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[ Abstract] Generally, the speed gain of'traditional target detection models comes atithe cost of accuracy,and vice versa.
To address the problemga new peédestrian detection model, PD-CenterNet, is proposed based on CenterNet by improving
its network structure/and loss function. In terms of network structures a feature fusion module based on attention
mechanism is given in the up-sampling path to fuse low-level features and/ high-level features.In terms of the loss
function, three factors « .y and 6 are designed to increase the loss ‘of positive samples and reduce the loss of negative
samples, balancing the loss of the samples. Experimental results show/that compared with the CenterNet model, the
proposed model improves the accuracy of network structure.by,5.1%.and the accuracy of the loss function by 9.81%.
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Table 1 Model parameters and quantity
o2 Z4/10° Multi-Adds/10°
CenterNet + MobileNet 10.6 17.7
CenterNet + ResNet18 16.4 19.3
CenterNet + ResNet50 35.0 26.0
CenterNet + ResNet101 54.0 329
PD-CenterNet + MobileNet 53 2.1
PD-CenterNet + ResNet18 13.9 11.5
PD-CenterNet + ResNet50 27.6 19.9
PD-CenterNet + ResNet101 46.6 26.8
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B is a set of bounding boxes, shape is [ WxH,4]

G is a set of ground-truth boxes on the image, shape
is [N,4]

S is the size of the input image

i

P, is the BBox of the positive sample

P, is the BBox of the negative sample

1. initialize the index of positive samples as A

2. compute the downsampling multiple of the feature

map:r=S_./W
3. foreachleveliin[1,N] do
compute the position of the BBox on the x-aXis
of the feature map:x = | G /r
S. compute the position of the BBox on the y-axis

of the feature map:y =|G,/r]

6. c=yxW+x

7. ifcin A do

8. find unused points around c:\c = FindPoint
(x,y.,c)

9. end if

10. A=AUc

11.end for

12.D = range(0, Wix H)

13.P, . =B[A]

14.P,, =B[D-A]

15S.return P P |
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Fig.4 Decline of learning rate
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B is a set of bounding boxes,shape.is [ N, 4]

L is the number.of categories

C is class confidence,whete-€[i][ 0] is the background
category, shape is [ NI ]

d is the threshold of confidence

a is thethreshold.of the area

S is the size of the input image

A

P is the’ BBox of the positive sample

T is the confidence of the positive sample

1. foreachleveliin[1,N] do

2. compute the index of the maximum value of C;:

m =argmax(C,)

3. calculate the maximum value of C;:v = max(C,)
4. ifm! =0and v>=ddo

5. P=PUB[i]

6. T=TUCLi]

7. end if

8. end for

9. remove small BBoxes: P, T = RemoveSmallBoxes(P,T,a)

10. clip BBox out of range of image : P = ClipBoxes (P, S)
11. return P, T
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Table 3 CenterNet network and

Focal Loss function %
o 2 AL A AP AP50 AR75
CenterNet + MobileNet 30.01 67.23 19.75
CenterNet + ResNetl18 32.76 75.13 22.67
CenterNet + ResNet50 38.20 77005 27.92
CenterNet + ResNet101 37.69 80.43 29.84
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Table 4 CenterNet network and improved

loss function %
W 2 AL A AP AP50 AP75
CenterNet + MobileNet 31.12 70.81 20746
CenterNet + ResNet18 34.82 80.29 25:48
CenterNet + ResNet50 38.05 81.31 28.54
CenterNet + ResNet101 39.98 81,50 27.46
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Table 5 PD-CenterNet letwork and

Focal Loss function %
o 2 A A AP AP50 AP75
PD-CenterNet + MobileNet 31.24 72.33 20.85
PD-CenterNet + ResNet18 40.85 76.67 38.55
PD-CenterNet + ResNet50 38.10 78.16 31.46
PD-CenterNet + ResNet101 41.58 81.14 36.68
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Table 6 PD-CenterNet network and improved

loss function %
6 265 R 1 AP AP50 AP75
PD-CenterNet + MobileNet 32.64 75.24 24.27
PD-CenterNet + ResNetl18 43.29 84.94 43.02
PD-CenterNet + ResNet50 43.88 84.08 42.47
PD-CenterNet + ResNet101 45.16 84.70 45.90
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Fig.7 Pedestrian detection results
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