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Abstract

Aiming at the problem of failing fire and smoke alarms in old residential buildings, this paper de-
velops an edge computing fire warning system based on improved YOLOv10 for the Internet of
Things. By designing a multi-scale fusion module and a bimodal memory module, combined with a
lightweight improvement strategy, the deployment of the fire detection model is realized on the
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Raspberry Pi 5 generation platform. A three-level early warning mechanism is constructed and
linked with the community IoT platform and 119 system to form an “end-edge-cloud” cooperative
architecture. Experiments show that the system achieves 86.3% mAP on three datasets, the false
alarm rate is lower than 5%, and the inference frame rate reaches 24.7 FPS. The research results
validate the feasibility of fusion of time-series sensing model and edge computing, and help the in-
telligent transformation of fire protection in old neighborhoods.
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Figure 1. System architecture diagram of this paper
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Figure 2. Dataset annotation flowchart
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Table 1. Training parameter settings
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Figure 3. Model training results
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Table 2. Results of ablation experiments
2. HAKEER

R SRS T2 A A S

SeaG e B il A BARALNZ BEN
A X X X
B v X X
C v v X
D (&771%) v v J

MAP@0.5
782
835 (+5.3)
87.1 (+8.9)
86.3 (+8.1)

TCI
0.52
0.71
0.83
0.85

FPS
12.3
10.8
9.6
247

M 2 RATLAE Y, FEBAEATEA | NATAT SO 1 UL T, mAP 2y 78.2, TCI 24 0.52, FPSHy
12.3, R/, BIARFRABE)S, mAP (2714 83,5, TCI $#2FFE 0.71, VM iz 580 11
AU IS B RS /), El TR T iH 5 E, FPS (4% 10.8. 7ESZie B HFLAN s AT 124
B, mAP E— 04Tt % 87.1, TCI&FH4 0.83, FRHAZAHAESRHE K 5 A b Fi v K B A ¢ & 07 T
HARENR, BitEE 4TSN, FPS RE 9.6. fESINRELKEIEE, BR mAP B FHFE
86.3 (NF% 0.8), {H TCI &7+ % 0.85, FPS B ETE 24.7, R ENIRME R EARGE R FK, X

EFETT 7R AR P, JER T SRR SZ R A A

N T BAEXE AL B R AP A IO AZ A N MRS R0 0 RGVERERIENT, RATE LI 4L C 2k

fiff EHEAT T VEAHNI S BUBURIE LS . SRARAE R AT

Table 3. Effect of different short-term memory lengths N on system performance

= 3. NEEHAICIZKE N X RS 14 RERF T

ZHN mAP@0.5 TCI FPS
3 84.2 0.78 22.1
5 86.3 0.85 247
7 87.0 0.87 23.4
9 86.9 0.86 21.9
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Table 4. Effect of different fusion coefficients A on system performance
F 4. TERE ZH . MRS RN

ZHN MAP@0.5 TCI FPS
0.3 85.1 0.82 25.3
05 86.0 0.84 245
0.7 86.3 0.85 24.7
0.9 85.8 0.83 23.8

ME 3 HRLEH, 24N M 3HNE] 5 i, mAP@O.5 fil TCI ¥JE#TF, 2% 84.2 F1 0.78 4
F1| 86.3 1 0.85 31X 7% HHIE > 14 0 & HAC A2 K FE R 8 BT L T 5 A M 7, (] I) OR B HE S5 1T 1 b T a3
NGB 7 WifE, mAP@O0.5 1 TCI I3 FHIEEAS /N, 1 FPS HF4h F . XRS KAz KEAUTE
BB RS, RO AT RN I SR, RemsER R, PR, EEE N MENENCIZ K E R — AN
BELT 05, BENS TR R SR I 2 TR BT

ME 4T LEE, HA=07K, R4E mAP@O0.5(86.3). TCI (0.85)F1 FPS (24.7) 2 IAlik 3] T ffE
PAT. Y 2K (Ban 0.3), KEEHAHIRAL, FETCI %% 0.82, H mAP@O.5 MSA I 85.1.
2 2 k(B 0.9), FRGUx K A B ) BUR FEFRAIC, TR SO RO S e R S, [FR FPS AR R
W22 23.8. DRI, 1B A =0.7 Rl £ K S S AT S e 7 2 [B) B4 e 147, ORAIE R 48 IR AR E 1 AN

SR
e B AT RN S, BRI 0 FL ARG AT P T AT R L, oLt
e 5 M 6 s .

Table 5. Comparison of detection performance of different methods

= 5. FRIFZEAM M REXTEE

it mMAP@0.5 FPS ZHE(M)
Faster R-CNN [10] 79.8 4.2 415
EfficientDet-D2 [11] 81.4 14.7 8.4
YOLOVSs [12] 84.6 18.9 11.2
KT 86.3 24.7 5.3

Table 6. Comparison of timing metrics for different methods

6. TR AN FFigtrxttt

i Rt TCI R VEE &S
M2 7315 [13] 0.61 112 11.2
LSTM + CNN [14] 0.73 8.7 6.5
3D-CNN [15] 0.68 9.2 7.8
S @IRES 0.85 4.1 2.7

7 5 WTAKIL, Faster R-CNN BARTERS ST HIRBLH AT, (HAEMAEIR S FRBE{FC BT HE R 5
BS, SHEKR, NEGSLNNTES . EfficientDet-D2 fERFFR/NSHE AR, $2TF T HEFHEE, H
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BEAIR T 20 22%, AHE RS A — ], (HAABETE A JEFA R T, 3D-CNN 3@ i — 4 45 A7 [F) i A
2 B] 5 I TR], F 52 PR ] TR 2 11, M DASHEBORIT SN 5 S B — B . ZE A S5 A S IO B il 2
Fn], BSR4 S ARG BER A, B DU Ak 7.8%. AT REs ARz S &K
PR, AT T HAE 7S, IC R RS H R M4 T S 1 1 B A B 34 AT LSTM + CNN,
TCl #2714 16.4% (M 0.73 £ 0.85), {EH] 1 XS MU%E L2V ¥ 5 47 B . 4R R AH LL AR 1 LSTM + CNN
(8.7%) %41 52.9%, A% KW /b 1 FTERCEER A P ALEZE T3 - IR R A EL 3D-CNN (7.8%)7k />4 65.4%,
TRIUE T KR YIS J5 B 5 R A I 21 o
5. &5

ARSI AL Pk BEAN RS A 5 T 00 TR e P i 5 STl 58, 503 & B AR B
BRI UNZ IH N X IAEIE D 2 e b, SCBDGTBAE KR B R IR FRF S . ARG A BUR, s
JFAMY, SN “CZIRANX SGE” Lok . B DI, SHX 2 RGEM. EARK, ATk
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