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Passenger Demand Forecast Model Based on Deformable Convolution Spatial-temporal Network
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Abstract: With the increasing popularity of taxi services such as Didi and Uber, passengers’ demand has gradually become an important
part of smart cities and smart transportation. The accurate prediction model can not only meet the travel needs of users, but also reduce the
no-load rate of road vehicles, which can effectively avoid waste of resources and relieve traffic pressure. \ehicle service providers can
collect a large amount of GPS data and passenger demand data, but how to use this big data to forecast demand is a key and practical
problem. This study proposes a deformable convolution spatial-temporal network (DCSN) model that combines urban POI to predict
regional ride demand. Specifically, the model proposed in this study consists of two parts: the deformable convolution spatial-temporal
model and the POI requirement correlation model. The former models the correlation between future demand and time and space through
DCN and LSTM, while the latter captures the similar relationship among regions through the regional POI differentiation index and the
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demand differentiation index. Finally, the two models are integrated by a fully connected network. Then the prediction results are obtained.
In this study, the large real ride demand data of Didi trips is used for experiments. The final experimental results show that the proposed
method outperforms the existing forecasting methods in terms of prediction accuracy.

Key words: urban computing; spatial-temporal correlation; deformable convolutional network
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DT A [0,1], H A9 Ay Ao AN A5E 704 S RS Sl ABE TR A ) 1) 953 2K R B0 SCA

L= z:—ll(y:+l - ytiﬂ)z + 7/[yt+1|_9”1j :l (11)

t+1
For B 2 5. AR A5 R v Bk B b 49 75 15 2 AT 35 8 50 11 73 5% 7 9 S S AL PR A 3 T R 7 % W s A5
Wiy, Sy T 38 G YN e R ARRE AR SIS, T BA S INSP- B 4005 11 73 iR 2.

3 RBEERSN

31 HEELE

A SCAS P4 & BUSET B9 34 CD2Data 5 XA2Data S 36 11F R0 (7 20k B4 45 3k B W 3 AT
i A e/ T D i Al

e CD2Date:¥#ii &y 2016 4 10 AR 11 H BB TT 3R 40 X 380 P 4557 &5 0T B 540

o XA2Date: ¥4 4 2016 4 10 AT 11 F 94 22 17 IR 4 KRR ZE 7 S 0T S S diE .

AN BRAE R 2016 4F 10 H 8 & 2016 4F 11 /) 23 F (3t 47 K) ISR 1E A1 54,2016 4F 11 1
24 H 2 2016 4F 11 H 30 H (L 7 R) M 45 A R 4. B 42 50, 2016 4 51 515 107 109 1) 1) 504t 1R 4 4681 ) AH L
BBl ik R BT DAy 3 A BRI I, 2 SOORE AN B B BTG I ) X Sk R AT I R Ak A B K143 i 20x20 S/ X sk 5 HL
AL 6 a5 B MG 20 a5 2 TR PR B0 1 DA L0 500, A5 A B TR0 A R0 0 5 R 8E DA 24 /I B 30 v 40 B0 g e X 3 4 A
BT IF) 1y 170 5 SR B0 AR A T 1A s DR Ay AR S 2 290 T 1 ) R0 3 4 5 SR TN, T AT 4 67 5 A 3R 5 B ) 463 o7
A U5 B T SRBCHE AT bR L A B T A9 B BT A XSS I ) R 1) 7 SR B 42 & Dy .DCSN 57
B TN BT T2 1 0 Al 5 T AR A DL IR T IR POI B AR SORE R AR A S OB e 4k ok
One-Hot [f & ik A\ B i PO s I 7 R il Pl £ A6 28 S BB SR I, R) R L3R 47 XA &) 0 Bk T e 1 48
B I8 1) POI Fi s R k.

