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  HIGHLIGHTS
● A BO-CNN-MHA-based fault diagnosis model is
developed for puffing machines.

● Multi-source signals are effectively fused for
fault feature analysis.

● The model achieves 98.8% accuracy and meets
real-machine diagnosis requirements.
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  GRAPHICAL ABSTRACT
 

  ABSTRACT
Due  to  its  high-temperature  and  high-pressure  operating  environment,
food/feed  puffing  machines  are  prone  to  faults  such  as  cavity  blockage  and
cutter  wear.  This  paper  presents  the  design  of  a  fault  diagnosis  system  for
puffing  machines  (food/feed  processing  equipment  that  expands  or  puffs
agricultural  products),  based  on  a  convolutional  neural  network  and  a  multi-
head attention mechanism model,  which incorporates  Bayesian optimization.
The system combines multi-source information fusion, capturing patterns and
characteristics  associated  with  fault  states  by  monitoring  various  sources  of
information,  such  as  temperature,  noise  signals,  main  motor  current  and
vibration  signals  from  key  components.  Hyperparameters  are  optimized
through  Bayesian  optimization  to  obtain  the  optimal  parameter  model.  The
integration  of  convolutional  neural  networks  and  multi-head  attention
mechanisms  enables  the  simultaneous  capture  of  both  local  and  global
information,  thereby  enhancing  data  comprehension.  Experimental  results
demonstrate  that  the  system  successfully  diagnoses  puffing  machine  faults,
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achieving  an  average  recognition  accuracy  of  98.8%  across  various  operating
conditions, highlighting its high accuracy, generalization ability and robustness.
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1    Introduction
 
The feed industry is  the material  basis  for  the development of
modern  animal  husbandry  and  farming.  Extrusion  puffing
technology, with its unmatched advantages in feed processing,
has  rapidly  become  one  of  the  leading  new  feed  processing
technologies, both domestically and internationally. Currently,
the  intelligence  level  of  puffing  machinery  on  the  market  is
relatively  low.  In  the  event  of  a  failure,  particularly  a  severe
blockage,  manual  dismantling  and  cleaning  of  the  expansion
cavity  are  required.  This  process  poses  significant  safety  risks
due to the high temperature of the expansion cavity, which can
cause  operator  injuries.  Therefore,  there  is  an  urgent  need  to
develop  a  highly  intelligent,  stable  and  reliable  fault  diagnosis
system for expansion machines to minimize the risk of manual
troubleshooting.

Standard machinery fault  diagnosis methods are mainly based
on basic signal processing techniques, which often suffer from
low accuracy due to harsh operating conditions. The signals are
typically non-smooth, nonlinear and contain noise[1,2].

To  enhance  signal  interpretability  under  such  challenging
conditions,  advanced  methods  such  as  swarm  decomposition
combined with permutation entropy and the opposition-based
slime mold algorithm have been used for accurate bearing fault
identification[3].  In  addition,  to  address  the  limitations  of
standard  linear  analysis,  recent  research  has  focused  on
leveraging  nonlinear  mechanisms,  such  as  stochastic
resonance,  to  enhance  weak  fault  features  in  noisy
environments[4].  For  example,  Qiao et  al.[5] proposed a  noise-
boosted  fault  diagnosis  method  for  machinery  in  which
increasing  the  potential-well  width  enhances  weak  signal
detection,  highlighting  its  effectiveness  in  both  overdamped
and underdamped fractional-order systems.

With  the  rise  of  artificial  intelligence,  machine  learning  has
become  a  research  focus  in  the  field  of  fault  diagnosis.
Researchers combine machine learning with signal processing,
using  various  feature  extraction  methods  to  analyze
monitoring signals using neural networks and other techniques
to  construct  diagnosis  models[6,7].  However,  early  machine
learning  methods  face  challenges  in  feature  extraction  and
model  parameterization,  and  perform  poorly  when  dealing

with large amounts of data[8,9]. In this context, recent research
has  introduced  advanced  machine  learning  techniques.
Vashishtha  &  Kumar[10] introduced  a  gray  wolf  optimization
algorithm  with  mutation  strategy  for  Pelton  wheel  fault
diagnosis,  achieving  100%  fault  prediction  accuracy  by
optimizing feature selection and model parameters.

In  recent  years,  with  the  development  of  computers,  sensors
and  communication  technologies,  the  volume  of  monitoring
data has been increasing, pushing fault diagnosis into the era of
big data.  The advantage of  deep learning in constructing end-
to-end  diagnosis  models  by  automatically  learning  features
makes it  widely used in the field of machinery fault  diagnosis.
Among  deep  learning  models,  convolutional  neural  networks
(CNNs)  are  the  most  commonly  applied  models  due  to  their
ability to effectively extract spatial and temporal features from
data[11].  Wang  et  al.[12] proposed  a  multiscale  learning  neural
network  containing  one-dimensional  and  two-dimensional
convolutional  channels  to  learn  the  local  correlation  between
neighboring and non-neighboring intervals  in periodic signals
for  fault  diagnosis  of  bearings.  Xiao  et  al.[13] introduced  fast
machine  fault  diagnosis  based  on  a  marginalized  denoising
autoencoder  for  acoustic  signals,  using  a  variant  of  stacked
denoising  autoencoder  to  achieve  rapid  fault  diagnosis  of
acoustic  signals.  Jang  et  al.[14] proposed  cross-domain  fault
diagnosis  of  rotating  machinery  based  on  a  discriminative
feature  attention  network.  This  mechanism  use  spatial
attention to extract focused information from both the feature
generator  and  the  discriminator,  further  enhancing  task-
specific features through the attention mechanism between the
two  extracted  information  types.  Feng  et  al.[15] proposed  the
application  of  a  residual  multi-head  self-attention  network
based  on  multimodal  shallow  feature  fusion  in  electric  motor
fault diagnosis, where the fused features are introduced into the
residual  multi-head  self-attention  network  to  obtain  more
detailed information.

However,  many fault  samples  suffer  from issues  such as  small
sample sizes and lack of fault labels, which pose challenges for
deep  learning  methods.  To  address  the  issue  of  small  fault
sample  sizes,  Yue  et  al.[16] used  a  wavelet  convolution  model
and a meta-learning training scheme to achieve diagnosis with
limited samples across domains. Yu et al.[17] used a digital twin
model to predict fault data from health data and used CNN to
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achieve  fault  diagnosis  with  zero  fault  samples.  For  scenarios
lacking  fault  labels,  Qian  et  al.[18] developed  a  deep
discriminative  transfer  learning  network  to  achieve  fault
diagnosis using unlabeled samples from the target domain.

