrate CNN classification and proposal generation; need multi-stage
training; time-consuming and space-consuming.
SPPNet1] 2015  ZFNetl® Introduce the spatial pyramid pooling (SPP) into CNNSs.
Introduce regions of interest (Rols) pooling layer; difficult to achieve real-
- [18] [20]
Fast R-CNN 2015 AlexNet. VGG16 time detection.
Introducing region proposal network (RPN) to generate high-quality
- [21]
Faster R-CNN 2015 ZFNet, VGG proposals; complex training procedures and poor real-time performance.
|ON[22 2016 IRNNZ! Improve performance on small object detection by employing context and
multi-scale skip pooling.
Two- Apply the fully convolutional neural network (FCN) to Faster R-CNN to
- [24] [25]
stage R-FCN 2016 ResNet101 share the computation of the entire network, improving detection speed.
EpN26] 2017 ResNet101 Propose a feature pyramid model to handle scale variation issues in object
detection.
Add parallel branches to extend Faster R-CNN to achieve object
- [27] [28]
Mask R-CNN 2018 ResNext=, FPN segmentation, which cannot be detected in real-time.
PANet[?] 2018 FPN Bottom-up enhancement path and adaptive feature pooling are introduced.
. Elucidating the effect of receptive field on objects of different sizes in object
[30]
TridentNet! 2019 ResNet101 detection tasks.
Generate anchor-free proposals; two-step classification for filtering
[31] [32]
CPNDet! 2020 Hourglass104 proposals.
End-to-end real-time detection does not produce proposals but has poor
[33] [34]
YOLOVL 2016 GoogleNet detection accuracy and difficult to detect small cluster objects.
Combined with CNN and YOLOv1 model, SSD detects on multi-scale
[35] )
5SD 2016 VGG16 layers, which is faster and more accurate than YOLOv1.
Propose DarkNet19 to achieve high precision and high speed, but it is still
[36]
YOLOv2 2016 DarkNet19 difficult to detect small objects.
. Proposed focal loss function to solve the extreme foreground-background
[37]
One- RetinaNet 2018 ResNeXt101+FPN class imbalance problem.
stage  yYQLOv3R 2018 DarkNet53 Improving performance on small objects by multi-scale detection.
STDN[BI 2018 DenseNet1691401 Resolve multi-scale objects by employing a scale transformation module.
Regard the object detection task as a key point detection problem, by
CornerNet!*! 2019 Hourglass104 inferencing two key points (upper left and lower right corners) as the
prediction box.
YOLOvai2 2020 CSPDarknets3 Faster and more accurate object detection in terms of mosaic data
augmentation and self-adversarial training tips.
DETRI 2020 ResNet101 Introduce transformer structure to object detection field, but the

performance for small targets needs to be improved.
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Fig.1 Flowchart of the two-stage object detection algorithm, taking R-CNN %] as an example
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Fig.3 Example images in the Anti-UAV2020 dataset (The left
column shows RGB images, and the right column shows
infrared images)
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Fig.4 Example images in the Drone-vs-Bird Detection
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Fig.6 Example images in the UAV dataset!*®!
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Fig.7 Flowchart of the UAV detection algorithm[*] combined with the super-resolution enhancement module and the Faster R-CNN model

SCHR[54]% T YOLOV3 ) Darknet53 M 45 %
FH Gabor €3 2% 1] DCNN 35 R, 48 DA Jks
FEXS 77 [ AR AR A B B et FHRERR A BT T
A, PEReE I T T REA BRI # (Scale-
invariant feature transform, SIFT) 454 A1 & 34 ME B &
HIRFF . AR P & R R o R AR S & 1
e (HRIZFEM AR YOLOV3 55T DCNN I H
FRRE I 77 HEAT 6 L, Gabor JEJ 2838 %] DCNN 3%
RIOLFA A 13 25 E

BT I8 AWML H FRTE UG T B R ER,

1124

YOLOV3 H7E 3 AN 2 T A 3 LA A 20 55 BN
WU EARALYE . £ X% m) @8, SCHR[B5]7E YOLOV3
BRI I 22 RS (AR AE R A, SRASI R AR 4k 2 %
TN SCHR[48][FIFESE T YOLOV3 A2 3t T 4t
76 AL H KA UAVDet 8 (4nf& 8 fis)