2R, T 45 SR B, A SC A P R T B R0 PR 8 AN TR (R 4 /N SR 2 X s T ke (1 TR 4 7 SRk
A7 T ELAE S 6 5 A2 o AR ST k4R T Xk 75 SR AN T 5 BORE AR, I Tl m s AR TR D o TR S 2B 3 B
R A EAR SRR 75 Kk 37 5.
32 RWBHIKE

A CFHT Tensorflow Fl Keras HEZESZIE DCSN A5 HY E 25 [ R AE $2 B 2 il S A\ ARe ik B DK/ s B 12, B
Sof H bR S R 11x11 0 X3R4T 25 (A BRAE B EL A DCN BB b AR SO 551 2480 K 8k 3,38 as K/l
3x3, VI AR B W 64. 4050 2 YN B SR I AS SO LSTM AR A A st 1) 25 K h 384 8.7F DCSN AR A4 b i 1 4%
by B TR A 1 A B 2 SL P B3GR B3k Sigmoid e 5, LA RS I B6 B O ReLU pR B A
(451 K R B L 5 2.4 747 rh H AR W BERAE T I AR SRR D Adam,

A SCAL P 40 1 4y i 25 (MAPE) A 7% 25 (RMSE)E g VR Fia bs SE B AR T AU R

MAPE = izi]-' y'[+l |_ yl+l | (12)
X h yt+1
1 i Gl
RMSE :\/Yzix:l(ynl_ yt+1)2 (13)

Horlr, 9y 5y 20900 RO 5 BT ARL X W R A B



FHE FATTENERE T ML REE KANBR 3847

33 MLLRIER DT
A/NTHG DCSN KL 5 DLUR 5 A 32 38 A i 97 10 A8 0 3t £ TN 7 vk AT b 4%
o Py I VE(HAY AL Uy s (0PI RAE 2 TN — B a) 7 (R PN A b A, AR SCIRIRE AR AR 8 /N B 1)
J 1 s S SR T R — I IR R e 4R e Sk S
o ARIMA 2 —F T JE KR 8] 2 0 T A Y 2 545 T A5 3 73 R0 1 18] U1 4 St SR e A 1)) )
o LSTMYEFE%E RNN [5EA b ook, 7 5 16t 5 1] S5 WL, A R0 AR Y% 48 RNIN JIT A2 R0 185 o R BH 2 Vi
SR A5 ) LA Sy T AR R T 271 T ) R ) A2 I 2
o  ST-ResNet!™:ST-ResNet &t 5 T4 & 2% > 19370 5 0 5 125, % 25 92065 AN [ BRF i) 163 3k 17 A 38 9
203 P A5 AR TS A Bk 22 o 20 O 4% 1 B PRGBS o T
o DMVST-Net®:DMVST-Net J& 3 - 2 90 & 114 B2 27 ST HESE, T Hh R 22 75 SR T e e 3 AN AR Tl 1y
CUWESEAE A [y R T S S I B N < P RN
N T RS FE S I B HA 5 ARIMA A0 1) F A B2 48 45 T 2 X (12) i 8 SCR 43 2% 2% 4. DCSN #5755
HoAh 5 A 3 Y AT W AL T 5 v T e X T LR 1
Table 1 Performance comparison of different approaches
Fz 1 ARJEERXT

Model CD2Data XA2Data
MAPE RMSE MAPE RMSE
HA 0.286 7 20.09 0.2532 19.65
ARIMA 0.254 1 17.12 0.2141 17.75
LSTM 0.2332 15.71 0.1957 16.98
ST-ResNet 0.228 9 14.16 0.1812 16.81
DMVST-Net 0.2102 13.03 0.176 3 15.95
DCSN(ours) 0.207 7 12.42 0.160 2 15.33

F 1 B T ARSCTHR AR 20 5 0 Ath B S A 0B 4 CD2Data 55 XA2Data E )k Aexf L. DCSN %Y
TEITAH 1L SEEL T B K 1) MAPE FE R ) RMSE. B8 B Attt 5, HA Fil ARIMA 5 4% 4t 7 12 Ak 56 4 486t 1 17
S SRAB I FLERLAE AT R IT AT A LSTM 5 ST-ResNet 76 T i 4 18 2 ') 4235 A1k R0 I 71 45 1 36 28 38
LI 1) S W A TN R 22 B A K OR PR R A 3 AH 455 DMV ST-Net A5 24 A5 ] = 2 400 P10 Bof 2
AIE CA B A1 A AH Rl AR T A AN B 110 TR0 R0 A A S P42 HH 1) DCSN A 7E DMV ST-Net 45 24 [ BE il 3k
A7 Uit 48T F DCN AT 245 (14 AR B2 B, -4 PO ] 306 25 75 SK 10 56 i PR 28 0 N 045 280 vl A A% 204 ) Tt 0l 2k e st — 25
27t
DCSN HER IR KNy 47.2s/%8 FEHEE T ZUR B I ) DMCVST-Net #8813 I 2R i Kk
45.4s/%5% R I DCN AXEE T CNN FE I T POI 75 SR O IRASE Y, Fr DA fif 38 (R AR 280 53 % 1k s v 1 J5 2 A 3 4
IR 22 B R K, H. DCSN R kot 1 45 21 (5 2 32 7
34 HEMEWERH
AL T T DCSN R Py 35 45 ele b 2 A Xk RE 1Y 56 i, £F CD2Data Z4i 45 K 43 A6 e AT 1 fil s 56
o CLN:AYAU & i 2 A (BB A SO RT AR 5 AR 5 B 8 () DCN A48 CNIN AR B AUAE A CNIN
FILSTM 414 0 e 25 5 SR 347 1

