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detection structure, the mean average precision (mAP) under different Intersection-over-Union (IoU) thresholds
increases by 2. 4% and 3.8% in the detection of object edge and bounding box, respectively. In particular
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The Mask R-CNN (mask region-based convolutional neural network) object detection method is proposed
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based on the improved feature pyramid. The experimental results show that compared with the Mask R-CNN
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detection accuracy of medium size objects is greatly improved by 7.7% and 8.5%
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Fig. 1 Flow chart of detection method
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Table 1  Comparison of mAP results in instance segmentation %
Method Backbone Pap P apso P apss P aps P Apm P api
MNC[20] ResNet-101-C4 24.6 44.3 24.8 4.7 25.9 43.6
FCIS[21]+OHEM ResNet-101-C5-dilated 29.2 49.5 - 7.1 31.3 50.0
Mask R-CNN ResNet-101-FPN 35.7 58.0 37.8 15.5 38.1 52.4
Proposed ResNet-101-improved FPN 37.2 58.2 39.4 18.4 45.8 52.7

% 2 Bounding box i) mAP %53t i

Table 2 Comparison of mAP results in bounding box %
Method Backbone P apsows P aprsin P apan P Apaabh P s
Faster R-CNN ResNet-101-C4 34.9 55.7 37.4 15.6 38.7 50.9
Faster R-CNN with FPN ResNet-101-FPN 36.2 59.1 39.0 18.2 39.0 48.2
Mask R-CNN ResNet-101-FPN 38.2 60.3 41.7 20.1 41.1 50.2
Proposed ResNet-101-improved FPN 42.3 61.4 45.6 24.2 49.6 51.3
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