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Deep Learning Object Detection Optimization Algorithm for Embedded Devices

DAI Lei-Yan, FENG Jie, DONG Hui, YANG Xiao-Li
(School of Information Science and Technology, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: Along with the deep research on neural network, the object detection precision and speed are improved. But,
computational cost is higher and higher with the deepening of network layer and increasing model volume, it cannot meet
the needs that the neural network realizes fast forward reasoning directly in the embedded devices. In order to solve this
problem, we study deep learning object detection optimization algorithm for et}‘lbedded devices in this study. First, we
choose the appropriate object detection algorithm and neural network frame structiire. Then, the training and model
pruning are carried out for the images collected under the specific dé’gection scenario. Finally, the assembly instruction is
optimized for the pruned object detection model transplanted to the embedded device. Compared with the original
network model, the proposed model volume is reduced by 9.96% and the speed is accelerated by 8.82 times after
comprehensive optimization.
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2.3 LRI

IR SR EE IR A UL FES . IS SCHERE AN
RN RGEA AL, TR KR T ARM 5
LI AR, A 2 2T SR AR I 1 i A i
ARSCAE R M AR 3 B, B 1.2 GHz il 64 {4t HE
&, W6V R G A AT ) HEER AP RE 5 oK.

FE% ARM P& b, i w3 1 AR BT E %
A28 JZ AR LU, osE &3t A B AUZ Conv_0.
Conv_1. Conv 2. Conv 3. Conv 4. Conv 5. Conv_6.
Conv_7. Conv_8. Conv 9. Conv_10. Conv 11, Conv_12,

Conv_13. Conv_14 1 fll Conv_14 ZHﬁJI:«ﬁﬁﬁ%f )

BLIRWE S IR T ?{rﬁ%%/ \Hﬂﬂéﬂ%ﬁﬁh#z‘”
L &Xﬂt ($u ms)

M%F’ L Bm WEs Bk 1024
Conv_0 111 83 61
Conv_1_dw 27 22 18
Conv_1 324 243 186
Conv 2 _dw 21 16 14
Conv_2 313 251 197
Conv_3 dw 27 24 21
Conv_3 617 561 517
Conv_4 dw 10 8 8
Conv_4 316 253 215
Conv_5 dw 15 12 12
Conv_5 643 587 535
Conv_6_dw 6 6 6
Conv_6 208 152 111
Conv_7 dw 8 7 7
Conv_7 646 586 537
Conv_8 dw 8 7 -
Conv_8 714 639 . 592
Conv_9 dw 8 n " i ¥ 7
Cov9 T8 628 584
Conv_10_dw " ;8 7 7
Conv_10 b o783 683 604
Conv_11_dw 8 8 8
Conv_11 675 585 509
loc,conf 102 100 99
Conv_12 dw 3 3 3
Conv_12 263 258 259
Conv_13 dw 5 5 5
Conv_13 716 710 709
loc,conf 110 109 109
Conv_14 1 182 181 181
Conv_14 2 106 105 106
HoAh 42 41 41
Bt 7773 6887 6275
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A1 flatten. MobileNets 1]/ %% ) 5 4 S ¥ MobileNets-
SSD M4 /2 W3 2 frax. M EET MobileNets, A< 3CHY
MobileNets-SSD % 8 JZ &M=, Hix/a 1T Hibit
Z. &EHEJZF Softmax AL T conf reshape.
conf softmax Fl conf flatten. XTI ZREHT IS, &
LR 1) MobileNets-SSD #2% [] mAP 1A% 84.7%.

