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   Dear Editor,

Any fault of a battery system that is not handled timely can cause
catastrophic  consequences.  Therefore,  it  is  significant  to  diagnose
battery faults early and accurately. Due to the complex nonlinear fea-
tures and inconsistency of lithium batteries,  traditional fault  diagno-
sis  methods  usually  fail  to  detect  battery  minor  faults  in  the  early
stages. Therefore, this letter proposes a real-time unsupervised learn-
ing  diagnosis  approach  for  early  battery  faults  based  on  improved
principal component analysis. The technique rotates the battery pack
voltage sequence into a new coordinate space through linear combi-
nation,  while  the  detection  metrics  of  square  prediction  errors  and
modified  contribution  plots  are  employed  to  achieve  minor  fault
traceability.  In  addition,  the  training  sample  relies  on  the  voltage
sequence of the battery health state instead of the fault data, which is
difficult  to  collect.  Moreover,  this  approach  can  not  only  locate  the
battery cell where the fault occurs but also diagnose battery open-cir-
cuit and short-circuit faults as well as the occurrence and duration of
the fault in real-time. Furthermore, the feasibility and stability of the
proposed  method  are  verified  by  applying  different  experimental
data. In summary, the presented approach provides an easy-to-imple-
ment  option  that  does  not  require  accurate  mathematical  modeling,
expert understanding, and complex computational processes.

Related  work: Faced  with  the  scientific  challenge  of  accelerated
worldwide energy transition and deep decarbonization (i.e., a reduc-
tion of CO2 emissions by about 8% per year), electric vehicles have
become the future development trend and the focus of global compe-
tition [1] and [2]. Currently, a lithium-ion pack is the first choice for
an electric vehicle power source. However,  according to incomplete
statistics,  52% of  electric  vehicle  faults  come from lithium batteries
[3].  The  lithium-ion  battery  system  is  a  kind  of  complex  structure
with  high  nonlinearity  and  multiple  individual  hybrid  connections.
Hence, the early minor battery faults are hidden, gradual, and propa-
gated, which was exceedingly difficult to trace the faults. Most exist-
ing battery management systems detect battery faults based on a volt-
age threshold, which can only be detected when the battery fault has
progressed to a certain level. However, at this time, the battery fault
has had an extremely serious and even irreversible impact on the life
of the lithium battery [4] and [5]. In addition, the fault of the battery
may also cause a safety accident in the early stage [6]. Therefore, it is
urgent  to  develop  a  fast  and  accurate  diagnosis  method  for  battery
minor faults in the early stages.

Common battery  faults  mainly  include  overvoltage,  undervoltage,
external  short  circuit,  internal  short  circuit,  open  circuit,  connection
fault,  sensor  fault,  etc.  Previous  studies  have  introduced  many  bat-
tery  fault  detection  methods,  which  can  be  divided  into  two  cate-

gories:  1)  model-based  methods  [7]  and  [8],  2)  data-driven-based
approach  [9]  and  [10].  Model-based  methods  compare  residual  sig-
nals  with  measured  values  or  compare  parameters  (e.g.,  battery
capacity,  internal  resistance)  calculated  by  different  algorithms.
While  the  previous  studies  have  achieved  good  diagnostic  results,
these methods are highly dependent  on accurate mathematical  mod-
els, which are susceptible to battery aging, external environment, etc.
What’s more, the technique is only suitable for specific battery faults,
which  has  poor  applicability.  In  practical  applications,  it  is  difficult
to build an exact battery model. Hence, this model-based approach is
strenuous to apply to the battery management system of electric vehi-
cles. With the development of the data age, data-driven methods have
been  employed  to  diagnose  battery  faults.  It  can  be  noted  that  the
above method has the following problems. 1) These methods require
a  large amount  of  hard-to-capture  raw fault  battery  data  to  train  the
model;  2)  For  a  neural  network  model,  only  the  trained  type  of  the
fault can be predicted; 3) The data-driven diagnosis method has high
computational  complexity,  which  contradicts  the  battery  manage-
ment system with limited computing power.

