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Abstract: According to the problems of target missed detection and repeated detection in the object detection algo-
rithm, this paper proposes an improved Faster R-CNN algorithm based on dual threshold-non-maximum suppres-
sion. The algorithm first uses the deep convolutional network architecture to extract the multi-layer convolution fea-
tures of the targets, and then proposes the dual threshold-non-maximum suppression (DT-NMS) algorithm in the
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RPN(region proposal network). The phase extracts the deep information of the target candidate regions, and finally
uses the bilinear interpolation method to improve the nearest neighbor interpolation method in the original Rol
pooling layer, so that the algorithm can more accurately locate the target on the detection dataset. The experimental
results show that the DT-NMS algorithm effectively balances the relationship between the single-threshold algorithm
and the target missed detection problem, and reduces the probability of repeated detection. Compared with the
soft-NMS algorithm, the repeated detection rate of the DT-NMS algorithm in PASCAL VOC2007 is reduced by 2.4%,
and the target error rate of multiple detection is reduced by 2%. Compared with the Faster R-CNN algorithm, the
detection accuracy of this algorithm on the PASCAL VOC2007 is 74.7%, the performance is improved by 1.5%, and
the performance on the MSCOCO dataset is improved by 1.4%. At the same time, the algorithm has a fast detection
speed, reaching 16 FPS.

Keywords: computer vision; object detection; non-maximum suppression; convolutional neural network
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Fig. 6 Comparison of target positioning experiments obtained by the proposed algorithm and other algo-
rithms on the MSCOCO dataset. (a) Faster R-CNN; (b) soft-NMS; (c) Our algorithm
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Fig. 7 Comparison of repeated detection experiments among the proposed algorithm and other algo-
rithms on the MSCOCO dataset. (a) Faster R-CNN; (b) soft-NMS; (c) Our algorithm
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Table 1 Comparison of algorithm precision under different threshold combinations

N
N
0.3 0.35 04 0.45 0.5
0.8 73.95 74.05 74.01 74.10 74.19
0.85 74.15 74.20 74.18 7417 74.10
0.9 74.43 74.50 74.05 74.30 74.36
0.95 74.62 74.72 74.66 74.58 74.44
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Table 2 Comparison of the results obtained by the proposed algorithm and soft-NMS on the repeated detection problem
Algorithm R total R R3 Cerror Rrate/ % Cerror-rate/ %0
soft-NMS 592 543 49 64 11.9 10.8
Ours 471 441 30 38 9.5 8.6
A3 A H ik F SRS NI B Ak B
Table 3 Detection accuracy and speed of each module in the algorithm
Algorithm mAP Detection speed/(FPS) Threshold Network
Faster R-CNN 73.2 15.3 N=0.6 VGG16
Faster+soft-NMS 74.3 15.1 N=0.3 VGG16
Faster+DT-NMS 74.3 16.0 (N;, Ni)=(0.35,0.95) VGG16
Faster+DT-NMS+BI-Rol pooling 74.7 16.0 (N, N;)=(0.35,0.95) VGG16
Faster R-CNN 59.9 15.8 N=0.6 AlexNet
Faster +soft-NMS 63.2 15.6 N=0.3 AlexNet
Faster+DT-NMS 63.4 15.6 (N;, N)=(0.35,0.95) AlexNet
Faster+DT-NMS+BI-Rol pooling 63.7 15.6 (N, N))=(0.35,0.95) AlexNet
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Table 4 Test results of the proposed algorithm and other algorithms on the PASAL VOC2007 dataset

Algorithm aero bike bird boat bottle bus car cat chair cow table
Fast R-CNN 77.0 78.1 69.3 59.4 38.3 81.6 78.6 86.7 42.8 78.8 68.9
A-Fast-RCNN 75.7 83.6 68.4 58.0 447 81.9 80.4 86.3 53.7 76.1 72.5
Faster R-CNN 76.5 79.0 70.9 65.5 52.1 83.1 84.7 86.4 52.0 819 657
RON320 75.7 794 74.8 66.1 53.2 83.7 83.6 85.8 55.8 795 695
soft-NMS 76.9 81.3 74.8 64.9 60.2 81.8 86.2 85.6 55.8 80.0 675
Ours 76.0 81.0 74.8 64.6 62.5 81.6 85.7 87.5 56.8 812 682