¥ YOLOV3 ¥ gl 4 /N ROEEHEAT Tl , 17 HAE S —A
R R IR R E YRR T 2 B R . &
BRI, TR BRIE A B AR R AE )
TFE, YOLO HRAE LT EH M H k-meansPeI
SEAR YRS 4R 2E A SR IOAE , TRLTEA ] YOLO %751



Fa4E 1L
202211 H

My AR BT IR FE A AR 22 N 2% (/N R B e A LAS U F 7 3k e

\Vol.44 No.11
Nov. 2022

AT B AR, [RAE R ZA8 ) k-means X4 E
FITE ANHLE S 52 R 2820 I & T AHLI B IR AE . [F)
i, R T R B AR AEAE AE SRR ), o B 4R

JH e Jr AR A3 SRR 1) 7 iR AT B H o, A R
T I Bf A A ] =

Concat ]. conv
 —

conv
12871287128 |

Input image

|

conv o
64647256

'.28'125"92| 128"126764
L ‘ L 1

upsamp Iﬂg

Concat ol Conv
64°64°384 64'64'128 | jw]
il @
upsampiing 9«
s

conv

32°32'256 =

conv Concat | o
3232512 32°32°'768 |
&

|upsampling

K8 J:T-Z RJZ YOLOVS [ UAVDet FikU8If fE7R 2 K
Fig.8 Flowchart of the UAVDet algorithm!“e] that is based on the multi-scale YOLOV3 structure
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Fig.9 Diagram of the FlowNet["? for calculating optical flow
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Fig.11 Image examples to demonstrate difficulties and bottlenecks in drone detection

e AT AR RS HERZAMUE U756, 55 =47

HRE RN, B AT HAR RS SR ] 3

Note: Row 1: Targets that are small and weak in appearance informationl#’-55621; Row 2: Targets in complex and diverse backgroundst*’-4¢l;

Row 3: Targets that have heterogeneous scales [°%1)
2.4.2  REBNYTC NHUR IR )4+ %

T I SO B AR AT SR PR AR EE AT DAR IR
MHTEE BT AW TN R AL E
A, (ERAESR IR AT T SEDMRE B, & ]
B RE L TE AN SR S — TR H Bk bk 1
55 o BEXTEETIREE G AR A N 2% 1) /N AL R T AL
Fr I 2R e A7 (R ), RSk TAEELL T JLANTT
BRI TT

—RESHMAREFSEE T LT XEEER
HHEA H AR 2 T AN E AR e NSRAE H AR I
AR R o Id AR BRI BRI, B S e IR Bl R A (1)
TR R 2 3% IR B A 55 IR B A i A
BEER PR RN TR R, T s R B e B H AR
Y EHIE . 58 H FRks il A 25 VA I S50 o A1 55
AFEL, AT EFRRSS 808, TBREE B
R PR . BRIEAR 8 el R FH 23 18] R 3C (Spatial
Context) 15 B HEAT AT 55 BK 50 (1) 4 2 A PRoE A8 R PLAAR
I B T SCELE LIS AL H AR A ) A B
(BR8N FH S

TREAFH IR INRAE B hrigaE R, IR
VERNKBERFE A T AN B ARH . /NS AR
W NRAT RS R R, EIRZE 5 F RS
s N AR HMEAL S /N L J6 N AL ) #2520 LR 12 58 B
H PRI 55, ARSI I ] R 32 (Temporal
Context) {5 S 2 #ERAATI H A5 i) H BRI o
RN R A, R TR A BT 00 S e
AL BB SRS RIE R, I EZ A E R BT
MG SRR Z B G . Bk, AT ANH
1128

PRz fE BARBNRAE 7%, FIH H AR 235 B
it By A A AR 5], 3 T SEE A A AL ) T
ARAF SN HARIACR, B RN N .