To  solve  the  above  problems,  an  unsupervised  learning  real-time
battery fault  diagnosis  method is  proposed in  this  letter.  The square
prediction  errors  (SPE)  statistical  evaluation  method  of  principal
component analysis was utilized to detect battery faults, which has an
adaptive threshold based on data statistics, without human subjective
intervention. At the same time, the battery fault type is determined by
the improved contribution rate.  The main contributions of this letter
can be summarized as follows: 1) A practical unsupervised learning
method  is  proposed  to  detect  battery  early  minor  faults.  2)  The
improved contribution rate of principal components can locate faulty
battery cells  and detect  the fault  type.  Meanwhile,  the approach can
diagnose the occurrence and duration of battery fault, which has low
computational  complexity,  excellent  real-time  performance,  and
strong practicability.

Proposed battery fault diagnosis method:
Off-line  principal  component  modeling: As  a  typical  representa-
tive of unsupervised learning algorithms, principal component analy-
sis  invented  by  Karl  Pearson  is  a  wide  algorithm  for  data  feature
extraction, which remains the critical information in a lower dimen-
sion. The raw data is separated into two data spaces: principal com-
ponent  subspace  (PCS)  and  residual  space  (RS).  The  battery  fault
diagnosis method based on principal component analysis determines
whether a fault occurs through the residual between the predicted and
actual values.

Xn×mThe original data matrix , as shown in (1).
 

X =


x1(1) . . . x1(m)

. . .
...

xn(1) · · · xn(m)

 (1)

where n and m denote the number of  samples  and batteries,  respec-
tively.

To  eliminate  the  effect  of  data  discrepancies,  the  data  were  stan-
dardized in (2).
 

X′ =
xi − x̄

S
(2)

x̄where  and S represents the sample mean and the variance, respec-
tively.

Calculate the covariance matrix Var(X) in (3).
 

Var(X) =
1

n−1
X′X′T . (3)

λ = {λ1,λ2, . . . ,λn}
V = {v1,v2, . . . ,vn}

According to the eigenvalue decomposition method,  the eigenval-
ues  are arranged in descending order, and the corre-
sponding eigenvectors .

The number of principal elements affects the retention of the origi-
nal data information, which is the key to build the principal element
model. In general, the cumulative percent variance (CPV) is adopted
to determine the number of principal elements K.
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CPV =

∑k

i=1
λi∑n

i=1
λi

×100% > 85% (4)

λ1,λ2, . . . ,λkwhere  are the first K eigenvalues.
The  principal  element  load  vector  (PV)  and  the  principal  element

score matrix (T) are calculated as (5) and (6), respectively.
 

PV = V(1 : m,1 : k) (5)
 

T = X′ ·PV. (6)

Xfault X̂fault

On-line  battery  fault  detection: Assume  that  the  fault  data  after
normalization by (2) is ,  the predicted data  can be calcu-
lated as (7).
 

Tfault = PVT ·Xfault

X̂fault = PV ·Tfault. (7)
eIn consequence, the error  is described as

 

e = Xfault − X̂fault. (8)
The squared prediction error (SPE) statistic for the test metric was

calculated as
 

S PE =
∥∥∥(I−PV ·PVT ) ·Xfault

∥∥∥2 (9)
where, I denote the unit matrix.

S PEThe statistical limit of  is computed as follow:
 

S PElim = θ1


Cα
√

2θ2h2
0

θ1
+1+

θ2h0(h0 −1)
θ21


1

h0

θi =

m∑
j=k+1

λi
j, i = 1,2,3

h0 = 1− 2θ1θ3
3θ22

(10)

Cα
α λ j

where  represents the limit of the normal distribution at the confi-
dence level ,  denotes the eigenvalue of the covariance matrix.

