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Abstract

In a successfully deployed wireless sensor network, the sensing data taken directly from the sen-
sor nodes are subject to a large amount of redundancy due to their temporal and spatial correla-
tions. Therefore, we need to design an effective data collection scheme. Compressive sensing is a
popular data collection technology. It includes three core topics: sparse representation of signals,
design of observation matrix, and signal reconstruction. This paper focuses on the sparsity of sig-
nals. Firstly, the sparsity performance is analyzed from two aspects: real signals and synthetic
signals. In compressive sensing, different orthogonal transforms make the signal different levels
of sparsity. In order to study the sparsity of the signal further, we have designed two orthogonal
transforms, namely Row-trans transform and Col-trans transform. It is found through experiments
that the sparse performance of Fourier transform, discrete cosine transform and wavelet trans-
form is relatively poor. The sparse performance of Row-trans transform and the Col-trans trans-
form is better. As far as the reconstruction error is concerned, in the 1800 experimental mea-
surements, the reconstruction errors of the signal under the Row-trans transform and the
Col-trans transform are relatively stable, and the error rate are low, which is obviously superior to
other orthogonal transforms. The reconstructed signal is closer to the original signal.
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AR FMEIE S, HHETT T A TAERES. HIR, F12 7 JUME B IES AR, 43008 & s
B AR BECRZAR . N, O T BRI S S RSB, BRATE T T PR A AR e, 43 T
A Row-trans 224§ LA 2 Col-trans 284 FFK5IX Ffh IE A2 AR e 4 B AR FmPASEil . @i se5s, xf
PEHC PR fE,  FRATT R I ME L A 46 R B R 52 A8 ¥ RS 5 IR B AN K, /N BR B R R v s T
Row-trans A2t LA J Col-trans 2844 i 11 BE 55 4 5F HE A0 B A R ZZ 5B /N HLHL R -

SCER BT : 5, AU S R AE G AR A, B PR AR IR T, T e 4 A
BEMLH RS, FREEBEALEES: 38 =00, 4 T ARSI ZEHR—— R 45 BN H A 0 Fods 70 o 286 455 130 DL K%
FORMESE: B0, Wit T ALERMES, HFHREREEES, @ e #, . R
e, BSEORIEALH . N DL Row-trans A8 LA K& Col-trans 84 %) R B M5 5T MBifl; 28
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2. HHXHEIR

TEAR SRR T b, AT S R BILLUR JLAMESR AR A FRGEFIEET[2] [10] [11] [12] (Re-
stricted Isometry Property, LA FfRiFR RIP), RIEAFMEESE, BENIHERE, WBibEHLER .
2.1. RIP MR

WR—AME G R D EENE, BAXAMESWRRAFHEF2] [7]. A R 5B
B E S R &, W T REMER AR A2 B SERR PR e A P & L. o R

EX 1 STFRAER s Mt xeRY, HEOe RS s MEREETH2] 5 =0,(D),
0<8, <1, {3 FIAAAAL:

(1=, <llosd; < (1+ 8l 2-1)
JUPRERE O il 2 A BRAFERPE . Horb 5, N A BRAEERF 4 RARIHE RIP KD 6, , R E X-
5,= max |DD _Id"z% (2-2)

Sc[N],card(S)<s

X)W R IER A

RIP MEFUARIE T AR FEA S 3PN AR 1) K Wi s 5w 21 [F]— AN E A, BICRIE R 2% 5] 21 #65 5i
A —— MR R &R, TSR M EE B S A A M A5 8] B4 R R 2 AR B R 8, 15 2 RIP AR
BRI AT R BRI BRI H— AN TR M x K 2eVE R4
2.2. ATESRMERUE

WML, FLZ ULt RARMESRUELAR, FlEEERASHAERATHESHTIEES, £F
oA FR R R TEAERI[13] [14]. B EATERIEFMGE 5 E1E 4 02 ik T e s 5 2RI 0L, 765 E
FHERBRA K AKTRE N FRER T KRB KM kT, &FFRME/NRZ A5, R K50
KGR — R I Jl A =, B & T R 46 1

