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Abnormal Flame Detection of Liquid Rocket Engine Ground Test
Based on Improved YOLOv11n
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Abstract: Abnormal flames observed during ground tests of liquid rocket engines that is core propulsion
systems for aerospace launch vehicles suggests critical early indicators of structural failures or catastrophic
accidents. Given the rapid progression and severe destructiveness of such faults, accurate and prompt
flame detection is essential. To address this issue, an optimized flame detection algorithm based on
YOLOv11n is developed. Firstly, DCNv4 is integrated into the C3k2 module within the YOLOvlln
backbone network, enhancing the model’ s perception of complex geometries and large-scale variations.
Secondly, DySample upsampling is introduced to replace nearest-neighbor interpolation to mitigate feature

information loss during resolution recovery, improving small-target detection. Thirdly, the CloU loss
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function is substituted with Focal-EloU to accelerate convergence and refine localization precision. Experi-

mental results demonstrate that the optimized algorithm achieves significant improvements, and mean aver-

age precision reaches 91. 8% and improves a 2. 4 percentage point compared with the baseline YOLOv11n

model. While maintaining a 25% parameter overhead, this method achieves a balance between detection

accuracy and computational complexity.
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Tab.2 Performance comparison of different algorithm models
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Tab.3 Results of ablation experiment
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Tab.4 Comparison of DCNv4 at different integration positions

Baseline P/% R/% mAP@0.5/% ¥ /M HAR/GFLOPs Wi/ (i-s ™)
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+DCNv4 1 R 4% 83.0 86.1 90.6 2.70 6.6 98.5
+DCNv4 5 0 4% 84.5 85.5 89.6 2.78 6.8 95.2
+DCNv4 K % 84.0 85.3 89.5 2.71 6.5 100.8
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