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Model improvement through residual analysis

Jiancang Zhuang

The Institute of Statistical Mathematics, Tokyo, Japan

Statistical modelling has been increasingly and widely used in many research fields. Associated statistical
inference techniques, such as model selection, specification, and evaluation, parameter estimation, and testing
goodness-of-fit have been developed. Among them residual analysis can be used to evaluate a model and
assess the goodness-of-fit without proposing unnecessary new models whose implementation may include
heavy programming and computation tasks (Zhuang, 2006; Baddeley et al., 2005). Residual analysis is also
helpful for understanding the advantages of a model even if its overall performance is not ideal.

More recently, general principles of first-order residuals for spatial point processes (Papangelou intensity-
based models), temporal/spatiotemporal point processes and moment intensity-based models were proposed
by Baddeley et al. (2005), Zhuang (2006), and Guan et al. (2008), respectively. Zhuang (2015) summarized
the general principles for constructing innovation based residuals. For hidden Markov models, Buckby et al.
(2020) developed a similar innovation based residuals by extending the framework of residual analysis in
Zhuang (2015).

1 Residual analysis for point processes

A point process N is a random counting measure on R satisfying that N(A) for every bounded set A C R<.
In this article, all point processes are assumed to be simple; that is, each point process can be represented by
a sum of unit Dirac measures at distinct locations.

For a point process N on E, its first-order moment intensity, provided that it exists, is defined on E by

_ i V(B(z,9))
M = B ) =

where £ is the Lebesgue measure, and B(x, §) represents the ball centered at x and with radius §. The following
fact holds.

Conditional intensities When a temporal axis is embedded in R?, i.e., the other d — 1 dimension are
regarded as spatial directions or marks. The conditional intensity function A(t,z), ¢ € R and x € R4~! is
defined as BIN 5 B(s.6 ”
t,1 z
Atz)= tim  DVBI¥0) X Bl@.d)) | ]
6:40,6,10 0t £(B(z,dy))

where H; represent the observational history of IV up to ¢ but not including ¢.

(2)

Papangelou intensity The Papangelou intensity is defined by, if it exists,

. E[N(B(z,0,)) | £(B(x,6:))]
A =1 3
o(@) = [im 5 ((B(x,5.,)) )
where £(B(z,0;)) represent the observation on N outside of the close ball B(z, d;).
The first-order residuals for moment intensity models, conditional intensity models, and Papangelou in-
tensity models are defined by

RoB.1) = [ [fa) Ndo) = fa) o) )] (4)
Ru(B.1) = [ [Fe) N(dn) = fl@) Ao )] (5)
Ry(B.) = [ [7(e) N(da) = f(a) o @) )] (6)

respectively, where B is a Borel set, and f is a deterministic function in (4), a predictable function in (5), and
an exvisible function in (6). If f also depends on the estimated parameters, then f is obtained by substituting
the estimated parameters in f. In practice, it is reasonable to assume that

R{m,h,b} (Ba f) ~ 07 (7)

when the estimated model is a good approximation of the true model.



2 Residual analysis for Hidden Markov models

Give an HMM whose the observations are realised from the m members of a family of distributions, f(x; |

Sy =1), with ¢ =1,--- ,m, where x; is the observed value at time t = 1,--- T, S; is the state of the Markov
chain at time ¢ and m is the finite number of states with a stationary transitive matrix

In an HMM, the forecasted distribution of X, given the previous observations is,

f(xt|th) :f(xt|X1, X, 1 sz latzli 11;111 1(()(1; ‘ St :Z-)7 (9)

where oy (k) is the forward probability defined by
O[t(k):P(Xh"' ,Xt,St:k) (10)
Using the expectation calculated above, the predictive residual with a predictable function h(t,x), where

h is a predictable function of ¢ for every fixed z, becomes,

n

R =S (h(t, X)) - /h(t,xt)f(xt | #Hy) da. (11)

t=1

For the exvisive residuals, we consider the forecasted distribution of X; given all of the other observations
rather than observations prior to time t,

(@ D ey @t—1(K) Tri f(e | Sy = @) Be(4)
el &) Z > ohey @r—1 (k) T Be(7)

where B¢(i) = P(X¢41, -, X7 | St = i) is the backward probability. Given a function h(f,z) which is
exvisible as a function of ¢ for every x, the exvisible residual becomes

(12)

n

R =Y {h(uXt) —/h(t,xt)f(xt | &) day | . (13)

t=1

It is easy to see E[R,] = 0 and E[RP] = 0.

