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Abstract

Existing task recommendation methods for mobile crowd sensing primarily fall into two categories:
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those based on spatial-temporal information and those based on social relationships, both con-
strained by the variability of spatial-temporal information and data sparsity issues. To overcome
these limitations and enhance task recommendation accuracy by integrating multi-source worker be-
havior data, this paper proposes a task recommendation method based on multi-source heterogene-
ous data fusion for mobile crowd sensing. The proposed method comprehensively considers multiple
factors, including workers’ geographic locations, time availability, and social network relationships.
It employs a latent semantic model and a bi-directional long short-term memory model to generate
worker-task matching matrices in the spatial and temporal dimensions to capture temporal-spatial
variations in worker preferences, while the Node2Vec graph embedding model generates the worker-
task matching matrix in the social dimension to alleviate data sparsity issues. Finally, a BP neural net-
worKk is utilized to fuse these three matrices, achieving multi-source heterogeneous data fusion of
worker behaviors and producing task recommendations. Experimental results demonstrate that the
proposed method achieves better recommendation accuracy than task recommendation methods
based on a single data source of worker behaviors.
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Figure 1. Task recommendation model structure diagram based on multi-source heterogeneous data fusion
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Figure 2. Algorithm flowchart for constructing worker-task matching matrix from temporal dimension
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Figure 3. The structure of Bi-LSTM model
[ 3. Bi-LSTM & &I£EH ]

DOI: 10.12677/0rf.2024.145505 675 BE 51


https://doi.org/10.12677/orf.2024.145505

LR

1) BLEFIHRN: FERMNZMANES TAREFIIL =[(t,1), (%, ,), ], i DTN i fE th
ZIFT AL AL B o 7 i N2 8 3d word embedding BEAX T A7 B 545 B TR, 3255 N & E,

2) Bi-LSTM: ¥l i ik N ZFALTIAS R &7 41 E, fi A2 Bi-LSTM 2, KHIE[ LSTM N6
AN T 5 A B HOIRAS h' SRR LSTM AN ) 5 2B R FERUIR S Y, 5 & IR IE A LSTM (1)
wEEh, ARXWE). (7). @)FIR:

T ) LSTM Dy /N 7] 2 A B mobR 2«

h' =LST™, (e h,) (6)
Je 18] LSTM AN i 1] 5 A il B 7 -
h’ =LSTM, (e, 1y, @
B IFATIAAS ) LSTM % -
h=[h'.K] ®)

Heb, n' ONRETE LSTM ffit, h’ AJE LSTM [%iH, h o LSTM Z % .
3) TIMAI B FEANEREX TN i vl RERNAR) R — M E | AT I, A (9)Frr:
I, = softmax(W,h, +b) 9)

Forb W, BCERERE, b OMREDL, LA T NNl 2A A BERIAE ID.
)RR AEE TN - ARS5 ILREEEFE R M2 . miPeee Dy [ 4E TN - A 55 UL C FEAE R M % v g
JEER, FORTN I FUESS j M MgEREILRCEE, A nA0)Fs:

= i I >_I .
\/sinz[M}Lcos(lati)'COS(Iatj)'SinZ{M]

Horfr (lang, lat; ) %t B2 TAAZE 1D 5 BASEIR T — T REEIA AL & | FIZERIE, r HiERF42.
3.3. T Node2Vec BERARAR A4 324 R T A\ — £ 55 PLBC R B RS A%

3.3.1. &F Node2Vec EHRANGREN T A 11324 E4FEEE

FEFEASYE B T NAT AEAR AT Bided, gk, MRE ARG BAER T AN K Graph G, f#
1 Node2Vec IR AFEAR S > T AFHiEF &, BARR RS HENE 1 s,

1) LearnFeatures(Grath =(V,E,W)) PR FTHREERRE, b GraphG KRt sc Mg, Vi
Wi, ®onT N ERN, RRSZEEMRKKR, WHNE, &N 1.

2) 7 =PreprocessModifiedWeights(G, p,q) B&i%: F T 242 sBE LI KAE NS, b G Ak ZE s
K, p,q S H A SRR r ANBENLIEEF B, T B AN S AR R AN B E P 51 walk .

3) walk = Node2vecWalk (G',u,l) e&#: HI T2 BN E P4 walk , Horh G A2t AL i 5 5 1Y)
BT B, L ONBERLIEAE 5N WIiEAE walk A SR S u RS, RN EIE D IR,
MG RTFAG, 4R R AT BENLIFAE . 1 GetNeighbors (curr,G') BR#,  SREL 2 H 15 s AU 4T & 1
s Hodcurr NUETT AL Vi, GHTT RUARE T . ARAE SR A SEEE AliasSample , i F—M1T U, .
W5 U IS E 8 walk T, IR [ LT AE 78 walk .

4) f (u)=StochasticGradientDescent (k,d,walks) & #: i -3&T skip-gram #8254 pl T £ u
OERZNACTH

m:P = 2rarcsin

]

(10)

DOI: 10.12677/0rf.2024.145505 676 BE 51


https://doi.org/10.12677/orf.2024.145505

LR

Table 1. Node2Vec graph embedding technique algorithm
%% 1. Node2Vec Bl NFIARE %

#0351 Node2Vec #3%:

LearnFeatures(Graph G = (V,E,W))
7 = PreprocessModifiedWeights (G, p,q)

G'=(V,E,7z')

Initialize walks to Empty
foriter=1tordo
for all nodes ueV do

walk = Node2vecWalk (G',u, 1)

Append walk to walks
f (u) = StochasticGradientDescent (k, d, walks)

return f (u)

node2vecWalks(Graph G = (V, E, 7))
Initialize walks to [u]
for walk_iter =1 to | do
curr = walk[-1]
Vy,rr = GetNeighbors (curr,G”)
s = AliasSample(V,,,, 7)
Append s to walk
return walk