= A L H AR S RRHIEANE B RHIE
ZREM I 2 B SAE BT AN E AR . A
RLBE 58 G A7 AE 4T 15 S5 A0 B R K 200 i 368 % A/ 4
PRIEHE,  AE [X A g T A7 00 it A A 00 2
I A B RIS S AR SR B, FFEZ AR L
BATH R E . I, ZRE AT 25 BT SUE BT
Te NAL H ARAS MRS 72 AR AR PN T A HLH s e il
L i) AL ) S o

VU2 SRR A TN T AR LSS . T H
TV P 2 R B A R 2 X 4 (Y S B0 K 2 R Ak
TR L, BRI B 2 AT AR AL
Zxy RUEATI G, VB R T AR SR AR 2 8
RGO SN 2 FEALTE AN H bR 5 TR AE A — €
P, DR ST R A TF I AL S e it /N R IS
P AAUAS U A (R TR A f B B3 o Ik
Sb, BINERE ] Jol B 2 G 2 ST Rt
REGMFETNNEEA LT G K — D EE R

3 RESRE

NRLEC TG AL NSt 2 e SRAE A 1) [R] e
eI A T BRI o T [ R HE R VE A
PERITE AN E PR, THEAL AU D iR T A
RN ASCE SN H T AR Uk b R T
IR I ERAE, SRIa XN T AL
R IAT 55 0 S0 Je 25 1 T 1 2 P ABORIA A K 3 £ e



Fa4E 11
202211 H

My AR BT IR A AR 22 N 2% (/N R B T AHUAS U F 7 3k e

\Vol.44 No.11
Nov. 2022

MU T332, BETTYAZH 1 3 e ANALASE I PR XE ) 3
A

WA TAERR O TR AT
AHLE S BARKEI, (H 2 1R % 5 A T SE U
oA RE smEENE. REEFETE R AN
SR — TR BRI S5 o F AR R 2 MEAT H A
T o R VS 2 0 T AU U 35 (0 1 e ad A ™ B
SN, PR S AR HUPE Bt 2 B 2 PR ARIR LB AR
P2 BRI ) IEMR . BbAh, kA HATERZ KRB A
TFENNEFESR, A R I 2R flag s —
EWAE . BEANAIE TN SUE B @SR R A
TR JE, AEEXE DU T RIEVERE IR A X L . BT
B TR B2 W 2% (/N B R JE A KL 2R 4
FEAE DA R AL, TR SR A Bl e R 4R 2 1) L
TOE BARBUS RAL . MU ) R S0 fE B i S &
(RNl Rl i N R ST R it 8-V 6 Sl v
ST ETT

ERE TR, REEGBR A MM O eI
I E A I AN ) 1 93 SR S L0 AT 55 BUAS T LI
PERE, SRIMAER T 5T RIS B ARG IINAE 55 K
RTIEIL B NREBIE N R KR MRBIK T RES
B 2% BORFF A nT Bk AR B &M 2
INTEENU], (AT SRR AP 22 R G v B R AL Y
PR, KT IR IR (K R AR S AMEATZ AL
XS HE RS T I B O AL TR B, N TR RE
AT SN E BEAE b BBk = BE 5 A RO R AR
WWEIHERR 52 210042« RS T S LR 0 R AR AL
PRI, 3 T SRR AL, R A SN A0 27 A S
LML B HH S A 5 AR AL B R P PR AL B T S 8,
Xt T SRR/ NRETE NHUAL SEAS U AE ] R . R
FAE AR DA <5 T T A7 A (R S ) LR A B
TR BRI T BN R A I

EEPEE

[1]  WANG J, LIU Y, SONG H. Counter-unmanned aircraft system (s)(C-
UAS): State of the art, challenges, and future trends[J]. IEEE Aerospace
and Electronic Systems Magazine, 2021, 36(3): 4-29.

[2] LI Xiaoping, LEI Songze, ZHANG Boxing, et al. Fast aerial UAV
detection using improved inter-frame difference and SVM[C]//Journal of
Physics: Conference Series. IOP Publishing, 2019, 1187(3): 032082.

[3] WANG C, WANG T, WANG E, et al. Flying small target detection for
anti-UAV based on a Gaussian mixture model in a compressive sensing
domain[J]. Sensors, 2019, 19(9): 2168.

