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Abstract With the rapid development of intelligent vehicular technologies, such as Self-driving systems and 

Advanced Driver Assistance systems, off-the-shelf intelligent vehicles are equipped with more and more sensors, 

including GPS, camera, Lidar, etc.,thus possessing powerful capabilities of computation and communication 

along with large-scale storage capacity. As an important kind of the intelligent vehicles, the Mobility-On-Demand 

(MOD) vehicles (such as Uber, DiDi, and connected taxis) have large-scale, fine-grained coverage in cities along 

with non-negligible amounts of spare time. Hence, utilizing their available sensors provides promising 

opportunities in achieving large-scale, fine-grained, and low-cost vehicular crowd sensing for smart cities. As a 

result, this paper focuses on these MOD vehicles and studies about how to optimally allocate the vehicular crowd 

sensing tasks for the MOD vehicles. It chiefly involves two main challenges: i)Both the distributions of the MOD 

vehicles and the sensing tasks have the spatial-temporal differences. Also, the pick-up earnings of MOD vehicles 

vary with the location and time.  Hence, it renders the sensing cost highly dynamic in both temporal and spatial 

dimensions. Even worse, such sensing cost is hard to model because of its highly dynamic nature. ii )The optimal 

sensing task allocation is a NP-hard problem, which has the exponential time complexity. Furthermore, owing to 

high mobility of the vehicles, it requires real-time task allocation in vehicular crowd sensing.   

To address these challenges, we propose a deep reinforcement learning-empowered near-optimal task 

allocation method for vehicular crowd sensing. We utilize the deep reinforcement learning to extract the highly 

dynamic sensing cost of vehicles, which is fed back to optimally allocate the sensing tasks for each MOD 

vehicle.Specifically, targeting the first challenge, we deploy the Encoder-Decoder Recurrent Neural Network 

based on dual attentions (including the spatial attention and the temporal attention)to extract the spatial-temporal 

correlations of pick-up earnings, which are then used to learn the sensing cost according to the driving cost model. 

Furthermore, through the equivalent problem transformation, we prove that the task allocation problem has a 

submodular objective function and a q-dependent constraint. Hence, based on the sub-modularity theory, we 

propose a near-optimal task allocation algorithm, jointly considering the total utility  and marginal utility. It is 

proved to achieve a max min1/ 2 /c c+è øé ù-approximation ratio in polynomial time, wheremaxc and minc represent the 

maximal and minimal valuesof the sensing costs for all the vehicles, respectively. Finally, we exploit two 

large-scale datasets to evaluate the performance of the proposed method. One dataset is about 12,493 MOD 

vehicles in Chongqing City, China, while the other is about 113 million vehicle trips in New York City, America. 

The results demonstrate that our method averagely improves the prediction accuracy of pick-up earnings and the 

allocation utility of sensing tasks by 25.1% and 37.7%, respectively, compared with seven baselines. Moreover, 

we implement a prototype system for on-road illegal parking detection, i.e.,leveraging the smartphone sensor 

(such as camera and GPS) of massive MOD vehicles to detect the on-road illegal parking events when driving on 

roads. Based on this system, we validate the proposed method is feasible and significant in the practical 

applications.  

 

Key words Vehicular Crowdsensing; Sensing Task Allocation; Deep Reinforcement Learning; Sub-modularity; 

Recurrent Neural Network; 
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ӊ ῏ Ҍ Ȃ̃ ԍᴰ ӟ
[44] ӟ ȁꜚ ῏ ̆