S PE < S PElim

β S PElim

If ,  the  testing  sample  is  considered  fault-free.  It
was  found  that  using  statistical  limits  as  a  basis  for  determining
whether  a  fault  has  occurred  may  result  in  false  alarms.  Therefore,
the coefficient  is employed to adjust the sensitivity of the .
The optimized criteria are detailed as
 

S PE > β×S PElim, when the fault occurs (11)
 

S PE ≤ β×S PElim, when the fault not occurs. (12)
The  contribution  diagram  represents  the  contribution  rate  corre-

sponding to each variable. In the contribution graph, the largest vari-
able is the most likely to cause a fault. However, someone with spe-
cialized  background  knowledge  is  demanded  to  determine  the  ulti-
mate cause of the fault.

mThe contribution of the -th variable to the SPE in the n-th data is
defined as
 

Cont(n,m) = e(n,m)2. (13)
Cont (n,m)Since the values of SPE and  are non-negative, it is not

possible  to  separate  the  fault  types.  Thus,  the  contribution  rate  is
improved to determine the type of the fault, which is modified as
 

Cont(n,m) =
e(n,m)√∑8
l=1 (e(n, l))2

. (14)

An example is exhibited to demonstrate the fault detection process.
When a short circuit fault or an open circuit fault occurred, the fault
is diagnosed as follow:
 {

|Cont(n,m)| >Contlim, when the fault occurs
|Cont(n,m)| ≤Contlim, when the fault not occurs

(15)
 {

Cont(n,m) > 0, Open circuit fault
Cont(n,m) < 0, Short circuit fault

(16)

Contlim

Contlim

where  denotes the minimum absolute value of the fault con-
tribution  rate.  In  practical  applications,  it  can  be  adjusted  according
to the specific situation. In this letter,  = 0.5.

Experimental results:
Feasibility  verification: As  shown  in Fig. 1,  the  voltage  value  of
eight 18650-type  cells  connected  in  series  under  UDDS  operating
conditions. Although there are obvious abnormalities in Voltage2 and
Voltage6 visible to the naked eye, they do not exceed the BMS alarm
threshold,  which  belongs  to  minor  faults.  Specifically,  an  open-cir-
cuit fault occurred in battery-2, which lasted about 16 s. A short-cir-
cuit fault occurred in battery-6, which lasted for 32 s approximately.
When  the  open/short  circuit  fault  is  eliminated,  the  cell  voltage
returns  to  normal.  It  is  worth  noting  that  cell  voltages  do  not  reach
the  cut-off  voltage  in  any  fault  condition.  Therefore,  conventional
threshold-based detection methods cannot generate alarms.
 

3.50

3.45

3.40

3.35

3.30

3.25

3.20

3.15

3.10
0 200 400 600 800 1000 1200

Time (s)

Open circuit

Short circuit

C
el

l v
ol

ta
ge

 (V
)

①

②

Voltage1

Voltage2

Voltage3

Voltage4

Voltage5

Voltage6

Voltage7

Voltage8

 
Fig. 1. Cell voltages under UDDS drive cycles.
 

To verify the feasibility of the improved method in this letter, Fig. 2
represents  the  battery  faults  diagnosis  results  of  the  conventional
way, which detected two times faults.  The first  fault  occurred at t =
314  s  and  lasted  16  s  approximately.  The  second  fault  happened  at
about t = 898 s and lasted 32 s. However, this traditional method can-
not detect what type of fault has occurred.
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Fig. 2. Traditional contribution diagram detection results.
 

|Cont (n,m)| >Contlim Cont (n,m) > 0

On  the  contrary, Fig. 3 shows  the  diagnostic  results  based  on  the
improved  method  for  the  same  battery  pack,  which  can  locate  the
faulty  battery  cell  and  detect  the  type  of  fault.  The  first  fault  was
detected in the same period as in Fig. 1, which can be evaluated as an
open-circuit  fault  due  to  & .
Meanwhile, it is not difficult to find that the fault occurred in the bat-
tery-2 cell.  Similarly,  the second fault  was diagnosed a short-circuit
fault in the battery-6 cell. Moreover, this technique diagnoses battery
faults  with a  CPU clock time consumption of  0.0205 s.  To sum up,
the proposed fault detection method effectively diagnoses the type of
fault,  locate  the  fault  cell  as  well  as  predict  the  time of  fault  occur-
rence, which has excellent feasibility.
Stability  verification: The  external  ambient  temperature  of  the
power battery is constantly changing in daily on-board work. Mean-
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while,  the  performance  of  the  battery  is  extremely  sensitive  to  tem-
perature  changes.  More  importantly,  the  wide  range  of  temperature
changes can increase the possibility of battery fault. To highlight the
stability of the proposed method under full climatic ambient tempera-
ture, Fig. 4 demonstrates the battery fault diagnosis results under low
temperatures.
 