[4] Seidaliyeva U, Akhmetov D, llipbayeva L, et al. Real-time and accurate
drone detection in a video with a static background[J]. Sensors, 2020,

[5]

[6]

[7]

(8l

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

20(14): 3856.
ZHAO W, CHEN X, CHENG J, et al. An application of scale-invariant
feature transform in iris recognition[C]//Proceedings of the IEEE/ACIS
12th International Conference on Computer and Information Science,
IEEE, 2013: 219-222.
SHU C, DING X, FANG C. Histogram of the oriented gradient for face
recognition[J]. Tsinghua Science and Technology, 2011, 16(2): 216-224.
SHEN Y K, CHIU C T. Local binary pattern orientation based face
recognition[C]//Proceedings of the IEEE International Conference on
Acoustics, Speech and Signal Processing, IEEE, 2015: 1091-1095.
YUAN Xiaofang, WANG Yaonan. Parameter selection of support vector
machine for function approximation based on chaos optimization[J].
Journal of Systems Engineering and Electronics, 2008, 19(1): 191-197.
FENG J, WANG L, Sugiyama M, et al. Boosting and margin theory[J].
Frontiers of Electrical and Electronic Engineering, 2012, 7(1): 127-133.
WEI L, HONG Z, Gui-Jin H. NMS-based blurred image sub-pixel
registration[C]//Proceedings of the International Conference on Image
Analysis and Signal Processing. IEEE, 2011: 98-101.

Doz, BRI, JL TR S B AR LSRR 0], BT AR,
2020, 48(6):1230-1239.

LUO Huilan, CHEN Hongkun. Survey of object detection based on deep
learning[J]. Acta Electronica Sinica, 2020, 48(6): 1230-1239.

Bosquet B, Mucientes M, Brea V M. STDNEet: exploiting high resolution
feature maps for small object detection[J]. Engineering Applications of
Artificial Intelligence, 2020, 91: 103615.

SUN H, YANG J, SHEN J, et al. TIB-Net: Drone detection network with
tiny iterative backbone[J]. IEEE Access, 2020, 8: 130697-130707.

LIU L, OUYANG W, WANG X, et al. Deep learning for generic object
detection: a survey[J]. International Journal of Computer Vision, 2020,
128(2): 261-318.

Girshick R, Donahue J, Darrell T, et al. Rich feature hierarchies for
accurate object detection and semantic segmentation[C]//Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition, 2014:
580-587.

Krizhevsky A, Sutskever I, Hinton G E. Imagenet classification with deep
convolutional neural networks[C]//Proceedings of the Advances in Neural
Information Processing Systems, 2012, 25: 1097-1105.

HE K, ZHANG X, REN S, et al. Spatial pyramid pooling in deep
convolutional networks for visual recognition[J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2015, 37(9): 1904-1916.
Girshick R. Fast R-CNN[C]//Proceedings of the IEEE International
Conference on Computer Vision, 2015: 1440-1448.

Zeiler M D, Fergus R. Visualizing and understanding convolutional
networks[C]//Proceedings of the European Conference on Computer
Vision, 2014: 818-833.

Simonyan K, Zisserman A. Very deep convolutional networks for large-
scale image recognition[J/OL]. arXiv preprint arXiv:1409.1556, 2014.
REN S, HE K, Girshick R, et al. Faster R-CNN: Towards real-time object
detection with region proposal networks[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2016, 39(6): 1137-1149.

Bell S, Lawrence Zitnick C, Bala K, et al. Inside-outside net: detecting

objects in neural

1129

context with skip pooling and recurrent



5 44

2022 11 A

& 11

4 R
Infrared Technology

\Vol.44 No.11
Nov. 2022

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[371

[38]

[39]

[40]

1130

networks[C]//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2016: 2874-2883.

LE Q V, Jaitly N, Hinton G E. A simple way to initialize recurrent
networks of rectified linear units[J/OL].
1504.00941, 2015.

DAI J, LI'Y, HE K, et al. R-FCN: Object detection via region-based fully
convolutional networks[J/OL]. arXiv preprint arXiv:1605.06409, 2016.