3  Summary

Based on the theory of residual analysis for point processes and hidden Markov models, the stochastic re-
construction technique is illustrated with two examples: stochastic reconstruction of a Hawkes point process
model for the robbery related violence in Castellon, Spain, and residual analysis to the results from fitting a
zero-inflation HMM to the tremor data in the Kii region, Japan. Residual analysis helps us to 7nd a proper
direction in which to improve on the model formulation, in a data-driven manner.
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Analysis of Spatially Resolved Galaxy Spectra as a
High-Dimensional Low-Sample Size Data Problem
(ERT/MEXRT— 2B L LTORTDH KT v TORE)
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{GIZE B DRI DB FEROH R PE 72 &, SR DB DAL= BR 12 IR AT~ DARed THEEZ 28
BThs. FL T ORI 138 (EEDOFHE(LDORE R O Th IEH I B BRI LD
OEDTHHEBZ DI TN,

SR DHEA LA BRE) 35 B /e N B AR S 2
B THDH. BBUTERMENE NIZL>Tht
L, BEEN ADDRAFTA, LU THAH AN
HTDHZETHTE, SBIEEEDOTABE K —
L, BRABIEED L OB ChS. RITRDRHE 0. O/
D TETHLTEND, 5 T EOYELIRAEZfiE Y]
THZENREL O EERFRE L2 > TS, #
WP RN T A EORFIZLGIT5&
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Topological Data Analysis of Galaxy Distribution:
Detection of the Birth Cry of Cosmic Structures
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Sparse PCA by the noise-reduction
methodology

Kazuyoshi Yata
Institute of Mathematics, University of Tsukuba
and
Makoto Aoshima
Institute of Mathematics, University of Tsukuba

High-dimension, low-sample-size (HDLSS) data situations occur in many
areas of modern science such as genomics, medical imaging, text recognition,
finance, and so on. In recent years, substantial work has been done on HDLSS
asymptotic theory, where the sample size n is fixed or n/d — 0 as the data di-
mension d — oo. Ahn et al. (2007), Aoshima and Yata (2011), Hall, Marron and
Neeman (2005), Jung and Marron (2009), Yata and Aoshima (2012) explored
several types of geometric representations on HDLSS data. Jung and Mar-
ron (2009) investigated into consistency properties both of the eigenvalues and
principal component (PC) directions for the sample covariance matrix. Yata
and Aoshima (2012) gave consistent estimators both for the eigenvalues and
PC directions together with the PC scores by developing a new PCA method
called the noise-reduction methodology. On the hand, sparse PCA (SPCA)
methods were studied by several references. Zou and Hastie (2006) and Lee,
Huang and Hu (2010) considered a regularized SPCA (RSPCA) based on L1
penalties in high-dimensional settings. Johnstone and Lu (2009) proposed a
thresholded SPCA (TSPCA) and showed a consistency property of the TSPCA
when n/d — 0. Shen, Shen and Marron (2013) showed that the PC directions
by the RSPCA and TSPCA have the consistency property when d — oo while
n is fixed. In addition, Paul and Johnstone (2007) developed an augmented
SPCA method and Ma (2013) proposed an iterative thresholding procedure for
PC directions.

In this talk, we investigated the TSPCA in high-dimensional settings. We
first proposed a new sparse estimator of the PC directions and showed that it

1



holds the consistency property without any threshold values. We also proposed
a shrinkage PC directions and apply it to the clustering.
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Decimating Nonlinear Response in
State-Space Models for Battery
Capacity Estimation

Xun Shen (Tokyo University of Agriculture and Technology)

Jiancang Zhuang (Institute of Statistical Mathematics)

1 Introduction

A discrete state space model is used to perform the State of Charge (SoC) estimation, which

is written as:

Ar Ar
U, e ReCe () U 1—e ReCe | | v

(1) A1 | t N i+ 1, ’
SoCy11q 0 1| [ SoC; an Vo ¢

(2) Ui =Uocv,o + KoSoCy + s(SoCt) + i+ R, + Ue,t + wy.

Here, SoC}; denotes the SoC at time step t. U; denote the terminal voltage. U, is the voltage
of the equivalent RC circuit. R, and C, are the equivalent resistance and capacity for the
characteristics include polarization, diffusion, and so on. R, is the internal ohmic resistance. ¢
is the charging current. Upcv,0 + K9S0oC; + s(SoCy) is the Open Circuit Voltage of the battery.
s(SoCy) is the unknown nonlinear part. Besides, v; = [v14,v2]7 and w; are the process and
the measurement noises which are Gaussian white noise with covariance @ and R, respectively.

In this work, we approximate s(SoC}) by a non-parametric model and decimate it from the

model. Then, we can use the linear Kalman filter to achieve SoC estimation.