̆ ₮ ԍ ⱬ └ RNN ᴋⱵ

ӟ ≠̆ ȁ ⱬ └

№≢ ӟ ꜚ ῏ Ȃ ᾢ̆

ԍ ̆ ≠

ӟ ⱬ Ȃ

̆ ԍ ̆

꞉ ̆ ӟ ᴋⱵ Ȃ 

(2) ԍ ᴨᴋⱵ№ (4.2 )̔ ԍ

ᴋⱵ ᴨ№ NP-hard

̆ΐ Ȃ ̆ҹԅ ‗

̆ ᾢ̆ ᴇ

№ Ȃ ΐ

₱ q - ᴆȂ ̆

ԍ ᴨ [43]̆ ₮ ᵣ

ᴋⱵ№ ̆ ῤ

1 1/ ( )q+ Ҋ ᵌ ᴨ Ȃ 

4.1 ԓ Ⱶ ┼RNN ӥ 

4.1.1 ԍ ⱬ └RNN ⱬ

 

ᾢ̆ 5a) 5b) ̆ ԍ ӊ

̆ ץ̆ ҩ

ӊ ῏ Ȃ ( , )z= gG ̆

ῒҬ ҩ ѿҩ iz ̆

'( , )i iz z=g iz 'iz ӊ ῏ Ȃ ̆

≠̆ ⱬ └

̆ ԍ ⱬ ̆

ҩ ׆̆ ⌠ ҩ

ⱬ Ȃ 

Ҋ ץ ҩ izҹᶛ̆ ׃ ᵥ
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ԍ ⱬ └

( , ), {1,..., }, {1,..., }t t t

i i ip r i Z t T= Í ÍR Ȃ ≠  

 

 

 

 

 

 

 

 

 

ԍ -

(LSTM-based Encoder-Decoder) ⱬ

└(Temporal-Spatial Attentions) Һ̆ ԍ

ⱬ └ ԍ ⱬ └

ң №Ȃ 

(1) ԍ ⱬ └ ̔≠

ⱬ └ ⱬ ҹ

̆ ҹ Ȃ iz i

tl№≢ i

ҩ t ⱬ

Ȃ
th ts№≢ t

ᾝ Ȃ 1t- 1th- ᾝ

1ts-̆
i

tl Ҋ̔ 

1

exp( )
,

exp( )

t

i i

t Z
j

t

j

w

w

l

=

=

ä
  (11) 

ῒҬ 1 1tanh( [ ; ] )i T

t s t t s i sw d W h s G Y b- -= + + ,
Td , sW ,

sG sb ӟ [45]Ȃ 

(2) ԍ ⱬ └ ≠̔ ԍ LSTM

ҩ

׆̆ Ȃ ̆ Ҭ̆

≠ ⱬ └ ׆̆ Ҭ ӟ

⌠ ῏ Ȃ ԍ Ҭ 1t-

1'th - ᾝ 1'ts -̆ t Ҭ

ҩ ⱬ

ҹ̔ 

1

exp( )
, {1,..., },

exp( )

k

k t

t T
j

t

j

k T
p

h

p
=

= Í

ä
 (12) 

ῒ Ҭ 1 1tanh( [ ; ] )k T

t s t t t k td W h s G h bp - -= + + ̆ ғ

1
Ĕ( , )k e k kh f h Y-= ̆

1

1
Ĕ ( ,..., )k Z k

k k k ZY Y Yl l= Ȃ ef

LSTM ̆ Td , sW , tG tb  

 

 

 

 

 

 

 

 

 

ӟ Ȃ 

4.1.2  ԍ ꞉ ӟ 

 ԍ 4.1.1 Ҭ ⌠

ⱬ ̆ ₮ ԍ ꞉

ӟ Ȃΐᵣ ̆ ᴋⱵ

ᴋⱵ ⁞ ᴋⱵ

꞉Ȃ ( )kjc t ȁ ( )B
kjc t ( )kjI t №≢

t ku jt ȁ ᴋⱵ

ץ ꞉Ȃ ̆

ku t ᴋⱵ jt

ҹ̔ 

( ) ( ) ( )B

kj kj kjc t c t I t= - Ȃ (13) 

