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detection of outdoor helicopter blades

Xu Feilong, Xiong Bangshu", Ou Qiaofeng, Yu Lei, Rao Zhibo
Provincial Key Laboratory of Image Processing and Pattern Recognition , Nanchang Hangkong University , Nanchang 330063, China

Abstract: Objective The motion parameters of helicopter rotor blades include flapping angle, lead-lag angle, twist angle,
and coning angle, which provide an important basis for rotor structure design, upper and lower limit block design of hub,
and blade load design. They are important parameters that need to be measured in ground tests before rotorcraft certifica-
tion and helicopter flight tests. The traditional visual measurement method for rotor blade motion parameters has achieved
good results in indoor wind tunnel environments. However, under the influence of complex outdoor backgrounds, some

problems exist, such as the inability to detect the rotor blades from the image and measure the parameters accurately.
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Unlike indoor environments, the outdoors have complex lighting conditions such as different seasons, weather, times, and
lighting directions, as well as different sky and background environments. Under these complex background interferences,
the features of the rotor blades are weakened, making it difficult to accurately locate the position of the rotor blades. Deep
learning is a mainstream object detection method, and how to design deep learning models to enhance the target features of
rotor blades and reduce the interference of complex backgrounds is a major challenge. In this paper, on the basis of the net-
work structure of the YOLOv5s, a prediction angle branch is added, and a rotation object detector (FMSA-RD) that fuses
multiple features and self-attention is proposed to facilitate the detection of outdoor helicopter rotor blades. Method First,
the FMSA-RD model improves the C3 module used for feature extraction in YOLOvSs by adding multiple shortcuts. The
improved feature extraction module is called convolution five (C5), which completes the feature extraction by fusing local
features from different positions, thereby reducing the network structure while maintaining the feature extraction ability.
Specifically, C5 replaces the BottleNeck module in C3 with two 3 X 3 convolution kernels to avoid the additional overhead
caused by using multiple BottleNeck modules and increase the receptive field of the convolution layer feature map. Increas-
ing the number of convolution layers does not necessarily lead to optimized parameters and may cause gradient divergence
and network degradation. C5 adds shortcut branches to three main convolution layers to effectively avoid the accumulation
of useless parameters and extract feature information from different positions. Secondly, the multi-feature fusion spatial
pyramid pooling cross stage partial fast tiny module enhances the ability to fuse graphic features at different scales. This
module uses a block merging method, using multiple serial 5 X 5 MaxPool layers to extract four different receptive fields,
which improves detection accuracy while keeping the model lightweight. Then, to address the weak ability of convolutional
neural network (CNN) structures to connect global features, the B3 module is designed to improve the extraction ability of
global features by combining the multi-head self-attention mechanism of Transformer with the crossstage partial convolution
(CSP) bottleneck structure, which suppresses the influence of complex outdoor rotor blade backgrounds. Finally, skew
intersection over union (SKEWIOU) tilt intersection ratio loss and angle loss are introduced to improve the loss function
and further enhance the accuracy of blade detection. Result Our experiments were conducted on a self-made outdoor heli-
copter rotor blade dataset, a self-made outdoor simulated blade dataset, and the public dataset DOTA-v1. O for training and
validation. The self-made outdoor rotor blade dataset contains 3 878 images, which were randomly divided into training,
testing, and validation sets in a 7:2: 1 ratio. Our FMSA-RD was compared with mainstream horizontal and rotational mod-
els such as RetinaNet, FCOS, YOLOvSs, YOLOv6s, YOLOv7 tiny, CenterRot, FAB + DRB + CRB, H2RBox, and
R3Det. Experimental results show that our method achieves an average detection accuracy of 98. 5% and 110. 5 frames per
second. On the basis of the comparison experiments using a self-made outdoor blade dataset, the analysis indicates that the
mean average precision (mAP) of FMSA-RD is 14. 1%, 7. 8%, 6.6%, 3.2%, 3.9%, 3.0%, 3.1%, 2.3%, and 4. 2%
higher than those of RetinaNet, FCOS, YOLOvS5, YOLOv6s, YOLOv7 tiny, CenterRot, FAB + DRB + CRB, H2RBox,
and R3Det, respectively. The public dataset DOTA contains 2 806 remote sensing images with a resolution of 800 x 800,
covering various scene types such as cities, industrial areas, buildings, and roads. This comparative experiment aims to
verify the generalization ability of the FMSA-RD network. We chose mainstream rotating object detection models for com-
parative experiments. On the self-made outdoor simulated paddle dataset, the data in the morning and noon are used as the
training set, and the data at night are used as the validation set. Experiments show that FMSA-RD has low computational
complexity, high detection accuracy, and good generalization ability, making it suitable for different scenarios and environ-
ments. Conclusion Our FMSA-RD can reduce complexity while integrating local feature information from different posi-
tions, suppressing complex background noise interference. The fusion of different scale features improves the accuracy of
blade detection. The fusion of self-attention mechanism extracts global information and distinguishes blades without circu-
lar markers, achieving accurate detection of complex backgrounds and high aspect ratio blades while reducing model param-
eters and improving detection accuracy.

