wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

i B iSRS S N EENM KB NEERER
ZFhRiE, 5%

5IAEX

ZHR, D5, EEEMFIERENEENCGIENEERR]. TEHRE, 2025, 52(4): 64-73.
LI Xiaolan, MA Yong. Study on Lightweight Flame Detection Algorithm with Progressive Adaptive
Feature Fusion [J]. Computer Science, 2025, 52(4): 64-73.

HEXEEE (SERXMEE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
ETZRERMGEENNSUAXEEGESENSEM

Multi-view and Multi-scale Fusion Attention Network for Document Image Forgery Localization

HENRIE, 2025, 52(4): 327-335. https://doi.org/10.11896/jsjkx.240100142

KIEFEEZNARBHRKEDMEZEGDESTE
Long-tail Distributed Medical Image Classification Based on Large Selective Nuclear Bilateral-branch
Networks

HEMNREEE, 2025, 52(4): 231-239. https://doi.org/10.11896/jsjkx.240700039

HETFYOLO-UnetBEMEAIERMARBIFIEHR
Research on Individual Identification of Cattle Based on YOLO-Unet Combined Network

HENRIE, 2025, 52(4): 194-201. https://doi.org/10.11896/jsjkx.240100144

BT ESGERANNBENXKFITTIE

Adaptive Contextual Learning Method Based on Iris Texture Perception

HENRS, 2025, 52(4): 185-193. https://doi.org/10.11896/jsjkx.250100022

TFHGARMBESwin UnetrfIERBEDEITE
Complex Organ Segmentation Based on Edge Constraints and Enhanced Swin Unetr

HENRSE, 2025, 52(4): 177-184. https://doi.org/10.11896/jsjkx.240600007


https://www.jsjkx.com/CN/10.11896/jsjkx.241000093
https://www.jsjkx.com/EN/10.11896/jsjkx.241000093
https://www.jsjkx.com/CN/10.11896/jsjkx.240100142
https://doi.org/10.11896/jsjkx.240100142
https://www.jsjkx.com/CN/10.11896/jsjkx.240700039
https://doi.org/10.11896/jsjkx.240700039
https://www.jsjkx.com/CN/10.11896/jsjkx.240100144
https://doi.org/10.11896/jsjkx.240100144
https://www.jsjkx.com/CN/10.11896/jsjkx.250100022
https://doi.org/10.11896/jsjkx.250100022
https://www.jsjkx.com/CN/10.11896/jsjkx.240600007
https://doi.org/10.11896/jsjkx.240600007

http: /www. jsjkx. com

DOI:10. 11896/jsikx. 241000093

St A 2
COMPUTER SCIENCE

M EENFERENEELNERNEEZRAR

FRW 5 B
BrREIAFUHENBFEIRZR & 210094

(xiaolan. li. work@qq. com)

H E A UNREGAGELGH AT EHREIRBENBEENGEOHES SHEEAPFHEYRA. R — it aEp
HIEGRESNBRETARBEMNE L, AL BT BRSEAFAERETEMRBER LI LES AT R4, LR 445858
MAENNZER ISR A TREZCEMNAERBEE L TAHENBARTAFERRAN, ABEIRETTRETHIEELEL
BHRFTHFAA QAR EATHAEBORETASFEBANN KA TARPEERLSH . EBRT R THAE, £
Bk SRR IR-H i G E N AR RS ER R AR EFMEB A, RS R GFIEE A A E, RS S RE B R
AR, FRAERAW IR ELETHIEERE R SHEI 27 IFPS WA, AR BHIKE 2. 1X10° & AR Y 69.5%,
Fik %) 83.4% 4 mAP@O. 5 &l B, BEFK TIAH TR F %,

KR REF T s EVAMRE; B AN ;2T A2 R % 45 R IRW % 45 48 Gk A P 45 5 45 4238 5%

FESES TP391

Study on Lightweight Flame Detection Algorithm with Progressive Adaptive Feature Fusion
LI Xiaolan and MA Yong