ῒҬ ( )B
kjc t ku ῒ׆ ╠ᵝ kl ⌠

ᴋⱵᵝ jl Һ̆ ӊױ

אל ‗ [7, 46]Ȃ ( )kjd t ( )kj tG №≢

t ׆ kl ₮ ⌠ jl אל

Ȃ ̆ ҹ ( )B
kjc t =

( ( ) , ( ) )k j k jd t tY G ̆ῒҬ ( )Y ₱

̆Һ ‗ [7]Ȃ

( )kjI t ku t ᴋⱵ jt

꞉̆ῒ Ҋ̔ 

꞉ ̔ ӈ 4̆ ꞉

( )kjI t ku ῒ׆ kz ⌠ ᴋⱵ

jz ⱴṿ Ȃ

( )R

kkr t ⱴ ku kz

̕ ( )A
kjr t ⱴ ku

ᴋⱵ jz Ȃ ̆

꞉ ( )kjI t ҹ̔ 

 
4  ԍ ӟ ᴋⱵ ᴨ№ 5  ԍ ⱬ └ RNN  

 

t-n t-2 t-1

ӟ

Ⱶ

Ⱶ

-q

RNN

ӟ
ᴨ Ⱶ
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( ) ( ) ( ),A R

kj kj kkI t r t r t= -  (14) 

1

( ) ( ),
L

R t t t

kk k k k

t

r t p p r
=

=ä  (15) 

1

( ) ( ),
kj

kj

t L

A t t t

kj k j j

t t

r t p p r

+

= +

=ä  (16) 

1

1

1 sgn( 1)( (1 ) 1),
t

t t m

k k

m

p t p
-

-

=

= + - - -Ô  (17) 

ῒҬ
0

( )
| |

kj

kj

t
t

t

G
= Ȃ

t

kp t  

kz ̆
t

kp t ╠

Ȃ
t

kr t kz

Ȃ 0t ᵝ ̆ L

꞉ Ȃ 

4.2 ԓ ᴮᴑꜙⅎ  

₮ ԍ ᵣ&

ᴨᴋⱵ№ Ȃ ᾢ ԍ ᴇ ̆

№ ᴋⱵ№ ΐ ȁ

₱ ץ̆ q -

ᴆȂ ̆ ԍ № ̆≠ ᴨ

̆ ₮ ᵣ ᴋⱵ№

̆ ῤ ⌠ΐ Ҋ

ᵌ ᴨ Ȃ 

4.2.1 №  

ҹԅḂԍ № ̆ ᾢ ᴋⱵ ᴨ№

ҹ ₱ ᴨ Ȃΐᵣ ῃ̆

ҹ : {( , ) | {1,..., },k j k N= " ÍV {1,..., }}j MÍ ȂV

ᴋⱵ№ kjx ⌠ ᾝ ( , )e k j= ÍV

Ȃ 1kjx = VҬ׆ ᾝ ( , )k j ̕

ӊ̆ 0kjx = VҬҌ׆ ᾝ ȂS

ᴋⱵӊ

̆ ÌS V ̆ғ ( , )k j" ÍS ̆ 1kjx = Ȃפ

( ) : ( )UW = XS ȂῈ (5)(8)(9)(10)Ҭ

ᴋⱵ ᴨ№ ᴇ ҹ̔ 

Max  ( )
Ì
W ̆

S V
S  (18) 

:( , )

s.t. 
j k j SÍ

ä ( , ) 1, {1,..., },k j k NÍ¢ " ÍS  (19) 

( , )
kj kj

k j

c Br
Í

¢ä
S

, (20) 

, , ( , )b e e b

k j k j
v v v v k j¢ ² " ÍSȂ (21) 

ῒҬ̆ ₱ Ȃ 

ԍῈ (18)~(21)Ҭ ₱ ᴨ Ҋ̆

№ ₱ ( )WS (19)(20) Ȃ 

(1) ₱ №  

ӈ 5. ȁ [43]̔ ԍᴋ

ῃ V ₱ f ΐ 1) ̆ ғ

ֽ " ÌS V̆ ( ) 0f ²S ғ ( ) 0f Å =̕2) ̆

ғֽ " ÌS V ̆ /e" ÍV S ̆ ( { })f eÇS

( )f² S ̕3) ̆ ғֽ 1 2" Ì ÌS S V̆

2/e" ÍV S ̆ 1 1 2( { }) ( ) ( { })f e f f eÇ - ² ÇS S S

2( )f- S Ȃ 

ԍ ӈ 5̆ № ₱ ( )WS ̆

1. 

