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Abstract Using the YOLOvV3 architecture, we propose a recognition method for fast low-altitude unmanned aerial
vehicle (UAV) detection based on the dual channel (Dual-YOLOv3). In this method, the infrared and visible UAV
images are simultaneously input into the deep residual network for feature extraction, and the extracted feature
maps are fused to enhance the expression ability of the features. Then, the multi-scale prediction network is used to
determine the classification and the position regression of the UAV targets. Finally, we obtain the detection and
recognition results. Comparison experiments are conducted on the real collected dataset of dual-band UAVs. The

results show that the mAP (mean of average precision) of Dual-YOLOv3-D with average fusion is improved by
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6.1% as compared with that of YOLOv3 with the single data source; the detection speed is approximately 27 s
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(b) convolutional layer structure
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Table 1 Evaluation results of different methods on test dataset

Method Image source Detection speed /s~ ! mAP /% A
DJ-3 DJ-Pro DJ-S900

Faster R-CNN Visible 0.429 86.79 85.23 87.12 88.01
Faster R-CNN Infrared 0.422 86.77 85.12 86.99 88.21
SSD300 Visible 22.42 81.51 80.21 81.32 82.99
SSD300 Infrared 22.54 81.43 80.08 81.34 82.87
YOLOv3 Visible 30.12 92.77 92.58 91.50 94.23
YOLOv3 Infrared 30.23 92.78 92.41 91.77 94.17
Dual-YOLOv3-S-1 Visible+infrared 27.94 95.41 96.89 93.21 96.14
Dual-YOLOv3-M-1 Visible+infrared 27.59 97.09 98.12 95.94 97.21
Dual-YOLOv3-D-1 Visible+infrared 27.17 98.85 99.83 97.85 98.88

P TH AL 144G I 1 R

B — B HE R X N B Faster R-CNN, SSD 5
YOLOv3 75 214 BRI 5 A) Do BAR IR T % 45 il
TR A IR RELE 0.4,22,30 s A2 A T WL B B
JE X R B Dual-YOLOv3 K il gk BE 29 oy 27 ~
28 s~ ', [AlFE,Dual-YOLOv3-D M %% 14 = % &5 1) 34
s At ) 28 22, AE Ao SRS 1 WA R AR SR AR
Fi TR K,

Xt AR J5 3 AT 40 B Al 1, Faster R-CNN
W BB Y, AR () A S T B A e TR AR TR
DURS JBE 1A7 — 8 AL 3 AR T8 A HILIX /I H AR 1 K
K i e BME 2% . SSD.YOLOvV3 5 Dual- YOLOv3
H Sy — By BOASE A R A 2% BT I B B A A R
P S U L H SSD KRS B BE AR, X R T
YOLO 454 T 2 ROBEWI M 2, 82 7+ 17 %/ HAR i
Kk B, 1 Dual-YOLOv3 ¥ fh 81245 B 4T
VB R 327 T X H AR RAE AR 7 (R AR 2 %
BE bW TR B ) YOLOv3 #8057 75 46 )
A — TR,

e 3K 4E T BE ML Fh HC YOLOv3 5 Dual-
YOLOv3 Jy ik il 45 8, & 13 s, &k

WEE R IR T =215 B B iy Jo A B & (UL 5
RETE 205 ) (T 2 500 5 B A5 B (FE 3 FUAE | B
R . ATLLE W B 5 B R A5 2 TE A HL H AR
2 AL ARSI R il R A A IR . (AT
A K B, A YOLOvS (1K I 45 5 b, 28 51 9
fE AT Dual-YOLOvV3-D kg5 R, X ERY
o T A ) A GRS TR A R B (E T A, B —
PG R XoF 17 535 F A T 235 SR 2 ik 2, B 0 T
XFJE N BB T PR A 4 A F . Z8 B TR, Dual-
YOLOv3-D 7E s I 5 7 B O T 51— 04 I8 %5
RL YOLOv3, HoAa a5 by . B SR ARG I okt B R A
REAIG , AR R EL 5 5 P ) 6 T i

2) SCH — ; Dual-YOLOv3-D X [f] 45 1iF Bl &
75 A X e S 8

e H8 5 A1 W5 i Re AF il 6 7 20 A 2l 9 245, ) A AR
[m) 7 AT N LR A 3k, 759 20 76 W 046 b 9 P A 45
gk 2 Fiw,

H13 2 AT LA 765 — R R AE Al & 5 =X (RSP
PR PR mAP fie i . ol B e, 10 R A
b 5 2 K il 5 O AR B A A5 25 B OR KL B
TR By a7 20 B, SR B B RRE Rl A 5 X

% 2 Dual-YOLOv3-D X A [6] @l & 7 2U7E ik 4 _E A9 DFA &5 2R

Table 2 Evaluation results of different fusion modes for Dual-YOLOv3-D on test dataset

Method Detection speed /s mAP /% AP
DJ-3 DJ-Pro DJ-S900
Dual-YOLOv3-D-1 27.17 98.85 99.83 97.85 98.88
Dual-YOLOv3-D-2 24.31 95.19 96.41 94.02 95.13
Dual-YOLOv3-D-3 24.47 5.21 96.34 94.24 95.04
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DJ-3 0.68

DJ-Pro 0.72

DJ-S900 0.54

DJ-3 0.77

DJ-Pro 0.72

DJ-S900 0.7

DJ-30.73
DJ-Pro 0.95

DJ-S900 0.86

DJ-3 0.94

DJ-Pro 0.97
@

DJ-S900 0.97

DJ-3 1.0

DJ-Pro 1.0

DJ-S900 1.0

{13 YOLOv3 5 Dual-YOLOv3 76 X4 vh &8 73046 I 45 SR T L P (35 — 500 D -4 R 3. 58 — 81 D R -1 Pro. 28 =51 N
KFE-S900) . () YOLOv3CHT WIEHEEHE) 5 (b) YOLOV3 (ZLAMELHE 5 5 () Dual-YOLOV3-S; (d) Dual-YOLOv3-M;
(e) Dual-YOLOv3-D
Fig. 13 Comparison of partial detection results of YOLOv3 and Dual-YOLOv3 on test dataset (first category is Dji-
PHANTOM 3, second category is Dji-MAVIC Pro, and third category is Dji-S900). (a) YOLOv3 (visible
dataset) ; (b) YOLOvV3 (infrared dataset); (¢) Dual-YOLOvV3-S; (d) Dual-YOLOv3-M; (e) Dual-YOLOv3-D

05 0 TR 35 LT TS PP MM A A8 e U D0 B, O 05— 2 22 7 UL 6 7
mAP B EHRTE . MBS R RSO . S YOLOWS %6 B4Ry 3 740 i JH1 9% 2 25 4y 5
I 240 2 0 K 0 A B S R TR I 2 B 1 T — 4 03 3 ) e A1
5 4k A ZE N MR M 3H 3 )7 # (Dual-YOLOV3) . Jf7E 3

| W B0 T LB S F AT T RS20 4 R

SEAT T BB B v R0 T Ay S SR AL T R TR T LB - G 8 0
B, B BT U 5 205N P 065 R BEFE AR, 5U, BERS A 15 B 7 B 55 40 A, Dual YOLOV3-D-1
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