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Lightweight flame video stream real-time detection algorithm based
on YOLOvVS
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2. Engineering Research Center of Gansu Province for Intelligent Information Technology and Application,

Lanzhou, Gansu 730070, China)

Abstract : A lightweight DGC_YOLOv5 (you only look once v5) algorithm is proposed to solve the prob-
lems of poor detection capability of small targets,large size of the model,complex calculation,and diffi-
cult deployment on mobile devices for flame detection model. Firstly,the k-means calculation function is
used to calculate the anchor size for this data set. Secondly, the convolutional block attention module
(CBAM) is introduced to improve the detection ability of this algorithm to small target. Then the light-
weight Ghost module is adopted to improve the C3 modules in backbone network. Finally,the depthwise
separable convolution (DS_Conv) which uses simple linear calculation instead of complicated calculation
is used to reduce model complexity and size. Experiments show that compared with the original YOLOv5
algorithm, the mean average precision (mAP) of the proposed algorithm can reach 94.4% on the test
set,1.7% higher than the original algorithm, The average detection speed of the proposed algorithm can
reach 71 FPS on the video test set,which can meet the requirements of real-time detection. Parameters
and the floating-point operations (FLOPs) calculating amount are respectively reduced to 41. 2% and
34.8% of the original algorithm,and the model size is reduced by 8.4 M, which facilitates the subse-
quent deployment on mobile devices.

Key words: flame detection; DGC_YOLOv5 algorithm; attention module; Ghost module; depthwise

separable convolution (DS_Conv)
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Fig.2 Partial picture of the dataset
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Tab.1 Anchor size

Feature map size Anchor size

Largest (29X32),(53X51),(90X79)
Middle (122X128),(179X167),(261X191)
Minimal (293X295),(463X213),(492X380)
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Fig. 9 Target size and distribution
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Tab.2 Accuracy under different optimizers before and after improvement
Model SGD Adam
oce mAP@0.5/% mAP@0.5:0.95/% mAP@0.5/% mAP@0.5 : 0.95/%
YOLOvS 92.7 66.0 90. 0 54.5
DGC_YOLOv5 94. 4 61.2 91.4 55.8
2.3.2 WHEER LY 52 B Al 4 TH R IR B2 Y H Y

SR TR B AR S A% A o il B RS R A AL
PEOARSCHEAT T LAE 5 4178 Ml 52 56, 72 0 it 45 b 147
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J& B mAP P-4k 0 R, HAE A 1R T B S8
S FNTHE A A S O SRR Y 80, 306 Fl 79. 206 L A
RIR/N > 2 2.8 M, fi & B AL B Ghost_C3
AT DS S0 gl R B Y 74. 6 %0, TR DD R
JEK A 67 %0 AR /N 3.6 M, il A CBAM {#
HAWLEG . mAP HARFE L 0. 8%, 4B LA L ¥
AL RAAS AR SO 0 R 0 it 3 T DL A R 4R
TR (R G I AR R AR A B T R Ak, £ G D
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P& ARG BE (% (6] B, o 2 8508 0T B el 2 Ry
Kl 41, 2261 34, 8% BRI K /INE /L 8.4 M, A 35 5|

x3

TE KGR Videol - 3F 47 It , 5309 K #0531 &b
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Ghost BEH 5, K W0 i 457 53 B BB 14 Jm 3. 1 Wi An 9. 1
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ol b HyA I BRI 3K F) 70. 6 FPS,
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TEHWRER, 7] 02 5d 300 #2 %48, DGC_YOLOv5
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Tab.3 Ablation experiments

Detection speed

< @ 0 . . e : .
Models mAP@0.5/% Parameters/M FLOPs/G Weights/M (Videol) /FPS
YOLOvV5 92.7 7.06 16. 4 14.4 68. 8
YOLOv5+DS_Conv 92.9 5.67 13.0 11.6 71.9
YOLOv5+ Ghost_C3 93.0 5.27 11.0 10. 8 77.9
YOLOv5+CBAMCS3 93.5 6.1 14. 4 12. 4 65.2
DGC_YOLOv5 94. 4 2.91 5.7 6.0 70. 6
1.0
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0.8 0.6
0.5
w 0.6 &
S S 04
® e
S 04 ® 03
YOLOv5+DS_Conv £ 02 YOLOv5+DS_Conv
02 — YOLOv5+GhostBottleneck — YOLOv5+GhostBottleneck
— YOLOv5+CBAM_C3 0.1 — YOLOV5+CBAM _C3
— DGC_YOLOV5 — DGC_YOLOv5
0.0 0.0 —
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Epoch Epoch
(a) (b)
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Fig. 10 Comparison of ablation experiments curve: (a) Comparison of mAP@0. 5 curve;

(b) Comparison of mAP@0.5 : 0.95 curve; (c¢) Comparison of precision curve; (d) Comparison of recall curve

DGC_YOLOv5 5 3 B4 #0045 15 A6 il 25 S8 4n 1 kXt DGC_YOLOvS W fg it 47 43 it — 25 1E 3
11 J 7, b 3 AE 9 50057 36 7 BE K 322 X384 28 0 ok DGC_YOLOv5 55 ¥k () 4 8% ok A1 a] 47 1. 5256 25 3%

X3 H AR A g s R,
2.3.4 Fixsgn i SE B 45 AT M, 5 Faster R-CNN A 1 . DGC

# DGC_YOLOvS Bk 5 HAh F iR B kA0 i, YOLOvVS B mAP AT 14. 64 T 43 5, , #5 # K /)

x4 WS E B g it
Tab. 4 Video detection speed statistics

Detection speed

Video Total number of Total time/s (Video) /FPS
frames/frame YOLOVS DGC_YOLOVS YOLOVS DGC_YOLOVS
Videol 516 7.539 7.309 68. 4 70.6
Video2 191 2.676 2.542 71.4 75.1
Video3 272 4. 046 3. 870 67.2 70.3
Video4 348 5.039 4. 848 69.0 71.8
Video5 619 9.107 8.912 68.0 69.5
Video6 571 8. 655 8.331 66.0 68.5
Average value 419.5 6.177 5.97 68. 3 71.0

B 11

(¢) Videos

®5 SHMEZMNLER

Tab.5 Comparison with other algorithms

Models mAP/ % Weights/M
Faster R-CNN 79.8 1024
SSD 92.5 90. 6
YOLOv3 94. 8 123.5
YOLOV5 93 14.4
DGC_YOLOvS5 94. 4 6.0

J& Faster R-CNN # &I (1§ 1/170; #1 % F SSD Al
YOLOV5, mAP 43 $&& T 1. 9% F 1. 4%, BT K
INGR IS T84, 6 M IS, 4 M; ik DGC_YOLOV5
TERGHE SR B R B T YOLOvV3 , fH 2 B A K /N

(f) Video6 o . N
TS A He A T I YOLOv3 4> 117.5 M., Al L& AR T F i 5

Fig. 11 Video flame target detection effect %, DGC_YOLOvS 5k B A B Ar ) M fig , 78 /M
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