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Smoke detection algorithm for UAV aerial video in multiple scenarios
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Abstract; In the field of UAV smoke detection, due to the significant variations in different detection scenes,
existing smoke detection algorithms often suffer from issues such as low detection accuracy and slow speed. To
address these issues, in this paper we constructed a new UAV smoke dataset ( USD) in multiple scenes, and
proposed an improved YOLOx UAV smoke detection algorithm in multiple scenes. Firstly, we introduced an
improved attention module into the YOLOx network to improve the extraction process of channel features and spatial
features respectively, which can extract more representational smoke features. Then, we presented a two-way fusion
network to enhance the fusion ability of multi-scale feature fusion module for small smoke target features. Finally,
we utilized a Focal-EIOU loss function to address the issues such as the imbalance of positive and negative samples
in the training process, and the distance and coincidence degree of two frames cannot be reflected when the
prediction frame and real frame do not intersect. Experimental results show that the proposed algorithm has good
robustness when applied to UAV smoke detection tasks in multiple scenarios. Compared with several classical
smoke detection algorithms, the accuracy of the proposed smoke detection method on different data sets has been
improved respectively. For instance, compared with the original YOLOx-s model, the accuracy was improved by
2.7% , the recall rate was improved by 3% , and the speed reached 73. 6 frames per second.

Keywords: smoke detection; UAV aerial video; multiple scenarios; YOLOx; attention mechanism; improved

feature pyramid

MR M ARG, BAE R BFEN TIHB K BA EE A E L, E AR
WL | DRI 400 55 288 R A DX T Bl R A LIRSS U — A A s i
FHEME L, TANLEA LS | rT IS FE A TG 55 A5 DN 15 R 22 R 58 T T H A5 b
Aol B RS RN S A I ST A B . RSB T IO R IORS N i R 22
M, Bk, F R TE AN S A e R 28 B SRR R AE R AR RE g, 9 12 i T4

WrRs HHA: 2022 -05-30; RAHEH: 2022 -08-08; & E % AH: 2023 -04-06

P& &l : hitp://kns. enki. net/kems/ detail /23. 1235. T. 20230404. 1644. 004. html

EE&WB . AR IER T AL T (2019GABICA2 ) ; P4 ZE MR By K22 AIFST A8 A1 #7345 (CXJJZ1.2021022)
EEE . TBAE(1978—) B 1 Fl#E

BEEE . LB, wangdianwei@ xupt. edu. en



4510 14

FBeAR, AF: 2R IANUHAIAN SR F% <123 -

ZR TR, SCHR[S - 6 1ff 1] YOLO R 4153 1k itk
BN, BAEZ R R THBEAE, X
HROT7 THR M T AR5 A AN FIREZE s SCRR[ 8 T4 1 1
PR G5 A I 30 BRI 1 S0k B B84 1 i
A, SR NS, STk 9 ] 4 i — Rk
LRI E I R o > S SO 2 RE A
. i, SCHRL 10 - 11 ] R RN T4 U0 55 1145 i
PR YN A 0 [R]EE, (0 N T B A 55 R
SR BT EEVEAR, SCER[ 12 ] 2 JOE A
JHZ5 58— R DU 09 77 1% 5 SCHR [ 13 ] 4 H T IR B2 T 43
B RURI 22 I 245 1 A0 55 A D B v 5 STk [ 14 1 42 4
YUV AT AN HE Y MobileNetV3 I 4 2544 ,
B2 5 T M R ROCRE AL SCHIR[15 ]
$E A YOLOv4 B30 A SCHR [ 16 ] £2 3 i 20k iy
YOLOvS B3k #B T 5 4 0 555 32 5 s ARl i 1 BT
Mk ; SCHK[ 17 132 H A9 SparseR-CNN 803576 v H T 4K
25 Kl 45U ssk of B Sl BT T MR R (R A S PEAS
o SCHR [ 18] #2 Y YOLOx H 45 4 W 57 2, 7&
YOLOv3'™' iy L 7t F 37 8 T Decoupled Head #il
Anchor-free 25255 | ARG B2 0 42 T (HLAE N
TN T 1 223 Sed R s PRI,

B DL BB 1 B U gl b st R 2E
— RGN FE AR A (R R, AR SC|EST T — A2
TRTE A HLALFA HH 55 £ 4ls 2 (UAV smoke dataset,
USD) , B3 B2 S AL | XS ) R AiE 45 A58 I R 453 2K v
03 AN & YOLOx 53k 371 T 3 ik e i
X 222837550 T JC NHLATAA AR A HH 2546 UK )32, O
FA SRR BT

1 T AANATEEE F 404 & USD By 2 1

BUA B9 I0 N UILIAUIA 55 K6 30 o P ) )1
YRR Z NAE LA T 1 S — 3 S s e A 1
FOMZr i R M BB BEIE T2 FRYTEA

(b) & R#
1 USD #iEEWT s H=WEZE K

Fig. 1 Smoke images of some scenes from USD
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Fig.2  Proposed algorithm network model
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Fig.3 SCA module and bidirectional feature fusion module
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Fig.5 Partial detection results of proposed algorithm on different test sets
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