o DLN:ANA AR SCHTHE H 1R AT A8 6 45 AR 25 455 2056 3 2 55 SR EAT T, AN 4 25 POI 75 3R S I AR 2

e CLMN:fE CLN [ZERN Fags n i sk e 1 A K (B) o 1, B, {3 2% 18 X 45k 75 5Kk 2 e AL R Hox A 2
- ATR

e DLMN:7E DLN [¥3& Ak 780 75 sk BB e, [F A, ol 1;

o CLPDN:7E CLN YAl Fm AAS ST 3 H 1 POI 5 3R SC AR 7Y

o DCSN: AL 12 Hi I 55 B AR 1Y
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Fig.5 Improved program performance comparison chart
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Fig.6 Tuning experiment results comparison chart
Kl 6 LS g 4 Aot K
FH S 25 SR R] LAAS tH, DCN B rp i AR AIE B RS s B 11 9 FLuBik 28 RN) 20 3x3 INF R 1 e A, A 7Y



Tz FORT TR AR Z M%) REFRKNAER 3849

SRR 2R S5
ASCRFFUR I IS T 2 h 2 HEAT I TR 455 A S B T B2 24 T A S o A AR BB 1) S i, 9T DA SC A
CD2Data ##fs 4 1~ XF h (¥ [F) HUAE BEAT XF L sz 46, A siz i 25 R 2.
Table 2 Performance comparison of different sequence length
F 2 AN AP ACHE Be X B

MAPE RMSE
h=2 0.2429 16.83
h=4 0.2257 14.57
h=6 0.209 1 13.42
h=8 0.207 7 12.42
h=10 0.208 3 12.59
h=12 0.2121 13.12

HIZE 2 W] DA B 3 2 ek BRI () 204K h R4 T . b bk vy A 3 T T T 28 40T I TR il 32 HR
HENE I 2K 8 I B PR RE S AR AR h K I £ 8 LA L AR PR BERS AT I LA K B A AR
AR R I TR AR P I, 7 5 > 5T 20 1K) 25 B, e T A6 911 3 75 5 PR A

4 B 5

AT T ZE 5 RT3 T K% G 20 5 R AT et 32 0 2 AR n] AR TR A RN 28 P 4% DCSNL AR 7Y
V5 5 B 2 A5 28 e ) 4 AR 20 19 4 803t Dy T A IS A R 28 I 2% A T I A DX 304 21 ] e A 4 HR Ak SR A 3 48
ASCIENS POI KT I 7R 75 3K 11532 m D8] 28 I N BASE RS vh R T JR 8 DCN A5 88 7 2% B) b (¥ 1 2 = PR, A DCSN A
TG T oA A 1) 3R 2 75 SR TR0 Jy 92

RS, AR SN AE P AN T B THI 6 A5 B 3R AT S0 g B 2 ) SR A T SR A I 3 R e 1) A0 R 25 R AT B 0 Y
HRE, I8 T N BT s A SCAE HEAT TN IS AN % R8T T 4 AN/ 75 52 75 SRS AR 7R SR (5% w22 482 R R K 4F
GO A SO E 25 2 B AR T (B ) D7 S0 O SR A SR 7 SR 5 ok i N B A AR v fef TR0 £ SR R
HETf.

Buft S AR R R AT o B O ).
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