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Research on UAV detection method based on
feature enhanced YOLOV4 algorithm

Shi Yuxin Zhu Jijie Ling Zhigang

(College of Electrical and Information Engineering, Hunan University, Changsha 410082, China)

Abstract: Consumer-level UAVs have small scale, low fly speed and height, existing deep learning methods hardly achieve high
detection accuracy and good robustness on detecting UAVs. In order to address this problem, this paper develops an improved YOLOv4
algorithm with feature enhanced module named as FEM-YOLOv4 for UAVs detection. Firstly, according to the characteristics of UAVs,
this paper reduces the subsampling multiple of CSPDarkNet to improve the backbone network and make full use of shallow features
containing detailed information. Secondly, this paper introduces the feature enhancement module to replace the SPP module. The feature
enhancement module includes multiple branches and dilated convolution, and it obtains different levels of semantic information, which is
beneficial to enhance the detailed semantic features and the detection capabilities of the network. Thirdly, delete the PAN module to
improve the feature pyramid, and compress the depth of each detection layer to highlight the detailed and semantic information of the
feature maps. Finally, the anchor box is initialized by the K-means++ algorithm to make the model more suitable for predicting the UAV
targets. Compared with the six target detection algorithms, the experimental results show that the mAP and Recall of FEM-YOLOv4
algorithm reach 89.48% and 97. 4% respectively, which are superior to other algorithms, and the average detection speed is 0. 042 s.

Keywords : convolutional neural network; deep learning; YOLOv4; UAV detection; feature enhancement module
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Table 1 Scale comparison of target candidate frame

B FHEEIUD SEIAHE

Voc 19%19 (142,110) (192,243) (459, 401)
38x38 (36,75) (76,55) (72, 146)
76x76 (12, 16) (19, 36) (40, 28)

TIHL 46x46 (34,47) (44,54) (67,97)
92%92 (23,29) (20,35) (29,38)
184x 184 (1,15) (14,22) (18,26)
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3.1 HEENA

R T B E IR AR SR s T X PR T A PR
IR AR, A SCR T A IS APLEE S UAV-dataset Fl
CVPR 2020 Anti-UAV Workshop & Challenge H A% FF I 4L
PEEE Anti-UAV dataset , 73 3 EA T SZ G ANBGE

AR SO LA 7 T8 ARSI 24 0y AR B Tl 45 4 A
PR UAV-dataset, H @ $5 YII 248 7 920 5K, Wi 4k
2 100 5K, Jo AHLEHE AR ER 73 HE 3 1 920x1 080, B A
HLHFRR 43T 1E 2620 Z 140x 110 X ], Bis s
SIFEAINE 4 PR, FEAEEINST AT (B 4(a)),
NG ZIREE (] 4(b) ) T TEALE Fr o R H]
FHOCHR A X Bt 48 v i RS AT b e, A 5 181 R A %
IF (A FERE SCAE

i

(b) AR

(b) Outdoor complex environment

Kl 4 UAV-dataset #PFEZAR E{E
Fig.4 Partial sample image of UAV-dataset
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(a) Outdoor open environment
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R (7] UL RGB+ITLLAM NIR ) AL ( 100 B 40 4% ,
60 BLUI LR ) | 25 2 Fhiz 5c T 2 ROE TC ADLEE, R
SR 8 ER SRR A RN SR AT A R AR R B A
& bounding box DA S IR M Hii Wi 5 A7 76 H A5 i Ar ik
Bro HIIEASCE HE YOLOvA Jo A ALK IS 750 4 i
SCREEL 30 BEAr RN 1 920x1 080 (7] WG RGB LA
TEAMLEARREA3 1E 35%20 ~ 11080 X (8] P, K 44t
RE— MRS BT 74, 1538 & YOLOv4 A2 AU)I|
e Bdassl, GBS RIEERIE L E R 5 ¢ 1,585
FEAC G &5 ron, BB ARG /N ROE B KL B AR
(Bl 5(a)) EaEshERETINER(ES5(b)),
3.2 EWBEITHESSHIEE