HE K, ZHANG X, REN S, et al. Deep residual learning for image

arXiv preprint arXiv:

recognition[C]//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2016: 770-778.

LIN T Y, Dollér P, Girshick R, et al. Feature pyramid networks for object
detection[C]//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2017: 2117-2125.

He K, Gkioxari G, Dollar P, et al. Mask R-CNN[C]//Proceedings of the
IEEE International Conference on Computer Vision, 2017: 2961-2969.
XIE S, Girshick R, Dollar P, et al. Aggregated residual transformations
for deep neural networks[C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, 2017: 1492-1500.

LIU S, QI L, QIN H, et al. Path aggregation network for instance
segmentation[C]//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, 2018: 8759-8768.

LI'Y, CHEN Y, WANG N, et al. Scale-aware trident networks for object
detection[C]//Proceedings of the IEEE International Conference on
Computer Vision, 2019: 6054-6063.

DUAN K, XIE L, QI H, et al. Corner proposal network for anchor-free,
two-stage object detection[C]//European Conference on Computer
Vision. Springer, Cham, 2020: 399-416.

Newell A, YANG K, DENG J. Stacked hourglass networks for human
pose estimation[C]//Proceedings of the European Conference on
Computer Vision, 2016: 483-499.

Redmon J, Divvala S, Girshick R, et al. You only look once: unified, real-
time object detection[C]/Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, 2016: 779-788.

Szegedy C, LIU W, JIA Y, et al. Going deeper with convolutions
[C)//Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, 2015: 1-9.

LIU W, Anguelov D, Erhan D, et al. SSD: single shot multibox
detector[C]//Proceedings of the European Conference on Computer
Vision. Springer, 2016: 21-37.

Redmon J, Farhadi A. YOLO9000: Better, faster, stronger[C]/
Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition, 2017: 7263-7271.

LIN T Y, Goyal P, Girshick R, et al. Focal loss for dense object
detection[C]//Proceedings of the IEEE International Conference on
Computer Vision, 2017: 2980-2988.

Redmon J, Farhadi A. YOLOv3: An incremental improvement[J/OL].
arXiv preprint arXiv: 1804.02767, 2018.

ZHOU P, NI B, GENG C, et al. Scale-transferrable object
detection[C]//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2018: 528-537.

HUANG G, LIU Z, Van Der Maaten L, et al. Densely connected
convolutional networks[C]//Proceedings of the IEEE Conference on

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

Computer Vision and Pattern Recognition, 2017: 4700-4708.
LAW H, DENG J.
keypoints[C]//Proceedings of the European Conference on Computer
Vision, 2018: 734-750.

Bochkovskiy A, WANG C Y, LIAO HY M. YOLOv4: Optimal speed
and accuracy of object detection[J/OL].
2004.10934, 2020.

Carion N, Massa F, Synnaeve G, et al. End-to-end object detection with

Cornernet: Detecting objects as paired

arXiv preprint arXiv:

transformers[C]//European Conference on Computer Vision. Springer,
Cham, 2020: 213-229.

JIANG N, WANG K, PENG X, et al. Anti-UAV: A large multi-modal
benchmark for UAV tracking[J]. arXiv preprint arXiv:2101.08466, 2021.
ZHAO J, WANG G, LI J, et al. The 2nd Anti-UAV Workshop &
Challenge: Methods and results[J]. arXiv preprint arXiv:2108.09909,
2021.

Coluccia A, Fascista A, Schumann A, et al. Drone-vs-Bird detection
challenge at IEEE AVSS2019[C]//Proceedings of the IEEE International
Conference on Advanced Video and Signal Based Surveillance. IEEE,
2019: 1-7.

WU M, XIE W, SHI X, et al. Real-time drone detection using deep
learning approach[C]//Proceedings of the International Conference on
Machine Learning and Intelligent Communications, 2018: 22-32.

