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Lightweight human skeleton key point detection model based on improved
convolutional pose machines and SqueezeNet
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Abstract: In order to solve the problems of too many parameters, long training time and slow detection speed of the
existing human skeleton key point detection models, a detection method combining the human skeleton key point detection
model called Convolutional Pose Machines (CPMs) and the lightweight convolutional neural network model called
SqueezeNet was proposed. Firstly, the CPMs with 4 stages (CPMs-Stage4) was used to detect the key points of the human
images. Then, the Fire Module network structure of SqueezeNet was introduced into CPMs-Stage4 to reduce the model
parameters greatly, and thus to obtain a new lightweight human skeleton key point detection model called SqueezeNet15-
CPMs-Stage4. The verification results on the extended Leeds Sports Pose (LSP) dataset show that, compared with CPMs,
SqueezeNet15-CPMs-Stage4 model has the training time reduced by 86. 68%, the detection time of single image reduced by
44.27%, and the detection accuracy of 90. 4%; and the proposed model performs the best in training time, detection speed
and accuracy compared with three reference models improved VGG-16, DeepCut and DeeperCut. The experimental results
show that the proposed model achieves high detection accuracy with short training time and fast detection speed, and can
effectively reduce the training cost of the human skeleton key point detection model.
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(CNN); lightweight; Convolutional Pose Machines (CPMs); SqueezeNet
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Tab. 4 Comparison of validation results of models trained on
MPII dataset

lE3 R EE HIATES
2 fi5
s WE /b A ] /ms — (PCK)/%
CPMs 180.0 260. 7 85.54
CPMs-Stage4 77.4 216.3 84. 47
SqueezeNet15-CPMs-Stage4 20. 8 148.2 86. 51
B A SR AR Y LSP B TESE 1 EAT IR EXT b, 4

ks s, H oy “*”i%mfﬁﬂwlé}%ﬁ%*#%MPmJII
SRFHEATINAE LSP A e it LSP Ut A vh

A 5T LLE AR SCHRE S AR A 5 CPMs AR DE Y
TKE90. 4% , HLYI LT (] F1 R 5K PGS A [a] S5 A , G 3= I
HAET, 5 55 SN B A REIA b, AR SCBLALAE 38 I W 45 250 46
FRUZ B IR L PR R AU S50, PRI EL A A i (R e 56
/D R R S HOR B (A N . 5 CPMs A Fb, A SOAR
e I 25 0 18] L 3/ 86. 68% , 7E B 5K [ AR AG: I v &) L i 2>

Full Pose head (0.825601) neck (0.813002)

I
%

Rhip (0.793719) Rkne (0.871611)

I

Full Pose head (0.773328)

Rhip (0.543872)

Rsho (0.799134)

Lwri (0.846484)

Rank (0.822586)

neck (0.809160)

Rkne (0.708205)

Rsho (0.730354)

Rank (0.775270)

Lwri (0.599360)

44.27%.,
x5 RERLSPHIEE FGHERHIRIEERXT L

Tab. 5 Comparison of validation results of models trained on
extend LSP dataset
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Fig. 4 Key point detection results of SqueezeNet15-CPMs-Stage4
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Tab. 6 Comparison between proposed model and reference models
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