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Fly visual neural network based single target motion detection and tracking
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Abstract; Due to the high requirements of real-time input information processing and target tracking performance, the construction
of target tracking models with strong applicability is still a relatively active research focus. To address the single target tracking
problem, a novel target tracking model, which completely differs from existing target tracking models, is proposed based on the
visual information processing mechanism of the fly and the intrinsic characteristics of the target tracking problem. In the design of the
model, a feedforward fly visual target tracking neural network is developed, in which the computational complexity is decided by the
input image’ s resolution. Herein, on the one hand, an improved feedforward fly visual neural network model is acquired based on
the fly visual information processing mechanism, on the other hand a computational model is constructed to perform the attitude
estimation of a moving object, which involves the target’ s motion direction detection, velocity estimation, and yaw angle
estimation. Comparative experiments have validated that, compared to classical and deep learning— based object tracking models, the
new model has significant advantages over the compared models based on the evaluation indicators. It exhibits the strong abilities of
real-time processing, target tracking performance, and good application potential. This provides another new scheme to handling
object tracking problems.
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Table 1 Yaw angle detection results in condition 1

{5 10 23 38 48 61 73
U (pixels - s7') 4.8 7.6 7.2 7.6 7.6 5.4
TR/ () 181.6 181  181.9 181.3 181.3 180.3
R2 B SEBHOMEENEK L

Table 2 Comparison of the models’ performance test results in

condition 1

WikeS AOR/ % SRys /% SRy /% Pr/ %
KCF 76.0 100 58.3 94.0
SiamFC 77.1 100 64.3 100
SiamRPN 81.3 100 79.8 100
SiamRPN++  81.4 100 84.5 100
ANNFPT 33.9 0 0 0
FVTTNN 83.6 100 97.6 100

73
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Fig. 7 FVTTNN'’s target anchoring and direction detection in pedestrian walking motion
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Fig. 8 Comparison of success rate curves and accuracy curves of different methods in condition 1
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Fig. 9 Target anchoring and direction detection in pedestrian running motion
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Fig. 10 Comparison of the models’ curves on success rate and precision in condition 2
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Table 3 Yaw angle detection results in condition 2

= 6 15 23 27 32 40

B/ (pixels - s7') 9.9 140 144 76 13.6 9.9
s/ () 180.3 1842 182.4 1825 180.1 180.3

R4 ER2. BEBNEENIKERER

Table 4 Comparison of the models’ performance test results in

condition 2

Ik AOR/% SRys/% SRy.;s/%  Pr/%
KCF 64.8 95.2 19.0 50.0
SiamFC 72.9 97.6 42.9 83.3
SiamRPN 78.5 97.6 83.3 97.6
SiamRPN++ 79.3 97.6 83.3 100
ANNFPT 29.7 0 0 2.4
FVTTNN 82.6 100 88.1 83.3
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Table 5 Yaw angle detection results in condition 3

i 7 17 24 30 40 47

HPE (pixels - s7') 9.6 4.8 7.6 4.8 4.8 2.4
PRSI (°) 181.3 185.5 184.6 182.4 181.6 180.1
Fo6 BRI BFEEWEEMKILERER

Table 6 Comparison of the algorithms’ performance test results in

condition 3

Ik AOR/ % SRys/% SRy.;s/%  Pr/%
KCF 78.2 100 71.7 100
SiamFC 76.4 100 55.8 100
SiamRPN 76.2 100 62.3 100
SiamRPN++ 76.5 100 66.0 100
ANNFPT 29.7 0 0 0.094
FVTTNN 91.6 100 100 100

B 11 #EZ % FVTTNN B B4R E 5 75 w4

Fig. 11 Target anchoring and direction detection in a object scrolling
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Fig. 12 Comparison of success rate curves and accuracy curves of different methods in condition 3
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