3.3.2. WEHZHEET A - ESLEEEMR
1) MR TICEHERMES: s, NTAEZEEMMES FRtk, £aTAN 5T K Z AL
B, R ITEMARALDFTR:

f(i)-f (k)
Sy = T (1)
O HG]
Fob £ (1) B F (K) SR BUATIAS TABOREE o B
2) MIEE T AMES S SREERE P: g 9T AMI% 2 5RAEN P %, RE TA KRS | 151
MBI AR

P = itlgjl) (12)
1=
Hr, tg) FIENL RETITAKIES jH—RSE, | NTAKIMMES jHE 1 X35, n 258
B
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Figure 4. The structure of BP neural network
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Table 2. LFM parameter setting
F 2. LFM S8R E

SHAAFR ZHUH
I ) 2 ok R T 0.01
B R e B 15
ENL 4 0.02
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Table 3. Bi-LSTM parameter setting
#* 3.Bi-LSTM 8Hi& B

SRR ZHE
R H 500
i SN 32
25y 0.005
g1t 3
Dropout 0.2

4.3.3. Node2Vec E#BANEAR
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(IRR K, A B AN T SN 1) B 1A RO MRS o S SR A 2 AR DU R 8, THAE TN 2 Il
ASVCER R, HAHA TR BE RN TAZ AR SAEE, 8 T ARYE S Z 02 5 AR,
HPBGANTERR AN TASE-MES MRS, AL BUE SRS 5 B AT, 193] 7T H:58
UEPE R TN - AES5 VLR R RS M, S H8 B 4 fiow

4.3.4. BP #IZ M4

I = ANUUEC AR MO M R M kX = AN REEAT A R4 ER, {3 MinMaxScaler
BT~ B XN Z BB, A& MINE. —MNMEEER M E. SANZRNN
SANEA—AAERE RIRHER A, BRGEUZE KN 50, BT E KNI TN - AR RS E . fEFY iR 2=
(MSE)E N ek B, A FHBENLER L T R (SCGDMWE AN, )R E AN 0.1, R IH— 05 IR R
Jy PyTorch 5k&, FHT#&MEFIHNME bR, TEIEH RRHATE RIS, EARRECH 20,000 ¥k, TEH
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A~ epoch 11, HATHTFIAERE . TFEHIR . IAERRAIRAL, THEREAY 3575 iR 22 (RMSE) RT3 4 5 1%
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Table 4. Node2Vec parameter setting
% 4. Node2Vec EIS#ig B

SRR Y
R/ 5
BEAILIE ALK 10
IR [B] 2% 24 1
BT R S5 1
R 10
BEALIEAE 7 A4 10
AL 7] B4 S5 64

Table 5. BP neural network parameter setting
= 5. BP HEMBSHINE

SRR ZHE
FoTRH 2x 10
[FEN=PNGN 50
Gk 0.1
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Figure 5. (a) Comparison of Top-N precision for four models; (b) Comparison of Top-N recall for four models; (c) Comparison
of Top-N F1 score for four models

[# 5. (a) PUFHER Top-N HERZERITEL; (b) FEFHER! Top-N BEIZENEL; (¢) MFEE Top-N 4 Hxftt

HE 5 al, BB HER RS EE N IR, HERRHZR (precision@N) B4k B R RE#a%s, 1A% (recall@N)
B BT, F1 Score iz Bt HEa T2, H @ EME AT R 2r G iy - i () 4 AR - 23 A) 45
P — AT PR EAN [ FIHERAE S5 E N R, 2 BB precision@N. recall@N 1 F1 Score #J
e BB RN TR R FE L 2 [ 2 B AN AL AT 4 AR . b b T S B R T AT 5, AR SCI SR AR T Ny
HER, AESN T NS AL L (0 R 55 A6

M7 6 oL, HTFHEELSNEEE, SN TASS5NESRD, MERFTSEE NN, HiE
VEFC TN BT 55 L 2 R Rk, AT BOHERf 5 R % . EHEFRAT S50 E N 5 B, S8 A B e
FAENSIAF] 0.9333, T UHHEFALSH 2 20 I, HERIZE T2 0.6863, (HAIRIFEGRIMERREZ . N
BARKE, GEBMEARMER TSN HERRRLE m T A=A R — R, |k 7 /L, BEE
HEFAAT S BUR 3N, (T4 R 32T, UL R EET BTt EMEEEE N 20 I, ZRa Al
AEZILF] 0.7179, EAFHEIATSEA T, LREHAMNE BRI T RYERSR, ke 8 v il, HE
HEFEAT S BRI, A B R TR 8w R T R R 0 N %, e ml RAEBIER ST, AR
MR TH BB T FL 800 . SR AL RREE N2 N EBERE 4 TN MAT Aol , BMEHER RGBT T
B, REARATS e AR SRR e I A [P SR AR R s ) FL 40 B, 7EHEREAT 5550 H N 20 W, SR B A i) FL 40 $iik 3
0.7018, JEILHTEAERG R AN [l R 2 6] (1) R 471, AR SR

ZE LPTIR, AR NG AHBE = MNP PR (ER R . AR, FL 050 R0 T — 4 i,
REME IR NFZHE T 2 lf 224k, $RTHME SRR S %, A M T 58 M4 B M
PRI, 33 T A5 AT 5541 2 B8 Ik v

Table 6. Accuracy of different models at different recommendation lengths N
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Table 7. Recall of different models at different recommendation lengths N
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Table 8. F1 scores of different dimensions at different recommendation lengths N
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