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Abstract

In order to better realize the autonomous recognition of fire sources by firefighting robots, an im-
proved flame detection method is proposed in combination with YOLOv5s. Adding the CBAM at-
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tention module to the backbone network and detection head of YOLOv5s can adaptively adjust the
feature map, enabling the network to better focus on important features, thus reducing the small
target miss detection rate of flame detection. Replacing the convolutional layer with the C3-DBB
module, the C3-DBB module employs dense connectivity and a multi-scale receptive field, which
enables better capture of detailed information about the target and reduces information loss. The
ConvNeXt V2 module is used to replace the backbone network module, thus obtaining a larger re-
ceptive field and better feature extraction capability to improve the accuracy of target detection.
The experimental results show that the improved model improves the average accuracy by 5.8%
compared to the original YOLOv5s model, while reducing the model size.
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Figure 1. The network structure of YOLOV5s
[ 1. YOLOVSs [4geE4

Figure 2. YOLOvV5s submodule structure
[ 2. YOLOVSs FHEtREEH
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Figure 3. Improving the overall network structure of YOLOV5Ss
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Figure 4. ConNeXt Block designs
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Figure 5. The network architecture of CBAM
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BARETOS T 2R KRBT, HRAk-/M BRE K FEEEA. R KA. Emiigk. AR
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3.2. SKIRIFEE

SIT BRI 1R, ERRIGERES, YIIE¥ %R 0.01, KA A 0.1, AL
FRPE T FE(SGD)LAL L, FF B AR 0.937. Ak ALE 084 0.0005, llZkfttik (batch size) & 8,
I KA E (epoch) /& 100. fEUIZR5E)E, FATEES k) YOLOVSs KAGAS MRS A5 46 YOLOV5Ss
BERLFEAT PERESNT Ll o BRATTHE A FH I 5 47 1) e A Sk 4 0 1) O BB AT R A, DAIE B B39 1)
R oAb, FRATIENG X ASCEE I SO AL 5 B A SRR B AR B AL T MR e, DAIE— 245
BT A ST VEALE ARSI 5 THI R Ve

Table 1. Experimental platform configuration
1 XRTERE

WA [
BIERS Windows 11
R NVIDIA GeForce RTX 3050 Laptop GPU
CUDA hitA 12.2
Python 3.8.17
R 2 S HESE Py Torch 1.9.0
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{14 2 Y R B A PR R AR AR R g AT B 1 L G U0 PR G P A A RS B2 (mAPR)$R T T 2.4% . 25 FFTIR,
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Table 2. Comparison of experimental results between the original network and different improvement strategies
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N Uk SR mAP [LUNpNAN
x| 2% 45 7Y
= IHL] C3-DBB #ih BT W% (0.5) (MB)
YOLOV5s 4% x X x 62.2% 13.73
BrHEMI4 1 R x 62.5% 13.73
Bk 2 R v 65.6% 13.8
B4 3 R v v 68% 9.97
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Figure 9. Flame detection test results
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