School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094 , China
Abstract In response to the challenge of balancing accuracy and real-time performance when deploying flame detection models on
edge computing platforms for visual security systems,a lightweight flame detection algorithm featuring progressive adaptive fea-
ture fusion is proposed. Firstly,a lightweight sparse convolution operator is designed to reduce the model’s computational com-
plexity and memory access cost. Subsequently,to address the shortcomings of inter-channel information exchange in grouped con-
volutions,a lightweight feature extraction component is constructed based on the residual concept,enhancing long-distance con-
textual features. To tackle the issues of feature loss and background interference in deep backbone networks.an innovative light-
weight feature enhancement mechanism based on high-frequency augmentation is proposed, optimizing the parameters in both
spatial and channel domains to mitigate background disturbances. On this basis,a feature enhancement-progressive adaptive fea-
ture fusion framework is established to facilitate the thorough integration of feature maps at different scales, thereby improving
the utilization of feature maps and enhancing the recognition effectiveness of multi-scale targets. Experimental results demonstrate
that this method achieves a real-time inference speed of up to 27. 1 FPS,reduces the parameter count to 2. 1 M, which is a 69. 5%
reduction compared to the baseline model,and attains a detection accuracy of 83. 4% mAP®@O0. 5,significantly outperforming ex-
isting mainstream methods.

Keywords Deep learning, Computer vision, Object detection, Lightweight neural network., Feature extraction network, Feature

fusion network, Feature enhancement
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F T b B AR AE B2 W AR R A IF LI — R )R AL E W,
FEEW XN i BRRERE, =1 BREER =2
ARFEPRRORBIZGER: HRBBRBRENY AR
AEJEHE | 2RI YL AR B AR AR R AL 28 ¢ B
it B PAF'E 1% .

TE Layer2 4B Layer] i H 09 P54~ 2 W 09 ¢ iF R T
) 2% %y 4 (4 R 1E L L 7E 28 AL, resize AR ) R SE, 549K #E4T
ACEE VT T A I I A A AR L B 2 R 1 AR Sk

3 XRAMERSM

3.1 HEEHE

TEYI 2k H AR i A B i, B R 0B WA R R, H
5 R A R DA T A PR BB A BRSO . AR SCRSE Y
E AR A I B0 v ik T 4 W B U R B 2 ) ik TR KR AR
TEBCHE LA R A, KO RS I 45, 1 TG 5 I R 0 A T L
e, Rt 1t Kaggle S & . MIVIA B3 4 25 5 5k W %8 ik
LM E R, Ik H 3000 sk B F L i Labelimg T H. i 1745
LI H IR 2 8+ 1+ 1 By L B R 43 ) DI 2 4 L 6 ik 4R R ik 42
HAr A 2443,246,311 5K &

I TR A BB 4 R A K-means 3 28 53075 X B HE K
INEAT BRI FERIZ IR R 2 UORR Z IR 3 A R 43 5 R 2
SAEEHE, B . ([30,35],[61,56].[87,1070),
([184,122],[124,2097,[215,195]), ([374,169], [ 256,
3297,[437,3600),

3.2 =A%

e YERE R 55 45 b AT IR DA T I 2, 92 00 PR B dn 3 2

i3,

#* 2 RSB

Table 2 Server enviroment

X fz &

CPU Intel Xeon E5-2630

GPU NVIDIA RTX2080Ti

W #E 110GB
Python 3.8.16
Pytorch 1.8.0

BRI 2 200 AR, #Lk KN E SN 16,80 A KRR
INGE— SR 640 * 640, F B HLAR T Kk AE R DAL %
2B E R 0,01, 2 S i E Ol 0. 937, (Bl = M 6E ik
55 s TEER AR b 58 RIS R I 2
43 B TR R I 25 B E 8 TR .

';!

P8 H ARSI R

Fig. 8 Target detection effect
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Fig. 9 Small target detection effect
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Fig. 10 Detection effect under confusion background

3.3 iFMriERR

B B R 0 S A, H A 48 AR A ORS B8 (Preci-
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AR, FROR BN O T B BRSO AT RO 5 TR B0 Y
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TP+FP

TR A e 42 A, 2R B S IE 5 LA 2 SR AF R B
5 P A 2 A A A AR 7Y
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TP+FN

Horfr, TP 45 TE R A B B T R 50 04 B 6] 403 s FP 98 171 FE AR B
FE BRI A B s FN 8 TE R AR A 3R IR0 i R 85 8

SRR iff 22 RN A3 (] A8 AR R LA 1 ASE R 0 P RE L (A A A
Aok AT A BB R AG MERE L R B ACE IR .
Recall A AL #5 , Precision A 9h AR Hr , 25 il 1 i1 22 51 X6F 48 4k F
HEATRr A58 AP A, 4 ITA 2500 AP (6 03, B4 21
BIRSEYE mAP, AL mAP@0. 5 15 A PEREFE R .
3.4 HEXWHERSHH