Despite  the  potential  of  combining  deep  learning  with  the
operational  characteristics  of  puffing  machines,  research  and
application  of  intelligent  puffing  machine  fault  diagnosis
systems  remain  limited.  Chu  &  Zhou[19] presented  a  fuzzy
neural network-based fault diagnosis method for a single-screw
extrusion puffing machine. This method includes an analysis of
common  faults,  the  application  principle  of  fuzzy  neural
networks and experimental results,  highlighting its advantages
in improving fault diagnosis accuracy. IDAH Company, a feed
machinery  company  in  Taiwan,  China,  has  developed  a
continuous  lubrication  system  for  extruders.  This  system  not
only  minimizes  downtime  due  to  gearbox  and  bearing  box
failures  but  also  enhances  safety  by  directly  connecting  the
continuous lubrication system to the main power supply. Swiss
food  and  feed  machinery  company,  Bühler,  has  developed
error and downtime analysis, a digital tool that rapidly analyses
production equipment performance. It examines the types and
locations  of  machine  failures,  generates  trend  analyses
illustrating common errors and assesses their overall impact on
downtime.

Although  earlier  studies  on  fault  diagnosis  in  puffing
machinery have been effective, they often lack quantification of
the  impact  of  each  feature  on  faults,  relying  heavily  on
experiential knowledge and limited data samples, and are based
solely  on  simulation  analysis[19].  Additionally,  there  is  a
challenge  in  sensor  availability  compared  to  other  machinery
fault  diagnosis  contexts[20,21].  To  address  these  issues,  this
study  integrated  multiple  types  of  sensors  relevant  to  puffing
machine faults, including temperature, humidity, noise, weight,
current  and  feed  speed,  alongside  vibration  sensors,  to
comprehensively gather fault-related information from puffing
machine.  The  study  explored  the  most  common  types  and
levels  of  failures  in  puffing  machines  to  design  appropriate
maintenance  strategies.  Also,  correlation  and  importance
analyses  were  conducted  on  these  features  to  ensure  the
rationality  of  feature  selection,  and  to  identify  key  feature
factors and optimal combinations influencing various types of
faults.  The  integration  of  convolutional  neural  networks  and
multi-attention  mechanisms  facilitated  the  capture  of  both
local  and  global  information,  thereby  enhancing  data
comprehension  and  yielding  high  classification  accuracy  and
robust  generalization  through  the  optimal  parameter
combination  derived  from  Bayesian  optimization.  Bayesian-
optimized  CNN  ensures  efficient  hyperparameter  selection,

accelerating  convergence  and  improving  model
generalizability, while MHA enhanced the ability of the model
to focus on critical features across multi-source data. The fused
model  analyses  and  trained  the  collected  multi-source
information  and  was  validated  on  real-world  machinery  to
demonstrate  the  efficacy  of  the  method  in  puffing  machine
fault diagnosis.
 

2    Material and methods
  

2.1    Sensor selection and layout
Given  the  high-temperature  and  high-pressure  conditions  of
puffing  machine  operation  and  its  sensitivity  to  temperature,
specific sensors are selected for monitoring various parameters.
Temperature sensors were used to monitor temperature data in
different  compartments,  waterproof  feed  temperature  and
humidity sensor measures the temperature and humidity of the
feed  material,  and  ambient  temperature  and  humidity  sensor
captures  ambient  air  temperature  and  humidity.  Vibration  of
the  puffing  machine  was  monitored  using  an  acceleration
sensor  and  phase  current  of  the  main  motor  was  measured
with a Hall current sensor. Abnormal noise was detected using
a  noise  sensor  and  a  weighing  sensor  assesses  feed  product
weights  to  judge  production  efficiency.  Installation  details  of
these  components  and  measuring  instruments  in  the  puffing
machine  are  given  in Fig. 1. Table 1 provides  details  of  the
components and measuring instruments used.
 

2.2    BO-CNN-MHA fault diagnosis model
To enhance the accuracy of operational fault  diagnosis for the
puffing machine, a new model was developed that comprises a
BO-CNN-MHA framework, combining Bayesian optimization
(BO)  with  a  CNN  and  a  multi-head  attention  mechanism
(MHA).  This  model  extracts  multi-source  feature  signals  that
reflect  the  operational  state  of  the  puffing  machine
components, serving as the foundation for fault assessment.
 

2.2.1    Bayesian optimization
Bayesian  optimization  is  a  robust  global  optimization  strategy
particularly  suited for  evaluating costly  objective  functions.  In
contrast  to  standard  optimization  methods  that  rely  on
gradient  information  or  heuristic  techniques,  Bayesian
optimization uses a probabilistic model to guide the search for
the  optimal  solution.  This  approach  is  especially  effective  for
black-box  functions,  where  the  form  is  unknown  and  the
evaluation process can be time-consuming.
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The  key  components  of  Bayesian  optimization  include  a
surrogate model,  which is  typically  a  Gaussian process and an
acquisition  function.  The  surrogate  model  approximates  the
objective  function  based  on  prior  evaluations,  enabling  the
optimizer to make informed decisions when selecting the next
sampling  point.  The  acquisition  function,  such  as  expected
improvement or upper confidence bound, determines the next
evaluation  point  by  balancing  sampling  in  regions  of  high
uncertainty  with  sampling  in  areas  expected  to  yield  high
function values[22] (Fig. 2).

In Bayesian optimization, the parameter space of the black-box
function was defined, and a surrogate model was created using

a  prior  distribution.  After  each  evaluation  of  the  objective
function, the model was updated with new data to improve its
predictive  accuracy.  The  acquisition  function,  which  balances
the  predicted  value  and  uncertainty,  then  directed  the  search
toward  areas  of  the  parameter  space  with  potential  for  better
results.  This  cycle  of  inputting  parameter  combinations  into
the  black-box  function,  updating  the  model,  calculating
acquisition function values, and selecting the next combination
continued until stopping criteria were met.

The mathematical formulation of Bayesian optimization was:
 

µ (x∗) = k (x∗,X) ·K(X,X)−1 · y (1)
 

 

 
Fig. 1    Diagram of  the  installation  of  components  and  measuring  instruments  used  in  puffing  machine.  1,  Feed  temperature  and  humidity
sensor;  2,  ambient  temperature  and  humidity  sensor;  3,  vibration  sensor;  4,  temperature  sensor;  5,  weighing  sensor;  6,  Raspberry  Pi  data
processor; 7, current sensor; and 8, noise sensor.

 

 

Table 1    Details of components and measurement instrumentations used in this study

Sensor Model Operating voltage Output Measurement range

Temperature sensor PT100 DC24V Analog –50 to 200 °C

Feed temperature and humidity sensor SHT20 DC2.1-3.6V Digital –40 to 125 °C,
0%–100%

Ambient temperature and humidity sensor SLS132R-25 DC9-30V Analog –20 to 80 °C,
0–100%

Vibration sensor PR-3001-WZ1-V10-CX DC24V Analog 0–50 mm·s–1

Current sensor MIK-HRI DC24V Analog 0–50 A

Noise sensor PR-300BK-ZS-N01 DC10-30V Analog 30–120 dB

Weighing sensor JLBU-1 DC24V Analog 0–50 kg

Raspberry Pi Raspberry Pi 4B DC5V / /
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σ2 (x∗) = k (x∗, x∗)− k (x∗,X) ·K(X,X)−1 · k (X, x∗) (2)
 

y∗ = argmax
x

E
[

f (x)
]

(3)
 

xnext = argmax
x
α (x) (4)

where, μ(x*) is the predicted mean at the input point x*, σ2(x*)
is  the corresponding variance, X is  set  of  known input  points,
K(X, X)  is  the covariance matrix of  the known points, y is  the
evaluation results of the objective function at the known points,
k(x*, X) is the covariance between the point to be predicted x*

and the known points X, y* is the optimal objective value, f(x)
is to the unknown objective function, E[f(x)] is the expectation
of the objective function f at a certain input point x, a(x) is the
acquisition  function,  and xnext is  the  next  input  point  to  be
evaluated.

