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Abstract: In order to reduce the error judgment of outliers in vehicle temperature prediction and improve the accuracy of single-station
processor prediction data, a Kalman filter multi-information fusion algorithm based on optimized P-Huber weight function was proposed.
The algorithm took Kalman filter (KF) as the whole frame, and established the decision threshold based on the confidence level of Chi-
square distribution. At the same time, the abnormal error judgment value was constructed by Mahalanobis distance function, and the three
segments of Huber weight function were formed. It could improve the accuracy of the interval judgment of outliers, and give a reasonable
weight, so as to improve the tracking accuracy of the algorithm. The data values of four important locations in the vehicle obtained after
optimized filtering were processed by information fusion. According to theoretical analysis, compared with Kalman filtering algorithm, the
proposed algorithm could accurately track the actual temperature in the case of abnormal error, and multi-station data fusion processing

could improve the overall fault tolerance of the system. The results showed that the proposed algorithm effectively reduced the interference

of abnormal errors on filtering, and the synthetic value of fusion processing was more stable and critical.
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0 Introduction

As far as the traditional temperature measurement
system is concerned, the temperature prediction system
can estimate the temperature of various environments in
a relatively timely and effective manner. In the face of
inherent problems, such as electrical and electronic
sensor factory settings, aging, and damaged products,
the temperature prediction model can correct the
measurement error of the device itself in time. At the
same time, temperature switching in temperature
prediction model is also of great value in practical
applications. For too high temperature in summer, too
low temperature in winter, or large temperature changes
in a short time, temperature prediction can effectively
prevent the occurrence of car body and biological
hazards. People’s comfort temperature range is wider
than that i1s recommended by current national or
international standards', and temperature prediction can
more effectively set the comfort temperature
environment of the car. Predicting the temperature in the
car can also prevent problems such as waste of air-

conditioning energy caused by unreasonable temperature

settings.

In order to realize the optimization process of the
vector computer method, Pang et al. ¥ adopted the
particle swarm optimization algorithm. Sun et al.
proposed an algorithm called time-delay pruning in the
sense of least squares. They achieved room temperature
prediction under the physical laws of heat transfer in
different indoor heating systems.

The improved Kalman recursive algorithm™*® is
adopted in this paper, which not only eliminates the
previous cases of particles tending to homogenization
(loss of diversity) , but also requires less storage space,
which can deal with relatively stable processes and is
more conducive to dealing with non-stationary processes
and multidimensional objects. It greatly expands the
scope of application. Due to the thin external
components, strong thermal conductivity of the car
body, and small space, the car body temperature is
easily affected by the external environment. Therefore,
compared with simple temperature measurement, the
accurate prediction of the interior temperature of the car
s more important practical significance for human and

vehicle safety, environmental comfort, energy saving
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and environmental protection. In the actual temperature
measurement, it will be affected by many factors such as
sudden changes in the external weather, the presence or
absence of sunlight, the strength of air flow, the degree
of sealing of the compartment, etc. It will lead to the
occurrence of abnormal temperature error interference
(the generation of wild value), and greatly reduce the
temperature prediction accuracy.

This paper introduces M estimation into Kalman
Mahalanobis

discriminant of M estimation to obtain the improved

algorithm,  uses distance as  the

Kalman filtering algorithm based on M estimation with
(MP-Huber KF). The
simulation results showed that the algorithm had good

P-Huber weight functions

target tracking performance when there are abnormal
errors, and the tracking effect was more accurate and
stable. The average absolute errors are respectively
0.172 and 0.342.
estimates at key positions in the vehicle were further

Furthermore, the temperature
processed by fusion algorithm to obtain effective values
with smoothing effect, thereby improving the anti-
wildness ability and the robustness of tracking filtering.

1 System model and Kalman filtering
algorithm

1.1 System model

The system takes the temperature inside the car as the
research object, as shown in Fig.1. According to the daily
temperature experience, the indoor temperature of the car
is set to fluctuate regularly within a certain range to simulate
the changes in the outside weather, sunlight, air flow, and
the degree of compartment sealing in the car body, resulting
in temperature fluctuations that interfere with the display

statust™.

