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Abstract: UAV can efficiently perceive the fire environment and obtain the fire scene information. To improve the intelligence level of
firefighting work, a fire cannon pre-aiming system based on UAV visual information is proposed. Pre-aiming is a control process
consisting of three stages: Fire scene perception, pose calculation, and angle adjustment. In the stage of fire scene perception,
considering the real-time requirements of firefighting work, a perception model combining lightweight object detection and dehazing
processing is proposed to address the problems of small target size and smoke interference in UAV images of fire scenes. Regarding image
dehazing, considering the characteristics of non-uniform distribution and diverse gray levels of haze in fire scenes, the atmospheric
scattering model is improved. A neural network with an encoder-decoder structure is designed to solve transmission map and haze gray
value, which significantly enhances the image quality. Regarding object detection, YOLOvS8s is used as the baseline. In the backbone
network , the convolution operations in shallow layers are replaced by PSConv module with a concentrated receptive field to extract more
information of small targets; the convolution operations in deep layers are replaced by GhostConv, and the SimA-former module is
employed to substitute the deepest C2f structure to achieve model lightweighting. During the feature fusion stage of the neck network, the
coordinate attention mechanism (CA) and the small target detection head are combined to construct a high-resolution multi-scale feature
fusion module. Based on the acquired fire scene information, the camera model is utilized to compute the relative position and orientation

of the fire cannon and fire source. Subsequently, the required horizontal and pitch angles for the fire cannon adjustement are determined.
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Experiments were conducted in a custom-built fire scenario outside an industrial facility. The perception model achieved a mAP50 score

of 92.3% ,

representing a 6.2% improvement over the YOLOv8s without dehazing preprocessing. The pre-alignment error in the

horizontal angle was within +4°, while the distance estimation error for the fire source remained below 6% . Those results demonstrate the

effectiveness and practical applicability of the proposed method.
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Fig. 1  Firefighting cannon pre-aiming system based on UAV visual information
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Fig. 13 Firefighting robot pose and orientation recognition
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Fig. 14 Experimental environment and equipment
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Table 1 Performance comparison of dehazing algorithms

WiR7S PSNR SSIM ELien GFLOPs
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AODNet 18.78 0.74 1.76 K 1.68
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FFA-Net 24.32 0. 81 4.46 M  287.50
TNN 29.76 0.85 50.35 M 68.36
DeHamer 26. 24 0. 88 29. 44 M 48.93
k' 27.91 0.86 8.20 M 24. 81
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Fig. 15 Comparison of dehazing effects of various algorithm
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Table 2 Detection effect (%)
Tk kMG EBEPLEEAN N B mAPSO
YOLOv8s 74.2 98.7 82.7 88.6 86. 1

Bt YOLOvSs 79.5 98.8 86.6 90.2 88.8
£ +YOLOvSs 80. 4 98.8 83.0 92.5 88.7

£ +ME YOLOvSs  85. 1 99.3 88.8 95.9 92.3
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Fig. 16  Joint detection effect in firefighting scenarios



%1

SR 2 - 5T IC AN ES ST Bl 1 T o 2R 4 335

EE 16 H AR SE R 5, B8 7 MR 1K
U8, 1 HRIEAEME S K TR AT BT 4, i A 1 A WA, iX
S HARERMG T I AR 0 K e R R, AR
FE AN, YOLOvSs BV AL T 4 4~ kAT 1 4 A
B R T k) YOLOVSs BB K 2 7 B £ i |
b AEABAEE A IS, Ho TSR AL T H bR AY B (4%
fiE, &0 70 8 SR A o N B, N & %5 AL B A,
YOLOv8s il 2 758 £ Hx, HAG TR 82T (A5 9% e
KT 3 AN KR, FER AR SCHE I YOLOVSs AL S | T
KA 3 A~ IR 4 EBAG TN 2], X6 4525 H A 0 RS I0 RS B
FFT ETE, A AT B 3 5 i BRSO A58 Ak
FEIT, YOLOv8s BRI g Aer 1T — > 22l A5 R K Y R — 28 A
BN T AR ST R A SR S R B TR 2 B,
REFH 2S5 HAL |, YOLOvSs 18 UG I 21 1 20 A 45 K ok
P8, PR A SRk 3R 9 YOLOV8s B 3E AT 46 | %k 44
FAVASE IR B B8 s, ELAS I 1) 1 5 2 A2 N B RTAT b 1
— AR, DA TR S 6 445 R O b 56 IE T AR S
Jr A B

SEPR k3 KRG A 2748 R AR SCBERL 172 1k
P B IR — S R 0] 0B G Y A R HE AT AR I O S
YOLOvSs FELRAAIEATXT HE , S2 g6 25 F i 17 fis .,

14 [0

3

(b) ZF+BUEYOLOVSs
(b) Dehaze+Improved YOLOvS8s

17 AR LI PG IR

Fig. 17 The detection effect of atypical fire sources
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Table 3 Ablation experiment for object detection

(SN mAP mAP B
A B € 50% 50:95/% /M

EiiZZilin)
GFLOPs
[4]/ms

88.7 54.8 1.1 28.6 7.9

\ 91.5 61.0 13. 4 41.3  11.2
2 9. 1 55.4 8.5 22.4 6.7

Vo 88.9 55.0 9.6 24.7 7.9

VoV 92.2 62.5 10. 8 35.1 8.6
VoV VvV 93 62.8 9.3 31.2 8.6
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Table 4 Comparative experiment of object detection

. mAP mAP  BHR T 1]
Ji ik GFLOPs
50/%  50:95/% /M /ms
YOLOvSm  86.2 57.0 21.2 49.0 15.3
YOLOv8m  89.8 58.6 25.9 78.9 14.1
YOLOv9m  90.9 59. 4 20. 1 76.8 13.8
YOLOvIOm  90.8 60. 1 15.4 59.1 12.4
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Fig. 18 Fire monitor pre-aiming experiment
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Fig. 19  Analysis of aiming error
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