The iterative  nature  of  Bayesian optimization enables  efficient

exploration of the input space and convergence to the optimal
solution,  highlighting  its  significant  value  in  hyperparameter
tuning within machine learning.
 

2.2.2    Convolutional neural network
CNN  is  a  type  of  deep  feedforward  neural  network
characterized by local connectivity and weight sharing. It excels
in representational learning, enabling effective local perception
and  feature  extraction  from  data.  CNNs  have  widespread
applications  in  computer  vision,  natural  language  processing
and  speech  recognition.  CNNs  typically  comprise  layers
including  input,  convolutional,  rectified  linear  unit  (ReLU),
pooling  and fully  connected layers  (similar  to  ordinary  neural
networks). Figure 3 shows the architecture of a CNN.

Specifically,  the  convolutional  layer  performs  convolution
operations on the input data using a filter, which slides over the

 

 
Fig. 2    Bayesian optimization flow chart.

 

 

 
Fig. 3    Diagram of convolutional neural network architecture.
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input,  multiplying  and  summing  elementwise  to  generate  the
feature  map.  The  pooling  layer  subsamples  the  feature  map,
with max pooling taking the maximum value within a window
and  average  pooling  taking  the  mean  value,  thus  reducing
dimensionality  to  improve  computational  speed  and
robustness.  The  fully  connected  layer  flattens  the  feature  map
and  connects  it  to  the  neural  network  for  model  learning.  In
the  convolutional  and fully  connected  layers,  parameters  such
as  weights  are  optimized  using  gradient  descent  or  other
algorithms to minimize the loss function. This ensures that the
predictions of the network on the training set closely match the
labels,  thereby  enhancing  classification  accuracy  and
generalization  for  the  training  data.  The  formulas  for  the
convolutional layer and ReLU, respectively, are:
 

h = f (x⊗W +b) (5)
 

ReLU (x) = max (0, x) (6)

⊗where,  is the convolution operation, x is the input data, W is
the weight of the convolution kernel, b is  the offset value, and
f(·) is the activation function.
 

2.2.3    Multi-head attention
To better capture the global information and improve the fault
diagnosis  accuracy  of  puffing  machine,  this  study  introduced
the  attention  mechanism  to  optimize  the  CNN  model[23].
Attention is  represented  as  the  combination of  query  (Q)  and
key-value  pairs  {Ki,Vi∣i =  1,2, …,m}  mapping  to  the  output,
where the query, each key, and each value are vectors, and the
output is the weighting of all values in V[24]. For the value q of
the  input  query,  the  key  dimensions  are dk,  the  value
dimension is dv, and the output attention matrix formula is:
 

MultiHead (Q,K,V) = softmax
(

QKT

√
dk

)

V (7)

Rm×dk Rm×dk

Rm×dv Rm×dv

where,  matrices Q, K and V are  the  query,  keys  and  values
matrices,  respectively,  where Q∈ , K∈  and
V∈ . The dimension of the output matrix is .

A  schematic  diagram  of  scaled  dot-product  attention  is  given
in Fig. 4.

Rm×dk Rm×dk

Rm×dv

To  enhance  the  representational  power  of  attention,  multiple
heads  of  attention  were  introduced  through  multiple  parallel
applications  of  scaled  dot-product  attention.  Each  attention
head is a separate instance of scaled dot-product attention with
different learning parameters.  Initially,  a  linear mapping of Q,
K and V is  performed.  The  matrices Q, K and V,  each  with
input dimensions of dmodel, are mapped to Q∈ , K∈ ,
and V∈ .  Subsequently,  the  results  computed  from h

instances of scaled dot-product attention are merged and then
subjected to linear transformation. The output formula is:
 

Attention (Q,K,V) = Concat (head1, . . . ,headh

)

WO (8)
 

headi =Attention
(

QW
Q

i
,KWK

i ,VWV
i

)

(9)

R(dmodel×dk) R(dmodel×dk) R(dmodel×dv)

R(h·dv×dmodel)

Rm×dv

Rm×(h·dv)

where WiQ∈ , WiK∈ , WiV∈  and
WO∈  are  the  input  and  output  dimensions  at  each
step, h is  the  number  of  attention  operations,  and dk =  dv =
dmodel/h is the dimension after linear transformation and before
the attention operation. The output matrix dimension after one
attention  operation  is  and  the  final  output  after h
operations  is .  The  dimensions  of  input  and  output
matrices are identical.

A schematic diagram of multi-head attention is given in Fig. 5.

Compared  to  single-head  attention,  multi-head  attention  can
acquire  and process  input  information  more  comprehensively

 

 
Fig. 4    Schematic of scaled dot-product attention.

 

 

 
Fig. 5    Schematic of multi-head attention mechanism.
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by  concurrently  processing  and  combining  different  attention
heads.  This  enhances  the  generalization  ability  and  learning
efficiency of the model, while mitigating the risk of overfitting.

In  the  application  of  puffing  machine  fault  diagnosis,  the
operation  of  the  puffing  machine  involves  data  from  various
sensors  (such  as  temperature,  humidity  and  vibration).  These
data  not  only  exist  at  different  time  scales  but  may  also  be
influenced  by  different  operating  conditions.  Standard  single-
feature  analysis  methods  may  not  effectively  capture  the
relationships  among  these  diverse  data.  The  multi-head
attention  mechanism,  however,  can  process  signals  from
different  sensors  in  parallel  through  different  attention  heads,
thereby  extracting  more  useful  features  and  achieving  deep
fusion of the data.  This improves the accuracy and robustness
of  fault  diagnosis.  Therefore,  MHA,  when  dealing  with
complex  multi-source  signals,  can  more  effectively  reveal  the
health  status  of  equipment,  especially  in  the  case  of
agricultural-product puffing machinery, a nonlinear and high-
dimensional  industrial  system,  where  its  advantages  are
particularly prominent.
 

2.2.4    BO-CNN-MHA model
A  BO-CNN-MHA  model  was  developed  in  this  study  for  the
fault  diagnosis  for  a  representative  puffing  machine.  This
model integrates a CNN with a MHA, and its hyperparameters
are  optimized  using  BO  to  enhance  performance  and
generalizability.  In  contrast  to  previous  studies,  which
primarily  focus  on  medical  image  classification  and  fault
diagnosis  using  single-source  signals,  this  work  concentrated
on fault  diagnosis  for  agricultural-product  puffing  machinery,
using  multi-source,  non-image  time-series  signals,  such  as
temperature, humidity and vibration. These multi-source input
data  are  more  complex  and  challenging,  requiring  more
sophisticated models for effective processing.