1.Ὲ (17)Ҭ ₱ ( )WS ȁ

Ȃ 

.1) Ȃ {0,1}kjx Í ғ [0,1]kjp Í ̆

Ὲ (5)̆ ( )WS Ȃ2) Ȃ

Ẋ { , }e ee k j= ̆ S № eS / eS S̆

ῒҬ 1{( , ),...,( , )}e e n ek j k j=S ̆ | |en=S Ȃ Ὲ (5)

( ) ( ) ( / )e eW =W +WS S S S ғ W

( { }) ( { }) ( / )e ee eÇ =W Ç +WS S S S Ȃ ̆ (WS

{ }) ( ) ( { }) ( )
e ee e k je e rÇ -W =W Ç -W =S S S

( , )k j SeÍ

Ô

(1 ) 0kjr- ²Ȃ ̆ץ ( )WS Ȃ3)

Ȃҍ ᵌ̆ 1S 2S №≢ №

eS 1 \ eS S̆ 'eS 2 \ 'eS S Ȃ ԍ 1 2ÌS S ̆

'e eÌS S ̆

1 1( { }) ( )eW Ç -W =S S
( , )

(1 )
e e

e

k j kj

k j S

r r
Í

-Ô ̆ ғ

2 2( { }) ( )eW Ç -WS S
( , ) '

( 1 )
e e

e

k j kj

k j S

r r
Í

= -Ô Ȃ ̆

( , )

(1 )
e

kj

k j S

r
Í

- ²Ô
( , ) '

(1 )
e

kj

k j S

r
Í

-Ô ̆ ( )WS Ȃ

̆ץ ( )WS ȁ Ȃ 

(2) ᴆ№  

ӎ  6. q -
[43]̔ ѿҩ

( , )A V ̆A ҹ Ȃ 1 2, ÍS S Ă

1S 2S №≢ҹ ( ᾝ ҩ )

( ῃ ғ Ῥⱴ῀ᴋ

ᵥᾝ )̆ 1( )r S 2( )r S №≢ 1S 2S
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Ȃ q
1 2

2

,
1

( )
max

( )

r
q

rÍ
¢

S S A

S

S
̆↕

ҹ q - Ȃ 

 2. ᴆ(19)(20) q - ̆ғ

max min1 /q c c= +è øé ù̆ῒҬ maxc minc №≢

ṿ̆ max
,

max kj
k j

c c
"

= ̆

min
,

min kj
k j

c c
"
= Ȃ 

. ԍ ᴆ

Ӟ ᴆ̆

Ӟҹ Ȃ ԍᴋ ңҩ 1S

2S ̆ 1S Ҭ ⱴѿҩᾝ 2 1/eÍS S̆ ׆ 1S

Ҭ ₮ 1 'S ̆ᶏ 1 1 '( / ) { }eÇS S

(19)(20)Ȃҹ (19)( ѿҩ

№ ѿҩ ᴋⱵ)̆ ₮ 1ҩҍe‖

ᾝ Ȃҹ (20)̆ ׆ 1S Ҭ ₮

max min/c cè øé ùҩᾝ Ȃ ҉ ᵬ̆ ⌠

1 2=S SȂ ̆ ’ ̆ ῀ 2| |S ҩᾝ

₮ max min1 /q c c= +è øé ùṐ ᾝ ̆

2S ҹ 1S qṐȂ ӈ 6 ̆ (19)