KSR R B x e RY, DAURIESSRHIERE W =W .-, ¥, | e RV, @I B AR e 50 /N
ﬁﬁ%ﬁ&ﬁ%ﬁezh{ngwhf,HMkﬁ%%m%ﬁﬁﬁ%ﬁﬁﬁﬁﬂ,ﬁ
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Heo R E—NEH, p B2 2B EgGYE, PN, TR,
2.3. BE#IER

BEHLBERZ[13] (1517 LAGRIEVR 0] I 4 e R e Ui, JF HRZARF D, AR O(klog N) £k
HERIBEHLB B T LU R S & SRR 28 R B e I LR Z AR R Z I M. BB A & T
I AR IR BE LB AR R

—1 prob.1/2

iJ

_ {+l prob.1/2 (2-4)

1

k’l‘l‘iﬁﬂ?&%ﬁ\/ﬁ®xe1¢kﬂuﬁiiﬁﬁx MIUTME £, RZEN

b~ < 4, R (k1o ¥) "
Hr g, A5 PAHKHIR L.
2.4. HHRHENILF

FEA BN ) — /N B B2, BN M x N 2 w5y 70 B CH &% X0 b 3B 0 A 4 1E 25 23 A1 (R 3k S B AL
AR, BUABRIE GRS TUR ML BENR R, BUEH F-1 FIRERAEEE). 6T RY W,
PTAVE BB 5D BRI LS [13] [14] [16] [171RK LMY, HiRZE S k DU MEA .
FAVEIE—A M x N W BENLFERE, KA BEERIER A Us, FICFIS8TE Ns MEESE, R
WA © e RMY, Mx N, FIRAF:

+1 prob.1/2s
@, =s{0 prob.1-1/s (2-5)
-1 prob.1/2s

HA S5 s FoRBMNLIRE IR B o R, QiR 1s = 1, WIBEALHE FEAS BB s i 3 iR 1/s = log N/N
DU BT B A — AT T EE I R HON logNs
3. E4eRkAN

JE4iB[2]-[ 7] (Compressive sensing) W FR & 4 R AF B B KAT, G 578 AR I )W B Re 8
FBENLUR AR IS 5 B HOE A, S I F A E R RRERE T, EAERmEged, HEES 2L
AR EE SN AR R AR, AT DU — /MU ) IR e/ D S e b DL R A R E 5. B
B AAE T R B E TE T 5, MRE TE BERE S TS MAINE.
3.1. EFERRAMEZR

FEARBFIAFE =AM W (F 5B WA ST SRR, W E AR,

Wb, 55 x RKERN N K EBEEES, WTUERE N ERFIAE, x=[x,x,x] . BA
R RZHUE SEAA MG, RERBEIE WA B R 5 o] D 65 SR ARG S . BRES x 2
EREY FHWmRES, B, 0=Y"x HMiENs. WRAEKRS A5 P AHKE M x N 4E0m 5
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Figure 1. Compression sensing framework
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3.2.1. BRESHRR
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A g n] LR A B AR i m AN AR [ 18R R, AT LA A R L
0 =[x ¥lx, -, W] (3-1)

Hrh 0 M55 x IR H MBS AL, x 50RFE - MESHENLR, & OPA k FFREEE &
MR T HABREAIE, WARES x EIEZREH Y LR HMfES, W, B5 x WRBEN k. 55
AN H FIRLR RS E MR 52 &7 S R T A R TR E 5, LR AT R 2 55
IR P SR AT I AR,
3.22. WlEE
Bt A5 L IR AR M AR R ORI FE RS © e RYY X6 it 28 HCsE A7 WL I 7 2 00046 5
y=bx=0V¥0=40 (3-2)
X IR RS @ e RMY AT ISR IBE AL m R RE . BEALAG B3 FIRERESE — LeREALIN B R . il FE
" EMEREAE S x IR EIERE AT e RV BT EERI, Bl y = A%y o X RRRH fE b
AIBIFRBIME O, AT ELF K SR S x
3.2.3. EMIES
55 BRI AR e — 2, TR Mo N THE SR N, S ) R AR RE
JTREA1OJ IR R B AR R M55 x e RY MBI ST TR A8 I » SRAR R € 77 R AT Al e/ 1 170 7L
O=minlo], st y=0¥o=40 (3-3)

