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Realization of high-precision heterogeneous anchor-free detection
model based on PYNQ framework
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Abstract ;: Due to the large number of parameters and large amount of calculation of deep convolutional networks, it
is difficult to quickly and accurately deploy multi-scale target detection networks on many platforms with limited
resources and power consumption. To solve this problem, based on the Python productivity for ZYNQ (PYNQ)
framework , this paper realizes the IP core design and heterogeneous system architecture deployment of CTiny
model, which is an anchor-free object detection model. First, a method of segmental quantization of the overall
scaling factors in the convolution kernel was proposed, so that the pre-trained high-precision algorithm could be
deployed on the field programmable gate array (FPGA) with low loss. Then, the system of the CTiny model was
constructed based on the PYNQ framework, including ResNet backbone network, deconvolution network, and
branch detection network. Finally, the time-consuming calculation such as picture preprocessing and post-
processing was moved from serial ARM to parallel FPGA | further reducing the total processing time. Experimental
results show that after deploying the CTiny model on the PYNQ-Z2 development board, the proposed quantization
method achieved a mean average precision of 81.60% in the public optical remote sensing dataset NWPU VHR-10,
which increased by 14.27% than truncated quantization. It has realized the requirement of deploying a tiny anchor-
free object detection network with low loss. In addition, the processing time of post-processing was reduced from
9.228 s on the ARM side to 0.008 s on the FPGA side, which improved the speed of the detection model.
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CTiny_piece £:F NWPU VHR-10 £#E & 1) 24560
FGEE  FPEAXS e T 2 200 P KGR . 3R 3 4%
BRIZHO L, 3R 4 REBEXT USSR . 3R 3 i 32 bit
TR B, R ik ny e s v, Horb iy
RICAOD 3+ & NVIDIA TITAN X GPU, Yolo-v2
F1 CTiny #£F NVIDIA GTX 1080 GPU, |fif FPGA -
H 3k Xilinx ZYNQ, ZFH RICAOD #11 Yolo-v2 2%
YRR AT LAY, 35 14 g BT B AE (9 G U ASE A, A=
JEAN ) RUBE A R 9 B A A e HE LADE E H A , B
THR BT NWPU VHR-10 i 5 i FEAKG ) 7K
F-, RICAOD (¥ T R28 2 AlexNet (it i, T
KT 2EREN B EE B, Yolo-v2 iy F
TMZ5 N DarkNet-19, W% 4 7T LUF 1, 5 AT
SRR T ABE AR (%) 0RO L, T T AE A U A5 A
CTiny JEAT] DL R A IS B2 5 0K, AR 3 T M 4%
HA 9 R R (3L 18 2 & &) , 2 8EM
OB AE 43 3 A6 T 6 bit F1 8 bit, (HHP-H 46
FEREEIAE] T 89.08% .

R3 TRKRAHSHTL

Tab.3 Parameter comparison of different models

BH RICAOD Yolo - v2 CTiny CTiny_cut CTiny_block CTiny_piece
SEH GPU GPU GPU FPGA FPGA FPGA
I S AlexNet Darknet-19 DW-ResNet-9 DW-ResNet-9 DW-ResNet-9 DW-ResNet-9
SR T/ bit 32 32 6 6 6 6
G A B/ bit 32 32 8 8 8 8
M 13 T/ bit 32 16 16 16
B {3 %/ bit 32 32 32 16 16 16
&4 VHR-10 HiREHFARREEE NWPU S5 B X bt
Tab.4 Comparison of mean average precisions of different models on NWPU VHR-10 dataset
A KL AR THI (32877 5k kY HzY e it LR ] mAP
RICAOD 0.997 0 0.908 0 0.906 1 0.929 1 0.902 9 0.803 1 0.908 1 0.802 9 0.6853 0.8714 0.8712
Yolo-v2 0.9992  0.909 1 0.8172 0.9830 0.9077  0.909 1 0.9914 0.8978 0.8869 0.8154 0.9117
CTiny 0.991 4 0.933 6 0.920 1 0.990 5 0.963 6 0.742 3 0.873 8 0.906 2 0.792 3 0.7943 0.890 8
CTiny_cut 0.7915 0.743 5 0.627 6 0.904 7 0.886 6 0.6156 0.602 9 0.704 5 0.3951 0.4612 0.6733
CTiny_block  0.923 3 0.8174 0.7674 0.9730 0.9485 0.620 1 0.7849  0.7949 0.5842 0.6838 0.7897
CTiny_piece 0.972 8 0.859 6 0.844 6 0.968 7 0.957 2 0.6550 0.716 8 0.818 3 0.664 2 0.7020 0.8160

15 FPGA S S BUI , 7 5 B AHUZ H—AL)=
WREIA—Z, SRR XONF UL o 4
SE RUVRI, X 2 T BORERY 0 RIS 2 R R A, 4n 3k 4

1 CTiny 1 CTiny_cut PYFIEHE T , Al S ket [R]
—BIRAE AT B B e AN IT L . 28 FTSCH AT, 1l
Wit M A B By AR A R . Utk R
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BT e AR 2 Ay O U B M B,
ZEHLNFE 4 b CTiny _cut, CTiny_block F1 CTiny_piece
IR, He P R AR ORI G5 R B R 2 1Y
S50 . GBS IRAT LR ), BT Y 7% CTiny _
cut ORI 2, 43 A R R R s T ER(E TP g R
B, T 3K 26 O 1 2 e A ) A5 2R ) O B A
CTiny_block JHfr b iY77 , 3 #r  J2 1Ak 22 BOH i
EEE, GETHE AR 20 8 [ S 208 R o 7 4
A X, CTiny _block £55 %5 1& T BT A J2 (1 &
A Z BRI B0 52 ), A SR TR OCR . g
X 2= R B ML PR CTiny_piece W i — 10 2 15
T iz/INRUGE R D2 (8 RS T B, T SA 4G I K B2 AH
H, CTiny_cut A1 CTiny_block 43545 T 14. 27% #1
2.63% ,UEH] T A SO 1 TICAR 04 B A R AR
TR A Rk