Key words: outdoor helicopter rotor blade; rotating target detection; multi-feature; multi-head self-attention mechanism

(MHSA) ; loss function
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Table 2 Comparison of ablation experiment results

FEiAl c5 SPPFCSPT B3 R PR mAP@0.5/% FPS/(i/s) FLOPs/G
YOLOvSs X X x x 92.2 90.9 15.7
B 1 N x x x 90.1 113.2 12.3
Ep) x N x x 96.5 88.2 16.1
13 x x N 95.6 89.4 15.6
A 4 x x x N 97.3 91.2 153
FMSA-RD N N N 98.5 1105 12.6
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B SS , A3 A RD ) MR WTECA T T B, (AR T
R E BRI HERG M . S A B3RS mAP 2
3. 7%, GE 10 A 11 s, B3 EE % i it
fill 5 7 MHSA (142 ]y 6 2% 2 fig /1 5 CSPNet (4

il A% 32 FTRR 5 RE 7, BE A5 B4 iy 165 7 AN [R]IG i 2% AF
T EEMRARIE . XA LSBT REAE (A
Ciy) | PSE-R nii e By i £ 5172 AR TRY N E A1 o
T4 g 1A B mAP F8 A7 , i H B3 Tl AR
BRI 5 o BN AR S s U, mAP 2

™,

(a) YOLOVS5s

(b) 1%

(c) B4

19 YOLOvSs fE70 2 FIAEHY 4 3 R L
Fig. 9 Effect comparison chart of YOLOvSs, model 2 and model 4 ((a) YOLOvSs; (b) model 2; (¢) model 4)
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Fig. 10 Rendering of lighting changes in model 3
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Table 3 Comparison of detection results among different rotating target detection algorithms and horizontal target

detection algorithms on self-made outdoor blade dataset

Fl A INRYICES mAP@0.5/% FPS/(i/s)
H RetinaNet(Lin%%,2017) 1024 x 1024 86.3 40.5
H FCOS(Tian %,2020) 1024 x 1024 91.4 532
H YOLOv5s(Wang 45 ,2020) 1024 % 1024 92.4 90.7
H YOLOv6s(Li%,2022) 1024 x 1024 95.4 80.2
H YOLOV7 tiny( Wang %% ,2023) 1024 x 1024 94.8 100.8
R CenterRot (Wang %5 ,2021) 1024 x 1024 95.6 38.5
R FAB + DRB + CRB(Yuan%,2022) 1024 x 1024 95.5 37.6
R H2RBox( Yang % ,2022) 1024 x 1024 96.3 68.4
R R3Det(Yang%,2021) 1024 x 1024 94.5 32.3
R FMSA-RD(A3C) 1024 x 1024 98.5 110.5
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Fig. 12 The detection results of different detection algorithms on self-made outdoor blade dataset
((a) original image; (b) original label; (c¢) Retina Net; (d) FCOS; (e) YOLOvSs; (f) YOLOv6s; (g) YOLOv7 tiny;
(h) CenterRot; (i) FAB + DRB + CRB; (j) H2RBox; (k) R3Det; (1) FMSA-RD (ours) )
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Table 4 Comparative detection results of different models on the DOTA-v1. 0 dataset

FeH B ReF g mAP/% FPS/(i/s)
H RetinaNet(Lin%%,2017) 1024 x 1024 67.2 25.4
H FCOS(Tian 45 ,2020) 1024 x 1024 73.1 29.5
H YOLOv5s(Wang % ,2020) 1024 x 1024 68.5 25.6
H YOLOv6s(Li%,2022) 1024 x 1024 73.3 28.2
H YOLOV7 tiny(Wang %5 ,2023) 1024 x 1024 722 30.9
R CenterRot( Wang 45 ,2021) 1024 x 1024 73.3 25.4
R FAB + DRB + CRB(Yuan%,2022) 1024 x 1024 74.3 24.4
R H2RBox( Yang %% ,2022) 1024 x 1024 73.4 31.6
R R3Det(Yang%§,2021) 1024 x 1024 727 20.4
R FMSA-RD (A 3) 1024 x 1024 71.3 37.8
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Fig. 13 Detection results of FMSA-RD method on night validation set of self-made outdoor simulated blade dataset
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