Sy T B UE T AR Ty i P & AN B A RO L X R T IR 4 R
FRAE ML A HESL AT Bl 90 56 . SR ] CSPDarknet53 + PANet 2
FEUERERY, 3 5 BB SO ik R i Ul T M 48 fil PAF'E;
]I, R 36 30F & BF 8 1R SCHR A 38 3 4y 2 098 ZHE  7E Ba-
sicBlock 143 BIR K BE 8 1 F SCRR AR 3G 58 2 52 PR &
T SCREAE 1 58 3 SR B — TE A S R AE 1 5 0 S SR R
43 9 4 44 A LongBasicBlock, ShortBasicBlock £ IdentityBa-
sicBlock; N UEHH FFEHSR # 8 (4 45 20 ¥ . £ PAF'E & 45

Precision= (20)

Recall= @D
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FFEHSR i, JHascmgs Ransk 3 o,
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Table 3 Ablation experiment

HH mAP@0.5 £ # & it 5§ &/FLOPs
baseline 80.9 7012822 16.0
baseline+ IdentityBasicBlock 80.4(—0.5) 3847782 8.0
baseline+ ShortBasicBlock 80.5(—0.4) 4150430 8.8
baseline+ LongBasicBlock 82.2(+1.3) 3984222 8.4
baseline+PAF*E(no-FFEHSR) 81.9(+1.0) 5106435 13.2
baseline+ PAF'E 82.5(+1.6) 5106435 13.2
baseline+ LongBasicBlock+PAF'E  83.4(+2.5) 2141323 5.8

IYMEEE 3 ALK T IR AR AR T%IA!r‘Z%-Wi?W%
PR SR S 2 R RN TS R T B 5 E iy S ) B S
BN & R 2 4071 {5 8 1R fb . mAP@0. 5 A 0. S%E’JTB%EO
%} BasicBlock 51 A% 2 T SCHRE B 58 43 32 J5 . mAP@0. 5
RARAFAE 0. 4VWJTV-€IAKEE%LT1 AR R A 3 A
mAP@0. 5 $&F+ 1. 3% . X 74 UL 52 R T M 45 78 )2 IR
IRt £ 7E R 2 40 W ME B ny iR 1k, B BE B 4> X M Ba-
sicBlock " ERER T2 12X 1 45 AT g 2 A AH [R] L TE 74 A 203
R B B R E, MK R ES LR SCRFAE 3G 98 43 S8 o
WIZFHEAE R AR5 B B 1 38 T8 R 56 B0 3 H A B
THANREMREMREG TREPEFEEEROASE, X
baseline 5| A PAF'E e iff AR B S Fm AT A RH T —EMN
T, mAP@O. 5 B F T 1. 6% . R T ik X A 15 57 F5 A il
B HE SR AE KA K AT 55 v 1 v itk 5 HLUJC RE 95 A A28 f
AE Rl B 7= A 9 IR 75 5 R [6) )2 R ) B9 15 B P ) o 7E 254
FFEHSR J& . mAP@0. 5 {UHEF 1. 0% , (H AR S 550 & i

AR X S FFEHSR B ARG AN S 800 175 5
PRI AR R E 3 Ak T AR Hh o ok
3.5 MLEZBERSHH

SR T B T R B 0 A 2 2B R SRR vk A ok
ARG TN 0 24 S 1E AT X BE S B, 8 B Y BRI 2 48 ResNet™™ &
5. VGG & %1, YOLO™ % 3, ShuffleNetv2™ | Mobile-

Netv3,GhostNet Fl MobileNeXt®!, %t [t 52 56 45 3 5% 4
s,
#a AR
Table 4 Comparative experiment
A mAP@0. 5 L4 it # & /FLOPs
ResNet50 82.5 26967094 73.9
ResNetl101 83.2 45933110 134.5
VGG-13 71.9 5149910 51.8
VGG-16 76.4 6477654 68. 8
VGG-19 78.2 7199062 80. 8
YOLOv3 81.9 9301222 23.7
YOLOv4 81.6 10062822 21.6
YOLOvVS 80.9 7012822 16.0
YOLOv6 82.5 4629007 11.3
ShuffleNetv2 76.4 2865718 5.8
MobileNetv3 81.0 4900516 9.0
GhostNet 83.2 3675726 8.0
MobileNeXt 81.7 4420630 8.5
R XH % 83.4 2141323 5.8

