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Abstract—in this paper, an im-
proved probabilistic neural network,
algorithm is designed for the prob-
lems such as failure to respond
quick[y to interference, resulted long
waiting time and the extension of
idle time of the machine existing in
the dynamic dispatch of flexible
Jjob-shop under the situation of ar-
rival of new workpiece. The algo-
rithm uses the main component
analysis method to reduce the di-
mension of high-dimensional feature
data; uses the improved sparrow al-
gorithm to optimize the smoothing
factor, and completes the training
and prediction of the model based on
the simulation sample. Improved
model can reduce the effect of noise
and data redundancy in the sample,
and improve the self-adaptiveness
and certain immunity to distur-
bance. The experimental results
show that the algorithm has signifi-
cantly improved the classification
ability of job-shop scheduling under
the interference of the arrival of
new workpieces.
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l.Introduction (Heading 1)

Flexible Job-shop Sched-
uling Problem (FJSP) is
widely used by enterprises
because of its production
flexibility, the sufficient utili-
zation of resources and other
characteristics that can ef-
fectively reduce production
costs, bring high added
value and competitiveness,

and has also attracted the

attention of scholars[1].

Zuo Le [2]uses the
re-scheduling mixed drive
mechanism based on shift
coefficient to dig deep into
the nature of multi-target
dynamic scheduling, inte-
grates the cost of handling
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and delay penalty into the opti-
mization target, and efficiently
selects an excellent reschedul-
ing scheme. Adopting [3]algo-
rithm and comparison between
order cancellation and postpone
insertion of order improved by
NEH and exchange strategy, Pei
Xiaobing[3] et al solve the prob-
lem of emergency order inser-
tion under certain conditions.
Zambrano et al [4] delivery delay
in this complex situation, taking
into account both machine fail-
ure and the immediate arrival of
new workpieces. Li [5] et al have
established a feasible mathe-
matical model based on re-
scheduling strategy, and solved
the FJSSP model under this case
by a hybrid artificial bee colony
algorithm (HABC) in conjunction
with taboo search (TS).

The Probabilistic Neural Net-
work algorithm (abbreviated as
PNN) is known for its simple
structure, few parameters and
high stability, but the choice of
unreasonable parameters can
also have a significant impact on
the performance of the algo-
rithm. Porwik et al [7] also use
PSO algorithm to solve optimal
smoothing factors, and compari-
son with PNN and BP network
shows that the stability of the
improved PSO-PNN algorithm
has been improved significantly.
Liu et al [12] proposed a
self-adaptive strategy to im-
prove the smooth parameters of
probabilistic neural network, and
the simulation results show that
prevements are supe
to traditional PNN network, but
their efficiency decreases with
the increase of self-adaptive
range.

Scholars at home and abroad
have carried out research of
flexible workshop scheduling
problem regarding arrival of

new workpiece from different
angles and obtained certain re-
search results, but most of the
current research results are
based on a specific interference
situation, there are few research
for uncertainty of perturbation
degree of the perturbation fac-
tors, it is impossible to respond
quickly to interference, resulting
in the machine waiting time, idle
time extension, and waste of re-
sources. In this paper, we study
the rescheduling model in depth,
combine the three dynamic
scheduling performance indica-
tors, comprehensively consider
the efficiency and stability of
scheduling, combine the actual
job-shop data, get a large
volume of labeled data through
simulation, and provide a new
method for flexible job-shop to
respond quickly to interference
caused by arrival of new work-
piece through PNN learning.

I1.Flexible job-shop dynamic schedul-

ing method under condition of arrival

of new workpiece on the basis of im-

proved probabilistic neural network
algorithm

A.Improved PNN accuracy

Enter feature dimension reduc-
tion. Unprocessed training sam-
ples will contain related noise
interference, failure to perform
standardized processing will
have a great impact on the clas-
sification accuracy of probabilis-
tic neural network[9], and the
high-dimensional sample vector
will make the probabilistic
neural network structure com-
plex, reduce the computational
speed of the probabilistic neural
network, and greatly increase
the difficulty of hardware realiza-
tion. This is because when train-
ing the probabilistic neural net-
work, the probabilistic neural
network sets the training sample
as hidden layer neuron, and a
large number of hidden layer
neurons form the vector of the
hidden center of the probabilis-
tic neural network, and the train-
ing sample directly affects the
structure and operation of the
probabilistic neural network.
Similar to training samples, un-
processed test samples also
contain noise interference and
high dimensional problems.
Training and test sample vectors
can also contain a lot of redun-
dant information. These subjec-
tive unprocessed training and
test samples need processing
optimization to further improve
the computational speed and ac-
curacy of the probabilistic neural
network.

Optimize smoothing factor
values. The traditional smooth-
ing factor setting process is sub-
ject to artificial subjective inter-
vention, and in most cases, se-
lecting a specific number of

smoothing factor values accord-
ing to experience can only be
approximately reflected in the
change of probabilistic neural
network classification accuracy
under different smoothing fac-
tors, and cannot fully reflect the
overall change trend of probabi-
listic neural network classifica-
tion accuracy when the smooth-
ing factor changes. Selecting
different smoothing factors will
directly affect the probabilistic
neural network classification ac-
curacy regarding the same train-
ing sample and the test sample
under the same target vec-
tor[12], and the smoothing factor
can be selected by adopting op-
timization algorithm.