% 2 MobileNets 5[] MobileNets-SSD

MobileNets MobileNets-SSD
Conv/s2 Conv_0
Conv dw/s1 Conv_1_dw
Conv/sl Conv_1
Conv dw/s2 Conv_2 dw
Conv/sl Conv_2
Conv dw/sl Conv_3 dw
Conv/sl Conv_3
Conv dw/s2 Conv_4 dw
Conv/sl Conv_4,
Conv dw/s1 yConv_"'S_dw
Conv/sl Y 7 Conv. 5
Conv dw/s2 . Conv_6_dw
Conv/sl Conv_6
Conv dw/sl Conv_7_dw
Conv/sl Conv_7
Conv dw/s1 Conv_8 dw
Conv/sl Conv_8
Conv dw/s1 Conv_9 dw
Conv/sl Conv_9
Conv dw/s1 Conv_10_dw
Conv/sl Conv_10
Conv dw/s1 Conv_11 dw
Conv/sl Conv_11
Conv_11_loc,conf,priorbox
Conv dw/s2 Conv_12 dw
Conv/sl Conv_12
Conv dw/s2 Conv_13_dw
Conv/sl Conv_13
Conv_13 loc,conf,priorbox..
Conv 14 71
~ Conv_14 2
# Con\Ll4727100,conf,priorb0x
Conv_15 1
Conv_15 2
Conv_15 2 loc,conf,priorbox
Conv_16 1
Conv_16 2
Conv_16_2 loc,conf,priorbox
Conv_17 1
Conv_17 2
Conv_17_2 loc,conf,priorbox
Avg Pool/s1 loc,conf,priorbox
FC/sl conf reshape
Softmax/s1 conf softmax

conf flatten

MobileNets-SSD 5¢ il illl 5 Ja AT 2 T — B Z i Je
TR AL B A . 428 o B B ) AR R s 1) i I A%
2) B F RSB E O 3) i EE R S E
AN 4) #6893 BLeR 00 T Fios:

(1) forward

(2) compute_rank

(3) normalize ranks per layer

(4) get_prunning plan

(5) lowest_ranking_filters ‘

PR (1) 2 B T e AR R M
(2) FHIE B 5 SE I, et o P SEEL P T R
Fis B (3) AR 204 S — e B8 (4) IR M
(5) Fer R FH /N JT 48 5 N ANVHES B O 580 5
.

SERC— IRBI R, BT BB RO REAR. BTG S50
Z514:5% 3], EAIZEEA 10 kAR

FARSEIRI, N 4yl B Y 512 F1 1024, I &)=
W 2% AR I DL AN 1 Y B R0 EE . N oA 512 I,
YRR IR A () mAP A 85.1%; N ¥ 1024 I}, #11k
KM AT ) mAP A 82.3%. H LA H, N N 512 i, ¥
RRIIERL ) mAP A Fri@ Tt M N A 1024 I, P4k
DB ) mAP A BT T B, B N B 512 B, B
BYRE S (A Ao USSR 5 2% B8 B A 45 AR TR S5 I
Moo e R KR 4, T RO BT

FITbA, 255 26 1 AEABTROGEE N A 512 A1 1024 I
(R FE I 5 100 M%EXWJ‘E‘JWZK@WIM%@E@ mAP {8, A
SRR EPRT N A 512 (1R HT B ) MobileNets-
SSD Wy A K A8 R0 0547V 2 PR AL 2 i BRI B U £
MobileNets-SSD # R AFI By 23.1 MB Zi)# N 20.8 MB,
BERAFA N 9.96%.

3.3 ARM F &1k

P 1 AR Y BY A X Bl o], A AR AR Y o 25 A
JZ Conv 0. Conv_1. Conv 2. Conv 3. Conv 4. Conv 5.
Conv_6. Conv_7. Conv_8, Conv 9. Conv_10. Conv 11,
Conv_12. Conv_13, Conv_14 1 1 Conv_14 2 it
SEAR BB L AR B BT 5, #E AR LA, FRA i i
TR REE . A7 AE AR BORN 5% A AT 55 T BOR AR AL B A
i AN R BT J5 IR 22 (0 9 2 2 53 e T I AR,
FHNLFHET)/E NEON HA, ‘Bt ARM AbFEZR1 128 fif
SIMD 2R f&, B 7ENTH 2k 2 AR B FH AR P d it R
W SRR DI RE. B AT 32 > 64 A FF A7 Al 16
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128 i af A7, P Ar2n I B AR U A ARRS W F Frow:

(1) .macro MobileNets-SSD

(2) v1d1.32 {d16-d19},[BO]!

(3) v1d1.32 {d0-d3},[AO]!

(4) v1d1.32 {d16-d19},[BO]!

(5) v1d1.32 {d4-d7},[AO]!