AR A Darknet IR JE 2 HEZL BAER G N
Windows 10, GPU Afif4:>% Ffl NVIDIA GeForce RTX 2080 TI
12 GB,CUDA Toolkit 10. 1 JiAS , cuDNN 4t 25 %) 45 it 3 J¢
7.6.4 JEAS, (I YOLOv4 W 45 Fe it I i ) 45 4331 1
TN, 26 DI 2 B B, 246 i A B R 00 ROST 4 8 4 oy
736x736 , L R/INA 32, TR EL 0. 000 55 Sk AR AL
} 20 000 YK, WILA BT B i dE 0. 001 12~ 5 YA IR AL
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(a) DREFLANLH AR

(a) Small scale drone targets

(b) BEREFHERELANEIR
(b) Medium scale drone target with
complex background

5 Anti-UAV dataset #5534 E 4
Fig.5 Partial sample image of Anti-UAV dataset

4392 16 000 1 18 000 i, 2% >J R £ 2 0. 000 1 Al
0.000 01,
3.3 iFristR
SRR LA R X Bk i M BE IR AT VT AR, B A A
W 4% 38 H (8 B K B bR 59 A 151 R (Recall ) F1HE B R
(Precision) fE P HE bR, o LAan= (1) . (2) Fios,
TP

Precision = (1)
TP + FP
TP
Recall = ——— (2)
TP + FN

Horr TP FFP 43 1) 37 A5 ALK E AR ARG I 1E A 5
FERAVECR PN ORI ECRE . A MR RIR IER U
TEAPLAHEA 3 0] 3585 R T A B /b s mAP Ko 2
U TE ALY 0SB X, mAP 8 55 7 1 % /b
RGN S 2 7 A AU A I — K R 1) - R4 I R] - PRk, AR
SCRATPE R MORS BE (mAP) A 1128 G I 58 B2 A o
MR
3.4 KIWERIEESR

1) FER AT AP iy

9 T VA BT B SOt A e TE AL E B A I i A Y
AR AEAR R S50 25 AT, A [ it SR, AT
YIRS H S SN 2 B, Ho VR TEIZ AL
F T X R SR, backbone 28 7% B 1 1 2 IR 465
FEM R FFAiF 3 5 5L e FPN s el ik FR1iF 4 238 ™)
%%, Anchor 278 K-means++ 375 H R,

x2 (ERFEKIHREENER

Table 2 Test results using different improvement strategies

528 Backbone FEM  FPN  Anchor mAP/% Recall/ %
1 87.33 9. 1
2 Vv 88. 63 9. 8
3 VvV vV 89. 06 97.1
4 vV vV VvV 89. 41 97.0
5 vV vV 2 89. 48 97.4

o FEAS SCRQ B SRR S, - B4R 0 4 [ 7
BTAFBERARS, @ H%ER CSPDarknets3 B+
%5 ,mAP -7+ T 1. 3%, Recall #£7+ T 0.7%, il WX}
T/NRBETE AL F AR RIS 5L, R AE 42 0 25 1 TR SR A

R BCRRRIE B W A 5 8 oy 2L,

i AR SC OGS IS IS, mAP B R 89. 48% , #Ji M 4%
I T 2.15%; Recall 15N 97.4%, IR 432 T T
1. 3%, SZHRERH | At 5 s o A SC o 6 JE AL H B A
Y isl.

2) UAV-dataset SZE0%5 AT L

A EE UAV -dataset 088 5 Has 0 3855 T /N R
TN EAR Z AT /NRE T AMME LI 5 T £
TEANLE bR 3 FAE SR X 43T, YOLOV B3k 5483
MHE YOLOv4 BRI g 2 el 6 .7 s

