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Fig.3 Aircaft cargo compartment infrared image fire detection
based on YOLO
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Fig.4 Comparison between different model detection precision
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Fig.5 The precision comparison between different model

training results
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are compared
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Table 1 The loss values of different loU functions

R H bR FE EEREEBUR JSEiTES
YOLOv7(CloU) 0.0172 0.002348 0.019548
YOLOV7(WIoU) 0.0101 0.002069 0.012169
YOLOV7(GIoU) 0.01185 0.002232 0.014082
YOLOv7(DIoU) 0.01164 0.002238 0.013878
YOLOV7(EIoU) 0.01439 0.003277 0.017667
YOLOv7(SIoU) 0.01157 0.002263 0.013833

®/2 EBAEEEXLE

Table 2 Overall performance comparison

Y it mAP FPS
YOLOvV7(CIoU) 0.921 0.721 38.98
YOLOV7(WIoU) 0.941 0.768 41.66
YOLOv7(GIoU) 0.919 0.745 39.68
YOLOv7(DIoU) 0.933 0.748 40.48
YOLOv7(EIoU) 0.903 0.745 42.19
YOLOvV7(SIoU) 0.946 0.687 42.10

FPS L2, #4a2 2 hiige 45 5 , SToU i J Al HiAth
ToU 51 2% , %R B (i B2 T+ A4 R de i, WloU 76K Ji F 4 7t
T 2.1%, Hr, WloU 452 5 HAWH R AR L, mAP $2 5 1
6.5%, $& Tt e , FIABARL G US T RAFIECR . HH
g5 2 A LG, SToU #5145 7E mAP | 1945 Fofie 2% 0N 68.7%.
EloU 7EAR Y H 0 6 038 5 e PR, WloU FU A HY (14 CloU
2.68, WIoU HJ LATH; /& CHLET AR LT AN EIG AR rh ik 31 52
B SR HOHORS o . BRE , OE JS 1 WoU R AT 4K
ST ARG

4 45ig

N T RS HE— AR T RHLET G IR LT AR LGS Yy 1
fie, A3 YOLOVS . YOLOVT7 B kb A7 17 itk o #EXF— B
B YOLO R 9FI — W BedA 1 Faster R-CNN PR AXT L
WF5E T, KB YOLO Z 41 530k 6 S B J 1T 32 308 4y
8, 1M} Faster R-CNN £EHEREE T BEA DL FEARgE T S22
R, A 7 A2 CML AR K I 2T A G AG I ) S et A e
TPER R R T YOLO RAVELAE AL, 5IA T WioU
YA pRE, I K HL 0 T YOLOVS #il YOLOVT 55
P e WIoU AMUE JE T HNAE 55 FLAHE 22 (8] ) S & R,
WEEA 25 T Hp o s B B RN S A SRR R R AT i
AT TR A B T v

(UREHERESRE T . 380 R WIoU #12k M# YOLOvVT
LA TAG S  FLAE RBLERAE KR LTA G AG AT 55 0
AR AR T I AR S 4R T 1 2.1% X — 4R THE KK



Iy A KT YOLO BRI ©HLEEARZLSP IS K G4

117

o 5 358 ELAT 5 25 ) SR LML, R 805 B 9 1 1R 1
KR A AL

(2)mAP & . IIREE R BoR, fLfb )5 9 YOLOVT 5
BAEmAP FAEE T 6.5%. X BEIRE R RIAE P I K I AH K
H b Bt AT B g A T R A

(3)FPS#&F+ . 7ESCHT J5 1, 5 it YOLOvV7 534 4
L, Pk B AE FPS (CRERPIIE) b4 1 2.68, X —
PEFHEAAE A LE b PR 252 K T LT HMEUR I H ﬁ%‘ﬁ%ﬂ@wﬂ
A IR LER Mﬂﬁ{mﬁ?;&ﬁﬁﬂl MK ZriL
RIS, T LIS S50l i R WIoU%mﬁeuZ_u%zXn‘
YOLOvV7 kil T Ak e 1‘%’*‘11‘“ FEUERE .mAP FI FPS %5
S T BT DL BRI 2 T K Ha RIS
ORI B MR P 5 3R, I LA v ) S (A A E S By
FA AR AT T2 )3 RO g 1 P S

SE A

(1] RUBIE, AV, BRIR, 45 T A e ms i)
FUARSEIN L] BB T AR5 0
Song Zhonghao, Gu Yu, Chen Xu, et al. High resolution

o R IR IE R
J1,2021,57(13):199-206.

remote sensing image target detection based on weighting
strategy [J]. Computer Engineering and Application, 2021, 57
(13):199-206.(in Chinese)

[2] Girshick R, Donahue J, Darrell T, et al. Rich feature hierarchies
for accurate object detection and semantic segmentation[C].
IEEE Conference on Computer Vision and Pattern Recognition,
2014:580-587.

[3] Girshick R. Fast R-CNN[C].IEEE International Conference on
Computer Vision,2015:1440-1448.

[4] Ren Shaoqing, He Kaiming, Girshick R, et al. Faster R-CNN:
towards real-time object detection with region proposal
networks[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2015, 39(6): 1137-1149.

[5] He Kaiming, Zhang Xiangyu, Ren Shaoqing, et al. Spatial
pyramid pooling in deep convolutional networks for visual
recognition[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence,2015,37(9): 1904-1916.

[6] ik M7 P 55 B T IR > LD AMILAE B AR ).
LIAMEAR, 2020,42(5):426-433.