The  CNN  component  extracts  local  spatial  features,  while  the
MHA  module  captures  global  contextual  information  by
assigning  adaptive  attention  weights  in  the  feature  space,
enabling  the  model  to  process  local  and  global  features
simultaneously[25,26].Additionally,  the  CNN  model  is
optimized  through  BO,  which  tunes  the  hyperparameters  and
network  architecture  more  effectively  compared  to  standard
optimization methods. This optimization process enhances the
performance  of  the  model  by  improving  its  generalization
ability  and  reducing  overfitting,  ensuring  better  accuracy  in
fault diagnosis tasks.
The  model  is  primarily  structured  with  five  convolutional

layers, one multi-head attention layer and three fully connected
layers. The convolutional layers form the initial segment of the
model  and  consist  of  five  layers  designed  to  extract  features
from the input data.  Each convolutional layer is  followed by a
ReLU  activation  function  to  enhance  model  nonlinearity.
Subsequently,  a  maximum  pooling  layer  reduces  feature
dimensionality  while  preserving  essential  information,
followed  by  a  dropout  layer  to  mitigate  overfitting.  Following
the  convolutional  layers,  data  flows  through a  fully  connected
layer  before  entering  the  multi-head  attention  layer,  which  is
pivotal  in  assigning  varying  degrees  of  attention  to  different
information  segments.  Post-attention,  the  model  traverses
another fully connected layer with subsequent ReLU activation.
The  final  layer,  also  fully  connected,  generates  the  ultimate
output of the model. Specifically, the model inputs 10 features
pertaining  to  puffing  machine  operation,  while  the  outputs
encompass  eight  operational  states,  encompassing  normal
operation  and  seven  fault  conditions.  The  BO-CNN-MHA
model network structure diagram is given in Fig. 6.
 

2.3    Fault diagnosis framework based on BO-CNN-
MHA multi-source information fusion
To  achieve  intelligent  fault  diagnosis  of  puffing  machine,  this
study  used  a  novel  method  based  on  BO-CNN-MHA  and
multi-source  information  fusion.  The  process  framework  of
this  fault  diagnosis  method is  shown in Fig. 7,  and its  specific
steps  are:  (1)  multi-source  sensor  signals  are  collected  from  a
puffing  machine  using  a  Raspberry  Pi  4B  data  processor,
(2)  the  collected  fault  data  samples  are  labeled,  divided  into
training  and  test  sets,  and  undergo  batch  processing  and
normalization, and feature correlation and importance analysis
are also conducted, (3) the optimal hyperparameters and model
architecture  for  BO-CNN-MHA  are  to  be  determined,  and
model  training  and  testing  are  to  be  carried  out,  and  (4)  the
resulting  fault  diagnosis  outputs  are  compared  with  those  of
other  classification  models  to  assess  the  performance  of  the
proposed  method.  Experimental  validation  was  conducted  to
confirm the applicability of the model.
 

2.4    Experimental design and evaluation
methodology
 

2.4.1    Experimental data collection method
This study used real data from expansion machines simulating
various  operating  conditions.  The  data  set  records
experimental  data  collected  from  December  2023  to  January
2024,  sampled  at  intervals  of  1  s,  comprising  a  total  of  4760
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entries.  Each  record  included  component  temperatures,
humidity  levels,  speeds,  noise  levels,  weights,  vibrations  and
currents, with specific operating parameters as listed in Table 2.
The  puffing  machine  corresponds  to  state  information,  as

illustrated in Table 3,  primarily divided into normal operation
and  seven  types  of  faults,  totaling  eight  states.  Normal
operation  refers  to  the  puffing  machine  operating  at
temperatures  of  85–105  °C,  with  feed  material  humidity  at

 

 
Fig. 6    BO-CNN-MHA model network structure.

 

 

 
Fig. 7    Proposed fault diagnosis framework.
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65%  ±  3%,  a  feed  speed  of  13  r·min−1 and  other  components
functioning  without  damage.  The  seven  types  of  faults  were

categorized  into  four  main  groups:  cavity  blockage,  inlet
clogged,  screw  loosening  and  cutter  wear,  as  illustrated  in
Fig. 8.  For  cavity  blockage  faults,  severity  determines  the
appropriate  countermeasures,  classified  as  minor,  moderate,
and severe. Similarly, cutter wear severity was categorized into
moderate wear and severe wear based on cutter conditions[27].
 

2.4.2    Evaluation methodology
Accuracy,  dynamically  weighted  focal  loss  and  F1  score  are
used to evaluate the classification performance of the proposed
model, while confusion matrix graphs are used for visualization
to assess the performance of the classification model.

Accuracy  (ACC)  represents  the  proportion  of  correctly
predicted samples out of the total number of samples:
 

ACC =
T P+T N

T P+T N +FP+FN
(10)

where FP is  the  number  of  samples  that  are  negative  but
predicted to be positive, TN is the number of negative samples
that are predicted to be negative, TP is the number of positive
samples that are predicted to be positive, and FN is the number
of samples that are positive but predicted to be negative.

The dynamic weighted focal  loss  (DWFL)  integrates  focal  loss
with  a  dynamic  weight  adjustment  mechanism  to  ensure  that
samples  from  minority  classes  receive  higher  weights  for
correction, thereby addressing the class imbalance problem:
 

num =

lenypred
∑

i=1

(

ypred<0.5

)

+

lenytrue
∑

i=1

(ytrue) (11)

 

 

Table 2    Operating parameters of puffing machine

Parameter Position Code

Temperature (°C) Feed T1

Ambient T2

Internal cavity T3

Humidity (%) Feed H1

Ambient H2

Speed (r·min–1) Feed inlet S

Noise (dB) Cutter N

Weight (kg) Product outlet W

Vibration (mm·s–1) Z-axis V

Current (A) Main motor single phase C

 
 

Table 3    State information on puffing machine

State Sample size Label

Normal 1818 0

Slight blockage 567 1

Moderate blockage 659 2

Severe blockage 488 3

Inlet clogged 290 4

Screw loosening 474 5

Moderate cutter wear 246 6

Severe cutter wear 218 7

 

 

 
Fig. 8    The picture of puffing machine fault phenomenon. (a) Cavity blockage; (b) inlet clogged; (c) screw loosening; (d) cutter wear.
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PosWeight =

∑lenytrue

i=1
(ytrue)

num+ε
(12)

 

NegWeigh =

∑lenypred

i=1

(

ypred<0.5

)

num+ε
(13)

 

Weighs = (1− ytrue) ·PosWeight+ ytrue ·NegWeight (14)
 

DWFL = −
N

∑

i=1

Weighsi · (1− ŷi)
γlog (ŷi) (15)

ŷi

where, num is  the  sum  of  the  predicted  negative  samples  and
the  actual  positive  samples, Weighs is  the  dynamically
calculated  weight, N is  the  total  number  of  samples,  is  the
predicted  probability  of  the ith  sample;  and γ is  the  tuning
factor that controls the weight of hard-to-classify samples.