(20) q - ̆ғ max min1 /q c c= +è øé ùȂ 

4.2.2 ԍ ᵣ ᴋⱵ ᴨ№

 

1 2 ᴋ̆Ⱶ ᴨ№ ΐ

q - ₱ ᴨ Ȃ

̆ҹ ‗ NP-hard ̆ ף

⌠ ᵌ ᴨ ̆Һ ң Ȃ 

(1) ԍ ᵣ № ̔ ѿ

₱ № (

argmax ( ( { }) ( ))e eÍ W Ç -WS S S )̆ Ҍ

Ȃ ԍ ᴋⱵ№ ̆

⌠ ᴇ ᵞ № Ȃɒ ̆

ҹ 100ᾝ Ă a bᴋⱵ №≢

ҹ 90% 85%̆ №≢ҹ 100ᾝ 10ᾝ̕B

aᴋⱵ ҹ 80%̆ ҹ 20ᾝȂ

ԍ ᵣ № ֽ̔ ֽ A a

ᴋⱵȂᵖ ̆ ᴨᴋⱵ№ A̔

bᴋⱵ̕B aᴋⱵȂ ̆

ᵣ ֟

ᵖ № ׆̆

ᴋⱵ№ Ȃ 

(2) ԍ № ̔ ѿ

№ ̂

argmax ( ( { }) ( )) /e ee cÍ W Ç -WS S S Ȃ̃

№ ’Ҋ ᴨԍ ԍ ᵣ

№ ̆ᵖ ֓ ’Ҋ Ȃ

ᶛ ̆ ҹ 100ᾝ ̆A a b

ᴋⱵ №≢ҹ 40% 50%̆ №≢ҹ 20

ᾝ 90ᾝȂ № A aᴋⱵ

ԍ bᴋⱵ̆ᵖ№ A bᴋⱵ

Ȃ ԍ ԍ

№ ֟ ԅ 80ᾝ ▼ᵩ Ȃ ̆

ҹᾟ ̆ ԍ №

ԍ ᵣ Ȃ 

1̔ ᵣ ᴋⱵ ᴨ№  

῀: { | , }kjc k j" ̆̕ B . 

₮:№ { | , }kjx k j= "X .̕ 

1. ∆ 1 2 {0};«Å «Å «X̆ ̆S S  

2. WHILE 1( ) /e N M$ Í ³ S , 1 { }eÇS (19)-(21), DO 

3. 
1

*

1
: { } (19) (21)

argmax ( { });
e e

e e
Ç -

= W Ç
S

S  

4. 
*

1 1 { };e« ÇS S  

5. END WHILE 

6. WHILE 2( ) /e N M$ Í ³ S , 2 { }eÇS (19)-(21)̆ DO 

7. 
2

* 2 2

: { } (19) (21)

( { }) ( )
argmax ;

e e e

e
e

cÇ -

W Ç -W
=

S

S S
 

8. 
*

2 2 { };e« ÇS S  

9. END WHILE 

10. 
1 2{ , }

argmax ( );
Í

= W
S S S

S S  

פ.11 1, ( , ) ;kjx k j= " ÍS  

12. X . 

҉ № ̆ ԍ ᵣ № ԍ

№ Ҍ ᴆȂ

̆ Ҍ ᴆҊ̆ ױ ᴨⱷ Ҍ

Ȃ ̆ҹԅ ̆

₮ ᵣ ᴋⱵ ᴨ№

̆ 1 Ȃ ᵣ

≠̆ ᴨ ̆

ῤ ⌠ΐ Ҋ ᵌ ᴨ Ȃΐᵣ ̆
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1 2-5 ԍ ᵣ № ̆