(a) NRET NI T

(a) Small scale drone scene

(b) BT
(b) Complex background

(d) BENBIZ R

(d) Multi-drone scenario

(o) W HH
(¢) Empty background

K6 YOLOv4 B ikkailas i
Fig. 6 YOLOv4 algorithm detection results

(a) MRELNBLIF R

(a) Small scale drone scene

(b) B F
(b) Complex background

(d) BENHI 5

(d) Multi-drone scenario

(o) YR
(c) Empty background

Fl7 FEM-YOLOv4 BEKZ,
Fig.7 FEM-YOLOv4 algorithm detection results

R 25 S mT LA B0 [ I AHLEE4E UAV-
dataset, FEM-YOLOv4 5.3 H i YOLOvE LR B 4T,
YOLOv4 Bk e 2475 5 (B 6(b) ) s 15 Stz (K
6(c)) ¥Rk JE AHLHFR, i YOLOv4 53035 ¥ RE 5¢
BIC AL H Fn e W, H & A5 B 50 51 R 51% . 45% (& 7
(b) .(e)) s HE/NRETANIT 5 (E 6(a) B 7(a)) ],
FEM-YOLOv4 %5 3 £ th 19 & AL B 15 BN 75%, &
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YOLOv4 M 41 13%; e 2 B A= (F 6(d) A7
(d)),FEM-YOLOv4 55 & i (%) Jo A HL A% BE 43 51l hy
74% 14% , EET YOLOv4 M4 1 65% 66%

ST B A T MDA R IS SR R R, SR FH el ik
YOLOv4 M4 5 Faster R-CNN . FCOS'®’ Free Anchor'®’ .
ATSS™ Libra R-CNN" FlEHA YOLOv4 X 4% 30815 % Eb
SIHG | W 2% A EMG K /INE Ol 736%736, LA mAP  Recall |
o I3 B2 AR Ry SR A TR 4 B, SE IR A5 SR X L An R 3
FR o

% 3 UAV-dataset #7245 R
Table 3 The results of detection for UAV-dataset

Bk mAP/ % Recall/ % s} 18] /s
Faster R-CNN 87.48 91.6 0.078
FCOS 85.89 92.5 0. 049
Free Anchor 86. 59 95.8 0. 037
ATSS 89.28 96.2 0. 052
Libra R-CNN 88.20 96. 5 0. 067
YOLOv4 87.33 96. 1 0. 040
YOLOv5 89. 40 92.7 0. 015
Ours 89. 48 97.4 0. 042

T IR R R AT AR A8

AR, B BRI 4% Faster R-CNN H T4/ IR,
SR I B ) TR, ATSS W 45 3R 3 N RE AR 1T 4k
mAP fig 1% ik 2| 89. 28% , {H K I 3 & AH XF 5 1% . Free
Anchor P23 1o B 2k PR, BE A% (W {k 58 4% M U g
BHE DG AE T H AR ARG I A A AR (A AR N S R P,
YOLOvS M4%% FH Mosaic Z(HEI8 58 ML A Focus 2544 , i
A PRS- JA RS IOHG J3E Ae E A5 24 T

ORI 2 70 A M I 3 58 A e i o 6 A ML
PRAETY H AR R 5, LT YOLOV4 B0 64T W 2% 45 4
PR 3E R IR )2 A R TR | 7 A D 2% S ) fR B
THEZHR G R TSGR 4 mAP i5%] 89.41%,
B R 2. 08% , LI ERS PR, VS AR AIE 384 5 4SS B
J& i 22 U T 4 Al s U
AR R D E R LT, mAP 5
Recall #3525, 8R4 53 BIHE T 2. 15% 1 1. 3%,

3) Anti-UAV dataset SZI5 X} L
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Table 4 The results of detection for Anti-UAV dataset

Bk mAP/% Recal/%  BJ[l/s AKX /N/MB
YOLOv4 93.94 95.2 0.041 244
Free Anchor 92. 87 94. 1 0. 036 290. 1
Faster R-CNN 94. 03 92.3 0. 080 330.2
FCOS 89. 86 91.4 0. 047 256. 1
ATSS 94. 17 94. 8 0. 055 256.3
Libra R-CNN 93. 88 93.7 0. 064 292. 4
YOLOvS 94.73 91.6 0.018 167. 8
Ours 94.59 95.5 0.042 77.3
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