‘ Degree of interior sealing ‘
‘ Ambient air temperature ‘

\ Degree of exposure
Vehicle speed (Q : > j

Fig. 1
temperature

Diagram of influencing factors of automobile indoor

Assume that the external weather clouds vary greatly,
causing sunlight to appear and disappear for a while, and the
car 1s not in a sealed state, there is a small amount of air
exchange. The unstable factor is the process noise in the
model. W represents external weather changes, sunlight
intensity, and air ventilation. Due to the electrical and

electronic type of sensor out of the field settings, aging,
damage products and other inherent problems, out of the
field description indicates that the temperature sensor
measurement error, so the data measured by the
thermometer is not completely close to the real
temperature, so that the measurement noise is V. State X
is the number of minutes when room temperature data is
available. The temperature data collected by the unit is used
as the system input, and the temperature state observation
equation in the vehicle is

X(k)=AX(k—1)+TW(k—1), (1)
Z(k)=HX(k)+ V(k), ()

where A is the state transfer equation; I' is the state noise
transfer equation; H is the state transfer relation and it is the
relational value of the probability statistics of the system
model. Since the system information is a one-dimensional

array, then A and I are the numerical changes to X (%) .
Z () is the linear relational change of X (%).

1.2 Kalman filter algorithm

The Kalman filter uses the linear system state
equation to continuously input the original state and
output the update observation data process®'”. Since the
input/output relationship inherently represents the
equation of state and the output equation, the estimated
signal is regarded as the output of a random linear system
under white noise. Therefore, the process is in a
constant “prediction-correction” calculation among the

various links!'*

! As the highest real-time estimation
algorithm, Kalman filter has a relatively wide range of
applications in target positioning.

Step 1 KF predicts the state at moment 4 based on the
state estimate at moment £ — 1. j=+k, 7>k, and <<k
represent the Kalman filter, forecaster, and smoother,

respectively.
X(k+ 1|k)=@X (k|k), 3)
where X (£+ 1|k) is the linear variance estimate for

state X ( j\/e); @ is the state transfer matrix.
Step 2 KF goes to the next status update. The

Kalman filter gain is obtained according to the recursive

projection theorem.
X(k+1k+1)=X(k+1[k)+K(E+1)e(r+1),
(4)
e(b+1)=Y(r+1)—HX(r+ 1), (5

K(k+10)=P(k+1|£)H [ HP(k+1|£)H +R]
(6)
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where e( £+ 1) is the new interest series, which is the
difference between the existence value and the optimal
forecast valuation; K (&-+ 1) is the Kalman filter gain;
H is the relational value of the probability statistics of the
system model; P(k+1) is defined quality advantages
and disadvantages artificially.

Step 3 KF predicts the covariance in one step and
updates the covariance. Quantitative descriptions of the
quality of the predictions are made using information
related to the dynamic characteristics of the system, such
as state transfer equations, noise inputs, and process

noise variance.
P(k+1k)=@P(kF)®"+TQI",  (7)
P(k+1)=[I—KH]|P+PH' K"+

KHPH"K' + KRK", (8)
P(k+11k+1)=[1,— K(K+1)H|P(k+1|2),
)

where K, P are abbreviations to the right of the omitted

identification; Q is the process noise variance™; R is

measurement noise variance'”.,

2 MP-Huber KF algorithm

2.1 P-Huber
Mahalanobis distance

weight function based on

How to divide the measured data information into
intervals and how to assign weights to each interval™ are
generally summarized as the main part of the equivalent
weight function class problem. For example, a typical

Huber weight function can be expressed as
L, Jo,]<c,

Tlﬁk — C

(10)

> "ZN)/;’}C,

|,

1s the absolute value of the normalized residual

where| 7,
after calculation, and ¢ is the critical point for
discriminating the appearance of outliers. The obtained
data is divided into small error interference data and large
error interference data.