ף ᵣ ȁғ ᴆ

(19)(20)(21) Ȃ ̆6-9 ԍ

№ ̆ ף ȁғ

ᴆ(19)(20)(21) Ȃ ̆10-11

ң ᴨ ᵬҹ № Ȃ 

№̆ 1 ᴨ ̆ ⌠

2Ȃ 

2.  1
2( )O N M ῤ

⌠ ᵌ ҹ max min1/ 2 /c c+è øé ù ᵌ ᴨ ,ῒ

Ҭ N M №≢ ᴋⱵҩ ̕
maxc

minc №≢ ṿȂ 

.  1 ( )O N Ȃף ԍ

ף ׆ ( )O NM ҩ№ Ҭ ᴨ№

̆ ҹ
2( )O N M Ȃ ̆

[43] ̆ ԍΐ ₱

q - ̆ ԍ ᵣ

№ ⌠1/ (1 )q+ ᵌ Ȃ

ԍ 1 ᵣ ̆ Ҍ

ᵞԍ ԍ ᵣ № Ȃ ̆ץ

2̆ 1 ᵌ ҹ max min1/ 2 /c c+è øé ùȂ 

5 ԓ ᵆ 

5.1 ב  

5.1.1   

 ҹԅ ⱴῃ ‰ ᵀ ̆

≠ Ҋңҩץ ᵀȂ 

 (1)
[17]̔

ѿҩ (

12493 ₮ 2̆017/03/01/-2017/03/31)̆

ԅ 25472 km2 ȂῒҬ

Һ IDȁ ȁGPSᵝ ȁ ץ

/ Ȃ 15 ̆

Ữ ҹ 92GBȂ 

 (2)
[23]̔

₮ ѿ ( 2017 )

Ȃ῍ 1.13ַ Ȃ

IDȁ /Ҋ /ᵝ ȁ

ץ Ȃ 

5.1.2   

 ≠

ᵀ̆ Ҋ̔(1) ԍ ̆

ᵬҹ ̆ ⅞№

125ҩ ( ҩ ҹ 2km
2
)Ȃ

ԍ ѿҩ Ҭ ѿҩ ̆

ῤ ⱳ ҍ ӊ ᵬҹ

Ȃ ԍ ⱳ ̆ ԍ ̆

Ҭ ӊ ̆ ⌠

̆ ԍ ₮ ᴇ ↕ ⌠

Ȃ ̆ ῤ ⱳ

̆ᵬҹ Ȃ(2)

ԍ ̆ ῒ ⅞№ 265

ҩ Ȃῒ ᵌ

ԍ Ȃ 

 ᵀҬ̆ M ҩ ᴋⱵ

№ ԍ ҩ Ȃ Nҩ

ᵬҹṜ ̆ ױז

ᵬҹ ҍ ᴋⱵ Ȃ

ᴋⱵ№ Ṝ

Ȃ ⌠ᴋⱵ ץ r

ᴋⱵȂr ׆ № [0,1]Ȃ ᴋⱵ

ҹ 8:00-9:00̆ ꞉

ҹ 10№ ̆ ԍ

Ὲ (13)

⌠Ȃ 

5.1.3 ᴇ  

 ᶏ 4 ᴇ ̆ (̔1)

(MAE): ӟ ṿҍ ṿӊ

̆ ԍ ᵀ ԍ ӟ

‰ Ȃ(2) ̔

ᴋⱵ ̆ Ὲ

(5) Ȃ(3)ᴋⱵ№ ̔

ᴋⱵ№ ̆ ԍ ᵀᴋⱵ№

Ȃ(4) ῀ ̔

ⱴ ῀ ԍ

῀( ) Ȃ

ᵀ ҩᵣ ̆

ⱴ ῀Ȃ Ҭ Ẋ̆

ҩᵣ ̆ ᴋⱵ  
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ױז ῀ ⱴ̆ ᴪ ⱴ[47]Ȃ 

7 №≢ ңҩ

Һ ᵀȂ 

(1) ӟ̔ҹԅ ᵀ ԍ ⱬ └

ӟ ≠̆ 3

ӟ ̔ i) LSTM (Long 

Short-Term Memory Network)
[48]̔

ӟ ̆ ᵣ̆

ץ ‗ᴰ Ҭ Ҋ

Ȃ ii ) Seq2Seq(Sequence to Sequence 

Model)
[49]̔ ԍ ↓

̆≠ - ̆Һ ȁ

҉Ҋ  

҈ҩҺ Ȃ i i i )  TA t t ( Te mp o r a l  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Attention)
[50]̔ ԍ ⱬ └

