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Design of aerial image target detection system
based on MPSOC
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Abstract: In recent years, the traditional aerial image target detection algorithms have been unable to
meet the requirements of detection accuracy and speed, while the rapid development of target
detection algorithms based on deep learning provides a new idea for target detection. However, this
kind of algorithm is often accompanied by large scale and highly dependent on GPU devices, which
makes the migration of the mobile end of the algorithm difficult. Aiming at the above problems, this
paper proposes a MPSOC platform implementation scheme based on Yolo V3 algorithm. Firstly, the

anchor frame of the original network is re-selected by means of k-means clustering, the detection ac-
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curacy of the algorithm is increased by adjusting the convolutional layer, and then the model scale is
compressed by sensity-based pruning operation. Finally, VISDRONE data set is used to verify the Xil-
inx ZYNQ series MPSOC platform. The experimental results show that MAP of the improved Yolo
algorithm increases by 1.3%, and the false detection rate is also greatly reduced. After the model is
compressed, the detection speed is doubled and the volume becomes 37% of the original. It basically
meets the design requirements of aerial image target detection, and provides a feasible solution for the
implementation of deep learning algorithm in MPSOC.

Key words: aviation image; target detection; model compression; MPSOC
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Tab.3 Sensitivity analysis results of each convolutional layer

0.05 0.15 0.25 0.35 0.45 0.55 0.65 0.75 0.85 0.95
Convl,3X3 41.17 41.07 41.02 41.00 28.30 9.21 14.43 12.97 2.87 0.0
Conv2,3X3 40.06 38.43 37.63 37.11 32.30 28.85 19.33 10.43 4.24 0.0
Conv3,1X1 40.95 40.96 40.73 40.62 40.22 39.72 38.91 38.18 35.88 33.53
Conv4,3X3 38.21 35.79 33.87 33.33 20.87 15.55 3.73 4.68 0.91 0.0
Conv5,3X3 41.11 40.67 39.66 37.52 34.06 31.22 22.83 19.09 2.32 0.0
Conv6,1X1 40.86 41.05 40.79 40.18 39.83 39.22 38.41 35.64 33.67 32.97
Conv7,3X3 40.35 35.24 33.07 27.26 20.03 16.28 6.80 0.91 0.0 0.0
Conv8,1X1 41.06 40.87 40.53 40.17 39.81 39.44 39.58 38.94 38.31 35.49
Conv9,3X3 39.89 37.01 30.09 10.11 9.94 9.04 4.13 1.56 0.91 0.0
Conv10,3X3 40.5 36.78 34.12 28.22 23.46 16.00 4.27 0.91 0.0 0.0
Convll,1X1 41.15 41.12 40.99 40.90 40.84 40.99 40.74 40.59 40.81 38.73
Convl2,3X3 40.35 37.51 33.44 30.19 21.28 14.47 6.68 1.82 0.0 0.0
Convl3,1X1 41.15 41.02 41.06 41.03 40.41 40.51 41.00 40.54 40.58 40.01
Convl14,3X3 40.01 40.15 37.17 33.98 27.79 13.02 6.65 0.0 0.0 0.0
Convl5,1X1 41.15 41.10 41.05 41.04 41.44 41.19 41.10 41.02 41.12 40.66
Conv16,3X3 38.82 31.88 22.87 15.70 6.07 2.21 0.0 0.91 0.0 0.0
Convl7,1X1 41.10 40.83 40.48 40.70 40.52 40.19 40.05 39.63 39.07 38.53
Conv18,3X3 37.89 33.28 26.92 14.90 7.83 1.36 0.23 0.0 0.0 0.0
Conv19,1X1 40.95 40.84 40.49 40.36 40.22 39.98 39.48 38.84 38.48 38.44
Conv20,3 X3 40.47 34.46 26.48 18.80 4.32 0.91 0.0 0.0 0.0 0.0
Conv21,1X1 41.11 40.99 40.91 40.56 40.39 40.17 40.05 39.61 39.06 38.27
Conv22,3X3 40.35 36.21 27.19 18.38 9.66 7.09 0.95 0.0 0.0 0.0
Conv23,1X1 41.05 40.90 41.10 41.04 40.88 40.80 40.17 39.54 39.01 38.78
Conv24,3X3 39.57 31.82 17.40 12.36 1.93 0.30 0.0 0.0 0.0 0.0
Conv25,1 X1 41.02 40.83 40.79 40.83 40.12 39.36 39.03 39.29 38.66 37.78
Conv26,3X3 38.42 32.41 24.10 13.05 4.54 2.65 0.52 0.45 0.0 0.0
Conv27,3X3 40.75 39.34 38.25 36.23 34.10 30.58 23.43 15.71 9.51 5.50
Conv28,1X1 41.13 41.05 40.92 40.93 40.84 40.86 40.64 40.99 40.17 39.84