3.3.2 IR )

B BR[F AL S FPGA TF & A [7]— A e )
BEAY AT BEAH 22 AR K, JU R 7R 5 38 B IR W 4%
B, A5 e R B A AR S I /NS 1 s S i s AP %) A
JR AR B AT Al R, A SCRBRTE [R]— HUF &
Bz 384T Yolo-v2 Ml CTiny, — 3% 5286 iy B 4E it F2

BEAR —F, ¥R FIAE PL I it 4T — IR S8 B & s
B — Y8l BRI S B &) Z 5 # s 1%
[l PS ¥, ARG AT B — I BERIE . 4R ER, A
PO TERAR A I AT 3 1 A< TH AT 3 3] A5 B 4G DU
S

M 4 SR 25 R T LB I TE FPGA S 4 fij i
1 MP 4 BRI ] 4 T A vk . Herb, I’ Ak
PRI [E]HE R DA SD RS2 IO B N A Y B
Ko JRAbPES[A] 298 FPGA i th i 45 R 48 PS diit
AR BARHEN, B A ST, BB AL B E) 5 1
M A PL g 2 i 9 5 B, i FPGA I (8] 45
FPGA H iy T J2 (1) I ], — 35 AH DS E AT 45 2] PS
Ui IR A A7 i W (L -1k S5 B0 BT IR 4G .- CTiny _piece
FI1 CTiny_block ¥J A 7F PL ¥msSEEE MP #:4%, i CTiny_
piece(woMP) [¥J Sigmoid p&ELF1 MP /EILE PS Uit
S HhER S ATLAFE ) CTiny_piece (woMP) i )5 &b
PRI T8 9. 228 s, I E AN BE 1A B S PR 5K 5 4
Sigmoid #:1E4 2, 76 FPGA S 4 i 2L 31 MP W4 f5
b PRI 45 I 7E 0. 24 s A R/ T Ji5 A BRI ]
ifii FPGA SR {8 1 0.008 s, yE M T AN A
Rk

&S5 ET PYNQ-Z2 Fr & HRHY BT [a HE B i i8]
Tab.5 Inference time based on PYNQ-Z2 development board

" . . ; . e e e b e s X P {5 Ak BRI i)/ ‘
i) PR WIR/Hz BRURE SRIvE/bit BIG(EAI /bt BUARBRR (/s i JE AL BR8] /s
(FPGA A3 E]/s)
Yolo-v2 416 150 31 32 32 0.250 1.130 1.090
0.517
CTiny_block 512 100 36 6 8 0.110 0.240
(0.373)
0.521
CTiny_piece 512 100 36 6 8 0.110 0.240
(0.376)
CTiny_piece 0.513
512 100 36 6 8 0.110 9.228
(woMP) (0.368)

1T Yolo A5 AU 2 JE T e AfE () R AR 2, L
AR PR NMS #8455 K 3 K 2 5008 9 18 26 L B4
YE, W32 5 Al & 1 FPGA fFE It A4 K, A
SCHTETEAE R AR T NMS $R1E , RE2% i 8] (1) 35/
i MP R R 51480, R — KA, Bk A SR
MP $EFTSE IR G | AT 3 35 46 e A PR [

25 AR T Yolo-v2 (4L FRATIE] , BT LA H
Jr R UE A 0 XA I B ] 9 BR il K. Yolo-v2 (1)
FPGA 3 Ab PR H] 238 8] T 1. 13 s, K4 FPGA
MBI L AR SEAT A K] 73, BB ARM
Uiy 38 A DA BB R B2 LA Bl I S AR
YES K IG hn b 3]

3.3.3 FPGA %5 5 %

CTiny P 48 75 FPGA #5219 % I o5 A% 00
F 6, KT FASRMHE TR, A SCRITNE G5
FUIP %% DSP (4 F 238 5 1 100% . PRIA ik
TH R ER A T HLS s a0 SR T #4E , B 0 4
R (LUT) By 300, 158 1 86% iti. K
YA N E A I CTiny _piece fYBEYE 7 FHAR AR
CTiny_block A K% izt 72hZb3gn 1 0.016 W,
3.3.4  ATALARAG ISR (5]

Sy R e, 5 TS U SR, T 9 S RS2 Y
AR A5 R, AR BOR, AR TR T
PYNQ HEZEfY CTiny W28 528, I 3A 3] T 8 1y K
WA BE
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Tab.6 FPGA resource consumption

el BRAM_18K DSP48E FF LUT LUTRAM MMCM Power/W
84.50 220 57 722 42 656 3627 1
CTiny_cut 2.860
(60.36% ) (100% ) (54.25% ) (80.18% ) (20.84% ) (25% )
84.50 220 50 183 43 006 3629 1
CTiny_block 2.835
(60.36% ) (100% ) (47.16% ) (80.84% ) (20.86% ) (25% )
84.50 220 58 764 45 902 3627 1
CTiny_piece 2.851
(60.36% ) (100% ) (55.23% ) (86.28% ) (20.84% ) (25% )

9 ET PYNQ #J CTiny AT 4L 4GB R E

Fig.9 Visual detection results of CTiny based on PYNQ
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