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Abstract; As one of the hot topics of deep learning, object detection has a wide application prospect in many fields, such as automatic

driving, pedestrian recognition, intelligent medical treatment, and robot vision and so on. However, most of the existing object detection

models rely on large—scale annotation data sets for model training to ensure the accuracy of target detection. In many practical application

scenarios , the annotation of a large number of data not only consumes human and material resources,but also requires the participation of

a large number of professionals, which limits the practical application of the object detection model to a certain extent. Aiming at the

special requirements of few—shot object detection,we propose an improved few—shot object detection model based on SSD ( Single Shot
results of the target detection model based on the improved SSD network in a few—shot data set,the mAP value of the improved model

=]

multiBox Detector) network , which improves the applicability of object detection applications. Firstly,the ResNet—50 is used instead of

VGG as the feature network on the basis of SSD network to improve the feature extraction capability of the model. Secondly,the problem
of network degradation is avoided by introducing residual element. Finally, in order to fully integrate the semantic information and

location information between the layers,FPN is used to replace the two feature layers in the middle of the original model. In the detection
reached 79.8% ,which was 2. 6 percentage points higher than that of the original model.
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