The F1 score  combines  information  from  both  the  precision
rate  and  the  recall  rate  to  provide  a  more  comprehensive
assessment  of  the  classification  performance  of  the  model,
particularly  when  dealing  with  imbalanced  data  sets.  The F1

score  better  reflects  the  overall  performance  of  the  model  in
such cases. The formula is:
 

F1 =
2×Precision×Recall

Precision+Recall
(16)

The formulas for precision and recall are:
 

Precision =
T P

T P+FP
(17)

 

Recall =
T P

T P+FN
(18)

Confusion  matrix  diagrams  display  the  contents  of  the
confusion matrix through heat maps. The horizontal axis of the
confusion  matrix  diagram  represents  the  predicted  categories,
the vertical  axis  represents the actual  categories,  and the color
shade  or  numerical  magnitude  of  each  cell  indicates  the
number of samples in the corresponding position. This helps to
evaluate  the  performance  of  the  model  across  different
categories. The formula is:
 

Confusion

[

T N FP

FN T P

]

(19)

The  t-distributed  stochastic  neighbor  embedding  (t-SNE)
method was used to visually represent the features output from
the  model  after  training,  allowing  for  the  observation  of  the
distribution  of  these  features  in  a  low-dimensional  space  to
evaluate  the  classification effectiveness  of  the  model  for  faulty
data.  t-SNE  is  a  technique  for  visualizing  high-dimensional
feature  outputs  from  the  model  in  a  reduced  feature  space,
where  similar  samples  are  represented  by  nearby  points  and
dissimilar samples by distant points.

Initially,  t-SNE  constructs  a  probability  distribution  for  high-
dimensional  samples,  where  similar  samples  have  a  high
probability  of  being  selected  and  dissimilar  points  a  very  low
probability.  Subsequently,  t-SNE defines  a  similar  distribution
for  points  in  the  low-dimensional  embedding.  Finally,  t-SNE
minimizes  the  Kullback-Leibler  (KL)  divergence  between  the
two  distributions  concerning  the  positions  of  the  embedded
points  and  optimizes  the KL divergence  using  a  gradient
descent method. This is formulated as:
 

p j|i =
exp(− ||xi−x j∥2

2σi
2 )

∑

k,i exp(− ||xi−xk∥2
2σi

2 )
(20)

 

qi j =

(1+ ||yi − y j∥2)
−1

∑

k,l(1+ ||yk − yl∥2)
−1

(21)

 

KL (P| |Q) =
∑

i

∑

j
p j|ilog

p j|i

q j|i
(22)

 

∂C

∂yi

= 4
∑

j

(

p j|i −q j|i
)

(yi − y j)(1+ ||yi − y j∥2)
−1 (23)

where, σi is  based  on  the  distance  of xi from  its  nearest
neighbor  data  point,  adaptively  selecting  the  Gaussian  kernel
bandwidth, yi and yj are the mappings of xi and xj in the lower-
dimensional  space, yk and yl are  the  low-dimensional
representations  of  other  data  points, pj|i is  the  similarity
between xi and xj, qj|i is  the  similarity  between yi and yj,  and
∂C/∂yi represents the loss function of the KL divergence, which
is adjusted through constant iterations of yi values until the KL
divergence is minimized.

Shapley additive explanations (SHAP) values provide a method
for interpreting machine learning model predictions, rooted in
the  principles  of  Shapley  values  from  game  theory.  Shapley
values  quantify  the  contribution  of  each  player  to  the  overall
payoff  of  a  game.  In the context  of  SHAP values,  each feature
acts as a player in the game, and the prediction outcome of the
model  represents  the  payoff  of  the  game.  This  approach
calculates  the  contribution  of  each  feature  and  determines  its
importance. The formula is:
 

ϕi =

∑

S⊆N\{i}

|S |! (|N | − |S | −1)!

|N |!
[

f (S ∪{i})− f (S )
] (24)

ϕi

ϕi

where,  is the SHAP value of feature i, N is the set of features,
S is a subset that excludes feature i, f(S) is the predicted output
of  the  model  given  the  subset S of  features,  and  |S|  is  the
number of elements in set S. The formula indicates that , the
SHAP  value  for  feature i,  is  a  weighted  average  of  Shapley
values.  These  values  correspond  to  changes  in  the  predicted
output  of  the  model  when considering different  combinations
of feature subsets S. 
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3    Results
  

3.1    Characterization
 

3.1.1    Feature correlation analysis
The  selected  characteristic  variables  were  assessed  using  the
Pearson correlation coefficient, and their correlation heat map
is  given  in Fig. 9.  From  this  matrix,  it  is  evident  that  the
temperature  of  the  feed  material  had  a  moderate  positive
correlation  of  0.42  with  ambient  humidity.  When  ambient
humidity  was  high,  moisture  in  the  air  was  more  readily
transferred  to  the  surface  of  the  feed  material,  leading  to  an
increase  in  feed  material  temperature[28].  Additionally,  there
were weak correlations between feed material temperature and
ambient  temperature,  feed  rate  and  humidity.  Feed  material
humidity had weak correlations with ambient humidity, noise,
vibration  speed,  main  motor  current  and  product  weight.
Ambient  temperature  weakly  correlated  with  ambient
humidity and noise.

The cavity temperature had a moderate negative correlation of
–0.50  with  noise.  An  increase  in  cavity  temperature  caused
expansion  of  its  components,  reducing  internal  gaps  and
minimizing  vibration  propagation,  thereby  reducing  noise
generation[29].  Cavity  temperature  was  also  weakly  correlated
with  ambient  humidity,  product  weight  and  main  motor
current.  Feed  rate  weakly  correlated  with  product  weight.
Noise  and  main  motor  current  had  a  moderate  positive
correlation  coefficient  of  0.43.  Increased  motor  load  typically
elevates  current  consumption;  higher  loads  may  increase
friction  within  the  motor,  speeding  up  vibration  and
consequently  increasing  noise  levels[30].  Noise  had  weak
correlations with vibration speed and product weight.

Overall, the correlations between the 10 characteristic variables
were  generally  weak,  affirming  their  suitability  as  distinct
failure  characteristics  of  the  puffing  machine.  This  low  inter-
variable  correlation  indicates  that  each  feature  provides
complementary  information,  thereby  enhancing  the
effectiveness  of  multi-source  data  fusion.  Integrating  these
heterogeneous  features  can  significantly  improve  the  fault
diagnosis  the  ability  of  the  model  to  capture  diverse  fault
signatures.
 

3.1.2    Feature importance analysis
Using SHAP value theory,  the SHAP value of  each feature for
its  respective  category  was  computed  to  determine  the
importance  and  contribution  of  each  feature  to  the
classification  outcome[31].  Scatter  plots  depicting  feature
densities for the four types of faults are given in Fig. 10.