Ȃ 

(2)ᴋⱵ ᴨ№ ̔ҹԅ ᵀ ᴋⱵ ᴨ№

̆ 4 ̔ i) 

OPT(OptimalAllocation)̔ ҽ

ᴨᴋⱵ№ Ȃ ԍᴋⱵ№ NP-hard̆

̆OPT ΐ Ȃ ii ) 

RD(RandomAllocation)̔ ᴋⱵ №

Ȃiii ) OR(Overall Revenue)
[51]̔

ԍ ᵣ № ̆

ᵣ № Ȃiv) ILS (iLOCuS)
[7]̔≠

[7] ᴋⱵ№

12 24 48 64 96 120
0

5

10

15

M
A

E

῀

 LSTM  Seq2Seq

 TAtt    

2 4 6 8 10
0

10

20

30

40

M
A

E

₮

 Seq2Seq

 TAtt

 

 
6  Ҍ ῀ 7  Ҍ ₮  

 

12 24 48 64 96 120
0.0

0.3

0.6

0.9

1.2

1.5

1.8

M
A

E
(×

1
0

-2
)

῀

 LSTM  Seq2Seq

 TAtt    

1 2 4 6 8 10
0

5

10

15
M

A
E

῀  
8  Ҍ ῀ 9  Ҍ ῀  

2  

≢ ӟ  ӟ  

  TAtt Seq2Seq LSTM SVR Adaboost KNN MLR 

 

MAE  
 116.37 192.42 216.16 184.59 483.88 269.33 232.87 219.55 

 121.18 172.54 188.05 188.81 392.56 212.13 187.84 195.38 
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Ȃ 

5.2  

Ҋ №≢ ңҩҺ  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ᵀ̆ ӟ ᴋⱵ ᴨ№ Ȃ 

5.2.1  ӟ 

 141 ᵬҹ

ץ̆ ᵀ ӟҬ

̆

Ȃ ԍң ᵌ̆ Һ

Ȃ 

ᾢ №̆≢ ԍ ҍ

ҍ 3 ӟ ȁ4 ӟ

Ȃ ӟ ῖ

ӟ ̂ SVR
[52]ȁAdaboost

[53]

KNN
[54] ȁ̃ ῖ № ̂

MLR
[44] Ȃ̃ 2 ̆

SVRȁAdaboostȁKNN MLR

Ҭ№≢ 75.9%ȁ56.8%ȁ50.0%

47.0%̆ Ҭ№≢ 69.1%ȁ

42.9%ȁ35.5% 38.0%Ȃ 

̆ ᵀҌ ῀ ₮ ӟ

ȂῒҬ ῀ ₮ №≢

ӟ ῀ ₮ Ȃɒ

̆ ᶏ hҩ

Tҩ ↕̆ ῀ ₮ №≢ҹ h

TȂѿ ̆ ῀ ׆ 12⌠ 120̆

₮ ҹ 3̆ 6 Ȃ ̆

῀ ⱴ̆

Ȃ ῀ ҹ 96 ̆ ̆

MAE=8.33Ȃ ̆ ԍ LSTMȁSeq2Seq

Tatt̆ №≢ 31.2%ȁ 

 

 

 

 

 

 

 

 

 

 

 

27.1% 25.1%Ȃ ѿ ̆ ₮ ׆ 2
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