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Abstract
Due to the frequent occurrence of fire accidents, fire detection technology is of great significance in
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ensuring the safety of life and property and promoting the sustainable development of society. In
recent years, fire detection methods based on computer vision and deep learning have gradually
become a research hotspot in the field of fire detection due to their high efficiency and strong adapt-
ability. In view of the fact that the existing fire detection algorithms are difficult to take into account
the detection of multi-scale objects and small objects at the same time, this paper proposes an im-
proved fire detection model YOLOv11_VAE based on YOLOv11. Firstly, in order to make up for the
shortcomings of the existing data sets, this paper constructs a dedicated data set containing 7687
images focusing on the early tiny flames in high-risk scenes. Secondly, in order to improve the per-
ception ability of tiny flames, a multi-scale convolution and Attention Enhancement module (MCAE)
is designed to capture and enhance key flame features at different scales through the “generation-
selection” strategy. In order to reduce false positives caused by complex backgrounds, a Global-local
feature aggregation module (GLFA) was proposed to improve the discriminative ability of the model
by fusing scene-level context information. Extensive experiments on self-built datasets demonstrate
the effectiveness of the proposed method. The results show that the mAP@0.5 value of YOLOv11_VAE
reaches 0.964, which is 3.3 percentage points higher than that of the YOLOv11n baseline model.
At the same time, the model parameter number is only 2.70 M, and the calculation amount is 6.6
GFLOPs, achieving a balance between high accuracy and high efficiency. YOLOv11_VAE provides an
effective and efficient solution for early fire warning in high-risk environments.
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Figure 1. Fire scene in the Amazon rainforest
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Figure 2. YOLOv11 VAE network structure diagram
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Figure 3. Comparison of convolutional network architecture
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Figure 4. MCAE module structure diagram
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FE AR L mIE), MK EARIRE).

M (E,) = o (m (8, (ave! )+, (8(, (mas? ) 3)

Hoh, avg” max” TR G FHINAL S B AR GBI Cx1x1 KNEHER R W, e RIC K
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Figure 5. GLFA module structure diagram
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e, [Jd, FEGA T, d, RoEBEARKLEEE;  softmax () 58 Softmax B HUHETIH—fk.

MCAE F1 GLFA AR T — AN F R 4. MCAE #yi%E — “BJRH L7 1E SRS
o, T AT LE (K K G 15 2 H RS R U . GLFA W% — A “ AT R 7 0 L F ot s,
R P A BB, ORI B P MCAE R 5 (53 B bR IR RIEFE, B T AR5
RG RIS . B AR AR, & YOLOVI VAE A8t [ 5235 73 (8] S R R
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4. HESEIER N RN E AR
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RS SFFE BHR S % 6 A TR RCIRAE. YOLO-HF [ 11715 ] 0 248 JEHUH 45 & ) 77 Sk, $Eensr
7687 HKIER, TERSHRHR 8:1:1 (I ELEIRI S AR . B UE AR AE . R (A% O 1 2 R
A RN R SE K EAT AR R PE L], A0S ELS R B RO S L E L RR 47 5 R I RE

KRG (Precision). 7 813 (Recall). F1 43 $(F1-Score) F1F 215 & H41{H (mAP@O0.5)1E A RS &
HIVEAR Fa bR o [RIIE, A FH A7 2 % & (Parameters, M) R 57 38 5 U (GFLOPS)E A Y & 2% B AR I 0F

LR
BT SEI TR G — WA IR R kAT, DAARESS A PR E8 . RE)IGESHEE
# 1 FR.

Table 1. Model training hyperparameters
= 1. REZGESH

e S H il
1 )& 0.01
2 R/ NN 32
3 AR SGD
4 WES- 2 E3 5e—4
5 YA A 200

4.2. XFHESELG

NUER] YOLOv11 VAE fdciftth:, ASCH S G EXU Bl #: Faster R-CNN PLE YOLOvSs.
YOLOV8n 7£ N i1 2 Fl S S AR AR AE MR EE L HEAT T M REXT EE . S5 44 2 Fir.

Table 2. Comparing experimental results

2. MHEEBER

(e} mAP@0.5 FETR HE R F1 5% ¥ GFLOPs
Faster R-CNN 0.936 0.948 0.895 0.921 41.76 134.38
YOLOVSs 0.930 0.921 0.881 0.901 7.01 15.8
YOLOVSn 0.900 0.928 0.864 0.895 3.01 8.1
YOLOvl1n 0.931 0.928 0.878 0.909 2.58 6.3

YOLOv11_VAE 0.964 0.959 0.925 0.942 2.70 6.6
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5 H BRI R BRI #% Faster R-CNN AL, YOLOvI1 VAE AMUAE mAP@0.5 Lt 2.8 N4>
M BEERCR E R EEIER Y, SHEMTT RS AONETE T 6.5%F 4.9%, % H T SR AT