The Huber weight function is usually not used in real
systems because it requires a certain amount of
experience, algorithmic knowledge, and data samples to
obtain normalized residuals. And the decision threshold
needs to be determined based on experience. Therefore,
in order to accurately judge the size of outliers and reduce
the differentiation tendency of outliers, the probabilistic
P-Huber weight function is used to replace the original
Mahalanobis distance

two-stage function and the

function 1s used to replace the standardized residual of
the algorithm. To this end, Mahalanobis distance is
introduced to determine the error interference between
the measured value at this moment and the estimated

16,17]

value at the previous moment'"'”, then the improved

Huber function discriminant 1s

Tk:Mf:(Yk* }}k71>T<PWv—1>7l<Yk7 }}kfl)’(ll)

Mk=/<Yk— YH)'I-(PWI) (v.= Y. .). (2

Set the measurement noise that satisfies the Gaussian
distribution, and the error r, obeys the chi-square

distribution with n. as the range, so there is

p(ri>x,)=a, (13)
1, 7 <" X,
w, = % , T =1 X, (14)
£
0, T2 X,

where p(+) is the probability factor in different states,
and x, is set as two chi-square distribution quantiles as
x,, and x,. Among them, «, and a, are two chi-square
distributions. When r, exceeds x,, the abnormal error
interference is determined, and the weight is reassigned.
When r, = x,, is satisfied, the large error interference is
determined and its distribution capability is eliminated.

The method of readjusting the critical value is realized.
2.2 MP-Huber KF algorithm steps

Fig. 2 shows the overall process of Kalman filtering
based on Mahalanobis distance weighting function,
which is a continuous recursive process of “prediction-

correction” in the response time domain.

[ Data initialization |

: State prediction

| covariance prediction
| mahalanobis distance
! 2

| Judgmentt error

: correct error covariance  [MP-Huber!
|

|

|

|

|

|

calculate Kalman gain KF

v operations)
Status updates |

new covariance |
new error (‘,()Val‘iéﬂl(‘,ﬂ |

Fig.2 MP-Huber Kalman filter flow chart
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Fig.3 shows the error interference determination and

subsequent process details on the basis of Fig.2.

Discrimiant, arithmetic

|
I
[ 72 Xa, Koty SNy T K :
|| The weight Solve P-Huber Normal |
|| is going to weight function. execution. |
| be 0. Correction for Calculate
| Eliminate new error Kalman l
| update covariance gain |

Fig. 3 Detail flow chart
The detailed steps of the MP-Huber Kalman

algorithm process are as follows.
Step 1 MP-Huber KF prediction sets z,= E[L)]

and P, = E[(xo — JEO)(IO — fo>Ti| as initial states, and

Q and R as covariance matrices. Assume that the
temperature measurement value at the (£ — 1)th time
(the previous time) is a constant value, the covariance
P(kk— 1) is the deviation of the measured value, the
thermometer measures the Ath time, and the deviation
between the measured temperature and the actual
temperature is used to estimate the temperature at the
time. An estimate that is closest to the true value can be
obtained by processing the two sets of data. Realize the
temperature value at moment £ — 1 to predict the
temperature at the kth time by

Xk\k—lz(pXk—l’ (15)
Py =®P, @+ Q, (16)
ZAMk*l:HXAszfI_’_R’ (17)

where X,\,M,l and ZAW,,l are the one-step prediction of the
state vector and measurement value at time k; Py, is
the prediction covariance; Q, is the process noise; @ and
H are the change matrix and state transition matrix on
both sides.

Step 2 MP-Huber KF determines whether it is an
abnormal error, Egs. (11) — (14) can be executed through
the Mahalanobis When r,<<x,, the

measurement is considered unaffected by outliers, which is

distance.

a normal error. When r,=x, , it is considered that the
measurement has abnormal error due to the influence of
outliers. It is considered that outliers seriously affect the
measurement accuracy.

Step 3 MP-Huber KF performs different processing
according to conditions to generate new states, new
filter gains, and new covariances. When it is a normal
error, Kalman filtering is performed according to the
prior weight, i.e., Egs. (3) to (9) are performed. If it is
judged to be an abnormal error, its weight should be
reduced to reduce the influence of outliers. That is,

Egs. (3) and (7) are first performed, and then Egs. (18)
to (23) are performed to obtain the weights by the P-
Huber function.

Discriminate errors, and get new state updates, filter
gain, and covariance updates.