ZHAO W, ZHANG Q, LI H, et al. Low-altitude UAV detection method
based on one-staged detection framework[C]//Proceedings of the
International Conference on Advances in Computer Technology,
Information Science and Communications IEEE, 2020: 112-117.
Magoulianitis V, Ataloglou D, Dimou A, et al. Does deep super-resolution
enhance UAV detection?[C]//Proceedings of the IEEE International
Conference on Advanced Video and Signal Based Surveillance IEEE,
2019: 1-6.

Kim J, Kwon Lee J, Mu Lee K. Accurate image super-resolution using
very deep convolutional networks[C]//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, 2016: 1646-
1654.

Craye C, Ardjoune S. Spatio-temporal semantic segmentation for drone
detection[C]//Proceedings of the IEEE International Conference on
Advanced Video and Signal Based Surveillance. IEEE, 2019: 1-5.
Ronneberger O, Fischer P, Brox T. U-Net: Convolutional networks for
biomedical image segmentation[C]//Proceedings of the International
Conference on Medical
Intervention, 2015: 234-241.

Aker C. End-to-end Networks for Detection and Tracking of Micro
Unmanned Aerial Vehicles[D]. Ankara, Turkey: Middle East Technical
University, 2018.

FRBIEE, BUBVE. —FhEET Gabor REEY:SIHITE AN H AR %
[J]. Z=EHEHIEAR SR, 2019, 45(4): 38-45.

ZHANG X, DUAN H. A target detection algorithm for UAV based on
Gabor deep learning[J]. Aerospace Control and Application, 2019, 45(4):
38-45.

g, Aok, TkEAE, S5 BETAL YOLOVS [ JE A BRI 3
JFEN] B S AR T EBRE, 2019, 56(20): 279-286.

MA Q, ZHU B, ZHANG H, et al. Low-Altitude UAV detection and

Image Computing and Computer-assisted



Fa4s FH11HY

202211 H

My AR BT IR A AR 22 N 2% (/N R B T AHUAS U F 7 3k e

\Vol.44 No.11
Nov. 2022

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

recognition method based on optimized YOLOvV3[J]. Laser &
Optoelectronics Progress, 2019, 56(20): 279-286.

Cohen M B, Elder S, Musco C, et al. Dimensionality reduction for k-
means clustering and low rank approximation[C]//Proceedings of the
Forty-Seventh Annual ACM Symposium on Theory of Computing, 2015:
163-172.

Sagib M, Khan S D, Sharma N, et al. A study on detecting drones using
deep convolutional neural networks[C]//Proceedings of the IEEE
International Conference on Advanced Video and Signal Based
Surveillance. IEEE, 2017: 1-5.

Nalamati M, Kapoor A, Saqib M, et al. Drone detection in long-range
surveillance  videos[C]//Proceedings of the IEEE International
Conference on Advanced Video and Signal Based Surveillance. IEEE,
2019: 1-6.
Aker C,
detection[C]//Proceedings of the IEEE International Conference on
Advanced Video and Signal Based Surveillance. IEEE, 2017: 1-6.
FRcER, SR, /NP, SE RIS TR BRI e
T#2, 2020, 47(10): 128-137.

ZHANG R, ZHANG J, QI X, et al. Infrared target detection and

Kalkan S. Using deep networks for drone

recognition in complex scene[J]. Opto-Eletronic Engineering, 2020,
47(10):128-137.

XMRW, i TAe. filiEr A6 A 22 I 45 R 3 S5 25 PE R 20 40/ B B
R[], SeFF9R, 2020, 49(7):46-56.

LIU J, MENG W. Infrared small target detection based on fully
convolutional neural network and visual saliency[J]. Acta Photonica
Sincia, 2020, 49(7): 46-56.

Ty, Jonk, FRIEAR, 45 25T WUE I i PG 2 o A WU 1R 30 77
L] HFEIR, 2019, 39(12): 105-115.

MA Q, ZHU B, CHENG Z, et al. Detection and recognition method of
fast low-altitude unmanned aerial vehicle based on dual channel[J]. Acta
Optica Sinica, 2019, 39(12): 105-115.

CUI Z, YANG J, JIANG S, et al. An infrared small target detection
algorithm based on high-speed local contrast method[J]. Infrared Physics
& Technology, 2016, 76: 474-481.