Algorithm dog horse motor person plant sheep sofa train tv mAP
Fast R-CNN 84.7 82.0 76.6 69.9 31.8 70.1 74.8 80.4 70.4 70.0
A-Fast-RCNN 82.6 83.9 771 731 38.1 70.0 69.7 78.8 731 71.4
Faster R-CNN 84.8 84.6 775 76.7 38.8 73.6 73.9 83.0 726 73.2
RON320 84.5 81.7 83.1 76.1 49.2 73.8 75.2 80.3 725 74.2
soft-NMS 82.8 82.3 79.6 81.0 434 771 .7 79.8 73.7 74.3
Ours 84.3 82.9 78.9 81.0 43.8 78.3 70.0 80.9 73.9 74.7

k5 ALSEA—MEeR k£ PASAL k6 ALHFEAA kL MSCOCO 445 % L4y

VOC2007 #c# & L egirmi4E R
Table 5 Test results of the proposed algorithm and
one-stage detection algorithm on the PASAL VOC2007

AL R

algorithms on the MSCOCO dataset

Table 6 Test results of the proposed algorithm and other

dataset Algorithm Network  AP(0.5:0.95) AP@0.5
Algorithm Network mAP YoLov2 VGG16 216 44.0
YoLo VGG16 63.4 SSD VGG16 23.2 412
Faster R-CNN VGG16 73.2 Faster R-CNN VGG16 24.4 45.7
YoLov2 VGG16 73.7 Faster+softtNMS ~ VGG16 255 46.7
SSD VGG16 74.3 Ours VGG16 25.8 471
Faster+soft-NMS VGG16 74.3 YoLov3 Darknet 33.0 57.9
Ours VGG16 74.7 RetinaNet ResNet101 34.4 53.1
1.4% soft-NMS
SSD 2.6%  YoLov2RY soft-NMS 2.4%
4.2% RetinaNet?!! YoLov3i?2 2%
ResNet-101 DarkNet pooling
PASCAL VOC2007 MSCOCO
Faster R-CNN
:t- ~
5 gl:l 'L%
Faster R-CNN - ResNet®!  DenseNet?4
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Overview: The Faster R-CNN algorithm uses the non-maximum suppression algorithm for proposals filtering. It
adopts the idea of “non-one or zero”, leaving only the candidate box with the highest score of the classification targets,
which greatly increases the risk that the target will be missed when it is highly overlapping. Therefore, the “weight
penalty” strategy is employed by the soft-NMS algorithm to solve this problem, which reduces the target missed
detection to a certain extent. However, the test found that the use of the soft-NMS algorithm will greatly increase the
number of proposals, resulting in a new problem that the same target is repeatedly detected and multiple detections
have mis-targeted the targets, especially when there are multiple targets in the image and the degree of overlap of the
targets is high. According to the problems of target missed detection and repeated detection in the object detection
algorithm, this paper proposes an improved Faster R-CNN algorithm based on double threshold-non-maximum
suppression. The algorithm first uses the VGG-Net-16 deep convolutional network architecture to extract the
multi-layer convolution features of the targets, and then proposes the dual threshold-non-maximum suppression
(DT-NMS) algorithm in the RPN (region proposal network). The stage extracts the deep information of the target
candidate regions, and finally uses the bilinear interpolation method to improve the nearest neighbor interpolation
method in the original Rol pooling layer, so that the algorithm can locate the targets more accurately on the detection
dataset. In order to highlight the performance of the DT-NMS algorithm on the target repetitive detection problem, this
paper first proposed the repeated detection rate and the object mis-distribution rate of multiple detections as the
measurement index. By simply setting the threshold in the DT-NMS algorithm, the relationship between the
single-threshold algorithm and the target misdetection problem is effectively balanced, and the probability that the same
target is detected multiple times is reduced. The improved Faster R-CNN algorithm re-adjusts network training and
parameters on the VGG-Net-16 network structure, and a lot of experimental verification on the PASCAL VOC data set
has been implemented. The experimental results show that compared with the soft-NMS algorithm, the repeated
detection rate of the proposed algorithm in PASCAL VOC2007 is reduced by 2.4%, and the target error rate of multiple
detections is reduced by 2%, indicating that the improved algorithm solves the problem of target missed detection and
repeated detection in the traditional algorithms. Compared with the Faster R-CNN algorithm, the detection accuracy of
this algorithm on the PASCAL VOC2007 is 74.7%, and the performance is improved by 1.5%. At the same time, the
algorithm has a fast detection speed, reaching 16 FPS.
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