2 Proposed Algorithm

The state-space model for SoC estimation can be generally written as

(3) Tep1 = Fay + Hup + vy,

We introduce non-parametric model to approximate s(x;). Since s(z;) is from R¥ — R%, we can

split s(z;) as
(5) s(xe) = [51(2), ry salze)] T

The non-parametric model used to approximate s(z;) is defined as §,,(z;). We can also split

(6) Sup(€0) = [Bup 1 (1), -, Snp.a@)]”



Each 3,p j(2¢),j € 1,...,d can be written as

np

(7) Snp] xt Z/Bz] T, Qij, z])

where N, denotes the number of hidden notes of the non-parameter model, h(-) denotes the
activation function, and 3;; denotes the weight connecting the i—th hidden node and the output,
a;j = [@ij1,..., Q5] represents the weight vector towards x;, and b;; is the scalar threshold of
the i—th hidden node. f; = [B1;, ..,ﬁanj]T denotes the weight vector connecting the hidden
nodes and the ouput. According to the universal approximation theorem (?7), Veg > 0,3N,, €
N*t,8,b € RV g € RV»*k and Jg: RF x RNo» x RMwe>k 4 R such that

(8) 8npj — 55 (@) || < €5, Va, € RF.

Then, we apply iterative algorithms to calibrate the parameter and estimate the SoC which is

summarized as

1. Initialize iteration number nj,, = 0, parameter decision 95n ite) 0 mite) 0, and relaxation

factor a(mte) = 1;

( lte)

2. Calcualte éfﬁ;te)( gﬁ“e)) based on 6S"**) and obtain linear part of output yy; .o, as

(9) Uimeane = e = 00 (dy) — Clme) — el

(nlte) ( A(nite)) — 0)

(For njte = 0, use 8y Ly

3. Implement Kalman filter (?) based on fliee)

inear, T’ —

( ite)

t[t

ite

and obtain the update of state estimation Z , nonlinear residual efﬂ 4 ) = Yp — C(nie) —

Jie)qy, — G("ite)xtlrz‘“e for all ¢;

4. Update the parameter decision éf;”“““) by
(10) 9(711t(,+1) — IIllIl Z ||6(nlte) (niw)'gnp(:ﬁﬂta és)HQ
st
5. Update égﬁ“tﬁl),a(”“e) by
T
(11) {G%Litc+1)’ a(nitc+1)} = max logpyo (yo) + Z logpy,, (yt|9m7 a, ogmerl)’ Y1, Ut—l)
m t=1
or equivalently
T
(12) {053t it DY — min gy — 91O, @, 05, Vi1, Up ) |
mo® =1

6. Set Nite = Nite + 1. If Nite > Nitea StOP and OUtPUt é:;l = éggite);é: = égnite),a* = a(nite).
Otherwise, go back to step 2.

Gradient descent algorithm can be used to solve Eq. (10). Besides, the EM algorithm is
efficient to solve (12).

UT — {'U/Oyul;n uT} }/1 1tc, {yl’ﬂxm ( 1t(,)

inear,0’ yhnear 1

(n]t(_)
o ylmear T



ZEU S 7@ ONERSORBHE L ZDRBFENDICH
M BT (RILLEER)
RIS B (SUARF)
EA BT CREERLRY)

AREE T, BRET 7 7 OURWHES IR X577 ny ZETHZRR T 5. EBETHET
BEEILUHOESE 7ay 7 MO TES) OREDTTay VEHEHEZMET 5. 2 2Tl
WHESIIHR 2 EETIERL, ZOHIHEZF o TWA5E2E 5. WERE_HI77 70
HOEEPWHEETH LT 5. Z2OL TUH NS X —XOHEERE 2 LT 2 DI DR
TENTFVAIEEI LT, BHRMENEL 2. BETES T T Ky OZDODHEEESE
Vi,Vo e U, AT D X5 et zifiie 38777 7D8EEB={B1,Bs,..., BN} ZEZ 5.
et

(1) BOYD#EDZZ7 B, d Vi,V DREETED

(2) BOHIZ Ky DFTNTOAEH x5 8 pBEIFOBHNS

(3) EED 21,20 € V1, (21 # 22), y1 € Vo I LT, ZDD (21, y1), (w2, y1) DREIFFITE N

BE53 7 F 71% BNIZ Moy ATFAET %
(4) ERED z1 € V1, y1,y2 € Vo, (11 # y2) X LT, 2D (21, y2), (21, y2) DPAFHICE NS

53272 7 BN A2 EFET 5
(5) ERD x1, 22 € Vi, (w1 # 2) 22D y1,92 € Vo, (Y1 # y2) N LT, Z2D3 (21,11), (2, 92)