ESR AR /M 1 I RE — A NP-hard IR, ‘& 75 B 245 SRR EMATEHSI T RE T, iR HE
FesR R, WRATTAT DU I SR AR AR [20] 1] R AR B M 4 1], B RE @ e RMV L RIP
JRE,  fe /M 1 R AT AR OB b 25 55 A BRI B MK ) 1)

é:mgwm st y=0¥0=40 (3-4)
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4. INEES5ERZTH

PAVERF B NEWMTRGE S, XEERES, WTLUSHEH A S NMRmEE, SaEnES 2w
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4.1.1. AXLfES

BATERE T RARFRER R ELE S BAOVE AR HEEHLEE A 100 4> Zigbee 1 1
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Z I8, #ATHARAE . © R LA TAELE 2.4 GHz (&¥KRAT) « 868 MHz (WKiM#AiAT) #1915 MHz (£HERAT) 3
B b, 4> BB B Er 250 kbit/s. 20 kbit/s £ 40 kbit/s [R{EHEZE, HAEMEREZE 10 m~75 m TG E N .
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Figure 2. Sampling signals of different scenes, each sampling number includes 4 kinds of data, namely temperature, humid-
ity, air quality, photosensitive
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K55 x ﬁﬁ%ﬁﬁiﬂ‘]ﬂ/fﬁi@w ﬁﬂﬁ@ﬁﬁi*ﬁ@:”ﬁ%%%%x KAERE S [T 55 x BRI T

B XK, AK=+N, B NEZHESHEERSE. WEVBES x e ROC, TR
iﬂyﬂxl(p,q), vp,q=12,---,K, NE

x](p,q)=x0+§ 4-1)

b x, BUE T BAAE XA [0,1] WEEHLIEEL, X RRAE SR SR g EE S, B 5 AW
£e[0,0.01] -

b A SR R A Fm e RYY, (EALE (p,q) WBUE 4 R PR OL, 4
PSP, B p+q> p WL Hp,, <p+q<p, R0 REGEIT:

I p+q<p,, Of p+q>py

def
Fm(p,q)= 4-2
(p q) {0 plow <p+qsphigh ( )

H=b. @l (p q) il Fm(p q) A K IRAHE S x, € R®, BT x, (p,q) M RGN :
% (p.9)=x(p.q)Fm(p.q) (4-3)
4.2. JLF& AV IERZ TR

2 A8 RN T 5 5 I AE BER AR R T AR R, 15 5 IR m it R 5 5 SR B IR AL At
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4.2.1. BHBEMTR

B Bt AR ¥ (Discrete Fourier Transform, #4559 DFT), & ff B AR 4 75 B 3 A0 At b #5225 L
M, S 5 PR A S R AE A 4 Sy JHL 2 T 1] e EEL P25 3 R AR

¥ N S {x[n]} s O I B R

X[k]= z (n)e W :zx(n)W](,’k, n,kzO,l,--~,N—1,WN:eilN (4-4)
n=0
Horb e 2 AR HUREL, @ BN, B IR S B R 5
r X(O) 1 [1 1 1 1 r x(O) 7]
X(l) 1 W]\lj ng WA(/N*I) x(l)
X@) =prowy oy e i x(2)
X(N=D)] 1 gy ey e || x(N 1)

BY X =Wyx, Forbw, WARHIERE, A AR R W, e bL— A RAL 1/ N A AR Ay TE A B T 48 A
AR IE CRELEE)

