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Hardware accelerator design for skeleton recognition in spatio-temporal
graph convolutional networks

Tan Huisheng Yan Shugi  Yang Wei
(College of Railway Transportation, Hunan University of Technology, Zhuzhou 412000, China)

Abstract: With the continuous advancement of artificial intelligence technology, the scale of data in neural networks is
gradually expanding, leading to a rapid increase in computational complexity. In order to reduce the computational load
of SpatioTemporal Graph Convolutional Neural Networks (ST-GCN), decrease hardware resource consumption, and
improve processing speed in practical applications of human skeleton recognition systems, a hardware accelerator based
on ST-GCN was designed and developed using Field Programmable Gate Arrays (FPGA). By optimizing the structure
of the original network model and quantifying the data, the computational load of FPGA implementation is reduced by
about 75%. Based on the sparsity of adjacency matrix, an optimization method for multiplicative and additive operation
of sparsity matrix is proposed, which reduces the multiplier resource consumption by about 60%. Experimental
validation on human skeleton recognition demonstrated that compared to CPUs, FPGA-accelerated ST-GCN units
achieved a speedup of 30.53 at a clock frequency of 100 MHz. The FPGA acceleration for human skeleton recognition
achieved a speedup of 6. 86.

Keywords: human skeleton recognition; spatiotemporal graph convolutional neural network (ST-GCN); hardware

accelerator;field programmable gate array (FPGA) ;hardware optimization of sparse matrix multiplication and addition
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Fig. 1 Schematic diagram of human skeleton recognition based on graph convolutional neural network
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[10.09.23]|16:59:49] The model has been saved as ./work_dir/re
[10.09.23|10:59:49] Eval epoch: 59
[10.09.23|11:00:44] mean loss: 0.771747606621073

JE %% . [10.09.23|11:00:45]
[10.09.23|11:00:45] Top5: 95.99%
[10.09.23]11:00:45] Done.

[01.07.24]13:53:04] Model: net.st_gcn.Model.
iﬁiﬁﬁ% [01.07.24]|13:53:04] Weights: /mnt/st_gen/work_dir/recognition/
o [@1.07.24]13:53:04] Evaluation Start:
f&%ﬁﬁlﬁ~ [01.07.24]13:53:18] mean_loss: ©.7806101784485728
[01.07.24]13:53:18] Topl: 77.05%
[01.07.24]13:53:18] Top5: 95.73%
[01.07.24]13:53:18] Done.

[01.07.204]13:51:01] Model: net.st_gcn.Model.
EiE B, [e1.e7.24]13:51:01] weights: /mnt/st_gen/work_dir/recognition/

S [01.07.24]13:51:01] Evaluation Start:
iﬁ’%ﬁﬁfé‘ [01.07.204]13:51:28] e 0ss: @.780597143313U6U

mean o
LR B 3R [01.07.20]13:51:28] Topl: 77.12%
Top5: 95.70%

[01.07.24]13:51:28]
[01.07.24]13:51:28] Done.
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Fig.4 Test results after lightweight
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Fig. 3 Human skeleton action recognition model after lightweight
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Fig.5 Comparison of data quantization accuracy
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Fig. 12 Software recognition result

BAT TR G5 R 0 SR 5 — J2 DL B B T RE R, 3
BT I FE R ] KRB AT 25 R KR I AR 3R 2 R,
o — 2B EFER A 9. 16 ms, SIS FEN ] 69. 88 ms,
3.2 FPGA EHEHRTE

O E P IR MAUE R A ROM ", 38 NTU
RGB-D R i) — B 2R 7 FIE N g A bR 2“1
K BCFE R R 07, GON fi 45 R A&l 13 froR . 1E
100 MHz B30 250 F B0 i ATE 225. 11 ps 452 H A
D5 FLIEHA R R K LB AR B GON B e 115878 2% 1
% b, 233 0.36 ps J5 Ab BROSE A H L B AE # R A
225.47 ps.

TCN fff E 45 5 A/ 14 fis . GON B o TCN
BEY A B & B AE 5 AT B B 3, BUHE 7F 225. 46 ps
RETFURMA 2 75. 71 ps J5 4304 52 R, BRItk 5 A
PR ST-GON #Ege G AL AE 2R (8] 301. 17 ps.,

K2 BHEBETERRMEHER

Table 2 Software running results and time consumption
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Fig. 13 GCN simulation results
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Fig. 16 ILA online logic analyzer results

17 FPGA W{F5:3
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Table 3 FPGA resource consumption

Resource Utilization Available Utilization %
LUT 124 256 277 400 44. 79
LUTRAM 2 304 108 200 2.13
FF 40 944 554 800 7.38
BRAM 323 755 42.78
DSP 418 2 020 20. 69
10 8 362 2.21
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Table 4 Comparison of software and hardware
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B a1 Float 32 Int 16 —
ST-GCN & #E m} 9.16 ms 0. 30 ms 30.53
BRG] MEER 69.88 ms  10.19 ms 6. 86

TR ALY R CPU 4 14. 58 % , fin B &4 S 0 &
4 £ i

R T VR I S P A R 2 N 2 (1 A
TR 1 ¢ U5 T E 3 T PR SRR S B N AR I AL B
BRI R T — A3k F B s [ 36 BBl 26 000 46 14 5 2R L0
T Jon e 2 . o S R 4% A 7R 0 AT A o A B A R TIE
PN HER B B R B 08 /0 T FPGA SEBL 2 75 % B8 1
R E SBOH K RS R M I AT AL B AR B A B
V14 ) At B T A B 5 R I R 2 T % 408 I
B (R R AR T — AR B ) 28 A AR 1 )11 2 5 L kAT
G P 3R 3B B A 4K D v > T GON BB 2 60 %6
Mk AR IR THAE . LIRSS BRI FERT AP AT 23R 100 MH2
TL.FPGA 78 3£ #1 ST-GCN #ft 4 W 4% 51 0 19 B [8] 29 Ky
301. 17 ps,CPU SZBLEF 8] 24 9. 16 ms, Jil 3 LA 30. 53,
FPGA SEHA M 22 5 A5 A (1 15 R] 29 4 10. 18 ms, CPU
SCELET ] A 69. 88 ms, il Lk 6. 86, ZE#EE  ST-GCN
i 2 190 446 Ao 9L R (1 [ s R AIG T O VRIS A
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