From Fig. 10(a),  it  is  evident  that  for  cavity  blockage  faults,
cavity  temperature  was  the  most  critical  feature,  followed  by
feed  humidity,  suggesting  that  higher  cavity  temperatures  or
feed  humidities  increase  the  likelihood  of  blockage.  In
Fig. 10(b),  for  inlet  clogged  faults,  feed  speed  emerged  as  the
predominant feature, followed by feed temperature, indicating
that higher feed speeds or temperatures elevate the risk of inlet
clogged. Figure 10(c) shows  that  ambient  temperature  was
crucial  for  screw  loosening  faults,  where  higher  ambient
temperatures  correlate  with  increased  screw  loosening
probabilities. Lastly, Fig. 10(d) shows that for cutter wear faults,
cavity  temperature  was  the  primary  feature,  followed  by
ambient  temperature  and  noise.  Higher  cavity  temperatures
reduced  the  likelihood  of  cutter  wear,  while  elevated  ambient
temperatures or noise levels increased the risk.

In  summary,  cavity  temperature,  feed  humidity,  ambient
temperature and feed rate were identified as significant factors,
while vibration rate and main motor current contribute less to
fault  prediction.  By  integrating  these  diverse  features  into  a
unified model, multi-source data fusion enhances the accuracy
and robustness of fault prediction, capturing a broader range of
operational  conditions  and  ensuring  more  reliable  diagnosis
across different fault types.
 

3.1.3    Feature selection
From  the  feature  importance  analysis,  it  can  be  seen  that
vibration speed and main motor current were the two features
with  the  lowest  importance  for  puffing  machine  faults.
Therefore,  data  sets  with  eight  features  (excluding  vibration
speed and main motor current), nine features (excluding main
motor current),  and 10 features were selected for comparison.

 

 
Fig. 9    Heat map of feature correlation coefficients.
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the classification accuracies  of  their  test  sets  after  100 training
iterations are shown in the box plots  in Fig. 11.  The diagnosis
performance was optimal with nine features, followed by eight

features, and was worst when all 10 features were retained. This
is  primarily  because  low-importance  features  usually  contain
more  noise  and  irrelevant  information.  Removing  them

 

 
Fig. 10    Four types of fault scatter plots of feature density.  (a)  Beeswarm summary plot of cavity blockage; (b) beeswarm summary plot of
inlet clogged; (c) beeswarm summary plot of screw loosening; (d) beeswarm summary plot of cutter wear.

 

 

 
Fig. 11    Comparison of the diagnosis effect of different number of features.
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allowed the model to focus more on the features that were truly
meaningful  for  the  classification  task.  Also,  removing  low-
importance  features  simplified  the  model  and  improved  its
generalization  ability,  thereby  enhancing  classification
accuracy[32].  Removing  two  features  may  result  in  more
information  being  lost,  and  the  model  may  not  be  able  to
capture the features of the data effectively. Thus, the diagnosis
performance was slightly better when one feature was removed
compared to when two features were removed.
 

3.2    Fault diagnosis performance analysis
 

3.2.1    Hyperparameter optimization of the CNN-MHA model
The  data  set,  comprising  4760  samples  representing  eight
distinct states, was partitioned into training, validation and test
sets  in  a  6:2:2  ratio,  followed  by  batch  processing.  The  model
developed for this study uses hyperparameter optimization via
Bayesian  optimization.  The  hyperparameter  combinations  for
the  baseline  model  and  the  optimal  configurations  obtained
after 100, 200, 500 and 1000 iterations of Bayesian optimization
are  summarized  in Table 4.  The  number  of  epochs  was  set  to
500 and Adam optimizer was used.

Figure 12 shows the comparison curves of the F1 scores for the
validation  set.  Notably,  the  highest F1 score  of  0.995  was
achieved  with  1000  iterations,  indicating  that  the  overall
performance  of  the  model  with  optimal  hyperparameters
slightly exceeded that of the other configurations. This finding
indicates  that  increasing  the  number  of  iterations  during
hyperparameter  optimization  enables  a  more  thorough
exploration of the parameter space, leading to the identification
of superior model configurations[33].

To  further  investigate  the  optimal  number  of  attention  heads,
we used the previously determined optimal hyperparameters to
examine several configurations: 1, 2, 4, 8, 16, and 32 heads. The
F1 score  curves  on  the  validation  set,  after  training  the  model
for 500 epochs, are presented in Fig. 13. These results indicate
that  the  different  configurations  of  the  multi-head  attention
mechanism significantly influenced the F1 scores of the model.
As  the  number  of  training  epochs  increased,  the  performance
of the models with different numbers of attention heads tended
to stabilize, ultimately approaching an F1 score close to 1. This
demonstrates  that  the  model  has  an  overall  enhanced
generalization capability.

 

Table 4    Optimal hyperparameter combinations for different Bayesian iteration counts

Bayesian iteration count Number of filters Kernel sizes (pixels) Dropout rate Learning rate Batch size Number of heads

Baseline [64, 128, 256, 512, 102] [3, 3, 3, 3, 3] 0.3 0.0001 128 8

100 [512, 512, 512, 380, 512] [3, 4, 5, 5, 3] 0.1 0.000793 128 8

200 [223, 64, 512, 476, 393] [3, 3, 3, 5, 5] 0.1 0.000479 128 8

500 [512, 64, 512, 64, 512] [3, 3, 5, 3, 5] 0.5 0.000717 85 8

1000 [64, 64, 280, 512, 512] [3, 3, 3, 5, 3] 0.1 0.00072 128 8

 

 

 
Fig. 12    Effect of different Bayesian optimization iterations on F1 score.
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In  particular,  the  configurations  with  1,  8,  and  32  attention
heads  converged  rapidly  during  training  and  maintained
relatively high stability across most epochs. However, these had
abrupt  drops  in  performance  during  certain  training  phases.
The configurations with 4 and 16 heads also fluctuated during
specific training intervals. In contrast, the configuration with 2
heads  demonstrated  a  smoother  performance  trajectory  and
greater stability in the later epochs, achieving a peak F1 score of
0.996.  Therefore,  we  conclude  that  using  2  attention  heads  is
the  optimal  choice,  as  it  maintained  a  high F1 score  while
having superior stability and reduced variability.

To  determine  the  optimal  number  of  epochs  for  model
training, we selected various training iterations (200, 300, 500,
and  800)  alongside  patience  parameters  values  (50  and  100),
implementing  an  early  stopping  mechanism  to  compare  their

effects  on  the  convergence  of  validation  loss[34].  The
comparative  curves  are  given  in Fig. 14.  Overall,  model’s
validation loss showed a rapid decline during the initial stages,
followed by a period of stabilization.

However,  certain  configurations,  such  as  an  early  stopping
patience of 100 combined with 300 training epochs (around the
198th epoch), and an early stopping patience of 100 combined
with  500  training  epochs  (around the  164th  epoch),  exhibited
significant  fluctuations.  This  indicates  that  these  settings  may
lead  to  model  instability  or  overfitting.  In  contrast,  the
configuration  with  an  early  stopping  patience  of  100  and  800
training  epochs  achieved  optimal  performance  at  the  288th
epoch,  reaching  a  validation  loss  of  0.0180,  which  was
maintained at a consistently low level thereafter.

