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Abstract

At present, the mainstream convolutional neural network (CNN) approaches focus on the recogni-
tion and positioning of targets in the field of computer vision. Most locate the position of targets
with axis-aligned bounding boxes. In order to make a deeper understanding of the images and ob-
tain more accurate position of various targets, the direction information is needed. Therefore, a
new method is proposed to estimate the target direction, which applies CNN to regress the two di-
rectional components of the target direction angle that describes the direction, instead of directly
regressing the direction angle like some existing approaches which shows some shortcomings.
Considering the function constraint of the square sum of 1 between the directional components,
this paper proposes a general method to solve this kind of problems with output constraints by
using constrained neural network, which introduces constraint errors into the Loss layer and the
back propagation process, and applies it in the target direction estimation. Experiments show that,
the target direction estimation method maintains the descent rate and range of the original output
loss and moreover, reduce the constraint error and improve the prediction accuracy. The signi-
ficance lies in proposing a general method to solve a kind of problems with output constraints,
which reduces constraint errors, and shows general applicability.
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Figure 1. Comparison of traditional bounding box and rotated bounding box
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Figure 2. Neural network structure with single output constraint
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Figure 3. Back propagation of the neural network with single output constraint
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Figure 4. Neural network structure with multiple output constraints
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Figure 6. Neural network structure of target recognition and direction estimation based on Lenet-5
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Figure 7. Neural network structure with constraints of directional component outputs
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Figure 12. Diagram of part of target direction estimation results in test images
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