0 200 400 600 800 1000 1200
Time (s)

3.5

3.6

3.4

3.3

3.2

3.1

3.0

2.9

2.8

C
el

l v
ol

ta
ge

 (V
)

①

②

Voltage1

Voltage2

Voltage3

Voltage4

Voltage5

Voltage6

Voltage7

Voltage8

0 200 400 600 800 1000 1200
Time (s)

(a)

(b)

1.0

0.5

0

−0.5

−1.0

C
on

t S
PE

①

②

Voltage1

Voltage2

Voltage3

Voltage4

Voltage5

Voltage6

Voltage7

Voltage8

Cont SPElim

 
Fig. 4. Fault  diagnosis  results  at  low  temperature.  (a)  Battery  voltage
sequence at −10°C; (b) Battery fault detection results at −10°C.
 

Fig. 4(a) shows the original cell voltage sequences at −10°C. Com-
pared to Fig. 1, it can be found that the voltage fluctuation becomes
larger  as  the  temperature  decreases.  Particularly, Fig. 4(a)  demon-
strates  a  voltage  sequence  with  a  fluctuation  range  of  about  0.4  V
(3.00 V−3.40 V). This phenomenon illustrates that the working state

of the battery is relatively stable in a high temperature environment.
When the battery is in a low temperature environment, the state per-
formance of the battery can be greatly affected.  In addition,  when a
short-circuit fault occurs, the battery voltage fluctuation increases as
the  temperature  decreases,  which  indicates  that  a  serious  short-cir-
cuit  fault  is  likely  to  be  derived  from  the  low-temperature  environ-
ment.

Fig. 4(b)  presents  the  battery  fault  detection  result  at  −10 °C.  For
the  fault  ①,  it  can  be  clearly  observed  that  the  superlative  battery
fault  diagnosis  was  achieved  at  an  external  environment  of  25  °C,
and  the  detection  effect  decreased  as  the  temperature  decreased.
However,  it  is  undeniable  that  the  proposed  method  successfully
detected  the  open-circuit  battery  fault  at  different  temperatures.  For
the fault ②,  the short-circuit battery fault was effectively diagnosed
at  any  temperature.  In  short,  this  presented  approach  successfully
diagnoses  the  fault  in  the  battery  pack,  i.e.,  an  open-circuit  fault  in
battery-2  and  a  short-circuit  fault  in  battery-6.  It  further  illustrates
that the proposed method can precisely locate and diagnose potential
early faults in the battery under full climate.

Conclusion: In  this  letter,  a  real-time  unsupervised  learning  bat-
tery early fault  diagnosis method based on improved principal com-
ponent  analysis  was  proposed  to  locate  fault  cells  and  detect  fault
types, which can also predict the occurrence and duration of faults at
the  same  time.  The  proposed  method  does  not  require  an  accurate
battery model and a complex hardware system as well as a large am-
ount of battery data, thus saving modeling time and hardware cost. The
algorithm description, working principle, feasibility analysis, and sta-
bility analysis are given. The main conclusions can be summarized as:

1)  This  fault  diagnosis  scheme  can  detect  the  battery  voltage  in
real-time  by  the  improved  principal  component  analysis,  which  can
effectively  discover  early  minor  faults  even if  the  battery  voltage is
within the rated safety range.

2)  The  proposed  method  can  successfully  diagnose  early  battery
faults from different temperature, which proves the stability.
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Fig. 3. Improved contribution diagram detection results.
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