 

 
Fig. 13    Effect of different numbers of attention heads on F1 score.

 

 

 
Fig. 14    Effect of different training epochs and patience on validation loss convergence.
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Thus, the results indicate that simply increasing the number of
training  epochs  does  not  necessarily  lead  to  improved
performance.  The combination of  a  patience value of  100 and
800  training  epochs  demonstrated  the  highest  stability  and
enabled the earlier identification of the optimal model.

Using  the  optimal  hyperparameter  combination  obtained
previously, the classification results of the model tested on the
test set after training are given in Table 5. The overall accuracy
for  the  eight  categories  of  health  states  is  0.994.  Labels  0
(normal),  1  (slight  blockage),  4  (inlet  clogged),  6  (moderate
cutter  wear)  and  7  (severe  cutter  wear)  achieved  the  highest
accuracy  of  100%.  This  high  accuracy  is  attributed  to  the
simplicity  of  the  causes  for  these  statuses.  Conversely,  the
accuracy for status label 2 (moderate blockage) was 97.7%, label
3  (severe  blockage)  was  99.0%  and  label  5  (screw  loosening)
was  98.9%.  The  lower  accuracy  for  these  labels  was  primarily
due  to  the  complexity  of  the  causes.  For  example,  blockage  is
influenced  by  multiple  factors,  including  cavity  temperature
and feed humidity, while the impact of screw loosening on the
overall  operation  is  minimal,  thus  reducing  the  classification
accuracy for this fault type.
 

3.2.2    Comparison of results with other methods
The  CNN-MHA  model  was  validated  against  standard  ANN,
BP and CNN models using the same training and test data sets.
To more effectively demonstrate the characteristics of different
generation methods and classifiers, t-SNE used as a qualitative
method  to  evaluate  the  extracted  high-dimensional  sample
features. Figure 15 shows  the  t-SNE  results  of  the  features
extracted  by  the  four  models,  with  each  operational  state
indicated  by  a  specific  color.  In Fig. 15(a,b),  a  significant
overlap  is  evident,  and Fig. 15(c) a  some  overlap  is  evident,
indicating  that  these  classifiers  do  not  effectively  distinguish
samples with different health states. However, when the CNN-

MHA  model  was  used,  there  was  minimal  overlap,
demonstrating  the  superiority  of  the  proposed  CNN-MHA.
Compared  with  the  standard  CNN,  the  feature  clusters  are
more  compact  with  the  addition  of  MHA.  This  indicates  that
incorporating  self-attention  enhanced  the  quality  of  the
generated  samples,  enabling  the  classifier  to  learn  deeper
features  more  effectively.  Additionally, Fig. 15(d) shows  clear
boundaries  without  obvious  anomalies,  indicating  that  the
CNN-MHA  algorithm  was  adequately  robust  for  noisy  and
anomalous data. Also, the CNN-MHA model had a clear ability
to  differentiate  between  varying  degrees  of  cavity  blockage.
Samples  corresponding  to  slight  blockage  formed  well-
separated and tightly clustered groups. By comparison, samples
representing moderate blockage had more dispersed clustering,
while those of severe blockage tended to be separated into two
distinct sub-clusters, reflecting the complex nature of the fault
characteristics.  These  distribution  patterns  are  largely
attributed  to  the  intricate  interactions  among  factors  such  as
temperature, humidity and operating conditions. Although the
clustering  was  not  flawless,  it  was  markedly  superior  to  that
achieved by the other three models.

To  further  evaluate  the  performance  of  the  classification
model,  a  confusion  matrix  was  used  for  analysis.  The  test  set
for the original fault data was evaluated using the trained ANN,
BP,  CNN  and  CNN-MHA  models,  with  the  resulting  fault
classification  confusion  matrix  for  eight  classifiers  is  given  in
Fig. 16.  The  actual  classification  of  each  fault  type  can  be
visualized  from the  confusion  matrix,  showing  that  ANN had
the  poorest  classification  performance,  BP  performed  slightly
more  effectively,  CNN  performed  well  and  CNN-MHA  gave
the best overall classification performance. All four models did
not  effectively  with  classify  label  1  (slight  blockage)  but
perform  well  with  label  4  (inlet  clogged).  BP  performed  quite
poorly  for  label  6  (moderate  cutter  wear),  while  BP and CNN

 

Table 5    Test set validation results

Fault label Sample size Correct identification Misidentification Accuracy (%)

0 322 322 0 100

1 109 109 0 100

2 131 128 3 97.71

3 103 102 1 99.03

4 44 44 0 100

5 92 91 1 98.91

6 53 53 0 100

7 42 42 0 100
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were  slightly  better  than  CNN-MHA  for  label  2  (moderate
blockage).  CNN  also  performed  slightly  better  than  BP  and
CNN-MHA for label 5 (screw loosening).

In  the  confusion  matrix,  the  CNN-MHA  model  performed
strongly  in  distinguishing  between  different  levels  of  cavity
blockage.  For  slight  blockage,  the  model  accurately  classified
the  samples,  significantly  outperforming  the  other  models.
However,  there  was  some overlap between moderate  blockage
samples and slight blockage, with a few samples misclassified as
either slight or severe blockage. For severe blockage, the model
correctly  identified  the  majority  of  samples,  but  due  to  the
complexity  of  the  fault  characteristics,  a  small  number  of
samples  are  misclassified  as  moderate  blockage.  These
misclassifications were likely to have been influenced by factors
such  as  temperature  variations,  humidity  fluctuations,
differences  in  operational  conditions,  and  the  inherent
complexity of the fault features.
 

3.3    Experimental validation of fault diagnosis
system for puffing machine
Human  intervention  is  conducted  under  fault  conditions  to
induce  specific  fault  phenomena  in  the  puffing  machine,
obtaining validation samples. To ensure the practical validity of
the results, a balanced sampling method was used, maintaining
a nearly 1:1 ratio of normal operation samples to various types
of fault samples. After preprocessing the validation data, a total
of 1645 data sets were obtained, comprising 800 sets of normal
operation  samples  and  845  sets  of  failure  data.  The  data
collected  include  175  samples  of  moderate  blockage,  218
samples  of  inlet  plugged,  190 samples  of  screw loosening,  and
213 samples  of  severe cutter  wear.  The data were divided into
five sets for validation, and the results are given in Fig. 17.

The results of the validation experiment indicate that when the
ratio  of  normal  operation  samples  to  various  types  of  fault
samples  in  the  puffing  machine  is  close  to  1:1,  the  system
achieved an average recognition rate of 98.8%. Specifically, the

 

 
Fig. 15    Visualization of t-SNE with different classifiers. (a) ANN model; (b) BP model; (c) CNN model; (d) CNN-MHA model.
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Fig. 16    Fault classification confusion matrix comparison figure. (a) ANN model; (b) BP model; (c) CNN model; (d) CNN-MHA model.