DEFHCEEN D27 T 71 BAIZ Moo AFIET 2

NS DR EMRR T 272DI12853 277 7 By, B, ..., By IXET % (nxm)-fEa175% 2h 2
NHy, Ha,...,Hy 3% #8179 Hy, Ho, ..., Hy ICRLT, (Nxm)-475 X; (j=1,2,...,n)
ZEDE TN H DOE jTLBH>TVWBRTITHD LTS ThbZEHE LR (N x nm)-175
X = [X1|Xo| -+ |X,] ZEHEHATIIE WS . ZD e &, EOSKEM (2) 206 (5) M S hiud, HEIT
Hl XX D/MTHINCRD K 51BN S: (a) IMTHI XIX; ORARRIIEET p (504 2), IERHFARR
THEET Aoy (St 3). (b) "MTHNXEX;, (i #j) DRAMITIZET Ao (5= 4), IERARRITIEE
T Aao (Z&fF 5). BARMICIE No1 = M2 = A2 (= p), TROD XX = ul +p(J — 1) DTS
IRf, HEERORENREICR 5. Z 5 TRWEE I, IERARTICHRN 2 EOED T E 5721
DPRWHRBVE ERTWS. (BRE, A 3)

EEL ((r,\)-design [2]) VEmHREBRL L, B2V O EEDLOLRIEGHE (Tuy V&G
CIER) &5 5. (V,B) BROFM 2T L &, (r,\)-design £\ 5.

o VORBERIMNT BOrHO 70y ZIZE&FEND
o VOIEEDERZ 200BEREFFICEL v v 71X, BOFIIKIT NEFET S

(r, \)-design (3D % m, 70y 7 BEn T3, (nxm)-FE170 H TRITES. 2L T,
V EoEIEGE Py, P,,...,Pyp_ 1 TH2E L, mHD design & U TIXFEBIZAE ST 2 AR S
5ZEMTELET L. IO EEARFEETIICT 5.

H;=HP, ,i=0,1,....,m—1

NS DEAFEETHNSTE S (m x nm)-aHHATH X = [Xo| X4 [Xpo1] BERAD (1) 225
(4) 27z 3. 72720 (5) DM X 0. (5) DFMZ#iT 72012, ROWERZEAT 5.

1



E& 2 (Difference matriz [1]) Zyp, LD (k x my)4T81% D =[d;j] £ 35. FED1<i<j<k
oW TC, Z,, LOZEEES

{din —djr, (modm)|h=1,2,...,my}
W2y DBEREH D yHTOELE X, D% (m, k,v)-difference matriz (DM) £\5 .

FIECENCESN H = HP, (i = 0,1,...,m — 1) ZFICFHELTH X = [Xo| X
Xno1] ZDMZHOWTRD LS HERT B, 22T, X; 3% H; (=0,1,...,m—1) Di{TH»
LRBTINTH 2. (Hy, X; DITHNDIT%Z, L2 5 04T7H, 117H, ... £ 8ZX 5.)

Xd11 Xd21 Xdkl
Xd12 Xd22 Xde
Xl = . ’ XQ = . P Xk‘ =
[ Xy (o [ Xy (| | X 1 |

722U, D = [dij] V& (n,k,7)-DM £ 352, ZOr & JERINFHHEITH X = [X|As| - - - | Xkl
BEME (2) 25 (5) Zifizd. RS NLFEITI X T, #ITIE—D2DEF AKX -V 2RL TV
% . HERATOEHEATH X OF i 171 H; OFEEITINIHIG L T0iedd, IEKE NG E AL S 1
TREEITHOEEICHR>TWVWS. ZOROHFLWMESTIDOY A XIF kb x m &> TW3, (Zh
PREERTIICIERZ T ).

ZIZTRIRXA—REEHT L,

o HAKESITH H; DY 4 XldEn xm

o H; ZHT 2 K[EHFONMENE m

e Difference matrix (m, k,~)-DM OH A X% Z,,, LD k x my

IEAGTEATH DY A4 21 m?y x mk, & DREDOEREFESITHDOH A4 ik x m

o (r,\)-design & (m, k,v)-DM Zflio TIEHEHITHN ZE- 725G, 1= rmy, A1 = mA\y, A2 =
Aa2 = py + Ay(m — 1) 72 25HEITHIZ1ESD Z L DSA]RET D 5.

AEE T, ISHERREAFZRT L ¢ 12, difference matrix D EHPREEAKE ST 2 LT
BBV B EERIC O W T ikam L 7.

HEE AEAZEIX JSPS BHFE 19K11866 DB #3273 DT

BE 3k

[1] T. Beth, D. Jungnickel, and H. Lenz. Design Theory. Encyclopedia of Mathematics
and its Applications. Cambridge University Press, 2 edition, 1999.

[2] D. Stinson. Combinatorial designs: constructions and analysis. Springer Science &

Business Media, 2007.

3] EEFERK and BEAREZ. BIBHRHE. 77—V A2 - > =X 35 HAR, 2006.
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