B.Data processing and dimension
reduction analysis for optimization
of PNN

Perform high-dimensional fea-
ture data dimension reduction
using Principal Component
Analysis (PCA). The PCA selects
K-unit orthogonal base to map a
set of N-dimensional vectors to
this set of bases, reducing K-di-
mensional vectors (N>>K), in
which it is necessary to ensure
that the covariance between the
variables is 0, and the variance
between variables is as large as
possible. The model is as fol-
lows: assume that the jth indica-
tor of the ith sample in the mth
sample set and in the nth evalu-
ation indicators takes value of
xij, and construct the original
evaluation indicator data matrix:
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In which, the original variables:
x1,x2,...,xn, dimension-reduced
composite indicator (main com-
ponent): y1,y2,..,yn, n indicator
vectors of Xm*n are linearly
combined, the formula is as fol-
lows:
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Formula (2) and (3) should meet:

(1) The quadratic sum of the co-
efficients of each equation is
equal to 1, as shown in formula
(4);

(2) Any two main components
obtained are independent of
each other and not related to
each other;

(3) yi is the one with the maxi-
mum variance in all linear com-
binations of x1,x2,...,xn, and yn is
the one with the maximum vari-
ance in all linear combinations
of x1,x2,...,xn not related to y1, y2,
e+, yn-1
Py o+ +-
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Here are the steps to solve the
main component:

Step 1: standardize the raw data.
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In which, and sj are the mean
and standard deviation of the jth
indicator, respectively.

Step 2: calculate the Pearson
correlation coefficient matrix be-
tween indicators, i.e.

R=(tg)pn (kI=12, .n)

In which rkl is the correlation
coefficient between the kth indi-
cator and the Ith indicator, and
rkl=rlk (i.e. symmetric matrix),
the calculation formula is:

=3 -5)/
Step 3: calculate the character-
istic value and characteristic
vector of the relevant matrix R.
The characteristic value is re-
corded as A1, A2, ..., An and sat-
isfies Ai >= 0 (i=1X¥2K...Xn), and
the unitized characteristic vector
corresponding to the character-
istic value is recorded as
plp2,..., pn.
Step 4: determine the number of
main components. Calculate the
cumulative contribution rate of
the main component, generally
take first kth main components
of which the characteristic value
is grealer than 1 and the cumula-
tive contribution rate reaches
85%~95%.
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In which, vs is the variance con-
tribution rate of the sth main
component.
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In which, vsumk is the cumula-
tive contribution rate of the first
kth main component.

Step 5: calculate the corre-
sponding score for extracting
the main components. The main
component coefficient matrix is :
U-(p1,p2,..,pn), and if the first
kth main components are ex-
tracted from the original indica-
tor, then:

o= Xp =l e =1208) a2y

In this paper, the PCA method is
used to extract key predictive
parameter variables. In the case
of a large data set (5000), the
matlab software provides the
contribution rate and accumula-
tive contribution rate as shown
in Figure 1 beiow, contribution
rate reflects the weighting infor-
mation of the main components,
and accumulative contribution
rate determines the parameter
variables that need to be ex-
tracted. From the figure, we can
know that the cumulative contri-
bution rate of the first three

main components reaches 90%,
this is sufficient to support the
calculation. The two-dimension-
al figure after dimension reduc-
tion is Figure 2:
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Fig. 1 Principal component con-
tribution rate
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C.Predictive analysis based on
the rescheduling method of
PCA-tSSA-PNN model

Sparrow search algorithm can
be updated in two ways approxi-
mately: approach to the current
optimal position and approach
to the origin. A large number of
simulation experiments regard-
ing the data of this paper show
that, when solving as per opti-
mal rescheduling method, each
convergence directly jumps to
the adjacency of current optimal
solution, it is easy to lose the
global optimal method solution.
In order to improve the global
search ability and prevent being
trapped in local optimal solution,
this paper uses adaptive t distri-
bution strategy to improve spar-
row search algorithm.

The specific algorithm flow of
this paper for improving algo-
rithm PCA-tSSA-PNN is as fol-
lows:

Step 1: initialize population pa-
rameter, gen, initialize predator
and intrant proportion.

Step 2: initialize the sparrow
population as an alternative
smoothing factor, build PNN
network, calculate the number of
correct classifications and accu-
racy, calculate the initial fitness
value, and sort.

Step 3: sparrow algorithm up-
dates the predator position.

Step 4: sparrow algorithm up-
dates the intrant location.

Step 5: sparrow algorithm up-
dates the alerter position.

Step 6: calculate the fitness
value and update the sparrow
position.

Step7: if rand < p, perform

self-adaptive t distribution varia-
tion.

Step 8: calculate the current fit-
ness value and update the spar-
row position.

Step 9: whether the maximum
number of iterations is reached
or the error condition is met, exit
and output the results if yes,
otherwise repeat steps 2-8.

Step 10: the individual with the
best output fitness value is taken
into PNN network as a result of
the smoothing factor to obtain
the final identification model.

After running PCA-tSSA-PNN
and PCA-SSA-PNN algorithms
respectively for 10 times, the
comparison between classifica-
tion accuracy and running time
is shown in Figures 3~4 below:
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Fig. 3 Accuracy comparison
chart
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Fig. 4 Time comparison chart

To sum up, the following conclu-
sions can be obtained from the
analysis of the results in the
figure:

The accuracy of the model is
further improved by optimizing
PNN network parameters using
tSSA algorithm. This is because
tSSA seeks optimal, avoiding the
randomness of smoothing fac-
tors when they rely on empirical
values, resulting in better recog-
nition rate.

PCA-tSSA-PNN-based resched-
uling decision-making model is
better than PCA-SSA-PNN in
terms of running speed and clas-
sification accuracy, so the
method proposed in this paper is
valid for the rescheduling prob-
lem in this paper.
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