X(r+1r+1)=X(k+1

E)+K(k+1)e(k+1),

(18)
K(k+1)=P(k+1|6)HHP(k+1|k)H +R]

(19)

P<k+ 1|k>:zw1<‘fﬂk71k\k> X (i"k‘k*.rku)T,QO)
P(R+1k+1)=[1—K(K+1)H |P(r+1]F).

(21

When it is judged to be a large error, reducing its
weight to zero can effectively eliminate the influence of
large abnormal error on filtering. It is important to note

that when w,= 0, Py, ,— oo, there are
X/eu):)(:m—n (22)
Py="Py . (23)

3 Multi-information fusion target

estimation

Under the premise that each sensor system can
independently perform filtering and tracking, each
observation station uses the multi-target tracking system
to obtain the telemetry data and real-time operating
status of local targets through the observed data, and

¥ After a series of

sends them to the fusion center!
measures such as spatial alignment and time calibration,
the fusion center will conduct track correlation and select
an appropriate fusion method to obtain the state fusion
estimate of the required target®*".

It can make the data consistent to a great extent by
using the improved Kalman filter algorithm. At the same
time, more temperature sensors than the original are
placed in four important positions, and the fusion value
obtained by averaging the four estimated values is input
into the temperature control center, so that the car can
continue to maintain a suitable temperature. Even if one
of the temperature sensors fails, the remaining three can
continue to obtain processed fusion values. Therefore,
four important positions in the car, such as the front
driver and the co-pilot, and the left and right sides of the
rear row, are selected as the best places to place the
temperature sensors. Fig.4 shows the schematic diagram
of the fusion system.

Target tracking information fusion methods™' are
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divided into four categories: estimation theory-based

fusion methods, statistical theory-based fusion

methods, information theory-based fusion methods and

artificial intelligence-based fusion methods.
7 A
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Fig. 4 Diagram of multi-temperature sensor data fusion system
in car

Commonly used weighted arithmetic mean fusion
methods are discussed. Because each observation station
is independent of each other in the measurement
process, and the local state estimation error of each
observation station is assumed to be independent, so the
MP-Huber Kalman filter is used in each observation
station.

Step 1 Fusion station estimates each target state
through the fused Kalman filter algorithm from the
observation information, and records the value of each

state as 24V, 22,

~(n)
ey Xy
Step 2 The fusion method is used to calculate the

weight factor in the fusion process.
, 1
w==,(i=1,2,-,n). (24)
n

Step 3 The state estimates of each observatory at each
moment are weighted average based on w!” to obtain the
fusion estimates corresponding to the target positions.

2= > w2, (25)
i=1

Step 4 The whole process sets #=k-+1 and performs
the next moment of computational tracking through the
continuous operation of steps 1 to 3.

4 Results and discussion

4.1 Normal and abnormal interference

The system model state equations are shown in Egs. (1)
and (2). Assume that the measurement period T'is 1 min,
the temperature target is observed 500 times, the
measurement noise variance is the thermometer variance
R=5X1077, and the temperature state X (£) inside the car
is a one-dimensional variable data set that meets the normal
distribution at the specified mean and variance. Initially, the
measured and real temperature in the car are 25 °C. The
model coefficients are constant A=1, I'=1. The process

noise is W (%), and its variance is Q, which refers to
external factors such as the degree of external weather
changes, the intensity of sunlight, and the smooth air
circulation. Setting the abnormal situation depends on the
size of Q. The Kalman estimation error is defined as Ey,

and MP-Huber Kalman estimation error is defined as Eyx.

EK: Ig.'ji lv/e,j

: (26)

L Ty

Evuk=

: (27)

where 3y,, 1s the measured temperature of the jth
simulation at time k; 7, ; is the real temperature of the jth
simulation at time £4; and J?M 1s the estimation
temperature of the jth Kalman filter simulation at time 4;
;m is the estimated temperature of the jth improved
Kalman filter simulation at time 4. Then we take the
average value of the two as EK and EMK. Finally,
different interference error values are set, and the
average of 500 groups of estimated errors is calculated.
Q=0.15 is regarded as normal error interference, Q=
1.5 is regarded as abnormal error interference, and the
Kalman algorithm is compared with MP-Huber Kalman

algorithm.
E 2| =2 (28)
‘ 500 ’
e 2 T ] (29)
" 500
Normal error interference is shown as Figs.5 and 6.
30
............ Rﬁil
29+ = B Kallman prediction
——M-Huber kalman prediction|
28+
27+
o
E 26
£25
o
(=9
£24
5}
=
23
29
21f o
20 . . ! T
0 100 200 300 400 500
Time/min
Fig. 5 Performance comparison of normal interference
algorithms