(6) vmla.f32 q12,q0,d16[0]

(7) vmla.f32 q12,q2,d18[0]

(8) vmla.f32 q12,93,d20[0]

(9) vmla.f32 q12,q4,d22[0]

(10) ...

(11) vstl.32 {d24-d27},[CO]!

(12) vstl.32 {d28-d31},[CO]!

(13) .endm

EIRACHS (1) 47, .macro Jis THIHY 5 1 i R 1% 10
A4 8 S 2 R FE Rl DAL A 2 R B AR P
ARSI, ARG (18) 470.end 2 (0BE AL .

fRAG (2)—~(5) 17 N EE In#48 4, Hh A0 KR
PR 46 Hhdik, BO A HERE RS a b bk, 938 2 g ik
A AEAE. v1d1L,32 454 (118 F AT DO SR 1R R 32 Al —
ANHCHE BT R G N4 3 NEON 2747 58 24 ) S04 1
HELLPEREE D FR A 1 VT A7 T

A (6)9) 17 HNEE RFEREEE — IR THEUE AR, vmlaf32
VoE JIEERS

AR5 (10) 478 R HoAh JLA 55 2K

ARES (11)—(12) A7 R 25 47 35 24 v (1 25 SR B 1) 4
AR AE 2R, 4170 B RS SR, 154 1)
VI TRIRE A 1, Yol b B4 176k e 75 6F 1)

ICgRERAL I 45 TR 3 L 4wt LR,

12 3 Y4 Xt LU AT ), 58 BTAL JS 1) MobileNets-
SSD B i i) FEEL T AR T A AT AR A B Rl e g
MR T 1.16 £, T4 805 BB ) mAP EAEIL; X
gEE AR 1 BRI B A LU AR 3 Y gt b, £ i A BY
HAC A4k B MobileNets-SSD A% 78 Rif [ # 2 i3 2
T FUEBAR IR T 8.82 fif.

AR 16 B H AR P AN AT e HEFEAE SE AT TR EE,
5 FH PR A2 B A 2 5 48 AR N3k 4 BIT7R. Mini-
Caffe /EX} Caffe fI R [ e HE AR A, V4t 4k Lo 2D,
Nenn A& 5 WHIF & (05 I g 0 A0 16 AT ) HE BEAE 2, 1 T
FCRCR B B g A A 5 e ATTAH B, A ST 28 F i ) 41
I [A] 2 S A .

168 4 AR5 % Software TechniquesAlgorithm

K3 LHENLE

2% V4 (ms) 14 512(ms)
Conv_0 60 43
Conv_1 dw 21 17
Conv_1 141 107
Conv_2_dw 15 11
Conv_2 38 30
Conv_3_dw 12 11
Conv_3 77 69
Conv_4 dw 8 6
Conv_4 34 27
Conv_5_dw 6 5
Conv 5 68 \ B 62
Conv_6_dw 2 4 > . 4
Conv_6 % 22 16
Conv_7_dw 4 4
. Conv.7 69 62
‘Conv_8 dw 4 4
Conv_8 69 63
Conv_9 dw 4 4
Conv_9 67 57
Conv_10_dw 4 4
Conv_10 68 60
Conv_11 dw 5 5
Conv_11 69 61
loc,conf 13 13
Conv_12_dw 2 2
Conv_12 26 26
Conv_13 dw 3 3
Conv_13 54 53
loc,conf 9 9
Conv_14 1 14 13
Conv_14 2 20 v\ 20
HoAt 11 ’ 10
it (ms) 1021 881

E

VL R4 SLERMTH

R R AE S Mini-Caffe Nenn AR
SFEH (ms) 7146 1097 1021

34 WNER

16 ARM “F- & T A HEERI, WAa0RE AR I 45 S
WKl 6 frr.

o WA AR A U ) S R AR LA

(1) RIS 2, A Retar 3 B APk

(2) & USB #8143 Kz, 2 8 AR/,

(3) A BTN oy AL, T e A1 3 R o 45

AT U ZRRE A e B0 fe e i N S 45 4 ik
Ao WU A 2R FR) Y ) RS I &5 AT — 8 R . AR IR
BONFAR.
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