View metadata, citation and similar papers at core.ac.uk

brought to you by .{ CORE

provided by Xiamen University Institutional Repository

58 6 ( ) Vol 58 Na 6
2019 11 Journal of Xiamen University (Natural Science) Nov. 2019
doi:10. 6043/j. issn. 0438 —0479. 201901023
1 1 1% 2 3
b b M b
(1. 361005;2. s 3521003
3. s 361006)
: TN 911. 21 A :0438-0479(2019)05-0889-05
[1]
Y b
[2] [3]
Ay b b
Y b
(4] 5] (18] |
. ’
[6] [1]
b 2 .
[7] [8]
Y A} b
ol H. 264
[10] [11]
b b
[12]
. ’ ’ b
b b
b
b
b b N
[13]
. b b
[14]
[15]
. b Y
b
[16]
o, , 1
:2019-01-24 :2019-07-10
: (61671396) ; (2019J01843) ; (2018D08).
* :Ixiao@ xmu. edu. cn
: s . .o [Jl. ( ),2019,
58(5):889-893. i =l
Citation: HUANG ] H,JIANG D H,DING Y Z, et al. Video coding for energy harvested IoT devices based on reinforcement % I:i-..t.ﬁ"
learning[J]. ] Xiamen Univ Nat Sci,2019,58(5) :889-893. (in Chinese) 'in‘

prs, .


https://core.ac.uk/display/343510791?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1

« 890 - ( ) 2019

. b
b ’
) (
s )
1.1 2
1 . k
(k) 3
g ’ b )
93}
B, ,
(k) s
o -
H. 264 , ’
3}
(B €3} ’ X
X1 Ne)
R
Xo
b
(h—1) (k—1) (B ()
q w ) g\ p
3}
B,

(B) — (k) (k) (k)
S *I: o ) b ’ B )

i
i
i

(k) (k—1) (k—1) k) — k (k)

P i g 49 s W ] X *[11712 ].
i
I
i

KPBHAE
PR | ‘ LT
REENRE B p® [ fegRtE i Q x® . 9

(o) x® s 0<le<l.
HFTEB® %]\Eﬁ q(m E® ,®
EI g | 238 R
wmy A— u )

P g, I TEw® (=

BEh Tl gL bUt S & R T\ 7s
PR ] fRitAF e | u' =g =B — ' =y (6 —
' ‘ E® +p(k) < 0). (D
1 . , P — E® +‘0<k> <0
Fig. 1 Video transmission model for IoT Q
devices with energy harvesting QCs® , x®) (5B L x® ).
12 u® Vst
a 8 ) 0(6
. T (0.17. o€ (0,1].
q® y 5
JB g = 7]<k) + 77(&)
(peak signal-to-noise ratio, D . o
PSNR) . PSNR 5. sV, Q Qs , x©)=0
0
’ . v Vi) =0.
(signal-to-noise ratio, SNR) . 2) Q.V .
E® ) gt v
Wt D
. . b) b(k) . B(k) R
) %) )

Y N g p ;
4 , [19], ¢) s =[ o®, 6@,



891 -
B®, g®, ¢V, """ ]; c  1.3X10°°%, ¢y 4.
d) € x® = .
Lat® 28?5 E® = [¢, 4+ (;d™® )2 ] 2. €]
e) xi x5 . {300 ms, (257,
D ; 0 = Lw () +w, 28" +w; ]+ (B® )7 Ny.
g) E® brD , w, 0.01l,w, —1.37,w,
h) (5 u® 8. 3. Ny 128 bit. )
9] QGs™, x?) — (1 —a)Q(s?, x*) + a 0.7, 0.8 (D
aCu® 46V (s ")) Q QU™ , x*®); c 1 r 8, y  200.
P V(s?) = max Q(s*, x*) , [26]
Vis®); (lagrange multiplier, LM) |
3) k=K (Q-learning)
(Q-leaning-shudow) 3
3 . .
2 ,
MATLAB , , LM
. 33.8 dB 34.9 dB, 3's s
R [20] LM ,
29.2%C  2(a).
, —1 000 300, 3s s LM
g® As Bt , 13
hop C 2b)); 1.65] 1.407J, 3s
d® P : LM ,
@ 2o s 85, 13.3%;
g® 1.60 s 1. 20 s, 3's
J __ S L aw < Al : LM :
g0 — 10"f<%frd* ) A ) 25%C  2(d)).
1 Bah, o - Anhuhy ,
10%'¢ (d™ )" A LM
s A 5.9X10° m, X
hy 1.2 m, hp 1.2 m. ,
[22], PSNR
7]<“ —qe a . 4
[23] SNR v = (¢ +
a (d®)e) P g® /P, : P,
) 2 815 co ,
5 €1 . Cy )
¢P = e+ (o 4 (dP) )P g Pl (3) :
[22-247, N N
i 8§~16 Mbit/s, 2 Mbit/s, ,
a 35,6 —0.017, c 0.5, s LM



« 892 -

(1]

(2]

[3]

(4]

(5]

(6]

7]

350

3438

346
o 344 ]
<) — Q-learning-shadow
342 — Q-learning

LM

340

33 gl

B6 05 10 15 20 25 30 35 40

tls
() ST &
170

— Q-learning-shadow ]
Q-learning

20 25 30 35 40
tls
() PyERI I 25 I RE S ARAE

05 10 15

2

) 2019
400
200F
O_
-2001
S —400f — Q-learning-shadow -
| — Q-learning
600 ™
-800r
—1 000f
“12000705 10 15 20 25 30 35 40
tls
(b) PrBRIIBE o B3k ES
1.7
1.65%
1.5 — Q-learning-shadow
— Q-learning
< 14
1.3
12
L0510 135 20 25 30 335 40
t/s
(d) DB B A B R 4E

Fig. 2 The results of video coding parameter selection scheme for energy harvested IoT devices
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Reinforcement—Ilearning—based video coding for

energy harvested IoT devices
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Abstract ; Video coding technology can improve the video quality and save the energy consumption of Internet of Things (IoT)

devices, in which the optimal video coding policy depends on the coding parameter selection. In this paper, we propose a

reinforcement-learning-based video coding scheme for IoT devices with energy harvesting without knowing the video transmission

model. The IoT device selects the encoding bit rate and quantization parameter according to the measured wireless channel

bandwidth, battery level of IoT device,harvested energy, transmission distance and the previous video quality and delay. This scheme

can achieve a trade-off between the video quality and energy consumption via trials and errors in the dynamic IoT network.

Simulation results show that the proposed scheme can improve the video quality and the utility of IoT devices as well as reduce the

energy consumption and delay.

Keywords: 10T ;video coding; reinforcement learning; energy harvesting