1 1 1 1
1 1w w? w{N
w, :W 1w wiooo W}i(Nfl) (4-5)
§ W/E/N 1) Wli(N 1) W}\(JN 1)(N 1)_

4.2.2. BHKZTHR

BBUR 72 Hy(DCT) 2 5 L AR AR O (1 o — P s He, B0 2800 T B U0 B A8 4 (DFT), {H2 RAE
FHSERR, AFREFZRBEI. BIHURZARBAE LT AN RN & P I B Bl A e, XA B
AR R — AN B R BOEAT I . K2 HU B IME 5 R E A R 7E B R 548 4 )5 AR 3, 1
HAESAAEE SR KRR GHRER, BHUR 2B ACR e % Er #e iR e e ——
Kahunen-Loeve “Z 4t (K-L 483) .

R L WAL PR R AT R AL F: RY — RV (R R SEHIES), A EM T NxN 17
B, HREE FHIAS, N A X, X, BB A NSRS S S

fm=%(x0+( 1) )+ ZXkcos[

o BRI x, B xy, AP BITRCANZ , RIRIIS £, A £, Febh1/N2 AT LUK ik ’E?ﬁ%%%ﬁEx%ﬁﬁi
B 1 1 1

ﬁcos(%} x/fcos.(j—;j \/ECOS[(.ZA‘;;)“J

1mk} k=0,1,---,N (4-6)

(4-7)

2N
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/NI AR ¥ (wavelet transform, WT)Zk2KFI K g | 40 I S84 (STFT) J& 3L AR, STFT 2415
SNE, B FFT; /AR IR %A R o AR, SR e B A4, e B e B AR e
Fean it | —— R IR I = A BB A A PR I 2 3 D /N, BRI TN BEAIAR ORR  “In[R]-
AEE” E I, I AR e BEAE FE 4 O tH ) R R T THI RRFAE BTN [RI A0 ¥ S A 4 A, eI i 4 TR
BHEXHME T (RE)B AT 2 RUEIML, 28BS MAb i R4 55, RS 40 7y, e H 3i& NI S
SoHTHIESR, MR R ERNE SRR R

B f(0) RV ITIRREREL £ (1) e L (R) > w(¢) RFEA/NEEE N R E, W /INE AR e A 0

W7(mr)=3%jif(gw[iiijdt (4-8)

b, REEFT @ Fothl NSRS 0, ST SR (RURLL), FRRT ¢ #5t N ML PR, T
). RN (1) 2w, (0) =2y (D e-k), Horb, k RIERMAE e

{Wﬂ(ozwﬁwpw—kﬁﬁkez}

FIRRZE 1] 2 (R) HOFEE TEZS 26, IR g (¢) 2 TEA2 NS o Haar 55O NI AT 7P B — A B
SR TEA N R, R — A NI ER R S IE ¢ < [0,1] TR M AN BB

AN
1 0<t<1/2
://(t): -1 1/2<¢<1 (4-9)
0  otherwise
FEX I ) 4 T80T R X
1 0<r<1
v(e)= {0 otherwise (4-10)

4.3. FIHIERX TR

FEIRGEEFA, O KA IFAREE BIRATE SRR IE R 2R, BT 7T i A28
#e.

4.3.1. Row-trans I
Bk BREFNMESTSREHENER, GRESHTUERILDER, ¥ THEREES
= (x| € RY LRI R A, EEERE Y, e RSN, Kb K =N -

B 'xl xz ces xK T
Xox Xok-1 o Xkl
Xak+1 Xok+2 o X
v, = . . . 4-11)
Xx-ng  Mr-nx-1 7 M2k
| Mg-nx+t Xx-pgxe2 v

F Ky, e RYS PO FIRBOL A, W RRFERE v, e ROF, HAPRIIUL A w, (i, /)«
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Figure 3. The sparsity of sampling signals of different scene under different orthogonal transformations
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Figure 4. Reconstruction error of sampled signals under different orthogonal transforms
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