XL 52 56 25 R & B, A B T ResNet50, ResNetl01,

YOLOv3,YOLOv4 #1 YOLOV5 % 8 3 . A 5 3 /£ mAP@
0.5 348 0.9%,0.2%,1. 5%, 1. 8% Fl 2. 5% MITE L T
BRI AR 92.1%,95.3%,77.0%,78. 7% F1 69. 5%,
TR R AR 92.2%,95. 7% ,75. 5%, 73. 1% F1 63. 8%,
XA UL T A SCE LR T mAP@O. 5 45 b5 A9 R A, 7] LU
KAOFBRARTT 5 8 S 80 . M8 F YOLOv6, ShuffleNetv2,
MobileNetv3, GhostNet fl MobileNeXt 25 4% 4 b B ¥, fir #2
B TE SRR 4 W R 53. 7%, 25. 3% .56, 3% ,41. 8% Fl
51. 6% A5 B PG 48.7%,0,35.6%,27. 5% 1 31. 8%
FIME LT, mAP@O. 5 F8 45 43 Sl #2 = 0. 9%,7. 0%, 2. 42,
0. 2% M 1. 7%, X FE 4 Ul B A SO UL 78 3 — 2P R IR S Ui
A A R B, AT AT R & mAP@O0. 5 $5F5 .

B 11 b R AR R R S 80 YAk AR % mAP@0. 5, [
ST AVCER S B ST A b E T AN B0 15 AR 2 X R B
S AT R T AL, B mAP@0.5 B,
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* GhostNet ResNet50
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Fig. 11 Comparative experiment results
SRy HE — 5 UE B T 48 B3V 7 K A I 451 8 1 S E M 1R R
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Table 5 Comparative experiment on related flame detection
algorithms
A 4 mAP@0. 5 SHE it 4 & /FLOPs
X k(324 % 82.9 5331649 10. 6
X [33]4 % 83.1 2176492 12.5
X344 #* 82.6 3357092 11.7
B RS 83.4 2141323 5.8
XL g g R R W AR T SCHR (320 SOk [33 11 SC ik

(34148 B A2 A CH IR mAP@O0. 5 43 3% 0. 5%,
0.3%F1 0. 8% M 1E LT, S &k 4 B FE AL 59. 896, 1. 626 Al
36. 2% B4y BB AR 45, 3%.53. 6 % F 50. 4%, X FE 4
VO T A SCB e 3R T mAP@O. 5 15 45 B9 [F i, BE g — 2 12
JEE b R AR T A RN S
3.6 MAREAMELR

Ry 56 UE T4 A A T A R Rk 4 A B
A G A %I, R Intel N5105 CPU 15 8 #5 3k | Intel
N5105 GPU iz B itk \NVIDIA MAXWELL %24 GPU #i 4
# ARM A57 CPU, #1714k A X il 2k 5 I & 130 8 50 5,
5 3.4 AP SR AR RS — B0, AT AR R B ) £ 9 il S %, 5
K5 Rk 6 il .
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Table 6 Ablation experiment on model inference time
(ms)
B 4 N5105CPU N5105GPU NVIDIA Maxwell™ GPU 4 % ARM A57
N N n N . N y N
B 1 5 2 b 4 72 - I # f H
baseline 355.5 52.9 130.4 1273.3
baseline+ IdentityBasicBlock 214.6 33.0 79.6 717.2
baseline+ ShortBasicBlock 231.9 37.3 94. 4 824.8
baseline+ LongBasicBlock 229.8 37.4 92.3 866. 8
baseline+PAF!' E(no-FFEHSR) 302.2 50.7 109.1 1184.0
baseline+PAF'E 332.1 52.1 113.8 1233.0
baseline+ LongBasicBlock + PAF* E 234.9 36.9 90.5 785.5

