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An Improved Deep Learning—based Approach for Small Object Detection

Wei Xilai, Sun Haijiang, Liu Peixun, Sun Xinglong
(Changchu Institute of Optics, Fine Mechanics and Physics, Chinese Academy of Sciences, Changchun 130033, China)
Abstract: An improved deep learning—based method is presented for small object detection to address the limitations of current mainstream
algorithms. These algorithms often require input images to be small-sized photos and suffer from excessive model parameters. To overcome
these challenges, a preprocessing technique is proposed where a larger—sized image is divided into multiple smaller—sized images following
specific rules. These fragmented images are then inputted into the network, eliminating the previous requirement of small-sized images for
detection. The DNANet network structure is also enhanced by reducing its network layers, resulting in improved network inference speed. The
loss function is optimized using TverskylLoss, a pixel segmentation loss function. Furthermore, a progressive learning approach is employed to
train the model, ensuring a more stable transition from detecting ordinary to small objects. Experimental results demonstrate the effectiveness of
the proposed method in enhancing the convergence speed of deep learning for small object detection in large—sized images. The improved
network achieves a 5% increase in prediction accuracy for large—sized images and reduces prediction time by 25%. Consequently, the deep
learning—based small object detection method presented in the study can be readily applied in engineering practice, offering significant
practical value.
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