Yang Tao, Dai Jun, Wu Zhongjian, et al. Infrared ship target
recognition based on deep learning [J]. Infrared Technology,

2020,42(5):426-433.(in Chinese)

(7]

[8]

[10] £

[11]

[12]

[14]

[15]

[16]

Liu W, Anguelov D, Erhan D, et al. SSD: single shot multi box

detector[C]. European Conference on Computer Vision, 2016:

21-37.

Ale L, Zhang Ning, Li Longzhuang. Road damage detection

using RetinaNet [C]. 2018 IEEE International Conference on

Big Data(Big Data). IEEE, 2018: 5197-5200.

Redmon J, Divvala S, Girshick R, et al. You only look once:

unified, real-time object detection[C]. IEEE Conference on

Computer Vision & Pattern Recognition,2016:779-788.

JE S B v, i 2 4% JLF Swin Transformer A1V 2 1AL

il ) £1 80 I8 AN PR I 35 0] 0 28 B 25 4R, 2024,35(2):

39-46.

Wang Siyu, Lu Ruitao, Huang Pan, et al. Infrared UAV detec-

tion algorithm based on swin transformer and attention mecha-

nism [J]. Aeronautical Science & Technology, 2024, 35(2):39-

46. (in Chinese)

LR HE, AR AR, SR 2 545 LT UG YOLOV3 B KA 5
PHID]EPLR SN ,2019,28(12):171-176.

Ren Jiafeng, Xiong Weihua, Wu Zhihao, et al. Fire detection

and recognition based on improved YOLOv3[J]. Computer

System Application, 2019,28(12):171-176. (in Chinese)

L BR L e A R B R RINAT 55 1) YOLOVT itk

FEFI[I] U2 Bl2FH R, 2023,34(12):111-117.

Dong Fengyu, Wei Zhenzhong. An improved YOLOv7 model

for aerial small target detection task [J]. Aeronautical Science

& Technology, 2023,34(12):111-117. (in Chinese)

Kim S, Jang I, Ko B C. Domain-free fire detection using the

spatial temporal attention transform of the YOLO backbone[J].

Pattern Analysis and Applications, 2024, 27(2): 45.

Dalal S, Lilhore U K, Radulescu M, et al. A hybrid LBP-CNN

with YOLO-v5-based fire and smoke detection model in vari-

ous environmental conditions for environmental sustainability

in smart city[J]. Environmental Science and Pollution Re-

search, 2024(2): 1-18.

Zeiler M D, Fergus R. Visualizing and understanding convolu-

tional networks[C]. Computer Vision ECCV 2014, 2014:

818-833.

Simonyan K, Zisserman A. Very deep convolutional networks

for large-scale image recognition[J]. Arxiv Preprint Arxiv:1409.

1556, 2014.



118 RARE i N Nov. 25 2024 Vol. 35 No.11

[17] Akiba T, Suzuki S, Fukuda K. Extremely large minibatch sgd: Preprint Arxiv:2301.10051, 2023.
training resnet-50 on imagenet in 15 minutes[J]. Arxiv Preprint [19] Zheng Zhaohui, Wang Ping, Ren Dongwei, et al. Enhancing
Arxiv:1711.04325, 2017. geometric factors in model learning and inference for object
[18] Tong Zanjia, Chen Yuhang, Xu Zewei, et al. Wise-IoU: bounding detection and instance segmentation[J]. IEEE Transactions on
box regression loss with dynamic focusing mechanism[J]. Arxiv Cybernetics, 2021, 52(8): 8574-8586.

Aircraft Cargo Compartment Fire Detection with Infrared Images Based on
Improved YOLO Model
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Abstract: Owing to the swift evolution of information technology, infrared detection techniques and video surveillance
systems have witnessed extensive utilization, wherein image-based fire detectors are increasingly proving their merits
in fire detection. In the realm of aircraft cargo compartment fire detection, despite the demonstrated potential of image-
based fire detection technology, the equilibrium between precision and responsiveness necessitates further
refinement. To bolster the capacity to identify and evaluate incipient fires within aircraft cargo compartments and
augment the precision of infrared flame image target detection, this study introduces a refined YOLO (You Only Look
Once) target detection algorithm integrated with an enhanced loss function. Initially, a comparison was made on the
performance of multiple typical target detection algorithms in infrared flame image detection tasks, leading to the
selection of a suitable algorithmic framework for the improvement of the loss function. Initially, a comparison was
made on the performance of multiple typical target detection algorithms in infrared flame image detection tasks,
leading to the selection of a suitable algorithmic framework for the improvement of the loss function. By meticulously
accounting for variables like the distance between target centers, overlap area, and aspect ratio during loss
computation, we crafted an enhanced loss function and effectively incorporated the weighted intersection over union
(WIoU) loss function based on dynamic nonmonotonic focusing mechanism into the YOLO target detection network
thereby bolstering detection accuracy. Experimental evaluations on infrared flame image datasets indicate that the
enhanced YOLOV5 algorithm did not yield substantial gains in performance, whereas the YOLOv7 algorithm, after the
introduction of the enhanced loss function, exhibited a 2.1% surge in detection accuracy, a 6.5% enhancement in
mean average precision (mMAP), and a 2.68-frame boost in frames per second (FPS). With regard to crucial
performance metrics like box loss, objectness loss, and total loss, the YOLOv7 model utilizing the WIloU loss function
excelled over other models, attaining the minimum loss value. In summary, the YOLOvV7 algorithm with an enhanced
loss function presented in this research demonstrates superior accuracy and responsiveness, offering a potent
technical approach for aircraft cargo compartment fire detection.
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