ZHAO Y, PAN H, DU C, et al. Bilateral two-dimensional least mean
square filter for infrared small target detection[J]. Infrared Physics &
Technology, 2014, 65: 17-23.

Lange H. Real-time contrasted target detection for IR imagery based on a
multiscale top hat filter[C]//Signal Processing, Sensor Fusion, and Target
Recognition VIII. International Society for Optics and Photonics, 1999,
3720: 214-226.

BAI X, ZHOU F, ZHANG S, et al. Top-Hat by the reconstruction
operation-based infrared small target detection[C]//Proceedings of the
International Conference in Electrics, Communication and Automatic
Control Proceedings, 2012: 867-873.

EN, BRaO, BB, & KA RGOS LR R 204055/ B ARk
M) HFREIFE, 2015, 23(5): 1424-1433.

WANG G, CHEN Y, YANG S, et al. Infrared dim and small target
detection using image block contrast characteristics[J]. Optics and
Precision Engineering, 2015, 23(5):1424-1433.

RAUTE, FeVgigg, JETURBE BRI 2 I 204N BRI [I]. 205k

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

[82]

5285 R, 2019, 38(3): 371-380.

WU S, ZUO Z. Infrared small target detection based on deep
convolutional neural network[J]. Journal of Infrared and Millimeter
Waves, 2019, 38(3): 371-380.

PRE, K, EBEF, 5. A5/ B RRREEL R[] REE
KER IR, 2020, 25(9): 1739-1753.

L1J, ZHANG P, WANG X, et al. A survey of infrared dim target detection
algorithms[J]. Journal of Image and Graphics, 2020, 25(9): 1739-1753.
Horn B K P, Schunck B G. Determining optical flow[C]//Techniques and
Applications of Image Understanding. International Society for Optics
and Photonics, 1981, 281: 319-331.

Lucas B D, Kanade T. An iterative image registration technique with an
application to stereo vision[C]//Proceedings of the International Joint
Conference on Artificial Intelligence, 1981: 674-679.

Dosovitskiy A, Fischer P, llg E, et al. Flownet: Learning optical flow with
convolutional networks[C]//Proceedings of the IEEE International
Conference on Computer Vision, 2015: 2758-2766.

llg E, Mayer N, Saikia T, et al. FlowNet 2.0: Evolution of optical flow
estimation with deep networks[C]//Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, 2017: 2462-2470.

Teed Z, Deng J. Raft: Recurrent all-pairs field transforms for optical
flow[C]// Proceedings of the European Conference on Computer Vision,
2020: 402-419.

ZHU X, XIONG Y, DAI J, et al. Deep feature flow for video
recognition[C]//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2017: 2349-2358.

ZHU X, WANG Y, DAI J, et al. Flow-guided feature aggregation for
video object detection[C]//Proceedings of the IEEE International
Conference on Computer Vision, 2017: 408-417.

Rozantsev A, Lepetit V, Fua P. Flying objects detection from a single
moving camera[C]//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, 2015: 4128-4136.

Bertinetto L, Valmadre J, Henriques J F, et al. Fully-convolutional
siamese networks for object tracking[C]//Proceedings of the European
Conference on Computer Vision, 2016: 850-865.

Stewart R, Andriluka M, Ng A Y. End-to-end people detection in crowded
scenes[C]//Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, 2016: 2325-2333.

ZHAO B, ZHAO B, TANG L, et al. Deep spatial-temporal joint feature
representation for video object detection[J]. Sensors, 2018, 18(3): 774.
XUEL, B, dkE, . HETHUEAIEE R TE AU 77 7%
[3]. FHEHIIE, 2020, 46(12): 283-289.

LIU Y, LIAO L, ZHANG J, et al. UAV detection method based on
trajectory and shape recognition[J]. Computer Engineering, 2018, 18(3):
T74.

2K, HEFRE, 206, % ALERINEBSREQ]. PENFE
£, 2018, 32(3): 243-250.

WU F, YANG C H, LAN X, et al. Retrospect and prospect of artificial
intelligence[J]. Bulletin of National Natural Science Foundation of China,
2018, 32(3): 243-250.

1131



