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Crowded Pedestrian Detection Method Combining Anchor Free
and Anchor Base Algorithm
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Abstract: Due to its relatively higher accuracy, the Anchor base algorithm has become a research hotspot for
pedestrian detection in crowded scenes. However, the algorithm needs to design manually anchor boxes, which
limits its generality. At the same time, a single Non-Maximum Suppression (NMS) screening threshold acting
on crowd areas with different densities will lead to a certain degree of missed detection or false detection. To
this end, a dual-head detection algorithm combining Anchor free and Anchor base detectors is proposed.
Specifically, the Anchor free detector is used to perform rough detection on the image, and the coarse detection
results are automatically clustered to generate anchor frames and then fed back to the Region Proposal
Network (RPN) module, instead of manually designing the anchor frames in the RPN stage. Meanwhile, the
density information of the population in different regions can be obtained through the statistics of the rough
detection result information. A pedestrian head-whole body mutual supervision detection framework is
designed, and the head detection results and the whole body detection results supervise each other, so as to
reduce effectively the suppressed and missed target instances. A novel NMS method is proposed, which can
adaptively select appropriate screening thresholds for crowd regions of different densities, thereby minimizing
false detections caused by NMS process. The proposed detector is experimentally validated on the
CrowdHuman dataset and the CityPersons dataset, achieving comparable performance to current state-of-the-
art pedestrian detection methods.
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begin:
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R < FUM; B<B-M
for b; in B do
if IoU(by;, b;) = 0.9 then
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end
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if A; Db; then
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end
end

end

return R, S
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SCHE I T A AEAE AT AR B 0 B v AT N A T 1 4
A&, FEIRMF T1.69%MIMR 2. 5.37%MAPLL K
3.52% M Recalllf as . VHRASEIR IR | A4 77
EA R, FHAEWS IR, AT AR
FA 8] 345 3 B 2.2
3.5 XfLLEI SR

T AR SRR VAR W, A SCE e
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Ev 15 A 3 A s ok
Jivk gi giﬁai Stripping-NMS Reg\j;;lj;)le (PIIV‘;;Y% T %ﬁsﬁl\i éﬁi Stripping-NMS MR? AP Recall
baseline 11.74 45.24 baseline 42.73 85.88 80.74
J y 11.48 43.64 v y 42.38 88.63 83.04
A v v 10.76 42.44 A V v 41.88 89.44 83.41
J J J 10.48 40.81 v v J 41.04 91.25 84.26

#* 5 FRIFEFECityPersonsEEEE_EAIHRELLER (%)

Jiik FTM% NN Reasonable(MR ?) Heavy(MR ?)
OR-CNNEI VGG-16 1x 12.80 55.70
MGANEY VGG-16 1x 11.50 51.70

Adaptive-NMS!! VGC-16 1x 12.90 56.40
RANMS! VGG-16 1x 11.10 53.30
EGCL™ VGG-16 1x 11.50 50.00
RepLoss!® ResNet-50 1x 13.20 56.90
CrowDet ResNet-50 1x 12.10 40.00
SCHiR[24] ResNet-50 - 11.60 47.30
RepLoss!! ResNet-50 1.3x 11.60 55.30
CrowDet /! ResNet-50 1.3x 10.70 38.00

NOH-NMS! ResNet-50 1.3x 10.80 -
baseline ResNet-50 1.3x 11.74 45.24
KRILTT ResNet-50 1.3x 10.48 40.81
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WiRzS FET W% MR 2 AP Recall
Faster R-CNN!Y VGG-16 51.21 85.09 77.24
Adaptive-NMSV) VCG-16 49.73 84.71 91.27

JointDet!" ResNet-50 46.50
R2NMS!M ResNet-50 43.35 89.29 93.33
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DETR®! ResNet-50 45.57 89.54 94.00
NOH-NMS®I ResNet-50 43.90 89.00 92.90
SCHR[S] ResNet-50 50.16 87.31 FPN
V2F-Net " ResNet-50 42.28 91.03 84.20
baseline ResNet-50 42.73 85.88 80.74
ACTT % ResNet-50 41.04 91.25 84.26
2% - -1.69 +5.37 +3.52
# 7 DetNet5Cascade R-CNNZEARIME8E(%)
7 E TR MR ? AP Recall
KT Detnet-59 39.94 91.23 93.05
Cascade R-CNN-+A 3 J5ik Detnet-59 38.02 91.75 93.14
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