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Abstract In light of the situation that it is difficult to accurately detect pedestrians in real scenes due to mutual
occlusion, a feature extraction enhanced detection algorithm based on attention mechanism is proposed. Firstly,
attention modules are added to learn the relationship between feature channels and the spatial information of feature
maps, so as to enhance feature extraction in the visual area of pedestrian targets. Secondly, according to the actual
size of pedestrian data, the k-means+ -+ algorithm is used to cluster pedestrian labels, so as to determine the size
and proportion of anchors. Distance-intersection over union loss function (DIOULoss) is used to design the loss
function of the detector, so that the regression of the detection box pays more attention to the intersection over
union between the candidate box and the real box, as well as the center distance between the two boxes. Finally, a
new non-maximum suppression algorithm (DSoft-NMS) is presented to preserve more accurate prediction boxes.
The proposed method has been tested on CityPersons and WiderPerson datasets, and the results show that the
proposed method with a simple network structure has higher detection accuracy in occluded pedestrian detection,
which is convenient for subsequent research.
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Fig. 1 Overall architecture of model
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Fig. 3 Diagrams of target prediction. (a) Prediction result 1; (b) prediction result 2
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Occlusion status partition of CityPersons dataset

Table 1

Type Bare Partial Reasonable Heavy
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Table 2 Number of pedestrians of mutual occluding datasets

Dataset CityPersons WiderPerson
# person/img 6.47 28. 87
10U is larger than 0. 3 0.96 9.21
10U is larger than 0.5 0.32 2.15
10U is larger than 0.7 0.08 0.24
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Table 3 Results for each added module M yp %
Method Reasonable Heavy Partial Bare
Baseline 15.7 56. 3 18.8 9.7
Baseline+ AM 13.6 52.8 15.3 7.5
Baseline+ AM+ RRPN 13.1 52.1 14.5 7.3
Baseline+ AM+RRPN-+DN 12.7 51.9 13.2 6.6

5 baseline # L, BF I8 169 2% 4> BB X6 T 3 14
FIBR B M #0412 AR B BT SO e 07 1 1
AT P AT AT 55 e 3 = AE Heavy T4 9TF
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Table 4 Experimental results of My: on CityPersons %
Method Backbone Reasonable Heavy Partial Bare
Faster-RCNN VGG-16 15.4 — — —
WiderPerson VGG-16 11.1 — — —
OR-CNN VGG-16 12.8 55.7 15.3 6.7
TLL ResNet-50 15.5 53.6 17.2 10.0
TLL+ MRF ResNet-50 14.4 52.0 15.9 9.2
PedJointNet ResNet-50 13.5 52.1 — —
ReplLoss ResNet-50 13.2 56.9 16. 8
Adaptive-NMS ResNet-50 10. 8 54.0 11.4 .
Our method ResNet-50 12.7 51.9 13.2 6.6
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Fig. 4 Comparison of detection results of pedestrians. (a)—(d) Detection results of baseline;

(e)—(h) detection results of our method
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Table 5 Experimental results on WiderPerson

Method AP /% Recall /%
Baseline 84.43 89. 21
Our method 85.12 89. 94
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