%o

S[ENZERE YOLO ZFHER(YOLOVSs, YOLOv8n, YOLOvIIn)#fLt, YOLOv11 VAE fEfTE ¥
FEFRRR B3R T AT R AR T LAY YOLOvV]In, mAP@O0.5 8L 1M 0.931 F 0.964
M RERT . X —4E 590G JJHaEe, 8 A B B A 2 AR AT 25 R R B R, T AR SCHR AR B0
P SO 2 S BB S 1

4.3. jHmEASCLE

NI IGIE AR SR H % AR (DS Conv, MCAE, GLFA) A 81, ANSCBETE TR SEES . S250 DL
YOLOv1In AFELL, BDIMA M, FHERIESE EIFAEIEMERE. 45 R 3 P,

Table 3. Results of ablation experiments
3. HRLSLIOLER

T mAP@0.5 FEWR FENCIES F1 5351 ¥ & GFLOPs
YOLOvlIn 0.956 0.943 0.922 0.932 2.58 6.3
YOLOv1 1n + DSConv 0.952 0.942 0.912 0.927 2.10 4.9
YOLOv11n + MCAE 0.970 0.949 0.945 0.947 3.15 7.1
YOLOvl11n + GLFA 0.969 0.947 0.941 0.944 2.62 6.4
YOLOv11_VAE 0.980 0.968 0.953 0.961 2.70 6.6

HR I 2R SO0 R0 v AT HH DU R 458

HUE| N DSConv J&, A SEEF GFLOPs 737l 83E N4 T 18.6%F1 22.2%, T mAP A/
. IXUERA T DSConv /N —Fhiz AL SRmE A 250, BN JE 2T R R R 240 T SR T

B 5] N MCAE FEHs K T 5o 535 IR RE KR, mAP =TT 1.4 N 20 2, Bl e A R 0.922
KHESEFF A 0.945. X EBHIF T MCAE 1422 R EEFIFEAT I 2 7 50T B0 A 0 HE AN 388 380 N K OJARATE
AT A T i

BRG] N GLFA B [FIREH SR 7 T AR RS 25 (mAP $2 71 1.3 ANE 4 ), HAR S 44 B it/ .
HAEF R AR TN 0.943 3| 0.947)504F T iZ AR BUE BN 45 R, BRANH] 75T, BRK TR
ex,

SRR T BT LR 5E B YOLOVI 1 VAE fEFTA K fabr LYk B, mAP &% T 0.980, iX
KB [BAFER B FIE R, SRR T — /R SRR, JF H R &R
BORE ST Y, B0IE T ARSC “IRBE M IR BL” W E R
5. &g
51. TIER4

A Ge v fE IR R Rk AT aa V) TR, B IS T B ARSI S AE VR BT AN KA IS AR
FIJRAS AR AERT, TR T RGN OB R RIS T — M m b, Eks I K o G I A
%4 YOLOvV11 VAE. ZAMFFCIE R 2% FH A S A AT £ 5 1 B P 28 3R B3, RS ok 1 4 e 5t

TR AP . SRILE R, YOLOvI1 VAE 7F H &K &GS KR Bk LIS T 0.964 1
mAP@O.5, R4 T AL FE IR N I 2 R R A I ES, R B SR 270 M, iHHE
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N 6.6 GFLOPs, fERIIINKEFE 5 B RCR Z AT 1 il e i F 7 ni, B8k 17 HAR A SEhr 7 R E
K1
5.2. RRRE

SRR FORAT T UM RR, B D IRR AT A 2T A0 TARRRRTE, ARRIIHE
FERT LR JUAN T TR AL 4 i -

LR AT WO R, HLAE REAE N S IS SO A RSB 5 5 T 3. RKRI— %
OB FT R G ALANEGAE D . INLAME IR RE S B ARIR 2, FE A AR ] IL O A At g
KRB RAEI . K RERS (Rl BRI . SOREANRRE 70 A () 2 USRS R, R RERR SR THRLIN AR SR
BREE, SCHUN AN B CRUE” KA.

KR FE—ABEERE,  JIGHIANNR . SIESE PP 135 M B AT R AT 40
AT 0BT, RAEFIIIZLEBN AR Z . ARMKTT LAGI N BERS AL (8] 7 71 AR 2 245 5884, 70 3D CNN
B S Transformer, JEIL5E 3] JOGFERS [AIESE - AOBSHHIE, A B — P FRRRIRE, KRR PF
3R AL = B

NI N B R P A2 IRt BB, RRATRE— PR B B R A BOR, iRz . 4SBT AL
S, EIBSRMEMEREMIFRINS, BE— DRI T SN E T8, HESN SRR ) 2 () Tk 37 5t rh i
HRH -
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