As shown in Fig.5, under normal error interference,
both algorithms with observation time of 500 min can
track the actual temperature well. Among them, MP-
Huber KF gives different reasonable weights according
to the interval division, which makes the anti-outlier

performance better. The results show that the straight
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line is smoother when the requirements of accurate
tracking are met.

Fig.6 shows the error analysis and comparison of the
two algorithms under normal conditions. It can be seen
intuitively that the maximum value of the discriminant
error of the traditional algorithm swings up and down the
value of 1, and the average absolute error of the MP-
Huber KF algorithm is 0.172, which can be used as an
optimal estimation algorithm.

1.5 T . . T

= Kalman prediction error

~——M-Huber kalman predicttion error

1.0+

Error

0.5

0 100 200 300 400 500

Time/min

Fig. 6 Error comparison of normal interference algorithms

Abnormal error interference is shown as Figs. 7 and 8.
As shown in Fig. 7, in the case of abnormal
perturbations, there are significant fluctuations in the
observed real data. The fluctuation is 15 °C in 200 min.
However, the estimates obtained under normal
conditions are biased from the simulation results.
Therefore, temperature target tracking still belongs to
the high precision level. Among them, M Huber Kalman
algorithm still maintains the characteristics of good
outlier performance, the red real data is closer, and the

linear fluctuation is small and smooth.

32
"""""" Real

= = =Kalman prediction
——M-Huber kalman prediction|

30 1
26
2404

22r

Temperature/C

14}

100 150 200 250 300 350 400 450 500

Time/min

0 50

Fig. 7

algorithms

Performance comparison of abnormal interference

As shown in Fig.8, comparing the distance errors of
the two algorithms, the maximum absolute error
obtained by the Kalman algorithm is below the value of

2, and the average absolute error of the optimized

algorithm is 0.342. In the performance detail graph, we
can see that the data jitter is greater in the interval of 30
to 80 minutes and 310 to 370 min. It can be seen
intuitively that compared with Kalman, the MP-Huber
KF algorithm has a great improvement. Under the higher

premise, the system robustness is also better.
1:5 : . T .

Kalman prediction error
~=M-Huber kalman predicttion error

|

Error

0 100 200 300 400 500

Time/min
Fig. 8 Error comparison of abnormal interference algorithms
The interference errors are taken as 0.1, 0.3, 0.5,
0.7, 1, and 1.5, respectively. The average estimation
errors EK and EMK of the Kalman algorithm and the M-
Huber Kalman algorithm are compared in Table 1.

Table 1 Estimation errors of each algorithm

Annoyance _ _
Ex Eyik
value
0.1 0.239 0.172
0.3 0.327 0.251
0.5 0.381 0.303
0.7 0.413 0.317
1.0 0.441 0.339
1.5 0.458 0.342

Because the confidence level of Chi-square
distribution is used as the judgment threshold, and the
Malanobis distance function is used to construct the
abnormal error to judge the value, the improved
algorithm improves the accuracy of the error judgment,
and thus improves the robustness of the system. Based
on 500 sampling points, the distinction between small
error and large error disturbance is refined. When the
error disturbance increases exponentially, the accuracy
of both algorithms decreases, and the value of E \x is
always below E,. When disturbed by 3 times the
interference error, the accuracy is 23.2% better than the
traditional algorithm. In the case of large error
interference (10 times interference), the accuracy is

only reduced by 9.3%.
4.2 Multi-information fusion processing

Set the fusion process as a normal error perturbation

state, simulate the four-way temperature data that has
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completed MP-Huber Kalman filtering, define the
vehicle temperature state as X, (&), X,(k), X;(k),
X, (k) , and then explore the overall performance of the
smoothing process of arithmetic average fusion and
weighted arithmetic average fusion to estimate the data,
and the whole fusion process lasts 100 min.