ST 6 AL A I T baseline, B A 8% &AL B T 9 45 2
P 4 i A SKOF A i HE B A TR 4 0 b 39. 6%,
37.6%,39. 0% 1 43. 7% . 7847 Ui W T 4 3C 2 it Ak T
KR AR AR, S ARKIE S LR SCRRIE 58 5 X
JG s T W25 K 1 B 24 Ak . S 80E 3SR TH B R3S
Ff 2 A () 435 o0, AR 5 T e 2R R R, I B 3 4 ) BRI 35, 4%,
29.3%,29. 2% F1 31. 9% fH HAR SR B R 47 i 2 i A A 1
Xt baseline 5] A PAF'E Uil J5 , i1 4 2 2 40 0 i 55 i

T B A B R A 2 T baseline 43 B B AR 6. 6%, 1.5%,
12, 7T00F 3. 206 « F W1 i 2R AIE il HE ZR A7 70 5% AL AR 18
He AR B BE S5 o 4 BN (B AL T baseline 73 FE IR 33. 904,
30.2%,30. 6 %0 F 38. 306, FE A UL W T & B A 75 3% 4k
PR PR AR R AF 6 1 Rz Ak .

SR AT T Ry e N = N 13 8 3T
KA 3.4 W AT BB TE A U & 1 BE AT Al 3 (A
X O SE B, SIS A R N 7 A,

Fe T AFTRYAE H A R) X 1L S g

Table 7 Comparative experiment on model inference time

(ms)

BA 4 NSIOSC{’U NSIOS(}I"U NVIDIA MaXWGﬂlTV{ GPU 1 % ARM‘A57
A 22wt 8] A 72 ut ] e 78 1 [ A 72 5 ]
ResNet50 1380.0 237.3 463.0 4134.2
ResNet101 2441.0 375.7 743.4 6761.0
VGG13 1055.0 139.1 252.3 3539.0
VGG16 1325.0 178.0 302.5 3996.0
VGG19 1521.0 205. 1 333.8 4678.0
YOLOv3 533.4 66.5 158.8 1725.6
YOLOv4 601.5 73.3 213.0 2233.6
YOLOv5 355.5 52.9 130. 4 1273.3
GhostNet 244.0 53.1 131.9 5242.2
MobileNetv3 287.2 49.9 162.1 5542.5
ShuffleNetv2 144.0 29.3 76.7 2421.5
MobileNeXt 270.4 41.1 133.8 4836.6
A UKk 234.9 36.9 90.5 785.5

XoF b S2 86 45 R L A Intel N5105 CPU iz 5 A 8 Intel
N5105 GPU iz % # Ht . NVIDIA MAXWELL 42 #J GPU #I
4% ARM A57 CPU iX 4 iR 58 I M F LMY Res-
Net50 8 . A 3¢5 3 ¥ B fa) 4 510 K e ek 2> 83, 0%,
84.5% ,80. 5% Fl 80. 1% ; HH#K T J6 #F 119 4% 1 . MobileNeXt
B AR SO A A ] 43 ) v A 13.1%6,10. 2%, 32. 3%
83.8% , ACIRINMHEIETE 4 #% ARM A57 CPU ¥ & LAY HE
F O R] f T, AR A 3 2SI BE B b A HE 3R R R T Shuf-

fleNetv2,{H ShuffleNetv2 B mAP@0. 5 3§41 N 76. 4. Wi AR
SCEIE A 83, 4, O FAE I 7. 0V B 2215 L (A UL HE B A (A)
F P 2 F ShuffleNetv2 I G H . I T ik A B4 19 #E
B ()X B S G 25 SR T8 4 W TR SCHR S E R TR A
KT & B FE R Rk,

ot — A WY T 4 5 1k ) Al 00 B TR R o M SO R
[327] SCHRT33 1AM SCHRT 34 T 9 e He A 00 B 32k 32 A 456 20 4fe 12

I i) g 0o L SE 8 SRR A5 R ANER 8 BT A,

F 8 A S A I B A T A SR (1] £ T L S

Table 8 Comparative experiment on model inference time with related flame detection algorithms

(ms)
- N5105CPU N5105GPU NVIDIA Maxwell™ GPU 4 # ARM A57
T B A 3 5t A i B #3 5t
X #[32] 332.3 49. 4 126.7 1017. 4
X #[33] 602. 4 84.1 219.7 2274.2
Xiik[34] 300. 6 43.5 107.1 941. 2
KX * 234.9 36.9 90.5 785.5
X SR 25 R L 7E Intel N5105 CPU 38 2 B3 | Intel N5105 GPU iz % # Bt . NVIDIA MAXWELL 224§ GPU #l
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