 

 

 
Fig. 17    Comparison of the diagnosis effect of different number of features. (a) Validation sample classification results; (b) validation sample
classification accuracy.
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recognition  rate  for  moderate  blockage  was  94.0%,  primarily
due to overlapping data characteristics with severe blockage in
puffing  machine.  The  screw  loosening  area  was  closer  to  the
vibration  sensor,  and  cutter  wear  was  closely  related  to  noise.
In  addition,  when  faults  occurred,  the  phenomena  were
obvious, so these two types of faults were recognized at a higher
rate. For inlet clogged, the recognition accuracy reached 99.1%.
Qiu  et  al.[27] achieved  a  diagnosis  accuracy  of  97.5%  for  a
proposed  adaptive  fault  diagnosis  method  for  combine
harvesters using multi-source information fusion. Xue et al.[35]

proposed  an  improved  Gaussian  naive  Bayes  algorithm  for
diagnosing  faults  in  the  wet  clutch  control  system  of  a
hydrostatic  power-split  continuously  variable  transmission
(CVT)  for  tractors,  achieving  an  average  accuracy  of  98.2%
using  a  time  window  and  principal  component  analysis.  Hou
et  al.[36] achieved  96.4%  accuracy  in  fault  diagnosis  for  the
seeding  metering  drive  motor  of  a  plot  seeder  using  support
vector machine classification. Compared to similar agricultural
machinery,  the  overall  accuracy  of  fault  validation  for  the
puffing machine was better.
 

4    Discussion
 
During  operation,  operators  commonly  rely  on  experience  to
adjust  parameters  like  feeding  speed  and  temperature  on
puffing  machine.  The  implementation  of  a  fault  alarm system
for puffing machine will provide technical support but could be
constrained  by  low precision  and potential  misjudgments  due
to  simplistic  fault  criteria  such  as  temperature  thresholds  and
current  abnormalities.  These  errors  not  only  impact  operator
judgments but also shorten the lifespan of puffing machine by
causing operational damage.

Chu & Zhou[19] introduced a fuzzy neural network-based fault
diagnosis for single-screw extrusion puffing machine, marking
the  first  use  of  machine  learning  in  puffing  machine  fault
diagnosis. However, there system relied on a single data source,
lacked  quantification  of  failure  causes,  and  overlooked
comprehensive  production  data  indices  beyond  temperature,
current  and  vibration  abnormalities.  Critical  issues  like
blockage  failures  were  not  thoroughly  analyzed,  comparative
experiments with other diagnosis methods were not conducted,
and their study lacks objective assessments of the effectiveness
and  limitations  the  method.  Also,  it  lacked  real-machine
experimental  validation,  relying  only  on  simulation,  thus
raising doubts about its reliability and practicality.

Building  on  that  research,  the  proposed  fault  diagnosis
algorithm  monitors  key  component  temperatures,  feed

material temperature and humidity, noise signals, main motor
current  and  vibration  signals  to  extract  fault  characteristic
features.  By  applying  Bayesian  optimization  to  fine-tune  the
hyperparameters,  the  CNN-MHA  fault  diagnosis  model
processes  these  signals  more  efficiently,  integrating  subjective
operational  factors  to  provide  a  comprehensive  diagnosis  of
puffing machine failures. The model quantitatively analyses the
primary causes of critical puffing machine blockages, classifies
fault  levels  according  to  maintenance  requirements,  and
achieves higher feature learning accuracy compared to previous
deep learning algorithms.

Our  approach  not  only  improves  puffing  machine  fault
diagnosis  accuracy  to  98.8%,  surpassing  similar  agricultural
machinery,  but  also  reduces  false  alarms  and  omissions.  We
demonstrate  significant  accuracy  improvements  when
reducing sample type imbalance, showcasing model sensitivity
and  classification  accuracy  during  real-machine  testing.  This
underscores the applicability and effectiveness of this model for
diagnosing common puffing machine faults.

However, our method has some limitations. First, although the
evaluated  system  had  a  comprehensive  set  of  sensors,  such
configurations are relatively costly. In future work, it would be
useful  to  examine  low-cost,  efficient  sensor  arrangements  to
develop  a  more  economical  version  of  the  system,  making  it
more  suitable  for  deployment  in  small- and  medium-sized
enterprises.  Second,  while  the  proposed  model  delivered  high
diagnostic  accuracy,  its  real-time  performance  still  requires
improvement. Subsequent research should focus on optimizing
the  model  architecture  and  deployment  strategies  to  enhance
inference  speed,  enabling  efficient  and  real-time  fault
monitoring  and  diagnosis  on  edge  or  embedded  devices.
Finally,  complex  operational  conditions  and  overlapping  data
features  occasionally  lead  to  misclassifications.  The
performance  of  the  new  model  in  diagnosing  multiple
simultaneous  faults  remains  unverified,  and  manual  labeling
may introduce inaccuracies at critical fault points[37,38]. Future
research could enhance discrimination and fault prediction by
incorporating  additional  sensors,  such  as  triaxial  vibration
sensors, and using more adaptive fusion metric algorithms.
 

5    Conclusions and prospects
 
An intelligent monitoring and fault diagnosis system based on
BO-CNN-MHA  and  multi-source  information  fusion  for
puffing  machine  was  developed  and  tested.  It  collects
information  such  as  cavity  temperature,  feed  humidity,  main
motor  current  and  vibration  signals  of  the  puffing  machine,
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and integrates a CNN and multi-head attention mechanism to
achieve intelligent fault diagnosis. The key success of this work
and its prospects are summarized below.

The model combines a CNN, multi-head attention mechanism
and  Bayesian  optimization  to  extract  multi-source  feature
signals  reflecting the operational  state of  key components in a
puffing  machine  for  fault  diagnosis.  By  leveraging  Bayesian
optimization to obtain the optimal set of hyperparameters, the
diagnostic  accuracy  and  robustness  of  the  model  are  further
enhanced.  Compared to standard methods,  it  reduces reliance
on  operator  skills  and  experience.  Additionally,  compared  to
previous  machine  learning  algorithms,  it  effectively  enhances
accuracy  and  reduces  loss,  making  puffing  machine  fault
diagnosis more intelligent and practical.

The  model  was  applied  to  actual  puffing  machine  operational
data,  demonstrating  high  accuracy  in  distinguishing  various

operational  states  and  achieving  high  recognition  rates  for  all
fault types.

Given  that  data  collection  and  experimental  validation  are
conducted  through  simulation  experiments  in  a  laboratory
environment,  there  are  differences  from  real  production
environments.  Therefore,  future  research  should  focus  on
puffing machine fault diagnosis and prediction methods.

In  the  future,  there  would  be  merit  in  focusing  on  enhancing
system performance and adaptability of the new model, with an
emphasis  on  optimizing  its  cost-effectiveness  for  broader
deployment  in  small- and  medium-sized  enterprises.
Additionally,  efforts  need  to  be  directed  toward  improving
real-time  fault  monitoring  capabilities  of  the  system  to  better
support  operational  efficiency  in  dynamic  industrial
environments.
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