The weighted arithmetic mean fusion design enhances
the accuracy of the four-way predicted temperature. The
system with different information weights is defined by
itself. According to the prior knowledge, the predicted
value of the front seat temperature is more important.
The weight value C,of the predicted data filtered by the
front seat processor is set as 0.4, and the value C,
obtained by the rear seat processor is set as 0.1.

Fig. 9 shows the arithmetic mean fusion smoothing
simulation result. Fig.10 shows the weighted arithmetic
mean fusion smoothing simulation result.

27.0
Real temperature
265 e Date 1
=== Date2
————— Date 3
26.0F Date 4
H —— Fusion value

Temperature/ C
NN
g 0
>

)
&
n

)

&

=)
T

23:5F

s 100 200 300 400 500

Time/min

Fig. 9 Simulation of multi-data equal weight fusion processing

The black curve is the final value of the equal-weight
fusion process, and its fluctuation is small and smooth
compared to the curves of other colors in the Fig. 10.
When one of the sensors has a problem, even if the data
cannot be collected and uploaded in time, the entire
fusion process can still be completed by the other three
data processors, and the estimated value obtained by the
entire system will not be affected. Due to the local
temperature difference in the car body, the most real and
accurate data needs to be extracted. Multi-station data
fusion can replace the single filter estimation to improve
the accuracy of temperature tracking.

As shown in Fig. 10, the fusion value is still smooth.
Due to the increased proportion, the black curve is closer
to the predicted temperature value of the front seat
processor (data 1, data 3). Based on the fusion of 4
groups of data in Fig. 10, in the system for different
weighted  information

processing, the weighted

arithmetic average fusion can satisfy the fusion of

temperature prediction data in the vehicle with high

accuracy.
27.0
= Real temperature
L e Date 1
26.5 === Date 2
=-=-=-Date 3
26.0 ——Date 4
Fusion value
5.5
g 2
=
2 250
<
g
£ 245
<
2
240
235
23.0 1 1 1 1
0 100 200 300 400 500
Time/min
Fig. 10 Weighted arithmetic average fusion processing
simulation

The mean value of data 1 of 100 forecast estimates is
defined as Ap,, and the others are defined as Ap,, Aps,
and Ap;. The mean value of 100 groups of arithmetic
average fusion data is defined as Ay, and the mean value
of 100 groups of weighted arithmetic average fusion data
is defined as Ay,. The data pair is shown in Fig.11.

ADI ADZ AD} AD4
24935 | | 25217 25.085 | | 25.143
I | | I
I [

AI-'I Al 2
25.095 25.044

Fig. 11 Data average comparison

The result shows that Ap.1s closer to Ay, and Ap;, and
its values are similar to those detected by sensors of high
importance, achieving the expected results and making
the fusion values more accurate.

5 Conclusions

In the process of predicting the temperature state in
the vehicle, it is not possible to track the actual
temperature accurately when there are abnormal error
disturbances. And the single-station processor cannot
better estimate the actual temperature of the whole
vehicle body. An improved M-Huber Kalman filtering
algorithm was proposed based on the classical Kalman
filtering. And the sampled data in four places in the
vehicle were filtered and then equal-weighted fusion was
processed. The system improved the accuracy of the
algorithm by improving the method of wild value
determination, and also improved the estimation of the
overall temperature inside the vehicle by multi-station
fusion processing of the data.
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1) The improved MP-Huber Kalman algorithm was

optimized by constructing the abnormal error
determination value by Mahalanobis distance function
based on the confidence level of the cardinality
distribution. For the appearance of abnormal errors, the
wild value interval was accurately judged and given the
corresponding weight ration, thus improving the
tracking accuracy of the algorithm as well as the stability
of the estimated values.

2) The multi-station fusion system could fuse the
estimated values of four directions after processing with
weighted arithmetic average. The system has better fault
tolerance and robustness because it can track the real
temperature in the vehicle in a targeted manner and
prevent the data variation due to the damage of individual

devices.
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