Conv29,3X3 40.83 39.25 37.27 33.48 28.90 22.07 14.44 8.83 5.64 4.88
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0.05 0.15 0.25 0.35 0.45 0.55 0.65 0.75 0.85 0.95
Conv30,1X1 41.13 41.07 40.96 40.90 40.88 40.53 40.68 40.62 40.36 40.01
Conv31,3X3 40.54 39.74 37.62 34.36 28.91 22.37 16.57 10.87 5.21 5.02
Conv32,1X1 41.12 41.06 41.11 40.90 40.98 40.61 40.18 40.23 39.15 38.52
Conv33,3X3 40.41 38.64 36.14 31.68 28.62 19.37 11.22 7.62 5.05 5.91
Conv34,1X1 41.10 40.90 40.60 40.77 40.73 40.60 40.04 39.54 39.43 38.94
Conv35,3X3 40.28 38.77 35.60 32.74 28.26 23.04 15.01 5.63 3.95 3.85

Conv36,1X1 41,13 41.09 40.86 41.03 40.99 40.94 40.84 40.81 40.93 41.00

Conv37,3X3 40.29 38.96 36.53 28.98 24.41 17.87 10.21 5.06 4.40 4.67
Conv38,1X1 41.05 41.00 40.99 40.81 40.69 40.62 40.40 40.04 39.70 38.66
Conv39,3X3 40.50 39.21 37.36 34.92 30.42 25.50 16.43 8.36 5.31 4.52
Conv40,1 X1 41.10 41.11 41.10 40.81 40.85 40.71 40.61 40.69 40.88 40.87
Conv41,3X3 40.47 39.25 37.64 33.53 25.19 17.15 8.13 5.48 5.33 4.64
Conv42,1 X1 41.11 41.13 40.97 40.94 40.99 40.91 40.89 40.88 40.90 40.68
Conv43,3X3 39.98 39.30 37.78 35.96 33.18 26.88 19.57 14.33 7.12 5.40

Conv44,3X3 40.89 40.71 40.57 40.25 39.60 39.22 38.25 37.37 34.81 27.73

Conv45,1 X1 41.17 41.08 41.06 41.10 41.07 41.01 41.00 40.77 40.80 40.35
Conv46,3 X1 40.91 40.63 40.23 39.02 38.00 35.97 33.03 28.75 27.16 23.24
Conv47,1X1 41.14 41.14 40.98 41.05 41.07 41.05 40.97 40.97 41.22 40.70

Conv48,3X3 40.91 40.72 40.36 39.73 38.70 37.65 35.62 33.00 29.21 25.51
Conv49,1X1 41.14 40.88 40.83 40.75 40.78 40.44 39.95 39.56 38.20 37.77
Conv50,3X3 40.82 40.53 39.86 39.05 37.84 36.39 34.56 31.43 28.49 25.40
Conv51,1X1 41.15 41.06 41.05 41.10 41.02 41.00 40.76 40.77 40.70 40.29

Conv52,3X3 40.96 40.75 40.48 39.51 38,97 37.09 35.85 31.73 27.76 24.51
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Fig.11 Comparison of the test results
4
Tab.4 Model performance comparison
Yolo V3 Yolo V3 Yolo V3+ Yolo V4
MAP 50/ % 36.1 37.4 30.6 28.1
/fps(608 X 608) 45.4 17.2 34.4 30.4

/M 246.5 246.5 91.9 256.2
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